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1

Introduction
Stephen Satchell

This book presents 14 papers that have appeared in the Journal of 
Asset Management since its inception and have been frequently cited. 
I have ordered them by date of publication. Many of the papers are 
highly topical and any aspiring quant would benefit greatly from read-
ing them. Whilst the book has not been compiled on a thematic basis, 
various themes emerge naturally; there are useful contributions to such 
areas as pension fund asset management, optimisation, risk manage-
ment, smart beta, and Exchange Traded Funds (ETFs); to name a subset 
of possible themes.

I would like to thank all the participants; authors referees, users, and 
publishing staff, who have contributed to the success of the journal 
throughout the 21st century.

I list below the chapter titles, the authors, and the abstracts. The 
abstracts have been amended in places where I have added my own 
thoughts on the material, which, to reassure authors, have been uni-
formly positive.

Chapter 1: Performance of UK Equity Unit Trusts
Garrett Quigley and Rex A. Sinquefield, 2000

The authors examine the performance of all UK unit trusts that concen-
trate their investments on UK equities. This study covers the period from 
January 1978 to December 1997. They compare the returns of these unit 
trusts with a three-factor model which takes into account their exposure 
to market, value, and size risk. Once they control these risk factors, 
they find that managers, net of expenses, reliably underperform the 
market. The news is worse for small-company unit trusts. Contrary to 
the notion that small-company shares offer abundant ‘beat the market’ 
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opportunities, the authors find that small-company trusts are the worst 
performers. They also examine performance persistence. Net of expenses, 
good performance does not reliably persist, but bad performance does.

Chapter 2: A Demystification of the Black–Litterman Model: 
Managing Quantitative and Traditional Portfolio Construction
Stephen Satchell and Alan Scowcroft, 2000

This chapter discusses the details of Bayesian portfolio construction 
procedures, which have become popular in the asset management 
industry as Black–Litterman models. It explains their construction, 
presents some extensions, and asserts that the models are valuable tools 
for financial management. The chapter presents examples of Bayesian 
asset allocation portfolio construction models and illustrates the com-
bination of judgemental and quantitative views. The Black–Litterman 
model has the potential to integrate diverse approaches, based on a 
Bayesian methodology that effectively updates currently held opinions 
with data to form new opinions. It concludes by stating that these 
models are potentially of considerable importance in the management 
of the investment process in modern financial institutions where both 
viewpoints are represented. The discussion includes an exposition of 
these models for the possibility of application by readers. It presents a 
theorem of Bayes and related assumptions.

Chapter 3: Tracking Error: Ex ante versus ex post Measures
Stephen E. Satchell and Soosung Hwang, 2001

In this chapter, the authors show that ex ante and ex post tracking errors 
must necessarily differ, since portfolio weights are ex post stochastic in 
nature. In particular, ex post tracking error is always larger in expectation 
than ex ante tracking error. Their results imply that fund managers have, 
on average, a higher ex post tracking error than their planned tracking 
error, and thus unless these results are considered, any performance fee 
based on ex post tracking error is unfavourable to fund managers. 

Chapter 4: Performance Clustering and Incentives in  
the UK Pension Fund Industry
David Blake, Bruce N. Lehmann and Allan Timmermann, 2002

Despite pension fund managers being largely unconstrained in their 
investment decisions, this chapter reports evidence of clustering in 
the performance of a large cross-section of UK pension fund managers 



Introduction 3

around the median fund manager. This finding is explained in terms 
of the predominance of a single investment style (balanced manage-
ment), the fee structures, and incentives operating in the UK pension 
fund industry to maximise relative rather than absolute performance, 
the high concentration in the UK pension fund, industry and the low 
turnover of fund managers. Fund size appears to be the only variable 
that can account for an important fraction of the cross-sectional varia-
tion in measured performance.

Chapter 5: Do Hedge Funds Add Value to a Passive 
Portfolio? Correcting for Non-Normal Returns and 
Disappearing Funds
Roy Kouwenberg, 2003

Hedge funds have greatly increased their assets under management 
in the last decades, partly driven by investments from institutions 
such as pension funds and endowments funds. This chapter con-
siders the added value of an investment in hedge funds from the 
perspective of a passive investor. The Zurich Hedge Fund Universe 
is used for the empirical investigation, over the period 1995–2000. 
The database includes a large number of funds that have disappeared 
over the years, which reduces the impact of survivorship bias. It is 
found that hedge fund alphas are positive, even after correcting for 
the non-normality of the hedge fund return distribution. Over longer 
periods, however, the added value of hedge funds is severely ham-
pered by the large number of funds disappearing from the database, 
usually after poor performance. Investors can avoid some of the dis-
appearing and bad performing funds by requiring a track record of 
good performance.

Chapter 6: The Performance of Value and Momentum 
Investment Portfolios: Recent Experience in the Major 
European Markets – Parts 1 and 2
Ron Bird and Jonathan Whitaker, 2003

Value and momentum investing are two approaches to investing 
which have been increasingly utilised either overtly or covertly by 
fund managers. Consistent with their increasing popularity, a num-
ber of academic studies have found such strategies being capable of 
outperforming traditional benchmarks. The majority of these stud-
ies have been focused on the US market and covered the 1980s and 
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1990s, during which time there was a consistent upward trend in 
stock prices. In this chapter the authors examine a wide selection 
of value and momentum strategies applied to the major European 
markets over the period 1990–2002. This period captures evidence 
that certain implementations of value and momentum investing  
performed particularly well over this period across the European 
markets, with the outperformance from value being confined to the  
correction period, while that from momentum occurred during  
the run-up during the 1990s.

Chapter 7: Cointegration Portfolios of European  
Equities for Index Tracking and Market Neutral Strategies
Christian L. Dunis and Richard Ho, 2005

Traditional quantitative portfolio construction relies on the analysis 
of correlations between assets. Over the last ten years, following the 
generalised use of the JP Morgan RiskMetrics approach, quantitative 
portfolio managers have made increasing use of conditional correla-
tions. If correlations are indeed time-varying, their many changes 
unfortunately make them a difficult tool to use in practice when 
managing quantitative portfolios, as the frequent rebalancing they 
imply may be very costly. In this chapter, the authors use the concept 
of cointegration, which relies on the long-term relationship between 
time series, and thus assets, to devise quantitative European equities 
portfolios in the context of two applications: a classic index tracking 
strategy and a long/short equity market neutral strategy. Data are 
used from the Dow Jones EUROStoxx50 index and its constituent 
stocks from 4 January 1999 to 30 June 2003. The results show that the 
designed portfolios are strongly cointegrated with the benchmark and 
indeed demonstrate good tracking performance. In the same vein, 
the long/short market neutral strategy generates steady returns under 
adverse market circumstances but, contrary to expectations, does not 
minimise volatility.

Chapter 8: Emerging Markets of South-East and Central 
Asia: Do They Still Offer a Diversification Benefit?
Christian L. Dunis and Gary Shannon, 2005

The aim of this chapter is to check whether, despite the growing world 
economic integration and progressive lifting of capital controls, emerg-
ing markets still offer international investors a valuable diversification 
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benefit. The study covers emerging markets from South-East Asia 
(Indonesia, the Philippines, and Malaysia) and Central Asia (Korea, 
Taiwan, China, and India) over the period from 31 August 1999 to 
29 August 2003 (a period characterised by both bull and bear stock 
markets), with the US, the UK, and Japan as the reference ‘established’ 
markets. It uses several state-of-the-art techniques: multivariate cointe-
gration and vector autoregression models (VARs) with the analysis of 
variance decomposition (VDC), time-varying correlations with Kalman 
filter models, and the computation of conditional variances and covari-
ances to devise optimal investment portfolios.

The existence of one cointegrating vector is found between the emerg-
ing markets considered and each ‘established’ market. Furthermore, the 
results for the time-varying parameter models using Kalman filters show 
that all emerging markets have become more closely integrated with 
the Japanese market. In contrast, the results 0for the US and UK time-
varying parameter models indicate that several emerging markets have 
seen their level of integration remain steady or decline over the review 
period. Finally, the results of the conditional covariance approach 
indicate that international diversification was still beneficial for a US 
investor during that period. In addition, it is shown that an optimised 
portfolio containing emerging market stocks outperformed a portfolio  
consisting purely of US stocks over the out-of-sample period from  
1 September 2003 to 5 July 2005.

Chapter 9: Measuring Investor Sentiment in  
Equity Markets
Arindam Bandopadhyaya and Anne Leah Jones, 2006

Recently, investor sentiment has become the focus of many studies on 
asset pricing. Research has demonstrated that changes in investor senti-
ment may trigger changes in asset prices, and that investor sentiment 
may be an important component of the market pricing process. Some 
authors suggest that shifts in investor sentiment may in some instances 
better explain short-term movement in asset prices than any other set of 
fundamental factors. This chapter develops an Equity Market Sentiment 
Index from publicly available data, and then demonstrates how this 
measure can be used in a stock market setting by studying the price 
movements of a group of firms which represent a stock market index. 
News events that affect the underlying market studied are quickly cap-
tured by changes in this measure of investor sentiment, and the senti-
ment measure is capable of explaining a significant proportion of the 
changes in the stock market index. 
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Chapter 10: Incorporating Estimation Errors into Portfolio 
Selection: Robust Portfolio Construction
Sebastián Ceria and Robert A. Stubbs, 2006

The authors explore the negative effect that estimation error has on 
mean-variance optimal portfolios. It is shown that asset weights in 
mean-variance optimal portfolios are very sensitive to slight changes 
in input parameters. This instability is magnified by the presence of 
constraints that asset managers typically impose on their portfolios. 
The authors use robust mean variance, a new technique which is 
based on robust optimisation, a deterministic framework designed 
to explicitly consider parameter uncertainty in optimisation prob-
lems. Alternative uncertainty regions that create a less conserva-
tive robust problem are introduced. In fact, the authors’ proposed 
approach does not assume that all estimation errors will negatively 
affect the portfolios, as is the case in traditional robust optimisation, 
but rather that there are as many errors with negative consequences 
as there are errors with positive consequences. The authors demon-
strate through extensive computational experiments that portfolios 
generated with their proposed robust mean variance o scenarios. 
Additionally, they find that robust mean variance portfolios are usu-
ally less sensitive to input parameters. Without endorsing commer-
cial products, it is fair to say that notions of robust mean variance 
have expanded the number of approaches that portfolio construc-
tors can implement.

Chapter 11: Best-Practice Pension Fund Governance
Gordon L. Clark and Roger Urwin, 2008

The authors argue that good governance by institutional asset own-
ers makes a significant incremental difference to value creation, as 
measured by their long-term risk-adjusted rate of return. Drawing 
upon best-practice case studies, it is argued that the principles of 
good governance can be summarised by organisational coherence, 
including an institution’s clarity of mission and its capacities; 
people, including who is involved in the investment process, their 
skills and responsibilities; and process, including how investment 
decision-making is managed and implemented. Using the case stud-
ies to develop the principles and practice of good governance, there 
are a number of lessons to be learnt from these exemplars whatever 
the nature, scope, and location of the institution – summarised through 
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a set of 12 findings about global best-practice with implications  
for large and small institutions. Implications are also drawn for 
the design and management of sovereign funds, which are increas-
ingly important for national welfare in global financial markets. In 
conclusion, the authors see the challenge of governance as having 
two facets: to facilitate adaptation to the functional imperatives 
of operating in global markets given the heritage of an institution  
and, over the long-term, to undertake reforms such that institu-
tional form and structure are consistent with the principles developed 
herein.

Chapter 12: Fundamental Indexation in Europe
Julius Hemminki and Vesa Puttonen, 2008

The authors examine the benefits of fundamental indexation 
using European data. Our findings suggest that by re-weighting a  
capitalisation-weighted market index by certain fundamental val-
ues, it is possible to produce consistently higher returns and higher 
risk-adjusted returns. Some of these fundamental portfolios produce 
consistent and significant benefits compared to the capitalisation-
weighted portfolio. Thus, their results are in line with Arnott et al. 
(2005) from the US markets. Readers may compare this chapter with 
the subsequent one.

Chapter 13: Fundamental Indexation: An Active Value 
Strategy in Disguise
David Blitz and Laurens Swinkels, 2008

In this chapter, the authors critically examine the novel concept of 
fundamental indexation. They argue that fundamental indexation is 
by definition nothing more than an elegant value strategy, because 
the weights of stocks in a fundamental index and a cap-weighted 
index only differ as a result of differences in valuation ratios. 
Moreover, fundamental indices resemble active investment strategies 
more than classic passive indices because: (i) they appear to be at odds 
with market equilibrium; (ii) they do not represent a buy-and-hold 
strategy: and (iii) they require several subjective choices. Last but not 
least, because fundamental indices are primarily designed for sim-
plicity and appeal, they are unlikely to be the most efficient way of 
benefiting from the value premium. Compared to more sophisticated, 
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multi-factor quantitative strategies, fundamental indexation is likely 
to be an even more inferior proposition. This argument is of some 
importance, not least because of the deluge of smart beta products 
being touted in the market that justify their existence based on fun-
damental indexation.

Chapter 14: A Robust Optimization Approach to Pension 
Fund Management
Garud Iyengar and Alfred Ka Chun Ma, 2010

In this chapter, the authors propose a robust optimisation-based frame-
work for defined benefit pension fund management. They show that 
this framework allows one to flexibly model many features of the pen-
sion fund management problem. Their approach is a computationally 
tractable alternative to the stochastic programming-based approaches. 
They illustrate the important features of the robust approach using a 
specific numerical example.
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Garrett Quigley
is Vice President and Portfolio Manager at Dimensional Fund Advisors Ltd, London. 
He received his BA from Trinity College, Dublin, and his MSc from Brunel University. 
Garrett joined Dimensional in 1992 and manages European equity investments in 
a range of portfolios covering large cap and small cap stocks in both developed and 
emerging markets.

Rex A. Sinquefield
is Chairman and Chief Investment Officer of Dimensional Fund Advisors Inc., 
Santa Monica. Rex received his BS from St Louis University and his MBA from the 
University of Chicago. He has contributed numerous articles to books and academic 
and professional journals. Best known among these are the studies of rates of return 
in Stocks Bonds, Bills and Inflation, which he co-authored with Roger Ibbotson. He 
was one of the first successfully to apply the academic findings of modern finance to 
money management. In the early 1970s he and his colleagues at American National 
Bank of Chicago pioneered many of the first index funds in the US.

Introduction

Studies of money manager performance are the bottom line test of mar-
ket efficiency. They do not claim to uncover specific types of market 
failure as do the ‘anomalies’ literature of the 1980s and the behavioural 
finance literature of today. Rather, money manager studies ask whether 
there are market failures, regardless of type, that are systematically 
exploitable. In our opinion, the conclusion of the literature to date is a 
resounding ‘No’.

Nearly all the studies thus far confine themselves to managers’ efforts 
to outperform the US equity markets. Among the more recent are those 
by Davis (1999), Carhart (1997a), Malkiel (1995) and Elton et al. (1993). 
There are few studies of non-US markets.1 This paper closes that gap 

Reprinted from ‘Performance of UK equity unit trusts’ by Garrett Quigley and  
Rex A. Sinquefield in Journal of Asset Management, 1, 2000, pp. 72–92, 
DOI:10.1057/palgrave.jam.2240006. With kind permission from Palgrave 
Macmillan Ltd. All rights reserved.
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slightly by examining the performance of all UK equity unit trusts that 
concentrate their investments in the UK. With respect to the UK mar-
ket, this paper deals with two popular claims by money managers and 
consultants: (1) money managers can outperform markets; and (2) this 
is especially so in the case of small stocks. The evidence we present here 
contradicts both of these claims.

We organise the paper as follows. First, we give a general descrip-
tion of our data and the classification of unit trusts, followed by the 
details of the UK treatment of dividends and taxes and the way in which 
this affects the computation of rates of return for unit trusts. The models 
that we use for performance measurement and the performance results 
for portfolios of unit trusts are then presented. We base these portfolios 
on descriptive classifications and then on the unit trust’s exposure to 
well-known risk factors. The penultimate section examines whether 
performance persists, and the final section gives the conclusion.

Data

This study examines all UK equity unit trusts (UTs) from the Micropal 
(now S & P Micropal) database that existed any time between 1978 
and 1997 and were authorised for sale to the public. We include only 
those UTs that invest primarily in UK equities and are classified by the 
Association of Unit Trusts and Investment Funds (AUTIF) as Growth 
and Income, Growth, Equity Income or Smaller Companies. In order to 
qualify as ‘UK’ a UT must have at least 80 per cent of its investments in 
the UK. AUTIF defines the four equity-only sectors as follows (Unit Trust 
Yearbooks, 1992−1997):

– Growth and Income: to produce a combination of both growth and 
income with a dividend yield of between 80 and 100 per cent of the 
yield of the FTA All Share Index;

– Growth: to produce capital growth;
– Equity Income: to produce a dividend yield in excess of 110 per cent 

of the yield of the FTA All Share Index;
– Smaller Companies: to invest at least 80 per cent of their assets in those 

companies that form the Extended Hoare Govett Smaller Companies 
Index. The Hoare Govett Smaller Companies Index (HGSC) contains 
the smallest tenth by market capitalisation of the main UK equity 
market. The Extended HGSC also includes stocks quoted on the 
Unlisted Securities Market, which fall within the HGSC’s market 
capitalisation limit.2
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We exclude unauthorised UTs because we have insufficient information 
to determine their investment objectives. We also exclude all interna-
tional, sector specialist, balanced and fixed income UTs. Authorised 
UTs are approved − authorised − for sale to the public, while unauthor-
ised UTs are not. Micropal advises us that their dividend data on dead 
UTs prior to 1978 are incomplete. Because we want to work with total 
returns, which naturally includes dividends, we commence our sam-
ple period in January 1978. Overall, we have data for 473 UTs which 
were still alive at the end of 1997 and 279 UTs which existed for some 
period between January 1978 and December 1997 but were not alive in 
January 1998. At year-end 1997, the aggregate value of the UK equity 
unit trusts we study was about £163 billion and the entire domestic UK 
equity market was about £1.3 trillion. By comparison, at year-end 1997 
US domestic equity mutual funds had an aggregate value of £973 billion 
and the entire US equity market was £6.0 trillion.

Because we have data on live and dead UTs, we believe our database 
is free of survivor bias. This bias afflicts nearly all commercial databases 
of manager performance, mutual fund or otherwise. Poorly perform-
ing funds often do not survive to the end of the sample period and get 
dropped from the database even though they are investment options 
while they exist. The opportunity set investors face through time is 
the combined universe of live and dead funds. This universe has lower 
returns than the set of surviving funds.

Micropal’s time series

Micropal provides us with a monthly time series of returns for all the 
UTs covered by this study. There are several features of UK law, Micropal 
convention and data availability that complicate the computation of 
returns. These features involve the tax treatment of dividends, bid/offer 
spreads, and the reinvestment of dividends expense information.

Taxation of dividends

In the UK, a corporation paying a dividend of £1 would pay £0.2 in 
taxes, the Advance Corporation Tax (ACT), and distribute £0.8 to the 
unit trust with an accompanying tax credit for the ACT paid. The unit 
trust pays this money as a dividend by declaring a gross dividend of £1 
and distributing £0.8 in cash and £0.2 as a tax credit. A taxable inves-
tor would report £1 dividend income and £0.2 taxes already paid. Note 
that the example is for an ACT rate of 20 per cent, the current rate. In 
1978, the rate was 33 per cent and gradually fell to 20 per cent. These 
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higher earlier rates explain why the difference between live gross and 
live net returns are so high, 1.36 per cent per year (Table 1.1). Until July 
1997, a UK tax-exempt investor such as a pension fund could reclaim 
the tax credit as cash. In the budget of July 1997, the ability of such 
investors to reclaim the tax credit was abolished.

Because we want to evaluate the performance of the unit trusts, and 
not their investors, we use returns gross of the ACT. For surviving trusts, 
we have returns gross and net of the ACT. For dead trusts, only net 
returns are available. We are unable to gross up the dead trusts on an 
individual basis because individual dividend histories are unavailable. 
So we pursue a second-best approach of making an aggregate adjust-
ment to the net returns of the dead trusts. Specifically, each month 
we calculate the difference between the gross and net return of the 
surviving trusts and add this difference to the net returns of the dead 
trusts. In the various tests we perform throughout the paper, we form 
portfolios. The adjustment that grosses up the net returns takes place 
on a portfolio by portfolio basis. The implied assumption is that there 
is no average difference between the dividend yields of surviving trusts 
and dead trusts. More on this later.

Bid/offer spreads

UTs are quoted on a bid/offer basis, where the offer price is the price 
at which the manager sells units, and the bid price is the price at 
which the manager buys them back. Among the items accounting for 
the difference between the bid and offer prices are the initial charge 
(sales load), typically 5−6 per cent, stamp duty (presently 0.5 per cent  
for purchases only), dealing charges (commissions) and the bid/offer 
spreads of the underlying securities. The returns that Micropal provides 
ignore bid/offer spreads at the point of initial investment, and therefore 
calculate returns bid price to bid price. This suits our purpose because 
we want to measure the performance of the unit trust managers rather 
than that of the clients.

Dividend reinvestment

We have returns for two types of unit trusts, one that distributes divi-
dends on a regular basis, an income unit, and one that accumulates 
dividends inside the unit trust, an accumulation unit. Generally, when 
both units are available, they are like two classes of shares for the 
same underlying portfolio. For income units, Micropal’s return series 
assumes reinvestment of dividends at the offer price. This means that 
the investor pays the full bid/offer spread when reinvesting dividends. 
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An investor’s total return from a UT that reinvests dividends at the 
offer price is obviously less than if dividends are reinvested at the bid 
price. The latter case corresponds more closely to the investment per-
formance of the UT manager. Unfortunately, this series is unavailable 
from Micropal. Fortunately, the effect on returns is trivial. At the end 
of February 1998 the average bid/offer spread was 5.0 per cent and 
the average yield was 2.1 per cent per year. The cost of investing these 
dividends at this spread is about 0.8 basis points per month. For Small 
Company UTs, the average monthly cost is 0.6 basis points because of 
their below-average dividend yields.

Accumulation units do not pay the initial charge on the reinvest-
ment of dividends. Where a UT provides accumulation units along with 
income units, the returns series of the accumulation units is preferable 
and is the one we use. Of the 279 non-surviving UTs, 83 are accumu-
lation units and 196 are income units. For the 473 live funds, 93 are 
accumulation units and 376 are income units.

Expenses

Information on historical investment management fees and total 
expense ratios (TERs) are not readily available. The only source for TERs 
is the annual report of each UT, many of which no longer exist. Prior 
to 1998, there was no industry-wide publication that collected and 
reported this information. From 1998, Fitzrovia International Limited 
has published a book that includes TERs. In order to test performance 
gross of TERs, we choose a second-best approach. We collect a sample 
of 394 TERs that are closest to year-end 1996 and apply each TER as if 
it were constant over the life of the UT. The average TER for this sample 
is 1.35 per cent per year.

Time series tests

In the tests that follow, we form for each month equal weighted port-
folios of UTs, using sorting and classification rules appropriate to each 
test. We avoid survivor bias by including each dead UT through the 
last month it reports a return. A portfolio that holds a UT that dies, 
equally weights the remaining UTs. This is similar to the methodology 
of Carhart (1997a).3 We cannot purge all survivor bias, however. If a 
unit trust dies in the month following the last reported return, then the 
return in the month of death is omitted. That return is probably below 
the average return of the other unit trusts. This omission causes a small 
but unmeasurable overstatement of aggregate unit trusts’ performance.
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Performance measurement

Our primary model of performance measurement is the Fama−French 
three-factor model, which we compare with the Sharpe−Lintner Capital 
Asset Pricing Model (CAPM) (Sharpe, 1964; Lintner, 1965). Fama 
and French (1992, 1993) show that, along with a market factor, size and 
value (book-to-market) factors help explain both the temporal and cross- 
sectional variation in stock returns.4

We estimate performance relative to the CAPM and Fama−French 
three-factor models as:

Rp(t) − Rf(t) = a + β[Rm(t) − Rf(t)] + e(t) (1)

Rp(t) − Rf(t) = a + b[Rm(t) − Rf(t)] + sSMB(t) + hHML(t) + e(t) (2)

where Rp(t) is the return of a unit trust in month t, Rf (t) is return of one 
month UK Treasury bills (henceforth month t is understood), and Rm is 
the total return of the FTA All Share Index (FTA). SMB is a size  factor which 
is measured by the monthly return of the HGSC (ex investment trusts) 
minus the FTA total return (Dimson and Marsh, 1995−98). HML is a value 
(book-to-market) factor which is the return of the top 30 per cent of com-
panies ranked by book-to-market minus the FTA total return. Details on 
the sources and construction of these series are in the Appendix.

In the above models, a is the regression intercept or alpha which 
estimates a portfolio’s average excess return, that is, the return that 
is in excess of that which is caused by the portfolio’s exposure to risk 
factors. In Equation (1), coefficient β measures the portfolio’s exposure 
to a market factor in the CAPM. In Equation (2), b measures the portfo-
lio’s sensitivity to the market return, s to a size factor and h to a value 
factor. A positive s says the portfolio has net exposure to small stocks, 
while a negative value indicates net exposure to large stocks. A positive 
h indicates net exposure to value stocks, and a negative value indicates 
net exposure to growth stocks. Each of these coefficients comes with a 
t statistic that indicates how precisely the coefficient is estimated. The 
R2 tells what portion of the variance of the dependent variable − the 
UT − is explained by the regression.

The economic environment and the performance 
of all UK equity unit trusts

Table 1.1 shows summary statistics for selected equity series, t-bills, the 
regression independent variables as well as the aggregate returns of all 
our UK UTs. The returns of all three equity series were high at roughly 
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18 per cent per year for both the market (FTA) and small stocks, and 
almost 21 per cent for value stocks (all returns are in sterling). By con-
trast, the MSCI World ex UK (net) returns 15 per cent per year for the 
same period. The cross correlations of the independent variables are 
near zero.

For the UTs, we calculate for each month an equal weighted average 
for five sets of data:

1. Live Gross − the gross (of tax) returns of all UTs that were still in 
existence at the end of 1997;

2. Live Net − the net (of tax) returns of all UTs that were still in exist-
ence at the end of 1997;

3. Dead Net − the net (of tax) returns of all UTs that were no longer in 
existence at the end of 1997;

4. Live and Dead Net − the net (of tax) returns of all UTs whether or not 
in existence at the end of 1997;

5. Live and Dead Gross − the gross (of tax) returns of all UTs whether or 
not in existence at the end of 1997. The earlier section on ‘Taxation 
of dividends’ describes how we estimate the gross returns for 
dead UTs.

The ACT tax − the difference between the Live Gross and the Live Net − 
costs investors 1.36 per cent per year compounded and lowers the alpha 
from both the one-factor and the three-factor model 10 basis points per 
month.

Our estimate of survivorship bias is 0.7 per cent per year. This is 
the difference between the compound returns of the live UTs and the 
combined set of live and dead UTs. It is striking how poorly the non- 
surviving UTs perform. They underperform the survivors by 2.31 per 
cent per year and the full sample by 1.61 per cent per year. Other esti-
mates of survivor bias are 1 per cent per year for US equity mutual funds 
from Carhart (1997b), and 1.4 per cent from Malkiel (1995). (See also 
Elton et al., 1996; Brown et al., 1992.)

The regression results reveal strong patterns. The three-factor model 
market betas are all higher than the CAPM betas. The same is true for 
the R2 values. The UTs in aggregate have a high SMB exposure and a 
modest yet significant HML exposure. The alphas all shift down in the 
three-factor model results by about 5 basis points per month, indicat-
ing that the UTs’ performance is lower once we take size and book-to-
market exposures into account. After adding back taxes to the overall 
group − Live and Dead Gross − we get a three-factor alpha of −9 basis 
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points per month with a t-statistic of −2.3. Our overall conclusion is 
that before bid/offer spreads but after expenses, these UTs, as a group, 
generate 20-year performance that is reliably negative relative to a 
three-factor model.

The average TER of 1.35 per cent per year, or 11 basis points per 
month, suggests that, gross of all expenses, the excess return of the 
average manager is around 2 basis points, which is not significantly 
different from zero (the standard error of the overall alpha is 3.74 basis 
points). Net of expenses, however, the average investor experiences 
a risk-adjusted loss of 9 basis points per month on a bid-to-bid basis, 
which excludes the initial costs of investing. No one invests costlessly. 
Even an index investor incurs custody and administration expenses of 
2−3 basis points per month. The TERs include such costs.

Performance of UK equity unit trusts by sector

Table 1.2 shows the results when the UTs are arranged by AUTIF cat-
egory. As in Table 1.1, the market betas and the R2 in the three-factor 
model are systematically higher than in the one-factor model, and the 
alphas are correspondingly lower. For the group Live and Dead Gross, 
the Equity Income and Smaller Companies sectors exhibit the largest 
differences between the two models. In the case of Equity Income, it is 
the relatively high HML coefficient that causes the difference. For the 
Smaller Companies sector, the cause is the huge SMB exposure of 1.0 in 
the three-factor regression. Once we control for the size exposure, the 
beta increases to 0.96 from 0.8 and the R2 goes up from 0.68 to 0.965. 
UK Smaller Company UTs live up to their name and do indeed concen-
trate on small-company stocks.

Overall, the three-factor model explains almost all of the variance 
in  the returns of these UTs and is an improvement on the CAPM. 
Further, the three-factor model alphas say that in no AUTIF sector did 
UTs in aggregate beat the market.

Performance of UK equity unit trusts ranked by SMB 
and HML exposure

It is a common claim that markets for small stocks are less efficient than 
those for large stocks.5 We test that proposition directly by compar-
ing the performance of small-company UTs to that of large-company 
UTs. We then make the same comparison for value and growth UTs.

We investigate the small-stock argument by forming portfolios based 
on prior SMB exposure. Each year we rank all UTs based on their SMB 
exposure over the prior three-year period. If a UT starts within the three-
year period, we include it if it has at least 30 months of returns. Based 
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on these rankings, we form ten equal weight portfolios, each containing 
the same number of UTs. We gross up the net-of-tax returns of the dead 
UTs in each portfolio by the difference between Live Gross and Live Net 
returns for that portfolio. ANOVA tests confirm that UTs that are most 
alike in a sorting variable, in this case SMB, have the least cross-sectional 
disparity in pre-tax dividend yield. We follow this procedure for all tests 
in this paper. We hold the ten portfolios for one year and then reform 
them at the start of the next year. This produces a time series of port-
folios of UTs. The top SMB portfolio will always contain the UTs with 
the highest SMB exposure over the preceding three-year period and the 
lowest SMB portfolio will always contain the UTs with the lowest SMB 
exposure over the preceding three-year period. If a UT in a portfolio 
drops out of the database over the following year, we include its return 
through the last month it reports. The return of the portfolio in the next 
month is the equally weighted average of the remaining UTs. We use 
data from the 1975−77 period, even though the dividend information 
is unreliable, because the dividends do not appear to affect three-factor 
risk estimates (for example, these are almost identical for the Live Gross 
and Live Net series in Tables 1.1 and 1.2). Since we need three years to 
generate the first rank, our series will start in January 1978 so that, when 
we test the portfolios, the UT returns have correct dividend data.

We use the three-factor model to compare and evaluate the perfor-
mance of these ten SMB portfolios. The results are in Table 1.3. The 
degree of SMB exposure of these portfolios is in exactly the same order as 
the pre-formation ordering. The portfolio of UTs with the highest prior 
three-year SMB exposure produces the highest post-formation SMB expo-
sure (0.97), and the portfolio of UTs with the lowest prior three-year SMB 
exposure produces the lowest post-formation SMB exposure (0.03). The 
relative exposure to SMB over a three-year period is a strong predictor of 
relative exposure in the following year, and there is a wide spread of SMB 
exposure among UTs. The three-factor alphas of these portfolios tell us 
how well they perform relative to the size and book-to-market (value) 
risks they assume. The four small-company portfolios have excess returns 
(alphas) that are reliably negative. The claim that small-company stocks, 
at least those in the UK, are inefficiently priced in exploitable ways is a 
myth. If the small-company UTs were horses, they would be glue.

While the risk-adjusted and absolute returns of the top five SMB 
exposure portfolios become worse as SMB exposure increases, there is 
no pattern to either the risk-adjusted or absolute returns of the bot-
tom five SMB portfolios. However, all of the three-factor alphas are 
negative.
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We perform a similar analysis to see how well ‘value’ managers per-
form. Each year we rank all UTs based on their HML exposure over the 
prior three-year period, and we form ten portfolios in exactly the same 
way as we did for SMB ranking above. So our top HML portfolio will 
always contain the UTs with the highest HML exposure over the preced-
ing three-year period, and the lowest HML portfolio will always contain 
the UTs with the lowest HML exposure over the preceding three-year 
period. The results are in Table 1.4. The three-factor model results show 
that there is some persistence in relative exposure to HML in these port-
folios, but it is weak with a spread of only 0.2 between the highest and 
lowest HML portfolios. This suggests that there are few, if any, UK UTs 
that have a consistently high exposure to value stocks or a consistently 
high exposure to growth stocks.

There is some inadvertent connection between the unconditional 
sorts on SMB and HML. The highest and lowest SMB portfolios have the 
lowest HMLs and the highest and lowest HML portfolios have the high-
est SMBs. To control for interaction effects, we perform a joint sort. At 
the start of each year, we sort UTs on prior three-year SMB exposure into 
three equal groups. Within each SMB group, we sort on HML exposure 
into three sub-groups, creating nine SMB/HML portfolios. We calculate 
the returns for these portfolios in the same way as before, reforming 
portfolios each year. The results of this analysis are in Table 1.5.

As expected, the portfolios in each SMB group in Table 1.5 have 
roughly the same SMB exposure. Within each SMB group, the spread in 
HML exposure is roughly the same, but about 65 per cent of what it was 
in the unconditional HML sort. There is a bit of a performance pattern in 
that the smaller-company UTs have significantly negative alphas in all 
three HML subgroups. If there are inefficiencies in the small-company 
UK stocks, the unit trust managers studied here do not exploit them. In 
the two remaining SMB groups, three of six alphas are reliably negative. 
Davis (1999) performs a similar analysis of US mutual funds and finds 
that there is no evidence of outperformance in any style group.

Persistence of performance

Our analysis of performance persistence first looks at raw return. Each 
year, we form ten portfolios of UTs based on the rank of their total 
return over the previous year. The results, in Table 1.6, show a marked 
persistence in return over a one-year period. The spread in annual 
performance between best and worst one-year return portfolios is 3.54 
per cent. These results might suggest a market failure and thus an easy 
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beat-the-market strategy. However, this lusty interpretation seems to 
fall flat.

First, the turnover from this strategy is over 80 per cent per year. The 
average bid/offer spread is 5 per cent. Together, these two would wipe 
out all gains even if the pattern in Table 1.6 repeats itself perfectly.

Secondly, the three-factor alphas of the top two portfolios, while posi-
tive, are not statistically significant. The three-factor regressions distin-
guish between performance due to market, size and value risk factors and 
that due to the managers’ ability to generate returns above those he gets 
for simple risk bearing. The returns that result from risk bearing are in 
principle available from structured or index-like portfolios. The three-fac-
tor alphas imply that even the best of the UTs did not earn returns above 
these kinds of strategies. By contrast, the negative alphas of the bottom 
four portfolios are all significant at the 5 per cent level. This echoes studies 
of US mutual funds, notably Carhart (1997a) and Malkiel (1995), which 
show that poor performance persists but good performance does not.

Now we examine persistence in risk-adjusted performance. We sort 
UTs on three-year three-factor alphas (PR3YA), form ten portfolios as 
before and compute returns over the next 12 months. We repeat this 
procedure for the end of each December. The first three-year regression 
period is 1978−80, so the monthly time series runs from 1981 to 1997. 
The results, in Table 1.7, are similar to those in Table 1.6, namely, a clear 
persistence in both absolute and risk-adjusted return over a one-year 
period. The spread in annual compound returns between the top and 
bottom PR3YA portfolios is now 2.95 per cent, and the spread in three-
factor model alphas for these portfolios is 0.27 per cent per month. 
Again as in Table 1.6, only the top two PR3YA portfolios have positive 
three-factor model alphas, neither of which is remotely reliable. Even 
the largest alpha, for the highest prior-alpha portfolio is only 4 basis 
points, 0.6 standard errors, above zero. The other eight PR3YA portfo-
lios have negative three-factor model alphas, and the bottom two are 
significant beyond the 5 per cent level.

To see whether the patterns in Table 1.7, weak though they are, 
persist through time, we compare the performance of PR3YA sorted 
portfolios at different periods after formation. For the three-year 
regression 1978−80, post-formation year 1 is 1981, year 2 is 1982 and  
year 3 is 1983. The next three-year regression is 1979−81, and the post-
formation years are 1982, 1983, and 1984 and so on. We keep the post-
formation sample sizes the same so the ‘year 1’ periods run from 1981 
to 1995, ‘year 2’ periods from 1982 to 1996 and ‘year 3’ from 1983 to 
l997. Table 1.8 gives the results.
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Year 1 results obviously repeat the pattern in Table 1.7, even though 
the point estimates differ because of the change in sample sizes. By  
year 2 the pattern of persistence attenuates somewhat, and by year 3  
it disappears entirely. The rank correlation between pre- and post- 
formation alphas drops from 0.94 in year 1, 0.72 in year 2 to an insig-
nificant −0.12 in year 3. One final test compares the ‘high’ portfolio 
with first, the ‘low’ portfolio, and then with the entire sample. The 
‘1−10 alpha’ comes from the three-factor regression of the ‘high minus 
low’ portfolio, and the ‘1−All’ alpha from the regression of the ‘high’ 
minus the ‘Live and Dead Gross’ series from Table 1.1. Only in year 1 
are these alphas significant, and this is clearly due to the low returns of 
the poorest performing portfolios.

Table 1.8 also shows the results of this experiment where the returns 
are grossed up by an estimate of total annual expenses. Recall that 
expense information is available only for surviving trusts, so we estimate 
the gross-of-expense returns for each of the ten portfolios by adding back 
to each portfolio the average expense of just the survivors of each group.

Now finally, there is some evidence that winners repeat. The top two ‘ 
high’ portfolios have significant alphas in the year after portfolio forma-
tion, although we will soon see that this persistence is confined to just 
one size group of firms. Losers also repeat. Even giving expenses back to 
the ‘ low’ portfolio does not prevent a nearly significant negative alpha. 
We will see that this phenomenon is not confined to one size group. 
The persistence in year one is strong but falls off quickly thereafter.

Because there is a wide range in the size exposure of UTs, we repeat 
these tests of persistence but condition them on size. First, we form three 
groups based on prior three-year SMB loading and then, within each 
group, we sort based on PR3YA. Table 1.9 gives the net-of-expense results. 
The persistence of poor performance does not discriminate by size. In 
each of the size groups, significant negative alphas persist through year 
one. For big firms, those with low SMB exposure, such alphas make it to 
year two. In a similar analysis of US mutual funds, Davis (1999) finds no 
evidence of positive persistence but, in the case of funds with high SMB 
exposure, reliable evidence of persistence of negative alphas. There is 
some correlation between expenses and performance. In each size group, 
the worst performing portfolio has the highest expenses (Table 1.9). The 
correlation may be stronger than it appears because we do not have 
annual expenses for dead trusts. These trusts may well have higher aver-
age expenses than survivors. What happens when we add back expenses?

Table 1.9 also gives the gross-of-expense results. Again, as in Table 1.8, 
we have some evidence of positive as well as negative persistence, both 
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of which occur in the high SMB group. The negative persistence needs 
no explanation. However, the positive persistence of the high PR3YA 
small-stock trusts calls for one. Market efficiency would seem to pre-
clude such persistence. In defence of market efficiency, however, the 
observed persistence, even if it continues, is not exploitable. The bid/
offer spreads of these UTs are almost three times as large as the alphas in 
year one. So from a practical viewpoint, the persistence is useless, even 
though from a theoretical viewpoint it is intriguing. One possible expla-
nation is that of Carhart (1997a), who shows that the persistence of US 
mutual funds occurs because of persistence in the underlying stocks 
they buy. However, he also shows that when managers try to exploit 
this persistence effect (by buying the previous year’s winner stocks), 
they fail to generate higher absolute returns than managers who do not. 
It would require further research to determine whether this explanation 
applied to UK UTs.6

Summary and conclusions

This examination of UK equity unit trusts says that UK money manag-
ers are unable to outperform markets in any meaningful sense, that is, 
once we take into account their exposure to market, value and size risk. 
This result is analogous to most studies of US money managers. Even 
more dramatic than these overall results are the findings for the small-
company UTs. Contrary to the notion that small-company shares offer 
abundant ‘beat-the-market’ opportunities, we find that small-company 
UTs are the worst performers. In fact, their performance failure is per-
sistent and reliable.

In methodology, this study leans heavily on the same kind of three-
factor model that Fama and French find well describes the behaviour of 
US equity markets. For the UK market, the three-factor model has bet-
ter explanatory power than a one-factor model, especially for UTs that 
invest heavily in small companies.

Does performance persist? Yes, but only poor performance. As others 
find for US mutual funds, so we find in the UK. Losers repeat, winners do 
not. Only after adding back estimated expenses can we find evidence that 
the most successful UTs repeat their winning performance. (Ironically, 
so do the losers.) The winners’ repeat performance, gross of expenses, is 
intriguing but not exploitable because of high turnover costs.

Overall, this study, like all mutual fund studies, does not enlighten us 
about what kinds of market failures occur. It does say that if there are 
any, UK equity managers do not exploit them.
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Notes

1. In the course of writing this paper, we were made aware of another paper that 
examines the performance of a broad array of unit trusts, including those 
covered here. There are differences in time period of coverage and methodol-
ogy. That paper is by David Blake and Alan Timmerman (1998) ‘Mutual Fund 
Performance: Evidence from the UK’, European Finance Review, 2, 57−77.

2. The Unlisted Securities Market was closed in December 1996 and most of the 
companies in this market moved to either a full listing or to the Alternative 
Investment Market.

3. We equal-weight the monthly returns, since this gives the average return of 
the UTs in a portfolio each month. This is the standard approach in studies 
of this kind. An alternative is to weight each UT return by the value of assets 
in the UT. However, we do not have a database with the history of the value 
of assets for each UT.

4. For an application of the Fama−French cross-sectional methodology to UK 
stock returns, see Strong and Xu (1997).

5. See, for example, ‘25 Years of Indexing: An Analysis of the Costs and Benefits’, 
PricewaterhouseCoopers and Barclays Global Investors, pp. 18−20, where an 
analysis is made of the returns of small-company funds compared with small-
company benchmarks, suggesting that the funds outperform the benchmarks 
by more than 2 per cent p.a.

6. We have looked at non-overlapping three-year sub-period analyses of the 
above sorting procedures, which we do not show in the interests of brevity 
(details are available on request). For the nine SMB/PR3YA portfolios, there is 
no three-year sub-period where the alpha of the net returns is significantly 
positive. Interestingly, however, the average non-overlapping three-year 
alpha is three basis points less than the average full-period alpha across all 
nine portfolios.
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Appendix: Sources and descriptions of data

– Risk free rate is the return of one month UK Treasury bills and was supplied 
by BZW (now Barclays Capital).

– The market return is the total return of the Financial Times Actuaries All Share 
Index (FTA) and was supplied by BZW.

– The UK Value Index from 1978 to 1995 was supplied by Fama and French and 
was calculated by ranking UK companies in the MSCI Index based on their 
book-to-market ratios at the start of July each year and forming a market capi-
talisation weighted portfolio from the top 30 per cent of companies ranked by 
book to market, holding for one year and reforming the portfolio each year. 
From January 1996, it is the monthly return of the UK section of the DFA 
International Value Series. The DFA International Value Series buys the top 
30 per cent of companies ranked by book to market in each market it invests 
in and weights each company in proportion to its market capitalisation. It 
will continue to hold a company until it moves below the 50th percentile of 
companies ranked by book to market.

– The SMB (small minus big) series for the three-factor model tests is the return 
of the Hoare Govett Smaller Companies Index (total return, ex investment 
trusts) minus the FTA total return.

– The HML (high minus low book-to-market) series from 1978 to 1995 for the 
three-factor model tests is the monthly return of the UK Value index minus 
the FTA total return.
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Introduction

One of the major difficulties in financial management is trying to 
integrate quantitative and traditional management into a joint frame-
work. Typically, traditional fund managers are resistant to quantitative 
management, as they feel that techniques of mean-variance analysis 
and related procedures do not capture effectively their value added. 
Quantitative managers often regard their judgmental colleagues as idiot 
savants. Senior management is rarely prepared to intervene when man-
agers are successful and profitable, however they made their decisions. 
These disharmonies can make company-wide risk-management and 
portfolio analysis non-operational and can have deleterious effects on 
company profitability and staff morale.

One model which has the potential to be used to integrate these diverse 
approaches is the Black-Litterman (BL) model (Black and Litterman, 1991, 
1992). This is based on a Bayesian methodology which effectively updates 
currently held opinions with data to form new opinions. This framework 
allows the judgmental managers to give their views/forecasts, these views 
are added to the quantitative model and the final forecasts reflect a blend 
of both viewpoints. A lucid discussion of the model appears in Lee (1999).

Given the importance of this model, however, there appears to be 
no readable description of the mathematics underlying it. The purpose 
of this paper is to present such a description. In the second and third 
sections we describe the workings of the model and present some 
examples. In the fourth section we present an alternative formulation 
which takes into account prior beliefs on volatility. In the second and 
third sections, particular attention is paid to the interesting issue of 
how to connect the subjective views of our managers into information 
usable in the model. This is not a trivial matter and lies at the heart of 
Bayesian analysis. Indeed Rev. Bayes had such misgivings about apply-
ing Bayes theorem to real-world phenomena that he did not publish his 
paper (Bayes, 1763): it was presented to the Royal Society by his literary 
 executor (Bernstein, 1996: 129–34).

Workings of the model

Before we present Bayes’ theorem and its application by BL to asset 
management problems, we shall present our notation and basic con-
cepts. We assume that there is an (n × 1) vector of asset returns r; 
these are, typically, excess returns measured in the domestic currency 
and subtracting the domestic cash return which is not included in the 
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vectors. With this convention the asset returns have a well-defined 
n-dimensional covariance matrix Σ; in particular, their covariance 
matrix is non-singular. If the returns for period t are denoted by rt, we 
shall write E(r) to mean expected forecasted returns. This is shorthand 
for E(rt+1|ℑt), where ℑt refers to all information up to and including 
period t. A second related concept is the (n × 1) vector π representing 
equilibrium excess returns, either in terms of a theory such as the capi-
tal asset pricing model (CAPM) or in the sense of the prevailing supply 
of value-weighted assets. The latter interpretation corresponds to a 
global market portfolio demonetised in domestic currency.

Algebraically, assuming the validity of the CAPM,

π = β(μm − rf)

where μm is the return on the global market in domestic currency, rf is 
the riskless (cash) domestic rate of return, β is an (n × 1) vector of asset 
betas, where

β σ= ′Cov   / m( , )mr r w 2

where r′ wm is the return on the global market, wm are the weights on 
the global market, determined by market values, and σm

2  is the variance 
of the rate of return on the world market.

If we let Σ = Cov(r, r′) be the covariance matrix of the n asset classes, 
then

π = δΣwm

where δ μ σ= −( )m fr / m
2  is a positive constant. If returns were arithmetic 

with no reinvestment, δ would be invariant to time, since both numera-
tor and denominator would be linear in time. However, if compounding 
is present, there may be some time effect.

In this paper, we shall only consider (global) equity in our n assets. 
Extending the model to domestic and foreign equities and bonds 
 presents few difficulties.

Considering Foreign Exchange (FX ) as an additional asset class does 
present difficulties as we need to ‘convert’ currencies into a domestic 
value, which requires making assumptions about hedge ratios. Black 
(1990) proves that, in an international CAPM (ICAPM)1 under very 
stringent assumptions, all investors hedge the same proportion of 
overseas investment, and uses this result to justify a global or universal 
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hedging factor which is the same for all investors facing all currencies. 
Adler and Prasad (1992) discuss Black’s result and show how restrictive 
the result actually is.

It is natural to think of π as being the implied returns from the equi-
librium model and, as the above discussion shows, these would depend 
upon our data and represent the input of the quantitative manager. 
How can we represent the views of the fund managers? To answer this 
question, consider Bayes’ theorem. In the notation we have defined 
above, Bayes’ theorem states that

pdf
pdf( )pdf( )

pdf
( ( ) | )

| ( ) ( )
( )

E
E E

r
r r

π
π

π
=

where pdf(.) means probability density function. The above terms have 
the following interpretations:

– pdf(E(r)) is the prior pdf that expresses the (prior) views of the fund 
manager/investor

– pdf(π) represents the marginal pdf of equilibrium returns. In the 
treatment that follows, it is not modelled. As we will demonstrate, it 
disappears in the constant of integration.

– pdf(π | E(r)) is the conditional pdf of the data equilibrium return, 
given the forecasts held by the investor.

The result of the theorem pdf(E(r) | π) is the ‘combined’ return or poste-
rior forecast given the equilibrium information. It represents the fore-
casts of the manager/investor after updating for the information from 
the quantitative model.

The contribution of BL was to place this problem into a tractable form 
with a prior distribution that was both sensible and communicable to 
investors. Bayesian analysis has, historically, been weakened by difficulties 
in matching tractable mathematical distributions to individual’s views.

We now review and extend BL’s results. We make the following 
assumptions:

A1  pdf(E(r)) is represented in the following way. The investor has a 
set of k beliefs represented as linear relationships. More formally, 
we know the (k × n) matrix P and a known (k × 1) vector q. Let  
y = PE(r) be a (k × 1) vector. It is assumed that y ∼ N(q,Ω), where Ω 
is a (k × k) diagonal matrix with diagonal elements ωii. A larger ωii 
represents a larger degree of disbelief in the relationship represented 
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by yi, ωii = 0 represents absolute certainty, and, as a practical mat-
ter, we bound ωii above zero. The parameters q and Ω are called by 
Bayesians hyperparameters; they parameterise the prior pdf and are 
known to the investor.

A2  pdf(π | E(r)) is assumed to be N(E(r), τΣ) where Σ is the covariance 
matrix of excess returns and τ is a (known) scaling factor often set 
to 1. This assumption means that the equilibrium excess returns 
conditional upon the individual’s forecasts equals the individual’s 
forecast on average. This may not hold in practice as the authors 
have met many practitioners who have exhibited the most alarm-
ing biases relative to the market view. The conditioning needs to be 
understood in the sense that, if all individuals hold this view and 
invest in a CAPM-type world, then π represents the equilibrium 
returns conditional upon the individuals’ common beliefs.2

Given A1 and A2, it is a straightforward result to show the following 
theorem.

Theorem 1. The pdf of E(r) given π is given by

pdf

q

( ( ) | ) ([( )

[( ) ,

[( )

E Nr P P

P ]

P

π ∼ τ
τ π
τ

∑ + ′

∑ + ′

∑ + ′

− − −

− −

−

1 1 1

1 1

1

Ω

Ω

]

ΩΩ− −1 1P] ]

Proof: See Appendix. 
We emphasise that Theorem 1 is a result known to Bayesian econome-
tricians and to BL, although they did not report the variance formula in 
the papers. Also, our interpretation of what is prior and what is sample 
information may differ from BL.

It should be clear from the previous analysis that neither A1 nor 
A2 are essential for the model to be used. Most priors used in finance, 
however, tend to convey little information about the investors’ beliefs. 
Various alternatives such as a diffuse prior (see Harvey and Zhou (HZ), 
1990: Equation 6; or Klein and Bawa (KB) 1976: Equation 3) or the more 
detailed priors presented in Hamilton (1994: Chap. 12) cannot be easily 
understood in behavioural terms. In Bayesian terms, the prior chosen 
by BL is called the natural conjugate prior.

Extensions could be considered for volatilities as well. The  natural 
equilibrium value for volatility is the Black–Scholes (BS) model, so that 
if option data were available, the prior on volatility could be updated 
by the observed implied volatility. Unfortunately, the pdf of implied 
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volatility would depend on the nature of the stochastic volatility 
ignored by the BS formula, and there appears to be no simple way 
forward. An alternative would be to formulate a prior on τ. Although 
we have no obvious data to update our beliefs, a solution similar to 
Proposition 12.3 in Hamilton (1994) could be attempted. We present 
details in the fourth section.

Examples

In this section, we consider various examples which illustrate the 
methodology.

Example 1

In this example, we consider the case where a sterling-based inves-
tor believes that the Swiss equity market will outperform the German 
by 0.5 per cent per annum. All returns are measured in sterling and 
are unhedged. This is a modest target and is intended to emphasise 
that the forecast represents a new equilibrium and not short-term 
 outperformance. In the notation of the second section, we have one 
belief, k = 1 in A1. Using the universe of 11 European equity markets 
listed in Table 2.2, P is a (1 × 11) vector of the form

P = [l, −1, 0, 0, 0, 0, 0, 0, 0, 0, 0]

and q = 0.5 per cent. Table 2.1 lists the parameters used to compute the 
conditional forecast.

The computed values E(r | π) are shown in Table 2.2. In addition to the 
prior view of the relative performance of Swiss and German markets, 
larger changes from the implied view for other markets are associated 
with low covariance with the Swiss market. In Table 2.3, we report cer-
tain key parameters associated with our portfolio construction.

Table 2.1 Bayesian parameters

Parameter Value Symbol

Delta 5.00 δ
Tau 1.00 τ
View 0.05 q
Confidence 0.05 ω
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We now consider the impact of the conditional forecast in an opti-
misation problem, where the objective is a simple mean-variance utility 
function. The risk-aversion parameter has been set with reference to 
delta. The beta of the portfolio and the sum of the weights are con-
strained to unity. The results presented in Table 2.4, show, as expected, 
a switch from the German to the Swiss market. Some large differences 
in forecasts, Italy for example, are translated into small changes in the 
portfolio weights as the optimiser takes into account the benchmark 
weight, the asset beta and the impact of covariances.

In both this and the following example, currency holdings were free 
to vary between zero and minus the market weight (ie from unhedged 
to fully hedged). The assumed benchmark holding of currency is zero 
for all markets. The solution weights for currencies, which are not 
shown in the table, are all negligible.

The Sharpe ratio for the solution is 0.16 with a tracking error3 of 0.39, 
the portfolio is beta constrained to 1.0.

Table 2.2 Forecast results

Market Bench 
weight

Swiss  
Cov × 100

π E(r|π) Difference

Switzerland 0.0982 0.1884 5.34 5.53 +0.19
Germany 0.1511 0.0724 6.46 6.31 −0.15
Denmark 0.0136 0.0766 5.31 5.29 −0.02
Spain 0.0409 0.0666 8.07 7.99 −0.08
Finland 0.0125 0.0666 10.69 10.55 −0.14
France 0.1234 0.1016 7.93 7.89 −0.03
Italy 0.0568 0.0061 8.06 7.88 −0.18
Netherlands 0.0870 0.0826 5.64 5.62 −0.03
Norway 0.0103 0.0979 8.43 8.40 −0.03
Sweden 0.0474 0.0776 7.71 7.67 −0.04
UK 0.3588 0.0784 6.33 6.33 −0.00

Table 2.3 Optimisation parameters

Parameter Value

Risk aversion λ 2.5
Tracking error limit 2.5
Portfolio beta 1.0
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Example 2

In this second example, we consider the case where a US dollar-based 
investor believes that six hard currency markets will outperform nine 
other European markets, on average, by 1.5 per cent per annum. This 
could be interpreted as a possible EMU scenario. As in Example 1, this 
still represents one view and P is now a (1 × 15) vector equal to

[1/6 ... 1/6 − 1/9 ... − 1/9]

The values for the other parameters are as shown in Table 2.5. Note that 
Delta (δ) has now been set at 3 to ensure that the level of the conditional 
forecast accords with historical experience.

The conditional forecast is shown in Table 2.6. The difference between 
the implied and conditional forecasts is broadly in line with the 
imposed view, with the exception that the forecast for Ireland actually 
goes down while Switzerland increases slightly.

Table 2.4 Optimisation results

Market Beta Benchmark 
weight (%)

Solution  
weight (%)

Difference

Switzerland 0.80 9.82 12.19 +2.37
Germany 0.97 15.11 12.81 −2.30
Denmark 0.80 1.36 1.22 −0.14
Spain 1.20 4.09 4.27 +0.18
Finland 1.57 1.25 1.37 +0.11
France 1.18 12.34 12.61 +0.27
Italy 1.20 5.68 5.63 −0.05
Netherlands 0.85 8.70 8.04 −0.66
Norway 1.25 1.03 1.10 +0.07
Sweden 1.15 4.74 4.77 +0.02
UK 0.95 35.88 36.00 +0.12

Table 2.5 Bayesian parameters

Parameter Value Symbol

Delta 3.000 δ
Tau 1.000 τ
View 0.015 q
Confidence 0.025 ω
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To consider the impact of the conditional forecast, we solve a sim-
ple optimisation problem, where, as in Example 1, the asset weights 
are  constrained to be positive and sum to unity. The asset beta is 
constrained to unity and currency weights are free to vary between 
unhedged and fully hedged for each market. The tracking error is 
bounded at 2.5 (see Table 2.7).

The optimisation results are shown in Table 2.8 and not surprisingly 
show a positive tilt in favour of the strong currency markets. Interestingly, 
even though the optimiser was free to hold currency up to a fully hedged 
position, all the solution weights for currencies are zero. The Sharpe ratio 
for the solution is 0.18 with a tracking error of 1.8. The portfolio beta is 
constrained to unity.

Table 2.6 Forecast results

Bench weight π E(r | π) Difference

‘Hard’ markets
Austria 0.0060 14.84 15.05 +0.21
Belgium 0.0244 13.75 13.83 +0.08
France 0.1181 14.86 14.98 +0.12
Germany 0.1446 13.57 13.60 +0.04
Netherlands 0.0832 12.33 12.38 +0.06
Ireland 0.0076 11.18 11.03 −0.15

‘Soft’ markets
Denmark 0.0130 12.24 11.92 −0.32
Finland 0.0120 18.83 17.58 −1.24
Italy 0.0543 16.62 15.42 −1.20
Norway 0.0098 15.55 15.04 −0.51
Portugal 0.0049 11.84 11.67 −0.17
Spain 0.0392 13.63 13.03 −0.60
Sweden 0.0454 13.04 12.28 −0.76
Switzerland 0.0940 13.27 13.29 +0.02
UK 0.3433 12.74 12.68 −0.06

Table 2.7 Optimisation parameters

Parameter Value

Risk aversion λ 1.5
Tracking error limit 2.5
Portfolio beta 1.0
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Overall, we feel that the examples justify our confidence in the 
approach. Care needs to be taken interpreting the conditional forecast, 
however, since it is the product of the prior view and the data model. In 
these examples, the data model has been taken to be the implied excess 
returns generated by a mean-variance optimisation problem. Even though 
such excess returns can be counter-intuitive, as in the case of Ireland in 
Example 2, they may be understood as the extent to which the neutral 
forecast has to change to reflect properly the views held by the investor. 
When these excess returns are subsequently fed back into the optimisa-
tion process, the investor’s optimal weights will reflect the prior view.

It is this usage of implied excess returns in the data model which also 
helps to address one of the principal reservations many practitioners 
have with respect to the use of optimisers in portfolio construction, 
namely their extreme sensitivity to changes in forecasts. Raw forecast 
alphas are inevitably volatile and, if used as optimiser inputs, give rise to 
completely unacceptable revisions to portfolio weights. By combining 
neutral model forecasts with the investor’s views, the Bayesian formula-
tion produces robust inputs for the optimiser.

Alternative formulations

In this section, we present two alternative formulations of the BL model, 
the first of which takes into account prior beliefs about overall volatility. 

Table 2.8 Optimisation results

Market Beta Benchmark 
weight (%)

Solution  
weight (%)

Difference

Austria 1.09 0.60 3.27 +2.67
Belgium 1.02 2.44 4.82 +2.38
France 1.10 11.81 15.90 +4.09
Germany 1.00 14.46 18.63 +4.17
Netherlands 0.92 8.32 9.28 +0.96
Ireland 0.84 0.76 3.39 +2.63
Denmark 0.91 1.30 0.00 −1.30
Finland 1.37 1.20 0.00 −1.20
Italy 1.22 5.43 2.66 −2.77
Norway 1.14 0.98 0.00 −0.98
Portugal 0.88 0.49 0.00 −0.49
Spain 1.01 3.92 0.98 −2.94
Sweden 0.97 4.54 1.82 −2.72
Switzerland 0.98 9.40 6.79 −2.61
UK 0.95 34.33 32.46 −1.88
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To do this, we make the following adjustment. We shall assume that τ is 
now unknown and stochastic so that

A3

pdf(π | E(r),τ) ∼ N(E(r), τΣ).

Furthermore,

pdf(E(r) | τ) ∼ N(q, τΩ),

A4 The marginal (prior) pdf of ω = 1/τ is given by the following,4

pdf
/

/ /

( )
( / ) exp

( )
,

( )

ω
ω

ω

ω

=
−

⎛
⎝
⎜⎜⎜

⎞
⎠
⎟⎟⎟

< < ∞

−

λ
λ

2
2

2
0

2 2 1m m

mΓ

This pdf has two hyperparameters m and λ, and we assume it is 
 independent of pdf(π).

Remark l. Here we treat τ as a fundamental parameter that measures the 
overall dispersion of π about E(r). Considering pdf(E(r) | τ), we define the 
elements of Ω relative to τ so that ωii = 1 reflects a degree of disbelief 
equal in scale to the dispersion measure of π about E(r), a value ωii > 1 
implies greater disbelief than before and an increase in τ not only moves 
the dispersion of equilibrium expected returns about the forecasts but 
also increases the overall degree of disbelief in the forecasts.

Remark 2. The prior pdf of ω = 1/τ is a scale gamma, where ω is often called 
the precision. It follows that E(ω) = mλ and Var(ω) = 2mλ2. This means that 
for fixed E(ω) as m → ∞, Var(ω) → 0 and hence is a more reliable prior.

We are now in a position to state our new result which is, again, 
a standard result in the Bayesian literature. For a similar result, see 
Hamilton (1994, Proposition 12.3).

Theorem 2. If we assume A3 and A4, then

pdf(E(r) | π) ∝ [m + (E(r) − θ)′ λ� V (E(r) − θ)]−(m+n)/2

which is a multivariate t distribution. The vector θ is the term E(r | π) given 
in Theorem 1, the matrix V is the Var(r | π) given in Theorem 1 while

λ
λ

� =
+ − ′

−

m

A C H C
1

where A, C, H are defined in the proof of Theorem 1.
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Proof: See Appendix.
An immediate corollary of Theorem 2 is the following.

Corollary 2.1: pdf(ω | E(r), π) is a scale gamma with ‘degrees of 
 freedom’ m + n and scale factor G + λ, where G = (π − E(r))′  
Σ−1 (π − E(r)) + (PE(r) − q)′ Ω−1 (PE(r) − q).

Proof: See Appendix.
The consequence of Corollary 2.1 is that we can now compute

E(ω | E(r), π) = (m + n)(G + λ)

and

Var(ω | E(r), π) = 2(m + n)(G + λ)2

The increase in precision can be computed as

E E E w
m n m

m n

( | ( ), ) ( )
( )( )

( )

ω r π
λ λ
λ

−
= + + −
= + +

     
     

G
G G

It is interesting to note that, although our expected returns now have 
a multivariate t distribution, such a returns distribution is consistent 
with mean-variance analysis and the CAPM. [This is proved in Klein 
and Bawa (1976)]. Thus, our extended analysis leaves us with a mean 
vector and a covariance matrix which, up to a scale factor, are the same 
as before. What we gain is that probability computations will now 
involve the use of the t distribution. This will give the same probabili-
ties as the normal for large m, but for small m will put more weights 
in the tails of our forecast distribution. Thus, we can manipulate this 
feature to give extra diagnostics to capture uncertainties about our 
forecasts.

We do not present numerical calculations for this model, as the 
nature of the prior is too complex to capture the beliefs of a typically 
non-mathematical fund manager. However, in our experience, fund 
managers are able to provide a range of scenarios for expected returns 
and associate probabilities with these scenarios. We shall explore such a 
model next, this being the second ‘extension’ of the BL model referred 
to earlier.
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A5  The prior pdf for E(r) is of the form PE(r) = qi, i = 1,...,m. Each 
( vector value qi has prior probability pi, where pii

m =∑ = 11  P and E(r) 
have the same definition as before.

If we combine A5 with A3, it is straightforward to compute
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Equation (2) gives us an updating rule on the prior probabilities which 
allows us to rescale our pi by value of the likelihood function with 
expected returns evaluated at qi normalised so that the sum of the 
weights is one. Thus, if the equilibrium return p satisfied the π condi-
tion Pπ = qi, ϕi would reach its maximum value. We note that since 
the term in front of the exponential in (1) is common for all ϕi, we can 
simplify pi

�
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Our new weights take a maximum value of 1 and a minimum value 
of 0. Table 2.9 provides an illustration of the calculations based on ten 
scenarios for the EMU example given in the third section. Column one 
shows the assumed outperformance of the strong currency markets 
for each scenario. For simplicity, we have assumed that the manager 
believes each scenario to be equally likely; pi = 0.1. The calculated pos-
terior probabilities pi* show clearly that substantial outperformance is 
much less likely given the historic covariances between these markets. 
In this example, each scenario is associated with only one view. If the 
scenario contained many views, the posterior probability would still 
relate to the entire scenario and not an individual view.

In practical terms, the judgmental fund manager can use the pos-
terior probability pi* as a consistency check of the prior belief associ-
ated with scenario i expressed as probability pi. If the scenario seems 
unlikely when tested against the data using (3) the confidence numbers 
ωii defined in A1 can be revised upwards accordingly. Equation (3) can 
therefore be regarded as a useful adjunct to Theorem 1 by helping the 
rational manager formulate the inputs required in a Bayesian manner. 
As observed by no less an authority than Harry Markowitz, ‘the rational 
investor is a Bayesian’ (Markowitz, 1987: 57, italics in original).

Conclusion

We have presented several examples of Bayesian asset allocation 
 portfolio construction models and showed how they combine judg-
mental and quantitative views. It is our belief that these models are 

Table 2.9 Posterior probabilities

Scenario  
outperformance (%)

Prior  
probability (%)

Posterior  
probability (%)

0.5 10.00 10.07
1.0 10.00 10.06
1.5 10.00 10.05
2.0 10.00 10.04
2.5 10.00 10.02
3.0 10.00 10.00
3.5 10.00 9.98
4.0 10.00 9.96
4.5 10.00 9.93
5.0 10.00 9.90
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potentially of considerable importance in the management of the 
investment process in modern financial institutions where both view-
points are represented. We present an exposition of these models so 
that readers should be able to apply these methods themselves. We also 
present several extensions.

Notes

1. Here we use the acronym ICAPM to mean international CAPM. The standard 
usage for ICAPM is for intertemporal CAPM. Since the international CAPM is 
a particular application of Merton’s intertemporal CAPM, this should cause 
no confusion.

2. This rather loose interpretation can be tightened; see Hiemstra (1997) for 
a construction of a CAPM model based on heterogeneous expectations by 
investors.

3. The tracking error or active risk of a portfolio is conventionally defined as 
the annualised standard deviation of portfolio active return (ie the excess 
return attributable to holding portfolio weights different from the benchmark 
weights).

4. Γ(.) is the gamma function, Γ −( ) exp( )d .n x xn= −∫
∞ 1

0 x
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Appendix

Proof of Theorem 1
Using Bayes’ theorem and Assumptions A1 and A2, we see that

pdf(E
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π
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where k is an appropriate constant.
We next simplify the quadratic term in the exponent.

E(r)′(τΣ)−1E(r) − 2π(τΣ)−1E(r) + π′(τΣ)−1π + E(r)′P′Ω−1PE(r)−2q′Ω−1PE(r) 

 + q′Ω−1q

= E(r)′((τΣ)−1 + P′ΩP)((τΣ)−1 + P′Ω−1P)−1((τΣ)−1 + P′Ω−1P)E(r) − 2(π′(τΣ)−1 

 + q′Ω−1P)((τΣ)−1 + P′Ω−1P)−1((τΣ)−1 + P′Ω−1E(r)) + q′Ω−1q + π′(τΣ)−1π

Let

C = (τΣ)−1π + P′Ω−1q

H = (τΣ)−1 + P′Ω−1P, we note that H is symmetrical so H = H′

A = q′Ω−1q + π′(τΣ)−1π

We can rewrite the exponent as equal to

E(r)′H′H−1HE(r) − 2C′H−1HE(r) + A

  = (HE(r) − C)′H−1(HE(r) − C) + A − C′H−1C

  = (E(r) − H−1C)′H(E(r) − H−1C) + A − C′H−1C

In terms of E(r), terms such as A − C′HC disappear into the constant of integra-
tion. Thus,

 
pdf )( ( ) | ) exp( ( ) ( ( ) ))E E Er r H H r Hπ � − − ′ −− −1

2
1 1C C

 
(A1)

so that E(r) | π has mean = H−1 C (A2)

 = [(τΣ)−1 + P′Ω−1P]−1 [(τΣ)−1π + P′Ω−1q] (A3) 

and Var(r|π) = [(τΣ)−1 + P′Ω−1P]−1 (A4)
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Proof of Theorem 2

First
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From Assumption A3, we can write
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where G = (π − E(r))′Σ−1 (π − E(r)) + (PE(r) − q)′Ω−1(PE(r) − q) 

If we now use Assumption 4 and Equation (A6), we see that
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To compute pdf(E(r) |π), we integrate out w.

Let
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The multivariate t is defined (see Zellner, 1971: 383, B20) for matrices θ(l × 1)  
and V(l × l) and positive constant v as
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If we re-write G + λ in terms of A, C and H as defined in the proof of Theorem 1, 
we see that

G + λ = (E(r) − H−1 C)′H(E(r) − H−1 C) + A − C′H−1 C + λ
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This shows that pdf(E(r) | π) is multivariate t,

θ = H−1 C (as before)

V
C H C

H=
+ − ′

= =
m

l n v m.
λ A −1 , and  

Proof of Corollary 2.1
Factorising pdf(E(r),w | π) = pdf(w | E(r), π)pdf(E(r) | π) gives us
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using Equations (A6) and (A7). 
Simplifying,

 

pdf( )

/ /

w E
k

w
w

m

m n m n

| ( ),
exp ( ) ( ) ( )

r
G

π
λ

=
′′ − +

⎛
⎝
⎜⎜⎜

⎞
⎠
⎟⎟⎟

+ − +

2
2 1 2G

Γ
++⎛

⎝
⎜⎜⎜

⎞
⎠
⎟⎟⎟

n
2

 (A12)



54

3
Tracking Error: Ex Ante Versus 
Ex Post Measures
Stephen E. Satchell*
is a Fellow in Trinity College and a Reader in Financial Econometrics in the Faculty 
of Economics and Politics, Cambridge University, UK. He has PhDs from the London 
School of Economics and Politics and Cambridge University. His interests include 
finance, econometrics, decision theory and forecasting.

Soosung Hwang
is a Lecturer in Finance in the Faculty of Finance, City University Business School, 
London, and an Honorary Research Associate of the Department of Applied 
Economics, Cambridge University. He received his PhD from the Cambridge 
University. His research interests include finance, financial econometrics and  
behavioural finance.

*Faculty of Economics and Politics, Austin Robinson Building, Sidgwick Avenue, 
Cambridge CB3 9DD, UK. Tel: +44 (0)1223 335213; Fax: +44 (0)1223 335475

Introduction

Portfolio performance is usually evaluated against a prespecified bench-
mark portfolio. One most frequently used measure is tracking error (TE), 
sometimes defined as differences between portfolio returns and the 
benchmark portfolio returns. TE is simple and easy to calculate as well 
as a powerful tool in structuring and managing index funds. Two com-
mon sources of tracking errors come from the attempts to outperform 
the benchmark and the passive portfolio replication of the benchmark 
by a sampled portfolio.

In the analysis of TE, outperforming the benchmark is equivalent to 
having a positive expected TE; we call the mean TE ‘expected relative 
return’ in this study. The risk related to TE is measured by the volatil-
ity of the difference between managed portfolio returns and bench-
mark returns. The volatility is called TE throughout our study.1 Thus, 

Reprinted from ‘Tracking error: Ex ante versus ex post measures’ by Stephen E. 
Satchell and Soosung Hwang in Journal of Asset Management, 2, 2001, pp. 241–246,  
DOI:10.1057/palgrave.jam.2240049. With kind permission from Palgrave 
Macmillan Ltd. All rights reserved.
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minimising TE as well as maximising expected relative return is a sen-
sible goal for investors.

Most studies on TE have concentrated on how to minimise TE, or how 
to maximise expected relative return for a given TE; see Larsen and Resnick 
(1998) and Baierl and Chen (2000). Roll (1992) derived an efficient port-
folio in ‘TE – expected relative return’ space and showed that a Markowitz 
efficient frontier dominates the efficient frontier derived with TE.

Pope and Yadav (1994), on the other hand, showed that serial cor-
relation of the returns differences between an index fund portfolio and 
the underlying benchmark portfolio results in a biased estimate of TE. 
For example, the annual TE calculated with the daily TE will not be a 
good estimate of the true annual TE in the presence of serial correlation.

In this paper, we suggest a different source of bias in the TE, which arises 
from the stochastic nature of portfolio weights. We compare two measures 
of TE, ex ante and ex post, and show that the bias comes from the uncon-
ditionally stochastic nature of portfolio weights. That is, since portfolio 
weights are themselves random variables, there is additional variation ex 
post not accounted for ex ante. Therefore, the bias can only be found in 
active portfolios. We show, however, that it will be also found in passive 
portfolios whose portfolio weights are not stochastic due to rebalancings.

We use two different measures for TE: one is the variance (standard 
deviation) of the returns difference between the portfolio and the 
benchmark portfolio, and the other is the mean absolute deviations 
(MAD) of them. TE measured with standard deviation (variance) will be 
denoted as TESD (for variance, TE2

SD), while TE measured with the MAD 
will be represented as TEMAD. We show that when the difference between 
portfolio weights and the benchmark portfolio weights is stochastic, 
ex ante TESD (TE2

SD) is on average downward biased. The results in this 
study imply that the realised TESD is typically larger than the planned 
TESD. On the other hand, we cannot conclude whether ex ante TEMAD 

is downward or upward biased in the presence of stochastic difference 
between portfolio weights and the benchmark portfolio weights.

For asset management firms who try to maximise expected rela-
tive return and minimise TESD, our study can provide solace for these 
firms whose ex post TESD becomes larger than the ex ante TESD the firms 
explained to their clients. Our results also suggest that if an investment 
technology firm presents models which claim to use ex ante TESD to fore-
cast ex post TESD accurately, one of the following two explanations may 
be true; the firm has included either a fudge factor or some rather sophis-
ticated analysis based on the nature of the strategy that the fund will 
follow over the holding period. The latter method includes very  difficult 
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problems, however, and we feel that the former is more likely. Of course 
there is nothing wrong with ‘fudge’ factors if they deliver the right 
answer, but typically clients would like to be told how the fudge operates.

This paper is organised as follows. In the next section, we first present 
definitions of TE, and then in the third section we show that when 
portfolio weights are stochastic, ex ante TESD is downward biased. The 
Conclusion follows.

Definitions of TE

We introduce two different measures of TE to investigate ex ante and  
ex post differences in these measures. The first measure for TE is simply the 
standard deviation (or variance) of difference between portfolio returns 
and the benchmark portfolio returns, ie TESD. Roll (1992) analysed the 
relationship between the expected relative return and TESD, and showed 
that the locus of minimum TESD portfolios for given expected relative 
return is located on the right of the global efficient frontier, unless the 
benchmark happens to be MV efficient. Thus, if the benchmark is global 
inefficient, the minimum TESD portfolios will be inefficient.

Formally, let rt be a vector of rates of return at time t with mean vector θ  
and covariance matrix Ω. Let the active portfolio weights at time t be 
the vector at and the benchmark weights be the vector bt. Then
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It is well understood that the portfolio weights, wt, which is assumed 
to be non-stochastic ex ante, will be stochastic ex post. Since ex post TE is 
computing TE from the actual portfolio returns, rpt, where rpt = w′t−1rt, 
then a time series calculation of TE would involve, over a period from  
t = 1, . . . , T, the terms, rp1, rp2, . . ., rpT, or w′0r1, w′1r2 , . . ., w′T−1rT. 
Conclusions about forecast failure arise from comparisons of ex ante TE 
given by (1) versus the ex post T̂ESD given by
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Consider a fixed strategy such that at t = 0, we fix the weights w0. For 
randomness in w0 not to enter into the calculation, we would require 
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that wt–1 would be rebased/rebalanced back to w0 within the time  
period from t – 1 to t, and this would need to happen for all periods  
from t = 0 to t = T – 1.

Barring the above case, all common strategies including passive 
strategies such as buy and hold, or ‘semi-active’ ones such as quarterly 
rebalancing, tilting, etc., will involve wt being stochastic. The same will 
apply (obviously) to cap-weighted strategies.

Another definition of TE we use in this study is MAD of differ-
ence between portfolio returns and the benchmark portfolio returns,  
ie TEMAD. Rudolf et al. (1999) argued that the quadratic form of TE2

SD is 
difficult to interpret, and that ‘portfolio managers typically think in 
terms of linear and not quadratic deviation from a benchmark’. TEMAD 

is defined as
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Rudolf et al. (1999), after comparing (2), (3), and some of their vari-
ants, argued that if performance fees of fund managers are linear, TEMAD 
describes investors’ risk attitudes better than squared deviation. Most 
commercial packages, however, use TESD in (2) rather than TEMAD.

In this study, our main concern is to investigate the effects of the 
stochastic nature of portfolio weights on the relationship between  
ex ante and ex post TESD defined in (2). As in Rudolf et al. (1999), how-
ever, if the performance fees of fund managers have a linear relationship 
with TEMAD, it is also interesting to investigate the case.

Active management and bias in tracking error

It is our contention that the underestimation of TE comes from all port-
folio construction, not just active management. In the conventional 
calculation, weights, wt, are fixed at time t and portfolio return rpt+1 can 
be written as

r t t tp      + +=1 1w r′

so
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where Ω is the conditional (or unconditional) covariance matrix of 
rt+1, wt being treated as fixed and E(rt+1) = μ again being interpreted 
 conditionally or unconditionally.

Let e be a vector of ones, ie., e = (1 1 . . . 1)′. Then, if we compute 
variances, we need e′wt = 1. If we compute TE, however, then we have 
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e′wt = 0. Note that using the notation in Equation (1), we can write  
wt = at − bt. Otherwise the problems are the same.

We first propose Theorem 1 for the relationship between ex post and 
ex ante TE2

SD.

Theorem 1

If wt that satisfies e′wt = 0 is stochastic, ie wt = μwvt, where vt ~ (0, Ωw), 
then the ex post variance of the difference between portfolio returns and 
benchmark portfolio returns, T̂E2

SD, can be decomposed as follows;

 T̂E2
SD = μ′ Ωwμ + tr(ΩΩw) + μ′w Ωw (5)

Proof. Since (4) is the population mean of the ex post T̂E2
SD given by (2),
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Note that the term tr(ΩΩw) is positive since it can be interpreted as 
the expectation of v′t Ωwvt, which expectation will be positive with 
 probability 1. In addition, the positivity of μ′Ωwμ follows from the posi-
tive definiteness of Ωw. Since all three terms in the above equation are 
non-negative, the variance of the portfolio is higher than the portfolio 
variance taken at the average portfolio weight μ′w Ωμw.

Remark 1. In the case of non-stochastic weights and wt = μw,Ωw = 0, and 
var(rpt+1) = μ′w Ωμw. This result corresponds to the ex post tracking error with 
fixed weights.

Remark 2. It also follows that, since e′wt = 0 for all t, e′μw = 0 and  
e′Ωwe = 0. Thus if there is little variation in μ so that μ is nearly col-
linear with e, the term μ′Ωwμ should be very nearly zero. Thus, if there is 
little (cross-sectional) variability in μ over the period that the fund is being 
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measured, we would expect most of the bias from μ′wΩμw. Lawton-Browne 
(2000) establishes that μ′Ωwμ is very small in the cases she examines.

This result establishes that calculations based on treating portfolio 
weights as fixed will, on average, underestimate the ex post tracking 
error over a historical period if the weights are not kept fixed. So if we 
take a particular fund, compute its monthly rate of return, rpt, and then 
calculate the tracking error/variance over a period T(t = 1, T), where 
the weights have not been rebalanced monthly prior to reporting the 
returns, we should expect underestimation of the actual tracking error.

Having identified the disease, finding the cure seems to be rather 
hard. If, over the period being analysed, we store the weights  
(wt, t = 1, . . ., T), we can estimate μw and Ωw, μ̂  

w = =Σt
T

t T  1w /  and 
ˆ /  ˆ ˆ .  Ω μ μw t

T
t t w wT= −=1 1Σ w w′ ′  Armed with these estimates, we can get a 

much more accurate measure of TESD but the analysis is ex post. Ex ante 
analysis would require assessing the type of strategy the manager wishes 
to indulge in and converting these strategies into parameter estimates so 
that we might expect quarterly rebalancing to result in errors of a certain 
magnitude, for example. Such strategy-based estimates could be calculated 
and would be a useful research contribution.

More simple-minded solutions are already in existence. Planned 
Sponsors often require that managers limit their turnover or specific 
exposures. Although these requirements are usually motivated by 
considerations of transaction costs or concerns of risk/bankruptcies of 
specific companies, they can also be interpreted as pragmatic ways of 
reducing Ωw.

In the above, it might be thought that randomness in the weights 
might move them so as to reduce the tracking error. In tracking error 
problems, e′wt = 0, and so there may be stochastic realisations of wt 
that make all the weights zero, in which case the tracking error is of 
course reduced to zero. In the above calculations, it is assumed that 
prob(wjt = 0, j = 1, n) is zero. That is, mathematically, we exclude the 
possibility that wt is the zero vector. In practical terms, we assume that 
you will not hold the benchmark in any period.

If the benchmark is cap-weighted, as most are, then over the holding 
period, its weights will change. Even if the fund being measured just 
does buy and hold or quarterly rebalancing, there will be a random 
pattern in the overall weights because the cap-weight of the benchmark 
changes over time.

This is recognised by Gardner et al. (2000: Section 3.1), who dis-
tinguish between experienced versus prospective tracking errors. The 



60 Stephen E. Satchell and Soosung Hwang

former is based on the returns of the portfolio versus returns of the 
benchmark taken over the holding period. The latter takes initial 
weights, wt, and computes, ex ante, an estimate of Ω, then the ex ante 
TE2

SD is wt′Ωwt.
We cannot apply the same argument as in Theorem 1 to the relation-

ship between ex post and ex ante TEMADs. For the MAD case, we propose 
Theorem 2.

Theorem 2

If wt that satisfies e′wt = 0 is stochastic, ie wt = μw + vt, where vt ~ (0, Ωw), 

then the ex post mean absolute deviations of the difference between portfolio 
returns and benchmark portfolio returns, T̂EMAD, can be shown as
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Proof. Using the law of iterated expectations, we have
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Note that |μ′wμ| can be interpreted as the ex ante TEMAD. If the weight, 
wt, is not stochastic, then wt = μw and T̂EMAD = |μ′wμ|. That is, ex post 
and ex ante TEMADs are the same. In addition, we have the following two 
remarks for TEMAD.

Remark 3. It follows that if rt is not correlated with vt, then for many stocks 
the term E(|v′trt|) may be very close to zero. Thus, in this case, we can obtain 
T̂EMAD ≤ |μ′wμ|.

Remark 4. If E(|v′trt|) is not negligible, we cannot decide whether ex post 
TEMAD is larger than ex ante TEMAD; that is, T̂EMAD � |μ′wμ|.

Remarks 3 and 4 show that we are unable to prove results similar to 
Theorem 1. In fact, Remark 3 suggests that ex post TEMAD may be smaller 
than ex ante TEMAD when E(|v′trt|) is close to zero.

As in the case of TESD, the magnitude of the components in (7) are not 
known, and thus we cannot conclude whether calculations with fixed 
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portfolio weights underestimate the ex post tracking error over a histori-
cal period if the weights are stochastic.

Conclusions

We have observed cases when TE becomes influential in the investment 
management market. For example, sponsors of defined benefit plans 
increasingly pay attention to ‘risk budgeting’ that represents allocating 
TE across managers of different asset classes; see Gupta et al. (1999). 
Another example is that, last year, Barclays Global Investors Ltd agreed to 
return back a portion of its management fee to plan sponsor J. Sainsbury 
PLC Pension Scheme, if the firm exceeded its agreed TE limits.2

If TE is used to measure the performance of active funds as in the 
cases above, the bias we find in this study should be considered. That 
is, fund managers should allow bias when they begin to make portfolio 
strategy; the planned TE should be less than the target TE because of 
the bias.

Unfortunately, the magnitude of the TE bias is not known to the 
authors. In this issue, Lawton-Browne (2001) presents results which sug-
gest that it will more or less double ex ante TE measured on an annual 
basis. Other calculations the authors have seen with different packages 
produce much less bias. Thus there appears to be some variation in dif-
ferent investment technologies bias production. In cases where there 
appears to be evidence of bias-correction, however, no methodology of 
bias-correction is explained.

Notes

1. Tracking error is defined in different ways in different studies. For example, 
Pope and Yadav (1994), Lee (1998) and Rudolf et al. (1999) defined tracking 
error as the variance (standard deviation) of the difference between portfolio 
returns and benchmark returns. On the other hand, Clarke et al. (1994) and 
Roll (1992) defined tracking error as the difference between portfolio returns 
and the benchmark portfolio returns. In this study, we follow the definition 
of the former, since it is widely accepted by practitioners.

2. Pension & Investments, 28(8), 18, 17th April, 2000.
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Introduction

Despite the vast growth and increased economic importance of the 
fund-management industry, few studies have considered the effect of 
incentives and fee structures on fund behaviour. Further, those studies 
that have been produced have almost exclusively focused on the invest-
ment behaviour of US mutual funds, predominantly those invested in 
US equities.1 Investment performance by institutions outside the US 
has been much less intensively researched. This omission is important, 
since differences in institutional and legal frameworks and, indeed, dif-
ferent investment cultures and fund manager compensation schemes 
might help to shed additional light on the incentive effects operating 
in this industry.

The few studies that consider fund-manager behaviour show 
the importance of incentive effects. In careful empirical studies of the 
incentives facing US mutual fund managers, Chevalier and Ellison 
(1997) and Sirri and Tufano (1998) document a non-linear relationship 
between fund inflows and past relative performance. This relation-
ship, which is particularly strong for young funds, provides different 
incentives for funds to assume idiosyncratic risk, depending on their 
past relative performance. Likewise, Brown et al. (1996) find that funds 
experiencing underperformance during the first half of an assessment 
period (usually a calendar year) have an incentive to load on additional 
idiosyncratic risk, while outperforming funds tend to ‘lock-in’ their 
position and off-load risk, although this finding has recently been ques-
tioned by Busse (2001).

A closely related literature, eg Trueman (1994) and Zwiebel (1995), 
considers the effect of reputation on herding behaviour. Zwiebel shows 
that, when managers care about their reputation and there is asymmet-
ric information about their ability, managers may abstain from risky 
investments that could lead to a deterioration in their measured relative 
performance. Empirical studies such as Chevalier and Ellison (1999) and 
Hong et al. (2000) find that reputation effects can explain the unwilling-
ness of security analysts and mutual fund managers to deviate from the 
median agent’s decision.

This paper contributes to this literature by examining the effect  of 
incentives and fee structures on the cross-sectional distribution of invest-
ment performance for a large sample of UK occupational pension funds 
over the period 1986–94.2 The data were provided by The WM Company 
(a key performance measurement service in the UK). As in the US, UK 
pension-fund managers typically underperform external benchmarks 
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that represent feasible passive investment vehicles. Yet there are some 
striking differences between the fund management industries in the 
two countries. UK pension funds face a smaller set of constraints than 
their US counterparts do. The industry is much more highly concen-
trated in the UK than in the US, turnover in fund managers is much 
lower, balanced fund management dominates, there is a smaller range 
of alternative investment styles, and relative performance evaluation at  
both the individual fund-manager and fund-management-house (FMH) 
levels has a more significant impact on investment strategies and 
 outcomes.3 Since we have data on peer-group benchmarks, the empirical 
importance of relative performance evaluation can be assessed directly. 
Remarkably little cross-sectional variation is found in the average total 
or asset class returns, however adjusted for risk, of the funds in our 
sample; in the case of equities, the cross-sectional variation in the UK 
is only about half that of US pension fund managers. Only fund size 
can account for a non-trivial fraction of this distribution and then only 
in the case of UK equities. Furthermore, the distributions across asset 
classes are centred very close to (and slightly below in the case of key 
asset classes) the corresponding market indices: the underperformance 
of UK pension fund managers appears to be lower than that of their US 
counterparts.

Fee structures appear to provide a strong disincentive to undertake 
active management. UK pension fund managers are set the objective of 
adding value but their fees are generally related to year-end asset val-
ues, not directly to performance. Genuine ex ante ability that translates 
into superior ex post performance increases assets under management 
and, thus, the base on which the management fee is calculated. This 
incentive, however, is not particularly strong, and active management 
subjects the manager to non-trivial risks. The incentive is weak because 
the prospective fee increase is second order, being the product of the 
ex post return from active management and the management fee, and 
thus around two full orders of magnitude smaller than the base fee 
itself. Moreover, the ex post return from active management of a truly 
superior fund manager will often be negative and occasionally large as 
well, resulting in poor performance relative to managers who eschewed 
active management irrespective of their ability. The probability of rela-
tive underperformance large enough to lose the investment mandate 
is likely to be at least an order of magnitude larger than the propor-
tional management fee. Hence, the potential consequences of under-
performance (failure to renew the mandate) arising from poor luck 
outweighs the prospective benefits from active management (a slightly 
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bigger fee) for all but the most certain security selection or market tim-
ing opportunities.

The structure of the paper is as follows. The third section investi-
gates the cross-sectional variation in the performance of UK pension 
funds.  The performance conditional on fund characteristics, such as 
size and past performance, is investigated in the fourth section, and the 
fifth section concludes. The next section begins with a brief review of 
incentives in the UK pension-fund industry.

Incentives and fee structures in the UK pension 
fund industry

Certain institutional features of the UK pension fund industry affect 
managerial incentives in important ways. First, UK pension fund man-
agers face perhaps the smallest set of externally imposed restrictions 
on their investment behaviour of any group of institutional investors 
anywhere in the world. During the sample period, the funds being man-
aged were, by and large, unconstrained by their liabilities: UK pension 
funds were running large actuarial surpluses until almost the end. The 
fund managers are also largely unconstrained in their investment decisions 
by trustee sponsors who do not interfere in day-to-day operations.4 They 
are unconstrained in their choice of investments: unlike many of their 
counterparts in continental Europe and elsewhere, they are free to 
invest in almost any class of asset, in any currency denomination and 
in any amount (although there are statutory limits on self-investment 
in the sponsoring company and, on grounds of prudence, fund man-
agers would limit the extent of currency mismatch of assets against 
sterling-denominated liabilities). Unlike their US counterparts, UK 
pension fund managers faced no substantive regulatory controls or real 
threat of litigation against imprudent investment behaviour during the 
sample period (Del Guercio, 1996). These differing sets of restrictions 
are reflected in different asset allocations: UK pension funds hold a far 
larger portfolio weight in equities and a lower weight in bonds than 
do their US or continental European counterparts. The great attrac-
tion, therefore, of the WM data set is that, in principle, it enables us to 
identify the genuine investment skills of a group of fund managers in a 
way that is not possible with other data sets on investment performance 
generated under more restrictive conditions.

This investment freedom is moderated somewhat by the second insti-
tutional feature, namely the high degree of concentration in the UK 
fund management industry. Over the sample period, the top five FMHs5 
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accounted for 80 per cent of total assets under management (Lambert, 
1998). This results in the asset allocations of a large number of pension 
funds being influenced by a small number of ‘house views’ on key eco-
nomic and market conditions. In contrast, the US fund-management 
industry is considerably less heavily concentrated, with the top five 
FMHs accounting for just 14 per cent of total assets in 1990 (Lakonishok 
et al., 1992a: Table 12).

One interesting feature of pension fund management in the UK 
was that there is rarely a change of FMH, even if there is sometimes a 
change of mandate (eg requiring a change of benchmark): The average 
length of a pension fund investment mandate in the UK was 7.25 years 
over the sample period (Prosser, 1995). This is partly because of the 
expenses associated with a shift in management. But it is also partly 
because of reputation. As Kay et al. (1994) observe, there are two com-
ponents to this. The first is trust, that is, confidence in the honesty and 
integrity of the manager, and the largest FMHs have the most secure 
reputations in this field. The second is good investment performance 
which is based on a consistent ‘track record’. According to Kay et al. 
(1994) the largest FMHs use their track records to retain existing clients 
or to attract new clients, rather than to extract higher charges. In addi-
tion, UK pension fund trustees tend to place a high value on the service 
provided by the fund manager. Good service and a good personal rela-
tionship between the fund manager and the trustees can compensate 
for periods of poor investment performance and so also help to retain 
the mandate. Indeed, one fund manager informed us that fund man-
agers do not get fired for past bad performance, but rather for lack of 
confidence in future performance that might be signalled, for example, 
by major changes in personnel or systems, or because major clients 
begin to leave.

This leads directly to the third institutional feature: the long-term 
survival of fund managers is determined by their relative performance 
against their peer group rather than by their absolute performance. 
Even if all fund managers performed badly in a particular year, manag-
ers who appear in the upper quartile would still be regarded as relatively 
good. No potential new managers will be invited to join the ‘beauty 
contest’ for a mandate renewal unless they have enjoyed a good relative 
performance record over the previous three years. Similarly, managers 
with persistent poor relative performance will eventually lose their 
mandates. This has been clearly demonstrated in recent years as the per-
sistent underperformance of some of the larger active FMHs has resulted 
in major clients switching to index fund managers.6
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Finally, most UK pension fund managers earn fees related solely to 
the value of assets under management, and not to their relative perfor-
mance against either a predetermined benchmark or their peer group 
(ie there is typically no specific penalty for underperforming and no 
specific reward for outperforming an explicit benchmark). In the case 
of balanced management, the fee is proportional to the value of the 
fund and therefore rises as the fund manager adds value. Specialist 
mandates, however, tend to be more directly performance related 
than balanced mandates. The fee in this case involves a value-related 
component which is designed to cover the fund manager’s costs plus 
a component that is related to the fund’s outperformance of a prespeci-
fied benchmark.

To get some notion of the size of the fees charged by UK pension 
fund managers, the fee structures of three major UK fund managers 
were obtained. Merrill Lynch Investment Management’s7 management 
fees for balanced, segregated funds were as follows (reported in Kay 
et al., 1994): for funds up to £50m in value, 0.75 per cent on the first 
£1m, 0.5 per cent on the next £4m, 0.3 per cent on the next £5m and 
0.15 per cent on the next £40m; for funds between £50m and £100m, 
0.175 per cent on the first £50m and 0.15 per cent on the next £50m; 
for funds between £100m and £200m, 0.15 per cent; for funds greater 
than £200m, negotiable. Gartmore’s management fees were as follows: 
0.5 per cent on the first £25m, 0.3 per cent on the next £50m, 0.2 per 
cent thereafter, and the fee was negotiable above £150m. The fees of 
another large fund management group (which asked not to be iden-
tified) were: 0.5 per cent on the first £20m, 0.3 per cent on the next 
£30m, 0.25 per cent on the next £50m and 0.175 per cent thereafter. So, 
although the marginal fee is falling, the total fee is weakly performance 
related because it increases with the value of the fund (in practice, the 
fee is paid quarterly, depending on the value of the fund at the end of  
each quarter). Comparable figures for the US reported in Lakonishok 
et al. (1992a: 371) are 0.6 per cent for a $25m account (with an inter-
quartile range of 0.52–0.70 per cent) and 0.53 per cent for a $50m 
account (with an interquartile range of 0.43–0.56 per cent). Larger funds 
can, of course, negotiate lower fees (Halpern and Fowler, 1991).

UK pension fund managers therefore face the following incentives:

1. They have an incentive to add value, and they are largely uncon-
strained in the way in which they do this. The strategic asset alloca-
tion is set by the trustees (on the advice of investment or actuarial 
consultants); however, there are tolerance limits around the SAA, 
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which can in most cases be renegotiated, so that these limits are flex-
ible and effectively non-enforced.

2. In the short term (during the course of the current mandate), their 
fee is directly related to the fund value they achieve and not to either 
their value added or their relative performance against either a pre-
determined benchmark or their peer group.

3. They have to bear in mind that it is their relative performance against 
their peer group rather than their absolute performance that deter-
mines their long-term survival in the industry.8

The unconstrained way in which UK pension funds are permitted to add 
value under (1) might induce different fund managers to pursue very 
different investment strategies, and this might, in turn, lead to a wide 
dispersion in investment performance. In contrast, the weak incentive 
to add value under (2) and strong incentives under (3) to avoid relative 
underperformance might cause fund managers to pursue very similar 
investment strategies (behaviour known as ‘herding’), which can result 
in a narrow distribution of investment performance. The following sec-
tions attempt to identify which effect dominates.

The performance of UK pension funds

The data from WM consist of monthly observations on the returns of 
306 UK pension funds in eight asset categories9 covering the period 
1986–94. The returns are net of the bid-offer spread, but before manage-
ment fees are taken into account. The sample is complete in the sense 
that it contains all the funds with no missing data that maintained the 
same single, externally appointed FMH throughout the period. The 
total returns on the portfolios as well as the separate returns within 
the eight asset classes are examined. As benchmarks for evaluating 
performance, WM uses both external, independently calculated indices 
(eg the Financial Times Actuaries (FTA) All-Share Index for UK equities), 
as well as WM universe indices based on value-weighted portfolios of 
the population of funds tracked by WM.10 The latter peer-group indices 
are commonly used by the industry to assess funds’ medium- to long-
term relative performance.

To the authors’ knowledge, this is the first study to consider herd-
ing in the context of a multi-asset portfolio. Data are included on the 
value of asset holdings as well as returns, in contrast with some earlier 
studies of US pension funds, where only returns data were available 
(Christopherson, et al., 1998a, b). Having access to this type of data 
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could make a big difference to the empirical results. For example, 
Lakonishok et al. (1992b) find only weak evidence of herding effects 
and mainly so for small firm stocks. Commenting on this, Zwiebel 
(1995: 2) notes that ‘herding is more likely over broader investment 
categories (stocks, bonds, real estate, foreign investments, etc.) than 
over individual stocks. Lakonishok et al. do not test for such broad-
based herding.’

Another virtue of the UK study concerns the nature of the bench-
marks used to correct for systematic risk. Benchmark inefficiency is 
a central theme of both the theoretical and empirical literatures on 
performance evaluation, because of the difficulty in distinguishing 
benchmark inefficiency from abnormal performance. As an empirical 
matter, Lehmann and Modest (1987), Grinblatt and Titman (1989) and 
Elton et al. (1993) have found that measured US equity mutual fund per-
formance can depend critically on the benchmark used in the analysis. 
Elton et al. (1993) and Ferson and Schadt (1996) highlight some of the 
misspecification problems associated with performance measurement 
that arise when the funds under consideration hold assets, such as inter-
national equities and bonds, that are excluded from the benchmark 
index.11 The present data set permit some of these issues to be dealt 
with. Since the structure of the asset allocations of the included pension 
funds is known, benchmarks that do not suffer from defects of asset 
coverage can be used. That is, asset-class returns can be compared with 
suitable asset-class benchmarks in both unconditional and conditional 
single-index models and with appropriate multiple-index benchmarks 
that represent all of the different asset categories actually held by the 
pension funds.

Table 4.1 presents some regularities in average fund performance. 
Panel A provides key fractiles and the minimum and maximum of the 
cross-sectional distribution of average total returns on the seven most 
important asset classes as well as on the total portfolio. The interquartile 
range runs from 11.47 per cent to 12.59 per cent per year and less than 
300 basis points separate the funds in the 5th and 95th percentiles. 
Certainly there is somewhat greater cross-sectional variability in par-
ticular asset classes. For example, the interquartile range for UK equity 
returns is of the order of 150 basis points and the corresponding 5th–
95th percentile range is 400 basis points. The corresponding ranges are 
larger for international equity returns, with an interquartile range of 
more than 200 basis points and a 5th–95th percentile range of 450 basis 
points.
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Table 4.1 Fractiles of UK pension fund total and risk-adjusted returns by asset 
class, 1986−94 (average annual percentages)

UK 
equities

Intl. 
equities

UK 
bonds

Intl. 
bonds

UK 
Index 
bonds

Cash/ 
other 
inv.

UK 
property

Total

A. Total returns
Minimum 8.59 4.42 6.59 −0.64 5.59 2.67 3.05 7.22
5% 11.43 8.59 9.44 2.18 7.20 5.46 5.07 10.60

10% 11.85 9.03 9.95 7.56 7.81 7.60 6.58 10.96
25% 12.44 9.64 10.43 8.30 7.91 8.97 8.03 11.47
50% 13.13 10.65 10.79 11.37 8.22 10.25 8.75 12.06
75% 13.93 11.76 11.22 13.37 8.45 11.72 9.99 12.59
90% 14.81 12.52 11.70 14.55 8.80 14.20 10.84 13.13
95% 15.46 13.14 12.05 18.15 8.89 16.13 11.36 13.39
Maximum 17.39 14.68 17.23 26.34 10.07 19.73 13.53 15.03

B. Risk-adjusted returns: Equation (1)
Minimum −4.59 −6.19 −3.59 −10.08 −2.49 −7.60 −6.72 −4.98
5% −1.90 −2.17 −0.92 −6.74 −0.95 −4.53 −3.69 −1.77

10% −1.49 −1.69 −0.42 −1.89 −0.65 −2.76 −2.57 −1.36
25% −0.85 −0.96 0.07 −1.11 −0.16 −0.97 −0.90 −0.79
50% −0.15 −0.06 0.44 1.76 0.09 0.31 −0.21 −0.14
75% 0.70 1.07 0.87 4.38 0.28 2.13 0.94 0.39
90% 1.49 1.83 1.34 5.48 0.70 4.68 1.79 0.89
95% 2.14 2.36 1.72 8.36 0.75 10.02 2.31 1.22
Maximum 4.68 4.06 6.89 16.67 1.77 12.67 4.33 3.09

Notes: (i) Panel A shows the fractiles of the cross-sectional distribution of raw returns on 
individual asset classes as well as on the total portfolios of UK pension funds.
(ii) Panel B shows the fractiles of the cross-sectional distribution of estimates of intercept 
terms from single-factor Jensen regressions of excess returns within a particular asset class 
on the excess return on the external benchmark for that asset class.

This comparatively narrow range of cross-sectional variability sug-
gests that any differences in performance ability across the funds in this 
sample should show up conditionally, since an unconditional distribu-
tion with low variability can conceal highly variable distributions once 
non-trivial conditioning information is taken into account. Panel  B 
of Table 4.1 shows, however, that the requisite variability does not 
emerge from simple risk-adjustment procedures such as basic Jensen 
regressions:

 rijt − rft = αijt + βijt(rmjt − rft) + εijt (1)



72 David Blake, Bruce N. Lehmann and Allan Timmermann

where rijt is the return on the ith fund’s jth asset class in period t, rft 
is the return on a one-month T-bill, and rmjt is the return on the jth 
external index in period t. In this panel, the Jensen αijt and βijt are time 
invariant. As is readily apparent, the shape of the cross-sectional distri-
bution of the alphas is virtually identical to that of raw average returns 
across funds in each asset class and for the aggregate portfolio. For all 
asset classes with portfolio weights exceeding 5 per cent and for the 
overall portfolio, the interquartile ranges of the sample Jensen alphas 
are within about five percentage points of those of the corresponding 
average returns.

Furthermore, the performance of the median fund manager is very 
close to that of the external index (just 15 and 14 basis points, respec-
tively, below in the case of the equity and total portfolios). This suggests 
not only that the sample of fund managers clustered around the median 
fund manager, but also that the median fund manager, despite both 
claiming to be and paid to be an active fund manager, behaves like a 
closet index matcher. The degree of underperformance by pension fund 
managers is much greater in the US, 130 basis points in the case of US 
equities according to Lakonishok et al. (1992a: 348).12,13

In general, relative ranking would not be expected to change much 
whether ranked on the basis of average returns, mean-adjusted returns 
or on conventional Jensen alphas. Consequently, any diligent search 
for abnormal performance in these funds must consider alternative risk-
adjustment procedures. The next subsection provides a detailed exami-
nation of the domestic equity portfolios of the funds using Jensen-style 
regressions that permit time-varying alphas and betas. This focus on the 
equity component facilitates comparison with the existing academic lit-
erature which mainly covers equity mutual funds. In addition, domestic 
equities is the most important asset class, accounting for more than 
half of the aggregate pension fund portfolio and for an even greater 
fraction of its performance. The subsequent subsection reports ex post 
performance measures from basic Jensen regressions for the other asset 
categories and from a multiple-index Jensen regression for the total 
portfolio on the grounds that this is likely to be more appropriate for 
the aggregate portfolio.

UK equity performance against single-index benchmarks

UK equity fund performance is investigated using five versions of 
Equation (1). The first is the original Jensen regression with time-
invariant alphas and betas, which provides performance measures 
conditional only on differences in unconditional betas. The second 
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follows Ferson and Schadt (1996) by permitting betas to vary over time, 
allowing for predictable variation in risk exposures and, implicitly, 
in benchmark returns, on the grounds that managers should not be 
credited for performance based on changing portfolio weights in the 
light of costless public information.14 The third allows for predictable 
variation in alphas as well, as in Christopherson et al. (1998a).15 The 
fourth adds the monthly returns on the Hoare-Govett small-cap index 
to the unconditional Jensen regression, since the value-weighted nature 
of the UK equity index might bias the alphas. Finally, following Treynor 
and Mazuy (1966), the squared excess benchmark return was added to 
the unconditional Jensen regression, since all the above procedures 
are suspect if managers possess market timing ability. If managers do 
possess market timing ability, they should earn positive excess returns 
when benchmark returns are large in absolute value, while selection 
skills should show up as positive alphas in the absence of benchmark 
error under plausible assumptions.16

The behaviour of the Jensen alphas from these models should differ 
depending on the nature of the underlying economic environment 
and the hypothesised market timing ability of managers. If the invest-
ment opportunity set is unchanging (that is, if benchmark returns 
and their first few moments are time-invariant) and managers have 
no market timing ability, all models using the same benchmark will 
produce alphas and betas with the same expected values. In particular, 
the cross-sectional distribution of the alphas should be identical across 
models, holding the benchmark constant. The interpretation is more 
problematic if the investment opportunity set is time varying (that is, if 
the mean, volatility, and, perhaps, higher moments of the benchmark 
returns exhibit predictable variation). The Jensen alphas and betas will 
be biased estimates of their unconditional means in this case if fund 
betas move with the relevant conditional moments of the benchmark 
return, even if managers possess no market timing ability. Hence, con-
ditioning on public information, as in the second and third models 
and on the squared excess market return as in the fifth model, can 
materially alter the distribution of the alphas to the extent that betas 
are negatively correlated with population alphas. Finally, conditioning 
on public information might eliminate some of the cross-sectional vari-
ation in measured alphas to the extent that fund betas are correlated 
with conditional market risk premiums and volatilities.

Table 4.2 reports a number of summary statistics describing the cross-
sectional distribution of the alphas from these models. Key fractiles of 
their distribution are provided as well as their maximum and minimum 
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values and their associated Bonferroni probability values (p values).17 

Also presented are the mean alphas and associated t statistics.18

Several regularities emerge from these models. With the exception 
of the last column of Table 4.2, average performance is economically 
and statistically negligible, the largest alpha estimate (that for the 
Christopherson–Ferson–Glassman model) being only 33 basis points 
annualised. Similarly, the fraction of funds with positive alphas is less 
than 50 per cent for all models, again apart from the Christopherson–
Ferson–Glassman model, for which 58 per cent of the estimates were 
positive, with just 8 per cent of these significant at the 5 per cent level. 
In addition, the most extreme outperformer and underperformer had 
one-sided t statistics with Bonferroni p values well below the 0.0001 
level, except for the marginal significance level of 0.015 for the larg-
est outperformer identified by the Ferson–Schadt model. The effect of 
taking time-varying alphas and betas into account is to reduce or leave 
unchanged the number of statistically significant positive and negative 
alpha values. Taken together, and ignoring any concern for benchmark 
error and survivor bias, there is little evidence of abnormal performance 
on average in this industry or indeed much evidence of extreme out- or 
underperformance that is significant at any reasonable level.

The main regularity concerns the shape of the cross-sectional distribu-
tion. The annualised interquartile range in each of these models is about 
150 basis points, virtually identical to that of raw UK equity returns at 149 
basis points. Conditioning on alternative models for beta changes the loca-
tion of the cross-sectional distribution of raw returns, but leaves its shape 
virtually unchanged. Pension funds with similar performance by any of 
these measures also have similar risk exposures. Moreover, any shifts in 
their betas had sufficiently low correlations with benchmark returns or 
publicly available conditioning information as to leave the cross-sectional 
distribution of the ex post alphas unchanged.19 Market timing switches 
among asset classes do not contribute materially to cross-sectional varia-
tion in average equity returns within the UK pension fund industry.

Of course, UK managers are evaluated relative to peer-group bench-
marks, not explicitly by any risk-adjustment procedure. WM’s perfor-
mance evaluation methodology is replicated by comparing the UK 
equity performance with that of the WM2000 UK Equity Index (r*mjt)20

 αijt = rijt − r*mjt (2)

In contrast with the previous methods, the peer-group approach 
requires no estimation of risk exposures, since it implicitly sets βijt to 
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unity. Recent empirical evidence (eg Brown et al. 1996; and Chevalier 
and Ellison, 1997) suggests the importance of relative performance eval-
uation for US equity managers as well. The final column of Table 4.2 
reveals that this UK pension fund industry practice significantly alters 
the appearance of managerial effectiveness. Nearly two-thirds of the 
funds (mainly the smaller ones)21 outperformed the relative (value-
weighted) equity benchmark, with 48 funds (16 per cent of the total) 
having relative performance alphas that are significant at the 5 per cent 
level. Many fewer funds earned negative alphas, and fewer than 15 of 
these were significant at the 5 per cent level. Average performance was 
positive: the mean alpha estimate was 0.459 per cent per year with a 
t value of 4.04. Of course, relative performance evaluation only changes 
the location of the cross-sectional distribution of raw average returns, 
leaving the shape unchanged.

Finally, this section compares the results of this study with those 
found by Coggin et al. (1993: 1051) for US equity pension fund manag-
ers using the Treynor–Mazuy model.22 A spread between the 10th and 
90th percentile is found for UK equities of 3.11 per cent. Coggin et al., 
in contrast, found a spread between the 10th and 90th percentiles of 
between 5.84 and 6.03 per cent (depending on the benchmark), almost 
double that in this sample. As is readily apparent, there is remarkably 
little cross-sectional variation in annualised total returns in this sample 
compared with US results (see also Figure 4.1).

Performance in other asset categories and the total portfolio

Comparable analyses were conducted across asset classes with single-
asset class benchmarks and the findings obtained were similar to those 
reported for UK equities, cf Panel B in Table 4.l.23 That is, the average 
Jensen alpha sometimes varies across risk-adjustment procedures, but 
the shape of the cross-sectional distribution of ex post performance 
measures remains largely unchanged and thus very similar to that of 
raw and mean-adjusted returns. Since data on asset-class-specific bench-
marks are available, the multi-factor version of the standard Jensen 
regression is used to compare the excess total portfolio return of the ith 
fund with the excess returns on the entire set of indices:

 r r r ript ft ip ij mjt ft
j

M

ipt− = + − +
=
∑α β ε( )

1

 (3)

where M is the number of asset classes for which a benchmark index is 
available.24 Hence αip is the multi-factor analogue of the standard Jensen 
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measure and the potential pitfalls arising from market timing ability 
parallel those in the single index case.

Overall, UK pension fund managers tended to underperform slightly 
in the present sample: 138 funds had positive alphas with only nine (3 
per cent of the total) significant at the 5 per cent level, and 168 funds 
had negative alphas, of which six (2 per cent) were similarly significant. 
Their interquartile range ran from −0.71 per cent to 0.44 per cent, an 
annualised range (of 115 basis points) that differed from that of the raw 
returns by only three basis points (cf Table 4.1). The alpha estimate for 
the equally weighted portfolio was a minuscule −0.11 per cent, with a 
t value of −0.17.

The left tail of the cross-sectional distribution was neither long nor 
dense, and the Bonferroni p value for the most underperforming fund 
had a marginal significance level of only 0.62. Only the Bonferroni 
test statistic for the most successful fund was suggestive of abnormal 

US Pension Funds

UK Pension Funds

Probability

A

A B
B

–432 –171 –130 –15 0 141 172
Excess Return (Basis Points)

Figure 4.1 The dispersion of excess equity returns of UK and US pension  
funds
Note: A = 10th percentile; B = 90th percentile.
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performance, with a p value of less than 0.0001, indicating sharp rejec-
tion of the null of no outperforming funds at any conventional level. 
Of course, this rejection could still reflect benchmark error and survivor 
bias as well.25

Relative performance evaluation for the overall portfolio paralleled 
that of the equity case: 197 (mainly smaller) funds (64 per cent) outper-
formed the peer-group benchmark, 41 (13 per cent) significantly so at 
the 5 per cent level. Average fund performance was quite close to that 
of the peer-group benchmark, being an economically and statistically 
negligible 6 basis points below, but underperformed the external bench-
mark by a more substantial 45 basis points.

Testing and correcting for survivor bias

A potential problem with the data set is the survivor bias induced by 
the restriction to funds that maintained the same FMH over the whole 
period, which is nearly two years longer than the average duration of 
a pension fund management house mandate in the UK.26 Funds were 
excluded from the sample supplied to the authors for one of five rea-
sons. First, funds that switched FMHs are excluded from the sample, 
potentially the most pernicious source of survivor bias. Secondly com-
pany takeovers often mean that funds are merged and merged funds 
are excluded. Thirdly, funds might withdraw themselves from the 
WM measurement service with no explanation. Fourthly, funds that 
switched from in-house to external management are eliminated because 
this constitutes a change in management. Finally some FMHs permit 
WM to measure only a proportion of the funds in their stable in order 
to save costs and, occasionally, they will rotate these funds, a practice 
called ‘dynamisation’, and such funds are dropped from the sample. 
The last four sources are often independent of actual performance, so 
the elimination of funds from the universe often occurs for reasons that 
do not induce survivor bias.

To address this concern, the value-weighted total returns of the funds 
in the sample by asset class and in aggregate were compared with the 
corresponding value-weighted returns of the entire population of funds 
in the WM universe (1034 at the end of 1994). There was no systematic 
tendency for the returns in the sample to exceed those in the whole 
WM universe, either year-to-year or on average: in fact, the average 
return on the sample of funds was just 6 basis points below the WM 
universe. If survivor bias was pernicious, one would expect to observe 
such outperformance, particularly towards the end of the sample as the 
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omitted returns from managers dropped owing to poor performance 
are subtracted from returns in the whole universe but not from those 
of the sample.

A final reason why survivor bias does not appear to be an important 
issue in the sample can be gleaned from a comparison of the evolu-
tion of the portfolio weights of the funds in the sample with those in 
the  WM universe. The aggregate asset allocations in the sample and 
in the WM universe were nearly always within one percentage point of 
each other for each asset class and for each year,27 which explains the 
similarity in the performance of the two groups each year and indicates 
that both sets of managers followed similar market timing strategies. 
So the mean returns in the sample do not appear to be affected signifi-
cantly by survivor bias.

It is possible, however, that survivor bias affects the dispersion of 
returns. To investigate this possibility, an examination of the asym-
metry of the tails of the distribution of performance estimates was 
conducted. The elimination from the sample of funds with large 
negative returns will both lower the overall dispersion of returns and 
lead to the left tail of the distribution of returns being thinner than 
the right tail. This is evident from Panel A of Table 4.1 in the case of 
UK equities (the 5–50 per cent range is 1.70 per cent, while the 50–95 
per cent range is 2.33 per cent), US equities (the corresponding ranges 
are 2.06 per cent and 2.49 per cent) and cash/other investments (4.79 
per cent and 5.88 per cent). The left tail, however, is thicker than the 
right tail in the case of UK bonds (1.35 per cent and 1.26 per cent), 
international bonds (9.19 per cent and 6.78 per cent), UK index bonds 
(1.02 per cent and 0.67 per cent), UK property (3.68 per cent and 2.61 
per cent) and, most significantly, for the portfolio as a whole (1.46 per 
cent and 1.33 per cent). So, in general, it can be concluded that survi-
vor bias does not appear to have affected dispersion of returns in any 
important way.

A more formal econometric analysis was also conducted, which 
allows the likely effect of survivor bias on the Jensen measure to be 
estimated.28 The idea is simple: funds whose risk-adjusted performance 
is large and negative are likely to be excluded from the sample, since 
these funds are least likely to have their investment mandate renewed. 
One way to model this effect is by assuming that the sample of funds 
observed is a subsample of funds that avoided risk-adjusted perfor-
mance below a certain level, κ. Suppose that the density of the fund-
specific performance component, εijt, is normal with a mean of zero and 
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a variance of σij. Then the density of this component conditional on 
risk-adjusted performance, αij + εijt > κ, is simply:

 

f

r r r r

ijt ij ijt

ij

ijt ft ij ijt mjt ft

ij
( | )

( )
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where φ(.) and Φ(.) are respectively the density and cumulative density 
functions of a standard normal variable. As a result of this conditioning 
effect, the mean of the ith fund’s risk-adjusted performance in the jth 
asset class is no longer a linear function of αij.
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This is clearly a highly non-linear expression in αij. Under the assumed 
density of εijt, estimation of the parameters involves maximising the log 
likelihood function:
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Although far more involved than ordinary least squares estimation, 
the log likelihood function can be maximised for a given level of the 
performance truncation point, κ. This is set to κ = −1 per cent and κ =  
−5 per cent per month, which are reasonable low and high bounds 
on the point at which risk-adjusted underperformance might expect 
to lead to a fund being dropped from the sample. If the proportion of 
funds with performance below κ, is low, then the second term on the 
right-hand side of (5) will be small and the estimates of risk-adjusted 
performance will not change significantly.

Results from undertaking this analysis on UK equities and the total 
portfolio are presented in Table 4.3. When κ = −1 per cent, survivor bias 
has two effects on the performance estimates. First, the median fund’s 
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Table 4.3 Fractiles of UK pension funds’ truncation–adjusted performance 
estimates for UK equities and the total portfolio, 1986–94 (average annual 
percentages)

UK equity 
return 
No censoring

Censoring  
(per month)

Total return 
No censoring

Censoring 
(per month)

−1% −5% −1% −5%

Minimum −4.59 −4.74 −4.60 −4.98 −5.15 −5.00
5% −1.90 −1.90 −1.90 −1.77 −1.78 −1.77

10% −1.49 −1.50 −1.49 −1.36 −1.37 −1.36
25% −0.84 −0.86 −0.84 −0.79 −0.80 −0.79
50% −0.15 −0.17 −0.15 −0.14 −0.16 −0.16
75% 0.70 0.70 0.70 0.39 0.39 0.39
90% 1.49 1.48 1.49 0.89 0.89 0.89
95% 2.14 2.14 2.14 1.22 1.21 1.22
Maximum 4.68 4.60 4.68 3.09 3.07 3.09

Note: This table shows maximum likelihood estimates of Jensen’s alpha based on the model 
that allows for survivor bias.

performance in UK equities is reduced slightly from −0.15 per cent per 
annum to −0.17 per cent per annum. For the total portfolio, a similar 
reduction in the median fund’s performance from −0.14 per cent to 
−0.16 per cent per annum is observed. Second, the worst fund’s perfor-
mance is no longer −4.59 per cent in UK equities but a somewhat larger 
−4.74 per cent. For the total portfolio, the worst fund’s performance is 
extended from −4.98 per cent to −5.15 per cent per annum. In com-
parison, censoring at κ = −5 per cent makes a negligible difference.

Overall, the conclusion that clearly emerges from Table 4.3 is one 
of robustness of the results with respect to this correction for survivor 
bias. In particular, the spread between the performance of the bottom 
5 per cent and top 5 per cent of funds is remarkably stable and changes 
by no more than a single basis point for both UK equities and the total 
portfolio.

Performance and fund characteristics

The preceding results reveal two key features of abnormal performance 
in the UK pension fund industry. First, a variety of benchmark correc-
tions suggests that few funds have robustly measured extreme abnormal 
performance. The second feature strikes us as of greater economic sig-
nificance: the shape of the cross-sectional distribution of average raw 
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total and asset class returns are broadly unaffected by risk adjustment, 
with even extreme ranges such as the 5th–95th percentile spread virtu-
ally unchanged. Cross-sectional variation in risk exposures does not 
appear to conceal cross-sectional variation in abnormal performance.

Perhaps fund performance is related to other fund attributes. We 
consider two natural and related candidates: size and past performance. 
The former might generate diseconomies of scale in asset management 
due to market impact, while the latter is not readily detectable using the 
methods of the previous section. If both prove to be related to abnormal 
performance, separating these effects involves recognising that current 
size can be related to past performance.

Fund size effects

A finding that larger funds tend to underperform the peer-group would 
add credence to the often-made claim that size is the anchor of perfor-
mance. Accordingly, equally weighted portfolios were formed based on 
quartiles sorted according to the value of assets under management at 
the beginning of each year, starting with the smallest funds. This proce-
dure generated four time series of portfolio returns for each asset class, 
the abnormal performance of which is presented in Table 4.4. Panel A 
suggests that, based on multi-index Jensen regressions, a size effect is 
present, most clearly for UK equities. The smallest-fund quartile has a 
positive alpha and the largest a negative alpha, neither of which is sig-
nificantly different from zero at conventional levels, but the difference 
between them (0.79 per cent) has a t statistic of 3.33 and an associated 
significance level of less than 0.001.29 Panel B confirms these results 
using relative performance measurement. Each portfolio has positive 
mean excess returns relative to the peer-group benchmark, rising from 
an economically and statistically insignificant 2.7 basis points per year 
for the large-fund portfolio to 72 basis points per year for the small-fund 
portfolio. The remaining asset classes reveal no clear pattern save for 
international bonds and equities, which suggest a direct, rather than 
an inverse, relationship between fund size and Jensen alpha.30 Perhaps 
most importantly, there is no systematic relationship between fund size 
and abnormal performance for the aggregate pension fund portfolios.

Nevertheless, the finding of an inverse relationship between fund 
performance and fund size in UK equities could be an important part 
of the explanation for mandate retention. UK pension funds hold a 
very substantial proportion of total issued domestic equities, and large 
UK funds hold large fractions of their portfolios in UK equities as well. 
These funds can surely argue that an annual underperformance of the 
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order of 70 basis points reflects the impact of the trading of large funds 
in a market in which they are important players.

Another possibility is that large funds do not actually underperform 
relative to smaller ones once management charges are taken into 
account. To explore this point, management fees based on the major 
FMHs’ commission schedules were calculated. The management fee on 
a very small fund is of the order of 50 basis points per year while a very 
large fund would typically be charged 10 or fewer basis points. Hence, 
the difference in performance of 70 basis points can only be partially 
explained by differential charges.

Past performance effects

Funds can be small because they have just been established or because 
they were previously large but have suffered substantial losses. Hence, 
it is obviously of some interest to ascertain whether it is size itself or 
whether there is a past-performance component driving the negative 
relation between fund size and performance in UK equities.31

Two approaches were adopted to maintain comparability with both 
the literature and the evidence given above. In the first, the relation 
between future and past rankings of relative portfolio returns was exam-
ined without adjusting for their correlation with one or more indices, 
an appropriate approach for investors with the bulk of their wealth 
invested in a single pension scheme. In the second approach, the per-
sistence of Jensen measures obtained from average asset class returns 
after correcting for their correlation with the multiple-index benchmark 
was investigated, a more appropriate method for investors with only 
a fraction of their wealth invested in a particular pension scheme. In 
essence, this distinction reflects the difference between the Sharpe and 
Jensen–Treynor–Black approaches to the measurement of performance.

Tests for persistence in performance used a variant of the approach 
employed by Hendrick et al. (1993). For December of each year, the 
funds were sorted into four equal-weighted portfolios based on the rank 
of their abnormal performance measure over the most recent 12-month 
period. Their performance over the subsequent year was recorded and 
the procedure was repeated every 12 months. Thus returns are available 
on four portfolios over 96 months. (The first 12 months of data were 
used to generate the initial abnormal performance estimate.32)

Panels A and B of Table 4.5 provide some evidence of persistence in 
performance but only in respect of peer-group comparisons and then 
only for UK equities and cash/other investments. Further, this persis-
tence does not extend beyond a one-year horizon. For the multi-index 
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benchmark case, the individual alphas from the quartile-sorted Jensen 
regressions are insignificant at conventional levels, although the 
 difference between the annualised alphas of the highest and lowest 
past- performance portfolios for UK equities is 126 basis points. This reg-
ularity is also reflected in the peer-group benchmark-adjusted returns, 
where the corresponding annualised average raw return differential for 
UK equities is 146 basis points. The sample means are also ordered from 
largest to smallest across the four quartiles.

Panel C of Table 4.5 provides an alternative characterisation of the 
persistence of abnormal performance. Zero-net-investment portfolios 
were formed each December by taking a long position in those funds 
that had positive alphas over the previous year and a short position 
in those that had negative alphas, and the performance of these con-
structed portfolios were tracked over subsequent 12 months, in a man-
ner similar to Brown et al. (1992) and Hendricks et al. (1993). The results 
remain consistent with the hypothesis that there is measured persis-
tence in UK equity returns. Once again, the magnitude of the effect 
with UK equities is modest, of the order of 0.5 per cent annualised.

Of course, fund size partly reflects cumulative past performance, 
while the previous-year-return measure reflects recent performance. 
That these two effects are interrelated shows up in portfolio composi-
tion: only 15 per cent of the quartile containing the smallest funds were 
also in the quartile of worst-performing funds, whereas 32 per cent of 
the largest funds were contained in this quartile. Evidence such as this 
makes it hard to tell whether size is the anchor of current performance 
or the result of good previous performance.

In an attempt to disentangle the two effects, single-index Jensen 
regressions were run for each UK equity portfolio, with the portfolio’s 
own (size-adjusted and/or past-performance-adjusted) quartile return 
included as an additional regressor. This procedure can be justified on the 
grounds that the single index regressions omitted some important risk 
factor and that the betas on the size- and/or past-performance-adjusted 
quartile portfolios are constant. The results covering the period 1987–94 
(96 months) are presented in Table 4.6. One year of data were lost owing 
to the initial sort. The 5–95 per cent range for the alpha estimates, based 
on the standard benchmark regression, is 400 basis points from −1.86 
to 2.11 per cent. When the funds’ size-sorted-quartile portfolio returns 
were included in the regression, this range fell substantially to 319 
basis points. The range only fell to 374 basis points, however, when the 
corresponding past-performance-sorted portfolios were included. Fund 
size thus accounts for a non-trivial proportion of the cross-sectional 
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Table 4.6 Fractiles of UK pension funds’ alpha estimates, correcting for size- and 
past-performance-sorted quartile effects, 1987–94 (average annual percentages)

Benchmark 
only

Benchmark 
and size

Benchmark 
and past 
performance

Benchmark, 
size and past 
performance

Minimum −5.24 −5.18 −5.24 −5.23
5% −1.86 −1.54 −1.82 −1.70
10% −1.27 −1.02 −1.29 −1.19
25% −0.75 −0.54 −0.74 −0.59
50% −0.04 −0.10 −0.02 −0.10
75% 0.69 0.55 0.70 0.57
90% 1.63 1.31 1.56 1.38
95% 2.11 1.65 1.92 1.84
Maximum 4.62 3.86 4.85 4.73

Range of alpha estimates:
positive 147 134 148 140
(of which significant) (30) (17) (29) (25)
negative 159 172 158 166
(of which significant) (19) (18) (27) (22)

Bonferroni bounds
Minimum t value −4.74 −3.75 −5.00 −4.67
( p value) (0.0003) (0.0271) (<0.0001) (0.0004)
Maximum t value 4.40 3.91 4.31 3.77
( p value) (0.0017) (0.0144) (0.0025) (0.0248)

Note: At the beginning of each year, the funds were sorted into quartiles based on either cur-
rent size or risk-adjusted performance over the previous year. For the subsequent 12-month 
period, excess returns on the corresponding equal-weighted-quartile portfolios were com-
puted and the procedure repeated to get monthly time series of excess returns for the period 
1987−94. Alpha estimates were computed from regressions of a given fund’s excess returns 
on an intercept, excess returns on the market portfolio, and the excess returns on the 
quartile-sorted portfolio to which the fund belonged during a given year. The table reports 
the cross-sectional distribution of these alpha estimates. An estimate is counted as being 
significant if its coefficient is statistically significant at the 5 per cent critical level.

variation in abnormal performance, while past performance does not. 
Perhaps size is, after all, the real anchor of performance.

Conclusions

UK pension fund managers have not exploited the investment freedoms 
given to them by pension plan trustees. Instead, two of the four key 
regularities documented in this paper – a narrow dispersion of returns 
around the median fund manager and the slight underperformance of 



Performance Clustering and  Incentives in the UK Pension Fund Industry 89

the median fund manager compared with the market average – appear 
to be the result of the incentive effects of the fee structures, the per-
formance evaluation environment operating, and the degree of con-
centration in the UK pension fund industry during the sample period. 
The fee structures provided a very weak incentive to add value, while 
relative performance evaluation provided a strong incentive to avoid 
underperforming the median fund manager.33 At the same time, the 
incentive to implement independent investment strategies that devi-
ated significantly from that of the median fund manager was severely 
limited by the highly concentrated nature of the UK fund management 
industry. The third and fourth key regularities – the outperformance of 
the median fund manager from the sample of long-standing fund man-
agers compared with the peer-group average (especially in UK equities) 
and the relative underperformance of large funds – can be explained by 
a fund size effect. Hence, most managers could point to their above-
average performance or to plausible reasons for underperformance. 
Thus it is perhaps unsurprising that managers were found to produce 
remarkably little cross-sectional variation in overall ex post performance 
and were generally able to retain their mandates. What is more surpris-
ing is how they were able to demand active management fees when 
their performance clearly indicated that passive management  fees 
would have been more appropriate.

The contrast with the US is striking. The study by Lakonishok et al. 
(1992a) of US equity pension fund managers shows a greater degree of 
market underperformance (130 basis points per year compared with 
15 basis points for UK equity pension fund managers), while the study 
by Coggin et al. (1993) shows that the dispersion of returns on equity 
funds is twice as high in the US compared with the present findings for 
the UK (up to 603 basis points for the 10–90 percentile range compared 
with 311 basis points in the UK). These results are consistent with 
the low degree of concentration in the US pension fund industry, the 
greater degree of turnover of fund managers and the much wider range 
of investment styles compared with the UK.
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Notes

 1. Recent examples of studies that also consider US pension funds’ behaviour 
include Lakonishok et al. (1992a), Coggin et al. (1993) and Christopherson 
(1998a,b).

 2. With a few exceptions (eg Brown et al. 1997; Blake et al. 1999; Thomas 
and Tonks, 2000), the UK pension fund industry remains significantly 
under-researched.

 3. See, eg, Lakonishok et al. (1992b) for evidence on the US market.
 4. Pension or investment consultants (such as Watson Wyatt or Frank Russell) 

are hired by trustees to help design the investment mandate and interview 
potential fund managers. But the final decision rests with the trustees. Once 
the mandate has been awarded, it typically lasts for three years. The trustees 
can cancel the mandate at any time before this if they are dissatisfied with 
their fund managers, although in practice the periodic reviewing process 
gives half a year’s lead time.

 5. Merrill Lynch Investment (formerly Mercury Asset) Management, UBS Global 
Asset (formerly Phillips and Drew Fund) Management, Gartmore Pension 
Fund Managers, Deutsche (formerly Morgan Grenfell) Asset Management 
and Schroder Investment Management.

 6. Eg Barclays Global Investors and Legal & General.
 7. At the time the company was named Mercury Asset Management.
 8. Further details of the investment environment faced by UK pension funds 

during the late 1980s and early 1990s are contained in Stevenson (1993) and 
Blake (1995). See Lakonishok et al. (1992a) for a comparative analysis of the 
incentives operating in the US pension fund industry.

 9. UK and international equities, bonds and property and UK index bonds and 
cash/other investments.

 10. The WM universe contains all the funds tracked by WM, including both 
surviving and non-surviving funds.

 11. Elton et al. (1993) found that the inclusion of a bond index and a small cap 
equity index substantially altered the performance in their analysis of a large 
universe of US mutual funds.

 12. While their sample period (1983–90) is similar to the one used in this study 
(1986–94), these results are not directly comparable, since the data sets do 
not coincide. The samples, however, do contain five overlapping years, and 
the market environments in the non-overlapping years would have to be 
very different to render the comparison invalid.

 13. Lakonishok et al. found this degree of underperformance using a benchmark 
of large-cap stocks (S&P500). Christopherson et al. (1998b), in contrast, 
found no evidence of underperformance using investment-style benchmarks 
such as growth, value, large cap or small cap. Their returns data, however, 
are equally weighted, as they have no information on fund size, and this 
will impart an upward bias if, as found here, large funds underperform 
small funds. Like the present data set, the Lakonishok et al. data set is value 
weighted, suggesting that the finding of greater underperformance by the 
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median fund manager in the US than in the UK (against a similar aggregate 
benchmark) is both valid and economically significant.

 14. Under the null hypothesis of no market timing ability (that is the ability to 
switch into (out of) an asset class prior to a rise (fall) in prices in that class 
(relative to other classes)), this procedure only affects the precision of the 
selectivity estimates, since the time variation in betas is uncorrelated with 
the realisations of the index return, making it a component of the residual.

 15. As is common in the literature, it is assumed that βijt in the second set of 
regressions and both αijt and βijt in the third set are linear functions of a vec-
tor of predetermined variables, zt−1, which comprises the same instruments 
used in asset pricing applications: the lagged values of the dividend yield, 
the T-bill rate and the long-term gilt yield. See Pesaran and Timmermann 
(1995) for a recent evaluation and references.

 16. See, eg, Jensen (1972), Admati et al. (1986), Lehmann and Modest (1987), 
and Grinblatt and Titman (1989).

 17. Since the t statistics of these alphas are interdependent and there are more 
alphas than time series observations, a joint test of their significance cannot 
be constructed. Moreover, the joint test has low power if a small subset of the 
alphas differs from zero in the population, as would be expected a priori on 
the hypothesis that abnormal performance is not pervasive. For both reason, 
p values are reported based on the Bonferroni inequality, which in this case 
states that the marginal significance level of the largest t statistic in absolute 
value is less than π when its p value is π/N, where N is the number of t sta-
tistics examined simultaneously.

 18. Following Fama and MacBeth (1973), the standard error of this average 
alpha was computed from the time series of returns on the equal-weighted 
portfolio; the small downward bias associated with the omission of the sam-
ple squared Sharpe ratio of the index is ignored, cf Shanken (1992).

 19. The cross-sectional variation in the unconditional betas was trivial, as 
reflected in the interquartile range in sample betas of 0.99–1.01, a range that 
would be expected if closet index matching were a significant practice. Also, 
the location of the individual alpha estimates within their cross-sectional 
distribution proved quite robust across risk-adjustment procedures. For 
example, using the unconditional and the conditional Jensen procedures, 
the cross-sectional rank-correlation between the funds’ mean (raw) excess 
returns and their alpha estimates was 0.99 and 0.88, respectively.

 20. This is a value-weighted index of all the funds tracked by WM, except for the 
very large funds, which have their own WM50 index.

 21. The effect of fund size on performance is examined below.
 22. Their sample period (1983–90) is similar to the one used in this study 

(1986–94), but not coincident. The 10–90 per cent quantile spread widens 
to 4.70 per cent for the coincident five-year period 1986–1990, which is still 
substantially less than the range of around 6 per cent for US pension funds’ 
US equity returns.

 23. Versions of time-varying beta models or of Treynor–Mazuy regressions were 
not fitted here since either approach would greatly increase the number of 
parameters, straining an already modest-sized sample.

 24. Benchmarks were available for UK and international equities and bonds, UK 
index bonds, cash and UK property, but not for international property over 
the sample.
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 25. As noted earlier, the asset class benchmarks might have biases associated 
with value weighting and asset coverage, country coverage in the case 
of international securities, and sector coverage in the case of domestic 
securities.

 26. See Brown and Goetzmann (1995), Brown et al. (1992), Grinblatt and Titman 
(1989, 1992), and Malkiel (1995). There is no consensus regarding the mag-
nitude of survivor bias. Malkiel finds that it can account for mean returns 
of as much as 1.5 per cent per annum, while Grinblatt and Titman (1989) 
estimate the effect to be somewhat smaller at 0.4 of a per cent year.

 27. For example, in 1986 these weights were (for this sample and the WM uni-
verse (in brackets) respectively) as follows: UK equities: 54 (54), international 
equities 22 (22), UK bonds 5 (6), international bonds 3 (4), index bonds 4 (4), 
cash 4 (4), UK property 8 (6), international property 0 (0).

 28. The procedure is similar to methods for dealing with parameter biases intro-
duced by data truncation (Greene, 1999). While the standard procedure 
assumes, however, that the truncation is based on the value of the inde-
pendent variable, which in this case would be rijt − rft , our case is modified 
by instead assuming that the truncation is determined by low risk-adjusted 
performance.

 29. Lakonishok et al. (1992a) also find that smaller funds outperform larger ones.
 30. One possible explanation (which it is not possible to test here) lies in the 

potential economies of scale to information gathering in global asset markets.
 31. In contrast, Lehmann and Modest (1987), Grinblatt and Titman (1992), 

Lakonishok et al. (1992a), Hendricks et al. (1993) and Brown and Goetzmann 
(1995) find persistence in the performance of (mainly) the worst-performing 
mutual funds in the US.

 32. On average, each of the four portfolios contained around 80 funds for UK 
equities, international equities, cash/other investments and total holdings 
and somewhat fewer funds for the other asset classes.

 33. Support for these results can be found in the theoretical literature on agency 
effects in delegated portfolio management which generates a ‘non-incentive’ 
result in the case of linear relative performance evaluation (RPE) contracts 
(whereby the fund manager’s fee is proportional to the excess return above 
a peer-group benchmark). Such contracts fail to provide managers who are 
unconstrained in their investment objectives with adequate incentives to 
search for superior information and hence encourage herding (Dybvig et al, 
2000, Gómez and Sharma, 2001). While UK pension fund managers do not 
face explicit RPE contracts, their long-term survival depends on implicit RPE 
contracts and again these provide an incentive to herd around the median 
fund manager.
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Introduction

Hedge funds have increased their assets under management rapidly in 
the last few years, partly owing to increasing inflows from large insti-
tutional investors such as pension funds and endowment funds. Not 
surprisingly, hedge funds have also received increasing attention from 
the academic community. Non-linear factor models and option strate-
gies have been used in the literature to explain hedge fund returns (see 
Fung and Hsieh, 2001; Agarwal and Naik, 2001; Mitchell and Pulvino, 
2001; Amin and Kat, 2002). These papers provide insight into the risk 
involved in investing in hedge funds, and they are beneficial in devel-
oping benchmarks for hedge fund investment styles.
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The literature that dissects the returns of the hedge funds with option-
based strategies and non-linear models is very insightful, but it does not 
address the following simple question: does it make sense for a typical 
short-sell constrained passive investor to invest a part of his portfolio 
in hedge funds? Most investors face restrictions on investment strategy 
that prevent them from replicating hedge fund returns themselves. The 
simple question above is relevant for most institutional investors, such 
as pension funds and endowments funds.

The Zurich Hedge Fund Universe (formerly known as the MAR hedge 
fund database) is used for the empirical investigation, over the period 
1995–2000. The database includes a large number of funds that have 
disappeared over the years, which reduces the impact of survivorship 
bias. The second section provides more information about the database 
and the hedge fund return characteristics.

In the third section, Jensen’s alpha of hedge funds is measured in 
order to see whether they added value to an efficient portfolio consisting 
of the S&P 500, the Nasdaq and cash. As hedge fund return distributions 
are often skewed and fat-tailed, not only are alphas for passive mean-
variance investors (ie Jensen’s alpha) calculated, but also alphas for 
investors with a power utility function. On average, no strong evidence 
is found that the non-normality of hedge fund returns affects alphas.

Overall, 72 per cent of the hedge funds are found to have a positive 
alpha (including disappearing funds) and would therefore add value to 
a passive portfolio. A more advanced investment strategy is also con-
sidered as a yardstick for the hedge funds. Suppose an investor can also 
buy and sell one-month call and put options on the S&P 500, in addi-
tion to investing in the S&P 500, the Nasdaq and cash. It is found that 
this benchmark significantly reduces the alphas of Event-driven funds, 
Emerging Market funds and Fund of Funds, owing to their exposure to 
a strategy that sells out-of-the-money put options. Still 70 per cent of 
the hedge funds have a positive alpha, however.

In the fourth section, the out-of-sample performance persistence of 
hedge funds is considered. If hedge funds with a positive alpha in the 
period 1995–97 had been selected, would the period 1998–2000 have 
been more profitable? The results draw attention to the huge attrition 
rate in the hedge fund data: out of the sample, more than 30 per cent of 
the funds disappear from the database. These disappearing funds have 
significantly lower alphas, returns and Sharpe ratios. The large number 
of disappearing funds greatly diminishes the odds of selecting a surviv-
ing fund with positive performance.

In contrast to most existing literature (Brown et al., 1999; Agarwal 
and Naik, 2000a,b), some evidence of performance persistence is found: 
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selecting funds with a good track record, based on alpha, mean return 
or Sharpe ratio, improves the chance of outperformance in the out-of-
sample period. Edwards and Caglayan (2001) also find evidence of per-
formance persistence, but their study does not explicitly deal with the 
large number of disappearing hedge funds. The final section concludes 
and summarises the paper.

Hedge fund data

This paper analyses the returns of the funds in the Zurich Hedge  
Fund Universe (formerly known as the MAR/Hedge database), pro-
vided by Zurich Capital Markets. The data start in 1977 and end in 
November 2000. Overall, there are 2,078 hedge funds in the database 
and 536 Fund of Funds. Since January 1995, the database also keeps 
track of funds that disappear. Only the hedge fund data from January 
1995 to November 2000 is analysed, as this period is free of survi-
vorship bias. The return data is net of management fees and net of  
incentive fees.

Fund styles

The funds in the database are classified into eight different investment 
styles by the provider: Event-driven, Market Neutral, Global Macro, 
Global International, Global Emerging, Global Established, Sector and 
Short-sellers. Table 5.1 provides a short description of each of these 
hedge fund investment styles. As funds can potentially switch style 
quite easily, some of these styles will now be aggregated into larger 
categories, with more distinct style descriptions and statistical return 
properties.

Roughly, the four macro styles can be considered as speculative, 
involving markets anywhere in the world, and the frequent use of 
leverage and derivatives. George Soros’ Quantum Fund used to be a 
well-known global macro hedge fund. The styles Global International, 
Global Established and Global Macro will be merged into one group, 
denoted ‘Global Funds’, as these three styles have similar investment 
style descriptions (see Table 5.1). The Global Emerging funds are treated 
as a separate category, denoted ‘Emerging Markets’, as the funds within 
this style are often unable to short securities in emerging markets. The 
emerging market funds also have quite different return characteristics, 
compared with the other global funds.

The Event-driven style focuses on special situations such as merg-
ers and acquisitions (risk arbitrage) and bankruptcy. For example, 
a risk arbitrage fund buys stocks of a company being acquired and 
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simultaneously sells the acquirer. Market Neutral funds tend to hold 
offsetting long and short positions, financing the purchase of perceived 
undervalued securities with the sale of securities that are considered 
expensive. Many funds that try to exploit arbitrage opportunities have 
a Market Neutral style. An infamous example of a Market Neutral fund 
is Long Term Capital Management.

The two remaining hedge fund styles in Table 5.1 are quite distinct: 
Sector funds and Short-sellers. Funds with a Sector style tend to pick 
stocks within one particular industry or sector, such as technology. 
Short-sellers only sell stocks short: this style is interesting for long-
only investors, who are looking to diversify their portfolio. Finally, 
the database contains many Fund of Funds: these funds invest in mul-
tiple hedge funds, typically with different styles, in order to diversify 
risk. Fund of Funds are interesting, as they represent the return on an 
actively managed selection of hedge fund managers. Note that inves-
tors in Fund of Funds pay ‘double fees’: to the Fund of Fund manager 
and indirectly also to the hedge fund managers that are selected by the 
Fund of Fund.

Table 5.1 Hedge fund styles in the Zurich Hedge Fund Universe

Hedge fund style Description

Event-driven Investment style is dominated by special events, such  
as bankruptcy (distressed securities) or merger and 
acquisitions activity (risk arbitrage).

Market Neutral The exposure to market risk is reduced by having  
offsetting long and short positions. This style includes 
convertible arbitrage and fixed income arbitrage.

Global Macro Opportunistic global investment style. Use of leverage 
and derivative positions is common.

Global International Funds are focused on economic change around the 
world, excluding the US. More oriented towards  
bottom-up stock picking than global macro managers.

Global Emerging Focus on less mature markets. Short selling is not  
permitted in many emerging markets, so the managers 
sometimes hold cash instead or they have to turn to 
developed markets.

Global Established Opportunistic investment style, limited to established 
markets: US, Europe and Japan.

Sector Funds follow specific economic sectors and/or  
industries. Many focus on the technology sector.

Short-sellers These funds borrow stocks and sell them, hoping to 
buy them back later at lower prices.
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Number of funds and attrition rates

An important property of hedge funds is that they tend to come and 
go very rapidly. There has been an enormous increase in the number 
of funds: at the beginning of 1995 there were 561 hedge funds in the 
database, and this number has grown to 1,067 in November 2000. 
During this period, 1,146 new funds appeared, but 640 funds disap-
peared. The database does not provide information about the reason 
for the disappearance of a fund: the fund might simply have stopped 
reporting its returns, it might have returned its assets to the investors 
after a period with poor returns, and in some cases the fund might have 
gone bankrupt.

Table 5.2 provides information about the dynamics of the number of 
funds in the database. The table shows the total number of funds exist-
ing at the beginning of each year, from 1995 to 2000, and the number 
of new funds and disappearing funds during the year as a percentage 
of this total. The last column shows the total number of funds alive in 
November 2000 and the amount of money under management at that 
time (some funds do not report assets under management, so the figure 
is biased downward).

During the period 1995–2000, new hedge funds appeared in the 
database at an average rate of 23 per cent a year, while funds disap-
peared at a rate of 11 per cent a year. The total reported amount of 
assets under management (excluding Fund of Funds) increased from 
56 billion to 123 billion. The sub-period 1995–98 is characterised by 
strong growth of the number of funds and the amount under man-
agement. In 1999 and 2000, the trend reversed: the amount under 
management stabilised, and the number of funds decreased slightly. 
It is remarkable that of the 561 funds present in the database in 
January 1995, only 296 (53 per cent) were still present at the end  
in November 2000.

Hedge fund returns

Table 5.3 presents information about the individual hedge fund returns. 
First, the mean return, volatility, Sharpe ratio, minimum return and 
maximum drawdown were computed for each fund with a particular 
style and with at least 12 monthly observations. Table 5.3 displays the 
cross-sectional average, median and standard deviation of these statis-
tics over the funds within each style.

The Event-driven funds have an average Sharpe ratio of 1.23, and a 
median Sharpe ratio of 0.90. Hence, the distribution is quite skewed 
towards the right: there are a few very successful Event-driven funds 
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with Sharpe ratios above 2. On average, funds with this style tend to 
combine relatively low volatility (average 12.7 per cent, median 8.9 per 
cent) with reasonable mean returns (average 13.9 per cent, median 12.8 
per cent). The results for Market Neutral funds are similar, with an aver-
age return of 14.0 per cent a year and a median Sharpe ratio of 0.86.

Sector funds have a median Sharpe ratio of 0.88, similar to the Event-
driven and Market Neutral funds, but the underlying returns are quite 
different. The mean return of the Sector funds is very high (30.4 per 
cent on average), and the volatility too (35.1 per cent on average). 
Hence, the underlying investment strategy of the Sector funds is quite 
risky. This might be expected, as many Sector funds focus on the vola-
tile technology sector.

The group of Global funds also follows quite risky strategies (average 
volatility of 23.4 per cent), which are compensated by relatively high 
mean returns (average of 20.4 per cent), resulting in an average Sharpe 
ratio of 0.75. Global hedge funds focus on absolute returns and often 
have an opportunistic investment style with frequent use of leverage, 
and hence it is not surprising that the returns are quite volatile. Short-
sellers have a similar risky profile, but with lower mean returns (an 
average of 11.6 per cent).

Emerging Markets funds are an outlier in the hedge fund universe: 
they had relatively poor returns in the period 1995–2000: the aver-
age return was 6.3 per cent, combined with above average volatility of 
30.4 per cent and a maximum drawdown of –44.6 per cent. Obviously, 
this results in a low median Sharpe ratio of 0.13. Note that Emerging 
Markets funds tend to pick stocks in developing countries, and therefore 
these funds probably suffered severely from the Asian crisis following 
the collapse of the Thai Baht in 1997. Furthermore, in 1998 the emerg-
ing markets were shocked by the Russian bond default.

Fund of Funds have relatively low risk on average, similar to Event-
driven and Market Neutral funds: the average volatility is 11.3 per cent 
and the maximum drawdown is only –14.5 per cent on average. The 
median of the Mean Return is 11.6 per cent, and the median Sharpe 
ratio is 0.81. Hence, the diversification benefits of Fund of Funds seem 
to compensate the ‘double fees’: an investor in a Fund of Fund pays fees 
to the Fund of Fund manager and, indirectly, to the underlying hedge 
fund managers.

Correlation with stock and bond markets

Table 5.4(a) provides information about the correlation of hedge fund 
returns with the following market indices: the MSCI World Index, 
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the S&P 500, the Nasdaq, the Russell 2000 (US small caps), the MSCI 
Emerging Markets Index and the Salomon Brothers World Government 
Bond Index. Market-neutral funds have relatively low correlation with 
these market indices (average of about 0.14), corresponding to the 
investment style.

The other hedge fund styles have a correlation of up to 0.50 with the 
indices. As might be expected, Emerging Markets funds have a relatively 
high correlation with the MSCI Emerging Market Index (0.60) and 
Sector funds have relatively high exposure to the Nasdaq (0.55). The 
returns of Short-sellers are negatively correlated with all stock market 
indices, as might be expected. Fund of Funds have an average correla-
tion of up to 0.50 with the stock market.

Interestingly, most fund returns have a higher average correlation 
with US small caps (Russell 2000) than with the S&P 500. This seems 
to indicate that hedge funds prefer stock picking in the broad market, 
including stocks of medium-size and small firms.

Correlation with option strategies

Many hedge funds follow dynamic investment strategies and, as a result, 
their exposure to the market can vary through time, in some cases 
depending on the return of the equity market. The results in Table 5.4(a) 
only describe the average exposure to the market. Fung and Hsieh 
(2001) and Mitchell and Pulvino (2001) show that the returns of some 
hedge fund styles are correlated with option strategies. The correlation 
of hedge fund returns with simple option investment strategies that are 
well known and not too difficult to replicate for most investors will be 
investigated.

First, a strategy is considered that sells a 1-month put option on 
the S&P 500 with an exercise price 5 per cent below the current index 
value and repeats this every month. Similarly, the returns of a strategy 
that sells a 1-month call option on the S&P 500 with an exercise price 
5 per cent above the current index value are constructed. Table 5.4(b) 
shows that, on average, funds with an Event-driven style, Global funds, 
Emerging Market funds, Sector funds and Fund of Funds have a positive 
exposure to the put selling strategy, with average correlation ranging 
from 0.21 to 0.29. The exposure to the call selling strategy is small and 
negative on average for most hedge fund styles.

Finally, Table 5.4(b) shows the correlation of the hedge fund returns 
with the Fama and French factors (MKT, HML, SMB) and a momentum 
factor (UMD). The market factor, MKT, represents the value-weighted 
return of the overall US stock market. The value factor, HML, represents 
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the return of a portfolio that is long stocks with high book to market 
and short stocks with low book to market. The size factor, SMB, repre-
sents the difference in returns between small stocks and big stocks (in 
terms of market capitalisation).

Most hedge funds tend to have negative exposure on average to 
the value factor, indicating that they might have a preference for 
glamour stocks over value stocks (except for Short-sellers). Most 
funds have a small positive exposure to the momentum factor. Sector 
funds have the highest correlation on average with the momentum 
factor, which can probably be explained by the momentum-driven 
technology sector.

Surviving and disappearing funds

The return characteristics of disappearing funds are now compared with 
surviving funds, in order to find some clues about why funds might 
drop out of the database. There are a number of potential reasons. First, 
funds might disappear from the database because they have been quite 
successful in growing the assets under management, and they have no 
need to attract new investors. Secondly, funds might disappear from the 
database after poor performance, in some cases leading to closure of the 
fund (returning the assets to the investors), or even bankruptcy. Finally, 
fund managers can stop reporting because of other reasons, not related 
to the returns of the fund.

Table 5.5 shows the average Mean Return, Volatility, Sharpe ratio, 
Minimum Return and Maximum Drawdown of surviving funds (still 
in the database at November 2000) and disappearing funds. The third 
row shows the difference in the average statistics between disappearing 
and surviving funds; an asterisk denotes significance at the 5 per cent 
level. It is apparent from the second column of Table 5.5 that disappear-
ing firms tend to have significantly lower mean returns than surviving 
funds. The risk of disappearing funds, represented by the volatility, the 
minimum return and the maximum drawdown, tends to be higher too, 
except for the relatively small styles Sector and Short-sellers.

Overall, disappearing funds tend to have lower Sharpe ratios. It is 
therefore concluded that it is plausible that most funds disappear from 
the database because of relatively poor performance.

Alpha measurement

So far, this paper has focused solely on the return characteristics of 
hedge funds. This section tries to measure the added value of an 
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investment in hedge funds for a passive investor, holding a portfolio of 
stocks and bonds. In the last two decades, hedge funds gained in popu-
larity with pension funds, insurance companies and endowment funds. 
These institutions typically invest a small fraction of their portfolio in 
hedge funds, in order to diversify their portfolio. The diversification 
benefits of an investment in hedge funds arise due to the perceived low 
correlation with the bond market and the stock market (see Table 5.4). 
Moreover, hedge funds focus on absolute returns and seem to provide 
an attractive risk/return trade-off (see Table 5.3).

Most investors in hedge funds face short-sale constraints on their 
portfolio: they tend to hold only long positions. Insurance compa-
nies, pension funds and endowment funds typically have additional 
restrictions on their investment policy: they often have to track a 
predefined benchmark closely. Hence, most investors will have dif-
ficulty replicating a hedge fund strategy, if it involves short positions, 
leverage and large positions in the (OTC) derivative markets. As a 
result, non-linear factor models and models with dynamic trading 
strategies might not be suited to measure the performance of a hedge 
fund from the point of view of a typical constrained investor, such as 
a pension fund.

In this paper, the aim is to measure the added value of an invest-
ment in hedge funds for a passive investor. Hence, Jensen’s alpha could 
be applied, regressing the hedge fund returns on a number of passive 
benchmark portfolios. Jensen’s alpha, however, does not take the non-
normality of hedge fund return distributions into account. This aspect 
is important, as the dynamic investment strategies of hedge funds tend 
to lead to skewed and fat-tailed return distributions (eg selling put 
options). Therefore, alphas for investors with a power utility function 
are also calculated, taking the non-normality of hedge fund returns 
into account. Moreover, straightforward put and call selling strategies 
on the S&P 500 are used as additional benchmarks for the hedge fund 
returns.

Alpha measurement for passive investors

Following Cumby and Glen (1990) and Chen and Knez (1996), it is 
assumed that investors choose a portfolio from a universe of N assets 
with returns rit, for i = 1, 2, …, N. In addition, it is supposed that the 
expected returns and the covariance matrix of the returns are constant 
according to uninformed investors (given the information available to 
them). Hence, as a result, all uninformed investors will choose a port-
folio with constant weights.
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Let rbt denote the return on a portfolio that is mean-variance efficient 
from the point of view of an uninformed investor. From Roll (1977), it 
follows that the return on each asset can be written as follows:

 
r r r rit j bt it j jt bt b= + =β β σε , cov( , ) /with 2  (1)

where σb
2  is the variance of the mean-variance efficient portfolio, the 

beta βj is constant and E[εit] = 0, according to the uninformed investor.
In order to test whether a hedge fund with return rat could add value 

to the constant portfolio of an uninformed investor, Jensen’s alpha can 
be estimated (Jensen, 1968). The alpha is the intercept αa in a regression 
of the hedge fund’s return on the benchmark:

 rat = αa + βarbt + εat (2)

If the alpha of a hedge fund is positive, each uninformed mean-variance 
investor will add the fund to his optimal portfolio.

A serious drawback of Jensen’s alpha is its reliance on mean-variance 
efficiency. Grinblatt and Titman (1989, 1994) show that Jensen’s alpha 
can be interpreted as a weighted average of the fund returns:
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where wt is the marginal utility that an uninformed mean-variance 
investor assigns to his optimal portfolio at time t.

Mean-variance analysis unfortunately ignores the skewness and the 
potential fat tails of a return distribution. Owing to the nature of hedge 
fund investment strategies, the returns often have option-like features 
(see Fung and Hsieh, 2001; Agarwal and Naik, 2001; Mitchell and Pulvino, 
2001), leading to a non-normal return distribution. Hence, performance 
measurement based on mean-variance preferences could be misleading.

Instead, it is assumed that the preferences of the uninformed investor 
are described by a power utility function (4):

 
U W Wt t( ) ,= <

1
1

γ
γγ with

 
(4)

where Wt is the wealth of the investor.
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Investors with a power utility function and γ < −1 have preference 
for positive skewness and dislike fat tails. The performance of a 
hedge fund from the perspective of a passive investor with a power 
utility function can be computed with the weighting function (3), 
where the weights are the scaled marginal utilities of the power 
investor:

 
w W Wt t j

j

T

= − −

=
∑( ) / ( )* *γ γ1 1

1  
(5)

where Wt
*  is the wealth level of uninformed power investor at time t,  

if he chooses an optimal passive portfolio to maximise his expected 
utility.

Let αγ
a  denote the alpha of a hedge fund, from the point of view of 

an uninformed investor with a power utility function and risk aversion 
parameter γ. If αγ

a  is positive, the investor will add the hedge fund to 
his optimal passive portfolio. Whether hedge funds indeed have posi-
tive alphas will be examined later. First, it will be investigated whether 
investors with power utility assign lower alphas to hedge funds than do 
investors with mean-variance preferences, owing to the skewness and 
fat tails of the return distribution.

It is assumed that the indices in Table 5.4 are representative for the 
investment opportunity of passive short-sell constrained investors. The 
efficiency of these indices was tested using alpha regressions, and it was 
found that S&P 500 and the Nasdaq were efficient in the period from 
1995 to 2000. Hence, from now on the S&P 500 and the Nasdaq will be 
used as benchmarks for calculating hedge fund alphas. Later, monthly 
put and call selling strategies on the S&P 500 will also be added to the 
benchmark set.

Non-normality and alpha

Table 5.6 shows the average alpha of hedge funds from the perspective 
of a mean-variance investor (2nd column) and an investor with power 
utility with γ = −5 (3rd column),1 using the S&P 500 and Nasdaq as a 
benchmark set. If the hedge fund return distribution is normal, there 
should be no difference between the two alphas. If the distribution is 
non-normal, the difference can be positive or negative, depending on 
whether the fund returns are positively skewed or negatively skewed 
and whether the tails are thin or thick.
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Table 5.6 Hedge fund alpha and normality I, Jan 1995–Nov 2000

Hedge fund style Alpha 
MV (%)

Alpha 
power (%)

Skewness Kurtosis Rejects  
normality (%)

Event-driven
Mean 0.35* 0.29* −0.68 7.18 68
Median 0.46 0.43 −0.56 5.70
Standard deviation 0.96 0.99 1.29 5.39
Market Neutral
Mean 0.58* 0.57* −0.60 7.28 52
Median 0.51 0.51 −0.32 4.48
Standard deviation 1.37 1.34 1.68 7.69
Global Funds
Mean 0.59* 0.60* −0.20 5.09 47
Median 0.48 0.49 −0.19 4.14
Standard deviation 1.71 1.75 1.02 3.46
Emerging Markets
Mean −0.68* −0.86* −0.99 8.44 66
Median −0.47 −0.49 −0.62 5.12
Standard deviation 2.17 2.33 1.76 8.59
Sector
Mean 1.29* 1.31* −0.17 4.53 39
Median 1.11 1.19 −0.13 3.70
Standard deviation 1.93 1.81 0.91 2.90
Short-sellers
Mean 1.64* 1.84* −0.38 5.85 50
Median 1.57 1.66 −0.21 4.48
Standard deviation 1.12 1.32 1.00 3.44
Fund of Funds
Mean 0.18* 0.16* −0.52 6.22 55
Median 0.28 0.27 −0.27 4.69
Standard deviation 0.97 1.04 1.22 4.60

*Significance at the 5% level.
Note: significance only tested for the mean alpha based on mean-variance preferences and 
power utility.

Columns 4 and 5 of Table 5.6 show the average skewness and kurto-
sis of the hedge fund returns, and column 6 shows the percentage of 
funds that rejects a normal distribution (at 5 per cent significance). On 
average, hedge funds return distributions tend to have negative skew-
ness and excess kurtosis. Still, about 40–50 per cent of the funds do 
not reject a normal distribution, so the shape of the return distribution 
tends to vary quite strongly among funds. The degree and proportion of 
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non-normality is relatively high for Event-driven funds, Market Neutral 
funds, Emerging Market funds and Fund of Funds.

In general, the difference between the mean-variance alpha and the 
alpha based on power utility is rather small in Table 5.6. This suggests 
that the non-normality of hedge fund returns does not have a major 
and uniform impact on the portfolios of passive investors. Table 5.7 
provides more details: funds within each style have been sorted on 
skewness (positive or negative) and kurtosis (larger than 4 or not). 
Table 5.7 shows the number of funds within each group, the aver-
age mean-variance alpha, the average power alpha and the difference 
between the alphas. A star denotes a significant difference at the 5 per 
cent level.

Table 5.7 shows that power investors assign significantly lower alphas 
than mean-variance investors to Event-driven funds, Market Neutral 
funds, Emerging Market funds and Fund of Funds with negative skew-
ness and kurtosis greater than 4. Note, however, that the majority of 
funds do not belong to the unfavourable category with negative skew-
ness and large kurtosis. This explains why on average there is not that 
much difference between hedge fund alphas based on mean-variance 
preferences and power utility. It is concluded that hedge fund returns 
are often not normally distributed; however, on average, this non-
normality does not have a significant effect on the alphas, and hence 
on the portfolios of passive investors. From now on, only alphas based 
on power utility will be used for further analysis.

Hedge fund alphas

If the absolute level of the alphas in Table 5.6 is considered, the Short-
sellers stand out with an average alpha of 1.84 per cent (22.1 per cent 
annualised). The Sharpe ratio of the Short-sellers in Table 5.3 is quite 
unattractive, but in a portfolio context the negative exposure of these 
funds to the equity market provides great diversification benefits. 
Second best in terms of alpha are the Sector funds with an average 
alpha of 1.31 per cent (15.7 per cent annualised). Event-driven funds 
have an average alpha of 0.35 per cent (4.2 per cent annualised), 
Market Neutral funds 0.58 per cent (7.0 per cent annualised), Global 
funds 0.60 per cent (7.2 per cent annualised) and Fund of Funds 0.16 
per cent (1.9 per cent annualised). Emerging Markets funds are a 
negative outlier again, with an average alpha of −0.86 (−10.3 per cent 
annualised).
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Table 5.7 Hedge fund alpha and normality II, Jan 1995–Nov 2000

Hedge fund style Skew < 0 
kurt > 4

Skew ≥ 0 
kurt > 4

Skew < 0 
kurt ≤ 4

Skew ≥ 0 
kurt ≤ 4

All funds

Event-driven
Funds (% of total) 99 (57) 27 (16) 22 (12) 25 (14) 173
Alpha Power (%) 0.14 0.58 0.12 0.75 0.29
Alpha MV (%) 0.24 0.61 0.10 0.72 0.35
Difference (%) −0.09* −0.03 0.02 0.03 −0.06*
Market Neutral
Funds (% of total) 185 (42) 77 (17) 91 (21) 89 (20) 442
Alpha Power (%) 0.24 1.21 0.35 0.94 0.58
Alpha MV (%) 0.29 1.18 0.33 0.89 0.57
Difference (%) −0.04* 0.03 0.03 0.06* −0.01
Global Funds
Funds (% of total) 214 (35) 106 (17) 149 (25) 138 (23) 607
Alpha Power (%) 0.08 1.16 0.18 1.42 0.60
Alpha MV (%) 0.08 1.17 0.18 1.38 0.59
Difference (%) 0.00 −0.01 0.00 0.04 0.01
Emerging Markets
Funds (% of total) 69 (53) 16 (12) 25 (19) 19 (15) 129
Alpha Power (%) −1.45 0.62 −0.62 −0.24 −0.86
Alpha MV (%) −1.18 0.62 −0.51 −0.16 −0.68
Difference (%) −0.27* 0.00 −0.11 −0.08 −0.18*
Sector
Funds (% of total) 36 (24) 26 (18) 49 (33) 37 (25) 148
Alpha Power (%) 0.45 1.98 0.98 2.12 1.31
Alpha MV (%) 0.26 1.89 0.91 2.37 1.29
Difference (%) 0.18 0.09 0.07 −0.26 0.02
Short-sellers
Funds (% of total) 10 (38) 6 (23) 7 (27) 3 (12) 26
Alpha Power (%) 1.58 1.95 1.97 2.20 1.84
Alpha MV (%) 1.44 1.79 1.70 1.85 1.64
Difference (%) 0.13 0.16 0.27 0.35 0.20*
Fund of Funds
Funds (% of total) 196 (44) 80 (18) 95 (21) 77 (17) 448
Alpha Power (%) −0.12 0.48 0.18 0.54 0.16
Alpha MV (%) −0.06 0.46 0.12 0.57 0.18
Difference (%) −0.07* 0.02 0.06* −0.03 −0.02

*Significance at the 5% level.
Note: significance only tested for the difference between MV alpha and power alpha.

Table 5.8 compares the average alpha of surviving funds with the 
alpha of disappearing funds. In general, the average alpha of disap-
pearing funds is significantly lower than the alpha of surviving funds. 
The same holds for the percentage of funds with a positive alpha. This 
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Table 5.8 Hedge fund alphas: Surviving vs disappearing funds, Jan 1995–Nov 
2000

Hedge fund style Alpha (%) Alpha > 0 (%)

Event-driven
Surviving funds 0.40 84
Disappearing funds 0.03 50
Disappearing–surviving 0.37* −34
Market Neutral
Surviving funds 0.81 89
Disappearing funds 0.20 60
Disappearing–surviving −0.60* −29
Global Funds
Surviving funds 0.75 78
Disappearing funds 0.30 55
Disappearing–surviving −0.45 −23
Emerging Markets
Surviving funds −0.14 49
Disappearing funds −2.23 16
Disappearing–surviving −2.09* −34
Sector
Surviving funds 1.54 83
Disappearing funds 0.82 70
Disappearing–surviving −0.72* −13
Short-sellers
Surviving funds 1.86 100
Disappearing funds 1.80 88
Disappearing–surviving −0.06 −13
Fund of Funds
Surviving funds 0.38 83
Disappearing funds −0.30 52
Disappearing–surviving −0.68* −31

*Significance at the 5% level.
Note: significance only tested for the difference in average alpha between disappearing and 
surviving funds.

confirms the earlier conclusion that hedge firms tend to disappear from 
the database after relatively poor performance. In the next section, it 
will be investigated whether investors can reduce the odds of selecting 
bad and disappearing funds.

Table 5.9 shows the percentage of funds with positive and negative 
alphas, and the percentage funds with significantly positive, signifi-
cantly negative and insignificant alphas. The row for ‘Model 1’ shows 
results for the passive benchmark set (S&P 500 and Nasdaq), while the 
second row ‘Model 2’ contains results for the extended benchmark set 
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Table 5.9 Hedge fund models and alpha, Jan 1995–Nov 2000

Hedge fund 
style

Alpha Alpha > 0 
& sign (%)

Alpha < 0 
& sign (%)

Alpha 
insign (%)

Alpha > 0 
(%)

Alpha 
≤ 0 (%)

Event-driven
Model 1 0.30 40 2 58 75 25
Model 2 0.23 36 5 59 71 29
Market Neutral
Model 1 0.58 41 3 56 78 22
Model 2 0.56 40 4 56 78 22
Global Funds
Model 1 0.60 23 4 73 70 30
Model 2 0.61 22 6 72 69 31
Emerging Markets
Model 1 −0.86 6 8 86 38 62
Model 2 −1.14 6 20 74 33 67
Sector
Model 1 1.31 31 1 68 79 21
Model 2 1.20 32 5 63 77 23
Short-sellers
Model 1 1.84 42 0 58 96 4
Model 2 1.88 35 0 65 96 4
Fund of Funds
Model 1 0.16 29 4 68 73 27
Model 2 0.13 28 6 65 69 31

with option selling strategies. For now the first benchmark set will be 
concentrated on.

Short-sellers stand out again: 96 per cent of the funds have a posi-
tive alpha, and 42 per cent have a significantly positive alpha. About 
75 per cent of the Event-driven and Market Neutral funds have a posi-
tive alpha, and 40 per cent also have a significantly positive alpha. 
Global funds, Sector funds and Fund of Funds have at least 70 per cent  
positive alphas, but with less significance (between 23 per cent and 
31 per cent).

The average alpha of each hedge fund style in Table 5.8 is signifi-
cantly positive at the 5 per cent level, except for Emerging Markets 
(significantly negative). These results are in sharp contrast to the alphas 
of mutual funds reported in the literature. Malkiel (1995) finds that 
US mutual funds had an average annuahsed alpha of −3.2 per cent in 
the period 1971–91. Brown and Goetzmann (1995), Gruber (1996) and 
Carhart (1997) also find that mutual fund alphas are either negative 
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or insignificant. The present results are in line with the hedge fund 
literature: Ackermann et al. (1999), Brown et al. (1999) and Edwards 
and Caglayan (2001) find that hedge funds have significantly positive 
Jensen alphas.

Alphas with option selling strategies

The hedge fund alphas with the second benchmark set will now be 
considered, including the put and call option selling strategies on 
the S&P 500 (in addition to the S&P 500 itself, the Nasdaq and cash). 
The option selling strategies have non-linear returns and are better 
suited for explaining the dynamic hedge fund strategies, while most 
investors can still replicate these strategies quite easily. Table 5.9 
compares the average alpha for the two benchmark sets, denoted 
by model 1 (without options) and 2 (with options), for each hedge 
fund style.

The inclusion of option selling strategies in the benchmark set leads 
to significantly lower alphas for the Event-driven funds, Emerging 
Markets funds, Sector funds and Fund of Funds. Apparently the perfor-
mance of these funds can be explained to some extent by the option 
selling strategies. Table 5.10 shows the average adjusted R2 of both 
benchmark sets (models) in the Jensen alpha regressions, for each hedge 
fund style. Moreover, columns 3–6 show the percentage of funds with 
significant positive and significant negative exposure to each of the 
benchmark factors.

The Event-driven funds, Emerging Market funds and Fund of Funds 
have the highest proportion of significantly positive exposure to 
out-of-the-money put selling (between 20 per cent and 32 per cent). 
The call selling strategy is less significant and mainly has a negative 
sign, indicating that some funds buy out-of-the-money call options. 
The Jensen regressions with the option selling strategies have higher 
adjusted R2 on average, compared with the regressions without option 
strategies.

It is concluded that the simple put and call selling strategies, which 
are available to most investors, have quite some incremental power in 
explaining hedge fund returns. The inclusion of these strategies in the 
benchmark set leads to lower hedge fund alphas. It should be stressed, 
however, that the average alpha of each hedge fund style is still signifi-
cantly positive (except Emerging Markets). Moreover, the R2 are below 
50 per cent on average for the regressions with option selling strategies. 
Hence, the simple put and call selling strategies still leave most of the 
hedge return variation unexplained.
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Fund selection rules

The empirical results so far have included every fund in the database 
with at least 12 monthly observations. In practice, investors will typi-
cally require some track record of good performance before they will 
consider investing in a fund. This section attempts to replicate the fund 
selection process of investors, to see whether the selected funds also 
deliver outperformance out of sample, after correcting for survivorship 
bias and look-ahead bias.

Methodology

The entire sample period, January 1995 to November 2000, is split 
up into two sub-periods: the selection period from January 1995 to 
December 1997, and the evaluation period from January 1998 to 
November 2000. It is assumed that an investor is considering investing 

Table 5.10 Hedge fund models R2 and significance of coefficients,  
Jan 1995–Nov 2000

Hedge fund style R2 
(%)

S&P (%) 
+/−

NSD (%) 
+/−

Put (%) 
+/−

Call (%) 
+/−

Event-driven
Model 1 22 20/5 29/1
Model 2 27 8/7 32/1 32/3 1/12
Market Neutral
Model 1 14 11/5 21/5
Model 2 19 7/9 24/5 14/5 3/16
Global Funds
Model 1 26 27/9 50/6
Model 2 33 20/9 50/6 8/7 2/11
Emerging Markets
Model 1 26 31/5 29/1
Model 2 33 12/4 31/1 29/5 0/12
Sector
Model 1 46 17/22 61/7
Model 2 49 12/21 60/7 12/6 5/9
Short-sellers
Model 1 47 35/12 8/69
Model 2 50 27/8 8/77 8/19 12/4
Fund of Funds
Model 1 34 19/6 56/3
Model 2 40 12/16 58/3 24/4 1/17
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in a hedge fund (or Fund of Fund) in December 1997. The investor can 
select all funds that are in the database at December 1997; however, he 
will only consider funds with a certain track record. A limit of at least 
12 months of available data at December 1997 is applied (and, alter-
natively, a limit of at least 36 months of data). Next, the investor will 
make a distinction between funds that met a certain performance crite-
rion in the selection period and funds that failed to meet the criterion. 
A fund’s alpha, Sharpe ratio and mean return are used as performance 
criteria.

To test whether funds with a good track record in the selection period 
also deliver outperformance in the out-of-sample period January 1998 
to November 2000, it is checked whether a fund meets the perfor-
mance criteria in the out-of-sample period. Out-of-sample funds can 
also disappear from the database, however, and as a result many have 
insufficient observations to calculate performance. If these disappear-
ing funds were ignored, the results would suffer from so-called look 
ahead bias, as surviving funds tend to perform better than disappear-
ing funds. To solve this problem, disappearance of a fund is treated as 
a third performance category in the out-of-sample period. Next, a two 
by three contingency table of fund performance in the selection period 
versus fund performance in the out-of-sample period is constructed. A 
xi-square test is applied to see whether the selection rule resulted in 
significantly different odds of selecting winners and losers in the out-
of-sample period.

Results with the alpha criterion

As a first selection rule, funds that have at least 12 months of data 
up to December 1997 are considered. As a performance criterion, the 
fund’s alpha is used: the sample is split up into funds with positive 
alpha and negative alpha over the selection period. In the out-of-
sample period 1998–2000, the funds are assigned to three performance 
groups: funds either disappear from the sample, they survive with a 
negative alpha or they survive with a positive alpha. Table 5.11 shows 
the results in a contingency table, together with the p-value of the 
xi-square test.

First, Event-driven funds are considered: of the funds with a positive 
alpha in the selection period, about 21 per cent disappear from the 
database out of sample, 28 per cent of the funds survive with a negative 
alpha, while 52 per cent of the funds survive with a positive alpha. Note 
that the 52 per cent surviving funds with consecutive positive alphas in 
Table 5.11 is much less impressive than the unconditional 75 per cent 
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Table 5.11 Alpha persistence, model 1 (S&P 500 and Nasdaq)

Hedge fund 
style

Positive alpha 
1998–2000

Negative alpha or 
zero 1998–2000

Disappears 
1998–2000

Total

Event-driven
Positive alpha 
1995–97

53 (52%) 28 (28%) 21 (21%) 102 (85%)

Negative alpha 
1995–97

6 (33%) 6 (33%) 6 (33%)   18 (15%)

Total 1995–97 59 (49%) 34 (28%) 27 (23%) 120, p=0.21
Market Neutral
Positive alpha 
1995–97

103 (52%) 25 (13%) 70 (35%) 198 (85%)

Negative 
alpha 1995–97

12 (34%) 1 (3%) 22 (63%)   35 (15%)

Total 1995–97 115 (49%) 26 (11%) 92 (40%) 233, p=0.00
Global Funds
Positive alpha  
1995–97

119 (47%) 50 (20%) 86 (34%) 255 (71%)

Negative alpha 
1995–97

41 (38%) 22 (21%) 42 (40%) 105 (29%)

Total 1995–97 160 (44%) 72 (20%) 128 (36%) 360, p=0.40
Emerging Markets
Positive alpha 
1995–97

5 (15%) 16 (49%) 12 (36%)   33 (53%)

Negative alpha 
1995–97

5 (17%) 13 (45%) 11 (38%)   29 (47%)

Total 1995–97 10 (16%) 29 (47%) 23 (37%)   62, p=0.95
Sector
Positive alpha 
1995–97

20 (43%) 5 (11%) 22 (47%)   47 (75%)

Negative alpha 
1995–97

11 (67%) 3 (19%) 2 (13%)   16 (25%)

Total 1995–97 31 (49%) 8 (13%) 24 (38%)   63, p=0.05
Short-sellers
Positive alpha 
1995–97

10 (63%) 1 (6%) 5 (31%)   16 (89%)

Negative alpha 
1995–97

0 (0%) 1 (50%) 1 (50%)     2 (11%)

Total 1995–97 10 (56%) 2 (11%) 6 (33%)   18, p=NA
Fund of Funds
Positive alpha 
1995–97

115 (51%) 56 (25%) 53 (24%) 224 (78%)

Negative alpha 
1995–97

17 (27%) 17 (27%) 28 (45%)   62 (22%)

Total 1995–97 132 (46%) 73 (26%) 81 (28%) 286, p=0.00

Note: p-value for the xi-square test reported in the last column.
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of Event-driven funds that had a positive alpha in Table 5.9. The dif-
ference is mainly due to the large number of disappearing funds in the 
36 month out-of-sample period, and due to the fact that hedge fund 
performance was relatively weak in the period 1998–2000.

Next, Event-driven funds with a negative alpha in the selection 
period are considered: about 33 per cent disappear from the database 
out of sample, 33 per cent of these funds survive with a negative alpha, 
while only 33 per cent survive with a positive alpha. These results are 
worse than for the funds with positive alpha in the selection period, 
but the xi-square test shows that the difference is insignificant. In the 
case of Market Neutral funds there are more observations, and the dif-
ference is significant: it can be concluded that selecting Market Neutral 
funds with a positive alpha in the selection period improved the odds 
of survival and a positive alpha in the out-of-sample period.

For Global funds, similar results are shown in Table 5.11, although 
with less significance (p = 0.40). Emerging Markets funds mainly stand 
out owing to their appalling performance: only 16 per cent of the funds 
survive out of sample. About 63 per cent of the Short-sellers have posi-
tive alphas both in and out of sample, which is quite high, but there 
are not enough funds to establish significance. Sector funds show sig-
nificant signs of performance reversal: funds with positive alphas in 
the selection period tend to disappear more often out of sample, and 
tend to underperform more frequently. The Fund of Funds results in 
Table 5.10 show significant evidence of performance persistence: Fund 
of Funds with positive alphas in the selection period tend to perform 
better out of sample.

Performance persistence if the track record requirement in the selec-
tion period is raised from 12 months to 36 months has also been esti-
mated (results available on request). As a result of the longer required 
track record, the proportion of disappearing funds decreases out of 
sample. The odds of selecting an Event-driven or Market Neutral fund 
that survives out of sample with a positive alpha are now 55 per cent, 
if confined to funds with positive alphas in the 36 month selection 
period. For Fund of Funds, the odds of selecting funds with consecutive 
positive alphas are also 55 per cent, while the odds are 48 per cent for 
Global Funds.

Table 5.12 shows the results for the alphas estimated with the 
extended model, including the option selling strategies. In this case, 
the percentage of funds with consecutive positive alphas in the selec-
tion period and the out-of-sample period decreases for the Event-
driven funds, Global Funds and Fund of Funds. The odds of selecting 
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Table 5.12 Alpha persistence, model 2 (S&P 500, Nasdaq and Option Selling 
Strategies)

Hedge fund 
style

Positive alpha 
1998–2000

Negative alpha or 
zero, 1998–2000

Disappears 
1998–2000

Total

Event-driven
Positive alpha  
1995–97

50 (46%) 34 (32%) 24 (22%) 108 (90%)

Negative alpha 
1995–97

3 (25%) 6 (50%) 3 (25%)   12 (10%)

Total 1995–97 53 (44%) 40 (33%) 27 (23%) 120, p=0.32
Market Neutral
Positive alpha 
1995–97

104 (51%) 28 (14%) 73 (36%) 205 (88%)

Negative alpha 
1995–97

9 (32%) 0 (0%) 19 (68%)   28 (12%)

Total 1995–97 113 (49%) 28 (12%) 92 (40%) 233, p=0.00
Global Funds
Positive alpha 
1995–97

130 (44%) 67 (22%) 102 (34%) 299 (83%)

Negative alpha 
1995–97

18 (30%) 17 (28%) 26 (43%)   61 (17%)

Total 1995–97 148 (41%) 84 (23%) 128 (36%) 360, p=0.13
Emerging Markets
Positive alpha 
1995–97

4 (11%) 18 (50%) 14 (39%)   36 (58%)

Negative alpha 
1995–97

5 (19%) 12 (46%) 9 (35%)   26 (42%)

Total 1995–97 9 (15%) 30 (48%) 23 (37%)   62, p=0.67
Sector
Positive alpha 
1995–97

23 (43%) 9 (17%) 22 (41%)   54 (86%)

Negative alpha 
1995–97

6 (67%) 1 (11%) 2 (22%)     9 (14%)

Total 1995–97 29 (46%) 10 (16%) 24 (35%)   63, p=0.40
Short-sellers
Positive alpha 
1995–97

11 (69%) 0    (0%) 5 (31%)   16 (89%)

Negative alpha 
1995–97

1 (50%) 0    (0%) 1 (50%)     2 (11%)

Total 1995–97 12 (67%) 0    (0%) 6 (33%)   18, p=NA
Fund of Funds
Positive alpha 
1995–97

110 (45%) 68 (28%) 65 (27%) 243 (85%)

Negative alpha 
1995–97

15 (35%) 12 (28%) 16 (37%)   43 (15%)

Total 1995–97 125 (44%) 80 (28%) 81 (28%) 286, p=0.31

Note: p-value for the xi-square test reported in the last column.
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a consistent winner drop below 50 per cent, except for Market-neutral 
funds and Short-sellers. In conclusion: some evidence of performance 
persistence is found. Overall, however, the proportion of hedge funds 
with positive alpha in the out-of-sample period 1998–2000 is quite low, 
owing to the large number of disappearing funds.

These results are in line with Edwards and Caglayan (2001), who 
report evidence of performance persistence in hedge fund returns 
over one-year and two-year periods. Edwards and Caglayan (2001), 
however, do not investigate the impact of disappearing funds. Brown 
et al. (1999) do not find evidence of performance persistence in off-
shore hedge fund returns over the period 1995–2001. Agarwal and 
Naik (2000a,b) find performance persistence, but the result is driven 
mainly by repeat losers. The present approach differs from these 
previous studies, as it explicitly deals with the large number of disap-
pearing funds and applies a long performance evaluation period of 
three years.

Results with Sharpe ratio criterion

The performance criterion is now changed to the Sharpe ratio, using 
a 36-month track record requirement (results for a 12-month period 
are similar and available on request). In the 36-month selection period 
from 1995 to 1997, a hedge fund is designated a winner if its Sharpe 
ratio is above the median for its style and a loser if its Sharpe ratio 
is below the median. In the out-of-sample period 1998–2000, funds 
either disappear, or they are classified as winner or loser, depending on 
whether their Sharpe ratio is above the median of the surviving funds. 
Table 5.13 displays the resulting contingency tables for each hedge 
fund style.

Table 5.13 shows strong evidence of performance persistence on the 
basis of the Sharpe ratio for Event-driven funds, Market Neutral funds, 
Global funds and Fund of Funds. If a fund that was a winner in the 
36-month selection period is chosen out of sample the odds are lower 
that the fund disappears from the database. Moreover, winners in the 
selection period also have higher odds of becoming winners out of sam-
ple (regardless of whether conditioned on survival or not). It should be 
pointed out that Event-driven, Market Neutral, Global funds and Fund 
of Funds constitute about 90 per cent of the entire database, so these 
results are quite general.

Short-sellers also seem to display performance persistence. However, 
there are not enough funds to establish significance. Emerging Markets 
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funds do not show any sign of persistence, while Sector funds stand out 
in Table 5.13 with significant performance reversal. A performance per-
sistence test with the mean return (relative to the peer group) as perfor-
mance criterion was also done. Again strong evidence of performance 
persistence for Event-driven funds, Market Neutral funds, Global funds 
and Fund of Funds was found. As the results are similar to those based 
on the Sharpe ratio, they have been omitted to save space.

Conclusions

This paper investigates whether hedge funds can add value to the 
portfolio of an uninformed, passive investor. This simple question is 
relevant for most institutional investors, such as pension funds and 
endowments funds, which have been boosting the growth of the 
hedge fund industry. Jensen’s alpha is applied to measure the perfor-
mance of hedge funds: if a fund has a positive alpha, then a passive 
mean-variance investor would add the fund to his portfolio. Mean-
variance preferences, however, are not appropriate for evaluating 
hedge funds, as they tend to have non-normal return distributions. 
Therefore, alphas for a passive investor with power utility are also 
measured, taking the skewness and fat tails of the return distribution 
into account.

The results show that hedge funds have significantly positive alphas 
on average, except for Emerging Market funds. The difference between 
alphas assigned to hedge funds by mean-variance investors and inves-
tors with power utility is quite small. The non-normality of the return 
distribution is most pronounced for Event-driven and Market Neutral 
funds, Emerging Markets funds and Fund of Funds. Within these styles, 
funds with negative skewness and excess kurtosis tend to have signifi-
cantly lower alphas based on power utility than based on mean-variance 
preferences. Of all hedge funds, however, 59 per cent have a return 
distribution without these two unpleasant characteristics: in those cases 
non-normality does not have a significant impact on the alpha of the 
funds, and hence on the portfolio of the passive investor.

In order to capture some of the non-normalities in the hedge fund 
returns, a benchmark set that includes put and call option contracts 
on the S&P 500 (5 per cent out-of-the-money options with 1-month 
maturity) was also used. These contracts are rolled over every month 
after expiration. Most investors can implement the strategies quite eas-
ily with exchange-listed option contracts. It is found that 32 per cent 
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of the Event-driven funds have significant exposure to a put-selling 
strategy, 29 per cent of the Emerging Market Funds and 24 per cent of 
the Fund of Funds. The average alphas of these hedge fund styles are 
reduced by about 20 per cent, after including the option strategies in 
the benchmark set. On average, however, alphas are still significantly 
positive for all hedge fund styles (except Emerging Markets). Moreover, 
the R2s are below 50 per cent on average for the alpha regressions with 
option selling strategies. Hence, most of the hedge fund return variation 
remains unexplained.

Next, the performance persistence of hedge funds is tested over a 
three-year period, correcting for the large number of disappearing 
funds. Overall the results in Tables 5.11, 5.12 and 5.13 show evidence of 
performance persistence. Unfortunately though, the chance of selecting 
a surviving winning fund is reduced considerably by the large number 
of disappearing funds. An investor that randomly selected a fund with 
a positive alpha in the selection period and a track record of at least 
12 months would have had about a 50 per cent chance of drawing  
a surviving fund with a positive alpha in the following 36-month  
out-of-sample period.

The good news, however, is that selecting winning funds with a 
36-month track record and above-median Sharpe ratio increased the 
chance of selecting a surviving fund with an above-median Sharpe ratio 
in the out-of-sample period from 27 per cent to 44 per cent on aver-
age. Similar results were found with selection rules that use alpha and 
a 12-month track record. Hence, it is concluded that it pays to select 
funds with a track record of good past performance, in order to avoid 
poor performance out of sample.

Overall, the majority hedge funds have positive alphas, and there-
fore seem to add value to the portfolio of passive investors. The non-
normality of hedge fund return distributions does not affect this result. 
The probability of selecting a fund with a positive alpha over a longer 
horizon is reduced severely, however, by the large number of disappear-
ing funds. During the last three years of this sample, the average yearly 
rate of fund disappearance was about 15 per cent. It is not known why 
funds disappear from the database, but it is known that disappearing 
funds underperform surviving funds significantly.

In the author’s opinion, more research into the reasons and the fre-
quency of hedge fund disappearance from the available databases is 
essential before definite conclusions about the added value of investing 
in hedge funds can be reached.
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Introduction

Over the last 25 years there have been numerous studies that have 
identified various market anomalies, many of which have given rise to 
a new quantitative investment strategy. This paper concentrates on the 
two most prolific of these strategies: value investing and momentum 

Reprinted from ‘The performance of value and momentum investment portfo-
lios: Recent experience in the major European markets’ by Ron Bird and Jonathan 
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investing, whose performance is evaluated in the major European mar-
kets over the interesting period from January 1990 to June 2002. The 
first decade of the sample period was characterised by a consistently 
rising market, with the European markets rising on average by 12.5 per 
cent per annum but this period was followed by a rapid (still on-going) 
market correction, with the European markets falling on average by 
12 per cent per annum over the first two and a half years of the new 
millennium.1

In the first section of this paper the authors briefly outline the his-
tory of the two investment techniques under evaluation and the past 
evidence with respect to their performance. They then proceed to pro-
vide a broad outline of the methods and data employed in this study. 
Thereafter the authors outline the findings which verify the on-going 
success of a number of alternative implementations of these two strate-
gies. The paper concludes with some summary comments.

Existing evidence on value and momentum investing

As indicated above, the focus of this paper is to evaluate the recent 
performance of value and momentum investing in the major European 
markets. Before turning to the empirical findings, the authors survey 
in this section the nature and performance record of both of these two 
approaches to investing.

Value investing

The foundations of value investing date back to Graham and Dodd 
(1934) who suggested that analysts extrapolate past earnings growth 
too far out into the future and by so doing drive the price of the stock 
of the better performing firms to too high a level. The Graham and 
Dodd hypothesis is that firms who have experienced and who are cur-
rently experiencing high earnings growth are unlikely to be able to 
sustain it over extended time periods. When the earnings growth of 
such a firm reverts back towards some industry/economy-wide mean, 
it will fall well short of the unrealistic expectations that have been built 
into current prices and give rise to a downward correction in its stock 
price. A similar story also applies to a firm that has been performing 
poorly, whose share price has been driven down too far and which 
subsequently mean-reverts when the fundamentals of the firm begin 
to pick up.

A number of valuation multiples have been used to provide insights 
into possible mispricings due to these unrealistic expectations. For 
example, a high (low) price-to-earnings or market-to-book multiple is 
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taken as indicative that the firm’s stock is expensive (cheap). Value (or 
contrarian) investment strategies have been developed using such mul-
tiples where stocks are ranked in accordance to their multiple values 
and the investment portfolio is tilted towards the cheaper stocks and 
away from the expensive stocks. Although such strategies have been 
in use since the writings of Graham and Dodd, it is only in the last 25 
years that academics have devoted time to both measuring and pro-
viding explanations for their apparent success. Basu (1977) evaluated 
earnings-to-price as the value criterion; Rosenberg et al. (1985) investi-
gated price-to-book; Chan et al. (1991) studied cash flow-to-price, while 
Lakonishok et al. (1994), Dreman and Berry (1995) and Bernard et al. 
(1997) all evaluated several value criteria.

A consistent finding in these papers has been that value investing is 
a profitable investment strategy not only in the USA but also in most 
of the other major markets (Arshanapalli et al., 1998; Rouwenhorst, 
1999). The debate then goes as to whether the excess returns associated 
with a value strategy represent a market anomaly (Lakonishok et al., 
1994) or whether they simply represent a premium for taking on extra 
investment risk (Fama and French, 1993). A third possible explanation 
is that the value premium is simply a reward for taking on the greater 
business risk associated with holding a disproportionate amount of out-
of-favour stocks in one’s portfolio. According to this third explanation, 
the greater return to value investment would be an equilibrium (per-
manent) outcome although still appearing an anomaly within the nar-
rowly defined objective function assumed in classical economic models.

Irrespective of the source of the extra returns from value investing, 
they seem to exist and persist across almost all of the major world 
markets. Not surprisingly, this outcome has attracted an increasing 
number of investment managers to integrate this form of investing into 
their process. One particular downside to value investing that has been 
identified in recent studies is that the majority (typically around 55 per 
cent) of the so-called cheap stocks do not outperform the market (Bird 
and Gerlach, 2003), the reason being that the multiples used to identify 
value stocks are by their nature very crude. For example, the market 
may expect a firm that has been experiencing poor earnings perfor-
mance for several years to continue to do so for many more years, and 
this will cause the firm to have a low (say) price-to-earnings multiple. 
Of course, if the earnings do revert upwards in the immediate future 
the market will revise the firm’s stock price upwards and the low price-
to-earnings multiple would have been reflective of a cheap stock. On 
the other hand, the market might have been right in its expectations 
and the firm’s profitability may never improve and so it does not prove 
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to be cheap. Indeed, the firm’s fundamentals might even worsen and 
so investing in this firm on the basis of its price-to-earnings multiple 
would prove a very bad investment.

Momentum investing

Momentum investing basically involves investing on the basis of a past 
trend with many investment managers including some component of 
this form of investment in their process. Momentum investing comes in 
various guises and in this study we evaluate two of the most common: 
price momentum and earnings momentum.

Price momentum

Price momentum investing represents the simplest outworking of the 
technical analysts’ motto that the trend is your friend. The suggestion 
being that recent trends in returns will be maintained into the future 
and so an investment approach that favours stocks that have realised 
high returns in recent times will outperform the market. The usual jus-
tification for such a strategy being that the performance of both markets 
and individual stocks is largely driven by market sentiment which itself 
follows trends.

Empirical tests of whether stocks prices move randomly or follow 
some predictable patterns date back over 100 years.2 The early tests 
largely concentrated on the correlation between relatively short-term 
price movements and found limited evidence of mean-reversion (see 
Elton et al., 2003: 411). In more recent times DeBondt and Thaler 
(1985, 1987) found that price movements overreact over extended 
time periods and subsequently mean-revert; the implication being that 
the best performing stocks over the last three to five years will tend 
to realise poor subsequent performance. This behaviour is similar to 
that previously discussed with respect to value investing, and it may 
well be that such investment opportunities are better identified using 
valuation multiples rather than some measure of long-term market 
performance.

Although the findings discussed above suggest that there is some 
mean-reversion in both short-term and long-term price movements, 
the majority of the interest in recent years has been in the continuance 
of medium-term price movements. It is the work in this area that has 
given rise to what has become known as (price) momentum invest-
ing. Jegadeesh and Titman (1993) when evaluating US stocks found 
that the relative return on stocks over a 3–12 months period is highly 
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correlated with their relative returns over the previous 3–12 months. 
Many authors subsequently confirmed these findings with perhaps 
the most comprehensive being Jegadeesh and Titman’s update of their 
original study ( Jegadeesh and Titman, 2001). The evidence on price 
momentum is not limited to the USA. The most extensive international 
studies were conducted by Rouwenhorst (1998), who found that price 
momentum strategies also performed well in other developed markets 
and also many of the emerging markets.

The strength of the findings with respect to price momentum 
provided the impetus for a number of authors to try and provide 
an explanation for the empirical findings, with investment risk 
being the most obvious candidate. A consistent finding, however, 
was that applying the traditional risk controls (CAPM, Fama–French 
three factor model) actually increases momentum returns (Grundy 
and Martin, 2001; Chopra et al., 1992; Jegadeesh and Titman, 2001; 
and Rouwenhorst, 1998). Other attempts to attribute momentum to 
illiquidity, data snooping and the like have also failed to meet with 
much success. Indeed, the outperformance of simple price momen-
tum strategies remains so much a mystery that Fama has identified 
this as the one outstanding anomaly in market behaviour (Fama, 
1998). The authors propose that a most likely explanation for the 
continued success of momentum trading is that it is a consequence of  
information signals being correlated over time (good news is more 
likely to follow good news) and the fact the market tends to under-
react to new information (see Kadiyala and Rau, 2001, and Soffer and 
Walther, 2000). Such conditions create the environment for extended 
trends in price movement, especially in a positive direction, at a  
time when management is actively manipulating information flows 
(see, for example, Richardson et al., 2000).

Earnings momentum

As indicated above, a likely contributing factor to price momentum is 
the fact that information signals are correlated over time (ie good news 
is more likely to be followed by more good news). Reported earnings is a 
prime suspect as the major source of information to which prices react. 
As a consequence, a number of writers have studied the market reaction 
to several forms of earnings momentum. A very early study in this area 
was conducted by Ball and Brown (1968), who evaluated the share price 
reaction to a change in a firm’s earnings from one reporting period to 
the next and found that such changes did result in a consistent move-
ment in share price. Evidence of a post announcement earnings drift 



132 Ron Bird and Jonathan Whitaker

has also been found, which suggests that investment strategies based on 
earnings momentum would be rewarded.

From evaluating the price response to earnings announcements, writ-
ers then turned to undertaking similar analyses and obtained similar 
findings using the earnings forecasts undertaken by equity analysts as 
the information source. These forecasts not only have the advantage of 
occurring earlier in the information cycle, but also are updated more 
frequently than reported earnings and so are more in tune with an 
investment strategy that is rebalanced on a monthly basis. It is for these 
reasons that the two earnings momentum criteria that we apply in this 
study for rankings stocks and forming portfolios are both based on the 
analysts’ earnings forecasts, ie:

–  Agreement measures the direction of changes in analysts’ earnings 
forecasts over a short time period. It was first studied by Givoly and 
Lakonishok (1979) and is commonly used by a number of managers 
as part of their investment process;

–   Forecast revisions measure the change in the magnitude of the ana-
lysts’ earnings forecasts over a short time period. It has been evaluated 
by a number of writers including Chan et al. (1996) and is also used 
by a number of managers as part of their process.

Data and method

The data

In the following section the authors report on the performance of 
both value and price momentum investing when applied in several 
European countries: France, Germany, Italy, The Netherlands, Spain, 
Switzerland and the UK. The analysis was conducted over the period 
from January 1990 to June 2002, using accounting data obtained 
from the Worldscope database, return data provided by GMO 
Woolley and data on analyst’s earnings forecasts provided by I/B/E/S. 
The only companies excluded from the sample were financial sector 
stocks and stocks with a negative book value. The average number 
of companies included in the database for each country is reported 
in Table 6.1.1.

Forming portfolios

Under both value and momentum investing, the stocks are ranked on 
the basis of some criterion with these rankings then being used as the 



The Performance of Value and Momentum Investment Portfolios 133

basis for forming investment portfolios. The four criteria used by the 
authors are:

– Book-to-market (bm)
– Dividend yield (divvy)
– Earnings yield (epsy)
– Sales-to-price (sales price)

The first of these measures is a stock measure based on valuations 
while the other three relate current price to some flow measure that 
captures some activity of the firm. In each case, the lowest ranked stocks 
are the most expensive stocks and the highest ranked stocks are the 
cheapest stocks.

Two different measures of price momentum were also used to form 
the portfolios:

– 6-month price momentum (pmS)
– 12-month price momentum (pmL)

These two options were chosen as previous studies have shown that 
the best results from forming price momentum portfolios are obtained 
when the classification period for ranking stocks lies somewhere 
between 6 and 12 months. With price momentum, the bottom ranked 
stocks are those that have realised the lowest return over the measure-
ment period (often referred to as the ‘losers’), while the top ranked 
stocks are those that have realised the highest return (referred to as 
the ‘winners’). The expectation being that the winners will continue to 
outperform the losers over the next several months.

Table 6.1.1 Sample size by country

Average Maximum Minimum

United Kingdom 1,081 1,274 730
France 376 454 376
Germany 332 515 230
Italy 129 147 108
Switzerland 127 162 108
Netherlands 97 115 75
Spain 78 99 57
Combined 2,219 2,533 1,641
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Finally, two measures of earnings momentum were used, each based 
on analysts’ earnings forecasts:

– Agreement (agree)
– Forecast revisions (fcr)

Agreement is measured by the quantity of analyst earnings revisions 
over a 2-month period – upward revisions minus downward revi-
sions divided by the total number of revisions. A forecast revision is 
measured by the percentage change in the consensus analysts’ earnings 
forecast over a two-month period.3 Although both measures are based 
on analysts’ forecasts, the former picks up on the fact that analysts 
tend to herd when making these revisions and so provides a measure of 
the strength of the signal relating to this herding behaviour while the 
second measure picks up on the magnitude of the signal. In the case of 
both criteria, stocks that have high rankings are expected to do much 
better than those with low rankings.

The procedure that the authors follow is to rank stocks at the begin-
ning of each month based on each of the eight criteria outlined above. 
For example, each stock within each country (say France) is ranked on 
the basis of its book-to-market. Assume that there are 100 stocks with 
five portfolios to be formed. Then the 20 stocks with the lowest book-
to-market values are included in the quintile one (most expensive) port-
folio, the next 20 stocks ranked by book-to-market in the quintile two 
portfolio and so on. The resulting portfolios are (partially) rebalanced 
monthly and assumed to be held over holding periods that vary from 
1 month to 48 months. With a 1-month holding period, the portfolios 
are totally rebalanced each month but with (say) a 12-month hold-
ing period, effectively one-twelfth of the portfolio is rebalanced each 
month, which means selling the stocks acquired 12 months ago and 
replacing them with the currently preferred stocks.

Besides following the procedure described above to build portfolios 
within countries, the authors also pool all of the stocks and build a 
combined portfolio incorporating all the available stocks from the seven 
markets. When all the stocks are then ranked in accordance with the 
procedures described above, there will be a tendency for the portfolios 
to reflect the relative valuations across the seven markets. For example, 
if French stocks are relatively cheap when measured by book-to-market, 
then they are likely to have a disproportionate weighting in the cheap 
portfolio that will be reflected in the returns on that portfolio. In order 
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to minimise the impact of any country bias on the combined portfolios, 
the authors also form these portfolios on a country-corrected basis. The 
country-corrected value for the particular criterion being used (eg book-
to-market) is calculated for each stock in each country by deducting the 
average value for the criterion across all the stocks in the country from 
the actual value for that criterion for each stock. For example, country-
corrected book-to-market for all French stocks in a particular month 
is determined by deducting the average book-to-market for all French 
stocks for that month from each stock’s book-to-market. Each stock is 
ranked across all countries in accordance with these country-corrected 
values. The portfolio formed from following this approach is described as 
a country-corrected portfolio and the returns, country-corrected returns.

Determining the returns on the portfolios

The end objective is to measure the performance of the portfolios 
formed following one of the approaches described above. The authors 
calculate several returns, each of which is described below:4

1. Equally weighted return – these are returns on equally weighting 
each stock within each portfolio.

2. Market weighted returns – these are the returns obtained by weight-
ing each stock in each portfolio on the basis for its contribution to 
the market capitalisation of the portfolio.

3. Size-adjusted equally weighted returns – in this case each stock is 
equally weighted within each portfolio but the returns used to cal-
culate the portfolio returns are not the actual stock returns for each 
month, but rather the size-adjusted returns obtained by subtracting 
the return of the portfolio composed of stocks that fall in the same 
size-decile portfolio from the stock’s actual return. (See La Porta  
et al., 1997, for a detailed discussion of the calculation of size-
adjusted returns.)

4. Size-adjusted market weighted returns – each stock is held in each 
portfolio in proportion to its market capitalisation with portfolio 
returns being calculated using the size-adjusted returns that are cal-
culated using the method described above.

As well as calculating the monthly returns for each portfolio, the 
authors also calculate a p-value as a test of the significance of these 
returns. These p-values are calculated using the Newey–West measure 
of variance that corrects for serial correlation (Newey and West, 1987).
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Finally, the authors collect the following characteristics for each 
portfolio:

–  The portfolio’s average book-to-market value as a measure of its valu-
ation level

–  The portfolio’s six-month price momentum as a measure of its recent 
market performance

–  The relative trading volume of the stocks in the portfolio over the 
previous month as a measure of its liquidity

–  The decile ranking of the market capitalisation of the stocks in the 
portfolio

The findings

The authors begin their analysis of how value and momentum strategies 
performed over the sample period by examining the performance of 
the four value criteria across the combined sample of the stocks in the 
seven countries and then evaluating the value criteria at the individual 
country level. Attention is then turned to conducting the same analysis 
applying both the two price momentum and two earnings momentum 
criteria.

Individual value strategies across all markets

Table 6.1.2 shows the absolute returns realised by applying the four 
value criteria to the pooled sample of stocks drawn from all seven 
markets. The immediate impression that one gains from reviewing 
this table is that some of the value criteria have been a lot more suc-
cessful than others in separating what prove to be the cheap from the 
expensive stocks. Those criteria that disappoint are dividend yield and 
the earnings yield while sales-to-price and particularly book-to-market 
work well. Indeed, the authors would suggest that sales-to-price and 
book-to-market are purer measures of value as they are more difficult to 
manipulate than the other criteria. Hence the authors will concentrate 
on sales-to-price and book-to-market as the value criteria throughout 
the remainder of the discussions.

The evidence suggests that sorting stocks by book-to-market adds 
value over periods of up to three years, which is consistent with previ-
ous experience for US stocks (see Lakonishok et al., 1994). For example, 
the first quintile portfolio composed of expensive stocks returns 0.61 
per cent per month over a three-year holding period with there being 
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Table 6.1.2 Equally weighted returns (per cent per month) across value port-
folios created using four criteria and with differing holding periods (combined 
markets, January 1990 to June 2002)

Panel 1: Sorting by book-to-market

Holding  
period

bm1 bm2 bm3 bm4 bm5 bm5 − bm1

1 month 0.633 0.589 0.553 0.592 1.175 0.542
0.291 0.154 0.112 0.108 0.01 0.277

3 months 0.529 0.562 0.624 0.722 1.334 0.805
0.366 0.165 0.071 0.045 0.006 0.121

6 months 0.427 0.578 0.646 0.792 1.542 1.115
0.456 0.134 0.052 0.02 0.005 0.058

9 months 0.532 0.756 0.844 0.997 1.88 1.348
0.353 0.047 0.01 0.003 0.002 0.031

12 months 0.507 0.773 0.894 1.059 2.002 1.495
0.375 0.041 0.006 0.001 0.001 0.021

24 months 0.546 0.762 0.887 1.202 2.077 1.531
0.333 0.05 0.009 0.001 0.001 0.013

36 months 0.614 0.825 0.956 1.309 2.206 1.591
0.265 0.032 0.004 0 0.001 0.013

48 months 0.443 0.684 0.746 1.119 1.7 1.257
0.417 0.078 0.023 0.004 0.004 0.02

Panel 2: Sorting by dividend yield

Holding  
period

divy1 divy2 divy3 divy4 divy5 divy5 −  
divy1

1 month 0.531 0.727 0.777 0.76 0.771 0.241
0.402 0.041 0.038 0.047 0.137 0.555

3 months 0.7 0.791 0.834 0.713 0.755 0.055
0.297 0.024 0.023 0.056 0.13 0.907

6 months 0.883 0.806 0.849 0.696 0.776 –0.107
0.239 0.014 0.015 0.054 0.105 0.859

9 months 1.135 1.002 1.074 0.872 0.954 –0.181
0.156 0.002 0.002 0.017 0.041 0.788

12 months 1.229 1.047 1.138 0.897 0.953 –0.275
0.141 0.001 0.001 0.016 0.037 0.702

24 months 1.081 1.009 1.162 1.167 1.042 –0.04
0.169 0.004 0.001 0.005 0.017 0.953

36 months 1.009 1.054 1.247 1.472 1.098 0.089
0.157 0.002 0 0.004 0.011 0.882

48 months 0.73 0.821 0.989 1.264 0.891 0.161
0.305 0.018 0.003 0.013 0.03 0.791

(continued)
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Table 6.1.2 Continued

Panel 3: Sorting by earnings yield

Holding  
period

epsy1 epsy2 epsy3 epsy4 epsy5 epsy5 −  
epsy1

1 month 0.369 0.705 0.697 0.838 0.959 0.59
0.571 0.08 0.04 0.018 0.023 0.112

3 months 0.543 0.709 0.746 0.874 0.923 0.38
0.419 0.071 0.025 0.013 0.024 0.374

6 months 0.773 0.681 0.742 0.9 0.915 0.142
0.287 0.071 0.02 0.006 0.02 0.793

9 months 1.109 0.811 0.92 1.101 1.096 −0.013
0.147 0.03 0.004 0.001 0.005 0.983

12 months 1.256 0.835 0.96 1.133 1.08 −0.176
0.112 0.024 0.002 0 0.006 0.78

24 months 1.535 0.847 0.937 1.093 1.117 −0.418
0.076 0.025 0.006 0.001 0.006 0.567

36 months 1.566 0.908 0.965 1.123 1.336 −0.23
0.039 0.015 0.004 0 0.002 0.644

48 months 1.215 0.709 0.738 0.852 1.188 −0.027
0.078 0.059 0.034 0.006 0.01 0.947

Panel 4: Sorting by sales-to-price

Holding  
period

sales  
price1

sales  
price2

sales  
price3

sales  
price4

sales  
price5

sales price5 − 
sales price1

1 month 0.479 0.689 0.8 0.742 0.869 0.391
0.363 0.054 0.028 0.069 0.072 0.149

3 months 0.491 0.737 0.809 0.791 0.98 0.49
0.341 0.037 0.025 0.046 0.047 0.083

6 months 0.498 0.725 0.796 0.824 1.182 0.683
0.313 0.031 0.02 0.03 0.033 0.069

9 months 0.706 0.899 0.967 1.051 1.429 0.723
0.15 0.007 0.004 0.005 0.016 0.096

12 months 0.769 0.94 1.004 1.092 1.473 0.705
0.117 0.005 0.003 0.003 0.018 0.135

24 months 0.817 0.928 0.983 1.131 1.677 0.86
0.106 0.009 0.006 0.004 0.018 0.132

36 months 0.964 0.972 1.022 1.167 1.857 0.892
0.054 0.006 0.003 0.001 0.019 0.183

48 months 0.801 0.757 0.756 0.874 1.6 0.799
0.11 0.035 0.028 0.012 0.038 0.216

Notes: The first line in each cell is the monthly returns while the second line reports the 
p-value calculated using the Newey-West measure of variance corrected for serial correlation. 
For example, the top left hand cell in Panel 1 shows that the first quintile of book-to-market 
realised a monthly return of 0.633 per cent with a p-value of 0.291.
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a smooth transition in returns across the other quintile portfolios with 
the fifth quintile portfolio composed of cheap stocks returning 2.20 per 
cent over the same holding period. For all holding periods in excess of 9 
months, the difference between the returns on the cheap and expensive 
portfolios is highly significant. The sorting of stocks by sales-to-price 
produces portfolios whose returns are equally regular and long-lived as 
are those for the book-to-market portfolios, even though they suggest a 
value strategy which is slightly less profitable.

In order to gain greater insights into the reasons why these two crite-
ria might give rise to a profitable value strategy the authors examined 
several characteristics of the resulting portfolios and these are reported 
in Table 6.1.3. The characteristics of both sets of portfolios are quite 
distinctive – the cheap book-to-market portfolios comprised relatively 
small and cheap (by book-to-market) stocks that have experienced poor 
recent market performance and a relatively low trading volume; the 
cheap sales-to-price portfolios comprised stocks that have experienced 
poor recent market performance on a relatively low trading volume but 
which are, on average, neither small nor cheap.

Table 6.1.3 Characteristics of book-to-market and sales-to-price portfolios  
(combined markets, January 1990 to June 2002)

Book-to-market

Portfolio Book-to-
market

6-month price 
momentum (per 
cent per month)

Volume (proportion 
of total)

Size (decile 
rank)

bm1 0.0933 2.3887 0.2126 6.8255
bm2 0.2409 1.3565 0.2155 6.745
bm3 0.4143 0.7897 0.2548 6
bm4 0.6957 0.3507 0.212 4.9664
bm5 1.4211 −0.8508 0.105 2.9765

Book-to-market

Portfolio Book-to-
market

6-month price 
momentum (per 
cent per month)

Volume (proportion 
of total)

Size (decile 
rank)

sales price1 0.2928 1.4622 0.2672 6.2181
sales price2 0.3486 1.2984 0.3712 6.1409
sales price3 0.5005 0.8808 0.2527 5.1007
sales price4 0.5646 0.3246 0.0545 4.2383
sales price5 0.4382 0.0385 0.0544 5.3188
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The characteristics presented in Table 6.1.3 would suggest the possibility 
that, especially in the case of the book-to-market portfolios, size and 
illiquidity considerations might mitigate against being able to extract 
much of the potential added value highlighted in Table 6.1.2. In order 
to throw more light on this possibility, we also report the performance  
of each of the portfolios first measured on a market weighted basis 
(Table 6.1.4) and then on a market-weighted and size-adjusted basis 
(Table 6.1.5). The overall effect of market weighting the stocks within 
the portfolio is to lower the impact of the smaller stocks on portfolio 
returns. Therefore, it is not surprising to find from an examination of 
Table 6.1.4 that the spread in the returns across the various portfolios is 
lower than they were when returns were calculated for equally weighted 
portfolios. The introduction of size-adjusted returns as reported  
in Table 6.1.5 does not, however, result in any further erosion of  
the outperformance of the cheaper stocks, with the spread between the 
returns on the cheap and expensive portfolios remaining at around 
7 per cent per annum over a 36-month holding period in the case of 
book-to-market portfolios and almost 5 per cent per annum in the case 
of sales-to-price portfolios. The optimal holding period for the value 
portfolios would appear to be somewhere between 24 months and 36 
months, over which time the spread between the returns on the cheap 
and expensive portfolios has maximum statistical significance.

The final issue to examine when investigating the application of 
value investing across the whole population of stocks is whether the 
way in which the rankings from the various countries have been com-
bined introduces country positions that impact on the performance of 
the portfolios. In order to gain insights into this possibility, the authors 
produce country-corrected portfolios following the procedure described 
in the previous section, and report the returns on these country- 
corrected portfolios in Table 6.1.6. The effect of correcting for country bias 
results in a slight erosion in the performance of the portfolios, especially 
in the case of those formed using sales-to-price over the longer holding 
periods. It does seem, however, that the vast majority of the potential 
added value from implementing a value strategy during this period 
would have been due to stock selection rather than country bets.

The conclusion the authors draw from the discussion to date is that 
a value strategy based on either book-to-market or sales-to-price per-
formed well if executed over the major European markets during the 
period from January 1990 to June 2002. This is a particularly interesting 
period as it contains a 10-year period when there was a boom in stock 
prices followed by a 2+ year correction period. Indeed, an analysis of 
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Table 6.1.4 Market-weighted returns (per cent per month) for book-to-market 
and sales-to-price portfolios (combined markets, January 1990 to May 2002)

Panel 1: Sorting by book-to-market

Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

1 month 0.657 0.865 0.877 0.822 1.129 0.471
0.117 0.01 0.005 0.029 0.009 0.329

3 months 0.639 0.812 0.857 0.865 1.103 0.464
0.111 0.012 0.005 0.013 0.011 0.318

6 months 0.629 0.812 0.865 0.838 1.115 0.486
0.1 0.008 0.002 0.014 0.007 0.259

9 months 0.805 1.008 1.046 1.017 1.345 0.54
0.038 0.001 0 0.002 0 0.191

12 months 0.768 1.006 1.029 1.032 1.328 0.559
0.05 0.001 0 0.002 0 0.153

24 months 0.724 0.947 1.04 1.041 1.379 0.654
0.073 0.004 0 0.002 0 0.054

36 months 0.738 0.898 1.008 1.044 1.352 0.614
0.061 0.008 0.001 0.002 0 0.055

48 months 0.67 0.774 0.865 0.899 1.137 0.467
0.093 0.029 0.004 0.011 0.001 0.136

Panel 2: Sorting by sales-to-price

Holding period sales 
price1

sales 
price2

sales 
price3

sales 
price4

sales 
price5

sales price5 − 
sales price1

1 month 0.546 0.765 0.917 0.944 1.109 0.564
0.193 0.009 0.005 0.009 0.005 0.014

3 months 0.554 0.803 0.906 0.97 1.015 0.461
0.174 0.007 0.004 0.004 0.008 0.057

6 months 0.534 0.754 0.786 1 1.034 0.5
0.179 0.009 0.011 0.002 0.004 0.037

9 months 0.725 0.94 0.948 1.201 1.2 0.475
0.074 0.001 0.002 0 0.001 0.047

12 months 0.737 0.947 0.904 1.178 1.153 0.416
0.074 0.001 0.003 0 0.001 0.073

24 months 0.668 0.9 0.934 1.149 1.151 0.483
0.128 0.002 0.005 0.001 0.002 0.036

36 months 0.756 0.834 0.908 1.043 1.16 0.404
0.079 0.006 0.004 0.002 0.002 0.07

48 months 0.695 0.73 0.751 0.87 0.991 0.296
0.11 0.024 0.02 0.012 0.01 0.198
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Table 6.1.5 Market-weighted and size-adjusted returns (per cent per month) for 
book-to-market and sales-to-price portfolios (combined markets, January 1990 
to June 2002)

Panel 1: Sorting by book-to-market

Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

1 month −0.028 0.18 0.188 0.151 0.442 0.47
0.887 0.157 0.372 0.491 0.19 0.329

3 months −0.016 0.158 0.197 0.215 0.45 0.466
0.935 0.239 0.316 0.291 0.155 0.316

6 months 0.013 0.195 0.245 0.226 0.49 0.477
0.942 0.14 0.203 0.245 0.1 0.272

9 months 0.008 0.21 0.245 0.219 0.54 0.531
0.964 0.109 0.2 0.273 0.055 0.2

12 months −0.009 0.225 0.246 0.252 0.534 0.543
0.962 0.079 0.192 0.214 0.045 0.169

24 months −0.081 0.137 0.228 0.232 0.551 0.632
0.664 0.228 0.173 0.246 0.016 0.067

36 months −0.102 0.052 0.16 0.198 0.478 0.58
0.573 0.621 0.307 0.324 0.034 0.076

48 months −0.028 0.07 0.158 0.196 0.411 0.44
0.872 0.468 0.268 0.331 0.055 0.171

Panel 2: Sorting by sales-to-price

Holding period sales 
price1

sales 
price2

Sales 
price3

sales 
price4

sales 
price5

sales price5 − 
sales price1

1 month −0.135 0.08 0.238 0.263 0.427 0.562
0.505 0.688 0.084 0.038 0.009 0.015

3 months −0.092 0.145 0.255 0.317 0.364 0.455
0.662 0.426 0.062 0.008 0.037 0.062

6 months −0.074 0.134 0.171 0.387 0.42 0.495
0.729 0.435 0.192 0.001 0.015 0.041

9 months −0.063 0.14 0.153 0.406 0.402 0.466
0.775 0.411 0.268 0.001 0.013 0.052

12 months −0.034 0.165 0.125 0.401 0.374 0.409
0.876 0.339 0.373 0.002 0.016 0.08

24 months −0.135 0.091 0.126 0.339 0.341 0.476
0.546 0.584 0.366 0.01 0.023 0.04

36 months −0.089 –0.009 0.064 0.193 0.316 0.405
0.684 0.953 0.676 0.135 0.026 0.071

48 months −0.006 0.027 0.049 0.164 0.289 0.295
0.977 0.841 0.753 0.216 0.04 0.201
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Table 6.1.6 Market-weighted returns (per cent per month) for country-corrected 
book-to-market and sales-to-price portfolios (combined markets, January 1990 
to June 2002)

Panel 1: Sorting by country-corrected book-to-market

Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

1 month 0.803 0.771 0.743 0.836 1.163 0.36
0.056 0.027 0.017 0.016 0.006 0.411

3 months 0.86 0.708 0.72 0.844 1.169 0.308
0.035 0.033 0.015 0.01 0.003 0.466

6 months 0.805 0.682 0.725 0.901 1.181 0.375
0.043 0.033 0.01 0.003 0.001 0.341

9 months 0.957 0.865 0.942 1.112 1.426 0.468
0.016 0.007 0.001 0 0 0.213

12 months 0.928 0.867 0.925 1.116 1.423 0.495
0.02 0.007 0.001 0 0 0.172

24 months 0.82 0.844 1.003 1.101 1.439 0.619
0.052 0.012 0.001 0.001 0 0.069

36 months 0.805 0.796 1.002 1.102 1.398 0.593
0.06 0.019 0.001 0.001 0 0.099

48 months 0.798 0.642 0.843 0.923 1.172 0.374
0.072 0.061 0.005 0.006 0 0.297

Panel 2: Sorting by country-corrected sales-to-price

Holding period sales 
price1

sales 
price2

sales 
price3

sales 
price4

sales 
price5

sales price5 − 
sales price1

1 month 0.748 0.87 0.578 0.902 1.473 0.725
0.04 0.027 0.085 0.007 0 0.001

3 months 0.72 0.872 0.603 0.965 1.407 0.686
0.038 0.021 0.071 0.003 0 0.001

6 months 0.798 0.846 0.586 0.846 1.36 0.563
0.015 0.019 0.079 0.006 0 0.003

9 months 0.98 1.047 0.736 1.055 1.57 0.59
0.002 0.004 0.027 0.001 0 0.002

12 months 0.953 1.064 0.685 1.085 1.503 0.55
0.003 0.004 0.041 0 0 0.003

24 months 1.005 0.967 0.614 1.125 1.334 0.329
0.003 0.011 0.09 0.001 0.001 0.059

36 months 1.014 0.975 0.564 1.122 1.2 0.185
0.002 0.011 0.119 0 0.002 0.254

48 months 0.866 0.881 0.469 0.943 1.025 0.159
0.011 0.023 0.208 0.005 0.01 0.316
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the returns on the value portfolios confirm the authors’ expectations 
that the value strategy struggled during the former period but strongly 
came into its own during the correction period. The other finding that 
is worth noting is that the authors have confirmed that despite the 
outperformance of value portfolios during this period, the majority of 
cheap (top quinitile) stocks underperform the market. Applying a one-
year holding period the authors found that on average only 46 per cent 
of their value stocks as ranked by book-to-market, outperformed the 
market – which is consistent with previous evidence on this same issue 
for other markets (Bird and Gerlach, 2003).

Value strategies across each European market

The authors conducted the same analysis at the individual country 
level as was conducted at the combined level, and found in general 
that value investing performed well in each country. It should be noted, 
however, that the sample size for some of the countries, such as Italy, 
the Netherlands, Spain and Switzerland, is likely to mitigate against 
the possibility of finding significant results in countries. The findings 
for each country are reported in Table 6.1.7, where stocks are sorted by 
book-to-market with the returns being in local currency and calculated 
for equally weighted portfolios. The book-to-market criterion produces 
a positive spread between the returns on the cheap and expensive port-
folios varying from around 5 per cent per annum for Spanish and Swiss 
markets to as much as 25 per cent per annum for the UK market. The 
strongest results in terms of statistical significance were in the larger 
markets (UK, France and Germany) plus Italy. In each country there is a 
fairly smooth transition in returns across the quintile portfolios, with a 
differentiation in the return between the bottom and top quintile. The 
overall findings provide confirmation that the outperformance previ-
ously seen at the combined level was mainly due to stocks selection 
within the seven markets.

The stocks have very similar characteristics across the seven countries –  
with the cheap portfolios on average being composed of stocks that are 
relatively small and illiquid with poor recent market performance (ie 
6-month price momentum). The performance of the book-to-market 
strategy for the seven countries where portfolios are formed on a mar-
ket capitalisation basis are reported in Table 6.1.8. These results, which 
correct to a certain extent for the small-cap bias and, to a lesser extent, 
for the lower liquidity, indicate that performance remains strong in 
both the UK and France but has significantly eroded in Germany. In 
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Table 6.1.7 Equally weighted returns (per cent per month) for book-to-market 
portfolios (individual markets, January 1990 to June 2002)

Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

Panel 1: German stocks sorted by book-to-market

12 months −0.376 0.019 0.198 0.213 0.28 0.656
0.532 0.96 0.524 0.49 0.501 0.226

24 months −0.59 0.07 0.313 0.357 0.421 1.011
0.302 0.854 0.304 0.235 0.267 0.019

36 months −0.508 0.134 0.382 0.461 0.481 0.989
0.339 0.713 0.198 0.135 0.189 0.01

Panel 2: French stocks sorted by book-to-market

12 months 0.867 1.124 1.25 1.315 2.716 1.849
0.259 0.02 0.003 0.001 0 0.022

24 months 1.101 1.194 1.304 1.667 2.697 1.596
0.131 0.014 0.003 0.001 0 0.019

36 months 1.279 1.369 1.486 2.04 2.76 1.482
0.073 0.007 0.001 0.001 0 0.015

Panel 3: Italian stocks sorted by book-to-market

12 months 0.808 1.003 0.945 1.903 1.733 0.925
0.229 0.084 0.129 0.019 0.021 0.062

24 months 0.996 1.076 1.141 1.984 1.72 0.724
0.137 0.09 0.084 0.009 0.022 0.065

36 months 1.241 1.368 1.473 2.198 1.939 0.698
0.066 0.034 0.023 0.002 0.01 0.053

Panel 4: Netherlands stocks sorted by book-to-market

12 months 0.987 1.073 1.079 1.074 1.538 0.551
0.076 0.018 0.007 0.011 0.011 0.274

24 months 0.994 1.022 1.243 1.229 1.518 0.525
0.088 0.039 0.004 0.004 0.011 0.253

36 months 1.048 1.3 1.401 1.325 1.778 0.73
0.076 0.007 0.001 0.003 0.004 0.131

Panel 5: Spanish stocks by book-to-market

12 months 1.105 1.406 1.623 1.511 1.532 0.428
0.082 0.013 0.002 0.008 0.007 0.181

24 months 1.297 1.5 1.666 1.429 1.576 0.28
0.049 0.01 0.003 0.013 0.009 0.383

36 months 1.748 1.836 2.054 1.746 2.244 0.496
0.005 0 0 0.001 0.001 0.365

(continued)
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Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

Panel 6: Swiss stocks by book-to-market

12 months 0.99 0.967 0.945 1.187 1.199 0.209
0.065 0.054 0.073 0.022 0.015 0.52

24 months 1.013 1.012 1.04 1.254 1.413 0.4
0.068 0.052 0.057 0.029 0.005 0.177

36 months 1.136 1.177 1.164 1.417 1.537 0.402
0.043 0.027 0.034 0.014 0.002 0.158

Panel 7: United Kingdom stocks by book-to-market

12 months 0.674 0.842 0.995 1.081 2.3 1.626
0.332 0.08 0.012 0.006 0.025 0.095

24 months 0.555 0.726 0.943 1.215 2.293 1.738
0.431 0.136 0.024 0.009 0.021 0.057

36 months 0.579 0.745 0.947 1.258 2.481 1.902
0.407 0.113 0.015 0.005 0.029 0.068

Table 6.1.8 Market-weighted returns (per cent per month) for book-to-market 
portfolios (individual markets, January 1990 to June 2002)

Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

Panel 1: German stocks sorted by book-to-market

12 months 0.381
0.553
0.529
0.416
0.805
0.189

0.741
0.103
0.699
0.122
0.891
0.033

0.821
0.019
0.963
0.012
1.103
0.002

0.952
0.018
0.947
0.018
1.141
0.003

0.735
0.065
0.911
0.026
1.066
0.01

0.354
0.517

24 months 0.383
0.466

36 months 0.262
0.594

Panel 2: French stocks sorted by book-to-market

12 months 1.074
0.031
1.066
0.043
1.051
0.054

1.194
0.007
1.207
0.013
1.383
0.008

1.113
0.013
1.269
0.003
1.34
0.001

1.063
0.021
1.047
0.038
1.313
0.02

1.745
0.002
1.717
0.002
1.854
0.001

0.671
0.111

24 months 0.651
0.081

36 months 0.804
0.011

Panel 3: Italian stocks sorted by book-to-market

12 months 0.993
0.183
1.195
0.098
1.426
0.049

1.641
0.014
1.76
0.017
1.888
0.009

1.318
0.04
1.447
0.033
1.719
0.011

1.193
0.072
1.269
0.067
1.551
0.021

1.192
0.136
1.289
0.123
1.647
0.043

0.198
0.721

24 months 0.094
0.858

36 months 0.221
0.676

(continued)
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Table 6.1.8 Continued

Holding period bm1 bm2 bm3 bm4 bm5 bm5 − bm1

Panel 4: Netherlands stocks sorted by book-to-market

12 months 0.711 1.312 1.394 1.462 0.789 0.077
0.315 0 0.001 0.003 0.215 0.9

24 months 0.943 1.262 1.382 1.438 0.874 −0.069
0.16 0.001 0.001 0.002 0.148 0.894

36 months 0.942 1.456 1.521 1.446 1.256 0.314
0.157 0 0.001 0.006 0.03 0.534

Panel 5: Spanish stocks by book-to-market

12 months 0.936 1.432 1.607 1.697 1.769 0.833
0.135 0.002 0.001 0.004 0.007 0.111

24 months 1.218 1.262 1.537 1.676 1.663 0.445
0.063 0.012 0.002 0.003 0.014 0.388

36 months 1.588 1.511 1.706 1.885 1.879 0.291
0.012 0.001 0 0 0.004 0.573

Panel 6: Swiss stocks by book-to-market

12 months 0.962 1.407 1.393 1.542 1.418 0.456
0.022 0 0.005 0.003 0.01 0.3

24 months 0.818 1.488 1.281 1.608 1.499 0.681
0.065 0 0.007 0.007 0.009 0.126

36 months 0.797 1.463 1.269 1.709 1.48 0.683
0.074 0.001 0.012 0.007 0.012 0.1

Panel 7: United Kingdom stocks by book-to-market

12 months 0.711 0.768 0.874 0.972 1.405 0.694
0.092 0.01 0.006 0.009 0.001 0.149

24 months 0.476 0.661 0.953 0.972 1.443 0.967
0.293 0.041 0.004 0.011 0 0.037

36 months 0.446 0.491 0.955 0.898 1.403 0.957
0.338 0.144 0.003 0.016 0 0.044

the smaller markets, the success of the value strategies has if anything 
strengthened in both Spain and Switzerland, but has been severely 
eroded in both Italy and the Netherlands with the portfolios being 
formed using market value weights.

In general, the previous favourable finding with respect to the perfor-
mance of value investing across a combination of the major European 
market during our sample period transcends to the individual countries, 
although it suffers somewhat from the smaller sample size in some mar-
kets. There is a similar trend across the various markets with respect to 
the success rate at the individual stock level – 46 per cent of all cheap 
(top quintile) outperform their market over a 12-month holding period 
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in France, Switzerland and the UK, while this figure is slightly higher 
(47 per cent) in the other four markets, confirming at the country level 
that value strategies outperform despite the fact that the majority of 
cheap value stocks underperform.

Price momentum strategies across all markets

Momentum is the second form of investment strategy evaluated in this 
paper. In this sub-section the authors consider price momentum where 
stocks are ranked and portfolios formed on the basis of a stock’s returns 
over a prior period. In this study 6-month and 12-month periods have 
been chosen as the prior periods, on the basis that they incorporate 
the range over which other authors have found strong continuation in 
market returns.

Table 6.1.9 shows the returns on the portfolios formed applying these 
two momentum criteria. Highlighting the immediacy of this strategy, 
the performance tends to be very good, realising sizable and significant 
added value over holding periods of 3 months or less. The 6-month 
strategy continues to maintain good performance for holding periods 
of up to 9 months, with the past winners (top quintile) outperforming 
the losers (bottom quintile) by in excess of 7 per cent over this hold-
ing period. In the case of the 12-month strategy, the optimum holding 
period is less than 6 months with the outperformance of past win-
ners over past losers being around 4 per cent over a 6-month holding 
period. In both cases the short-term added value quickly reverses itself 
and becomes negative over periods beyond 24 months for the 6-month 
strategy and beyond 12 months for the 12-months strategy.

The characteristics of the price momentum portfolios are reported in 
Table 6.1.10. The typical winning (top quintile) portfolio is composed 
of stocks which are expensive, of above average size and very heavily 
traded. In contrast, the losing portfolio (bottom quintile) is composed 
of cheap stocks, which are relatively small and have been experiencing 
low turnover. As most of the potential added value is with the winning 
stocks, there seems little reason to be concerned with potential prob-
lems in implementing the strategy in terms of being able to acquire the 
desired stocks. The market weighted returns will, however, still be of 
interest, because other writers have found that correcting for any size 
bias actually increases the performance. These market-weighted returns, 
as reported in Table 6.1.11, indicate that the potential performance 
of a price momentum strategy is slightly lower in the case of market 
weighted portfolios (compared to equally weighted portfolios) over 
holding periods of up to 3 months but much greater for holding periods 
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Table 6.1.9 Equally weighted returns (per cent per month) across momentum 
portfolios created using 6- and 12-month price momentum (combined markets, 
January 1990 to June 2002)

Panel 1: Sorting by 6-month price momentum

Holding period pmS1 pmS2 pmS3 pmS4 pmS5 pmS5 − pmS1

1 month 0.209 0.239 0.563 0.884 1.599 1.39
0.754 0.542 0.077 0.005 0.002 0.014

3 months 0.317 0.319 0.698 0.896 1.509 1.192
0.643 0.41 0.029 0.004 0.001 0.032

6 months 0.536 0.365 0.754 0.919 1.392 0.856
0.472 0.326 0.014 0.001 0.001 0.162

9 months 0.743 0.677 0.952 1.097 1.503 0.761
0.281 0.079 0.002 0 0 0.148

12 months 0.979 0.738 1.002 1.092 1.403 0.424
0.171 0.044 0.001 0 0.001 0.441

24 months 1.325 0.962 1.064 1.024 1.105 −0.219
0.059 0.011 0.001 0.001 0.012 0.655

36 months 1.571 1.077 1.168 1.034 1.044 −0.528
0.022 0.003 0 0.001 0.014 0.244

48 months 1.285 0.854 0.922 0.835 0.817 −0.468
0.061 0.018 0.006 0.01 0.056 0.298

Panel 2: Sorting by 12-month price momentum

Holding period pmL1 pmL2 pmL3 pmL4 pmL5 pmL5 − pmL1

1 month 0.146 0.157 0.53 1.038 1.668 1.522
0.82 0.676 0.088 0.001 0.001 0.003

3 months 0.387 0.292 0.608 0.99 1.547 1.16
0.559 0.444 0.051 0.001 0.001 0.029

6 months 0.725 0.391 0.654 0.946 1.367 0.642
0.323 0.281 0.026 0.001 0.002 0.302

9 months 1.182 0.678 0.863 1.051 1.363 0.181
0.12 0.055 0.003 0 0.002 0.779

12 months 1.416 0.79 0.925 1.042 1.206 −0.21
0.068 0.019 0.001 0 0.007 0.749

24 months 1.586 1.064 1.028 0.995 0.938 −0.647
0.027 0.003 0.001 0.002 0.039 0.217

36 months 1.893 1.158 1.108 1.013 0.876 −1.017
0.017 0.001 0 0.001 0.043 0.095

48 months 1.536 0.909 0.872 0.83 0.695 −0.84
0.018 0.004 0.001 0.004 0.043 0.092
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Table 6.1.10 Characteristics of price momentum portfolios (combined markets, 
January 1990 to June 2002)

6-months price momentum

Portfolio Book-to-
market

6-month price 
momentum (per 
cent per month)

Trading volume 
(proportion of 
total)

Size (decile 
rank)

pmS1 0.6174 −5.768 0.1696 3.9698
pmS2 0.4536 −1.3652 0.1253 5.3826
pmS3 0.4192 0.6272 0.1327 5.8993
pmS4 0.3742 2.6466 0.2235 6.2852
pmS5 0.3212 7.783 0.3489 5.9966

12-months price momentum

Portfolio Book-to-
market

6-month price 
momentum (per 
cent per month)

Trading volume 
(proportion of 
total)

Size (decile 
rank)

pmL1 0.7043 −3.9803 0.177 3.6544
pmL2 0.4865 −0.732 0.1092 5.2215
pmL3 0.4304 0.697 0.1292 5.9732
pmL4 0.3702 2.1305 0.2252 6.4396
pmL5 0.279 5.7852 0.3594 6.3624

beyond 3 months. For example the returns of the losing portfolio under 
a 6-month strategy for a 9-month holding period are now around 
1.4 per cent, while that for the winning portfolio is around 12 per cent. 
Further, this 10 per cent differential is maintained beyond holding 
periods in excess of 12 months, which highlights that forming market 
weighted portfolios extends the productive life of a price momentum 
strategy. The authors would suggest that the findings largely support 
those of previous writers, that any attempt to control for size biases 
actually improves the performance of price momentum portfolios. 
Another point that can be noted from the findings is that the majority 
of the added value from the market weighted price momentum strate-
gies comes from shorting the losing stocks.

In obtaining the results reported above, the authors simply pooled 
the stocks. Thus, the portfolio of winners (losers) will be overrepre-
sented with stocks from those markets where the market returns were 
greatest (smallest). In order to control for any country bias the authors 
also ranked the stocks across all the markets on a country-corrected 
basis. The results for the country-corrected portfolios are reported in  
Table 6.1.12. Again the evidence is a little mixed, with the country-corrected  
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Table 6.1.11 Market-weighted returns (per cent per month) for price momentum 
portfolios (combined markets, January 1990 to June 2002)

Panel 1: Sorting by 6-month price momentum

Holding 
period

pmS1 pmS2 pmS3 pmS4 pmS5 pmS5 − pmS1

1 month 0.436 0.734 0.895 0.825 0.952 0.517
0.501 0.075 0.004 0.009 0.021 0.345

3 months 0.115 0.748 0.894 0.865 1.013 0.898
0.86 0.058 0.002 0.004 0.008 0.083

6 months −0.067 0.631 0.849 0.94 1.03 1.097
0.914 0.1 0.003 0.001 0.004 0.025

9 months 0.154 0.754 1.005 1.102 1.259 1.106
0.794 0.048 0 0 0.001 0.016

12 months 0.279 0.744 1.007 1.055 1.153 0.875
0.626 0.049 0 0 0.002 0.043

24 months 0.601 0.847 1.003 0.981 0.944 0.343
0.233 0.018 0.001 0.001 0.019 0.264

36 months 0.762 0.931 0.978 0.906 0.879 0.117
0.086 0.005 0.001 0.003 0.029 0.578

48 months 0.655 0.779 0.842 0.787 0.764 0.109
0.143 0.021 0.007 0.014 0.058 0.568

Panel 2: Sorting by 12-month price momentum

Holding 
period

pmL1 pmL2 pmL3 pmL4 pmL5 pmL5 − pmL1

1 month 0.159 0.514 0.875 0.894 1.029 0.87
0.812 0.252 0.008 0.002 0.023 0.163

3 months −0.043 0.512 0.795 0.917 1.053 1.096
0.947 0.252 0.009 0.001 0.014 0.073

6 months 0.084 0.498 0.761 0.904 1.009 0.925
0.893 0.248 0.011 0 0.014 0.114

9 months 0.472 0.801 0.949 1.042 1.098 0.626
0.42 0.052 0.001 0 0.009 0.265

12 months 0.602 0.839 0.97 1.009 0.985 0.384
0.273 0.032 0.001 0 0.023 0.464

24 months 0.852 0.916 1.033 0.98 0.825 −0.027
0.064 0.011 0.001 0.001 0.066 0.94

36 months 0.989 1.011 1.015 0.924 0.779 −0.21
0.016 0.003 0.001 0.002 0.073 0.441

48 months 0.846 0.844 0.83 0.821 0.684 −0.162
0.041 0.014 0.008 0.008 0.112 0.508
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Table 6.1.12 Market-weighted returns (per cent per month) for country-corrected 
price momentum portfolios (combined markets, January 1990 to June 2002)

Holding period pmS1 pmS2 pmS3 pmS4 pmS5 pmS5 − pmS1

Panel 1: Sorting by 6-month country corrected price momentum

1 month 0.176 0.837 0.721 1.004 0.97 0.794
0.772 0.042 0.024 0.002 0.02 0.119

3 months 0.005 0.713 0.795 0.872 1.14 1.136
0.994 0.065 0.007 0.003 0.004 0.018

6 months −0.026 0.662 0.796 0.895 1.112 1.137
0.964 0.077 0.004 0.001 0.002 0.01

9 months 0.198 0.773 0.961 1.079 1.314 1.115
0.715 0.034 0.001 0 0 0.01

12 months 0.318 0.759 0.986 1.062 1.169 0.85
0.548 0.037 0 0 0.002 0.032

24 months 0.667 0.862 0.982 0.991 0.938 0.272
0.154 0.014 0.001 0.001 0.017 0.283

36 months 0.821 0.897 0.962 0.94 0.866 0.045
0.046 0.007 0.001 0.002 0.028 0.786

48 months 0.71 0.75 0.825 0.801 0.749 0.04
0.09 0.025 0.009 0.011 0.056 0.782

Panel 2: Sorting by 12-month country-corrected price momentum

1 month 0.087 0.393 0.821 0.815 1.229 1.143
0.892 0.394 0.005 0.006 0.005 0.073

3 months −0.141 0.416 0.764 0.828 1.26 1.401
0.825 0.325 0.006 0.003 0.002 0.026

6 months 0.076 0.423 0.753 0.86 1.116 1.04
0.899 0.302 0.006 0.001 0.005 0.068

9 months 0.492 0.701 0.958 1.019 1.166 0.674
0.38 0.08 0.001 0 0.004 0.213

12 months 0.601 0.776 0.982 0.986 1.044 0.443
0.251 0.043 0 0 0.012 0.372

24 months 0.863 0.912 1.028 0.943 0.852 −0.01
0.049 0.01 0 0.002 0.045 0.974

36 months 0.986 0.972 0.998 0.925 0.788 −0.198
0.012 0.003 0 0.002 0.057 0.398

48 months 0.863 0.822 0.815 0.791 0.706 −0.157
0.03 0.015 0.007 0.012 0.088 0.458

portfolios performing slightly better over holding periods of up to 3 
months but slightly worse over longer holding periods. The authors’ 
general finding is that removing the country bias has little effect on the 
performance of the price momentum portfolios, however, suggesting 
that all the added value is coming from stock selection rather than as a 
consequence of introducing any country bias.
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Price momentum strategies across each European market

The next step in the analysis is to examine the performance of the price 
momentum strategies on a country-by-country basis. Table 6.1.13 shows 
the performance of the 6-month strategy over several holding periods 
based on market weighting the stocks within the portfolios. Consistent 
with the findings for the combined markets, a combination of 6-month 
momentum with a 9-month holding period performs very well in all 
but the French and Spanish markets. In the other five markets, a long-
short portfolio of winners and losers would have returned upwards of 
9 per cent over a 9-month holding period, but even in the French and 
Spanish markets there exists some added value potential and a smooth  
gradation in returns across the quintile portfolios. Indeed, the strength 

Table 6.1.13 Market-weighted returns (per cent per month) for 6-month price 
momentum portfolios (individual markets, January 1990 to June 2002)

Holding period pmS1 pmS2 pmS3 pmS4 pmS5 pmS5 − pmS1

Panel 1: German stocks sorted by price momentum

6 months −0.793 0.26 0.502 0.601 0.819 1.612
0.272 0.533 0.122 0.022 0.036 0.004

9 months −0.606 0.435 0.669 0.831 1.028 1.633
0.371 0.291 0.038 0.001 0.011 0.001

12 months −0.571 0.47 0.706 0.82 0.913 1.484
0.392 0.243 0.03 0.002 0.023 0.002

Panel 2: French stocks sorted by price momentum

6 months 0.566 0.615 0.888 1 0.928 0.363
0.304 0.133 0.014 0.002 0.022 0.389

9 months 0.851 0.796 1.083 1.188 1.117 0.266
0.115 0.044 0.001 0 0.007 0.486

12 months 0.899 0.911 1.116 1.149 1.142 0.243
0.1 0.023 0.001 0 0.007 0.523

Panel 3: Italian stocks sorted by price momentum

6 months 0.434 0.665 0.8 0.779 1.159 0.724
0.534 0.261 0.163 0.151 0.101 0.183

9 months 0.616 0.863 1.023 1.081 1.382 0.765
0.347 0.135 0.081 0.046 0.052 0.119

12 months 0.722 0.995 1.076 1.237 1.368 0.645
0.259 0.084 0.061 0.027 0.056 0.167

(continued)
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Panel 6: Swiss stocks by price momentum

6 months 0.757 0.646 0.802 1.302 1.475 0.718
0.102 0.123 0.031 0.001 0.002 0.135

9 months 0.759 0.765 1.128 1.454 1.617 0.858
0.097 0.072 0.002 0 0.001 0.053

12 months 0.858 0.836 1.132 1.445 1.477 0.619
0.051 0.043 0.002 0 0.001 0.112

Panel 7: United Kingdom stocks by price momentum

6 months −0.393 0.503 0.794 0.859 1.142 1.535
0.583 0.245 0.009 0.005 0.001 0.015

9 months −0.15 0.538 0.856 0.997 1.313 1.462
0.821 0.208 0.003 0.001 0 0.011

12 months −0.135 0.467 0.79 0.903 1.141 1.277
0.835 0.281 0.007 0.002 0.002 0.022

Table 6.1.13 Continued

Holding period pmS1 pmS2 pmS3 pmS4 pmS5 pmS5 − pmS1

Panel 4: Netherlands stocks sorted by price momentum

6 months 0.376 0.695 1.369 1.165 1.186 0.81
0.568 0.077 0 0 0.006 0.164

9 months 0.447 0.863 1.468 1.364 1.299 0.852
0.511 0.027 0 0 0.003 0.159

12 months 0.432 0.951 1.46 1.338 1.27 0.838
0.517 0.012 0 0 0.005 0.158

Panel 5: Spanish stocks by price momentum

6 months 0.447 0.546 0.773 0.711 0.716 0.269
0.526 0.324 0.136 0.112 0.152 0.598

9 months 0.794 0.828 0.975 1.168 1.08 0.286
0.215 0.109 0.039 0.005 0.027 0.522

12 months 0.885 0.893 1.105 1.178 1.073 0.189
0.146 0.073 0.016 0.004 0.025 0.651

of the finding across the individual markets is consistent with the previ-
ous evidence, which confirms that the added value from price momen-
tum is largely attributable to the performance of price momentum 
within the individual markets.

Earnings momentum strategies across all markets

The authors’ two measures of earnings momentum are based upon ana-
lysts forecasts: the first being based on the volume of analysts changing 
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Table 6.1.14 Equally weighted returns (per cent per month) for earnings 
momentum portfolios (combined markets, January 1990 to June 2002)

Panel 1: Sorting by Agreement

Holding period agree1 agree2 agree3 agree4 agree5 agree5 −  
agree1

1 month −0.168 0.383 0.521 0.992 1.302 1.471
0.708 0.372 0.242 0.014 0.001 0

3 months 0.007 0.483 0.402 1.032 1.164 1.157
0.987 0.24 0.349 0.011 0.003 0

6 months 0.151 0.539 0.481 0.915 1.032 0.881
0.724 0.17 0.264 0.018 0.005 0

9 months 0.437 0.757 0.829 1.086 1.148 0.711
0.295 0.045 0.112 0.004 0.002 0

12 months 0.53 0.784 0.971 1.08 1.136 0.606
0.197 0.036 0.108 0.004 0.002 0

24 months 0.658 0.853 1.018 0.953 1.027 0.368
0.123 0.027 0.07 0.014 0.006 0

36 months 0.773 0.927 0.955 1.033 0.986 0.213
0.051 0.013 0.048 0.005 0.007 0.004

48 months 0.538 0.706 0.665 0.802 0.754 0.216
0.172 0.052 0.15 0.029 0.041 0.001

Panel 2: Sorting by Forecast Revision

Holding period fcr1 fcr2 fcr3 fcr4 fcr5 fcr5 − fcr1

1 month 0.13 0.434 0.801 1.046 0.642 0.512
0.793 0.25 0.027 0.004 0.137 0

3 months 0.226 0.532 0.794 0.945 0.643 0.416
0.626 0.149 0.024 0.01 0.144 0

6 months 0.271 0.563 0.773 0.9 0.731 0.46
0.547 0.11 0.024 0.008 0.099 0

9 months 0.617 0.768 1.008 1.072 0.937 0.32
0.177 0.025 0.004 0.001 0.038 0.001

12 months 0.656 0.801 1.1 1.068 0.983 0.327
0.139 0.018 0.005 0.001 0.032 0.011

24 months 0.755 0.848 1.007 0.983 0.945 0.19
0.09 0.019 0.008 0.005 0.041 0.152

36 months 0.857 0.916 0.981 0.986 0.959 0.102
0.037 0.009 0.006 0.004 0.024 0.313

48 months 0.615 0.666 0.74 0.764 0.719 0.103
0.123 0.054 0.04 0.028 0.086 0.213

their forecast about a firm’s earnings in a particular direction (agree-
ment) over a 2-month period and the second based on the magnitude of 
the change in the average forecast by the analysts (forecast revision) over 
a 2-month period. Table 6.1.14 shows the returns from both of these 
strategies where the portfolios are formed on an equally weighted basis. 
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The results for the portfolios formed using agreement (agree) as the cri-
terion proved to be particularly strong, especially for periods of up to 12 
months. There is a smooth transition in the returns realised across the 
quintile portfolios with the difference in the performance between the 
low and high momentum portfolios being 7.5 per cent per annum and 
highly significant. The performance of the portfolios based on the mag-
nitude of the forecast revisions (fcr) are much weaker and less consistent 
across the quintile portfolios although they still give rise to an outper-
formance of 4 per cent per annum over a 12-month holding period.

Again, the authors tracked the characteristics of the portfolios formed 
on the two criteria (see Table 6.1.15). In the case of agreement, the 
stocks that most analysts have been revising upwards prove to be 
slightly above average in terms of both size and valuation (as measured 
by book-to-market) with good recent market performance on fairly 
average volume. The characteristics of the favoured portfolio by forecast 
revisions are similar but slightly less extreme than those for agreement. 
Given that the authors found that the size bias in the case of price 
momentum actually was detrimental to overall performance, they also 

Table 6.1.15 Characteristics of earnings momentum portfolios (combined mar-
kets, January 1990 to June 2002)

Agreement

Portfolio Book-to-
market

6-month price 
momentum (per 
cent per month)

Trading volume 
(proportion of 
total)

Size (decile 
rank)

agree1 0.4635 −0.9404 0.2723 4.9732
agree2 0.3785 0.2401 0.2075 6.7416
agree3 0.3954 0.6218 0.0957 4.2886
agree4 0.409 1.2033 0.1935 4.8893
agree5 0.3216 2.3806 0.231 6.3658

Forecasts revisions

Portfolio Book-to-
market

6-month price 
momentum (per 
cent per month)

Trading volume 
(proportion of 
total)

Size (decile 
rank)

mag1 0.4464 −0.3386 0.2507 5.3893
mag2 0.3917 0.3154 0.1283 5.6376
mag3 0.3996 0.8682 0.168 4.9027
mag4 0.3592 1.4107 0.1524 5.6779
mag5 0.3791 1.3008 0.3006 5.7483
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investigated the impact on the earnings momentum findings of forming 
portfolios using market weights. The results are reported in Table 6.1.16.  
In contrast to the findings for the price momentum portfolios, the  
separation in the returns for the earnings momentum portfolios are 
lower where the portfolios are market-weighted, rather than equally 

Table 6.1.16 Market-weighted returns (per cent per month) for earnings momen-
tum portfolios (combined markets, January 1990 to June 2002)

Panel 1: Sorting by Agreement

Holding period agree1 agree2 agree3 agree4 agree5 agree5 –  
agree1

1 month 0.345 0.611 0.813 1.047 1.202 0.858
0.41 0.063 0.05 0.002 0 0.004

3 months 0.418 0.717 0.519 0.989 1.098 0.68
0.288 0.027 0.133 0.004 0 0.012

6 months 0.483 0.739 0.516 0.87 0.981 0.498
0.209 0.019 0.128 0.005 0.001 0.045

9 months 0.684 0.931 0.664 1.03 1.13 0.446
0.063 0.004 0.059 0.001 0 0.036

12 months 0.655 0.93 0.574 1.025 1.116 0.461
0.069 0.004 0.124 0.001 0 0.017

24 months 0.672 0.886 0.583 0.944 1.062 0.39
0.072 0.01 0.134 0.004 0.001 0.005

36 months 0.692 0.872 0.553 0.907 0.966 0.275
0.058 0.01 0.138 0.005 0.002 0.013

48 months 0.588 0.75 0.458 0.793 0.823 0.234
0.109 0.03 0.222 0.02 0.013 0.005

Panel 2: Sorting by Forecast Revision

Holding period fcr1 fcr2 fcr3 fcr4 fcr5 fcr5 – fcr1

1 month 0.724 0.609 1 1.073 0.808 0.083
0.068 0.08 0.003 0.001 0.011 0.656

3 months 0.712 0.735 0.862 0.928 0.785 0.073
0.031 0.027 0.004 0.003 0.021 0.484

6 months 0.693 0.748 0.826 0.898 0.797 0.104
0.04 0.02 0.004 0.002 0.015 0.094

9 months 0.906 0.938 1.011 1.067 0.957 0.051
0.006 0.003 0 0 0.003 0.322

12 months 0.858 0.953 0.96 1.039 0.94 0.082
0.011 0.003 0.001 0 0.003 0.065

24 months 0.86 0.911 0.901 0.983 0.897 0.037
0.015 0.009 0.003 0.001 0.008 0.327

36 months 0.841 0.884 0.85 0.921 0.861 0.02
0.016 0.011 0.005 0.003 0.01 0.52

48 months 0.717 0.752 0.749 0.779 0.746 0.029
0.043 0.036 0.02 0.018 0.03 0.262
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weighted. In the case of the agreement portfolios, the added value  
remains significant but is reduced from 7.5 per cent per annum to  
5.7 per cent per annum over a 12-month holding period. In the case 
of the forecast revision portfolios, however, any potential added value 
almost entirely disappears.5 It would appear that the volume of analysts 
revising their forecasts is much more related to future price movements 
than is the magnitude of their average revision.

As with the other criteria, when applied across all the countries, 
it could be that some of the added value is coming from biasing the 
portfolios towards particular markets rather than from stock selection. 
In order to evaluate this possibility, the authors also ranked stocks and 
formed portfolios on a country-corrected basis. Although not reported 
here, the returns on these portfolios were almost identical to those 
reported in Table 6.1.14 (equally weighted) and Table 6.1.16 (market 
weighted), which suggests that almost all the added value was coming 
from stock selection across the various markets.

Earnings momentum strategies across each  
European market

The authors evaluated the performance of earnings momentum as 
measured by agreement at the individual country level, the findings are 
reported in Table 6.1.17. The markets in which agreement would seem 
to have worked best as the criterion for forming portfolios are France, 
Spain, Switzerland and the UK. A long-short portfolio across each of 
these four markets returns between 6 per cent per annum and 8 per cent 
per annum over a 12-month holding period, which would appear to be 
optimum for investment strategies based upon agreement. In the case 
of the other three markets, an earnings momentum strategy based on 
agreement would appear to hold out some potential worthy of further 
consideration, especially when one considers the option of combining 
an earnings momentum strategy with some other strategy.

Summary and concluding comments

The objective of this paper has been to undertake a thorough evalu-
ation of the performance of value and momentum investment across 
the major European markets over the period from January 1990 to June 
2002, a major motivation being to extend our knowledge of the perfor-
mance of such strategies across a widening range of markets and over 
different time periods. Such knowledge enables one to obtain a better 
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Table 6.1.17 Market-weighted returns (per cent per month) for earnings 
momentum portfolios (agree) (individual markets, January 1990 to June 2002)

Holding period agree1 agree2 agree3 agree4 agree5 agree5 – 
agree1

Panel 1: German stocks sorted by Agreement

6 months 0.254 0.645 0.084 0.086 0.843 0.59
0.675 0.139 0.811 0.861 0.064 0.062

12 months 0.555 0.857 0.212 0.115 0.863 0.308
0.314 0.041 0.554 0.823 0.066 0.254

24 months 0.696 0.903 0.396 0.298 0.803 0.107
0.19 0.033 0.245 0.573 0.108 0.666

Panel 2: French stocks sorted by agreement

6 months 0.516 0.811 0.733 1.108 1.297 0.78
0.368 0.079 0.114 0.016 0.003 0.019

12 months 0.859 1.067 1.078 1.204 1.446 0.586
0.122 0.024 0.015 0.01 0.001 0.048

24 months 1.034 0.977 1.03 1.112 1.342 0.308
0.07 0.057 0.021 0.022 0.003 0.159

Panel 3: Italian stocks sorted by agreement

6 months 0.83 1.064 0.84 1.355 1.192 0.361
0.176 0.039 0.023 0.011 0.004 0.437

12 months 1.177 1.185 1.036 1.257 1.347 0.17
0.05 0.027 0.005 0.01 0.002 0.679

24 months 1.116 1.174 1.099 1.131 1.396 0.281
0.055 0.024 0.01 0.04 0.002 0.315

Panel 4: Netherlands stocks sorted by agreement

6 months 0.83 1.064 0.84 1.355 1.192 0.361
0.176 0.039 0.023 0.011 0.004 0.437

12 months 1.177 1.185 1.036 1.257 1.347 0.17
0.05 0.027 0.005 0.01 0.002 0.679

24 months 1.116 1.174 1.099 1.131 1.396 0.281
0.055 0.024 0.01 0.04 0.002 0.315

Panel 5: Spanish stocks by agreement

6 months 0.562 0.925 1.304 1.114 1.265 0.703
0.403 0.074 0.03 0.055 0.02 0.041

12 months 0.938 1.483 1.413 1.614 1.551 0.613
0.106 0.004 0.01 0.004 0.004 0.018

24 months 1.243 1.462 1.44 1.525 1.624 0.381
0.048 0.008 0.013 0.007 0.006 0.097

(continued)
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Table 6.1.17 Continued

Holding period agree1 agree2 agree3 agree4 agree5 agree5 – 
agree1

Panel 6: Swiss stocks by agreement

6 months 0.45 0.65 0.8 0.896 1.289 0.839
0.398 0.2 0.103 0.108 0.024 0

12 months 0.864 0.953 0.976 1.095 1.335 0.47
0.116 0.071 0.056 0.046 0.019 0.003

24 months 1.132 1.044 1.078 1.201 1.189 0.057
0.053 0.062 0.044 0.034 0.041 0.634

Panel 7: United Kingdom stocks by agreement

6 months 0.427 0.62 0.72 0.658 0.868 0.441
0.258 0.05 0.077 0.048 0.005 0.056

12 months 0.498 0.726 0.635 0.901 1.011 0.513
0.16 0.025 0.154 0.003 0.001 0.006

24 months 0.441 0.678 0.494 0.821 0.898 0.457
0.249 0.055 0.294 0.011 0.004 0.002

understanding of market behaviour and potential anomalies that can in 
turn give rise to superior investment management strategies.

The authors’ general finding is that value and momentum strategies 
would have performed well over the period studied both if applied 
across the combination of all markets evaluated and, in most instances, 
at the individual market level. Of the various criteria used to form value 
portfolios, both book-to-market and sales-to-price performed well and 
generated added value when applied over holding periods of up to 36 
months. The stocks favoured had a small capitalisation bias which, 
when controlled, resulted in a reduction in, but far from complete ero-
sion of, the added value associated with these implementations of a 
value strategy. The momentum strategies also meet with a high level of 
success, although this was confined to much shorter holding periods. 
Again there was a small-cap bias in the well performing momentum 
portfolios, with attempts to control for this bias resulting in even 
greater added value in the case of price momentum, although it did 
erode, but far from completely remove, the added value from the earn-
ings momentum portfolios.

Of course most studies raise more questions than they can answer. In 
the case of this paper, one obvious question stems from the fact that 
the authors have limited their evaluation of value and momentum to 
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only ranking stocks and forming portfolios based on a single criterion. 
A number of writers have found that using multiple criteria to form 
portfolios can result in even better performance. An obvious extension, 
then, is to evaluate portfolios composed on multiple criteria (eg two 
value criteria or a value criterion with a momentum criterion).

A second challenge is to determine how best to tackle the dilemma 
of all value investors – the fact that the majority of stocks in which 
they invest underperform the market. This suggests that the combina-
tion of some quality measure with the value criteria has the potential 
of improving the hit rate from value investing which would translate 
into a significant increase in added value. Finally, there is the complex 
issue as to why value and momentum strategies continue to add value, 
especially as they are well known and easy to implement. As suggested 
earlier, the success of value strategies is possibly easier to understand as 
it may just be a premium to compensate for the discomfort associated 
with holding value stocks. Momentum is a bit more difficult to under-
stand as it seems just another outworking of the market under-reacting 
to new information, which is one aspect of market behaviour for which 
the authors are still seeking an explanation.
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Notes

1. These returns are based upon the S&P Europe 350 index measured in British 
pounds.

2. The first comprehensive work undertaken in this area was by Bachelier 
(1900).

3. The forecast at each point in time is calculated for a constant 12-month 
period. For example, if it is 6 months from the end of the next financial year, 
the 12-month forecast is calculated as one-half the one-year forecast and one-
half the two-year forecast.

4. When forming portfolios within one country, the returns on the portfolio are 
calculated in local currency. Where the portfolios are formed across all seven 
countries, the returns are all calculated in British pounds.

5. Although not reported here, the findings for the market-weighted size-
adjusted portfolios are almost identical as those for the market-weighted 
portfolios.
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Introduction

Numerous writers over the last 25 years have documented the success 
of value and momentum investment strategies when applied over a 
wide selection of markets. In a paper in the December 2003 issue of this 
Journal, it was established that a number of simple implementations of 
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these strategies performed particularly well across the major European 
markets during the period from January 1990 to June 2002. The purpose 
of this paper is to extend the previous analysis and examine strategies 
which combine value and momentum strategies within one portfolio. 
Indeed, there are reasons to think that such a combination will produce 
very attractive portfolios, and it is the intention in this paper to evalu-
ate alternative ways of exploiting this investment opportunity.

The next section of this paper briefly introduces value and momen-
tum investing and their performance history. The third section provides 
a broad outline of the methods and data employed in this study. The 
fourth section outlines the findings, which confirm the potential of 
combining value and momentum criteria when selecting investment 
portfolios and, in particular, illustrates how this might best be done. 
The paper concludes with some summary comments.

Value and momentum investing

As indicated above, the focus of this paper is on the opportunities pre-
sented by building portfolios using combinations of value and momen-
tum portfolios within the major European markets over the period from 
January 1990 to June 2002. Before the empirical findings are discussed, 
however, a brief introduction is provided to both approaches to invest-
ing, including a review of the findings in the previous paper based on 
the same European data (Bird and Whitaker, 2003).

Value investing

It was Graham and Dodd (1934) who first suggested that analysts 
extrapolate past earnings growth too far out into the future and, by so 
doing, drive the price of the stock of the better-performing firms to too 
high a level and that of the poorly performing stocks to too low a level. 
A number of valuation criteria (price-to-book, price-to-earnings, price-
to-sales and so on) have been used to identify mispriced stocks and so 
form the basis for choosing portfolios designed to exploit the resulting 
investment opportunities. This approach to investing became known 
as either value investing, because of its focus on investing in ‘cheap’ 
stocks and avoiding ‘expensive’ stocks, or contrarian investing, as it 
meant forming portfolios which are atypical of those being held more 
generally by investors at a particular time.

Numerous authors have found that strategies based on value criteria 
are capable of adding value (eg Rosenberg et al., 1985; Chan et al., 1991; 
Arshanapalli et al., 1998; Rouwenhorst, 1999; Lakonishok et al., 1994). 
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The previous paper evaluated several value criteria for choosing stocks 
and came to the following conclusion:

‘a value strategy based on either book-to-market or sales-to-price per-
formed well if executed over the major European markets during the 
period from January 1990 to June 2002. This is a particularly inter-
esting period as it contains a 10-year period when there was a boom 
in stock prices followed by a 2+ year correction period. Indeed, an 
analysis of the returns on the value portfolios confirms the authors’ 
expectations that the value strategy struggled during the former 
period but strongly came into its own during the correction period.’

Momentum investing

Momentum investing basically involves choosing stocks on the basis of 
a past trend typically in stock prices or some precursor of movement in 
prices such as earnings. As will be seen, momentum stocks tend to dis-
play a number of the characteristics of ‘growth’ stocks (high valuation 
ratios, immediate past and expected future earnings growth and so on), 
and so momentum investing can be regarded as a simple implementa-
tion of growth investing. This (and the previous) paper considers two 
types of momentum: price momentum and earnings momentum.

Price momentum

Price momentum investing involves favouring stocks that have per-
formed relatively well in the more recent past while avoiding those 
that have performed relatively poorly. The usual justification for such 
a strategy being that the performance of both markets and individual 
stocks is largely driven by market sentiment which itself follows trends.

A number of studies in the last decade have identified strong continu-
ation in performance based upon a stock’s performance over the prior 
three to 12 months (Jegadeesh and Titman, 1993, 2001; Rouwenhorst, 
1998). The previous paper came to the following conclusion relating to 
the performance of a price momentum strategy over the sample period:

‘The six-month (price) momentum strategy continues to maintain 
good performance for holding periods of up to 9 months ... In the 
12-month strategy the optimal holding period is less than 6 months ...  
Consistent with the findings in the combined markets, a combina-
tion of 6-month price momentum with a 9-month holding period 
perform very well in all but the French and Spanish markets.’
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Earnings momentum

A second form of momentum that has been evaluated is earn-
ings momentum, with the many writers evaluating the relationship 
between the information provided by reported earnings or analyst’s 
earnings forecast and future investment returns. A very early study in 
this area was conducted by Ball and Brown (1968), who substantiated 
that prices do react to the announcement of unexpected earnings and 
also provided early evidence of a post-announcement earnings drift. 
Subsequently, writers identified a correlation between many aspects of 
the information provided by analysts with future stock returns, thus 
confirming the importance to the market of information relating to 
earnings (see, for example, Givoly and Lakonishok, 1979; Chan et al., 
1991; Womack, 1996). These forecasts have the advantage over reported 
earnings of occurring earlier in the information cycle and being updated 
more frequently and so are more in tune with an investment strategy 
that is rebalanced on a regular basis.

The previous paper came to the following conclusion with respect to 
the use of earnings momentum as an investment signal over the sample 
period:

‘The results for portfolios formed using agreement as the criterion 
proved to be particularly strong, especially for (holding) periods of 
up to 12 months ... portfolios based on the magnitude of the earn-
ings revision are much weaker and less consistent ...’

Interplay between value and momentum

The previous paper concluded that there were a number of individual 
implementations of both value and momentum investing which per-
formed very successfully in the major European markets over the period 
from January 1990 to June 2002. This paper turns attention to the possi-
bility of realising even better returns by combining value and momentum 
within a single investment strategy. In response to a perceived cyclicality 
in stock performance, a number of studies have attempted to identify 
factors which predict periods of outperformance by growth stocks and 
by value stocks (see, for example, Asness et al., 2000). In general, the 
authors of these studies would claim a fair degree of success, with mac-
roeconomic factors (eg yield spreads) and valuation factors (eg value 
spreads relative to growth spreads) seemingly having predicted power. It 
is proposed that the findings in these studies and those of others suggest 
that there are many stocks which go through a value/momentum cycle 
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and that this cycle is closely tied to the economic cycle, with the rewards 
to momentum investing being largely pro-cyclical and those to value 
investing being largely counter-cyclical. The fact that the present sample 
encompasses sustained periods of both positive and negative market per-
formance enables this proposition to be evaluated.

There has been much reference in the finance literature to the appar-
ent conundrum where some stocks underreact to information whereas 
others overreact. Momentum and value investing are very much part of 
this phenomenon, with underreaction to individual pieces of informa-
tion being an important characteristic of trends in price behaviour that 
lead to momentum profits, while an overreaction to a series of similar 
announcements (eg good news) is an important contributor to the 
excesses in pricing which eventually give rise to the conditions for value 
investing to succeed. It can be expected that the value and momentum 
criteria are well placed to capture the cyclical nature of stock perfor-
mance, as suggested in the papers by Barberis et al. (1998) and Hong and 
Stein (1999). This paper first confirms these expectations by examining 
the correlation between the returns from value and momentum strate-
gies and then evaluates alternative means of exploiting the resulting 
investment opportunities.

Data and method

Data

The following section presents the findings on the combination of both 
value and price momentum investing when practised across the follow-
ing European markets both individually and in combination: France, 
Germany, Italy, the Netherlands, Spain, Switzerland and the UK. The 
analysis was conducted over the period from January 1990 to June 2002 
using accounting data obtained from the Worldscope database, return 
data provided by GMO Woolley and data on analyst’s earnings forecasts 
provided by I/B/E/S. The only companies excluded from the sample 
were financial sector stocks and stocks with a negative book value. The 
average number of companies included in the database for each country 
is reported in Table 6.2.1.

Criteria for ranking stocks

Under both value and momentum investing, the stocks are ranked on 
the basis of some criterion with these rankings being used as the basis 
for forming investment portfolios. This paper restricts the analysis to 
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those criteria which performed best in the previous study of the same 
markets. The criteria used are as follows:

Value criterion: Book-to-market (bm)
Price momentum criterion: 6-month (return) momentum (pm)
Earnings momentum: Agreement (agree)1

For each criterion, the lowest ranked stocks are the ones expected to 
perform worst and the highest ranked stocks are those expected to 
perform best.

In this paper, a second earnings momentum measure not previously 
considered is introduced: dispersion in the analysts’ forecasts (dis), as 
measured by the standard deviation of the forecasts at any point in 
time. Dispersion provides no information on the direction of the signal, 
and so it is not used as a standalone criterion for forming portfolios but 
rather used in combination with other criteria. It is felt that low disper-
sion is an indication of the strength of the signal from the other criteria, 
which suggests that stocks with low dispersion will do much better than 
those with high dispersion, other factors being held constant.

Forming portfolios

The focus of this paper is on forming portfolios using a combination of 
criteria, and this is achieved in two different ways:

1. The stocks are ranked separately on the basis of two criteria, and then 
portfolios are formed on the basis of the intersections of the two sets 
of rankings. For example, one portfolio could be composed of the 
stocks from the bottom quartile (quartile one) of book-to-market and 
the bottom quartile from sales-to-price, another portfolio would be 
composed of stocks from quartile one of book-to-market and quartile 

Table 6.2.1 Sample size by country

Average Maximum Minimum

United Kingdom 1,043 1,235 654
France 366 495 219
Germany 375 597 207
Italy 165 155 93
Switzerland 135 151 113
Netherlands 118 146 83
Spain 82 109 48
Combined 2,284 2,682 1,448
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two of sales-to-price and so on. In this case, 16 portfolios are formed 
which again are rebalanced monthly with holding periods for stocks 
of between one month and 48 months.

2. Again, the stocks are ranked on the basis of two separate criteria, but 
in this case separate portfolios are formed using each criterion and 
then half the funds are effectively invested in one portfolio and half 
in the other. Assume the two criteria are book-to-market and sales-
to-price, and two sets of portfolios are produced formed into deciles. 
Ten portfolios are then formed by combining the bottom decile 
book-to-market portfolio with the bottom decile sales-to-price port-
folio, the next lowest book-to-market portfolio with the next lowest 
sales-to price portfolio, and so on.

In addition, following the procedures described above to build portfolios 
within countries, all the stocks are also pooled and a combined port-
folio is built, incorporating all the available stocks across the seven mar-
kets. When all the stocks are ranked in accordance with the procedures 
described above, there will be a tendency for the portfolios to reflect the 
relative valuations across the seven markets. For example, if French stocks 
appear relatively cheap to those in the other markets when measured by 
book-to-market, they are likely to have a disproportionate weighting in  
the cheap portfolio, and this will be reflected in the returns on that port-
folio. In order to minimise the impact of any country bias on the combined 
portfolios, these portfolios are also formed on a country corrected basis by 
ranking stocks using the country corrected value for the particular crite-
rion being used (eg book-to-market) for each stock, which involves, each 
month, deducting the average value for the criterion across all the stocks 
in the country from the actual value for that criterion for each stock. For 
example, country corrected book-to-market for all French stocks in a par-
ticular month is determined by deducting from each stock’s book-to- market 
the average book-to-market for all French stocks for that month. Each stock 
from the seven countries is then ranked in accordance with these country 
corrected values and country corrected portfolios formed, which are then 
used as the basis for calculating the country corrected returns.

Determining the returns on the portfolios

The end objective is to measure the performance of the portfolios 
formed following one of the approaches described above. Several 
returns are calculated, each of which is described below:2

1. Equally weighted returns – these are obtained by equally weighting 
each stock within each portfolio.
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2. Market weighted returns – these are obtained by weighting each 
stock in each portfolio on the basis of its contribution to the market 
capitalisation of the portfolio.

3. Size-adjusted equally weighted returns – in this case each stock is 
equally weighted within each portfolio but the returns used to cal-
culate the portfolio returns are not the actual stock returns for each 
month but rather the size-adjusted returns obtained by subtracting 
from the stock’s actual return, the mean return of all the stocks that 
fall in the same size-quintile portfolio.3

4. Size-adjusted market weighted returns – each stock is held in each 
portfolio in proportion to its market capitalisation with portfolio 
returns being calculated using the size-adjusted returns calculated 
using the method described above.

As well as calculating the monthly returns for each portfolio, the study 
also calculates a p value as a test of the significance of those returns. 
These p values are calculated using the Newey-West measure of variance 
that corrects for serial correlation.

Finally, the following characteristics were collected for each portfolio:

1. The portfolio’s average book-to-market value as a measure of its valu-
ation level

2. The portfolio’s six-month price momentum as a measure of its recent 
market performance

3. The relative trading volume of the stocks in the portfolio over the 
previous month as a measure of its liquidity

4. The decile ranking of the market capitalisation of the stocks in the 
portfolio.

Findings

The previous paper examined the performance of 12 criteria for form-
ing value or momentum portfolios in the major European markets over 
the period from January 1990 to June 2002 (Bird and Whitaker, 2003). 
The overall finding was that value, price momentum and earnings 
momentum all performed particularly well over this sample period. 
More disturbing evidence in relation to the value portfolios was also 
found, however, which suggests that (i) the criteria used often have low 
discriminatory power in that they select many stocks that underper-
form, and (ii) they are effectively devoid of any market timing resulting 
in extended periods of underperformance. The focus of this paper is on 
determining the extent to which these deficiencies can be overcome 
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and so performance can be improved by simply using a combination 
of value and momentum criteria, rather than a single criterion, to form 
portfolios. As will be seen, investment strategies benefit not only from 
encompassing criteria which add value in their own right but also from 
combining criteria which produce the best performance at different 
times in the market cycle.

Combining value and price momentum strategies

Perhaps the most interesting option to consider is just how value and 
momentum investing will work in combination. The key consideration 
when combining different investment streams is to identify strategies 
which both contribute added value in their own right but also deliver 
added value that has a low correlation with the added value from other 
well-performing strategies. The correlations were evaluated between 
the added value from the best value strategy (book-to-market), the two 
best momentum strategies (six-month and agreement) and dispersion 
assuming a 12-month holding period. The findings are reported in 
Table 6.2.2 for the bottom and top quintiles under each criterion.4

The observed correlations reported in Table 6.2.2 are very pleasing 
from an investment perspective, as they suggest that the added value 
from the winning stocks by price momentum (pm5) are negatively cor-
related with the added value from investing in the cheap stocks under 
the value strategy (bm5). Similarly, the returns of the losing stocks 
by price momentum are negatively correlated with the returns of the 
expensive stocks by the value measures. These findings provide a strong 
a priori case for assuming that an investment strategy where portfolios 
are built using some combination of book-to-market with price momen-
tum will perform very well.5

Table 6.2.3 presents the returns on equally weighted portfolios 
formed using both book-to-market and six-month price momentum 
assuming various holding periods. The returns reported in this table 
provide a myriad of interesting findings, including the suggestion that 
the best strategy would have been to go short expensive losers and 
long cheap losers (rather than cheap winners). This is consistent with 
the work of Lee and Swaminathan (2000) and Swaminathan and Lee 
(2000), who suggest that expensive losing stocks are early into their 
negative momentum cycle, while cheap losing stocks are late into this 
stage of the cycle, to the extent that they will soon turn around and 
start generating good returns. It is also consistent with the findings of 
Asness (1997), who found that book-to-market was especially good at 
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Table 6.2.3 Equally weighted returns (per cent per month) across portfolios 
created using the intersection of book-to-market and 6-month price momentum 
(combined markets, January 1990 to June 2002)

Losers pm2 pm3 Winners Winners − 
Losers

Panel 1: Book-to-market and 6-month price momentum over 6-month 
holding period

Expensive −0.623 0.129 0.652 1.429 2.052
0.346 0.777 0.124 0.016 0

bm2 −0.321 0.317 0.817 1.465 1.786
0.570 0.351 0.006 0 0

bm3 −0.057 0.521 0.855 1.296 1.354
0.915 0.121 0.005 0 0

Cheap 1.625 0.947 1.148 1.169 −0.456
0.107 0.009 0 0.001 0.617

Cheap–Expensive 2.249 0.818 0.495 –0.260 1.792
0.010 0.017 0.198 0.632 0.001

Panel 2: Book-to-market and 6-month price momentum over 12-month 
holding period

Expensive −0.218 0.392 0.773 1.291 1.509
0.728 0.376 0.063 0.024 0

bm2 0.138 0.597 0.928 1.449 1.311
0.789 0.060 0.001 0 0

bm3 0.374 0.791 1.053 1.424 1.050
0.428 0.014 0 0 0

Cheap 2.174 1.315 1.409 1.571 −0.603
0.052 0 0 0 0.567

Cheap–Expensive 2.393 0.922 0.636 0.281 1.790
0.014 0.007 0.079 0.604 0.001

Panel 3: Book-to-market and 6-month price momentum over 24-month 
holding period

Expensive 0.281 0.552 0.730 0.906 0.624
0.637 0.202 0.084 0.121 0.007

bm2 0.399 0.689 0.840 1.046 0.646
0.407 0.036 0.010 0.007 0.001

bm3 0.718 0.880 1.016 1.192 0.474
0.117 0.009 0.002 0.001 0.025

Cheap 2.423 1.511 1.448 1.484 −0.939
0.040 0.001 0 0 0.383

Cheap–Expensive 2.142 0.959 0.718 0.578 1.203
0.043 0.008 0.024 0.220 0.008
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Table 6.2.4 Equally weighted returns (per cent per month) across portfolios 
created using both book-to-market and agreement (combined markets, January 
1990 to June 2002)

Losers agree2 agree3 Winners Winners − 
Losers

Panel 1: Book-to-market and agreement over 6-month holding period

Expensive −0.177 0.290 0.506 0.957 1.134
0.763 0.611 0.360 0.066 0

bm2 0.062 0.432 0.681 0.860 0.798
0.880 0.221 0.110 0.012 0

bm3 0.175 0.437 0.728 0.961 0.786
0.656 0.231 0.047 0.004 0

Cheap 0.535 0.748 1.268 1.213 0.678
0.243 0.119 0.012 0.002 0

Cheap–Expensive 0.712 0.458 0.762 0.256 1.390
0.182 0.381 0.117 0.599 0.009

Panel 2: Book-to-market and agreement over 12-month holding period

Expensive 0.114 0.411 0.697 0.955 0.841
0.843 0.438 0.211 0.062 0

bm2 0.447 0.626 0.777 0.975 0.529
0.255 0.071 0.058 0.004 0

bm3 0.537 0.700 0.899 1.146 0.609
0.151 0.036 0.010 0 0

Cheap 0.968 1.002 2.266 1.459 0.490
0.025 0.023 0.041 0 0

Cheap–Expensive 0.854 0.591 1.569 0.503 1.344
0.098 0.197 0.132 0.274 0.009

Panel 3: Book-to-market and agreement over 24-month holding period

Expensive 0.283 0.422 0.642 0.774 0.491
0.622 0.423 0.259 0.129 0

bm2 0.478 0.667 0.630 0.881 0.403
0.245 0.062 0.125 0.013 0.001

bm3 0.661 0.856 0.846 1.078 0.417
0.089 0.016 0.020 0.002 0

Cheap 1.121 1.220 1.977 1.472 0.351
0.011 0.004 0.026 0 0.006

Cheap–Expensive 0.838 0.798 1.335 0.698 1.189
0.077 0.042 0.101 0.103 0.015

differentiating between winning stocks, and price momentum was par-
ticularly good at differentiating between expensive stocks.

Table 6.2.4 replicates the analysis reported in Table 6.2.3, but agree-
ment is used as the momentum measure in place of price momentum. 
Unlike the case with price momentum, agreement does a good job of 
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differentiating across the whole range of value including the cheap 
stocks. In this case, the best performing portfolio is composed of cheap 
winners that outperform the worst performing portfolio (expensive 
 losers) by almost 1.4 per cent per month over holding periods of up 
to 12 months. Although this added value is somewhat lower than that 
added by the combination of book-to-market with price momentum 
(see Table 6.2.3), there is evidence to suggest that the potential added 
value from the book-to-market/agreement combination extends over a 
longer holding period than is the case from the book-to-market/price 
momentum combination.

Table 6.2.5 presents the characteristics of the portfolios that are formed 
using the intersection of book-to-market with both price momentum 
and agreement. In both cases, the better-performing portfolios are com-
posed of much smaller stocks than are the poorly performing portfolios. 
In order to investigate the possibility that the findings simply reflect a 
small capitalisation bias, Table 6.2.6 reports the size-adjusted, market 
weighted returns for the book-to-market/price momentum combina-
tion and Table 6.2.7 the size-adjusted, market weighted returns for the 
book-to-market/agreement combination. The success of these strategies 
are slightly diminished but far from removed by calculating returns in 
this way. Further, the previous somewhat unexpected finding that the 
cheap portfolio of losers produced the best performance is no longer 
the case, which suggests that it was largely a size-driven phenomenon. 
On the basis of market weighted and size-adjusted returns, the best 
portfolio outperforms the worst portfolio by about 1.2 per cent per 
month over holding periods of up to 12 months where price momen-
tum is used as the momentum criterion and by about 0.9 per cent per 
month where agreement is used as the momentum criterion. As was 
previously the case when independent price momentum portfolios and 
independent agreement portfolios were analysed, it is found that price 
momentum works better than agreement when used in combination 
with a value criterion.

The combined strategies discussed above involve forming portfolios 
based on the intersection of a value and a momentum criterion. As 
discussed in the third section, however, another way of drawing on 
the strengths of both strategies would be to form separate value and 
momentum portfolios and then allocate a portions of one’s investment 
funds to each. Table 6.2.8 reports the performance of just such an invest-
ment strategy where half the funds are allocated to the value portfolio 
and half to the momentum portfolio (based on price momentum in 
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Table 6.2.5 Characteristics of combinations of book-to-market with 6-month 
price momentum and agreement (combined markets, January 1990 to June 2002)

Portfolio Book-to-
market

6-month 
price 
momentum 
(% p.a.)

Trading 
volume  
(% of 
total)

Size (ave. 
decile rank)

Average 
no. of 
stocks in 
portfolio

Book-to-market with 6-month price momentum

Exp., losers 0.1159 −4.5176 0.0493 5.6745 83.1007
bm1, pm2 0.1199 −0.4866 0.0406 6.9362 100.5436
bm1, pm3 0.1209 1.9751 0.0569 7.3389 114.8591
bm1, pm4 0.1141 7.4745 0.0763 6.8624 154.5436
bm2, pm1 0.3066 −4.5829 0.0459 5.2987 90.3557
bm2, pm2 0.3068 −0.5397 0.0465 6.5671 114.1946
bm2, pm3 0.3028 1.8789 0.0689 6.8691 125.0470
bm2, pm4 0.2950 6.2202 0.1004 6.4161 123.5034
bm3, pm1 0.5707 −4.7769 0.0509 4.4732 113.1141
bm3, pm2 0.5548 −0.5584 0.0592 5.5134 121.9128
bm3, pm3 0.5497 1.8674 0.0858 5.9664 117.3826
bm3, pm4 0.5494 6.1860 0.1086 5.4094 100.6309
Cheap, losers 1.3516 −5.7600 0.0492 2.5034 166.5705
bm4, pm2 1.1729 −0.4909 0.0354 3.5302 116.3893
bm4, pm3 1.1356 1.9493 0.0421 3.6980 95.7517
Cheap, winners 1.1132 6.7611 0.0841 3.5638 74.3423

Book-to-market with agreement

Exp., losers 0.1183 0.5319 0.0499 6.5503 74.9664
bm1, agree2 0.1149 1.4791 0.0268 6.9664 97.8054
bm1, agree3 0.1123 2.5012 0.0603 5.5235 81.1879
bm1, agree4 0.1129 3.1729 0.0615 7.2919 110.5436
bm2, agree1 0.2905 −0.3661 0.0792 6.0638 84.4295
bm2, agree2 0.2886 0.7492 0.0386 6.7919 93.3154
bm2, agree3 0.2880 1.5692 0.0514 4.7718 86.1208
bm2, agree4 0.2849 2.3136 0.0667 6.8389 100.7315
bm3, agree1 0.5237 −0.9087 0.1224 5.4228 98.1074
bm3, agree2 0.5097 0.2113 0.0475 6.0168 90.9262
bm3, agree3 0.5199 0.9436 0.0564 3.6779 88.1745
bm3, agree4 0.5105 1.7083 0.0791 6.2013 87.3758
bm4, agree1 1.0861 −2.0790 0.0927 3.5772 107.0336
bm4, agree2 1.1001 −0.8844 0.0386 4.3121 82.5705
bm4, agree3 1.1495 −0.3720 0.0645 2.2483 109.1074
Cheap, winners 1.0271 0.8211 0.0642 4.6275 65.9060
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Table 6.2.6 Size-adjusted and market weighted returns (per cent per month) 
across portfolios created using both book-to-market and 6-month price momen-
tum (combined markets, January 1990 to June 2002)

Losers pm2 pm3 Winners Winners − 
Losers

Panel 1: Book-to-market and 6-month price momentum over 6-month 
holding period

Expensive −0.786 −0.103 0.241 0.399 1.185
0.009 0.580 0.204 0.147 0.008

bm2 −0.614 0.038 0.285 0.521 1.136
0.043 0.844 0.161 0.006 0.003

bm3 −0.379 0.202 0.412 0.200 0.578
0.263 0.374 0.063 0.399 0.182

Cheap −0.166 0.130 0.577 0.448 0.614
0.676 0.632 0.043 0.171 0.222

Cheap–Expensive 0.620 0.233 0.336 0.049 1.234
0.109 0.446 0.335 0.915 0.019

Panel 2: Book-to-market and 6-month price momentum over 12-month 
holding period

Expensive −0.668 −0.042 0.203 0.261 0.929
0.019 0.798 0.257 0.305 0.009

bm2 −0.503 0.066 0.271 0.461 0.964
0.069 0.718 0.181 0.011 0.007

bm3 −0.385 0.146 0.373 0.249 0.634
0.212 0.503 0.103 0.271 0.078

Cheap 0.044 0.143 0.517 0.477 0.433
0.907 0.583 0.037 0.080 0.347

Cheap–Expensive 0.712 0.185 0.313 0.216 1.145
0.084 0.501 0.277 0.592 0.019

Panel 3: Book-to-market and 6-month price momentum over 24-month 
holding period

Expensive −0.374 0.016 0.080 −0.014 0.359
0.125 0.922 0.648 0.953 0.163

bm2 −0.305 0.110 0.187 0.168 0.473
0.071 0.464 0.278 0.269 0.051

bm3 −0.084 0.176 0.331 0.259 0.343
0.711 0.368 0.137 0.224 0.216

Cheap 0.340 0.275 0.427 0.428 0.088
0.277 0.225 0.077 0.100 0.822

Cheap–Expensive 0.714 0.259 0.348 0.442 0.802
0.056 0.296 0.221 0.282 0.068
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Table 6.2.7 Size-adjusted and market weighted returns (per cent per month) 
across portfolios created using both book-to-market earnings momentum (agree) 
(combined markets, January 1990 to June 2002)

Losers agree2 agree3 Winners Winners – 
Losers

Panel 1: Book-to-market and earnings momentum (agree) over 6-month 
holding period

Expensive −0.282 −0.125 −0.041 0.437 0.719
0.175 0.502 0.840 0.042 0.002

bm2 −0.117 0.160 0.141 0.182 0.299
0.541 0.336 0.350 0.432 0.279

bm3 0.089 0.140 0.095 0.280 0.191
0.648 0.485 0.717 0.248 0.343

Cheap 0.070 0.519 0.536 0.559 0.488
0.808 0.053 0.035 0.069 0.084

Cheap–Expensive 0.352 0.644 0.577 0.121 0.840
0.382 0.107 0.133 0.780 0.063

Panel 2: Book-to-market and earnings momentum (agree) over 12-month 
holding period

Expensive −0.272 −0.033 −0.078 0.323 0.594
0.155 0.863 0.703 0.108 0.001

bm2 −0.030 0.229 0.101 0.231 0.260
0.869 0.130 0.469 0.246 0.242

bm3 0.021 0.148 0.217 0.325 0.304
0.917 0.488 0.362 0.181 0.054

Cheap 0.157 0.374 0.466 0.659 0.502
0.543 0.124 0.048 0.027 0.025

Cheap–Expensive 0.428 0.407 0.544 0.336 0.930
0.252 0.281 0.162 0.425 0.029

Panel 3: Book-to-market and earnings momentum (agree) over 24-month 
holding period

Expensive −0.231 −0.091 −0.241 0.158 0.389
0.218 0.631 0.259 0.432 0.008

bm2 −0.134 0.141 0.003 0.171 0.305
0.261 0.315 0.981 0.297 0.036

bm3 0.071 0.189 0.214 0.397 0.326
0.696 0.342 0.314 0.089 0.012

Cheap 0.179 0.380 0.431 0.632 0.452
0.478 0.097 0.062 0.015 0.033

Cheap–Expensive 0.411 0.471 0.673 0.473 0.863
0.231 0.175 0.084 0.229 0.016
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Panel 1 and on agreement in Panel 2). Again, such a way of implement-
ing a combined strategy produces good investment returns, especially 
for holding periods of up to 12 months. In order to facilitate a compari-
son of the various combined strategies, Table 6.2.9 presents the differ-
ence in the performance of the best and worst portfolio in each case over 
various holding periods. It can be seen that enhancing a book-to-market 
strategy with an agreement strategy results in only a small improvement 
over using book-to-market as the sole criterion for forming portfolios. 
When price momentum is used as the momentum criterion, however, 
it can be seen that it enhances the performance of a book-to-market 
strategy by between 0.3 per cent and 0.5 per cent per month for holding 
periods of up to 12 months. There is little to choose between the option 
of forming portfolios using the intersection of the value with price 
momentum criteria or allocating an equal amount of funds to separate 
value and momentum portfolios – the former generating slightly higher 
returns over longer holding periods but the latter producing slightly less 
volatile returns.6

Although the potential of combining a value and a momentum 
investment strategy has been established, and book-to-market and 
six-month price momentum have been identified as the best criteria 
for implementing such a strategy over the sample period, the ques-
tion remains as to whether further improvements can be gained from 
introducing additional criteria into the analysis. Undoubtedly, the most 
interesting potential inclusion into a strategy is dispersion, which was 
found in unreported results to add significantly to the performance of 
strategies based on either price momentum or earnings momentum (see 
Ackert and Athananassakos, 1997; Dische, 2002; Ciconne, 2003). With 
this in mind, the previous analysis is extended to build portfolios based 
on three criteria: book-to-market, six-month price momentum and 
dispersion. Table 6.2.7 reported on the performance of 16 portfolios cre-
ated when splitting stocks into quintiles based on the first two of these 
of criteria. The stocks included in each of these 16 portfolios are now 
further divided on the basis of whether each stock falls into the top or 
bottom 50 per cent of stocks when ranked on the basis of dispersion. 
For example, one might have (say) 150 stocks in the portfolio consisting 
of cheap winners, and each of these 150 stocks will be further divided 
into a portfolio of cheap winners with high dispersion and cheap win-
ners with low dispersion. The end result is that 32 separate portfolios 
will now be formed, and so it can be judged whether the addition of 
the new criterion adds to the performance of the strategies as reported 
in Table 6.2.7.
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The findings reported in Table 6.2.10 highlight the added per-
formance attributable to supplementing book-to-market and price 
momentum with dispersion. The ability of dispersion to differentiate 
between the cheap winning stocks and expensive losing stocks results 
in an increase in the returns on a long/short portfolio of around 0.9 per 
cent per month over a six-month holding period and 0.8 per cent per 
month over a 12-month holding period when compared with the same 
strategies implemented in the absence of dispersion (see Table 6.2.7). 
In the case of both holding periods, the entire incremental added value 
resulting by adding the dispersion criterion comes from the ability of 
dispersion to differentiate between the expensive winning stocks. It also 
seems that the majority of the added value from running a long/short 
portfolio based on value and momentum is due to the difference in 
the performance of the cheap winning portfolio and the expensive los-
ing portfolio incorporating those stocks, where there is relatively large 
disagreement between the analysts as to the future earnings prospects 
of the company (ie high dispersion). Information on the characteristics 
of these portfolios is reported in Table 6.2.11. The separation of the 
expensive losing portfolios on the basis of their dispersion produces two 
portfolios which have similar characteristics with the exception that the 
low dispersion portfolio is slightly less liquid than the high dispersion 
portfolio. The two cheap winning portfolios separated by dispersion 
also are fairly similar with the low dispersion portfolio again being 
slightly less liquid but also composed of smaller capitalisation stocks. 
The other point worth noting is that there is high level of consensus 
in the analysts’ earnings forecasts in the majority of cases (almost two-
thirds) for the expensive losing stocks. The reverse is the case, however, 
with respect to the cheap winning stocks, which suggests that the ana-
lyst community in general have yet to come to terms with the future 
prospects of companies which have most likely experienced a relatively 
recent turnaround in performance.

In order to determine whether the performance was sourced by stock 
selection or the country bets created as a consequence of the stock 
selection process, the results reported in Table 6.2.10 are also repeated 
but with the returns calculated on a country corrected basis. A reduc-
tion in added value of between 25 per cent and 30 per cent was found 
as a result of correcting for the country bets, which confirms that the 
majority of the added value is attributable to stock selection, which is 
examined in closer detail in the next sub-section of the paper.
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Table 6.2.10 Size-adjusted and market weighted returns (per cent per month) 
across selected portfolios created by combining value, earnings momentum and 
dispersion (combined markets, January 1990 to June 2002)

Expensive losers (1) Cheap winners (2) (2)–(1)

Holding period: 6 months
High dispersion (1) −1.311 0.319 1.630

0.006 0.351 0.016
Low dispersion (2) −0.597 0.328 0.925

0.042 0.280 0.047
(2)–(1) 0.714 0.009 1.639

0.050 0.979 0.012
Holding period: 12 months
High dispersion (1) −1.309 0.376 1.685

0.004 0.168 0.006
Low dispersion (2) −0.422 0.322 0.744

0.109 0.241 0.104
(2)–(1) 0.887 −0.054 1.632

0.018 0.877 0.011
Holding period: 24 months
High dispersion (1) −0.999 0.374 1.373

0.006 0.198 0.012
Low dispersion (2) −0.042 0.081 0.122

0.856 0.748 0.734
(2)–(1) 0.957 −0.293 1.079

0.003 0.396 0.028

Table 6.2.11 Characteristics of combinations of selected book-to-market with 
6-month price momentum portfolios further differentiated by dispersion (com-
bined markets, January 1990 to June 2002)

Portfolio Book-to-
market

6-month price 
momentum 
(% p.a.)

Trading 
volume  
(% of total)

Size (ave. 
decile 
rank)

Average no. 
of stocks in 
portfolio

Expensive 
losers 
with high 
dispersion

0.1141 −4.2633 0.0345 5.4295 20.0671

Expensive 
losers with low 
dispersion

0.1109 −4.1234 0.0118 5.5772 32.7785

Cheap winners 
with high 
dispersion

0.9724 5.9145 0.0539 4.7987 32.7919

Cheap winners 
with low 
dispersion

0.9383 5.5418 0.0208 3.3716 16.0268
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Combining value and price momentum  
at the country level

The discussion to date has identified that a strategy of creating port-
folios by combining value (using book-to-market as the criterion) and 
momentum (using six-month price momentum as the criterion) and 
then applying dispersion as a third criterion produced very good perfor-
mance at the aggregate level during the period of this study. The same 
strategy was applied to the seven individual markets, and the findings 
are reported in Table 6.2.12.7

It proves that the strategy has worked well in all seven markets, but 
particularly in the UK, Germany, the Netherlands and Switzerland, with 
Spain being the only market where the added value could be regarded as 
marginal. In the case of the Netherlands and France, the use of dispersion 
has turned a marginal value/momentum strategy into a very profitable 
strategy, while the use of dispersion has made a positive contribution 
to performance in all the markets, with the exception of Germany. The 
source of the added value attributable to dispersion is sometimes mixed 
owing to its ability to differentiate expensive losing stocks (the UK and 
Spain), in other cases it is able to differentiate cheap winning stocks 
(France and Italy) while, in the case of the Netherlands, dispersion 
proves effective in differentiating between both types of stocks.

Summary and concluding comments

The previous paper reported that both value and price momentum 
investment portfolios, when formed on the basis of a single criterion 
(eg book-to-market, six-month price momentum), performed well in 
the major European markets over the period from January 1990 to June 
2002. The focus of this paper is on extending the analysis to evaluat-
ing portfolios that have been formed on the basis of combinations of 
value and momentum criteria. A major motivation is to extend existing 
knowledge of the performance of such strategies across a wider range of 
markets and time periods and thus contribute to a better understanding 
of market behaviour and potential anomalies, which can then give rise 
to superior investment management strategies.

The two major findings from the analysis covering the major European 
markets during the 1990s and early 2000s are summarised below:

– Value portfolio based on book-to-market could be significantly 
improved by combining it with a momentum strategy, particularly 
price momentum.



Table 6.2.12 Size-adjusted and market weighted returns (per cent per month) 
across selected portfolios created by combining value, earnings momentum and 
dispersion (individual markets, January 1990 to June 2002)

Expensive losers (1) Cheap winners (2) (2)–(1)

UK: 12-month holding period
High dispersion (1) −1.686 0.592 2.279

0.001 0.056 0.001
Low dispersion (2) −0.828 0.595 1.423

0.020 0.059 0.011
(2)–(1) 0.858 0.002 2.281

0.016 0.993 0.001
Germany: 12-month holding period
High dispersion (1) −1.604 0.833 2.436

0.002 0.072 0.001
Low dispersion (2) −1.912 0.699 2.611

0.015 0.055 0.013
(2)–(1) −0.309 −0.134 2.303

0.566 0.865 0.001
France: 12-month holding period
High dispersion (1) −0.701 −0.022 0.679

0.062 0.946 0.182
Low dispersion (2) −0.601 0.840 1.441

0.246 0.236 0.280
(2)–(1) 0.100 0.862 1.541

0.877 0.100 0.122
Italy: 12-month holding period
High dispersion (1) 0.110 −0.381 −0.490

0.788 0.254 0.457
Low dispersion (2) −0.203 1.098 1.301

0.373 0.043 0.041
(2)–(1) −0.313 0.720 0.989

0.445 0.286 0.110
Netherlands: 12-month holding period
High dispersion (1) −1.065 −0.080 0.985

0.050 0.795 0.099
Low dispersion (2) −0.479 0.557 1.036

0.097 0.125 0.053
(2)–(1) 0.586 0.637 1.622

0.355 0.099 0.034
Spain: 12-month holding period
High dispersion (1) −0.630 0.197 0.827

0.037 0.564 0.105
Low dispersion (2) −0.368 0.031 0.399

0.212 0.929 0.449
(2)–(1) 0.262 −0.166 0.661

0.619 0.771 0.253
Switzerland: 12-month holding period
High dispersion (1) −0.184 0.291 0.475

0.498 0.296 0.210
Low dispersion (2) −0.345 0.799 1.144

0.160 0.015 0.012
(2)–(1) −0.161 0.508 0.983

0.649 0.291 0.025
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– The addition of dispersion to a value/momentum strategy resulted in 
further enhancements to performance at the level of the individual 
markets and the aggregate of these markets.

Perhaps the most interesting findings come from the analysis of the 
combined value/momentum portfolios. It has been identified that the 
added value from a value strategy tends to be negatively correlated 
with the added value from price momentum and that both tend to be 
related to the market (and economic) cycle. This all suggests that many 
stocks also go through a cycle not dissimilar to that proposed by Lee 
and Swaminathan, where the price of a typical stock will first trend in 
one direction beyond its fair value and then reverse and trend in the 
opposite direction, again overshooting fair value. Of course, not all 
stocks behave in this way, nor does a particular stock always behave 
in this way. A profitable strategy, however, will be feasible, provided 
sufficient stocks are behaving in this way at any point in time and the 
criteria used are able to identify enough of these stocks at an appropri-
ate point in their cycle.

The better-performing value strategies tended to produce portfolios 
composed of relatively small and less traded stocks. The performances 
of these portfolios, however, were only slightly eroded when stocks were 
held in proportion to their market capitalisations and returns calculated 
on a size-adjusted basis. In contrast, the better-performing enhanced 
momentum portfolios (eg price momentum with dispersion) are com-
posed of relatively large and highly liquid stocks, and their performance 
actually improved when calculated on a market weighted basis. As a 
consequence, when value and momentum are combined within the one 
strategy, the resulting portfolios are composed of stocks that are quite 
liquid, although still slightly below average in terms of market capitali-
sation. Further, the annual turnover of the better-performing strategies 
tends to fall between 50 per cent and 75 per cent, which suggests that 
transactions costs will only erode a small proportion of the potential 
added value when implementing these strategies.

Of course, most studies open up as many questions as they can 
answer. In the case of this paper, one obvious question is whether one 
can obtain even better performance by forming portfolios using even 
more convoluted combinations of criteria. Some strategies based on 
two, or even three, criteria work particularly well as the basis for form-
ing portfolios, as each strategy not only adds value in its own right but 
also complements the other through the market cycle. The best of all 
the one-by-one combinations evaluated for forming portfolios across 
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all the major European markets would appear to be book-to-market 
with price momentum. Dispersion also provides a good basis for further 
enhancing such a one-by-one strategy. Many fund managers use more 
than three criteria within their investment strategy, and it is not sur-
prising that there are good reasons, both conceptual and empirical, to 
consider more criteria in the portfolio construction process.

As discussed above, the challenge for any criteria is to provide the 
basis for identifying the correct stocks at the appropriate time in their 
cycle. This has always been a particular problem in forming value 
portfolios, as the majority of stocks chosen by the commonly used 
criteria underperform the market over reasonable holding periods, 
such as 12 months (Bird and Gerlach, 2003). The use of other criteria 
such as price momentum and dispersion are likely to have gone some 
way towards solving these problems by, for example, keeping a ‘cheap’ 
stock out of the portfolio until a more appropriate time. Indeed, price 
momentum would seem to offer some promise in timing the entry of 
a stock into a value portfolio. Further, recent studies have found that 
a combination of some quality measure with the value criteria has the 
potential of improving the proportion of value stock that outperforms, 
which translates into a significant increase in added value.

Finally, there is the complex issue as to why do value and momentum 
strategies continue to add value, especially as they are well known and 
easy to implement. As suggested earlier, the success of value strategies 
is possibly easier to understand, as it may just be a premium to com-
pensate for the discomfort associated with holding value stocks. The 
success of momentum is a bit more difficult to understand as it seems 
just another outworking of the market underreacting to new informa-
tion, which is one aspect of market behaviour for which an explanation 
is still being sought.
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Notes

1. With agreement stocks are ranked on the basis of earnings revisions by 
analysts over the previous two-month period – upward revisions minus 
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downward revisions divided by the total number of revisions – with a low 
(high) ranking indicative of a large number of negative (positive) revisions.

2. When forming portfolios within one country, the returns on the portfolio are 
calculated in local currency. Where the portfolios are formed across all seven 
countries, the returns are all calculated in British pounds.

3. For a detailed discussion of the calculation of size-adjusted returns, see 
La Porta et al. (1997)

4. Combinations of value were evaluated with the three measures of momen-
tum (price momentum, agreement and dispersion), but findings are reported 
only for the first two of these momentum criteria. It was proved that disper-
sion does a great job in differentiating expensive stocks, with low dispersion 
expensive stocks performing quite well, and value also performs well differen-
tiating high dispersion stocks with cheap high dispersion stocks performing 
quite well. While the use of dispersion was found to enhance a value strategy, 
however, it did less well than either price momentum or dispersion.

5. These expectations are also supported by the present findings when the tim-
ing of outperformance of the value and momentum strategies was evaluated. 
The value portfolio did little better than break even during the 1990s, with all 
the added value coming during the post-January 2000 period. In the case of the 
momentum strategies, all their added value came during the 1990s, with this 
strategy actually underperforming the market in the period since January 2000. 
These finds are consistent with the findings of studies on style timing, which 
found that momentum investing performed best in periods of strong economic 
growth, while value performed best during periods of economic weakness.

6. Although the findings are not reported in this paper, the performance of this 
strategy actually increased to about 1.25 per cent per month when the port-
folios were formed on a country corrected basis, suggesting that the country 
bias introduced without the correction actually detracts from performance.

7. For the three larger markets (UK, Germany and France), the results reported 
are for a 4 (book-to-market) × 4 (six-month price momentum) × 2 (disper-
sion), which results in 32 portfolios being formed. However, the sample size 
was too small to apply this to the other markets, where a 3 × 2 × 2 analysis 
was used.
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Introduction

Financial markets are highly interdependent and for many decades port-
folio managers have scrutinised the comovements between markets. It 
is regrettable, however, that traditional quantitative portfolio construc-
tion still heavily relies on the analysis of correlations for modelling the 
complex interdependences between financial assets. Admittedly, the 
application of the concept of correlation has been improved and, over 
the last ten years, following the generalised use of the JP Morgan (1994) 
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RiskMetrics approach, quantitative portfolio managers have made 
increasing use of conditional correlations.

Yet, if correlations are indeed time varying, their many changes across 
time make them a difficult tool to use in practice when managing quan-
titative portfolios, as the frequent rebalancing they imply may be very 
costly. Correlation and cointegration are somewhat related concepts, 
but the key distinction between them is that correlation reflects short-
run comovements in returns, while cointegration measures long-run 
comovements in prices.

Accordingly, the main motivation for this paper is to gauge the bene-
fits of less frequent portfolio rebalancing through the use of the concept 
of cointegration, which relies on the long-term relationship between 
time series, and thus assets, to devise quantitative European equities 
portfolios in the context of two applications: a classic index tracking 
strategy and a long/short equity market neutral strategy.

When index tracking portfolios are constructed on the basis of returns 
analysis, ie correlation, it is necessary to rebalance them frequently to 
keep them in line with the benchmark index to be tracked. Yet, if the 
allocations in a portfolio are designed such that the portfolio tracks an 
index, the portfolio should be cointegrated with the index: in the short 
run the portfolio might deviate from the index, but they should be tied 
together in the longer run. Optimal cointegration portfolios, as they 
rely on the long-run trends between asset prices, should therefore not 
require as much rebalancing.

Market neutral strategies have become popular among investment 
managers, particularly since the end of the stock market bull run in 
2000, as their key characteristic is that, if constructed and implemented 
properly, the underlying stock market behaviour does not affect the 
results of the portfolio. In other words, returns generated by an equity 
market neutral portfolio should be independent of the general stock 
market returns. A long/short equity market neutral strategy consists 
in buying a portfolio of attractive stocks, the long portion of the port-
folio, and selling a portfolio of unattractive stocks, the short portion 
of the portfolio. The spread between the performance of the longs and 
the shorts provides the value added of this investment strategy and, 
here again, the frequency of rebalancing is a key element in the final 
performance.

Data are used from the Dow Jones EUROStoxx50 index and its con-
stituent stocks from 4th January, 1999, to 30th June, 2003, to construct 
cointegration portfolios of European equities, implementing in turn 
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index tracking and long/short equity market neutral strategies: the 
results show that the designed portfolios are strongly cointegrated with 
the benchmark and indeed demonstrate good tracking performance;  
in the same vein, the long/short market neutral strategy generates 
steady returns under adverse market circumstances but, contrary to 
expectations, does not minimise volatility.

The rest of the paper is organised as follows. The second section 
briefly reviews the literature on common trends in equity markets and 
cointegration-based trading strategies. The third section describes the 
techniques and investment strategies retained for this study, while  
the fourth section documents the data used and the construction  
of the cointegration portfolios. The estimation results are presented in 
the fifth section, and the final section closes this paper with a summary 
of the conclusions.

Literature review

Since the seminal work of Engle and Granger (1987), cointegration has 
emerged as a powerful technique for investigating common trends in 
multivariate time series, providing a sound methodology for modelling 
both long-run and short-run dynamics in a system.

Although models of cointegrated financial time series are now 
relatively common, their importance for quantitative porfolio opti-
misation has remained very limited until now, because the traditional 
starting point for portfolio construction since Markowitz (1952, 1959) 
is a correlation analysis of returns, whereas cointegration is based 
on the raw price, rate or yield data: any decision based on long-term 
common trends in the price data is excluded in standard risk-return 
modelling.

Recent research on stock market linkages has emphasised finding 
common stochastic trends for a group of stock markets through testing 
for cointegrating relationships. Using monthly and quarterly data for 
the period January 1974 to August 1990 and the Johansen (1988) test 
for multiple cointegration, Kasa (1992) investigates whether there are 
any common stochastic trends in the equity markets of the US, Japan, 
the UK, Germany and Canada. The results indicate the presence of a 
 single common trend driving these countries’ stock markets. Corhay  
et al. (1993) study whether the stock markets of different European 
countries display a common long-run trend. They use static regres-
sion models and a VAR-based maximum likelihood framework, which 



194 Christian L. Dunis and Richard Ho

provides empirical evidence of common stochastic trends among five 
important European stock markets over the period 1975–1991. Masih 
and Masih (1997) underline the growing leading role of the US market 
following the 1987 crash.

Meanwhile, Choudhury (1997) analyses the long-run relationships 
between six Latin American stock markets and the US market using 
weekly data for the period January 1989 to December 1993. The coin-
tegration tests indicate the presence of a long-run relationship between 
the six Latin American indices with and without the US index. Other 
studies looking at linkages across developing countries include Cheung 
and Mak (1992), Chowdhury (1994), Garrett and Spyrou (1994), Ng 
(2002) and Dunis and Shannon (2004).

Yet, these papers focus primarily on stock market linkages. Closer 
to the preoccupation with optimal portfolio construction, Cerchi and 
Havenner (1988) and Pindyck and Rothemberg (1992) underline that an 
equity index is by definition a weighted sum of its constituents, so that 
there should be a sufficiently large basket of component equities which 
is cointegrated with the index, provided index weights are reasonably 
stable across time. Alexander and Dimitriu (2002) build index tracking 
and market neutral cointegration portfolios for domestic US equities 
based on the Dow Jones Industrial Average index with daily data from 
January 1990 to December 2001 whereas, using 12 years of daily data 
from January 1990 to March 2002, Qiu (2002) devises a cointegration-
based portfolio of international bonds from eight different countries 
to replicate the 13-country JP Morgan global government bond index. 
Finally, using the same EUROStoxx50 index and constituent series as 
the present authors do, but with daily data from September 1998 to 
July 2002, Burgess (2003) develops cointegration-based strategies for 
hedging a given equity position or implementing statistical arbitrage 
trading opportunities.

Methodology and investment strategies

Cointegration models

The issues of common trends and the interdependence of financial 
markets have come under increased scrutiny in recent years, follow-
ing Engle and Granger (1987), who point out that a linear combina-
tion of two or more non-stationary series may be stationary: if such 
a stationary linear combination exists, the non-stationary time series 
are said to be cointegrated. The stationary linear combination is called 
the cointegrating equation and may be interpreted as a long-run 
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equilibrium relationship between the variables. Thus, cointegration of 
stock markets means there is a long-run relationship between them: if  
Y and X are I(1) time series and are cointegrated so that u = Y − α − βx 
is I(0), then, in the long run, Y and X do not drift apart, since u has a 
constant mean, which is zero. Hence, Y = α + βX can be interpreted as 
an equilibrium or long-run relationship between these markets, and u 
is referred to as the error-correction term (ECT), since it gives the ‘error’ 
value in Y = α + βX and so is the deviation from equilibrium which,  
in the long run, is zero.

Engle and Granger (1987) and Engle and Yoo (1987) propose a two-
step estimation method, where the first step consists of estimating a 
long-run equilibrium relationship, and the second is the estimation 
of the dynamic error-correction relationship using lagged residuals. 
Holden and Thompson (1992) claim that this two-step approach has 
the advantage that the estimation of the two steps is quite separate, 
so that changes in the dynamic model do not enforce re-estimation of 
the static model obtained in the first step. As such, it offers a tractable 
modelling procedure.

Alexander (1999) suggests nevertheless that the problem of unique-
ness arises when there are more than two variables included in the 
model, ie the possibility of more than one cointegrating vector between 
the selected variables according to the choice of dependent variable. 
In the circumstances, the well-documented Johansen (1988) method 
for multiple cointegration allows testing for a number of cointegrating 
vectors at the same time. It relies on estimating a vector autoregression 
(VAR) model in differences, such as

ΔXt = μ + Γ1ΔXt−1 + Γ2ΔXt−2 + … + Γp−1ΔXt−p−1 

 + ΠXt−p−1 + BZt = ut (1)

where X is an (m × 1) matrix of I(1) variables, Z is an (s × 1) matrix 
of I(0) variables, the Γj and Π are (m × m) matrices of unknown para-
meters, and B is an (m × s) matrix of unknown parameters. M is the 
number of variables in X, and p is the maximum lag in the equation, 
which is a VAR model. If Π has zero rank, no stationary linear combi-
nation can be identified and the variables in Xt are not cointegrated. 
The number of lags to be included within the model is determined by 
minimizing Akaike’s error criterion.

In the current applications, however, the choice of the dependent 
variable is completely obvious, ie the EUROStoxx50 index for the 
index tracking application and the ad hoc artificial ‘long’ and ‘short’ 
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benchmarks for the long/short equity market neutral strategy. There is 
therefore no doubt as to what the endogenous variable in the cointegra-
tion equation should be and which cointegrating vector one should be 
looking for, so the original Engle and Granger (1987) approach can also 
be applied to estimate cointegration equations such as

 Yt = α + βXt + ut (2)

where Yt and Xt are cointegrated time series, and therefore the residual 
series and tracking error ut is stationary.

It is worth noting that, with a large number of stocks, there may 
be no alternative to using Equation (2), for technical reasons: indeed, 
 multicollinearity may occur, in which case least squares estimates are 
unbiased, but their variances are large and may be far from the true 
value. This can be solved using ridge regression (Hoerl and Kennard, 
1970a, b), where, by adding a degree of bias to the regression estimates, 
it is hoped that the net effect will be to give more reliable ones.

Index tracking

The first investment strategy selected in this paper is a classic index 
tracking strategy which aims to replicate the benchmark in terms of 
returns and volatility, using cointegration rather than correlation. 
This allows us to make use of the full information contained in stock 
prices and base the portfolio weights on the long-run behaviour of 
stocks.

As with traditional correlation-based portfolio construction, the 
selection of the stocks to be included in the cointegration portfolio is  
‘exogenous’, so to speak. Obviously, the quality of the index tracking 
will highly depend on the stock selection, and several alternative combi-
nations should be tried out before choosing the final tracking portfolio.

Then, portfolio weights are determined over the chosen in-sample 
period by the coefficients of the cointegration equation between the 
log price of the market index and the portfolio stocks log prices as 
exogenous variables.

 log STOXX( )t k k t
k

n

ta a P= + +
=

∑0
1

log( ), ε  (3)

where STOXXt is the EUROStoxx50 index and Pk,t is the price of the 
constituent stock Pk at time t, the series STOXXt and Pk,t are cointegrated, 
and therefore the residual series, ie the tracking error, εt is stationary.
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Using log prices has the advantage that the tracking error εt is in 
return format and the ak coefficients are portfolio weights: they need 
to be normalised, however, to sum up to one to give the percentage 
weight of each selected stock in the index tracking portfolio. The index 
tracking portfolio daily returns are computed as the weighted sum of 
the daily returns of its constituent stocks.

Long/short equity market neutral strategy

As underlined by Lederman (1996) and Jelicic and Munro (1999), mar-
ket neutral strategies are often considered by fund managers as state-
of-the-art investment strategies. They actually include many different 
complex trading strategies in the bond and equity markets, and it is 
beyond the scope of this paper to review them all. This paper concen-
trates exclusively on long/short equity market neutral strategies.

Long/short equity investment can be traced back to the late 1940s 
and the A. W. Jones investment partnership that bought and shorted 
stocks. It was later refined by N. Tartaglia at Morgan Stanley in the late 
1980s. It was not until recently, however, that long/short equity strate-
gies gained any real institutional appeal. In fact, these strategies have 
really become popular among investment managers since the stock 
market downturn in 2000, because their key characteristic is that, if 
constructed and implemented properly, the underlying stock market 
behaviour should not affect the results of the portfolio. In other words, 
returns generated by an equity market-neutral portfolio should be inde-
pendent of the general stock market returns.

A long/short equity market neutral strategy consists in buying a port-
folio of attractive stocks, the long portion of the portfolio, and selling a 
portfolio of unattractive stocks, the short portion of the portfolio. The 
spread between the performance of the longs and the shorts provides 
the value added of this investment strategy which seeks to provide a 
return in excess of the risk-free rate. The strategy is not a pure enhanced 
cash strategy because of the significantly higher risk and return expecta-
tions of the strategy, but it is an absolute return investment approach, 
hence its frequent description as a ‘double alpha’ strategy.

Indeed, there are two primary sources of return to a long/short equity 
neutral strategy. The first component is the ‘long’ portfolio, where 
the investor is a buyer of stocks: in this ‘long’ portfolio, the investor 
profits when the stocks in the portfolio rise in price, on average, and 
loses when the stock prices fall.1 The second component is the ‘short’ 
port folio, where the long/short equity investor borrows stocks from 
another investor and then sells the stocks to generate the short portfolio  
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(note the self-financing aspect of the long/short strategy): in this ‘short’ 
portfolio, the investor profits when the prices of the constituent stocks 
fall, on average, and loses when these stocks rise in price.

In practice, the construction of both ‘long’ and ‘short’ portfolios 
derives from the index tracking strategy: only this time the aim is to 
devise two cointegrating portfolios to track two benchmarks, a bench-
mark ‘plus’ and a benchmark ‘minus’ constructed by adding to (respec-
tively, subtracting from) the main benchmark daily returns an annual 
excess return of x per cent (equally distributed on the daily returns). The 
two cointegration equations tested are

 log(STOXX ) log( ),t k k t t
k

n

a a P+ + +

=

= + +∑0
1

ε  (4)

where STOXX+
t is the EUROStoxx50 ‘plus’ index devised as a benchmark 

for the ‘long’ portfolio, and P+
k,t is the price of the constituent stock P+

k 
at time t, the series STOXX+

t and P+
k,t are cointegrated, and therefore the 

residual series ε+
t is stationary.
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where STOXX−
t is the EUROStoxx50 ‘minus’ index devised as a bench-

mark for the ‘short’ portfolio and P−
k,t is the price of the constituent 

stock P−
k at time t, the series STOXX−

t and P−
k,t are cointegrated and there-

fore the residual series ε−
t is stationary.

Clearly, the choice of the annual excess return to construct the two 
‘long’ and ‘short’ cointegrated portfolios is critical. If, as mentioned 
before, there is a good reason to expect a priori that a sufficiently large 
basket of component equities will be cointegrated with the reference 
market index, this may not be true in the case of ad hoc benchmarks, 
such as those created for the ‘long’ and ‘short’ portfolios. The satisfac-
tion of the cointegration tests in (4) and (5) is therefore essential, but 
it can be reasonably expected that the larger the annual excess return 
chosen, the more difficult it will be to satisfy these tests.

Overall, the long/short equity market neutral strategy consists of 
buying the ‘long’ portfolio and selling the ‘short’ portfolio. The global 
portfolio daily returns are computed as the sum of the daily returns of 
the ‘long’ and ‘short’ portfolios (multiplied by −1 for the ‘short’ port-
folio), where the daily returns of each of these portfolios is the weighted 
sum of the daily returns of their constituent stocks. In other words, the 
strategy returns depend on the spread between the benchmarks tracked.
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Finally, as the ‘long’ and ‘short’ portfolios are both highly correlated 
with the reference stock market benchmark, and assuming that each 
tracking error is not correlated with the market, one would expect a 
low correlation of their difference with the market benchmark, a key 
characteristic of a market neutral strategy.

Data and portfolio construction 

Data

The data used in this paper are the Dow Jones EUROStoxx50 index and 
its constituent stocks as at 30th June, 2003. The databank spans 4th 
January, 1999, to 30th June, 2003, four and a half years of data with 
1,084 readings in total. It was obtained from the Yahoo financial website 
(www.finance.yahoo.co.uk). The advantage of taking this stock index is 
that it covers a panel of international stocks from different European 
countries, all denominated in a common currency, the euro. Yet, as 
rightly mentioned by Burgess (2003), the slightly non-synchronous 
closing times of the different European stock markets would induce  
distortions in a true trading environment, but, for this paper, it is 
deemed that these closing prices are good enough and serve well the 
purpose of demonstrating the use of cointegration portfolios.

The 50 stocks listed in the EUROStoxx50 index, their ticker sym-
bols and their weights in the index as at 30th June, 2003, are given in 
Appendix 1.

A log transformation is applied to both the benchmark and the 
underlying stocks, as this ensures that the cointegration equation coef-
ficients can be interpreted as portfolio weights and because, if the level 
variables are cointegrated, so will be their logarithms. Traditional ADF 
tests are performed for the EUROStoxx50 index and its constituent time 
series to confirm that they are all non-stationary.2

Portfolio construction

For both applications, an initial in-sample portfolio is constructed ini-
tially for the period from January 1999 to December 2001, and it is pro-
gressively expanded monthly until June 2003: the initial portfolio (P0) 
is constructed over the period from January 1999 to December 2001 and 
simulated out-of-sample in January 2002 as the first tracking portfolio 
(P1), then the second tracking portfolio is constructed over the period 
from January 1999 to January 2002 and simulated out-of-sample in 
February 2002 (P2), the third tracking portfolio is constructed using 
data from January 1999 to February 2002 and simulated out-of-sample 
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in March 2002 (P3), and so on. Therefore 18 out-of-sample portfolios 
(P1–P18) are obtained.

The initial portfolio P0 is based on three years of daily data, and 
the coefficients of the cointegration regression are subsequently  
re-estimated monthly using the Johansen (1988) test procedure (see 
Appendix 2 for an example). The first cointegration tracking portfolio 
(P1) is simulated from 2nd to 31st January, 2002, using estimation data 
from 4th January, 1999, to 28th December, 2001, to determine portfolio 
weights. The last tracking portfolio (P18) is simulated from 2nd to 30th 
June, 2003, using data from 4th January, 1999, to 30th May, 2003, to 
estimate portfolio weights.

To build the index tracking portfolio, it is first necessary to apply 
a stock selection procedure: for the purpose of diversification, one 
initially applies the simplest stock selection criterion available, ie 
the weight of the stocks in the index at the moment of the port-
folio construction to construct P0 portfolios containing 5, 10, 15 
and 20 constituent stocks that are most highly cointegrated with the 
EUROStoxx50 index as at 28th December, 2001. Only relative weights 
are subsequently modified.

The cointegration equation then allows portfolio weights to be deter-
mined, using the regression coefficients and normalizing their sum 
to 1. There is no specific constraint: both long and short positions are 
allowed.

The stationarity of the tracking error in each regression is then tested 
with a traditional ADF test, the more stationary the tracking error, the 
greater the cointegration between the benchmark and the constructed 
portfolio.

The final stage is the computation and analysis of portfolio results. 
To gauge portfolio performance, for each tracking portfolio, annualised 
returns (using portfolio returns, estimated as the first difference in port-
folio log prices), annualised volatility, excess returns, information ratio,3 
Sharpe ratio4 and correlation of the tracking portfolio returns with the 
index returns are calculated.

This paper devises cointegration portfolios as described above for 
three different applications: (1) a simple index tracking; (2) the same, 
but with different rebalancing frequencies; and (3) a long/short market 
neutral strategy.

Simple index tracking methods

Cointegrated portfolios are constructed, tracking the EUROStoxx50 
index, which contain respectively 5, 10, 15 and 20 stocks.
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Different rebalancing frequencies

To investigate whether the stock selection method is responsible for 
potential weight instability, alternative stock selection methods are used, 
also based on price ranking criteria. To reduce turnover, each portfolio 
is kept constant for three-month, six-month and one-year investment 
periods. The initial strategy based on monthly rebalancing is subse-
quently referred to as RM, while the quarterly, semi-annual and annual 
rebalancing strategies are denoted by RQ, RSA and RA, respectively. 
Note that an important difference between the initial stock selection 
method and the alternative ones proposed here will be associated trans-
action costs.

Long/short equity market neutral

An extension for exploiting the tracking potential of cointegrated port-
folios is to replicate ‘plus’ and ‘minus’ benchmarks by creating ‘long’ 
and ‘short’ portfolios. Yet many different ‘plus’ and ‘minus’ benchmarks 
can be devised on the back of the EuroStoxx50 index, leading to alterna-
tive tracking portfolios.

Concerning the ‘constrained’ long/short strategy, one needs to 
construct two new artificial benchmarks by adding/subtracting an 
annualised return of x per cent uniformly from the daily returns of 
the EuroStoxx50 index. (For instance, to construct the ‘EuroStoxx50–5  
per cent’ artificial benchmark, one needs to subtract 0.01984 per cent,  
ie 5 per cent/252, assuming a 252-day trading year, from the EuroStoxx50 
daily returns and then find a cointegration relationship between this 
new benchmark and some of the stocks available.) The methodology for 
an artificial ‘EuroStoxx50 plus’ benchmark is obviously similar.

Having ensured that the portfolios pass the cointegration test, one 
then computes the weights exactly as with the simple index tracking 
strategy. The long/short portfolio manager gets the sum of the return 
of the ‘long’ portfolio and the return (multiplied by −1) of the ‘short’ 
portfolio (in fact, less the borrowing cost of the ‘short’ portfolio, as he/
she needs to borrow to ‘buy’ the stocks of the ‘short’ portfolio before 
selling them, and one therefore subtracts 4 per cent p.a. from the ‘short’ 
portfolio return to reflect borrowing costs).

Nine combinations of artificial benchmarks are used in order to imple-
ment different long/short equity market neutral portfolios: (1)  ‘plus’  
2.5 per cent vs ‘minus’ 2.5 per cent; (2) ‘plus’ 2.5 per cent vs ‘minus’ 5 per 
cent; (3) ‘plus’ 2.5 per cent vs ‘minus’ 10 per cent; (4) ‘plus’ 5 per cent vs 
‘minus’ 2.5 per cent; (5) ‘plus’ 5 per cent vs ‘minus’ 5 per cent; (6) ‘plus’ 
5 per cent vs ‘minus’ 10 per cent; (7) ‘plus’ 10 per cent vs ‘minus’  
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2.5 per cent; (8) ‘plus’ 10 per cent vs ‘minus’ 5 per cent; and (9) ‘plus’ 
10 per cent vs ‘minus’ 10 per cent.

Results and performance analysis

This section presents only some of the results obtained for the three 
strategies followed, ie the simple index tracking, the different rebal-
ancing frequency and the long/short equity market neutral strategies. 
Complete results are available from the authors upon request.

Simple index tracking

The actual stocks contained in the different tracking portfolios are given 
in Appendix 3. Table 7.1 documents the in-sample results of the track-
ing portfolios compared with the benchmark, and Table 7.2 documents 
the out-of-sample results of the tracking portfolios compared with the 
benchmark.

The overall conclusion is that, over an 18-month period where the 
benchmark lost 24.62 per cent, all tracking portfolios produced better 

Table 7.1 In-sample results for EuroStoxx50 and tracking portfolios (January 
1999–December 2001)

Portfolio Annualised 
return (%)

Annualised 
 volatility (%)

Correlation with 
benchmark

Information 
ratio

Sharpe 
ratio

Benchmark 5.33 23.71 – 0.23 0.06
5 stocks 86.58 91.34 0.21 0.95 0.90
10 stocks 13.05 49.02 0.13 0.27 0.18
15 stocks 19.18 34.30 0.48 0.56 0.44
20 stocks 29.71 45.33 0.44 0.66 0.57

Table 7.2 Out-of-sample results for EuroStoxx50 and tracking portfolios 
(January 2002–June 2003)

Portfolio Annualised 
return (%)

Annualised 
volatility (%)

Correlation with 
benchmark

Information 
ratio

Sharpe 
ratio

Benchmark −24.62 34.01 – −0.72 −0.84
5 stocks 0.23 38.33 0.65 0.01 −0.10
10 stocks 41.75 77.37 0.06 0.54 0.49
15 stocks −6.28 31.23 0.79 −0.20 −0.33
20 stocks −9.45 37.28 0.75 −0.25 −0.36
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out-of-sample returns and risk-adjusted returns. The portfolio compris-
ing ten stocks registers the best performance, but it is also the least  
correlated with the benchmark.

Figure 7.1 shows that the Sharpe ratios for the 15-stock and 20-stock 
tracking portfolios are less volatile compared with the benchmark.

Different rebalancing frequencies

The results of the simple index tracking show that the ten-stock tracking 
portfolio has the best performance out-of-sample. As all tracking errors 
are stationary throughout the whole period, this portfolio is selected to 
compare its results when using different rebalancing strategies, monthly 
(RM), quarterly (RQ), semi-annually (RSA) and annually (RA).

As can be seen from Table 7.3, all portfolios with ten stocks using 
different rebalancing frequencies have a better performance than the 
benchmark. In terms of volatility, all tracking portfolios show a higher 
volatility than the EuroStoxx50 index. Using monthly and quarterly 
rebalancing produces similar annualised returns of about 42 per cent. 
The ten-stock tracking portfolio with quarterly rebalancing has the best 
overall performance, with the highest information ratio and a 0.18 cor-
relation with the benchmark.

It is concluded that quarterly rebalancing is better than monthly 
rebalancing, especially if transaction costs are included (see Appendix 4 
for the weights profiles): true, an important difference between the 
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–4.00

–2.00

0.00

2.00

4.00

6.00

8.00

P0 P2 P4 P6 P8 P10 P12 P14 P16 P18

15 stocks 20 stocks Benchmark

Figure 7.1 Sharpe ratio for EuroStoxx50 and two tracking portfolios (January 
2002–June 2003)
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rebalancing strategies is transaction costs, which will be lower, the lower 
the rebalancing frequency retained. Still, with estimated round-trip 
transaction costs of 12 basis points (b.p.) for the EuroStoxx50 index, 
and about twice as much for its component stocks in the cash market, 
these costs are not such a major drawback for the more active strategies.5

Long/short equity market neutral

Table 7.4 compares ten-stock tracking portfolios obtained by adding to 
and subtracting from the benchmark returns an annual excess return of 
−2.5 per cent, −5 per cent, −10 per cent, +2.5 per cent, +5 per cent and 
+10 per cent, respectively.

In general, long/short strategies produce better results than the bench-
mark except for the three strategies replicating the benchmark minus 
2.5 per cent which produce very negative performance. Yet, contrary to 
what one would expect, the long/short strategies do not minimise vola-
tility: annualised volatility is generally higher than the benchmark. The 
long/short combination ‘plus 5 per cent/minus 5 per cent’ has the best 
out-of-sample performance, with a Sharpe ratio of 1.35 compared with 
−0.84 for the EuroStoxx50 index during this 18-month period.

Still, Table 7.4 shows the out-of-sample results with the benefit of 
hindsight. In fact, fund managers do not have the benefit of hindsight 
and would have traded the ‘best portfolio’ at the end of each calibra-
tion period.

Table 7.5 shows that the combination ‘plus 5 per cent/minus  
5 per cent’ has the highest in-sample Sharpe ratio at 0.43 against 0.06 
for the EuroStoxx50 index.

Table 7.4 shows that, after 18 months, the combination ‘plus 5 per cent/ 
minus 5 per cent’ was still the best strategy. In real life, however, as  
fund managers do not know the future, they would probably have modi-
fied their choice of long/short combination every three or six months.  

Table 7.3 Out-of-sample results for EuroStoxx50 and ten-stock tracking port-
folios with various rebalancing frequencies (January 2002–June 2003)

Portfolio Annualised 
return (%)

Annualised 
volatility (%)

Correlation with 
benchmark

Information 
ratio

Sharpe 
ratio

Benchmark −24.62 34.01 – −0.72 −0.84
10 (RM) 41.75 77.37 0.06 0.54 0.49
10 (RQ) 42.33 57.21 0.18 0.74 0.67
10 (RSA) 9.90 56.58 0.13 0.18 0.10
10 (RA) −21.98 48.03 0.25 −0.46 −0.54
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It is unlikely that they would leave their portfolio using the same long/
short portfolio mix for more than a year.

Accordingly, it is assumed in the following that investment managers 
manage their long/short portfolios using three-month and six-month 
rebalancing frequencies.

Long/short neutral strategies rebalancing every six months

Table 7.6 shows that for the out-of-sample period from January 2002 to 
June 2002, the combination ‘plus 2.5 per cent/minus 10 per cent’ pro-
duced the best Sharpe ratio at 0.58. Unfortunately, in January 2002, a 
fund manager would have used the results from Table 7.5 to set up his/her 
trading strategy using the combination ‘plus 5 per cent/minus 5 per cent’: 
six months later, in June 2002, this strategy had produced a Sharpe ratio 
of −0.58, still superior to the −1.69 achieved by the EuroStoxx50 index.

If one uses the results from Table 7.6 with the combination ‘plus 2.5 
per cent/minus 10 per cent’ for the following six months, Table 7.7 
shows that for the following six-month out-of-sample period from July 
2002 to December 2002, the retained strategy produces a Sharpe ratio of 
−0.23 (still far superior to the −1.13 of the EuroStoxx50 index), whereas 
the best Sharpe ratio for that period is provided by the combination 
‘plus 10 per cent/minus 5 per cent’ with a Sharpe ratio of 2.36.

Using the results from Tables 7.5–7.7, one can simulate the trading 
performance of a fund manager rebalancing his/her portfolio every six 
months. Starting from January 2002 to June 2002, he/she would have 
traded the combination ‘plus 5 per cent/minus 5 per cent’ (ie the best 
in-sample combination), then, from July 2002 to December 2002, the 
combination ‘plus 2.5 per cent/minus 10 per cent’ (ie the best strategy 
between January 2002 and June 2002) and, from January 2003 to June 
2003, the combination ‘plus 10 per cent/minus 5 per cent’ (ie the best 
strategy between July 2002 and December 2002).

The trading simulation with semi-annual rebalancing yields a Sharpe 
ratio of 1.03 compared with 1.35 for the best single out-of-sample long/
short strategy chosen from the in-sample optimisation (see Table 7.8). 
This is still far superior to the −0.84 achieved by the EuroStoxx50 index 
over the same 18-month period.

Long/short neutral strategies rebalancing every three months

A similar approach to that adopted for the six-month rebalancing is 
used, but this time a trading strategy is assumed whereby the fund 
manager changes the structure of his/her portfolio every three months 
(see Appendix 5). Starting from January 2002 to March 2002, a fund 
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manager would have traded the combination ‘plus 5 per cent/minus  
5 per cent’ (ie the best in-sample combination), then from April 2002 to 
June 2002, the combination ‘plus 2.5 per cent/minus 5 per cent’ (ie the 
best strategy between January and March 2002), then from July 2002 to 
September 2002, the combination ‘plus 2.5 per cent/minus 10 per cent’ 
(ie the best strategy between April and June 2002), then from October 
2002 to December 2002, the combination ‘plus 10 per cent/minus 5 per 
cent’ (ie the best strategy between July and September 2002), then from 
January 2003 to March 2003, the combination ‘plus 10 per cent/minus 
10 per cent’ (ie the best strategy between September and December 
2002) and, finally, from April 2003 to June 2003, the combination ‘plus 
10 per cent/minus 5 per cent’ (ie the best strategy between January and 
March 2003).

This trading simulation with quarterly portfolio rebalancing produces 
a Sharpe ratio of 0.70 compared with 1.03 for the six-month rebalanc-
ing and 1.35 for the best single out-of-sample long/short strategy chosen 
from the in-sample optimisation. Here again, this trading strategy yields 
a much better Sharpe ratio than the −0.84 achieved by the EuroStoxx50 
index over the same 18-month period (see Table 7.9).

Table 7.9 Out-of-sample trading simulation of successive optimal long/short 
portfolio combinations rebalanced every three months and EuroStoxx50 
(January 2002–June 2003)

Long/short strategies EuroStoxx50

Annualised return (%) 90.45 −24.62
Annualised volatility (%) 122.79 34.01
Correlation with benchmark 0.18 –
Information ratio 0.74 −0.72
Sharpe ratio 0.70 −0.84

Table 7.8 Out-of-sample trading simulation of successive optimal long/short 
portfolio combinations rebalanced every six months and EuroStoxx50 (January 
2002–June 2003)

Long/short strategies EuroStoxx50

Annualised return (%) 124.07 −24.62
Annualised volatility (%) 116.55 34.01
Correlation with benchmark 0.19 –
Information ratio 1.06 −0.72
Sharpe ratio 1.03 −0.84
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Transaction costs

When analysing the performance of the index tracking strategy, transac-
tion costs will obviously be lower, the lower the rebalancing frequency 
retained. This is an even more important issue in the case of long/short 
market neutral strategies, as these entail trading two tracking port-
folios, and the self-financing feature offered by the short sale generally 
implies a leverage of 2:1 and thus double transaction costs. Still, with 
at most eight round trips in total for quarterly rebalancing and four 
for semi-annual rebalancing, the transaction costs involved (192 b.p. 
and 96 b.p., respectively) are minimal compared with the annualised 
returns, before transaction costs, of the long/short strategies achieved 
in the trading simulations.

Concluding remarks

The main motivation for this paper was to demonstrate the benefits 
arising from the use of the concept of cointegration, which relies on the 
long-term relationship between time series, and thus assets, to devise 
quantitative European equities portfolios in the context of two applica-
tions: a classic index tracking strategy and a long/short equity market 
neutral strategy. Indeed, its key characteristics, ie a mean-reverting 
tracking error (ie stationary residuals from the cointegration equation), 
enhanced portfolio weight stability over time and the full use of the 
information contained in stock prices, allow for the flexible design of 
various investment strategies in equity markets, from index tracking to 
long/short market neutral.

Clearly, the results suffer from some of the simplifying assumptions 
adopted. First, it was arbitrarily chosen to select at most 20 of the  
50 stocks in the EuroStoxx50 index: a larger equity basket would 
probably have led to better results for the index tracking application. 
Secondly, the simplest stock selection criterion available are applied, ie 
the weight of the stocks in the index at the moment of the portfolio 
construction: the quality of the benchmark tracking highly depends 
on the stock selection procedure and much improvement could be 
achieved in this respect. Finally, the slightly non-synchronous closing 
times of the different European stock markets would induce distortions 
in a true trading environment, but closing prices serve well the purpose 
of demonstrating the use of cointegration portfolios.

Yet, the results are quite impressive. Over the 18-month out-of-sample 
period from January 2002 to June 2003, where the EuroStoxx50 index 
lost 24.62 per cent, all tracking portfolios produce much better returns 
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and risk-adjusted returns, with less volatile Sharpe ratio profiles than 
those of the benchmark.

Strategies based on correlation would require rebalancing port folios 
frequently. In contrast, cointegration-based portfolios require less 
frequent turnover: an analysis of alternative rebalancing frequencies 
shows that a quarterly portfolio update appears preferable to monthly, 
semi-annual or annual reallocations.

Furthermore, the tracking capabilities offered by cointegration make 
it possible to track different benchmarks and thus to implement long/
short equity market neutral strategies. Most of the long/short combina-
tions analysed in this paper produce better out-of-sample results and 
risk-adjusted results than the EuroStoxx50 benchmark, albeit at the 
cost of higher volatility, which may be linked to the smaller number 
of stocks included in the ‘long’ and ‘short’ portfolios. Two trading 
simulations with quarterly and semi-annual rebalancing show that, 
during the adverse market conditions of the January 2002 to June 2003 
out-of-sample period, the selected long/short combinations would have 
attracted Sharpe ratios of 1.03 and 0.70, respectively, against −0.84 for 
the EuroStoxx50 index. These results are seen to be robust to the intro-
duction of transaction costs.

Overall, the main conclusion from this research is that cointegration 
portfolios add economic value for investors and fund managers. In the 
circumstances, the results should go some way towards convincing a 
growing number of quantitative fund managers to experiment beyond 
the bounds of correlation analysis for portfolio construction.

Notes

1. Note that, if there are no such constraints imposed on the ‘long’ and ‘short’ 
portfolios, both are likely to include some short equity positions.

2. These results and descriptive statistics are not reproduced here to conserve 
space. They are available from the authors upon request.

3. The information ratio is simply the average annualised return of an invest-
ment strategy divided by its average annualised volatility.

4. The Sharpe ratio was computed as the average annualised return of an invest-
ment strategy minus the risk-free rate (assumed at 4 per cent p.a.) divided by 
the average annualised volatility.

5. Assuming that each time the entire portfolio is reshuffled, which is not the 
case in this application, monthly rebalancing implies at most 12 round trips 
per year or 288 b.p., quarterly rebalancing four round trips or 96 b.p., semi-
annual rebalancing two round trips or 48 b.p., whereas annual rebalancing 
entails only one round trip or 24 b.p. For trading costs assumptions, see www.
interactive-brokers.com and Bessimbinder (2003).
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Appendix 1: Stock in Dow Jones EUROStoxx50 as at 30th 
June, 2003 (in descending order according to their weight 
in EUROStoxx50 index)

Company ISIN Market sector Float 
factora

Adjusted 
weight 
(%)

TOTAL FINA ELF FR0000120271 Energy 1.00 8.03
ROYAL DUTCH 
PETROLEUM

NL0000009470 Energy 1.00 7.83

NOKIA FI0009000681 Technology 1.00 6.10
TELEFONICA ES0178430E18 Telecommunications 0.94 4.12
ENI IT0003132476 Energy 0.65 3.19
SIEMENS DE0007236101 Technology 0.93 3.16
UNILEVER NV NL0000009348 Food & Beverage 1.00 3.14
BNP FR0000131104 Banks 0.94 3.11
BCO SANTANDER 
CENTRAL HIS

ES0113900J37 Banks 1.00 2.81

AVENTIS FR0000130460 Healthcare 0.87 2.80
BCO BILBAO 
VIZCAYA ARGENT

ES0113211835 Banks 1.00 2.46

DEUTSCHE 
TELEKOM

DE0005557508 Telecommunications 0.57 2.45

DEUTSCHE BANK R DE0005140008 Banks 0.95 2.29
E.ON DE0007614406 Utilities 0.87 2.28
DAIMLERCHRYSLER DE0007100000 Automobiles 0.81 2.21
ASSICURAZIONI 
GENERALI

IT0000062072 Insurance 0.86 2.09

GROUPE SOCIETE 
GENERALE

FR0000130809 Banks 1.00 2.05

CARREFOUR 
SUPERMARCHE

FR0000120172 Noncyclical Goods 
& Services

0.80 1.99

ABN AMRO NL0000301109 Banks 0.89 1.91

(Continued)
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Company ISIN Market sector Float 
factora

Adjusted 
weight 
(%)

SANOFI 
SYNTHELABO

FR0000120578 Healthcare 0.56 1.90

ING GROEP NL0000303600 Insurance 0.88 1.87
PHILIPS 
ELECTRONICS

NL0000009538 Cyclical 
Goods & Services

1.00 1.85

FRANCE TELECOM FR0000133308 Telecommunications 0.43 1.82
BASF DE0005151005 Chemicals 0.91 1.78
L’OREAL FR0000120321 Noncyclical 

Goods & Services
0.47 1.78

AXA UAP FR0000120628 Insurance 0.82 1.58
GROUPE DANONE FR0000120644 Food & Beverage 0.95 1.52
UNICREDITO 
ITALIANO

IT0000064854 Banks 0.69 1.51

TELECOM ITALIA IT0001127429 Telecommunications 0.45 1.51
TIM IT0001052049 Telecommunications 0.44 1.39
FORTIS BE0003801181 Financial Services 0.89 1.37
REPSOL YPF ES0173516115 Energy 0.82 1.33
VIVENDI 
UNIVERSAL

FR0000127771 Media 1.00 1.31

AIR LIQUIDE FR0000120073 Chemicals 1.00 1.23
ENDESA ES0130670112 Utilities 0.95 1.13
ENEL IT0003128367 Utilities 0.32 1.01
SUEZ FR0000120529 Utilities 0.93 1.00
ALLIANZ DE0008404005 Insurance 0.74 0.90
AEGON NL0000301760 Insurance 0.88 0.87
SAINT GOBAIN FR0000125007 Construction 1.00 0.87
BAYER DE0005752000 Chemicals 0.94 0.86
LVMH MOET 
HENNESSY

FR0000121014 Cyclical 
Goods & Services

0.46 0.82

RWE DE0007037129 Utilities 0.76 0.82
SAN PAOLO IMI IT0001269361 Banks 0.86 0.78
ALCATEL FR0000130007 Technology 0.93 0.73
LAFARGE FR0000120537 Construction 1.00 0.69
VOLKSWAGEN DE0007664005 Automobiles 0.69 0.65
MUENCHENER 
RUECKVER R

DE0008430026 Insurance 0.62 0.58

AHOLD NL0000331817 Noncyclical Goods 
& Services

1.00 0.29

BAYERISCHE 
HYPO & VEREINS

DE0008022005 Banks 0.63 0.23

aThe free float factor is the percentage of shares remaining after the block ownership and 
restricted shares adjustments are applied to the total number of shares. One has: strategic 
shareholding (%) = number of shares classified as strategic/total number of shares outstand-
ing free float (%) = 100% – strategic shareholding (%).
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Appendix 2: Johansen (1988) cointegration test

Sample(adjusted): 6 716
Included observations: 711 after adjusting endpoints 
Trend assumption: Linear deterministic trend
Series: LOG_STOXX LOG_FR_12027 LOG_NL_RD LOG_FI_870737 LOG_IT_ENI 
LOG_DE_723610 LOG_FR_13110 LOG_ES_SAN LOG_FR_13046 LOG_ES_BBVA 
LOG_DE_555750 Lags interval (in first differences): 1 to 4 
Unrestricted cointegration rank test

Hypothesised 
No. of CE(s)

Eigenvalue Trace  
statistic

5% critical 
value

1% critical 
value

None** 0.104080 310.8791 277.71 293.44
At most 1 0.086735 232.7369 233.13 247.18
At most 2 0.052139 168.2288 192.89 204.95
At most 3 0.040202 130.1564 156.00 168.36
At most 4 0.036513 100.9820 124.24 133.57
At most 5 0.032318 74.53538 94.15 103.18
At most 6 0.028475 51.17799 68.52 76.07
At most 7 0.017255 30.63820 47.21 54.46

*(**) denotes rejection of the hypothesis at the 5% (1%) level

1 Cointegrating Equation(s): Log likelihood 20651.38

Normalised cointegrating coefficients (std err. in parentheses)

LOG_
STOXX

LOG_
FR_12027

LOG_ 
NL_RD

LOG_
FI_870737

LOG_ 
IT_ENI

LOG_
DE_723610

LOG_
FR_13110

1.000000 0.445615
(0.10463)

−0.813099 
(0.11559)

−0.072151
(0.03832)

0.942272
(0.13883)

−0.133696
(0.04958)

−0.093449 
(0.08731)

Appendix 3: Stocks contained in various tracking portfolios

Company ISIN Market Sector

5 stocks tracking portfolio
TOTAL FINA ELF FR0000120271 Energy
ROYAL DUTCH PETROLEUM NL0000009470 Energy
NOKIA FI0009000681 Technology
ENI IT0003132476 Energy
SIEMENS DE0007236101 Technology
10 stocks tracking portfolio
TOTAL FINA ELF FR0000120271 Energy
SIEMENS DE0007236101 Technology

(Continued)
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BNP FR0000131104 Banks
AVENTIS FR0000130460 Healthcare
BCO BILBAO VIZCAYA ARGENT ES0113211835 Banks
DEUTSCHE TELEKOM DE0005557508 Telecommunications
DEUTSCHE BANK R DE0005140008 Banks
DAIMLERCHRYSLER DE0007100000 Automobiles
ASSICURAZIONI GENERALI IT0000062072 Insurance
ABN AMRO NL0000301109 Banks
15 stocks tracking portfolio
TOTAL FINA ELF FR0000120271 Energy
ROYAL DUTCH PETROLEUM NL0000009470 Energy
NOKIA FI0009000681 Technology
ENI IT0003132476 Energy
SIEMENS DE0007236101 Technology
BNP FR0000131104 Banks
BCO SANTANDER CENTRAL HIS ES0113900J37 Banks
AVENTIS FR0000130460 Healthcare
BCO BILBAO VIZCAYA ARGENT ES0113211835 Banks
DEUTSCHE TELEKOM DE0005557508 Telecommunications
DEUTSCHE BANK R DE0005140008 Banks
E.ON DE0007614406 Utilities
DAIMLERCHRYSLER DE0007100000 Automobiles
ASSICURAZIONI GENERALI IT0000062072 Insurance
ABN AMRO NL0000301109 Banks
20 stocks tracking portfolio
TOTAL FINA ELF FR0000120271 Energy
ROYAL DUTCH PETROLEUM NL0000009470 Energy
NOKIA FI0009000681 Technology
ENI IT0003132476 Energy
SIEMENS DE0007236101 Technology
BNP FR0000131104 Banks
BCO SANTANDER CENTRAL HIS ES0113900J37 Banks
AVENTIS FR0000130460 Healthcare
BCO BILBAO VIZCAYA ARGENT ES0113211835 Banks
DEUTSCHE TELEKOM DE0005557508 Telecommunications
DEUTSCHE BANK R DE0005140008 Banks
E.ON DE0007614406 Utilities
DAIMLERCHRYSLER DE0007100000 Automobiles
ASSICURAZIONI GENERALI IT0000062072 Insurance
ABN AMRO NL0000301109 Banks
ING GROEP NL0000303600 Insurance
PHILIPS ELECTRONICS NL0000009538 Cyclical Goods & 

Services
BASF DE0005151005 Chemicals
L’OREAL FR0000120321 Noncyclical Goods & 

Services
REPSOL YPF ES0173516115 Energy

Company ISIN Market Sector
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Appendix 4: Portfolio weights in ten-stocking tracking 
portfolios

Figure 7A4.1 Portfolio weights in ten-stock tracking portfolio with monthly  
rebalancing
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Figure 7A4.2 Portfolio weights in ten-stock tracking portfolio with quarterly 
rebalancing
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Introduction

The benefits to the domestic investor from diversifying internation-
ally have been documented widely; see, for example, Grubel (1968), 
Levy and Sarnat (1970), Lessard (1973), Solnik (1974) and Solnik and 
Noetzlin (1982). A belief widely held by academics and practitioners is 
that a portfolio should be well diversified to maximise potential risk-
adjusted performance.

Modern portfolio theory advocates the idea that investors should 
diversify, as this increases the efficient frontier of their portfolio. Yet, 
if the correlation between the returns of the equity markets considered 
increases, the risk exposure of the portfolio (all else being constant) 
will start to increase and, at a certain point, international diversifica-
tion will no longer be beneficial. The wide recognition that market 
volatility is time varying should have led to the acceptance that 

Reprinted from ‘Emerging markets of South-East and Central Asia: Do they 
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jam.2240174. With kind permission from Palgrave Macmillan Ltd. All rights 
reserved.
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correlations are time varying too: this is unfortunately not yet the 
case, and analysing average correlations over successive periods may 
suggest that international diversification is still beneficial, when in 
fact it is not.

The growing integration of the world economy may have raised the 
integration and efficiency of individual stock markets thus leading to 
a reduction in exposure to individual event risk. Integration, however, 
may have come at the cost of taking away the diversification benefit of 
international investment.

Many papers have examined the evolution of correlation among a 
group of countries over time; see, among others, Kaplanis (1988), Koch 
and Koch (1991) and Longin and Solnik (1995). Most studies, however, 
have looked at the independence of stock markets in isolation without 
taking into account the volatility changes that may occur as a result of 
the markets becoming less independent.

The motivation for this paper is therefore to check whether, despite 
the growing world economic integration and progressive lifting of 
capital controls, emerging markets still offer international investors a 
valuable diversification benefit.

The study covers the emerging markets of Indonesia, the Philippines, 
Malaysia, Korea, Taiwan, China and India over the period 31st August, 
1999, to 29th August, 2003 (a period with 1,044 observations charac-
terised by both bull and bear stock markets), with the US, the UK and 
Japan as the reference ‘established’ markets.

The aim is to present the dynamics of these various markets and see 
whether emerging market returns show any linkages with these devel-
oped markets using various state-of-the-art techniques: multivariate 
cointegration and vector autoregression models (VARs) with the analy-
sis of variance decomposition (VDC), time-varying correlations with 
Kalman filter models and the computation of conditional variances and 
covariances to devise optimal investment portfolios.

Overall, the results indicate that international diversification into the 
emerging equity markets considered was beneficial for a US investor 
during the period under study. Furthermore, it is shown that a port-
folio optimised during the in-sample period and containing emerging 
market stocks from the countries considered outperformed a portfolio 
consisting purely of US stocks over the following out-of-sample period 
1st Septermber, 2003, to 5th July, 2004.

The rest of this paper is organised as follows. The second section 
presents a short review of some articles relevant to this research; 
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it also looks at why international diversification may be beneficial 
and the risks associated with emerging markets. The third section 
documents the data used while the fourth section briefly describes 
the techniques retained for this study. The fifth section presents the 
estimation results and offers a comparison with those from previous 
studies. The final  section closes this paper with a summary of the 
conclusions.

Literature review

Markowitz (1952) and Tobin (1958) were the pioneering advocates of 
the benefits of domestic portfolio diversification, suggesting that, if 
certain stocks were not perfectly correlated, a reduction in the over-
all risk of a portfolio could possibly be achieved by combining these 
stocks. Grubel (1968) was the first to assess the benefits of international 
diversification, which stimulated a series of further studies that can be 
regrouped according to the approach used.

Market correlation

A prerequisite for international diversification is that individual stock 
market returns have a degree of independence. Earlier studies such as 
Grubel (1968) and Levy and Sarnat (1970) used simple cross-country 
correlations when assessing whether the performance of stock markets 
have some common trend. These cross correlations can be continu-
ously monitored by international money managers, and positions can 
be altered accordingly.

Grubel (1968) showed that, because of the low correlations of for-
eign stocks with US stocks, US investors could achieve higher rates 
of return for a given level of portfolio variance by expanding their 
portfolio to include foreign stocks from ten other mostly developed 
countries. These results were supported by Levy and Sarnat (1970). 
Solnik (1996)  demonstrates, for instance, that with approximately 40 
securities equally spread among major US and European stock markets, 
US investors can reduce their risk exposure by at least 50 per cent when 
compared with a portfolio consisting of only US stocks.

The general consensus is that correlations between emerging and 
developed stock markets are generally on the increase; see, among 
 others, Divecha et al. (1992) and Ng (2002). Bekaert and Harvey (1997) 
find that capital market liberalisations often increase the correlation 
between local market returns and the world market but do not drive up 
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local market volatility. In addition, Longin and Solnik (1995) note that 
volatility is contagious and international correlation increases during 
periods of high stock market volatility.

In summary, if some emerging markets have seen a substantial 
increase in correlation between their returns and those of developed 
stock markets, this could lead to an increase in portfolio risk for 
 international portfolio managers. This is not to say, however, that all 
emerging markets would no longer be beneficial to international inves-
tors, as they could switch investments into different emerging markets 
that had a sufficiently low correlation to developed markets.

Cointegration

The issues of common trends and the interdependence of financial 
markets have come under increased scrutiny in recent years, following 
the seminal work on cointegration by Engle and Granger (1987) who 
point out that a linear combination of two or more non-stationary 
series may be stationary: if such a stationary linear combination exists, 
the non-stationary time series are said to be cointegrated. The station-
ary linear combination is called the cointegrating equation and may be 
interpreted as a long-run equilibrium relationship among the variables. 
Thus, cointegration of stock markets means there is a long-run relation-
ship between them: if Y and X are I(1) time series and are cointegrated 
so that u = Y − α − βx is I(0), then, in the long run, Y and X do not 
drift apart, since u has a constant mean, which is zero. Hence Y = α + βx 
can be interpreted as an equilibrium or long-run relationship between 
these markets, and u is referred to as the error-correction term (ECT), 
since it gives the ‘error’ value in Y = α + βx and so is the deviation from 
equilibrium which, in the long run, is zero.

Recent research on stock market linkages has thus emphasised finding 
common stochastic trends for a group of stock markets through testing 
for cointegrating relationships. Using monthly and quarterly data for 
the period January 1974 to August 1990 and the Johansen (1988) test 
for multiple cointegration, Kasa (1992) investigates whether there are 
any common stochastic trends in the equity markets of the US, Japan, 
UK, Germany and Canada. The results indicate the presence of a single 
common trend driving these countries’ stock markets.

Corhay et al. (1993) study whether the stock markets of different 
European countries display a common long-run trend. They used static 
regression models and a VAR-based maximum likelihood framework, 
which provided empirical evidence of common stochastic trends 
among five important European stock markets over the period 1975–91.
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Meanwhile, Choudhury (1997) analyses the long-run relationships 
between six Latin American stock markets and the US market, using 
weekly data for the period January 1989 to December 1993. The 
cointegration tests indicate the presence of a long-run relationship 
between the six Latin American indices with and without the US 
index.

Other studies looking at linkages across developing countries include 
Cheung and Mak (1992), Chowdhury (1994), Garrett and Spyrou (1994) 
and Ng (2002).

Cointegration tests, however, cannot show whether the stock mar-
kets have become more integrated. This is because cointegration tests 
assume the time invariance of the cointegrating relationship. Hence, 
they cannot detect whether stock markets may be gradually moving 
towards greater integration.

Time-varying parameter models

Following Haldane and Hall (1991), who use a time-varying parameter 
model to test whether the relationship of sterling with the dollar and 
deutschmark has strengthened over the period 1976–89, Serletis and 
King (1997) adopt this methodology to analyse the convergence of the 
European Union stock markets of Belgium, Denmark, France, Germany, 
Greece, Ireland, Italy, the Netherlands, Spain and the UK, using quar-
terly data from 1971Q1 to 1992Q1. They find that the link between EU 
stock markets has been strengthening, but that convergence is still in 
the process of being achieved.

Finally, Ng (2002) investigates whether any linkages exist between 
the stock returns of Indonesia, Malaysia, the Philippines, Singapore and 
Thailand, using monthly closing stock prices over the period 1988–97. 
He splits the period into two (1988–92 and 1993–97) and estimates the 
correlations for the two periods. He then examines whether a long-term 
relationship exists between any of these markets using the Johansen 
test for multiple cointegration and estimates a time-varying parameter 
model for the South-East Asian stock markets to analyse the trend of 
integration across those markets. He finds that there was no evidence 
of a cointegrating relationship across the ASEAN stock markets over 
the period 1988–97. The correlation analysis indicates, however, that 
the ASEAN stock markets have become more closely linked in the 
second period 1993–97. The time-varying parameter model indicates 
that the Indonesian, Filipino and Thai stock markets all show a trend 
towards closer linkage with the Singaporean stock market. In contrast, 
the Malaysian stock market starts off relatively closely linked with the 



Emerging Markets of South-East and Central Asia 229

stock market of Singapore but becomes less closely linked to it over the 
period under study.

International diversification and emerging markets

The main reason given for international diversification is the fact that 
returns in two individual stock markets may be sufficiently independent 
to provide a benefit to the international investor. International diver-
sification can lead to a reduction in systematic risk because it reduces 
domestic market exposure that cannot be diversified otherwise.

Yet an argument against international diversification in emerging 
markets is that they show a higher vulnerability to individual event risk 
with a particular sensitivity to political rather than economic considera-
tions (see the impact of President Yeltsin’s health on Russian markets 
in 1996–99) and to the fallout from external events (see the ‘domino 
effect’ of the South-East Asian crisis in 1997–98).

Another argument against international diversification is that cur-
rency risk may more than offset the reduction in portfolio risk. Solnik 
and Noetzlin (1982) indicate that the contribution made by exchange 
rate risk to the overall risk carried by an international portfolio is very 
small. Gruber et al. (2002) state that the return on a foreign investment 
expressed in the home currency is affected by the return on the foreign 
assets and the change in the exchange rate between the foreign and 
home country. Jorion (1989) insists that the contribution of currency to 
total risk of a well-diversified portfolio is insignificant. In any case, the 
exchange risk of a foreign investment may be hedged for most curren-
cies by utilising future, forward or option contracts.

Overall, the literature confirms the evidence of an international 
diversification benefit. However, it also indicates that emerging and 
developed stock markets have become more closely integrated, thus 
the benefit of international diversification may be diminishing. More 
often than not, previous studies have either looked at the benefits of 
international diversification empirically, using simple cross-country 
correlations, or researched the integration of emerging and developed 
stock markets without further development of their findings. Looking 
at simple cross-country correlations can mislead investors, because 
most of the time it is the average correlation over the time period that 
is considered. This may cause problems, because the average correla-
tion over the period may suggest that international diversification is 
beneficial, when in fact it is not. This is because the correlation has 
changed over time and eroded this benefit away. The wide recognition 
that market volatility is time varying should have led to the acceptance 
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that correlations are time varying too: this is unfortunately not yet the 
case. Also, just looking at the integration of stock markets via the exist-
ence of long-term relationships, without further development of the 
findings, does not actually provide any direct evidence as to whether 
international diversification is beneficial. Numerous elements need to 
be taken into account when assessing whether international diversifi-
cation is beneficial: for example, closer integration between two stock 
markets may be matched by a reduction in volatility, implying that the 
diversification benefit has not been eroded away.

Overall, instead of weekly or monthly data, which many studies have 
tended to use, this study uses daily data, as it is more likely to capture 
potential interactions between stock markets. This choice also recognises 
the fact that successful fund management has become more ‘active’ in 
recent years. In addition, various techniques are used, including the 
Johansen test for multiple cointegration and VAR models, time-varying 
parameter models based on the Kalman filters or the computation of con-
ditional variances and covariances. Furthermore, the non-synchronous 
problem associated with stock markets is explicitly taken into account 
when tests using appropriate time lags are performed.

Data and descriptive statistics

Databank

The data used for this study are daily closing prices for the stock markets 
of Indonesia, the Philippines, Malaysia, Korea, Taiwan, China, India, 
Japan, the US and the UK. The in-sample data period under study is from 
31st August, 1999 to 29th August, 2003. The total number of observa-
tions for each market is 1,044. This period covers major  economic events 
and both a peak and a trough of global markets, with sentiment swing-
ing wildly on both sides.

The databank is taken from the Morgan Stanley Capital International 
(MSCI) website (www.msc.com). The stock markets of Japan, Taiwan 
and Korea are opened for all or a portion of the day on Saturday. MSCI 
drops these entries, so as to provide consistency across all markets. 
When stock markets are closed owing to national holidays or severe 
weather conditions, the index is assumed to remain at its level of the 
previous day. This approach, however, would affect the test results, 
because a stock market will then show zero return on that day. To 
counter this problem, linear interpolation is used (for other possible 
approaches for filling missing data, refer to Dunis and Karalis (2003)). 
The returns of all indices are denominated in US dollars.
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Table 8.1 reports the opening and closing times of the various stock 
markets considered. It also reports the market capitalisation rank of 
each stock market: important information when performing various 
estimations, especially time-varying parameter models and VDCs.

The selected markets are generally operating in different time zones 
with different opening and closing times: returns on a given calendar 
day may thus represent a return realised over different real time periods. 
It is therefore important to know the operating hours of one market 
relative to another when performing tests, and taking this into account 
implies applying appropriate lagged values where necessary.

Unit roots and descriptive statistics

First, the hypothesis that each country’s stock index contains a unit 
root (ie that stock prices are non-stationary processes) is tested. The 
procedure suggested by Phillips and Perron (1998) is used as it is more 
robust to heteroscedasticity and autocorrelation of unknown form than 
the traditional ADF test.

A trend was employed for all ten series, as they seemed from the graphs 
to be either trending upwards or downwards. The test was performed on 

Table 8.1 Opening and closing times of the stock markets under study

Stock  
Market

Location  
of stock  
exchange

Local  
time

Time  
variation  
with GMT

Time  
relative  
to GMT

Market 
cap 
ranking

China Beijing 09.30–15.00 +8 01.30–07.00  5
India Bombay 10.00–15.30 +5.50 04.30–10.00  8
Indonesia Jakarta 09.30–12.00 +7 02.30–05.00  9

13.30–16.00 06.30–09.00
Japan Tokyo 09.00–11.00 +9 00.00–02.00  2

12.30–15.00 03.30–06.00
South Korea Seoul 07.30–08.30 +9 22.30–23.30  6

09.00–16.00 00.00–07.00
Malaysia Kuala  

Lumpur
09.00–12.30 +8 01.00–04.30  7

14.30–17.00 06.30–09.00
Philippines Manila 09.00–14.30 +8 01.00–06.30 10
Taiwan Formosa 09.00–13.30 +8 01.00–05.30  4
UK London 08.00–16.30   0 08.00–16.30  3
US New York 09.30–16.30 −5 14.30–21.30  1

Source: International Finance Corporation (1998); BARRA Market capitalisation ranking is 
defined by the total amount of the various securities (bonds, debentures, and stocks) issued 
by corporations.



232 Christian L. Dunis and Gary Shannon

the levels and also the first differences. Overall, the Phillips–Perron test 
indicates that all series are non-stationary in level, but stationary when 
first differenced,1 which is in agreement with the literature. The log 
returns of daily stock prices are therefore used for the analysis. It is nev-
ertheless maintained that, on the basis that the series are non-stationary 
in their levels, there is a chance that they may be cointegrated. The 
descriptive statistics for the log returns of all ten stock markets retained 
are reported in Table 8.2.

All series are non-normally distributed, as shown by the Jarque–Bera 
statistic, which is again consistent with the literature on the distribu-
tion of stock market returns following Fama (1965).

Methodology

Cointegration models

Engle and Granger (1987) propose a two-step estimation method, where 
the first step consists of estimating a long-run equilibrium relationship 
and the second is the estimation of the dynamic error-correction rela-
tionship using lagged residuals. Holden and Thompson (1992) claim 
that this two-step approach has the advantage that the estimation of 
the two steps is quite separate, so that changes in the dynamic model do 
not enforce re-estimation of the static model obtained in the first step. 
As such, it offers a tractable modelling procedure. However, Alexander 
(1999) suggests that the problem of uniqueness arises when there are 
more than two variables included in the model, ie the possibility of 
more than one cointegrating vector between the selected variables 
according to the choice of dependent variable.

This is why, although the choice of dependent variable is reason-
ably obvious in the current application (ie an ‘established’ stock 
market), the well documented Johansen (1988) method is selected for 
multiple cointegration, which allows testing for a number of cointe-
grating vectors at the same time. It relies on estimating a VAR model 
in differences, such as

 

Δ Γ Δ Γ Δ

Γ Δ

∏

X X X

X

X BZ u

t t t
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μ 1 1 2 2

1 1
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(1)

where X is an (m × 1) matrix of I(1) variables, Z is an (s × 1) matrix of 
I(0) variables, the Γj and Π are (m × m) matrices of unknown parameters, 
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and B is an (m × s) matrix of unknown parameters. M is the number 
of variables in X, and p is the maximum lag in the equation, which is 
a VAR model. If Π has zero rank, no stationary linear combination can 
be identified, and the variables in Xt are not cointegrated. The number 
of lags to be included within the model is determined by minimising 
Akaike’s error criterion.

Variance decomposition analysis

This study uses VDC, which can either be modelled in a VAR or vector 
error correction model (VECM), depending on whether the variables 
are cointegrated.

An argument that naturally arises in the context of a VAR is whether 
one should use levels or first differences in the VAR. Clearly, if the vari-
ables are stationary in their levels, this is not an issue. The difficulty 
arises, however, when the variables need to be differenced to get a 
stationary process. Granger and Newbold (1974) and Phillips (1986) 
stress that stationary data should be used, since non-stationary data can 
lead to spurious regression results. Further, Toda and Yamamoto (1995) 
noted that conventional asymptotic theory is, in general, not applicable 
to hypothesis testing in level VARs if the variables are integrated. Taking 
this into account this study uses stationary variables, whether they need 
to be differenced or not.

Another issue is whether an unrestricted VAR should be used where 
the variables in the VAR are cointegrated. There is a body of literature 
that supports the use of a VECM, or cointegrating VAR, in this situ-
ation, as the cointegrating vectors bind the long-run behaviour of 
the  variables. Thus the VECM is expected to produce results in the 
VDC analysis that more accurately reflect the relationship between 
the variables than the standard unrestricted VAR. However, Naka and 
Tufte (1997) note that it is not clear that imposing the cointegrating 
vector improves performance at all horizons. Furthermore, Engle and 
Yoo (1987), Clements and Hendry (1995) and Hoffman and Rasche 
(1996) all show that an unrestricted VAR is superior (in terms of 
forecast  variance) to a restricted VECM at short horizons when the 
restriction is true. Because of the short-term nature of the VDC analy-
sis (up to ten trading days), the use of first differenced unrestricted 
VARs is chosen.

Finally, it has been shown that the VDC-based Cholesky factor can 
change dramatically if one alters the ordering of the variables in a VAR. 
As a result, it is chosen to order the model variables according to market 
capitalisation, the largest market coming first in the VAR.2
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Time-varying parameter models with Kalman filter

Most time series analysis techniques assume fixed parameters, but in 
reality financial data are often time-dependent and parameters are more 
likely to change over time than remain constant. The Kalman filter tech-
nique overcomes the problem of fixed parameters by allowing them to 
vary with time. This modelling technique is chosen instead of ordinary 
least squares (OLS) rolling regressions and weighted least squares (WLS) 
models because of its superior capability to estimate the dynamics of 
the underlying factor sensitivities. In a typical application, state space 
models focus on a set of m state variables which change over time. In 
most cases, the signal will not be directly observable, being subject to 
systematic distortion as well as contamination by ‘noise’. Further details 
of the model and estimation procedure can be found in Harvey (1981) 
and Hamilton (1994).

The following generic model is assumed in the estimation process

 Yt = α + βtXt + εt (2)

 βt = βt−1 + ηt (3)

where Yt is the dependent variable at time t (typically an emerging 
market return in this application), α is a stochastic constant included 
in order to account for any potentially omitted variable, βt is the time-
varying coefficient, Xt is the vector of explanatory variables at time t (in 
this case, an ‘established’ stock market return with the appropriate time 
lag to take into account the time differences mentioned above3) and εt 
and ηt are uncorrelated error terms.

This study thus follows Haldane and Hall (1991) and Serletis and King 
(1997) in a different context, along the lines of Ng (2002), who uses 
monthly data to check in a similar fashion whether emerging stock mar-
kets have become more closely linked with developed stock markets.

Portfolio optimisation with conditional covariance matrix

This study uses portfolio optimisation to investigate whether inter-
national diversification is still beneficial for a US investor. The stock 
markets of Indonesia, the Philippines, Malaysia, Korea, Taiwan, China 
and India will only be selected for possible inclusion within the US 
portfolio if they satisfy the condition that, based on the results of the 
time-varying parameter model, they did not show an increase in inte-
gration with the US stock market for the review period. Following this 
market selection, an optimal portfolio is computed at end August 2003  
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which is then simulated over the subsequent out-of-sample period  
1st September, 2003, to 5th July, 2004.

The portfolio optimisation of Markowitz (1959) that is used requires 
expected returns and the full covariance matrix of the selected assets 
as inputs. Traditionally, it is implemented using the unconditional 
covariance matrix which does not take into account the occurrence 
through time of events in the selected stock markets and effectively 
yields meaningless (and thus risky) allocations: which investor or fund 
manager would implement an allocation that is identical whether a 
given market has fallen by say 15 per cent over the past week or 100 
weeks ago? Accordingly, the traditional approach is modified to include 
the conditional covariance matrix as at end August 2003. Following JP 
Morgan (1994) RiskMetrics approach (which is deemed a satisfactory 
GARCH model specification for this purpose), the conditional variance 
is computed as

 
σ λσ λX t X t X tR, , ,( )2

1
2 2= + −− 1

 
(4)

where σX t,
2  is the conditional variance of asset X at time t, RX t,

2  is its 
squared return at time t and λ is a decay factor equal to 0.94 for daily 
data. Conditional covariances are calculated as

 σXY,t = λσXY,t−1 + (1 − λ)RX,t RY,t (5)

where σXY,t is the conditional covariance at time t, and RX,t and RY,t 

are the returns on assets X and Y respectively at time t.4 The expected 
returns used in this calculation are those for the period 30th August, 
2002 to 29th August, 2003, the last year of the in-sample period.

Estimation results and out-of-sample simulation

Correlation analysis

The (unconditional) correlations between the various stock markets for 
the period 31st August, 1999, to 29th August, 2003 are computed and the 
results compared with those obtained by Divecha et al. (1992) for the period 
1986–91 in order to gauge the degree of segmentation and the integration 
of these markets over time. This is done in Tables 8.3–8.5.

As can be seen from Table 8.5, there does not seem to have been 
a general increase in correlations, as suggested by some studies, 
between emerging and developed stock markets. Table 8.5 shows 
that the UK stock market has seen a fall in correlation with all the 
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emerging stock markets under study except China and India, whereas 
the US has seen its correlation fall with all these markets except India. 
The situation of Japan is more mixed: if its market returns correlation 
with China, India, Korea and Indonesia has increased over the review 
period, it has dropped with the Philippines, Malaysia and Taiwan. In 
any case, it is worth noting that the unconditional correlation coeffi-
cient only measures the average correlation over a given data period. 
Thus, if there has been an increase in correlation in the most recent 
period, this may not be reflected in the unconditional correlation 
computed here.

Cointegration analysis

As the Phillips–Perron test indicated that all the time series contained a 
unit root, the next step was to test for cointegration. The tests are broken 
up into six separate models with three of the models  containing four 
stock price indices and the other three models containing five stock price 
indices. This procedure allows an established market to be grouped with 
emerging markets from the same geographical area. The models are as 
follows: respectively, UK, US and Japan with Indonesia, Philippines and 
Malaysia and then, respectively, UK, US and Japan with Korea, China, 
India and Taiwan. As such, each established stock  market is included 
in two separate models: one with all the Central Asian emerging stock 
markets and the other with the South-East Asian  emerging stock markets 
considered in this study.

The Johansen test is used for multiple cointegration as it allows 
testing for a number of cointegrating vectors. Johansen and Juselius 
(1990) and Lütkepohl et al. (2001) are also followed; these authors 
give preference to the trace test over the maximum eigenvalue test, 
if both tests contradict each other. The results indicate that there 
exists, at most, a single cointegrating vector in each of the models 
(see Appendix 1). All markets considered exhibit a common sto-
chastic trend (ie there is a long-run relationship between these stock 
markets). At first sight, this could suggest that diversification across 
these markets may no longer be beneficial for international inves-
tors. If cointegration is a useful tool for testing the existence of a 
long-run relationship over a given period, however, it cannot test for 
a gradual move towards or away from a closer relationship. It would 
therefore be wrong to conclude from the cointegration analysis that 
international diversification is no longer beneficial. Other tools must 
be implemented to see whether the stock markets considered have 
become more closely linked over time.
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Variance decomposition

VDC separates the variation in one market into component shocks in 
the other markets. Overall, the VDC results in Appendixes 2–4 show 
that South-East Asian markets are not very responsive to foreign shocks 
(with less than 8 per cent of their forecast error variance explained 
by other markets), Malaysia being the most reactive. On the contrary, 
Central Asian markets are very sensitive to foreign shocks (ie over  
10 per cent of the variance explained by foreign markets), with Korea 
most responsive (over 30 per cent), followed by China and Taiwan.

Finally, owing to the different time zones, the results show that 
markets tend to respond to US and UK market shocks the next day, 
whereas they mostly respond to Japanese shocks on the same day. 
This is corroborated by the analysis of impulse response functions (not 
reproduced here to conserve space, but available from the authors upon 
request). In any case, although interesting, VDC analysis does not allow 
one to conclude over the evolution through time of the links between 
the stock markets considered.

Time-varying parameter models with Kalman filter

Figures 8.1–8.6 show the trend of the β coefficient of each emerging  
market against each ‘established’ market (a 15-day rolling average of the 
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Figure 8.1 Kalman model for South-East Asia with UK as the ‘established’ market



242 

Malaysia PhilippinesIndonesia

0.8

0.6

0.4

0.2

–0.2

–0.4

–0.6
9/21/99

3/29/00

10/05/00

4/13/01

10/22/01

4/30/02

11/06/02

5/15/03

Figure 8.2 Kalman model for South-East Asia with US as the ‘established’ market

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0

–0.1

–0.2
9/21/99

3/29/00

10/05/00

4/13/01

10/22/01

4/30/02

11/06/02

5/15/03

Malaysia PhilippinesIndonesia

Figure 8.3 Kalman model for South-East Asia with Japan as the ‘established’ 
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Figure 8.4 Kalman model for Central Asia with UK as the ‘established’ market
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Figure 8.5 Kalman model for Central Asia with US as the ‘established’ market

Kalman filter results is used to detect more easily the underlying trend). 
As before, markets have been grouped by regions.

Looking from a UK perspective, and despite the volatility across time 
of the β coefficients, Figures 8.1 and 8.4 show a much weaker link of 
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Indonesia with the UK stock market, with β declining from 0.8 at the 
end of 1999 to about 0.1 on average in 2002–03. This weaker link is also 
observable for Central Asian markets, with the exception of Taiwan.

From a US perspective, Figures 8.2 and 8.5 show a general decline, 
from their peak in 2000, of the links to the US stock market of Indonesia, 
China, Taiwan and Korea (with, in this latter case, β  dropping from 
 levels above 1 to about 0.5 in 2003).

Finally, Figures 8.3 and 8.6 show a general uptrend in integration of the 
South-East Asian and Central Asian markets with the Japanese stock market.

Overall, the results of our time-varying models for the US and UK 
indicate that most emerging stock markets have seen their level of inte-
gration stay steady or decline over the review period, implying that the 
benefits from international diversification may not have been eroded 
away. Conversely, the results obtained for the links between Japan and 
the stock markets of South-East and Central Asia considered here would 
lead to a much more cautious conclusion.

Optimal investment portfolios with conditional covariances

In order to gauge more precisely the benefits from diversification into 
the emerging stock markets considered, the traditional Markowitz 
approach is used, modified for conditional variances and covariances, to 
find the optimal emerging markets portfolio for a US investor. The stocks 

Figure 8.6 Kalman model for Central Asia with Japan as the ‘established’ market
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considered for allocation within the investment portfolio are those of 
Malaysia, Indonesia, India and Taiwan. These markets have been selected 
for possible inclusion because, in recent times, they have seen their inte-
gration (ie their β coefficient) decline or stay steady with the US stock 
market. Furthermore, VDC analysis indicates that these markets explain 
most of their own forecast error variance: even though its time-varying 
β coefficient indicates that Korea has become less closely linked with 
the US stock market, foreign markets explain over 30 per cent of Korea’s 
forecast error variance, and it is therefore not considered for inclusion 
within a US investor’s portfolio.

Over the review period, the results show that there is indeed an inter-
national diversification benefit for a US investor wishing to minimise 
risk. Without any constraints on maximum holdings, US investors 
should hold 6 per cent, 52 per cent, 6 per cent and 36 per cent of their 
wealth in the Indian, Malaysian, Taiwanese and US markets respectively.5 

The optimal portfolio can be seen in Table 8.6.
Still, the analysis above is conducted with the benefit of hindsight, 

ie with the knowledge of the true conditional covariance matrix over 
the optimisation period. In real life, an investor would not know the 
future conditional covariance matrix when making his/her allocation. 
Accordingly, to gain a true insight as to whether this diversification 
benefit would be obtained in the real world, the authors assess the 
out-of-sample performance of the portfolio constructed over the review 
period during the subsequent period 1st September, 2003, to 5th July, 
2004. The out-of-sample performance can be seen in Table 8.7.

Table 8.6 Optimal portfolio for a US investor (30th August, 2002 to 29th August, 
2003)

Country India Malaysia Taiwan US Optimal 
portfolio

Investment weight (%) 6 52 6 36 100
Annualised return (%) 33.28  5.34 18.34  9.06   9.06
Annualised risk (%) 21.47  9.08 22.95 11.40   7.38

Table 8.7 Portfolio out-of-sample performance (1st September, 
2003 to 5th July, 2004)

Optimal portfolio US

Annualised return (%) 10.73 11.25
Annualised risk (%)  9.57 10.87
Sharpe ratio  1.12  1.03
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Table 8.8 US portfolio with 15 per cent limit on funds invested abroad (30th 
August, 2002 to 29th August, 2003)

Country India Malaysia Taiwan US Optimal portfolio

Investment weight (%)  1 12  2 85 100
Annualised return (%) 33.28  5.34 18.34  9.06   9.06
Annualised risk (%) 21.47  9.08 22.95 11.40   9.93

Table 8.9 US portfolio with 20 per cent limit on funds invested abroad (30th 
August, 2002 to 29th August 2003)

Country India Malaysia Taiwan US Optimal portfolio

Investment weight (%)  2 16 2 80 100
Annualised return (%) 33.28 5.34 18.34 9.06   9.06
Annualised risk (%) 21.47 9.08 22.95 11.40   9.48

Table 8.10 US portfolio with 25 per cent limit on funds invested abroad (30th 
August, 2002 to 29th August, 2003)

Country India Malaysia Taiwan US Optimal portfolio

Investment weight (%) 2 20 3 75 100
Annualised return (%) 33.28 5.34 18.34 9.06 9.06
Annualised risk (%) 21.47 9.08 22.95 11.40 9.07

Table 8.11 Out-of-sample performance for the three diversified portfolios (1st 
August, 2003 to 5th August, 2004)

Portfolio  
(15% limit)

Portfolio  
(20% limit)

Portfolio  
(25% limit)

US

Annualised return (%) 11.14 11.13 11.12 11.25
Annualised risk (%) 10.37 10.04  9.77 10.87
Sharpe ratio  1.07  1.11  1.14  1.03

The US portfolio containing emerging stocks performs better than a 
portfolio consisting of only domestic US stocks. The Sharpe ratio for the 
diversified portfolio is 1.12, compared with 1.03 for the pure US portfolio.

Overall, this analysis proves that, over the period and for the emerging 
markets considered, international diversification is still beneficial for a 
US investor. Most US investors, however, would never allocate such a 
high percentage of their portfolio in India, Malaysia and Taiwan. Taking 
this into account three portfolios are computed for a US investor with 
overseas investment limits of 15 per cent, 20 per cent and 25 per cent, 
and their out-of-sample performance is analysed (see Tables 8.8–8.11).
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Again all the portfolios containing emerging markets stocks perform 
better than a portfolio consisting of only domestic US stocks. The port-
folio with a 25 per cent limit on foreign investment provides the best 
out-of-sample performance.

Conclusion

This paper has tried to check whether, despite the growing world eco-
nomic integration and progressive lifting of capital controls, the emerg-
ing stock markets of South-East and Central Asia still offer international 
investors a diversification benefit.

It was seen that there is evidence of a cointegrating relationship across 
the markets considered. This is in agreement with previous studies, such 
as Cheung and Mak (1992), who found a cointegrating relationship 
between the Asian-Pacific emerging markets (with the exception of 
Korea and Taiwan, which were relatively closed at the time) and the 
US market. Despite this long-run relationship, a short-term correlation 
analysis indicates that, generally, the emerging and developed markets 
under review have become less closely linked in the period 1999–2003 
than previously, which contrasts with Ng (2002), although he used an 
earlier period and monthly data.

A subsequent VDC analysis showed that South-East Asian markets are 
not very responsive to foreign shocks from the UK, the US and Japan, con-
trary to Central Asian markets, with Korea and China the most reactive.

Time-varying parameter models were also used: they indicate that, 
except for Taiwan, all the emerging markets considered show a general 
decline in linkage, over the review period, with the UK stock market. 
The same analysis points to a general uptrend in integration of the 
South-East Asian and Central Asian markets with the Japanese stock 
market, whereas the links to the US stock market of most emerging 
markets appear to have dropped from their peak levels of 2000.

With these findings and using conditional variances and covari-
ances, the paper proceeded to optimise an international portfolio for a 
US-based investor. The results indicate that this portfolio would include 
some emerging stocks under study, ie international diversification is 
beneficial: in-sample, over the period 30th August, 2002, to 29th August, 
2003, this ‘optimal’ portfolio has an annualised risk of 7.38 per cent, 
as opposed to 11.40 per cent for a pure domestic US portfolio, while 
both portfolios produce the same return. Simulated out-of-sample over 
the period 1st September, 2003, to 5th August, 2004, it yields a Sharpe 
ratio of 1.12, compared with 1.03 for the pure domestic US porfolio. 
More realistic constraints were then introduced with limits on funds 
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invested in emerging markets: the results still clearly indicate that, over 
the period considered, international diversification in selected markets 
of South-East and Central Asia was indeed beneficial for a US investor.

Notes

1. Detailed results are not reproduced here to conserve space. They are available 
from the authors upon request.

2. The choice of market capitalisation (rather than the time difference of the 
stock markets) relies on the fact that international investors prefer, all other 
things being equal, more liquid markets to less liquid ones.

3. A lag of one day is therefore used for both the US and UK stock markets, and 
no lag for the Japanese market as it closes ahead of all the other markets, 
except Taiwan (see Table 8.1).

4. Note that, with Equations (4) and (5), one can also compute a time-varying 
βt = σXY,t/σ2

X,t. Not surprisingly, these time-varying βt, not reproduced here 
to conserve space, are different from the time-varying βt generated with the 
Kalman filter approach, but their trends over the review period are similar, 
which is what is important for the present purpose (see below).

5. The allocation computed for 28th August, 2003 is actually selected rather 
than that for 29th August, 2003, as the latter gives an investment weighting 
of only 1 per cent to Indonesia.
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Appendix 1: Johansen test for multiple cointegration

Table 8A1 UK, Indonesia, Philippines and Malaysia

Hypothesis Trace 5%  
critical value

Eigenvalue  
5%

Trace test  
statistic

Eigenvalue  
statistic

H0 H1

r = 0 r > 0 47.21 27.07 51.48 32.2
r ≤ 1 r > 1 29.68 20.97 19.28 12.4
r ≤ 2 r > 2 15.41 14.07 6.88 6.15
r ≤ 3 r > 3 3.76 3.76 0.74 0.74

Conclusion: Both tests indicate one cointegrating vector.

Table 8A2 US, Indonesia, Philippines and Malaysia

Hypothesis Trace 5%  
critical value

Eigenvalue  
5%

Trace test  
statistic

Eigenvalue  
statistic

H0 H1

r = 0 r > 0 47.21 27.07 48.64 32.33
r ≤ 1 r > 1 29.68 20.97 16.31 10.25
r ≤ 2 r > 2 15.41 14.07 6.06 5.5
r ≤ 3 r > 3 3.76 3.76 0.56 0.56

Conclusion: Both tests indicate one cointegrating vector.
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Table 8A3 Japan, Indonesia, Philippines and Malaysia

Hypothesis Trace 5%  
critical value

Eigenvalue  
5%

Trace test  
statistic

Eigenvalue  
statistic

H0 H1

r = 0 r > 0 47.21 27.07 48.64 32.33
r ≤ 1 r > 1 29.68 20.97 16.31 10.25
r ≤ 2 r > 2 15.41 14.07 6.06 5.5
r ≤ 3 r > 3 3.76 3.76 0.56 0.56

Conclusion: Both tests indicate one cointegrating vector.

Table 8A4 UK, Korea, China, India and Taiwan

Hypothesis Trace 5%  
critical value

Eigenvalue  
5%

Trace test  
statistic

Eigenvalue  
statistic

H0 H1

r = 0 r > 0 68.52 33.46 75.68 38.32
r ≤ 1 r > 1 47.21 27.07 37.36 16.39
r ≤ 2 r > 2 29.68 20.97 20.96 13.36
r ≤ 3 r > 3 15.41 14.07 7.61 5.41
r ≤ 4 r > 4 3.76 3.76 2.19 2.19

Conclusion: Both tests indicate one cointegrating vector.

Table 8A5 US, Korea, China, India and Taiwan

Hypothesis Trace 5%  
critical value

Eigenvalue  
5%

Trace test  
statistic

Eigenvalue  
statistic

H0 H1

r = 0 r > 0 68.52 33.46 74.22 37.74
r ≤ 1 r > 1 47.21 27.07 36.48 17.05
r ≤ 2 r > 2 29.68 20.97 19.42 12.62
r ≤ 3 r > 3 15.41 14.07 6.81 4.67
r ≤ 4 r > 4 3.76 3.76 2.14 2.14

Conclusion: Both tests indicate one cointegrating vector.

Table 8A6 UK, Korea, China, India and Taiwan

Hypothesis Trace 5%  
critical value

Eigenvalue  
5%

Trace test  
statistic

Eigenvalue  
statistic

H0 H1

r = 0 r > 0 68.52 33.46 69.62 27.64
r ≤ 1 r > 1 47.21 27.07 41.98 23.34
r ≤ 2 r > 2 29.68 20.97 18.64 9.81
r ≤ 3 r > 3 15.41 14.07 8.82 4.82
r ≤ 4 r > 4 3.76 3.76 4.00 4.00

Conclusion: Trace test indicates one cointegrating vector.
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Introduction

Traditional research on asset pricing has focused on fundamental, firm- 
specific and economy-wide factors that affect asset prices. Recently, 
however, some researchers have turned to investor psychology to explain 
asset-price behaviour. It was previously assumed that there is little corre-
lation among the sentiments of investors. The differing sentiments thus 
offset each other, and there is no resulting effect on market prices. If, how-
ever, there is enough of a consensus among investors, their viewpoints 
will not offset and will instead become an integral part of the price-setting 
process. In fact, some researchers (eg Eichengreen and Mody, 1998) sug-
gest that a change in one set of asset prices may, especially in the short 
run, trigger changes elsewhere, because such a change engenders shifts in 

Reprinted from ‘Measuring investor sentiment in equity markets’ by Arindam 
Bandopadhyaya and Anne Leah Jones in Journal of Asset Management, 7, 2006, 
pp. 208–215, DOI:10.1057/palgrave.jam.2240214. With kind permission from 
Palgrave Macmillan Ltd. All rights reserved.
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the market’s attitude towards risk (ie because there is a change in investor 
sentiment). Such shifts in risk attitudes may explain short-term move-
ments in asset prices better than any other set of fundamental factors (eg 
see Baek et al. (2005). Other studies have also recognised that investor 
sentiment may be an important component of the market pricing process 
(see Fisher and Statman, 2000; Baker and Wurgler, 2006).

Many investor sentiment measures have been identified in the aca-
demic literature and in the popular press. Dennis and Mayhew (2002) 
have used the Put–Call Ratio, Randall et al. (2003) use Net Cash Flow 
into Mutual Funds, Lashgari (2000) uses the Barron’s Confidence Index, 
Baker and Wurgler (2006) use the Issuance Percentage, Whaley (2000) 
uses the VIX-Investor Fear Gauge, and Kumar and Persaud (2002) 
employ the Risk Appetite Index (RAI). A more detailed list of studies that 
use these and other investor sentiment measures appears in Table 9.1.

This paper shows that the risk appetite measure developed by Persaud 
(1996) for currency markets can be successfully adapted to measure 
investor sentiment in an equity market using publicly available data. 
Using Persaud’s 1996 methodology, this study develops and quanti-
fies an Equity Market Sentiment Index (EMSI) for a group of firms in 
an equity market index. In prior studies, the Put–Call Ratio and the 
VIX-Investor Fear Gauge were used as measures of investor sentiment 
in equity markets. As argued in Kumar and Persaud (2002), however, 
these measures could be measuring changes in the underlying risk of 
the market itself just as easily as they could be measuring changes in 
investor attitude towards that risk; it is not possible to isolate the two 
phenomena. The advantage of the RAI developed in Persaud (1996) and 
the EMSI constructed in this paper is that changes to the underlying 
riskiness of the market do not directly affect the proposed measures, 
and thus these measures more accurately reflect the changes in the mar-
ket’s attitude towards risk. The RAI and the EMSI speak specifically to 
the risk/return trade-off embedded in prices and therefore focus solely 
on the market’s willingness to accept whatever risks are inherent in the 
market at a given time.

The EMSI is constructed using stock market price data for firms 
listed in the Massachusetts Bloomberg Index (MBI).1 It is found that 
changes in the EMSI are closely related to news items regarding key 
firms  in Massachusetts as well as to news reports on the condition of 
the Massachusetts economy as a whole. It is also found that changes in 
the MBI are related to the EMSI. In fact, the results indicate that lagged 
 values of the EMSI better explain changes in the MBI than do past 
changes in the MBI itself (ie MBI’s own price momentum).
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The rest of the paper is organised as follows. The second section 
outlines the construction of the EMSI. Empirical results and discussion 
appear in the third section. The fourth section concludes.

The construction of the equity market sentiment index

Persaud (1996) developed a measure of the market’s attitude towards 
risk – a measure that he describes as the market’s appetite for risk – in 
the context of currency markets.2 He argues that, over the short run in 
the foreign exchange market, the market’s changing appetite for risk is 
a dominant force and at times is the most influential factor affecting 
currency returns. He goes on to suggest that, if the market’s appetite 
for risk were fixed, exchange rate changes would be driven only by 
unanticipated shifts in economic risk. If the appetite for risk grows and 
economic risks are unchanged, investors will feel overcompensated for 
these risk levels and the sense of overcompensation will grow as the 
level of risk grows.3 As investors take advantage of what they see as an 
improving risk-return trade-off, currency values will change in line with 
their risk. High-risk currencies should appreciate more than low-risk 
ones, and the riskiest currency should rally the most.4 Thus, a RAI could 
be constructed based upon the strength of the correlation between the 
order of currency performance and the order of currency risk.

This paper demonstrates that the technique developed in Persaud 
(1996) can be applied to an equity market setting by constructing the 
EMSI for a group of firms in the MBI. The MBI follows 242 firms which 
span more than 50 industries and range in size from $2 million to  
$42 billion in market capitalisation. From data over the period from 
2nd July, 2003, to 1st July, 2004, daily returns are computed for each of 
the securities in the MBI. For each of the securities, the average standard 
deviation of the daily returns over the previous five days (the ‘historic 
volatility’) is also computed for each day of the sample period.5 Then 
the daily rate of return and the historic volatility are ranked, and the 
Spearman rank correlation coefficient between the rank of the daily 
returns for each firm and the rank of the historic volatility of the returns 
for each firm is computed, and the result is multipled by 100. The EMSI 
is therefore computed as follows

EMSI 1/2=
∑ −( ) −( )

∑ −( ) ∑ −( )⎡
⎣
⎢

⎤
⎦
⎥

−

R R R R

R R R R

ir r iv v

ir r iv v

2 2

100 1� ; 000 100≤ ≤+EM I∑
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where Rir and Riv are the rank of the daily return and the historical vola-
tility for security i, respectively, and Rr and Rv are the population mean 
return and historical volatility rankings, respectively.

Empirical results and discussion

Figure 9.1 presents the EMSI for the one-year sample time period. EMSI 
ranges from a high of 48.09 to a low of −35.44. It averages 4.20 for the 
year with a standard deviation of 16.62. These EMSI values are placed 
into five categories. For values between −10 and +10, the market is 
classified as risk-neutral; for values between −10 and −30, the market 
is labelled moderately risk-averse and, for values <−30, the market is 
considered highly risk-averse. Similarly, if EMSI falls between +10 and 
+30, the market is labelled moderately risk-seeking and, if the index 
exceeds +30, the market is considered highly risk-seeking. During the 
sample period, there were 17 days on which the market was highly risk-
seeking and 78 days on which the market was moderately risk-seeking. 
The market was risk-neutral for 109 days, and exhibited moderately and 
highly risk- averse behaviour for 42 and 6 days, respectively. For a sum-
mary of these categories, refer to Table 9.2.

Movements in the EMSI capture both positive and negative news 
as reported in the Boston Globe, New England’s leading newspaper, 
concerning Massachusetts firms and the region’s economy. A sample 
of news events and their impact on the EMSI appear in Table 9.3. For 
example, on 8th August, 2003 when the Globe reported that the local 
economy was building steam, the EMSI increased by 31 points in a four-
day period. On 11th September of that year, when the Globe reported 
that the high-tech sector may be poised for new hiring, the EMSI gained 
36 points in one day. When news hit that Putnam Investment’s asset 
values fell by $14 billion, the EMSI dropped by 51 points in two days 
and, when the Commonwealth later charged Prudential with illegal 
trading, the EMSI again declined 38 points in three days. In reaction 
to a 6th April, 2004, Globe story which indicated that Bank of America 
planned to cut 12,500 jobs, the EMSI plummeted 42 points and, 
later in May, when it appeared that the Bank of America/Fleet Bank 
merger might cost Massachusetts 500 jobs, the EMSI declined another  
26 points. Lastly, the EMSI rose 25 points after a June 2004 story regard-
ing a boost in hiring by Boston employers.

Not only do the movements in EMSI correspond to positive and nega-
tive news events affecting firms in Massachusetts and the economy of 
Massachusetts, but changes in the EMSI also closely replicate changes 
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Table 9.2 Risk categorisation of daily EMSI figures

Range of EMSI Category Number of days

−30 and below Highly risk averse 6

−10 to −30 Moderately risk averse 42
10 to +10 Risk neutral 109
+10 to +30 Moderately risk seeking 78
+30 and above Highly risk seeking 17

in the MBI. The EMSI and the MBI return for the same trading day have 
a significant correlation coefficient of 74.84 per cent. To investigate the 
explanatory power of the EMSI in greater detail, the following equation 
is first posited

 MBIt = β0 + β1 MBIt−1 + β2 EMSIt + εt (2)

where MBIt is the return on the Massachusetts Bloomberg Index from 
day t − 1 to day t, and EMSIt is the Equity Market Sentiment Index (see 
Equation 1) on day t.

While it was not possible to confirm whether EMSI Granger causes MBI 
return or not, results indicate that the EMSI is able to explain changes 
in the MBI returns. The results from an estimation of Equation  (1), 
which appear in Table 9.4, indicate that a majority of the variation in 
MBIt is explained by the two independent variables MBIt−1 and EMSIt 
(R2 = 0.56). Interestingly, while MBIt−1 (the lagged value of the return in 
MBI) has an insignificant impact on the dependent variable MBIt, the 
coefficient on EMSIt is highly significant. This implies that returns in 
the MBI for any given day were primarily driven not by returns on the 
previous day, but by the risk-seeking behaviour of market participants 
for that particular day.

To investigate the impact of the EMSI on the MBI further, the follow-
ing equation is estimated, which includes additional lagged values of 
the EMSI and the MBI6

MBIt =  β0 + β1 MBIt−1 + β2 MBIt−2 + β3 MBIt−3 + β4 MBIt−4 + β5 MBIt−5  

+ β6 MBIt−6 + δ0EMSIt + δ1EMSIt−1 + δ2EMSIt−2 + δ3EMSIt−3  

+ δ4EMSIt−4 + δ5EMSIt−5 + εt (3)

(MBIt and EMSIt are defined earlier). To avoid autocorrelation problems 
associated with estimating Equation (3) using ordinary least squares, 
the polynomial distributed lagged model was used (see Harvey, 1990). 
The results from the estimation of Equation (3) appear in Table 9.5.
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Table 9.5 Explanation of Massachusetts Bloomberg Index returns using poly-
nomial distributed lagged model estimatesa

Variable Coefficient t-statistic

MBIt−1 −0.24937 −4.63278**
MBIt−2 −0.08360 −1.99927*
MBIt−3 0.02330 0.51883
MBIt−4 0.07134 1.68805
MBIt−5 0.06051 1.88195
MBIt−6 −0.00919 −0.22753
Sum of lags −0.18702 −1.09072
EMSIt 0.03873 16.3857**
EMSIt−1 0.02262 13.0613**
EMSIt−2 0.01043 4.48360**
EMSIt−3 0.00215 0.86171
EMSIt−4 −0.00221 −0.93336
EMSIt−5 −0.00265 −0.82559
Sum of lags 0.06908 7.47905**
R-squared 0.570109
Adjusted R-squared 0.559317
Durbin Watson statistic 1.846193
F statistic 52.82586
Value (F statistic) 0.0000

* Denotes significance at 5 per cent level.
** Denotes significance at 1 per cent level.
aMBIt = β0 + β1 MBIt−1 + β2 MBIt−2 + β3 MBIt−3 + β4 MBIt−4 + β5 MBIt−5 + β6 MBIt−6 + δ0 

EMSIt + δ1EMSIt−1 + δ2EMSIt−2 + δ3EMSIt−3 + δ4EMSIt−4 + δ5EMSIt−5 + εt 

MBIt = Massachusetts Bloomberg Index return from day t − 1 to t 
MBIt−i = i period lagged value of MBIt

EMSIt = Equity Market Sentiment Index for Massachusetts on day t 
EMSIt−i = i period lagged value of EMSI t

Table 9.4 Explanation of Massachusetts Bloomberg Index returns using ordinary 
least squares estimatesa

Variable Coefficient t-statistic p-value

Constant −0.001321 −2.96277 0.0033
MBIt−1 0.040734 0.977536 0.3342
EMSIt 0.046143 17.78022 0.0000
R-squared 0.561510
Adjusted R-squared 0.557973
Durbin Watson statistic 2.231518
F statistic 158.7884
Value (F statistic) 0.0000

aMBIt = β0 + β1 MBIt−1 + β2 EMSIt + εt

MBIt = Massachusetts Bloomberg Index return from day t − 1 to t
MBIt−1 = one period lagged value of MBIt

EMSIt = Equity Market Sentiment Index on day t
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A number of important observations emerge from an examination 
of Table 9.5. A comparison of the t-ratios across the different lagged 
variables indicates that the most significant variables explaining MBIt 
are the contemporaneous and one-day lagged values of the EMSI. The 
second lagged value of the EMSI is significant as well. Although they are 
relatively less significant, the lagged values of MBIt do play a significant 
role in the equation; however, they lose their significance after two lags. 
Most importantly, while the sum of all the lagged values of MBIt jointly 
does not significantly affect MBIt, the lagged values of EMSIt combined 
do play a significant role. These results suggest that the EMSI better 
explains MBI returns than do past returns of the MBI itself.

Conclusion

There has been growing interest in investor psychology as a potential 
explanation for stock price movements. This study, using a technique 
developed in Persaud (1996), constructs a measure called the Equity 
Market Sentiment Index (EMSI), which uses publicly available data 
to measure the market’s willingness to accept the risks inherent in an 
equity market at a given point in time. This measure relates the rank of 
a stock’s riskiness to the rank of its return and therefore directly meas-
ures the market’s pricing of the risk-return trade-off. 

From data for the portfolio of firms included in the MBI, it is found 
that the EMSI captures Massachusetts-related news events as reported 
in the Boston Globe and is highly correlated with the MBI. Moreover, 
daily price movements in the MBI are significantly related to investor 
sentiment. In fact, the results indicate that lagged values of the EMSI 
explain changes in the market index value better than lagged values of 
the market index itself. This has important implications, as it appears 
that short-run changes in the market index value are driven primarily 
by investor sentiment rather than by the index’s own price momentum. 
Researchers and practitioners should pay close attention to investor sen-
timent as a determinant of changes in financial markets.
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Notes

1. The Massachusetts Bloomberg Index follows the performance of public com-
panies which are either based in or do considerable business in Massachusetts. 
This Massachusetts Bloomberg Index closely approximates other indices that 
contain a larger collection of firms.

2. Persaud discusses the risk appetite in a research report published by JP Morgan 
Securities Ltd. This idea has received attention in the ‘Economics Focus’ series 
in the Economist (1996), and in a 1998 conference on business cycles organ-
ised by the Federal Reserve Bank of Boston. Other studies (eg Baek et al. (2005) 
have used Persaud’s notion of risk appetite to construct risk appetite indices 
applicable to different contexts.

3. In Persaud, the risk of a currency is proxied by the yield on the bonds denom-
inated in that currency.

4. The reverse argument applies when the risk appetite falls. High- risk (or high-
yielding) currencies would be devalued more than those perceived to be safe.

5. Results do not change if standard deviations of returns over a different num-
ber of days are used.

6. Standard specification tests were used to determine the appropriate number 
of lags included for both variables.
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Introduction

More than 50 years have elapsed since Markowitz (1952) first intro-
duced his Nobel Prize-winning work on mean-variance portfolio 
optimisation. His work led to the creation of the field now known as 
Modern Portfolio Theory (MPT). Throughout this time, MPT has had 
many followers but has also been challenged by sceptics at academic 
and financial institutions alike. Today, even though MPT is still widely 
accepted as the primary theoretical framework for portfolio construc-
tion, its employment by investment professionals is not as ubiquitous 
as one might expect. There are several reasons for the lack of acceptance 

Reprinted from ‘Incorporating estimation errors into portfolio selection: Robust 
portfolio construction’ by Sebastián Ceria and Robert A. Stubbs in Journal of Asset 
Management, 7, 2006, pp. 109–127, DOI:10.1057/palgrave.jam.2240207. With 
kind permission from Palgrave Macmillan Ltd. All rights reserved.
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of MPT among practitioners, but perhaps the most significant is the 
argument that ‘optimal’ portfolios obtained through the mean-variance 
approach are often ‘counterintuitive’, ‘inexplicable’ and ‘overly sensi-
tive to the input parameters’.

The fact that mean variance ‘optimal’ portfolios are sensitive to small 
changes in input data is well documented in the literature. Chopra 
(1993) shows that even slight changes to the estimates of expected 
returns or risk can produce vastly different mean-variance optimised 
portfolios. Best and Grauer (1991) analyse the sensitivity of optimal port - 
folios to changes in expected return estimates. Instead of focusing on 
the weights of the assets in optimal portfolios, others have focused on 
the financial impact of mean-variance efficient portfolios computed 
from estimates. Jobson and Korkie (1981) show that even an equal-
weighted portfolio can have a greater Sharpe ratio than an optimal 
mean-variance portfolio computed using estimated inputs. Broadie 
(1993) shows how the estimated efficient frontier overestimates the 
expected returns of portfolios for varying levels of estimation errors. 
Because of the ill-effects of estimation errors on optimal portfolios, port-
folio optimisation has been called ‘error maximisation’ (See Michaud, 
1989). Michaud argues that mean-variance optimisation overweights 
those assets with a large estimated return to estimated variance ratio 
(under weights those with a low ratio) and that these are precisely the 
assets likely to have large estimation errors.

It is widely believed that most of the estimation risk in optimal port-
folios is due to errors in estimates of expected returns, and not in the 
estimates of risk. Chopra and Ziemba (1993) argue that cash-equivalent 
losses due to errors in estimates of expected returns are an order of magni-
tude greater than those for errors in estimates of variances or covariances. 
Many portfolio managers concur, saying that their confidence in risk esti-
mates is much greater than their confidence in expected return estimates.

In order to cope with the effect of estimation errors in the estimates 
of expected returns, attempts have been made to create better and 
more stable mean-variance optimal portfolios by using expected return 
estimators that have a better behaviour when used in the context of 
the mean-variance framework. One of the more common techniques 
is the use of James–Stein estimators (see Jobson and Korkie, 1981). 
These estimators shrink the expected returns towards the average 
expected return based on the volatility of the asset and the distance 
of its expected return from the average. Jorion (1985) developed a 
similar technique that shrinks the expected return estimate towards the 
minimum variance portfolio. More recently, Black and Litterman (1990) 
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have developed a new Bayesian approach for producing stable expected 
return estimates that combines equilibrium expected returns and inves-
tors’ views on specific assets or weighted groups of assets. The area of 
robust statistics (see Cavadini et al., 2002) has recently been employed 
to create stable expected return estimates as well.

While strides have been made to improve estimates of expected 
returns, there will always be errors in these estimates because of the 
inherent stochastic nature of the asset return process. Even a portfolio 
manager employing Bayesian estimators such as James–Stein or Black–
Litterman will admit that estimation error remains a factor in the ‘cor-
rected’ estimates of expected returns, even if it is significantly less than 
that obtained without the use of these methods. In fact, the main prem-
ise of Bayesian statistics is that estimates do have distributions. This has 
led some authors to consider ways in which to account for estimation 
errors directly in the portfolio construction process.

One possible strategy for considering estimation error is to increase the 
risk-aversion parameter or modify the risk estimates by increasing the 
overall volatility. Since the estimated efficient frontier is an overestimate of 
the true efficient frontier because of the error-maximisation property, it 
can be argued that by increasing the risk-aversion parameter, the resulting 
portfolio on the actual frontier will be closer to the true frontier. Horst  
et al. (2001) show how to create an optimal pseudo risk-aversion param-
eter to use in a mean-variance optimisation problem rather than using 
the actual risk-aversion parameter. One problem with this approach is 
that it assumes that the covariance matrix of the estimation error is a 
constant multiple of the covariance matrix of returns, which is rarely the 
case in practice. Since expected return estimates are typically generated 
independent of the factor risk model, the distribution of the estimation 
error is likely to be quite different from that of the risk model.

Another development that has recently received much attention is 
the portfolio resampling methodology of Michaud (1999). Michaud 
introduces a statistical resampling technique that indirectly consid-
ers estimation error by averaging the individual optimal portfolios 
that result from optimising with respect to many randomly generated 
expected-return and risk estimates. Portfolio resampling, however, is 
a somewhat ad hoc methodology that has many pitfalls (see Scherer, 
2002). Because portfolio resampling is a simulation procedure in which 
each iteration involves a resampling of a time-series, creating mean-
variance input estimators and determining the optimal portfolio, it is 
overly time-consuming to compute. Like the modified risk-aversion 
parameter approach, portfolio resampling does not actually consider 
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the portfolio manager’s estimation error. It only considers the error of 
estimating a mean and covariance matrix from a simulated time-series 
from a stationary return process using the expected returns and covari-
ance matrix to generate the time-series. Additionally, the resulting opti-
mal portfolio does not necessarily satisfy all constraints. If a non-convex 
constraint, eg a limit on the number of assets in the portfolio, is present, 
the average of portfolios that satisfy the constraints individually will 
not necessarily satisfy the constraints.

Others have proposed adding constraints to control the ill-effects of esti-
mation error on optimisation generated portfolios. While some constraints 
can reduce the sensitivity of optimal portfolios to changes in inputs, 
this paper shows that constraints can actually exacerbate the problem. 
Furthermore, it shows that that the overestimate of expected return of an 
optimal portfolio can also be exacerbated by the presence of constraints.

This paper discusses an optimisation methodology known as robust 
optimisation, which considers uncertainty in unknown parameters 
directly and explicitly in the optimisation problem. It is generally con-
cerned with ensuring that decisions are ‘adequate’ even if estimates of 
the input parameters are incorrect. Robust optimisation was introduced 
by Ben-Tal and Nemirovski (1997) for robust truss topology design. In 
a paper that describes several applications of robust optimisation, Lobo  
et al. (1998) introduced the concept of considering the distribution of 
estimation errors of expected returns explicitly in a portfolio optimiza-
tion problem. Since then, Goldfarb and Iyengar (2003) consider uncer-
tainties in the factor exposure matrix of a factor risk model directly in 
the portfolio optimisation problem.

Robust portfolio optimisation is a fundamentally different way of 
handling estimation error in the portfolio construction process. Unlike 
the previously mentioned approaches, robust optimisation considers 
the estimation error directly in the optimisation problem itself. Here, a 
financial motivation is given for using robust portfolio optimisation as 
a means of considering errors in the expected return estimates directly 
in the portfolio construction process. This motivation allows one to 
see that the ‘standard’ formulation is only applicable in certain cases. 
The fourth section introduces modified forms of robust mean-variance 
optimisation that are applicable in other commonly used portfolio 
management strategies. Many of the results in this paper were first 
presented at a practitioners conference in April of 2003 by Ceria (see 
Ceria and Stubbs, 2003). Since then, a number of other authors have 
independently proposed an approach similar to the present authors’. Of 
particular relevance is the paper of Garlappi et al. (2004).
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This paper introduces an optimisation methodology that signifi-
cantly reduces some of the ill-effects of portfolio optimisation that are 
caused by estimation error in expected return estimates. It is shows 
that errors in expected return estimates can lead to optimal portfolios 
whose weights are significantly different from those in the true optimal 
portfolio and whose expected return is significantly overestimated. It is 
shows that this can be particularly true in the presence of commonly 
found types of constraints. We discuss a ‘standard’ robust optimisation 
methodology that alleviates some of these ill-effects and introduces new 
variants that more effectively handle the difficulties caused by estima-
tion error in commonly used portfolio management strategies. Finally, 
some computational results are discussed that demonstrate the poten-
tially significant economic benefits of investing in portfolios computed 
using standard robust optimisation and the variants introduced here.

Estimation errors and classical mean-variance  
optimisation

It is a well-documented fact in the investment management literature 
that mean-variance optimisers are very sensitive to small variations in 
expected returns. Slightly different expected return vectors can lead to 
drastically different portfolios. The seemingly unexplainable changes 
in asset weights due to small perturbations in expected returns are not 
the only pitfall of classical mean-variance optimisation. Because of 
the error-maximisation effect, it is typically the case that the expected 
return is significantly overestimated.

In order to understand better the effect of estimation error in expected 
returns on optimal portfolios, consider the following example. Suppose 
there are two assets where the objective is to maximise expected return 
subject to a budget constraint that forces full investment between the 
two assets, and a constraint that limits the total active risk to be no more 
than 10 per cent with respect to the benchmark portfolio (shown as 
point ‘M’ in Figure 10.1). The estimates of expected returns and standard 
deviations of the two assets are given in Table 10.1. It is assumed that 
the correlation between the two assets is 0.7. The feasible region of this 
example is illustrated in Figure 10.1 as the intersection of the shaded 
ellipsoidal region and the budget constraint, ie the feasible region of this 
example is simply the line segment between points A and B.

Using column ‘Alpha 1’ from Table 10.1 as the estimates of expected 
returns, the optimal portfolio is at point A in Figure 10.1. Using the 
slightly different expected returns given in column ‘Alpha 2’, the 
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optimal portfolio is at point B. (The values of the portfolio weights are 
given in Table 10.2.) This example shows that with only a very small 
change in the estimates of expected returns of the assets, the weights of 
the assets in the optimal portfolios changed dramatically. The true opti-
mal solution is at point B with an expected return of 2.46986 per cent. 
The estimated expected return of points A and B using ‘Alpha 1’ and 
‘Alpha 2’, respectively, are both 2.4831 per cent. In this example, the 
expected returns of both optimal portfolios evaluated with respect to 
their expected return estimates overestimate the true expected return. 
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Figure 10.1 Feasible region for example 1

Table 10.1 Expected returns and standard deviations for example 1

Asset Benchmark 
weights

Alpha 1 
(%)

Alpha 2 
(%)

True 
Alpha (%)

Return Std. 
Dev. (%)

Alpha 
Std. Dev. 
(%)

Asset 1 0.5 2.4 2.5 2.48 0.42 0.5
Asset 2 0.5 2.5 2.4 2.42 0.33 0.5
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From this example, it is clear why portfolio managers find ‘optimised’ 
portfolios to be counter intuitive and impractical.

Some changes in optimal weights should be expected when using 
different estimates of expected returns. Most of the variations in asset 
weights, however, arise due to optimisers exacerbating the estimation 
error problem by significantly overweighting assets with an error to 
the upside and underweighting assets with an error to the downside. 
Though this behaviour has been described before, the authors are not 
aware of any studies that have given a precise and intuitive explana-
tion of the error exacerbating effect. The present authors claim that the 
cause of the ‘error maximisation’ property of mean-variance optimisers 
is not only the presence of estimation error, but also the interaction of 
the estimation error in expected returns with the constraints present in 
the portfolio optimisation problem.

If we reconsider our example, but drop the budget constraint, then 
the optimal portfolios with respect to ‘Alpha 1’ and ‘Alpha 2’ are points 
C and D, respectively. Figure 10.1 and Table 10.2 show that the change 
in optimal portfolio weights with respect to their expected return esti-
mates is much smaller when the budget constraint is dropped. The true 
optimal solution is at a point on the boundary of the ellipsoid between 
points C and D with an expected return of 3.191258 per cent. The esti-
mated expected return of points C and D using ‘Alpha 1’ and ‘Alpha 2’, 
respectively, are 3.20972 per cent and 3.18722 per cent. In this example, 
the expected return of portfolio C evaluated with respect to its expected 
return estimate overestimates the true expected return, but portfolio D 
evaluated with respect to its expected return estimate actually underes-
timates the true expected return. This situation is extremely rare when 
constraints are present, particularly in higher dimensions.

This simple example was created to illustrate geometrically how 
slightly different expected return estimates can lead to very differ-
ent portfolios and how this phenomenon can be exacerbated by the 

Table 10.2 Optimal portfolios for example 1

Attribute Folio A Folio B Folio C Folio D

Alpha 1 2 1 2
Budget ✓ ✓

Asset 1 weight 0.169 0.831 0.5253 0.5546
Asset 2 weight 0.831 0.169 0.7796 0.7503
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introduction of constraints. It also shows how the error in expected 
returns is optimised so that the estimated expected return of a portfolio 
typically overestimates the true expected return. In this small example, 
the change in expected returns of the portfolios was small, but this was 
only a two-asset example. To illustrate the error-maximisation effect 
better, efficient frontiers are considered in a more realistic investment 
scenario.

As defined by Broadie (1993), the terms ‘true frontier’, ‘estimated 
frontier’, and ‘actual frontier’ are used to refer to the efficient frontiers 
computed using the true expected returns (unobservable), estimated 
expected returns and true expected returns of the portfolios on the 
estimated frontier, respectively. Specifically, the frontier computed 
using the true, but unknown, expected returns is referred to as the 
true frontier. Similarly, the frontier computed using estimates of  
the expected returns and the true covariance matrix is referred to as the 
estimated frontier. Finally, the actual frontier is defined as follows. We 
take the portfolios on the estimated frontier and then calculate their 
expected returns using the true expected returns. Since we are using 
the true covariance matrix, the variance of a portfolio on the estimated 
frontier is the same as the variance on the actual frontier. By definition, 
the actual frontier will always lie below the true frontier. The estimated 
frontier can lie anywhere with respect to the other frontiers. If the errors 
in the expected return estimates have a mean of zero, however, the 
estimated frontier will lie above the true frontier with extremely high 
probability, particularly when the investment universe is large.

Using the covariance matrix and expected return vector from Idzorek 
(2002), we randomly generated a time-series of normally distributed 
returns and computed the average to use as estimates of expected 
returns. Using this computed expected-return estimate and the true 
covariance matrix, we generated an estimated efficient frontier of 
active risk versus active return where the portfolios were subject to no-
shorting constraints and a budget constraint that forces the sum of the 
weights to be one. Similarly, the true efficient frontier was generated 
using the original covariance matrix and expected return vector. Finally, 
the actual ‘frontier’ was generated by computing the expected return 
and risk of the portfolios on the estimated frontier with the true covari-
ance and expected return values. The actual ‘frontier’ is not necessarily 
concave, as it is not computed as the result of any optimisation, but 
rather by applying the true expected returns and true covariance to the 
efficient portfolios in the estimated efficiency frontier. These three fron-
tiers are illustrated in Figure 10.2. Using the same estimate of expected 
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returns, we also generated active risk versus active return where we 
also constrained the active holdings of the assets to be ±3 per cent of 
the benchmark holding of each asset. These frontiers are illustrated in 
Figure 10.3. Note how the estimated frontiers significantly over estimate 
the expected return for most risk levels in both types of frontiers. More 
importantly, note that the actual frontier lies far below the true frontier 
in both cases.

This shows that the ‘optimal’ mean-variance portfolio is not necessar-
ily a good portfolio, ie it is not ‘mean-variance efficient’.

In general, it is not known how far the actual expected return may 
be from the expected return of the mean-variance optimal portfolio. 
Returning to the example, suppose that the true expected return esti-
mate is some convex combination1 of the expected return estimates,  
(α1, α2) = (2.5, 2.4) and (α1, α2) = (2.2, 2.7) and that one value is no 
more likely to occur than another. Depending on the point estimate of 
expected returns used in the mean-variance optimisation problem, the 
optimal portfolio will be either portfolio A or portfolio B. The actual 
expected returns of these portfolios for the two extreme expected 
return estimates are given in Table 10.3. Suppose that the estimate of 
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Figure 10.3 Markowitz benchmark-relative efficient frontiers

Table 10.3 Extreme expected return for optimal portfolios

Portfolio Expected return  
(2.5, 2.4) (%)

Expected return  
(2.2, 2.7) (%)

A 2.4169 2.6155
B 2.4831 2.2845

the expected returns leads to optimal portfolio B. In the best scenario, 
portfolio B will have an expected return that is 0.0662 percentage points 
greater than that of portfolio A. In the worst-case, however, portfolio 
B will have an expected return that is 0.331 percentage points less 
than that of portfolio A. So, by investing in a portfolio that may have 
an expected return that is 0.0662 percentages points greater than an 
alternative, there is the risk that the expected return may be as much as 
0.331 percentage points less. Since a uniform distribution of expected 
returns between the two extreme values is assumed, it could be argued 
that portfolio A is a better, more robust portfolio. That is, the portfolio 
performs better under more situations within the range of uncertainty 
of expected returns.
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Robust portfolio optimisation

The actual frontier resulting from classical mean-variance optimisation 
can be far away from both the true and estimated frontiers because of 
estimation error. The estimated frontier generally lies well above the 
actual frontier. This study will now analyse just how far apart the esti-
mated and actual frontiers can be over a specified confidence region of 
the true expected return. It is assumed that the n-dimensional vector 
of true expected returns α, is normally distributed. Given an estimate 
of expected return α– and a covariance matrix Σ of the estimates of 
expected returns,2 it is assumed the true expected returns lies inside the 
confidence region

  ( ) ( )α α α α κ− − ≤−T Σ 1 2  (1)

with probability 100η per cent where κ η2 2 1= −χn( ) and χn
2
 is the 

inverse cumulative distribution function of the chi-squared distribution 
with n degrees of freedom.3

If the covariance matrix of returns Q is full rank, then one can com-
pute points on the efficient frontier by solving the maximum expected 
return problem,
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αT

T

w

w Qw v≤  (2)

for varying values of v, where α is the expected return estimate, Q is 
the covariance matrix of returns, and v is the target portfolio variance. 
It is easy to show that the optimal holdings to this maximum expected 
return problem are given by
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Let α* be the true, but unknown, expected return vector and α– be an 
expected return estimate. Recall that the actual frontier is constructed 
using the true expected return α*. That is, the true expected return of a 
portfolio on the estimated from tier is computed as
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Let �w  be the optimal portfolio on the estimated frontier for a given 
target risk level. Generally, the estimated expected return is greater than 
the actual expected return because of the ‘error maximisation’ effect of 
the optimiser. The question addressed is ‘How great can the difference 
be?’ To answer this, consider the maximum difference between the 
estimated expected return and the actual expected return of �w. This 
difference can be written as

α αT Tw w� �− *

For a 100η per cent-confidence region of α, the maximum difference 
between the expected returns on the estimated efficient frontier and the 
actual efficient frontier is computed by solving

 

maximise     

subject to    

α α
α α α α κ

T T

T

w w� �−

− − ≤−( ) ( ) .Σ 1 2
 (3)

Note that �w  is fixed in problem (3). We are optimising over the  
variable α. The optimal solution to (3) can be shown to be

   
α α

κ
= −

2
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�

w w
wTΣ

Σ
 

(4)

Therefore, the lowest possible value of the actual expected return of the 
portfolio over the given confidence region of true expected returns is 
computed as

  
α α κT Tw w w� � �= − Σ1 2/

 
(5)

and the maximum difference between the estimated frontier and the 
actual frontier is

  
α α κ κT Tw w w w� � � �− −( )/ /Σ Σ1 2 1 2=

 
(6)

(Throughout this paper, ||·|| refers to the 2-norm.)
Naturally, one would like this difference to be as small as possible. 

This would reduce the error-maximisation effect, bring the estimated 
and actual frontiers closer together, and thus create portfolios that are 
closer to the true efficient frontier. Simply minimising the distance 
between the two frontiers, however, will drive the optimal portfolio 
towards a portfolio that minimises the estimation risk. Clearly, this is 
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not what we want to do. There is no point in considering estimation 
error if one does not consider the estimates. Instead, we simultaneously 
want to continue to maximise the expected return of the portfolio so 
that we are minimising the estimation risk for a given level of estimated 
expected return. In order to do this, we solve an optimisation problem 
where we maximise an objective of the form of (5). With this optimisa-
tion problem, we will bring the actual and estimated frontiers closer 
together. We will not be able to guarantee, however, that these frontiers 
are actually closer to the true frontier.

In this problem, w, the vector of optimal holdings, is not fixed. We 
optimise over w to find the optimal asset weights. Additionally, any set 
of portfolio constraints can be added. For instance, a long-only robust 
portfolio satisfying a budget constraint and a variance constraint can 
be written as

  

maximise   

subject to   

                  

α κT

T

w w

e w

w

− Σ1 2

1

/

=
TTQw v

w
≤

≥                  0  (7)

where v is a variance target. Note that this problem is exactly the 
same as a classical mean-variance optimisation problem except for the 
κ Σ1 2/ w  term in the objective. This term is related to the estimation 
error and its inclusion in the objective function reduces the effect of 
estimation error on the optimal portfolio.

There is an important distinction between Q and Σ. Q is the covari-
ance matrix of returns, while Σ is the covariance matrix of estimated 
expected returns, which is related to the estimation error arising from 
the process of estimating α, the vector of expected returns. This distinc-
tion is even more relevant in practice, where typically Q is obtained 
from a risk model provider, and is completely independent from Σ 
which is the result of a proprietary estimation process for α of which 
the risk model provider is not even aware.

Let us consider just how this additional objective term affects an 
optimal solution. If one considers equation (4), it can be seen that the 
expected returns of those assets with positive weights will be effectively4 
adjusted downwards.5 Similarly, the expected returns of those assets 
with negative weights, ie short holdings, will be adjusted upwards. The 
size of the adjustment is controlled by the size of κ, ie the size of the 
confidence region. Note that the alpha correction term in Equation (4) 
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is constant κ multiplied by the marginal contribution to estimation risk 
of the assets. Therefore, for a portfolio with a lot of estimation risk in a 
single asset, the expected return for that asset is effectively adjusted so as 
to reduce the marginal contribution to the estimation risk of that asset. 
The purpose of adjusting the expected returns estimates in this way is to 
counter the error-maximisation effects of portfolio optimisation.

We have just described what we refer to as a robust objective problem. 
The other forms of classical mean-variance optimisation can also be 
modelled using robust optimisation. For instance, the maximum utility 
form of the problem can be written as

  

maximise     

                   

α κT

T

w w

p w Qw
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−

Σ1 2
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/

/  (8)

Similarly, the minimum volatility form of the problem can be written as

  

maximise     

subject to    

w Qw

w w r

T

Tα κ− ≥Σ1 2/

 
(9)

Problem (7) and its variants cannot be solved by a standard mean-var-
iance optimiser or even a general-purpose quadratic optimiser because 
the estimation-error term is a 2-norm which contains a square root 
and cannot be reformulated as a pure quadratic problem. This robust 
optimisation problem must be solved by either an optimiser capable of 
handling general convex expressions or a symmetric second-order cone 
optimiser. Second-order cone optimisation is a relatively new branch of 
optimisation and special purpose optimisers have been created to solve 
problems of this type. These specialised solvers can optimize robust 
optimisation problems in roughly the same amount of time that a 
mean-variance optimiser can solve the classical problem.

Alternative forms of robust portfolio optimisation

The robust optimisation problem introduced in the previous section 
three will only adjust the estimates of expected returns downwards if 
long-only constraints are present. Assuming that each expected return 
estimate overestimates the true expected return and adjusting all esti-
mates downwards is too pessimistic. Even though there are errors in 
an expected return estimate, it is not likely that the expected return 
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estimate of each asset is an overestimate of the actual expected return. 
Similarly, in management of an active fund, the expected returns will 
be adjusted downwards for any asset with a positive weight. This really 
does not make sense because this study is interested in active returns. 
One would not expect our alpha to be adjusted downwards for an asset 
that already has a negative active weight.

This section introduces new variants of robust optimisation that deal 
with these issues. It should be noted that the two variants introduced 
here do not necessarily cover all real-world situations. These variants, 
along with the standard formulation, do provide ways of handling most 
commonly found portfolio management strategies. At the end of this 
section, a more general framework is described under which to view 
these alternative forms of robust optimisation. This framework can be 
used to develop other extensions for applicable circumstances.

Zero net alpha-adjustment frontiers

The standard robust optimisation problem discussed in the previous 
section considered the maximum possible difference between the esti-
mated frontier and the actual frontier. This maximum difference was 
then minimised. Depending on the goals of the portfolio manager, this 
approach can potentially be too conservative as the net adjustment to 
the estimated expected return of a portfolio will always be downwards. 
If the manager’s expected returns are symmetrically distributed around 
the point estimate, however, one would expect that there are approxi-
mately as many expected returns above their estimated values as there 
are below the true values. It may be more natural and less conservative 
to build this expectation into the model.

In order to incorporate a zero net alpha-adjustment into the robust 
problem, (6) is modified by the addition of the linear constraint

   e DT ( )α α− = 0  (10)

for some symmetric invertible matrix D to obtain the following

  

maximise     

subject to    
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               e DT ( )α α− = 0  (11)

For now, assume that D = I, in which case (10) forces the total net 
adjustment to the expected returns to be zero. That is, for every basis 
point decrease in an expected return of an asset, there must be a 
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corresponding gross basis point increase in the expected return of other 
assets.
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It can be shown that the optimal solution to problem (11) is, (see 
Equation 12 above).

Therefore,
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Instead of having a zero net adjustment of the alphas, one could restrict 
the alpha region to have a zero net adjustment in standard deviations of 
the alphas. To do this, one sets D = L−1, where Σ = LLT is the Cholesky 
decomposition of Σ. This forces every standard deviation of upward 
adjustment in the alphas to be offset by an equal downward adjustment 
of one standard deviation. Similarly, we could restrict the alpha region 
to have a zero net adjustment in the variance of alphas in which case 
one sets D = Σ−1.

Now, let us consider how this objective is effectively adjusting 
alphas when D = Σ−1. In this case, the adjustment term becomes,  
(see Equation 14 below).

For a problem with a dollar-neutral constraint, ie e wT � = 0, the zero-
net alpha adjustment form of robust optimisation is equivalent to the 
standard form. In a fully invested problem, however, there
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will be a budget constraint of the form e wT � = 1. In this case, the term
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is exactly the portfolio that minimises estimation error subject to being 
fully invested. In this case, if a portfolio weight is above that which 
minimises estimation error, the effective alpha is adjusted downwards. 
Similarly, if the weight of an asset is below that which minimises esti-
mation error, the effective alpha is adjusted upwards.

Robust active return/active risk frontiers

Thus far, this paper has discussed the classical efficient frontier that 
demonstrates the trade off between the expected values of total return 
and total risk. Active managers are more interested in an efficient fron-
tier comparing the expected values of active return and active risk. For 
a 100η per cent-confidence region of α, the most that the difference 
between the expected active returns on the estimated efficient frontier 
and the actual frontier can be is computed by

  

maximise     

subject to    
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where b is the benchmark holdings. The optimal solution to this  
problem is
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which implies that
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This gives the following robust optimisation problem for long-only 
active funds
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Now, let us see how this variant of robust objective function effectively 
adjusts expected return estimates. If the holding in an asset is below the 
benchmark weight, the α is adjusted upwards. Similarly, if the holding 
in an asset is above the benchmark weight, the α for that particular 
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asset is adjusted downwards. This behaviour is much more intuitive and 
performs much better in practice for active strategies.

General robust optimisation framework

All three forms of robust portfolio optimisation discussed thus far can 
all be cast in a single generalised form. Note that the only difference 
between Equations (4), (12) and (16) is the model portfolio that is 
compared with the vector of portfolio holdings �w, in constructing the 
expected return adjustments. Let z be the generic ‘model’ portfolio. 
Then the generic expected return adjustment can be written as
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In Equations (4), (12) and (16), z is

0,
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�
 and b, respectively.

Note that z can be dependent on �w  as it is for the zero-net alpha case.
This generic framework allows for the construction of other alterna-

tive forms of robust portfolio optimisation. Both of the alternatives 
introduced were created to prevent robust optimisation from adjusting 
alphas based on anything other than estimation error. For example, in 
the case of the active manager that measures performance relative to a 
benchmark, the portfolio weights are compared with the benchmark to 
expected returns from being adjusted because of the active manager’s 
constraints. Similarly, in the case of a fully invested fund, the zero-net 
alpha adjustment that compares the portfolio weights with the fully 
invested minimum estimation error portfolio was introduced. The 
adjustment prevents the expected returns from always being adjusted 
downwards because of the fully invested constraint.

For different investment strategies, other constraints may force the 
expected returns to be adjusted in a particular way, even if it is not sug-
gested by estimation error. In these cases, the general form can be used 
to create an effective robust portfolio construction strategy.

Numerical experiments

In order to measure the effect of the proposed methodology on the 
efficient frontiers, the experiments used to produce Figure 10.2 were 



288 Sebastián Ceria and Robert A. Stubbs

re-run using robust optimisation. With D = I, efficient frontiers were 
generated using both the standard mean-variance problem and the 
equivalent robust optimisation problem and compared them with the 
true frontier as in Figure 10.2. These frontiers are illustrated in Figure 
10.4. Similarly, the efficient frontier of active risk versus active return 
was generated using both classical mean-variance optimisation and 
the equivalent robust counterpart. These frontiers are illustrated in  
Figure 10.5. Incorporating the estimation error into the portfolio con-
struction process significantly reduced its effect on the optimal port-
folio. In both cases, the predicted return for any given risk level was 
not exaggerated nearly as much. More importantly, the actual robust 
frontiers are much closer to the true frontiers than are the actual mean-
variance frontiers.

As expected, the computational experiments show that when using 
robust optimisation, the actual and estimated frontiers lie closer to each 
other. This is due to the objective function in the robust optimisation 
problem being based on reducing the distance between the predicted 
and actual frontiers. The real goal, however, is to get these frontiers not 
only closer together, but also closer to the true efficient frontier. It is 
believed that this result will be very difficult to establish theoretically, 
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and for this reason we demonstrated it empirically by running a very 
large number of computational experiments, which are outlined below.

While frontiers help illustrate the effect of robust optimisation, they 
only represent one rebalancing period. One cannot say that portfolios 
constructed using robust optimisation will outperform those con-
structed using classical mean-variance optimisation each month with 
certainty. It is argued, however, that portfolios constructed using robust 
optimisation do outperform those constructed using classical mean-
variance optimisation the majority of the time. To demonstrate this, 
simulated backtests were run using the various forms of robust optimi-
sation described in this paper.

For each simulated backtest, a time-series of monthly returns was 
generated using the excess expected returns and covariance matrix from 
Idzorek (2002) for 30 US equities. For each month, a mean vector of 
returns μ is computed using the previous number of historical periods, 
T, specified in the backtest. The sample covariance matrix of returns, S, 
is computed over the same time horizon. For each month, an expected 
return estimate α = (1 − λ)μ + λr is computed, where r is that month’s 
realised returns, and 0 ≤ λ ≤ 1 is a parameter specified in the backtest. 
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Table 10.4 Backtest results for long-short dollar-neutral strategy

Lambda Kappa Markowitz  
Ann. Ret. (%)

Robust  
Ann. Ret. (%)

Robust  
Win (%)

0.025 1 2.06 2.90 82
0.025 2 2.06 3.62 80
0.025 3 2.06 4.22 83
0.025 4 2.06 4.71 83
0.050 1 10.53 11.3 79
0.050 2 10.53 11.92 78
0.050 3 10.53 12.38 76
0.050 4 10.53 12.66 76

The value of α used in the backtests intentionally contains some look-
ahead bias that is designed to simulate portfolio managers’ information.

The estimation error matrix Σ = (1 − λ) S, is used in the robust objec-
tive term for each backtest. The value of κ used in each backtest is speci-
fied in the results tables. All results are based on 100 different runs of 
the backtests using different seeds for the random number generation. 
All backtests cover 120 periods, or 10 years of monthly rebalancings.

The first set of backtests simulate a long-short dollar-neutral strat-
egy with a limit on the total risk of 10 per cent. Asset weights were 
constrained to be within ±25 per cent of the amount invested. The 
portfolio is also restricted so that the maximum total value of the long 
positions is equal to the amount invested in order to restrict leverage. 
The value of T in each of the backtests was 120. The results are shown 
in Table 10.4. The columns labeled ‘Ann. Ret.’ give the average annu-
alised return over all 100 simulations. The column ‘Robust win (%)’ 
gives the percentage of the simulations in which the total return using 
robust optimisation was greater than the total return using classical 
mean-variance optimisation. In these tests, the total excess returns for 
the robust backtests were greater than the total excess returns for the 
classical tests between 76 and 83 per cent of the time. Also note that 
the average annualised return of the robust portfolios is between 84 
and 265 basis points greater than the average annualised return of the 
classical portfolios.

The second set of backtests simulate a long-only maximum return 
strategy. Here, expected returns in a fully invested long-only portfolio 
are maximised with a limit of 20 per cent expected total risk. In these 
backtests, the monthly round-trip turnover as also limited to be at most 
15 per cent by imposing a linear constraint in the portfolio construction 
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Table 10.5 Backtest results for long-only maximum total return strategy

Lambda Kappa Markowitz  
Ann. Ret. (%)

Robust  
Ann. Ret. (%)

Robust  
Win (%)

0.075 1 11.93 12.30 87
0.075 3 11.93 12.59 81
0.075 5 11.93 12.78 75
0.075 7 11.93 12.77 68
0.100 1 14.04 14.46 84
0.100 3 14.04 14.82 81
0.100 5 14.04 14.97 74
0.100 7 14.04 14.97 68

Table 10.6 Backtest results for long-only active strategy

Lambda Kappa Markowitz  
Ann. Ret. (%)

Robust  
Ann. Ret. (%)

Robust  
Win (%)

0.025 1 1.59 1.69 69
0.025 3 1.59 1.85 68
0.025 5 1.59 1.98 70
0.025 7 1.59 2.02 65
0.050 1 3.35 3.48 76
0.050 3 3.35 3.68 78
0.050 5 3.35 3.80 75
0.050 7 3.35 3.80 65

problem. The zero-net alpha adjustment version of robust optimisa-
tion introduced earlier was used to construct the robust portfolios. The 
value of T in each of the backtests was 120. The results are shown in  
Table 10.5. In these tests, the total excess returns for the robust back-
tests were greater than the total excess returns for the classical tests 
between 68 and 87 per cent of the time. Also note that the average 
annualised excess return of the robust portfolios is between 37 and 93 
basis points greater than the average annualised excess return of the 
classical portfolios.

The last set of backtests simulate a long-only active strategy. The 
portfolios are constrained to be fully invested, have at most a 3 per cent 
active risk, and the asset weights must be within ±10 per cent of the 
investment size of the benchmark weights. In these backtests, we also 
limited the monthly roundtrip turn over to be atmost 15 per cent. The 
active return/active risk version of robust optimisation introduced in 
Section 4.2 was used to construct the robust portfolios. Again, the value 
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of T in each of the backtests was 120. The results of these backtests are 
given in Table 10.6. The results are based on active returns rather than 
excess returns, but otherwise show the same type of information as did 
the previous tables. Again, the total returns for the robust backtests were 
greater than the total returns for the classical tests. This time, the robust 
portfolios were superior between 65 and 78 per cent of the time. The 
average annualised active return of the robust portfolios is between 10 
and 45 basis points greater than the average annualised active return of 
the classical portfolios.

Conclusions

The authors believe that one of the main reasons why modern portfolio 
theory is not being fully used in practical portfolio management is the 
fact that the result from a classical mean-variance framework are unsta-
ble and too sensitive to expected return estimates. It is argued that these 
ill-effects of classical portfolio optimisation are caused by the error-
maximisation property. The robust optimisation technology described 
in this paper directly addresses these issues.

The frontier illustrations show that portfolios generated using robust 
optimisation may be closer to the true efficient frontier. The backtesting 
results indicate that portfolios constructed using robust optimisation out-
performed those created using traditional mean-variance optimisation in 
the majority of cases. The realised returns were greater when using robust 
optimisation. The authors believe that the reason for this is that more 
information is transfered to the portfolios when constructing them using 
robust optimisation. Classical optimisation will tend to overweight assets 
with positive estimation error in the expected returns. Because of this, 
portfolios constructed using mean-variance optimisation typically repre-
sent less information from the true expected returns. That is, the portfolios 
constructed using robust optimisation usually have a higher correlation 
between the true expected returns and the alphas implied from the port-
folio than do those portfolios constructed using robust optimisation.

Robust optimisation is a fairly new optimisation methodology that 
has not yet found widespread use in the financial community. Robust 
portfolio optimisation problem is indeed a more complex optimisation 
problem, but one that can be efficiently handled by a class of interior-
point optimisers that are capable of handling second-order cone con-
straints. Therefore, based on the computational results in this paper, 
the authors believe that robust portfolio optimisation is a practical and 
effective portfolio construction methodology.
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Notes

1. A convex combination of two vectors a and b is defined to be λa + (1 − λ)b 
where 0 ≤ l ≤ 1.

2. ∑ is a symmetric positive definite matrix.
3. We do not need to assume normality. It is only required that the distribu-

tion is elliptical. An elliptic distribution is a symmetric distribution such that 
any minimum volume confidence region of the distribution is defined by an 
n-dimensional ellipsoid of the form of Equation (1).

4. The effective alpha, or effectively adjusted expected return, is defined as the 
value of a determined by Equation (4) or the related equation for a variant of 
(6) for the optimal solution to the robust optimisation problem.

5. When considering adjustments of expected returns, we assume that Σ is a diag-
onal matrix so that we can easily conceptualise the effective expected-return 
adjustments without worrying about any interactions between the adjust-
ments. That is, assuming a diagonal matrix, Σ, means that the  adjustment to 
the expected return for asset i is dependent upon the weight of asset i, but no 
others. This is not to say that the adjustments are truly independent, though. 
Constraints may force one weight to go up if another goes down, which 
implicitly creates an interrelationship between the alpha adjustments. Because 
Σ is positive definite, a diagonal Σ will have all positive elements.
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Introduction

Increasing attention is being paid to the performance of institutional 
funds; whether public or private, large or small, well-governed or not, 
these institutions have come to play crucial roles in under-writing 
the welfare of many citizens of developed and developing countries. 
In terms of the volume of assets managed by these institutions, it is 
estimated that, as of 2006, across the world pension funds accounted 
for $US25,000bn, endowments and foundations $4bn, and the emerg-
ing sovereign funds $4bn.1 The price of poor performance is very high 
(as is noted by many commentators and academics; see Ambachtsheer 
(2007a) and Lerner et al. (2007)). Inevitably, institutional performance is 
conditioned by the inherited practices of various bodies that are respon-
sible for these funds. At the same time, we should not be content with 
simply relying upon the past for the future.

In this paper, we begin by distinguishing between the inherited struc-
ture of investment institutions – normally framed by statute, property 
rights, and covenants – and the governance of those institutions – often 
framed by the rules and procedures that sustain their performance. This 
distinction is owed, in part, to Williamson (1996, pp. 4–5) who noted 
institutional structure is often difficult to change; by his account, it 
‘evolves’ rather than changes in any substantial sense from one time to 
the next. Like a number of other theorists of institutional design and 
performance (eg North, 1990), he suggests that ‘governance’ is an essen-
tial ingredient of any institution’s functional performance, being the 
capacity of an organisation to function in ways consistent with desired 
goals. Institutional structure is, however, not the only determinant of 
performance: even ‘ideal’ institutions fail if poorly governed.

Typically, large institutions are organised by formal arrangements 
of authority and responsibility. Many organisations can provide the 
interested researcher with figures and maps demonstrating in theory, 
at least, the proper relationships between line-officers against hierarchi-
cally ordered tasks and functions. But the accumulated evidence sug-
gests that formalism is not sufficient as a description of the life of such 
organisations whether they be general-purpose corporations, financial 
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institutions or pension funds (witness controversy surrounding the 
agency problems of funds; see Cocco and Volpin, 2007). For many 
organisations the governance problem is one of orchestrating collective 
action in a timely and effective fashion given inherited relationships 
and systems of control; this is especially important in financial institu-
tions that must be adaptive and responsive to market environments 
that seem to move at the speed of light.

Social scientists often argue that the functional performance of any 
institution is dependent upon the clarity of a priori defined tasks and 
functions – Merton and Bodie (2005) provide a template for institutional 
design relevant to the financial industry, arguing that well-governed 
organisations have functional (means-ends) clarity. We share this opinion, 
but recognise that the global finance industry is replete with all kinds of 
institutions that share similar if not the same functions, differentiated 
by history and geography. Institutional investors are not the same the 
world over because they come from distinctive national political tradi-
tions (Roe, 2006) and particular iterations of social organisation (O’Barr 
and Conley, 1992). The challenge of institutional governance can be 
thought to be comprised of two related parts: to facilitate adaptation  
to the functional imperatives driving performance without institutional 
(re)design in the short term and to build long-term performance through 
reform and re-design of institutional structure.

Ambachtsheer (2007a, b) is of the opinion that many pension and 
retirement income institutions are not ‘fit-for-purpose’ whatever their 
jurisdiction and inherited institutional form. On the other hand, it is not 
self-evident what works nor is it self-evident what does not work  – for 
example, do some US endowment funds ‘out-perform’ because they are 
endowment funds or because they are better governed or both (see Lerner 
et al., 2007)? If nation states are to redesign pension and retirement income 
institutions to cope with 21st century imperatives like demographic age-
ing, the sustainability of plan sponsors, and the increasing premium on 
(and visibility of) financial performance, issues of structural design must 
be considered in relation to institutional governance. In fact, knowledge 
of governance best-practice may be essential for the institutional design 
process – an issue we return to in the closing sections of the paper.

The paper proceeds in the following manner. In the next section we 
consider the status and significance of best-practice noting that our use 
of exemplars is designed to help to understand the underlying princi-
ples of institutional governance rather than the particular details of each 
and every case. This is followed in the subsequent section with a state-
ment about the challenges facing asset owners, especially in relation to 
investment practice and the flux and flows of global financial markets.  
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We take seriously the insights of Kahneman and Tversky (1979) regarding 
the cognitive problems of operating in risk environments; we are more 
optimistic than some about the role that well-governed institutions can 
play in promoting best-practice (Engel and Weber, 2006).2 In the fol-
lowing section, we spell out 12 principles of best-practice, recognising 
that no institution is perfect. This is followed in the fifth section with a 
series of arguments about what works in resource-constrained situations 
before closing in the Conclusion with comments about the design of 
investment institutions like sovereign funds.

Scoping best-practice

Management consulting firms, business schools, and sections of the busi-
ness press are pre-occupied with best-practice; the subject is increasingly 
important to organisations worldwide with many now including a formal 
statement in their charters to the effect that they will strive for best-practice. 
In many situations, best-practice is derived from global experience not 
simply their national or regional context. Client advice, teaching, and 
communication rely upon the synthesis of experience, the identification 
of core principles and practices, and their transfer to relevant situations. It 
is also apparent that the market-share of organisations striving for global 
best-practice is large and growing, as global economic and financial inte-
gration challenge the robustness and legitimacy of inherited institutions.

Our analysis of best-practice matches a concern in the funds man-
agement industry to identify the principles and practices of good gov-
ernance. Research suggests the impact of good governance may be as 
much as 100–300 basis points per year (Ambachtsheer, 2007a; Watson 
Wyatt, 2006). In a number of instances, our exemplar institutions had 
instituted their own policies on governance designed to foster learning 
from peers. For some institutions, governance has become part of their 
subcommittee system being often located with the audit function.

One development has been the adoption of a ‘governance budget’ 
framework to promote the management of governance innovation 
(Urwin and others, 2001). In part, a fund’s governance budget is related 
to size. But, as we show below, even smaller funds can adopt best-practice 
standards appropriate to their size and capacity. Our conception of  
governance is based on three principles:

Governance is a finite and conceptually measurable resource, and 
the size of this resource – the governance budget – is associated with 
expected performances.
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A certain size governance budget is best matched with a certain 
investment style and strategy, consistent with other budgets that 
recognise limited resources and the need for skill.
There are ways to adapt the governance budget over time with impli-
cations for long-term investment performance and pay-offs.

As consultants have become involved in evaluating the effectiveness 
of fund governance, the definition of governance has evolved. For this 
paper, the ‘governance budget’ refers to the capacity to create value 
from effective actions in the chain of institution-defined tasks and func-
tions (Watson Wyatt, 2004).

There are two rather different approaches to the identification of 
best-practice. Some analysts rely upon large databases of institutional 
performance using accepted metrics such as the risk-adjusted rate of 
return over time to benchmark relative virtue. This approach allows for 
comparative performance measures across different types of institutions 
performing similar functions; it also allows for the identification of 
those types of institutions that are, on average, better performing than 
others (Lerner et al., 2007). The lessons of this approach are twofold: 
first, those types of institutions that do better than others ought to be 
emulated and secondly, those institutions that do better than others can 
be emulated not withstanding their distinctive attributes and inherited 
traditions (Gertler, 2001).

At the same time, however, there are acknowledged shortcomings with 
this approach. Using the risk-adjusted rate of return as the performance 
measure to discriminate best-practice runs the danger of confusing a 
common measure of performance with rather different objectives – it 
is widely appreciated that defined benefit schemes seek to maximise 
returns subject to their long-term liabilities and government regulations 
regarding sponsor solvency and mandated funding levels. Defined con-
tribution plans, hybrid schemes, and endowment funds may also seek 
to maximise returns but do so over very different time horizons and for 
different purposes. In addition, most performance evaluations have dif-
ficulty in using past performance to isolate the relevant determinants of 
future performance. This issue is exacerbated by the high noise to signal 
ratio of most measures of investment performance, which weaken the 
significance of statistical inference studies (Urwin, 1998).

The approach followed in this paper is to rely upon exemplars of 
best-practice by class of institution, thereby being sensitive to their 
distinctive attributes while drawing lessons between best-in-class exem-
plars for industry best-practice. Our selection relied on the authors’ 
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extensive knowledge of organisations over a sustained period of time 
with clear evidence of strong decision-making accompanying success  
in performance. While performance was not our principle selection  
criteria, almost all of our best-practice funds had a performance margin 
of 2 per cent per annum or more over their benchmarks. Our selection of 
exemplars targeted different types of institutions including corporate 
pension plans, public pension plans, sovereign funds, and endowment 
funds. They were also taken from six different countries dispersed 
across North America, Europe, and Asia-Pacific. As expected, no single 
country has a dominant position in global best-practice.3

Identifying exemplars of best-practice may be problematic if industry 
reputation for high-quality governance is the sole criterion for selection. 
We run the risk of playing favourites with well-known cases rather than 
challenging the status quo with heretofore unrecognised innovative 
instances of best-practice. In this project, we went beyond industry 
reputation, relying upon our shared knowledge of different cases to 
scope the field for interesting cases. Of course, case study research 
is challenging for other reasons including the problems sometimes 
encountered when seeking access to the exemplars deemed most wor-
thy of study. Likewise, care must be taken when reporting results and 
synthesising experience such that information shared in confidence is 
not disclosed to the detriment of respondents. Here, we follow social 
science guidelines regarding respect for confidentiality and anonymity 
(Clark, 2003). Throughout, no fund or institution is identified by name 
because we seek to emphasise the principles of best-practice rather than 
the details of any one institution (see the Appendix for more details).

The challenge of pension fund governance

Notwithstanding the common acceptance of golden rules such as max-
imising beneficiary (or other stakeholder) interests, pension institutions 
are subject to many of the same governance problems of the modern 
corporation (compare Clark (2006) with Jensen (2000)). Such institu-
tions suffer from substantial agency issues, often of a greater order than 
most corporations. The list of relevant issues includes the following: 
pension beneficiaries (principals) are unable to monitor the actions 
of plan administrators and trustees (agents); there may be more than 
one principal (if we include DB plan sponsors); and there may be an 
extensive network of agents (such as investment managers) whose moti-
vations and rewards may be difficult to align and difficult to observe 
(Black, 1992). For most funds, internal investment costs (the direct costs 
of trustees and their staff) are substantially smaller than external costs 
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(principally of investment managers and other investment agents). The 
ratio of external to internal costs is generally of the order 10:1 or greater. 
This external agent expenditure is rarely observed in other corporations 
(Watson Wyatt, 2006).

Corporate boards of directors do have significant responsibilities, 
are subject to legal principles such as fiduciary duty (depending upon 
the jurisdiction), and face formidable rules and regulations as regards 
their conduct. Even so, in law due deference is paid to the separate 
operational responsibilities of managers as well as to the myriad of 
contractual relationships between stakeholders including employees, 
service providers, and customers. Managers and key associates often 
receive performance-related pay, especially where their performance is 
integral to the generation of income distributed to otherwise passive 
shareholders in the form of stock-price appreciation and dividends 
(Roberts, 2004). By contrast, the responsibilities of trustee boards are 
not normally circumscribed by managers’ operational responsibilities, 
and performance-related pay arrangements are very uncommon. Nor 
are pension beneficiaries normally able to participate in a market for 
(pension) control. Their reliance on trustee boards for delivery of prom-
ised pensions is exceptionally high (Clark and Monk, 2008).

Not surprisingly, trustees are very much aware of their responsi-
bilities. Given that many trustees are only nominally compensated for 
their roles and responsibilities, an important motive for serving on such 
boards is the proffered scope of responsibilities in relation to the welfare 
of others. Well-governed trustee boards segment and prioritise respon-
sibilities, distinguishing (for example) between beneficiaries’ claims for 
special consideration as regards the nature and value of benefits and 
the investment of plan assets against a target rate of return (see below).

Well-governed trustee boards tend to allocate the routine issues to plan 
administrators and rely upon reporting systems to oversee the determi-
nation and resolution of claims while allocating the available time and 
resources to issues like investment strategy and management that may 
affect the long-term integrity of the institution and payment of pension 
benefits. Well-governed trustee boards also tend to delegate to internal 
staff and external service providers the execution of tasks and functions 
governing those relationships by contract and measures of performance 
(Clark, 2007a). The asset owners in our study showed awareness of these 
special characteristics, and all made reference to a number of particular 
challenges of governance that best-practice must surmount.

The challenge of governance is more than the generic issues that 
afflict all modern organisations – pension funds operate in global 
financial markets where the management of risk and uncertainty is 
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crucial to the creation of long-term value. Figure 11.1 demonstrates that 
governance can create and destroy value shifting the risk-adjusted rate 
of return above or below the ‘gain line’ (depending on the risk budget 
and the governance budget). The implications of this proposition are 
twofold: first, risk taking against well-defined objectives is an essential 
ingredient in any well-governed financial institution and secondly, the 
extent to which risk taking is a deliberate and managed activity depends 
upon the governance budget allocated to this function within the insti-
tution. Poorly governed entities rarely take risk planning seriously and 
wrongly economise on the governance budget treating it as a cost that 
limits net financial performance.

(a) Risk management focus
More generally, in our experience we would contend that pension and 
retirement institutions must be sensitive to the distinctive attributes 
of financial markets and behaviour. While theories of financial mar-
ket structure and performance abound, from our research on pension 
fund investment it is important that fund decision-makers be able to 
distinguish between moments of ‘normal’ risk and moments of uncer-
tainty. In addition, this determination must encompass regime shifts 
in pricing and risk, and their consequences for non-normal return dis-
tributions and investing in extreme conditions. The challenge in risk 
management could be summarised as employing both quantitative and 
qualitative disciplines in analysing many fast-moving parts of markets – 
economic, behavioural, and organisational (Shiller, 2002). The govern-
ance challenge here is to function efficiently in the fast changing risk domain,  

Figure 11.1 Schematic of governance budget and risk budget
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adapting effectively to market signals while recognising that market signals 
may be subject to unanticipated disruption.

(b) Time horizon focus
Just as importantly, reaping long-term higher than average rates of 
return requires integrating short-term positions with long-term goals 
thereby being sensitive to the sequential nature of investment decision-
making. Characteristic of poor performing institutional funds, advisors, 
decision-makers, and stakeholders tend to come to premature conclu-
sions (Wagner, 2002). Long-term optimising must accommodate short-
term opportunism while recognising that the short-time horizons of 
many stakeholders conditions behaviour such that these actions may 
not be aligned with long-term goals. Therefore, decision-makers have 
to make a very big adjustment to take a longer-term view, which risks 
being ‘wrong’ in the short term. The governance challenge here is to act in 
the short term with respect to long-term goals, utilising decision-procedures to 
exploit immediate opportunities but penalise impulsiveness.

(c) Innovative capability
It is widely recognised that financial markets are ‘innovation machines’ 
that test investors’ fitness to succeed – there are significant rewards  
for those who are able to identify and exploit unacknowledged market 
opportunities just as there are enormous rewards for those who create 
markets and financial products to price and distribute risk (as in alter-
native investments, infrastructure, and derivates, etc). Recognising the 
increasing clock speed of markets and strategies places real-time processes 
at an advantage. Many funds use calendar-time processes, often through 
a quarterly meeting cycle, making their decisions insufficiently responsive  
to opportunities and threats. The governance challenge here is to exploit the 
premium from innovation through the application of judgment and experience to 
new opportunities, recognising that conventional risk-related procedures may be 
poorly tuned to the frontiers of finance.

(d) Alignment with a clear mission 
Perhaps the greatest governance challenge is to be effective in respond-
ing to these governance issues in organisations whose original design, 
mission, and current size and composition of skills and experience are 
less than perfect (Clark et al., 2006). For many reasons, pension and 
retirement income institutions often have a variety of constituents, 
stakeholders and even competing objectives in the real world of inher-
ited institutions, procedures, and expectations. The governance challenge 
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here is to build alignment behind clear statements of mission-critical goals, 
particularly in dealing with multiple stakeholders and complex dependencies, 
recognising that ‘reform’ is normally an ongoing process of accommodation 
and only rarely once-and-for-all instances of idealism.

(e) Effective management of external agents 
Achievement of goals is unrealistic for the vast majority of funds with-
out external delegation. The characteristic approach of the best-practice 
fund is to employ external managers in a line-up emphasising diversity 
to limit risk. In assessing the wide field of choices of investment firms, 
funds need particular skills and processes for dealing with agency issues, 
given the informational asymmetries about each manager’s value prop-
osition. The processes that have evolved to deal with these decisions 
have been unsystematic. The governance challenge here is managing the 
considerable agency issues in using a line-up of managers and other agents 
that collectively can support the organisation’s overall goals.

Governance best-practice

Our project concentrates on three aspects of asset owner best-practice: 
the ways in which our exemplars organise their governance practices 
with respect to institutional coherence, their people, and their pro-
cesses. In summary terms, coherence included consideration of the clarity 
and focus of investment objectives; people included consideration of 
those involved in investment decision-making including reference to 
their skills and expertise; and process included reference to how invest-
ment decision-making is organised and implemented. These three 
aspects of good governance are distinctive but closely related. When 
screening the available set of case studies to settle on those that repre-
sent best-practice, strengths varied; it was found that some institutions 
are better on institutional coherence than people and process, in other 
cases, institutions hoped that a strong decision-making process could 
overcome shortfalls in coherence and people. We contend that the 
best-governed institutions are those that follow best-practice across all 
three dimensions.

In this section we concentrate on the lessons learnt about best-practice 
according to these headings and selectively illustrate those lessons with 
reference to some of our exemplars. Consideration is also given to the 
diversity of institutions represented in our study, noting the experience, 
for example, of public and private pension funds, endowment funds, 
and sovereign funds. In the Appendix, we list the case study institutions 
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and their attributes and identify them in this manner so as to maintain 
anonymity. In the following section, we bring together the findings on 
best-practice by institutional coherence, people, and process to show 
how these aspects of good governance interact with one another such 
that best-practice is reinforced and becomes an endogenous element in 
value-added investment management.

Best-practice – Institutional Coherence

Many investment institutions have a form and structure that is essen-
tially given: in some cases provided by statute and in other cases 
nonetheless subject to the interests of political and stakeholder constit-
uencies. One way or another, institutional structure is inherited and, if 
reform is on the agenda, is subject to negotiation and compromise (Roe, 
2006). The trick in so many of our institutions, public and private, is to 
ensure a match between what is inherited with respect to the long-term 
interests of beneficiaries and other stakeholders. Here, our findings can 
be summarised as follows.

1. Clarity of the mission and the commitment of stakeholders to the mis-
sion statement. In our exemplary cases, abstract golden-rules such as 
maximising beneficiary welfare were augmented with second-order 
mission statements such that board members, the senior staff, and 
stakeholders inside and outside of the institution were able to match 
the golden rule with an accepted operational goal such as a target 
yearly real rate of return allowing for liabilities subject to agreed 
risk parameters. Such funds also developed a set of other supporting 
goals to support success with their primary goals. The clarity appar-
ent in the funds in our best-practice group is very uncommon in the 
authors’ experience.

2. A highly competent investment function tasked with clearly specified 
responsibilities and with clear accountability to the institution was char-
acteristic of our exemplars. This arrangement often included an explicit 
‘map’ of institutional authority, distinguishing the responsibilities of 
trust boards, executives, and service providers. In some cases, there 
were formal ‘charters’ providing each element in the governance 
chain with a mandate for their tasks and functions. In other cases, 
where charters were not incorporated into standing orders, trust 
boards sought to provide a clear demarcation of responsibilities, typi-
cally distinguishing between strategy and its implementation and 
execution. The key element for most funds is the executive group, 
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including a Chief Investment Officer with significant delegated 
responsibility. Our exemplars sought to ‘govern’ their management 
by reference to delegated tasks and responsibilities, specified by con-
tract and set in relation to the mission statement and operational 
goals of the institutions. We have noted elsewhere that many invest-
ment institutions blur delegation and deference, often relying upon 
their senior staff for support in decision-making without clarifying 
performance objectives, incentives, and sanctions (Clark, 2007a).

3. Most importantly, we observed that institutional coherence was sustained 
in most cases by resourcing each element in the investment process 
and governance chain with an appropriate time and resources budget. 
Unfortunately, resourcing is often seen as a cost to the institution 
rather than a long-term investment in the coherence of the insti-
tution as a functional entity. Our exemplars demonstrated a keen 
awareness of the value that could be created by internal resources if 
appropriately targeted.

Best-practice – People

It is, perhaps, a truism that the human capital or talent of any organisa-
tion is its most important asset. This is certainly an important theme 
in contemporary research on industry and firm-related differences in 
productivity and market performance and is especially important in the 
financial and service-related industries that overlap with pension and 
retirement income institutions. Nonetheless, institutions vary a great 
deal in terms of their ability to select trustees, employ senior staff, and 
generally govern themselves as human capital-enhancing organisations 
(Ambachtsheer et al., 2007). Here, our findings were as follows.

4. Leadership has a strong and demonstrable effect on institutional perfor-
mance, being evident at the board level (particularly in the activities of the 
chairperson) through to the execution of delegated tasks and functions. Our 
exemplars sought out highly qualified and respected board chairper-
sons and charged them with encouraging a culture of accountability 
and responsibility among board members. This commitment also 
appears to pay dividends in the selection of senior staff of pension 
and retirement income institutions, especially when that is matched 
by a commitment to management by goals and objectives.

5. To the extent trust chairpersons and their boards are able to select their 
colleagues, three desired qualities guide selection: demonstrable numeric 
skills, a capacity for logical thinking, and an ability to think about risk 
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in the probability domain. Collegiality is important, but it was often 
noted that shared competencies combined with peer recognition for 
experience and ability tended to enhance collective decision-making, 
whereas disparate and unmatched abilities tend to be a drag on board 
decision-making (Clark et al., 2006). This issue is under-recognised, 
with many institutions assuming that commitment, training, and 
experience can overcome deficiencies. Our exemplars recognised that 
these competencies are not easy to instil, and so selection of board 
and staff becomes a critical function. In some cases, our exemplars 
were able to fashion human resource policies that took advantage of 
the unique characteristics of their institutions while fashioning tasks 
and functions that were different than financial institutions.

6. Effective compensation practices are used to build bench-strength and align 
actions to the mission, with different strategies working according to fund 
context. Compensation is an important issue. In many cases, our 
respondents acknowledged that corporate staffing policies and remu-
neration schemes, public sector scrutiny of salaries and benefits, and 
the remarkable bonus schemes of bulge-bracket financial firms make 
head-to-head competition on compensation difficult. This issue has 
been particularly challenging with respect to key staff members. 
Different issues arise for board or investment committee members, 
where in some of our exemplars, payments are set to match the 
standards set in the mutual fund industry. Whatever the strategy is 
used, systems of ‘reward’ are explicitly linked to the mission and per-
formance of the institution and the sense of common responsibility 
for its performance against objectives. We observed that many funds 
have acquiesced to a double-standard in compensation – paying 
limited packages in-house and paying fees that support much more 
substantial packages externally. Our exemplars have recognised the 
contradiction implied in this distinction.

Best-practice – Process

By our analysis, institutional coherence and the people involved in 
decision-making are essential pre-conditions for a high-performance 
pension and financial institution. Without a clear mission statement 
and operational goals and the people to frame and implement an 
appropriate investment strategy, a disciplined investment process will 
not deliver desired results. On the other hand, with both preconditions 
in place the evidence suggests that the process of investment decision-
making was the most important means of reaping the potential value 
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of an institution. It was also noted that this element in the governance 
chain was that which the institution could most control. Our findings 
were as follows.

 7. Our exemplars rely upon a process centred on strong beliefs and an invest-
ment philosophy claiming fund-wide support that aligns with operational 
goals and informs investment decision-making. Only with a clear and 
accepted belief structure can an institution sustain its competitive 
edge in financial markets. In our research, we observed exemplars 
focus upon four main areas of this issue: (1) asset class and security 
pricing including the ‘fair’ prices of investment opportunities, the 
reasons why mis-pricing can occur, and the degree to which mis-pricing 
is a systematic fact of life; (2) the fund’s ability (or its comparative 
advantage) in exploiting such identified opportunities; (3) how the 
fund might develop and integrate these beliefs into its investment 
strategy; and (4) what these strategies can produce, in value-added 
and risk terms, across the whole portfolio. Many institutions distin-
guish between different types of strategic issues and the appropriate 
location of decision-making relevant to those issues particularly 
between investment committees and the executive. For example, in 
many cases the most developed investment beliefs are located at the 
executive level. But it is still critical for an informed board to build 
their own beliefs and deal effectively with those of the executive.

 8. Our exemplars frame the decision-making process by reference to the insti-
tution’s comparative advantages and disadvantages. Few investment 
institutions are able to operate effectively in all investment domains 
(some are better suited to public markets, whereas others may have 
the capacity to operate most effectively in private markets or exotic 
products). The best-practice process of decision-making takes into 
account an institution’s own capacities and its acknowledged limits 
and acts accordingly. This includes deciding on the degree of delega-
tion, choosing to act in a primary investment role, selecting individual 
investments in some areas, or acting as a manager of managers in 
other areas where investments would be selected by outside managers. 
Funds varied in their degree of use of external managers, but it is 
interesting that none managed all assets in-house.

 9. Our exemplars frame the investment process by reference to a risk budget 
aligned to fund goals incorporating an accurate and integrated view of 
alpha and beta. Many of our institutions utilise an absolute return 
ethos, constrained by a risk budget, which is explicit about the 
desired relative contributions of alpha and beta to overall fund 
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performance. This is a quantitative decision-making framework 
reinforcing the significance of trustee skills and qualities that sus-
tain consistent method-based decision-making (Clark et al., 2007). 
While the increased opportunity to separate alpha and beta has 
attracted many funds’ attention, most of the exemplars in our 
group concentrated on improved alpha and beta transparency in 
their line-up, but most did not go as far as more formal alpha-beta 
transport. They all sought clarity over how to manage a judicious 
mix of alpha and beta consistent with their goals.

10. Recognising the time-dependent nature of investment performance, best-
practice institutions utilise decision-making systems that function in real 
time not calendar time. There are various ways of doing this, includ-
ing devolving decision-making to expert sub-committees, most of 
which involve greater delegation of time-dependent decision-making 
to executives or external firms subject to board over-sight. The 
authors’ contend that calendar-time governance is typical of most 
funds; the crucial issue here is how that is reconciled with real-time 
markets.

11. Best-practice masters the effective use of external managers through 
clearly defined mandates, aligned to goals, and selected with rigorous 
application of fit-for-purpose criteria. In other words, best-practice 
institutions distinguish between the nature and types of decision-
making by operational entities taking care not to compromise  
decision-making at one level by poor decision-making at other 
levels. Characteristically, best-practice asset owners employ exter-
nal managers in a line-up emphasising diversity so as to limit 
risk. Mandate specification is one area of importance. Also fit-for-
purpose assessment of firms and products is important. Typically, 
we found three aspects of suitability: (1) investment efficiency, 
allowing fully for costs, (2) alignment to the fund’s needs to achieve 
sustainability of performance goals, and (3) an appropriate transpar-
ency of process, allowing for an assessment of the product according 
to its manager skills (alpha) and market return (beta) drivers. While 
acknowledging that the selection of managers is always problematic, 
our exemplars showed considerable rigour with applying fit-for-
purpose assessment of outside firms and their investment products. 
They also made frequent reference to the importance of the  
de-selection process as well as the selection process.

12. In terms of investment decision-making, best-practice institutions work 
within a learning culture that deliberately encourages change and chal-
lenges the commonplace assumptions of the industry. In part, this 
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means that past decisions are evaluated against actual outcomes so 
as to calibrate the decision-making process while allowing appro-
priately for noise and signal issues (Clark, 2004). In part, this also 
means that institutions are routinely turned inside-out by challeng-
ing trustee boards and senior executive staff to be innovative within 
the bounds of institutional capacity. Accelerating change is a given 
of the funds industry; technology is always moving forward and 
its effect on the growth of knowledge is positive at an accelerating 
pace. Knowledge of what works and what does not work in invest-
ment is at a premium and is time-sensitive; there is added value in 
changing with new knowledge and opportunities.

The full list of the 12-factor model of best-practice is summarised in 
Table 11.1.

Constrained best-practice governance

We are conscious that these findings, when taken together, are idealistic 
on two fronts. First, none of our exemplars could be said to be at the 
leading edge of each and every component of best-practice. Secondly, 
this list is premised on significant internal resources, which many funds 
do not have available or are unable to mobilise.

We noted that best-practice institutions were generally aware of their 
own shortcomings on some or all of these issues. In fact, it could be 
argued that best-practice funds are those that continuously seek to 
improve their functional performance whatever their inherited struc-
tures and practices (comparing Merton and Bodie (2005) with Roe 
(2006)). That is, there is a self-critical ethos of institutional learning and 
best-practice; complacency is the enemy of long-term value creation. 
One key institutional quality we observe in our exemplars is their use of 
expertise in investment decision-making and, in particular, whether they 
utilise in-house investment experts. Based on our experience, we can 
identify three types of fund structure and organisational design (Figure 
11.2). The simplest type is widely known, being a system of collective 
deliberation wherein the board makes decisions on a routine basis with 
the support of a consultant and external service providers. A  more 
sophisticated version utilises an investment sub-committee subject to 
the final approval at the board relying, again, on collective decision-
making according to the regular meeting schedule (Type 2). In Finding 2, 
we identified in-house investment expertise as a key factor in best-practice 
our exemplars utilise to drive real-time decision-making (Type 3).
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As is widely appreciated, the most prevalent organisational forms 
are those in which there are no significant internal resources deployed 
supporting multiple-function boards. Rough calculations suggest that 
if we consider all institutional funds across the world that have assets 
that are above $2bn (and there are somewhere over 2,000 of these), we 
would argue that only around 10 per cent of this group are set up as 
Type 3 with significant delegated investment authority. In part, this is a 

Table 11.1 Best-practice factors

 1. Mission clarity Clarity of the mission and the commitment of 
stakeholders to the mission

 2.  Investment 
executive

The use of a highly investment-competent investment 
function tasked with clearly specified responsibilities, 
with clear accountabilities to the investment committee

 3.  Effective time 
budget

Resourcing each element in the investment process 
with an appropriate budget considering impact and 
required capabilities

 4.  Required 
competencies

Selection to the board and senior staff guided by: 
numeric skills, capacity for logical thinking, ability to 
think about risk in the probability domain

 5. Leadership Leadership, being evident at the board, investment 
committee and executive level, with the key role being 
the investment committee Chairman

 6.  Effective 
compensation

Effective compensation practices used to build bench 
strength and align actions to the mission, different 
strategies working according to fund context

 7. Strong beliefs Strong investment philosophy and beliefs commanding 
fund-wide support that aligns with operational goals 
and informs all investment decision-making

 8.  Competitive 
positioning

Frames the investment philosophy and process by 
reference to the institution’s comparative advantages 
and disadvantages

 9. Risk budget Frames the investment process by reference to a risk 
budget aligned to goals and incorporates an accurate 
view of alpha and beta

10.  Real-time 
decisions

Utilises decision-making systems that function in real 
time not calendar time

11.  Manager line-up 
process

The effective use of external managers, governed by 
clear mandates, aligned to goals, selected with rigorous 
application of fit for purpose criteria

12.  Learning 
organisation

Work to a learning culture which deliberately 
encourages change and challenges the commonplace 
assumptions of the industry
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product of size – the limited resources available from the plan sponsor 
and the relatively small volume of assets under management – and the 
limited time available for decision-making by members of the board. 
Such funds can hardly embrace the full set of best-practice criteria in 
the short term or even the long term.

With these considerations in mind, Table 11.2 separates the best- 
practice points between the ‘exceptional’ group associated with the 
Type 3 structure with an internal executive, and a ‘core’ group, which 
are within the range of all funds that seek to strengthen the formal 
structure of decision-making. In effect, we believe that formal pro-
cedures and requirements can compensate to a degree for a lack of 
institutional capacity and ability. This is the subject of further research, 
especially in relation to the consequences of such an organisational 
strategy for investment performance (see below).

Type 1 and Type 2 fund structures face two significant challenges. 
First, Finding 5 indicates that there is a strong case for selecting mem-
bers of the board and investment committees based on the task-related 
competencies needed to be effective asset owners. This finding comes 
from our exemplars as well as academic research (see Ambachtsheer  
et al., 2007; Clark et al., 2006, 2007). However, most boards and invest-
ment committees are shaped by a variety of agendas including stake-
holder representation sometimes leaving funds with competency deficits 
relative to the specialised skills required to be effective. We do not dispute 
the value of a representative board (especially in terms of fund sponsor-
ship and motivation). But we do suggest that the criteria for board selec-
tion should be balanced against best-practice such that representation 
reinforces at least the six-point guidelines as summarised in Table 11.2.

Investment Decision-making

1

2

3

Committee style
Multiple agenda
Calendar-time based

Combination
Executive

CIO

Real-time based 

Board

Board

Board

Inv Ctee

Inv Ctee

Executive

Investment Decision-makers

IC

Committee style

Calendar-time

Committee style

Focused investment agenda

Calendar-time based

Type

Type

Type

Figure 11.2 Governance types
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Table 11.2 Best-practice factors by type of fund

Core best-practice factors

Relevant to all funds, especially Type 1 and 2 funds

Mission clarity Clarity of the mission and the commitment of  
stakeholders to the mission statement

Effective focusing 
of time

Resourcing each element in the investment process 
with an appropriate budget considering impact and 
required capabilities

Leadership Leadership, being evident at the board/investment 
committee level, with the key role being the investment 
committee Chairman

Strong beliefs Strong investment beliefs commanding fund-wide 
support that align with goals and informs all investment 
decision-making

Risk budget  
framework

Frame the investment process by reference to a risk 
budget aligned to goals and incorporates an accurate 
view of alpha and beta

Fit-for-purpose 
manager line-up

The effective use of external managers, governed by 
clear mandates, aligned to goals, selected on fit for 
purpose criteria

Exceptional best-practice factors

Relevant only to Type 3 funds

Investment 
executive

The use of a highly investment-competent  
investment function tasked with clearly specified 
responsibilities, with clear accountabilities to the 
investment committee

Required 
competencies

Selection to the board and senior staff guided by: 
numeric skills, capacity for logical thinking, ability to 
think about risk in the probability domain

Effective 
compensation

Effective compensation practices used to build bench 
strength and align actions to the mission, different 
strategies working according to fund context

Competitive 
positioning

Frame the investment philosophy and process by 
reference to the institution’s comparative advantages 
and disadvantages

Real-time decisions Utilise decision-making systems that function in real 
time not calendar time

Learning 
organisation

Work to a learning culture which deliberately  
encourages change and challenges the commonplace 
assumptions of the industry
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Secondly, Finding 10 sets out the normative role of ‘real-time’ invest-
ing. Type 1 and Type 2 funds cannot employ a real-time approach given 
their reliance on the periodic meetings of their boards and/or invest-
ment committees. This limitation is likely to have its costs, not least 
involving opportunities that such funds are forced to forego (see below). 
On the other hand, in these cases, best-practice should recognise the 
institutional limits of such entities against competing market players 
eschewing active management for passive management such that the 
elements listed in Table 11.2 are focused on beta not alpha activities. 
Elsewhere, Clark (2004) has argued that size is a real constraint on gov-
ernance capacity and performance; over the long term, it is arguable 
that such resource-constrained institutions should seek ways of sharing 
resources or merging into larger entities.

Best-practice investment strategy

This study concentrates on governance best-practice. In our interviews, 
it also became apparent that funds’ governance budgets are associated 
with particular institutional capacities and features. At its simplest, 
an appropriate governance budget is a precondition for an effective 
investment strategy, recognising the limits imposed by fund size and 
committed resources including time and expertise (noted above). More 
generally, the governance budget is also a strategic instrument framed 
according to funds’ ambitions in relation to long-term investment 
objectives. Our exemplars were, more often than not, deliberate about 
their chosen governance procedures and practices, treating govern-
ance as an investment in realising their objectives. Here, a balance is 
normally struck between short-term cost efficiency and long-term fund 
performance (even if it is sometimes difficult calibrating the value cre-
ated by effective governance).

Matching the significance we attribute to formal governance proce-
dures, especially in Type 1 and Type 2 institutions, we suggest that those 
procedures are matched on the investment side of the equation by cer-
tain characteristics. Basically, lower governance budget arrangements 
are consistent with less complicated or sophisticated arrangements. If 
this is not the case, we expect some difficulties with such funds’ imple-
mentation of complex arrangements. The ‘value drivers’ that funds can 
use are summarised in Table 11.3 where, on the left-hand side of the 
table, the first four drivers of value are deemed appropriate to all types 
of funds. The second set of four value drivers imply a level of discretion 
and flexibility with respect to investment policy that Type 1 and Type 2 
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Table 11.3 Investment value drivers

Strategic allocation 
to equities and 
bonds

The strategic mix of equities and 
bonds over time allows some 
opportunity for added value

Within the range 
of all types of 
governance

Liability-driven 
investment

Hedging unrewarded risks, in particular 
interest rate and inflation risks, is a 
simple way to create value (essentially 
by avoiding destroying value)

Use of alternative 
benchmarks/
enhanced indices

This refers to the use of alternative 
benchmarks (‘beta primes’) which 
may have higher returns per unit 
risk than traditional capitalisation 
weighted benchmarks

Strategic allocation 
to alternatives/
absolute return 
mandates

Allocations to alternative assets 
should improve portfolio efficiency 
(contributing return and/or diversifi-
cation) but carry heavy implementa-
tion and monitoring burdens

Diversity in alpha 
selections/multiple 
active managers

This is a difficult area within which to 
add value, and value creation ideally 
requires large line-ups of managers 
with the attendant governance 
requirements

Within range 
of Type 3 
governance 
funds

Diversity in beta 
selections/wider risk 
budget flexibility

Diversity in beta sources is 
deliberately targeting a more even 
exposure to a wide array of market 
return drivers which may be helped 
by using leverage and risk weighting

Long-term mandates 
to capture skill term 
premium

This is about avoiding the efficiency 
costs of benchmark constraints 
and unnecessary costs of excessive 
short-term turnover, exploiting a 
‘discomfort premium’ and sometimes 
using activism approaches

Dynamic strategic 
allocations

Belief that asset classes can be 
temporarily expensive, or cheap, 
suggests a dynamic medium-term 
approach to asset allocation based 
on relatively frequent assessment of 
relative value

funds would have difficulty in sustaining given their resources. This is 
the domain of Type 3 institutions, those characterised by a large volume 
of assets under management and organisational resources including 
time, commitment, and real-time investing.



316 Gordon L. Clark and Roger Urwin

Of course, operating in this domain is very challenging. For instance, 
hiring, monitoring, and replacing active managers is a time-consuming 
process that demands a level of internal expertise among senior staff 
that is difficult if not impossible to provide in Type 1 and Type 2 organi-
sations. Furthermore, once we move into time-dependent portfolio 
optimisation using leverage and risk weighting, senior management 
must be able to make tactical decisions backed by boards that appreci-
ate the nature and scope of the risks assumed. While we are sometimes 
told that ‘trust’ between staff and boards is an essential ingredient in 
investment management in these circumstances, we also note that best-
practice is less about trust and more about contract wherein staff are set 
responsibilities and performance parameters with appropriate levels of 
compensation.

In these circumstances, our exemplars tend to treat governance as 
an instrument of management as well as an instrument of control. As 
a result, some of the most effective Type 3 institutions are those that 
have made governance design and oversight a standing sub-committee 
of the board with responsibility for monitoring board performance and 
its relationships with senior staff and the myriad of consultants and ser-
vice providers who populate the industry. That is, our exemplars have 
sought to identify best-practice forms of governance and mechanisms 
of accountability. These are summarised in Table 11.4. So, for example, 
our exemplars are conscious of the costs for decision-making of a large 
board recognising that many members (normally more than nine) tend 
to fracture collegiality (Sunstein, 2005) and add a degree of heterogene-
ity in board member competence that undercuts competent decision-
making (Clark et al., 2006). Not surprisingly, our exemplars have 
become active in the recruitment and nomination of board members 
even if, in the end, they do not normally control the selection process.

Just as our exemplars have developed mechanisms to govern their 
relationships with senior staff and external service providers, boards 
have sought to enhance their own systems of accountability. So, for 
example, some boards have created subcommittees or have used their 
audit committees to make governance an ongoing issue of scrutiny 
and oversight. Some of our exemplars have instituted yearly reviews of 
board member performance in conjunction with longer-term contracts 
designed to capture the expertise and specialised learning that comes 
with commitment. Significantly, some funds have introduced trustee 
compensation schemes, matching the obligations historically associated 
with the trust institution (Langbein, 1997) with a realistic assessment of 
the roles and responsibilities of board members.
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Table 11.4 Best-practice board/investment committees

‘Best practice’ ‘Best practice’

Number Governance 
reporting

principles
Board member 
tenure

memory

Number of  
meetings/days  
per annum

Control over 
new board 
members

competency
Board core agenda

reporting/escalating
Board member 
evaluation

management
Board 
compensation

Board variable 
agenda

education/development
Board
committees

Conclusions

Governance is on the agenda of many of the world’s leading pension 
and investment institutions. Prompted by the challenges posed by 
global financial markets and closer scrutiny of performance by sponsors 
and stakeholders, investment by goals and objectives has demanded 
innovation in how funds are governed. We note that setting targets 
and constraints such as rates of return and stable contribution rates has  
had a salutary effect in many institutions, challenging past practices and 
encouraging focus upon organisational coherence, the people involved, 
and decision-making processes. We also note that these initiatives can 
be found in many different national settings and across a broad array 
of institutional forms (including sovereign funds, endowment funds, 
public and private sector funds, etc).

In this paper we have used exemplars to illustrate these developments, 
drawing inspiration from a select group of institutions that have shared 
with us their governance strategies and practices. In each and every 
case study, respondents have emphasised that governance is best treated 
as an investment in long-term performance rather than a short-term 
cost to be carved out of sponsor contributions or investment returns. 
In part, the governance budget is part of the management of risk and 
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return. More importantly, the governance budget is part of any institu-
tion’s commitment to strategic investment management recognising 
the frontiers of financial engineering and the challenges that face any 
institution when operating in the real-time world of financial markets.

As suggested, our exemplars provide insights about best-practice 
governance. These are summarised in Figures 11.1 and 11.2 and  
Tables 11.1–11.4. Nonetheless, we recognise that these insights rep-
resent a high hurdle for any institution and its board members and  
senior staff; it is arguable that our exemplars have certain advantages 
such as size and structure that have allowed them to develop their 
distinctive approaches to governance. In many cases, a large pool of 
assets or the prestige of the fund concerned has provided an effec-
tive platform for developing best-practice governance. In other cases, 
leadership has been an essential ingredient in institutional innovation. 
Nonetheless, we could identify, as readers could identify, similarly 
sized institutions that seem to lack a commitment to best-practice (as 
implied by Lerner et al., 2007).

We would also suggest that these findings could be used to inform 
debate over the design of the new sovereign funds that have come to 
occupy an important place in national savings programmes. In some 
countries, these institutions have become a means of realising the 
apparent advantages of scale and scope in the context of declining 
coverage rates by occupational and industry pension plans. In other 
countries, sovereign funds have been a mechanism for mobilising social 
security assets for placement in global financial markets in the hope of 
reaping higher rates of return. In yet other countries, sovereign funds 
are strategic investment vehicles for foreign reserves and earnings. 
Whatever their origins, sovereign funds are likely to be as important 
for 21st century markets as Anglo-American pension funds were for the 
second half of the 20th century (Clowes, 2000).

Sovereign funds face significant challenges in implementing best-
practice governance. In some cases, the objectives of such institutions 
are unclear and subject to unresolved debate. In other cases, govern-
ing boards are quite large and heterogeneous in terms of the skills and 
aptitudes of those appointed. When combined with poorly specified 
responsibilities, the process of investment decision-making can become a 
competition for power and influence rather than a process responsive 
to the five challenges of governance that underpin this paper. In these 
cases, inadequate governance may translate into unrealised promises of  
national wealth. Just because an institution controls a large volume  
of assets does not mean that it is a well-governed entity.
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Our evaluative framework and 12 findings have significant implica-
tions for the design of these types of institutions. For example, we have 
suggested that return targets and contribution constraints have played 
a vital role in focusing boards on the nature and scope of their govern-
ance processes (Finding 1). Likewise, we have suggested that investment 
institutions deserve to be governed in a deliberate manner with formal 
charters or mandates used to set roles, responsibilities, and account-
abilities (Finding 2). And we have emphasised that governance is an 
investment not just a cost (Finding 3). Most importantly, we focused 
on people and process emphasising that those involved ought to have 
certain types of skills and aptitudes (Findings 4–6) as well as carry 
out well-defined responsibilities in a disciplined investment process 
(Findings 7–12).
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Notes

1. Here, we refer to data collected by Watson Wyatt through the Global Pension 
Asset Study of 2007; further details are available at www.watsonwyatt.com.

2. See also the recent commitment shown by the CFA Institute in promoting a 
code of conduct for pension scheme governing bodies wherein the code will 
require members to ‘take actions that are consistent with the established mis-
sion of the scheme’ and ‘regularly review the efficiency and effectiveness of 
the scheme’s success in meeting its goals’. See www.cfainstitute.org.

3. Note that we focus upon governance principles and policies in this paper 
and ignore, for the moment, the distinctive regulatory and legislative 
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environments within which our chosen funds operate. This is not because we 
think this is irrelevant, quite the contrary. Rather, our emphasis on principles 
and policies is such that we believe that over the long term the regulatory 
environment ought to enable best-practice rather than constrain best-practice. 
See Clark (2007a, b).
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Appendix

Case study exemplars

Shown below are brief sketches of the institutions that were the basis of our 
case studies. Inevitably, these sketches are shallow and indicative rather than 
definitive, and properly so given our undertakings regarding confidentiality. 
Whereever possible, interviews were conducted with the CEO or CIO of the 
institution, or nominee; certainly, someone with insight regarding its investment 
performance and knowledge of the nature and scope of the governance issues 
encountered therein. The procedures governing the interviews including the 
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stages of the process are explained in more detail in Clark (2003) and conform 
to standard social science practices.

Funds ranged in size from $5bn to $100bn. Five funds were located in North 
America, three in Europe and two in Asia-Pacific.

Fund A: a large, multi-employer, state-sponsored fund investing on behalf of 
the participating public sector defined benefit pension plans.

Fund B: a large, multinational company cross-listed between three stock 
exchanges, with substantial consolidated pension liabilities principally DB in 
nature.

Fund C: a very large, multi-employer industry fund offering a range of retirement 
plans including hybrid versions of defined benefit and defined contribution 
plans.

Fund D: an industry fund operating in a competitive national market for 
investment management and related services in the defined contribution 
environment.

Fund E: a corporate defined benefit pension plan with an in-house investment 
division to manage its pension assets.

Fund F: a global company with significant worldwide pension assets in particu-
lar with large US DB plans.

Fund G: a major endowment fund with a long-term commitment to the 
growth and stability of its university sponsor.

Fund H: a leading global endowment fund with a mandate in perpetuity in the 
interests of research.

Fund I: a national pension and retirement savings institution operating on 
behalf of national and the second pillar of government investment provision.

Fund J: a national pension fund operating in a unitary state, with responsibil-
ity for the investment of mandatory individual contributions for supplementing 
the basic pension.
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Introduction

According to the Capital Asset Pricing Model (CAPM), a capitalisation-
weighted market portfolio is mean–variance optimal. From this, one 
could conclude that an average investor could not do better than just 
hold a market portfolio. Arnott et al. (2005) demonstrate that investors 
can do much better than capitalisation-weighted market indexes. Their 
paper provides evidence on fundamental equity market indexes that 
deliver superior mean–variance performance. The study was conducted 
with US companies and the returns were compared to the S&P 500 
index. Arnott et al. suggest four reasons for the excess return of the fun-
damental index portfolios over the S&P 500; superior market portfolio 
construction, price inefficiency, additional exposure to distress risk, or a 
combination of the three1.

Hsu (2006) shows that if stock prices are inefficient in the sense that 
they do not fully reflect firm fundamentals, market capitalisation-
weighted portfolios are sub- optimal. This is because under-prices stocks 
will have smaller capitalisations than their fair equity value, and simi-
larly, over-prices stocks will have larger capitalisations than their fair 
value. Treynor (2005) also shows that as prices are noisy and do not 

Reprinted from ‘Fundamental indexation in Europe’ by Julius Hemminki and 
Vesa Puttonen in Journal of Asset Management 8, 2008, pp. 401–405, DOI:10.1057/
palgrave.jam.2250090. With kind permission from Palgrave Macmillan Ltd. All 
rights reserved.
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fully reflect firm fundamentals, traditional capitalisation-weighting 
schemes are likely to be sub-optimal.

We examine the benefits of fundamental indexation using European 
data. The fundamental values are book value of equity, total employ-
ment, sales, cash flow, and dividend. The results indicate that these 
fundamental indexes are more mean–variance efficient than the tra-
ditional capitalisation-weighted index. Some of these fundamental 
portfolios produce consistent and significant benefits compared to the 
capitalisation-weighted portfolio.

Data

The period under review in this study is from January 1996 to December 
2006, an 11-year period covering both bear and bull markets. The Dow 
Jones Euro Stoxx 50 index data would have been available starting from 
1986, but the necessary company data were insufficient prior to 1996. 
The company-level data include financial statement information as well 
as market information.

All DJ Stoxx indexes are derived from one original source: the Dow 
Jones World index. This world index is a global stock universe cur-
rently comprising about 6,500 components representing 95 per cent 
of the worldwide free float market capitalisation. The DJ Euro Stoxx 
50 is derived from the DJ Euro Stoxx Total Market index, which cov-
ers approximately 95 per cent of the free float market capitalisation of 
the 12 Eurozone countries, namely, Austria, Belgium, Finland, France, 
Germany, Greece, Ireland, Italy, Luxembourg, the Netherlands, Portugal, 
and Spain. The DJ Euro Stoxx 50 index provides a blue-chip representa-
tion of supersector leaders in the Eurozone. The index covers 50 stocks 
from the Eurozone countries and it captures approximately 60 per cent 
of the free float market capitalisation of the DJ Euro Stoxx Total Market 
index (www.stoxx.com). This means that the DJ Euro Stoxx 50 repre-
sents the total market quite well although it covers only 50 companies.

The DJ Euro Stoxx 50 index includes shares from 50 of the largest com-
panies by capitalisation in the Eurozone. The index is licensed to financial 
institutions to serve as an underlying asset for a wide range of investment 
products such as exchange-traded funds (ETF). It is weighted by market 
capitalisation and each component’s weight is capped at 10 per cent of 
the index’s total free float market capitalisation. The composition of the 
index is reviewed annually in September. The DJ Euro Stoxx 50 index was 
first introduced in 1998, and there are daily historical data available dat-
ing back to 1986. The historical data include component lists, price and 
return data of the index, and change logs of the components.
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In order to construct a corresponding portfolio by using fundamental 
values as weights, and to calculate the required risk and return figures, 
financial statements information and market information was needed. 
This information was retrieved from Worldscope database by using 
Thomson ONE Banker-Analytics.

The fundamental values were retrieved for each company for every 
year. The book value of equity, sales, dividend, and total employment 
figures were available directly from the database. Cash flow information 
needed to be calculated from the cash flow for each set of share figures. 
These fundamental values were used to construct and weight different 
portfolios. In addition, the market cap value was retrieved yearly for 
each company. This was necessary to reproduce a reference portfolio 
that corresponds to the DJ Euro Stoxx 50 index.

Construction of portfolios

Eight different portfolios are investigated in this study, including, of 
course, the DJ Euro Stoxx 50 index portfolio and one that we call the 
Reference portfolio. The remaining portfolios are weighted accord-
ing to the fundamental values: book value of equity, cash flow, sales, 
dividend, and total employment. In addition, a composite portfolio 
is constructed. Arnott et al. (2005) state that adopting fundamental 
indexation is more than simply changing the basis for weighting the 
stocks in an index. They argue that if stocks are simply re-weighted in 
the index, a large number of companies with substantial book value 
that are trading at a low price-to-book ratio are missed. This would lead 
to a portfolio that is concentrated primarily in stocks that are large in 
both capitalisation and book value.

The DJ Euro Stoxx 50 index portfolio and the Reference portfolio 
are both capitalisation-weighted portfolios. In principle, these two 
portfolios should be identical in weighting and in performance, but 
as we show, they are not in fact exactly identical. The reason for this 
is that the composition of the DJ Euro Stoxx 50 index is reviewed 
annually in September. All the re-weighted portfolios, including 
the Reference portfolio, are weighted according to the information 
at year end and these weights are retained for the following year. 
Therefore, it is more accurate to compare the fundamental value-
weighted portfolios to the Reference portfolio than to the DJ Euro 
Stoxx 50 index portfolio. The reason why re-weighted portfolios 
are not weighted simultaneously with the DJ Euro Stoxx 50 index 
portfolio in September is simply that most of the necessary data are 
available only on an annual basis.
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In the Book Value portfolio, the components are re-weighted on the 
last trading day of each year according to their book value of equity at 
year end. The portfolio is kept untouched the following year until at 
year end a new set of components are chosen according to the DJ Euro 
Stoxx 50 index portfolio and these components are re-weighted again.

Every component in the employment portfolio is re-weighted on the 
last trading day of each year according to its average yearly number of 
employees. This means that if a company had 100 employees for the 
first six months and 80 employees for the second six months of the 
year, the average yearly number of employees would be 90.

The Cash Flow portfolio is re-weighted on the last trading day of 
each year according to the components trailing three-year average cash 
flow. This means that the re-weighting of the portfolio for example for 
the year 1996 is done according to an average cash flow of the years 
1993, 1994, and 1995. When fewer than three years of data are avail-
able, the years of data that are available are averaged. Using the three-
year average cash flow instead of year-to-year data reduces rebalancing 
turnover and it should not affect the performance of the portfolio 
(Arnott et al., 2005).

The Dividend portfolio is re-weighted the same way as the Cash Flow 
portfolio. It also uses three-year average figures instead of year-to-year 
data. The dividend payment amount of each company is taken from the 
company cash flow statement figures.

The Sales portfolio is also re-weighted using the three-year aver-
age figures to reduce rebalancing turnover. Sales figures are retrieved 
from the database and, with very few exceptions, the data received are 
complete.

The Composite portfolio is weighted by using all of the five fun-
damental value portfolios. The weights of each company in the five 
fundamental portfolios are combined in equal proportions and each 
company is re-weighted in the Composite portfolio by this combined 
weight.

Analysis and results

The reference portfolio versus the  
DJ Euro Stoxx 50 index

The capitalisation-weighted Reference portfolio is first constructed 
to represent the performance of the DJ Euro Stoxx 50 index. The 
returns are compared for the observation period from 1996 to 2006.  
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As expected, the returns of the DJ Euro Stoxx 50 index and the Reference 
portfolio are almost identical. Table 12.1 presents the performance of 
the two portfolios.

The Reference portfolio has a slightly higher ending value: 348.13 
EUR versus 342.82 EUR. This gives a geometric return of 12.01 per cent 
for the Reference portfolio and 11.85 per cent for the DJ Euro Stoxx 50 
index over the sample period. As a contrary to the ending value, the 
Reference portfolio has a slightly lower standard deviation (24.00 per 
cent versus 24.28 per cent). The tracking error, which represents the 
difference between a DJ Euro Stoxx 50 index return and the Reference 
portfolio return, is naturally very low.

One might expect the returns of the DJ Euro Stoxx 50 index and the 
Reference Portfolio to be identical. The reason for the differences is that 
the composition of the DJ Euro Stoxx 50 index is reviewed annually in 
September, whereas the Reference portfolio is weighted according to the 
information at year end. During the four-month difference in reviewing 
the portfolio, capitalisation values of the companies may change so that 
they lead to differences in weighting the companies. These differences 
are, however, small and we use the capitalisation-weighted Reference 
portfolio as the benchmark for the fundamental portfolios.

Relative performance of fundamental portfolios

Table 12.2 shows the return attributes of the fundamental indexes. All 
fundamental portfolios are able to produce higher returns than the 
capitalisation-weighted market index. The fundamental portfolios out-
perform the capitalisation-weighted market index by an average of 1.76 
percentage points a year.

Table 12.1 The comparison of performance of the Reference Portfolio and the 
DJ Euro Stoxx 50 index

January 1996–December 2006

Portfolio Ending 
value of 
€100

Geometric 
return (%)

Volatility 
(%)

Excess return  
versus  
reference (%)

Tracking 
error

Reference 348.13 12.01 24.00 0.00 0.00
Portfolio
Euro Stoxx 50 342.82 11.85 24.28 −0.16 2.54
Index
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The evidence for the excess returns is positive but not statistically 
significant for all fundamental portfolios. This can be explained by the 
relatively short observation period compared with the 43-year period of 
Arnott et al. (2005).

Robust evidence shows that the Book Value portfolio, the Dividend 
portfolio, and the Composite portfolio produce higher returns than the 
capitalisation-weighted market index. The evidence also indicates that 
the Sales portfolio and the Cash Flow portfolio produce higher returns, 
but the findings are not statistically significant. The Employee portfolio 
is able to produce only slightly higher returns than the capitalisation-
weighted index.

The risk level of the portfolios is measured by a standard deviation 
of returns. Three of the fundamental portfolios have a lower risk level 
than the capitalisation-weighted market index. These are the Sales port-
folio, the Dividend portfolio, and the Composite portfolio. The Book 
Value portfolio, the Employees portfolio, and the Cash Flow portfolio 
have slightly higher risk levels than the capitalisation-weighted market 
index. All fundamental portfolios yield higher risk-adjusted returns 
(Sharpe ratio) than the Reference portfolio.

Conclusions

We provide further evidence that by practicing fundamental indexa-
tion, an investor could realise superior performance than by investing 
in a capitalisation-weighted market portfolio. Six different fundamental 
portfolios were constructed by using various fundamental values as 
weights. The performances of these fundamental portfolios were com-
pared to a capitalisation-weighted market portfolio based on the DJ 
Euro Stoxx 50 index.

In conclusion, we show that by re-weighting a capitalisation-
weighted market index by certain fundamental values, it is possible to 
produce consistently higher returns and higher risk-adjusted returns. 
Our findings are very similar to those of Arnott et al. (2005), suggesting 
that if market prices are noisy, traditional capitalisation-weighting leads 
to sub-optimal portfolios. Arnott et al. (2005) report statistically more 
significant findings that can be explained with a longer observation 
period (43 years of US data versus 10 years of European data).

Our findings suggest that in fundamental indexation, an investor 
should use the book value of equity or the dividend amount as funda-
mental values, or construct a composite portfolio. When managing fees 
and transaction costs are expected to be the same, whether an index 
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fund is based on a traditional capitalisation-weighted market index or 
a fundamental-weighted index, the fundamental-weighted index fund 
should consistently outperform its capitalisation-weighted benchmark 
in net returns.

Acknowledgments

We thank Robert Arnott and Antti Pirjetä for comments.

Note

1. Arnott et al. (2005) provide an extensive list of relevant literature on the 
topic. There is a vast stream of literature on ‘Value’ strategies that call for 
buying stocks with a low price relative to earnings, dividends, book assets, 
cash flow, or other measures of fundamental value. In addition to the  
literature in Arnott et al. (2005), one may add Chan and Lakonishok (2004), 
Lakonishok et al. (1994), and Fama and French (1998, 2004) as cornerstone 
articles in the field.
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Introduction

Arnott et al. (2005) propose a novel investment approach, which they 
call fundamental indexation. The main idea behind fundamental indexa-
tion, or fundamental indexing, is to create an index in which stocks are 
weighted by economic fundamentals, such as book value, sales and/or 
earnings, instead of by market capitalisation. An important argument put 
forward by fundamental indexers is that capitalisation-weighted indices 
are inferior because they necessarily invest more in overvalued stocks and 
less in undervalued stocks. This is, however, disputed by, among others, 
Perold (2007), who argues that capitalisation weighting does not, by 
itself, create a performance drag. At present, the debate between propo-
nents and critics of fundamental indexing continues to rage on.1

In this paper, we compare fundamental indices with their traditional 
cap-weighted counterparts. First, we argue that fundamental indices are, 
essentially, nothing more than a new breed of value indices. Arguably, 

Reprinted from ‘Fundamental indexation: An active value strategy in disguise’ 
by David blitz and Laurens Swinkels in Journal of Asset Management, 9, 2008, 
pp. 264–269, DOI:10.1057/jam.2008.23. With kind permission from Palgrave 
Macmillan Ltd. All rights reserved.
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fundamental indices are more elegant than traditional value indices, but 
the key underlying idea remains the same. Next, we argue that a funda-
mental index bears more resemblance to an active investment strategy 
than to a traditional passive index. Having concluded that a fundamental 
index is an active value strategy, we next discuss whether fundamen-
tal indexing is the most efficient way to capture the value premium. We 
conclude that fundamental indexation is very likely to be inferior com-
pared to more sophisticated quantitative investment strategies.

Fundamental indices capture the value premium

The weights of stocks in a traditional index are proportional to their 
market capitalisations. Fundamental indices, however, weight stocks in 
proportion to their economic fundamentals. Thus, weights differences 
are entirely due to differences in valuation levels, that is, ratios of fun-
damental value-to-market value. For example, if a fundamental index 
is created based on book values, then the weight differences compared 
to a market-capitalisation-weighted index are entirely due to differ-
ences in the book-to-market ratios of the stocks included in the index. 
In other words, compared to a market-capitalisation-weighted index, a 
fundamental index simply overweights value stocks and underweights 
growth stocks; a fact which is also recognized by, for example, Asness 
(2006). This implies that fundamental indices are essentially a new 
breed of value indices. Of course, value (and growth) indices have been 
around for many years already, but traditionally these tend to be based 
on a different, arguably less sophisticated approach. The traditional 
approach consists of first classifying each stock as either a value stock or 
a growth stock, and then creating a value (or growth) index by market-
capitalisation-weighting all value (or growth) stocks.2 Splitting up the 
universe into two mutually exclusive parts is a rather crude approach 
compared to fundamental indices, which elegantly reweight the entire 
universe of stocks based on fundamental values.

Since the weight differences between a fundamental index and a 
traditional index are entirely due to differences in valuation levels, any 
difference in return between a fundamental index and a traditional 
index must be due to the difference in return between value and growth 
stocks. Crucially, the proponents of fundamental indexation claim that 
capitalisation weighting by itself introduces a drag on performance, 
because in a market-capitalisation-weighted index overvalued stocks 
tend to be overrepresented and undervalued stocks tend to be under-
represented. See, for example, Arnott et al. (2005), Treynor (2005), and 
Hsu (2006). A fundamentally weighted index is claimed to be superior 
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by avoiding this pitfall. Perold (2007), however, correctly points out 
that this reasoning hinges critically on the assumption that the mispric-
ing of a stock is, to some extent, predictable by considering the differ-
ence between its market price and fundamentals. In other words, the 
proponents of fundamental indexation assume that stocks with  high 
valuation ratios are more likely to be overvalued than stocks with low 
valuation ratios. Empirically, there is indeed a large amount of evidence 
for a so-called value premium, as, historically, value stocks have outper-
formed growth stocks. This also explains the finding that fundamen-
tal indices have outperformed market-capitalisation-weighted indices 
historically. A historical outperformance, due to being exposed to an 
already-known return irregularity, is, however, something that is quite 
different from a superior theoretical performance, as a result of avoid-
ing some structural drag on performance that is supposedly associated 
with capitalisation-weighted indices.3 As Perold (2007) and Kaplan 
(2008) argue, if we assume that pricing errors are random (in particular, 
unrelated to valuation ratios), the theoretical case for a systematic out-
performance of fundamental indexation breaks down.

We can illustrate the strong value tilt of fundamental indices by 
regressing the returns of the RAFI 1000 index (the Research Affiliates 
Fundamental Index for the top 1000 US equities) on the returns of 
traditional market-factor indices. The results of these regressions are 
displayed in Table 13.1. We observe that when we compare the funda-
mental indexing strategy to the market index, the alpha amounts to 
0.19 per cent per month if we use the Fama–French market factor over 
the 1962–2005 period, and 0.26 per cent per month if we use the Russell 
1000 index over the 1979–2005 period. Both are highly significant from 
an economical and a statistical point of view. These analyses, however, 
do not take into account the value tilt that characterises fundamental 
indexing portfolios. When we add the value and small-capitalisation 
factor of Fama and French (1992), we see that the fundamental indexa-
tion strategy has, on average, a large and highly significant (t-statistic 
over 30) exposure of 0.36 towards the value factor.4 The loading on the 
small-capitalisation factor is small and negative with −0.07. The results 
using Russell index data are very similar, with a beta of 0.38 with regard 
to the Russell 1000 value/growth return difference, associated with a 
highly significant t-statistic of over 30. Thus, these regression results pro-
vide strong empirical support for the theoretical observation that funda-
mental indices are tilted towards value stocks. Particularly interesting is 
the finding that, after adjusting for this value tilt, the alpha of the RAFI 
1000 index drops sharply to an insignificant −0.02 per cent per month 
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in the Fama–French analysis and 0.10 per cent per month, or 1.2 per cent 
per annum, in the case of the Russell data. Thus, we conclude that after 
adjusting for style exposures, fundamental indexation offers zero, or 
at best a small positive added value. We can interpret a possible small, 
positive added value positively, namely as evidence that fundamental 
indexation might constitute a more effective value strategy than tradi-
tional value indices. The alpha, however, might also simply reflect some 
hindsight wisdom or biases in the construction of the historical RAFI 
1000 returns, which are after all only based on a back-test. Thus, even 
the small, positive alpha might turn out to be an illusion going forward.

Fundamental indices resemble active strategies

A fundamental index differs from traditional capitalisation-weighted 
indices in several important ways. First, the market capitalisation 
weighted index is unique in the sense that it is the only portfolio that 
every investor can hold.5 Fundamental indices, on the other hand, 
cannot be held in equilibrium by every investor.6 For every stock that 
is overweighted by fundamental investors, there must, by definition, 
be some other investor who actively underweights the same stock, 
and vice versa. Thus, for fundamental investors to outperform against 
a capitalisation-weighted index, there must be some other group of 
investors with opposing views who underperform, and vice versa. It is 
not immediately clear, however, which investor characteristics deter-
mine whether it is optimal to be a fundamental indexer or not. The 

Table 13.1 Regression results

CAPM Fama–French three-factor

Coefficient t-statistic Coefficient t-statistic

Sample period: January 1962–December 2005
Alpha 0.19% 3.5 −0.02% −0.5
Market–risk free 0.91 74.6 1.02 131.8
Small minus big (SMB) – – −0.07 −7.0
Value minus growth (HML) – – 0.36 30.9

Sample period: January 1979–December 2005
Alpha 0.26% 3.8 0.10% 2.9
Russell 1000–risk free 0.91 59.7 1.01 120.8
Russell 1000 value–growth – – 0.38 30.6

Dependent variable is the historical, simulated RAFI 1000 index minus the risk-free rate of 
return. 
Sources: Kenneth French website, Datastream.
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proponents of fundamental indexation also fail to explain why, in 
equilibrium, a certain group of investors would want to invest in fun-
damentally unattractive stocks.

Secondly, contrary to a market-capitalisation-weighted index, a fun-
damental index does not represent a passive, buy-and-hold strategy. 
Mirroring a cap-weight index requires no turnover, except in the case of 
index changes due to new share issuance. A fundamental index, on the 
other hand, requires some kind of rebalancing strategy, as changes in 
stock prices continuously push weights away from their fundamental tar-
get levels. In the absence of transaction costs, the ideal fundamental 
index would be rebalanced continuously. Note, however, that a con-
tinuously rebalanced fundamental index will exhibit a negative exposure 
towards momentum compared to a capitalisation-weighted index, as it 
continuously needs to sell stocks that have done well (for which the 
weight has increased) and buy stocks that have done poorly (for which 
the weight has decreased). This may explain why fundamental index 
providers propose low rebalancing frequencies that make their indices 
deviate more from the theoretical ideal. In addition to saving on transac-
tion costs, this prevents the fundamental indices from obtaining a large 
negative exposure to the momentum effect, which historically would 
have hurt their performance.7

Thirdly, several subjective choices need to be made in order to define 
a fundamental index. Most notably, which particular fundamentals are 
considered in the construction of the index (eg book value, sales, earn-
ings, cash-flow, dividends, etc) and how exactly should these be defined 
to construct the index. Also, relating to our previous point, a rebalanc-
ing strategy needs to be defined.

In sum, it is not clear who holds the fundamental indexing portfolio 
in equilibrium, fundamental indexation does not represent a buy-and-
hold strategy and fundamental indexation requires subjective choices. 
These characteristics of fundamental indices actually bear more resem-
blance to an active investment strategy than to traditional passive 
indices. Based on these observations, we conclude that fundamental 
indexation is essentially an active value strategy disguised as an index.

Fundamental indexation is a sub-optimal 
quantitative strategy

In the previous sections, we concluded that fundamental indexing is sim-
ply a way to gain exposure to the well-known value premium. Although 
this is not something unique, it might still be a useful idea in practice. 
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For example, there could remain a case for fundamental indexation if it 
is a highly efficient way of capturing the value premium. Fundamental 
indexation is in fact more likely to be a sub-optimal way of benefiting 
from the value premium. This is because fundamental indices are primar-
ily designed for simplicity and appeal, and not for optimal risk/return 
characteristics, as measured by the Sharpe ratio or information ratio, for 
example. Arnott et al. (2005) report a Sharpe ratio improvement from 
0.301 to 0.444, and an associated information ratio of 0.47 for funda-
mental indexation.8 Although these figures are not bad, they are also 
not spectacular. Furthermore, the outperformance is not very consistent 
over time, as it tends to be concentrated in certain periods (such as the 
post-2000 period), and is even negative during others (such as the 1990s). 
Quantitative value strategies that are specifically designed for optimal 
risk/return characteristics should therefore be able to beat fundamental 
indexation strategies, not just historically but also in the future.

Furthermore, it is important to realise that fundamental indexation 
is trying to benefit solely from the value premium, which happens to 
be just one particular well-known empirical return irregularity. Multi-
factor quantitative investment strategies allow investors to benefit from 
many more anomalies, which have been documented empirically, such 
as the medium-term price momentum effect ( Jegadeesh and Titman, 
1993), the short-term reversal effect ( Jegadeesh, 1990), the earnings 
momentum effect (Chan et al., 1996), the accruals effect (Sloan, 1996), 
and the low volatility effect (Blitz and van Vliet, 2007). Not surprisingly, 
multi-factor quantitative investment strategies are able to generate 
significantly better results (typically information ratios well above 1) 
over the same period as studied by Arnott et al. (2005). These anomalies 
together could, in similar spirit to a fundamental index, be captured in 
a ‘behavioural finance index’ that could be tracked by passive managers 
or serve as a benchmark for (quantitative) active portfolio managers.

We conclude that although fundamental indices may appear to be 
an appealing alternative to traditional market-capitalisation-weighted 
indices, their risk–return characteristics are dominated by more sophis-
ticated quantitative strategies, which allow for more flexibility with 
regard to exploiting the value effect, and which are able to benefit from 
other return irregularities as well.

Conclusion

In this paper, we have examined the added value of the appealing 
new concept of fundamental indexation. First, we have argued that 
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because the weight differences between a fundamental index and a 
market-capitalisation-weighted index are entirely due to differences 
in valuation ratios, that is, fundamental values compared to market 
capitalisations, fundamental indices are by definition nothing more 
than a new breed of value indices. Next, we have argued that funda-
mental indices more resemble active investment strategies than classic 
passive indices because (i) they appear to be inconsistent with market 
equilibrium, (ii)  they do not represent a buy-and-hold strategy, and 
(iii) they require several subjective choices. Because fundamental indi-
ces are primarily designed for simplicity and appeal, they are unlikely 
to be the most efficient way of benefiting from the value premium. 
The risk/return characteristics of fundamental indices are likely to 
be even more inferior compared to more sophisticated quantitative 
strategies, which also try to exploit other anomalies in addition to the 
value effect.
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Notes

1. See, for example, the papers of Arnott and Markowitz (2008), Perold (2008), 
Treynor (2008), and Hsu (2008), all of which appeared in the March/April 
2008 edition of the Financial Analysts’ Journal.

2. More recently, refinements have been introduced that allow some stocks to 
be, for example, 50 per cent value and 50 per cent growth, but the principle 
has remained the same.

3. Hemminki and Puttonen (2008) document that fundamental indexation has 
also generated higher returns in Europe. However, as Asness (2006) points 
out, this does not come as a surprise, given the fact that Fama and French 
(1998) already observe that the value effect is an international phenomenon. 
Estrada (2008) prefers an international value strategy above an international 
fundamental indexation strategy.

4. As the cross-sectional dispersion in fundamental characteristics might change 
over time, the exposure to the value factor might also be time-varying. We 
report the long-term average exposure here.

5. For a vivid discussion of this point, see Asness (2006).
6. Except of course for the trivial case in which the two happen to be exactly the 

same.
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7. The RAFI 1000 still has a slightly negative exposure to the momentum strat-
egy from Fama’s website.

8. This information ratio was derived by taking the reported outperformance 
of 2.15 per cent and dividing this by the associated tracking error of 
4.57 per cent.
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Introduction

Pension plans in the United States come in two varieties. Defined 
 contribution pension plans specify the contribution of the corporation. 
The employees have the right to invest the corporation’s contribution 
and their own contribution in a limited set of funds. The participants 
in a defined contribution pension plan are responsible for making all 
the investment decisions and bear all the risks associated with these 
decisions; thus, the benefit to the participants is uncertain. In contrast, 
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defined benefit pension plans specify the benefits due to plan partici-
pants. The plan sponsor, that is the corporation, makes all the invest-
ment decisions in a defined benefit pension plan and bears all the 
investment risk. Defined benefit plans have been in the news in the 
past few years because some firms face the prospect of bankruptcy over 
severely underfunded pension plans. Consequently, there is a need to 
develop models that account for uncertainty in future market condi-
tions and plan accordingly.

Pension fund management is an instance of the asset-liability man-
agement problem (see, for example, Consigli and Dempster, 1998; 
Klaassen, 1998; Drijver et al, 2000; Sodhi, 2005) in which the goal of 
the decision maker is to manage the capital invested into a set of assets 
in order to meet obligations at the minimum possible cost. The typical 
modeling paradigm adopted in the literature is to model the uncertainty 
in market conditions as random variables with a known  distribution, 
formulate the asset-liability management problem (and, hence, also the 
specific case of the pension fund management problem) as a stochastic 
program, and solve the problem by sampling the market conditions 
from the given distributions. All sampling-based methods suffer from 
the curse-of-dimensionality and become intractable as the number of 
decisions increases, that is either the number of assets in the portfolio 
or the number of decision epoch increases. In this article, we propose a 
robust optimization-based approach as an alternative to the stochastic 
programming based-methods.

Robust optimization is a methodology for explicitly incorporating the 
effect of parameter uncertainty in optimization problems (Ben-Tal et al, 
2000; Ben-Tal and Nemirovski, 2001). In this approach, the parameter 
values are assumed to belong to known and bounded uncertainty sets, 
and the solution is computed assuming the worst-case behavior of the 
parameters. Thus, robust solutions are conservative. This is particularly 
appropriate for pension fund management. Typically, the uncertainty 
sets correspond to confidence regions around point estimates of the 
parameters; consequently, one is able to provide probabilistic guaran-
tees on the performance of the robust solution. For a very large class of 
uncertainty sets, the computational effort required to solve the robust 
optimization problem is polynomial in the size of the problem (Ben-Tal 
and Nemirovski, 2001; Goldfarb and Iyengar, 2003) – in contrast, the 
computational complexity of the stochastic programming-based meth-
ods is exponential in the problem size. Consequently, robust methods 
are likely to become a computationally tractable alternative to stochas-
tic programming-based methods.
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A pension fund management problem involves optimizing a given 
objective, for example minimizing the discounted value of all contribu-
tions, while ensuring that the fund is always able to meet its liabilities. 
In addition, the fund’s holdings must also satisfy regulatory require-
ments. We assume that the parameters of the financial markets of 
relevance to pension fund management, for example the yield curve, 
the expected return and volatility on an equity index and so on, are 
described by factors that evolve according to a stochastic differential 
equation. In this setting, we show that the pension fund manage-
ment problem can be formulated as a chance-constrained optimization 
problem. However, the random variables in the chance constraints are 
nonlinear functions of the underlying factors. We use the Itô-Taylor 
expansion to linearize the nonlinear chance constraints and show that 
the linearized chance constraints can be approximated by second-order 
cone (SOC) constraints. Thus, the pension fund management problem 
can be approximated by a second-order cone program (SOCP). This 
implies that very large-scale problems can be solved efficiently both in 
theory (Alizadeh and Goldfarb, 2003) and in practice (Andersen and 
Andersen, 2006). Moreover, as a number of commercial solvers, such 
as MOSEK, CPLEX and Frontline System (supplier of EXCEL SOLVER), 
provide the capability for solving SOCPs in a numerically robust man-
ner, we expect the robust approach to become the method of choice for 
solving large-scale pension fund problems.

The rest of the article is organized as follows. In the section ‘Robust 
pension fund management’, we show how to use linearization and 
robust optimization techniques to formulate general pension fund 
management problems as a SOCPs. In the section ‘Numerical exam-
ple’, we report the results of our numerical experiments with a frozen 
fund and illustrate the robustness of the robust optimization solution. 
In the ‘Concluding remarks’ section, we include some concluding 
remarks.

Robust pension fund management

In this section, we present a robust optimization-based framework for 
pension fund management. As pension funds evaluate and re-balance 
their portfolio holdings at best on a quarterly basis, we work with a 
discrete time model. In this section, we discuss a general framework for 
approximating the typical constraints and objectives by second-order 
constraints; we consider a concrete example in the ‘Numerical example’ 
section.
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Constraints

At each decision epoch t ∈ {0,1, …, T  }, the pension manager has to 
make two decisions: select a new portfolio of traded assets and decide 
the amount of fresh capital to be injected into the fund. Let xt denote 
the number of shares of the traded assets held by the pension fund from 
time t to time t + 1, that is over period t, let wt denote the fresh capital 
injected into the fund at time t, and let �lt denote the random liability 
of the pension fund at time t. Then, assuming that the trading costs are 
negligible, we must have:

 � �p x xt
T

t t t tw l( ) ,− − + −1 0≥  (1)

where p̃t denotes the random prices for the traded assets at time t. As the 
price p̃t is random, and typically has support on the entire positive ort-
hant, one has to ascribe a proper meaning to the uncertain constraint 
(1). In this article, we approximate the uncertain liability constraint (1) 
at time t by the chance constraint

 P( ( ) ) ,� �p x xt
T

t t t tw l− − + − −1 0 1≥ ≥ ε  (2)

where P denotes the probability measure conditioned on all available 
information and ε > 0 is the constraint violation probability. Note that 
we are implicitly assuming that when the event � �p x xt

T
t t t tw l( )− − + <1  

occurs, the fund sponsor is able to meet the shortfall using earnings 
or raising debt. We discuss this in greater detail in the next section on 
pension fund objectives.

In addition to the budget constraint (1), pension fund holding must 
also satisfy some regulatory requirements. These requirements typically 
impose constraints of the form
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where �d denotes the (possibly stochastic) nominal interest rate set by 
the regulatory body and β is a specified funding level. We approximate 
this uncertain constraint by the chance constraint
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Thus, the generic chance constraint encountered in the pension fund 
management problem is of the form

 P( ) ,�a yt
T

t td≥ ≥ 1−ε  (3)

where ãt denotes stochastic parameters such as the prices of assets, 
liabilities, discount factors and so on, and yt and dt are affine functions 
of the decision variables {( , )}xt t t

Tw =1 .
We assume that the stochastic parameters are described by a factor 

model:

 ãt = ƒ(Zt), (4)

where f is a sufficiently smooth function mapping the m stochastic 
factors Zt ∈ ℜ m into the random coefficients ãt , and the m-dimensional 
vector of factors Zt ∈ ℜ m evolves according to the stochastic differential 
equation

 dZt = μ(t, Zt)dt + Σ(t, Zt)dWt, (5)

where μ(t, Zt) ∈ ℜm × n, and Σ(t, Zt) ∈ ℜm × n, and n denotes the length 
of the vector of standard Brownian motions Wt. Most popular financial 
models in the literature satisfy (4)–(5). For example, it is easy to show 
that when the universe of assets is a set of treasury bonds and the equity 
index, the short rates are given by the Hull–White model (Hull and White, 
1990), and the equity index evolves according to a geometric Brownian 
motion, then the price process p̃t for the asset satisfies (4)–(5).

Objective

The most obvious objective for managing a pension fund is to minimize 
the net present value of all the future contributions:

 min ,,w Bt t
t

0∑  (6)

where B0,t denotes the price at time 0 of a zero-coupon bond with face 
value F = 1 maturing at time t. Defined benefit pension funds most 
often use this objective.

The objective (6) does not account for the impact of the pen-
sion   contributions on the fund’s sponsor. There is evidence that 
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pension contributions wt have a serious impact on the stock price of 
the sponsor (Jin et al, 2006). We next discuss an objective that explic-
itly accounts for the impact of the pension fund on the sponsor. The 
Myers and Majluf pecking order hypothesis (Myers and Majluf, 1984) 
suggests that the sponsor would first use earnings, and then use debt 
to finance the pension contributions {wt}. We assume that the firm 
will not be able to issue equity for the purpose of meeting its pension 
obligations. Suppose wt

e denotes the portion of the pension fund con-
tribution wt that is financed directly from the firm’s earnings Ct before 
interest and tax (EBIT). We assume that the earnings C0 at time t = 0 
are known and the portion of the earnings invested in the firm grows 
at a rate re. Thus,

 C C w rt t t
e

e+ = − +1 1( )( ).  (7)

We also impose the additional constraint that wt
e ≤ uCt , where u ∈ [0, 1]  

indicates the maximum fraction of the earnings that can be used for 
funding pension obligations.

Let wt
d denote the amount raised in the debt market at time t. We 

assume that this debt has maturity D = 1. Thus, at time t + 1, the firm 
has to repay (1 + (st, 1 + P))wd, where st, 1 denotes the spot risk-free inter-
est rate at time t for maturity D = 1 and P denotes the spread over the 
risk-free rate that the sponsoring firm needs to pay to raise capital. As 
interest payments are tax deductible, the effective cost incurred by the 
firm at time t + 1 is (1 + (1 − αT)(st, 1 + P))wd, where αT denotes the mar-
ginal tax rate of the firm. Thus, the discounted cost ct

d (P) of raising an 
amount wt

d in the debt market is given by
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B P B w ,,  (8)

where we have used the identify B0, t + 1(1 + st, 1) = B0, t.
The spread P is not a constant – it is a function of the credit rating of 

the sponsoring firm. Therefore, in order to use ct
d (P)  to model the cost 

of debt, we have to ensure that the credit rating of the firm remains 
above a certain level. We assume that the credit rating of the firm is 
a function of the interest coverage (IC), and a firm has a credit rating 
Q provided IC ∈ [α(Q), β(Q)] and in this case the spread is given by P(Q ) 
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(Damodaran, 2004). We also assume that the function mapping inter-
est coverage IC to the credit rating Q is fixed over time. As we assume 
that each debt offering has a duration D = 1, it follows that the interest 
coverage ICt is given by

IC
C

s P wt
t

t t
d=

+( )
.

,1

Suppose the firm maintains a debt rating Q ≥ Q , then the spread  
P ≤ P(Q), and we can use ct

d (P(Q)) to estimate the cost of debt. The 
chance constraint

 P(α(Q)(st,1(Zt + (P(Q))wt
d ≤ Ct) ≥ 1 − ε, (9)

where we write st, 1(Zt) to emphasize that st, 1 is a function of the factors 
Zt, ensures that Q ≥ Q with high probability and we can use ct

d (P(Q)) 
to approximate the cost of debt. The constraint (9) also belongs to the 
general class of chance constraints described in (3).

We adopt ct
d (P(Q)) defined in (8) as the objective. Thus, the pen-

sion fund management optimization problem is given by the chance- 
constrained problem

min ( ( ))c Pt
d

t

Q∑
s.t.

 P(ãt
T yt ≥ dt, t = 1,..., T ) ≥ 1 − ε, (10)

In general, chance-constrained optimization problems are difficult 
to solve. In most cases, the problem is non-convex. Except for a few 
special cases, one has to resort to sampling to solve chance-constrained 
problems. Consequently, the complexity of solving chance-constrained 
problems is exponential in the problem dimension. In the next section, 
we construct a tractable approximation to (10).

Linearization and robust constraints

Let f = ( f1,…,fl ): ℜm → ℜl denote the function that defines the stochas-
tic parameters at in terms of the factors Zt at time t. By Itô’s lemma (see 
Chang (2004) for example),

 dft(Z) = μf (t, Z)dt + Σ f (t, Z)dWt, (11)
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where
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Jf (Z) denotes the Jacobian matrix of f, Hi(Z) denotes the Hessian 
matrix of fi with respect to the factors, and tr(∙) denotes the trace of a 
matrix. We approximate

 f f Wt
f f

tt≈ + +0 0 0μ Σ ,  (12)

where
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that is, we evaluate the coefficients at time t = 0 and then let ft 
evolve according to a Gaussian process. Thus, f ft

f fN t t~ ( , ).0 0 0+ μ Σ  We 
discuss the impact of this approximation in the section ‘Numerical 
example’.

We can now approximate the generic chance constraint (3) by

 P(( )f W y0 0 0 1+ + −μ Σf f T
t tt t d≥ ≥) .ε  (13)

Let Φ(∙) denote the cumulative density function of the standard 
normal random variable. Then P(|| Wt || ≤ t Φ−1(1 − ε)) = 1 − ε, and it 
follows that (13) holds if

 ( ) || ( ).f w y w0 0 0
1 1+ + ≤ −−μ f f T

t tt d tΣ ≥ Φfor all || ε  (14)

A constraint of the form (14) is called a robust constraint (Ben-Tal and 
Nemirovski, 2002). Note that the robust constraint (14) is a conservative 
approximation for the chance constraint. Using the Cauchy–Schwarz 
inequality, (14) can be written as

( ) ( ) || || ,f y y0 0
1

0 21+ − − ×−μ f T
t t

f
tt d t≥ Φ ε Σ  (15)
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where ||x||2 = x xT  denote the L2-norm. The constraint (15) is of the 
form

||Bx − a||2 ≤ dTx + c,

where B, a, d, and c are constants and x is the decision variable. 
Constraints of this form are called SOC constraints.

SOC programming approximation for pension  
fund management

In a pension fund management problem, we have at least one con-
straint of the form (3) at each decision epoch t. Suppose we have K 
chance constraints in total. We want to guarantee that all the chance 
constraints hold with probability at least η. We set ε = η / K for each 
chance constraint of the form P(Ci) ≥ 1 − ε, i = 1, ..., K. The Bonferroni 
inequality (see for example Boros and Prékopa, 1989) implies that
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that is, by setting a more conservative target for each chance constraint, 
the Bonferroni inequality guarantees that all the chance constraints 
hold simultaneously. We use ε = η / K in constraints of the form (15) to 
approximate each chance constraint by an SOC constraint. Thus, the 
resulting optimization problem is of the form 

min ( ( ))c Pt
d

t

Q∑
s. t.

|| Biy − ai ||2 ≤ dT
ix + ci, i = 1, ..., K, (17)

that is, it has one linear objective and several SOC constraints. Such an 
optimization problem is called an SOCP.

Very large-scale SOCPs can be solved efficiently both in theory (Alizadeh 
and Goldfarb, 2003) and in practice (Andersen and Andersen, 2006). 
Moreover, a number of commercial solvers, such as MOSEK, CPLEX and 
Frontline System (supplier of EXCEL SOLVER), provide the capability for 
solving SOCPs in a numerically robust manner. As the approximation 
(12) implies that the pension fund management problem can be approxi-
mated by an SOCP, the approach proposed in this article can be used to 
solve very large-scale pension fund management problems.
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Numerical example

In this section, we consider a specific example and formulate the opti-
mization problem that computes the optimal contribution schedule and 
portfolio holdings for a frozen pension fund using the general frame-
work described in the section ‘Robust pension fund management’. A fro-
zen fund is a fund in which all the liabilities lt are fixed; therefore, there 
is no actuarial risk and the only risk in the problem is financial risk.

Assets, liabilities and dynamics

We assume that a pension fund invests in an equity index and zero-
coupon bonds with face value 1 and maturities up to M years. Thus, the 
holdings of the fund at time t can be described by the vector

xt =
−

−

Number of sharesof1 year bond

Number of sharesof M  year bond

�

NNumber of sharesof equity
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∈ +�M 1.

Note that, if the equity investment is specified as a broad market 
index, we can use the index to denote price even if it is not possible to 
invest in the market index directly. As long as the index is used consist-
ently over time, the investment returns can still be correctly calculated in 
the model. At time t + 1, all the bonds in the portfolio have a maturity 
that is 1 year shorter (the bond with 1-year maturity is now available as 
cash). Thus, the holding xt + 1 before any trading at time t + 1 is given by

x̂t + 1 = Dxt ,

and dTxt is available as cash, where
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The value of the portfolio xt at time t + 1 is given by pT
t + 1Dxt + dTxt.
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The liability of the pension fund at time t is denoted by lt and time 
t  = 0,1, ..., T, that is, the time horizon for the pension fund prob-
lem is T. We assume that at time t = 0, all the future payments lt,  
t = 0,1, …, T, are deterministic as in the case of frozen pension funds, 
that is, the uncertainty in the model is only from the changing finan-
cial conditions.

Bond prices and the yield curve

We follow Nelson and Siegel (1987) and assume that the short rates
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where the factors Z1
t , Z

2
t  and Z3

t  refer, respectively, to level, slope and cur-
vature of the yield curve and τ is a constant. We use the Nelson–Siegel 
model because this model ensures non-negative spot rates st, j for large 
t � 1. This is necessary in our setting as we need to discount liabilities 
with very long durations.

In the Nelson–Siegel model, the price Bt, j at time t of a zero-coupon 
bond with face value F = 1 and maturing at time t + j is given by
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Thus, Bt, j is a highly nonlinear function of the factors Z. We chose 
the Nelson–Siegel model to illustrate our framework because a highly 
nonlinear yield curve is a good test for the linearization technique 
introduced in the section ‘Robust pension fund management’.

We denote the value of the equity index by qt. We assume that the 
equity index qt and the factors { : ,..., }Z it

i = 1 3  driving the yield curve 
(18) evolve according to the stochastic differential equation
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(20)

where Wt t t t t
T

t
i

tW W W W W= ( , , , ) , { } ,1 2 3 4
0≥  i = 1, 2, 3, 4, are independ-

ent standard Brownian motions, and the lower triangular matrix  
A ∈ ℜ4 × 4 denotes the Cholesky decomposition of the covariance 
matrix V ∈ ℜ4 × 4 of the vector ( , , , ).Z Z qt t t

1 3…  The dynamics in (20) 
imply that each of the factors Zt

i is an Ornstein–Uhlenbeck process 
and the equity index qt is a geometric Brownian motion. The yield 
curve dynamics given by (20) is similar to the one considered in 
Fabozzi et al (2005). With the above definitions, the price vector is 
given by

pt = (Bt,1 ,…, Bt, M, qt)T.

Note that the price vector and the stochastic differential equations 
(20) conform to the general framework described in the section ‘Robust 
pension fund management’.

Optimization problem

We assume that at time t = 0, we determine the contribution wt and 
the portfolio xt for t = 0, …, T T≤ . We expect that the pension fund 
problem will be solved on a rolling-horizon basis, that is, at time t = 1, 
we will recompute the optimal portfolio for the horizon t = 1, …, T  + 1.  
The horizon T is chosen to be long enough so that the impact of the 
liabilities lt, t > T , is minimal.

Let ψ denote the initial holdings of the fund, that is the holdings 
before rebalancing at time 0. We require that the portfolio x0 must 
satisfy

p p x0 0 0 0 0
T Tw lψ + − = ,  (21)

that is, the total value of the portfolio x0 must equal the difference 
between the available capital (pT

0ψ  + w0) and the liability l0. Note that 
(21) implicitly assumes that rebalancing does not incur any transaction 
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costs. Therefore, we can assume, without loss of generality, that the 
portfolio ψ is held in cash.

The constraint for time t ≥1 is

P( )p Dx d x p xt
T

t
T

t t t t
T

tw l

t T
− −+ + − −

= −
1 1 1

1 1

≥ ≥ ε,

, , ,…  (22)

where P denotes the probability measure conditioned on the informa-
tion available at time t = 0. We also require the following target funding 
level constraint

 P( )p Dx d xT
T

T
T

T T T Tw l L− −+ + + −1 1 1≥ ≥β ε,  (23)

to set the target funding level at time T to be a fraction β of the future 
liabilities, where Lt denote the net present value at time t of the entire 
set of future liability at a fixed discount rate d, that is

L
l
dt t

t

T

=
+ −

= +
∑ τ

τ
τ ( )

,
11

and the discount rate d is chosen by the plan sponsor subject to some regu-
latory constraints. The funding level of a pension fund at time t is defined 
to be the ratio of the total spot value p xt

T
t of the assets of fund to Lt.

In addition, one may have to impose other constraints that meet 
regulatory requirements. For example, in the US, pension funds need to 
maintain a funding level of γ = 90 per cent and the sponsor is required 
to contribute if the funding level drops below γ. Such a regularity 
requirement can be met by imposing constraints of the form:

 p x0 0 0
T L≥ γ ,  (24)

and

 P( ) 1p xt
T

t tL t T≥ ≥γ ε− = −, , ,1 1…  (25)

See Fabozzi et al (2004) for a summary of regulations on pension 
funds in different countries.

Collecting together all the constraints and using the objective 
incorporating the corporate structure of the plan sponsor given as an 
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example in the section ‘Linearization and robust constraints’, we solve 
the following optimization problem

min (( ) (( ) ( ) ) ), ,1 10
0

0 1− + − +
=

+∑ α α αT t
t

T

T T t t
dB P Q B w

subject to (211), (22),(23),(24),(25),(7) and(9).  (26)

In the Appendix section, we discuss how to use the general results 
in section ‘Robust pension fund management’ to reformulate (26) into 
an SOCP.

Discussion

Typically, the pension fund manager only chooses capital allocation to 
asset classes. The tactical decisions of the particular assets to purchase 
within each asset class are left to asset managers who are specialists in 
a particular asset classes. We consider two asset classes – equity and 
treasury bonds. The solution of the pension fund problem (26) guides 
the fraction of capital that should be allocated to an asset manager spe-
cializing in equity market for tactical asset allocation, and the fraction 
that should be given to an asset manager specializing in fixed income 
market. Therefore, the bond portfolio is only a proxy for total fixed 
income holdings.

We want our robust optimization-based approach to produce con-
servative portfolios. In constructing (26), we linearize the nonlinear 
factor dynamics, but then we use Bonferroni’s inequality (see (16)), to 
impose a very conservative chance constraint. It is not immediately 
clear that the net outcome is a conservative portfolio. We show in the 
section ‘Stationary portfolio selection’ that the robust solution is indeed 
conservative when the risk is measured by the Value-at-Risk (VaR) and 
the Conditional Value-at-Risk (cVaR).

Problem parameters

Following Fabozzi et al (2005) (see also Barrett et al, 1995), we set τ = 3. 
The other parameters used in the example are:

Z Z

Z q
m

0
1

0
2

0
3

0

1

4 5794 0 3443

0 2767 1248 29
0 0783

= = −

= − =
=
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. ,μ ==

= − =
6 1694

2 4183 0 42442 3
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the covariance matrix

v =

− −
− −

2 1775 4 5778 19 3399 0 1201

4 5778 15 6181 43 6039 0 2679

1

. . . .

. . . .
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and the correlation matrix

ρ =

− −
− −

1 0000 0 2178 0 5685 0 4008
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0 56

. . . .
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Thus, the Cholesky decomposition A of V is given by

A =
−

−
−

1 4756 0 0 0

3 1023 2 4482 0 0

13 1063 1 2027 2 5485 0

0 0814 0 00

.

. .

. . .
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These parameter estimates result in the current yield curve displayed 
in Figure 14.1. The number of maturities M is set to M = 10 in our 
numerical experiments.

The liability stream used in our numerical experiments is shown in 
Figure 14.2. The liability stream ends in year T = 85. We obtained these 
data for a frozen pension fund from Goldman Sachs. We set the value 
of initial holding

p0 0 00 8T lψ = +. ( ),L

Other parameters for this numerical example are set as follows:

 (i) We consider the optimal plan for the first 4 years, that is T
–
 = 4.

 (ii) The regulation mandated minimum funding level γ is set to  
γ = 0.9. Thus, the fund is underfunded at time t = 0.

 (iii) The target funding level β that controls the influence of liabilities 
beyond T

–
 is set to β = 0.9.

 (iv) The liabilities are discounted at a nominal discount rate d = 6 per cent.
 (v) The violation probability η = 1 per cent (see (16)), that is, all chance 

constraints in (26) are satisfied with 1–η = 99 per cent probability.
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 (vi) The earnings C0 = 500 and u = 0.2, that is, we impose a limit that 
at most 20 per cent of the earnings can be used to fund the pension 
plan. We set re = 0.05.

 (vii) The marginal tax rate αT = 0.35 and we assume that the company 
wants to maintain a credit rating Q = ‘A+’, that is, α(Q) = 5.5 and 
P(Q) = 0.008 (Damodaran, 2004).

We summarize the values for the parameters as follows.

Parameter Value

T
–

4

γ 0.9

β 0.9
d 6%
η 1%
C0 500
u 0.2
αT 0.35
α(Q) 5.5
ρ(Q) 0.008

Stationary portfolio selection

We consider optimal portfolio selection over T = 4 for a liability stream 
with time horizon T = 85. We consider this setting for simpler presen-
tation and evaluation of the solution. As T T� , we require that port-
folio xt, t = 1, ..., T be stationary, that is, x0 = x1 = x2 = x3. In order to 
investigate the impact of the equity ratio, that is the fraction of the total 
capital of the fund that is invested in equity, we impose the constraint

( , , )( ( ), , ( )) ( ), ,B B x x M q x MM
T

1 1 1 0 0 01 1… … = ′ +ρ

that sets the equity ratio of the initial portfolio x0 to 1/(1 + ρ). We 
 compute x0 and { }wk k

T
=0  by solving

 

min (( ) (( ) ( ) ) ), ,1 10
0

0 1

0

− + − +

=
=
∑ α α αT t
t

T

T T t t
dB P Q B w+

subject to x x11 2 3

1 1 1 0 0 01 1
7

= =

= ′ +

x x ,

( ,..., )( ( ),..., ( )) ( ),
( ),
, ,B B x x M q x MM

T ρ
(( ),( ),( ),( ),( ),21 24 34 35 36 and(37).

 

(27)
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Table 14.1 and Figure 14.3 shows the worst-case payments as a func-
tion of the equity ratio 1/(1 + ρ) with the probability of constraint 
satisfaction fixed at 1 − η = 0.99. The contribution w0 increases with 
increasing equity ratio while the contributions (w1, w2, w3) all decrease 
with the increase in the equity ratio. The total discounted payment, 
however, increases with the increase in the equity ratio.

In Table 14.2 we display the worst-case payments as a function of 
the probability of constraint satisfaction with the equity ratio 1/(1 + p) 
fixed at 0.4. As expected, the worst-case contribution decreases with a 
decrease in constraint satisfaction.

Table 14.1 Worst-case contribution as a function of equity ratio

Equity ratio w0 w1 w2 w3 B wt tt

T
0,0=∑

0.2 239.90 125.00 155.60 180.41 683.69
0.4 283.96 120.04 143.91 163.44 697.36
0.6 348.05 114.88 131.76 145.81 729.92
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Figure 14.3 Worst-case contribution as a function of equity ratio
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Conditional VaR

In this section, we test the effect of linearizing the dynamics by stress–
testing the pension fund portfolio using the VaR and CVaR measures.

We simulate the asset prices using the dynamics described by (18)–(20)  
(that is, we do not linearize the dynamics) and compute the real (as 
opposed to the worst-case) payments w–t required to finance the port-
folio strategy. From the constraints (21), (22), (23), (24) and (25), it 
follows that
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where
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⎞
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p x
1  (29)

The variable αt keeps track of whether the payment w–t is needed to 
maintain the regulation requirement γLt t

T
t/ ,p x ≤ 1  and the value of the 

portfolio in the next period will increase or remain unchanged accord-
ingly. Note that, in our numerical experiments, xt is fixed over time.

We generated K = 100 000 independent sample paths and set the 
shortfall probability

η =
<

=
∑max ( )

,

( )
0 3

1
≤ ≤t t t

k

k

K

w w

K

1

Table 14.2 Worst-case contribution as a function of time

Probability w0 w1 w2 w3 B wt tt

T
0,0=∑

0.99 283.96 120.04 143.91 163.44 697.36
0.95 244.27 111.20 130.97 147.34 622.91
0.90 230.03 107.11 125.01 139.95 592.79
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where { }( )wt
k  denotes the real payments on the k-th simulation run and 

1(·) is the indicator function that takes the value 1 when the argument 
is true and 0 otherwise. Thus, η  is the empirical probability that the real 
payment wt is larger than the worst case payment wt. The expected net 
shortfall W  was defined as follows.
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that is W is the expected shortfall conditioned on their being a shortfall. 
We define the Value-at-Risk (VaRp) at probability p of the discounted 
total real payment as

VaRp t t
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and Conditional Value-at-Risk (CVaRp) of the discounted total real pay-
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Table 14.3 plots the shortfall probability p, the expected shortfall W , 
the VaR and CVaR as a function of the probability p. From the numerical 
results, we can conclude that the linearized robust problem (27) does pro-
duce a conservative solution for the true nonlinear problem (note that, 
this is not guaranteed). In all cases, the empirical shortfall probability is 
at least an order of magnitude lower than that guaranteed by the robust 
problem. This result confirms our initial hypothesis that linearizing the 
dynamics should not result in a significant deterioration in performance.

For a fixed p, let �p denote the probability such that the correspond-
ing shortfall probability �p p≈ −1 . For example, for p = 0.98, �p = 0.85 
as the corresponding shortfall probability �p = 0.0182 ≈ 1 – p = 0.02. 
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Another such pair is (p, �p) = (0.99, 0.90). Then total discounted worst-
case payment corresponding to p is approximately equal to the CVaRp –  
note that, this is in spite of the fact that the robust problem does not 
minimize the total discounted payment.

Computational efficiency

All numerical computations reported in this work were conducted using 
Matlab 6.5 and MOSEK 4.0 (Andersen and Andersen, 2006). We used a 
Windows/32-X86 platform with Intel-PM. A typical portfolio problem 
had less than 100 constraints and 100 variables and it took no longer 
than a second for MOSEK to solve the portfolio problem.

Concluding remarks

In this article, we introduce a robust optimization framework for pension 
fund management that minimizes the worst-case pension contributions 
of the sponsoring firm. The illustrated model is able to account for some 
aspects of the corporate structure of the firm, for example cost of debt. 
The optimal pension plan from the proposed framework is computed by 
solving an SOCP and is, therefore, very efficient both in theory and in 
practice. In addition, we show that the framework is very versatile in that 
it allows us to compute both the optimal plan and also stress test any 
existing pension plans. The solution to the pension fund management 
problem is shown to be robust and conservative in the stress testing result.

There are fundamental differences between the robust approach and 
the stochastic programming approach. In the stochastic programming 
approach, the evolution of the stochastic parameters is approximated 
by a tree and one computes an optimal portfolio for each node in the 

Table 14.3 Simulation results

p p w B wt tt

T
0,0=∑ VaR CVaR

0.99 0.0014 5.98 697.36 537.40 546.96
0.98 0.0027 5.07 667.48 511.58 521.73
0.97 0.0039 5.41 644.63 496.18 506.83
0.96 0.0050 5.34 632.27 487.12 498.22
0.95 0.0063 5.43 622.91 479.91 491.22
0.90 0.0126 5.64 592.79 456.23 496.00
0.85 0.0182 5.99 574.24 441.90 455.63
0.80 0.0235 6.08 560.48 430.38 445.12
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tree taking the evolving information into account. As the tree can be 
constructed for any stochastic model, the stochastic programming 
approach is extremely versatile. However, a tree has zero probability and 
the stochastic programming approach is not able to provide any worst-
case guarantees. Moreover, the complexity of the associated optimiza-
tion problem is exponential in the time horizon and number of assets. 
In the robust optimization approach, one is able to provide a worst-case 
probabilistic guarantee; however, the portfolio selection cannot take 
advantage of evolving information (adjustable robust optimization 
somewhat mitigates this objection (Ben-Tal et al, 2004)). The compu-
tational complexity of the robust approach is polynomial in the time 
horizon and the number of assets. Both of these approaches cannot be 
implemented in an open-loop manner, and a new optimization problem 
has to be solved at each decision epoch. In summary, neither of these 
two approaches are clear winners; however, robust methods are very 
well suited for solving large-scale pension fund management problems.
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Appendix

Derivation

The Itô-Taylor expansion applied to (19) at time 0 using (18) and (20) 
implies that
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where Φ(·) denotes cumulative density function of the standard normal 
random variable.

Using an analysis similar to the one employed above, the constraint 
(23) can be reformulated as the SOC constraint
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and the regulation constraint (25) can be reformulated as the SOC 
constraint
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As the short rates st, 1 are described by a Ornstein–Uhlenbeck process 
whose marginal distribution is normal, it follows that the interest-
coverage constraint (9) is equivalent to the linear constraint
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where var[st, 1] denotes the variance of st, 1.
Finally, we can solve the following SOCP
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