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Foreword

Driven by the convergence of international financial public markets, investors around the globe

are searching for alternative asset classes which provide diversification of their portfolios while

earning attractive returns. Private equity, denominating equity investments in privately held

companies, promises to fulfill both criteria. Over the last three decades, the global private

equity industry has experienced an enormous growth. Private equity has become an important

ingredient in the portfolios of institutional investors, such as banks, insurance companies and

pension funds.

Despite its increasing importance, relatively few are known about the characteristics and

specialities of private equity. Therefore, practitioners are turning to researchers for systematic

information in order to take sound investment decisions.

In his dissertation, Ulrich Lossen contributes to this need of information. Lossen applies

advanced econometric methods to a unique data set which he assembled specifically for the

purpose of this thesis. His analysis focuses on the choice of portfolio strategies by private

equity firms and the impact of this choice on funds’ performance. His research proceeds in

three steps. First, Lossen models the trade-off between diversification and specialization in

private equity funds theoretically. Secondly, he analyzes the influence of external factors on the

choice of private equity firms to diversify their portfolios across different dimensions, such as

financing stages, industries, and geographic regions. Finally, he examines the impact of such

diversification on private equity funds’ performance.

This book is the product of more than three years of intensive research which earned the

author a doctoral degree at the Ludwig-Maximilian-University of Munich. Ulrich Lossen’s

studies of private equity funds are a remarkable contribution to the field. I am sure that these

results will find the attention of practitioners and researchers alike.

Prof. Dietmar Harhoff, Ph. D.
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Chapter 1

Introduction

1.1 Portfolio strategies of private equity firms

Over the last three decades, the global private equity (PE) industry has experienced an enor-

mous growth. According to the statistics of Thomson Venture Economics new funds raised

worldwide by PE firms have grown from USD 1.7 billion in 1976 to USD 192.3 billion in 2005,

with a peak of USD 260.6 billion in 2000.1 PE firms are financial intermediaries providing

investors with investments in privately owned companies, which offer the potential of extraor-

dinary returns, but whose outcomes are highly uncertain and develop over a long period of

time (Chan 1983, Amit, Brander & Zott 1998). Consequently, PE firms need to manage the

performance of their funds. In order to do so, they have two complementary options. At the

level of a single portfolio company, PE firms have developed various instruments to solve the

selection and agency problems they face. Among the most important are: a detailed selection

process (Tyebjee & Bruno 1984, Birley, Muzyka & Hay 1999), the staging of capital infusions

(Gompers 1995), extensive control rights (Sahlman 1990), and the use of convertible securi-

ties (Gompers 1999, Schmidt 2003). In addition, PE firms are active investors who aim to

increase the value of their investments (Gorman & Sahlman 1989, Wright, Hoskisson, Busenitz

& Dial 2001). By means of these activities, a PE firm tries to optimize the return-risk charac-

teristics of each single portfolio company. Over the last 20 years, these instruments have been

analyzed in a large number of theoretical and empirical papers.

At the fund level, a PE firm can apply different portfolio strategies to manage the perfor-

mance of its funds. On the one hand, it can focus on certain financing stages, industries, or

countries in order to gain and benefit from specialized knowledge. On the other hand, it can

invest in a variety of companies with different characteristics in order to diversify unsystematic

risk. The decision determining portfolio composition plays a crucial role in the formation of a

1 Thomson Venture Economics is a commercial provider of PE information. It runs one of the largest databases
on PE: VentureXpert. For more information, go to www.ventureeconomics.com. The numbers are taken
from a report listing commitments to PE funds by vintage years including TVE fund focus categories: Seed
Stage, Development, Early Stage, Balanced Stage, Expansion, Later Stage, Buyouts, Recap, Turnaround,
Generalist, and Other Private Equity. The report was generated on April 3, 2006.
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PE fund. It is a long term strategic decision that is difficult to change. The maximum amount

a PE fund is allowed to invest in a single company as well as in certain financing stages, in-

dustries, or countries is fixed in the partnership agreement with the limited partners, i.e., the

investors. A deviation from this agreement is only possible if all limited partners approve. Fur-

thermore, because of the private nature of portfolio companies the decision to fund companies

in a certain financing stage, industry, or country involves investments in specialized assets (e.g.

human capital and network ties). This fact becomes more and more important as economies

globalize and technology cycles decrease. Together with the return-risk characteristics of the

portfolio companies, the portfolio composition determines the return and risk of a PE fund.

In this thesis, the expression portfolio strategy denominates the level of diversification of a PE

fund across five dimensions: (1) ‘naive’ diversification across the number of portfolio companies,

(2) ‘dynamic’ diversification across time, ‘systematic’ diversification across (3) financing stages,

(4) industries, and (5) countries.

The relationship between the choice of a portfolio strategy by a PE firm and its impact on

PE funds’ performance is outlined in Figure 1.1. Before a PE firm is able to start fundraising

activities, the characteristics of the new fund have to be set including the portfolio strategy.

Whether the PE firm will offer investors a widely diversified fund or a highly specialized fund

depends mainly on two aspects. On the one hand, the PE firm has certain expectations regard-

ing future investment opportunities. On the other hand, the PE firm has preferences concerning

return and risk. Both aspects are influenced by a variety of external factors, which can be de-

scribed by the following four groups: (1) the prediction of future economic development at the

time of fund formation, (2) the conditions of the PE industry at the time of fund formation,

(3) the characteristics of the PE firm and its management team, and (4) the characteristics of

the fund itself.

Based on the expectations on future investments and its return-risk preferences, the PE

firm chooses the portfolio strategy which maximizes its expected utility. The diversification

level across the number of portfolio companies, time, financing stages, industries, and countries

is set and fixed in due diligence documents.2 Potential investors use this information in order

to select funds suiting their investment strategy.

When the PE firm has reached its fundraising target, the new fund is legally formed. During

the lifetime of usually ten to twelve years of a PE fund the PE firm searches for, invests in,

manages, and exits attractive portfolio companies fitting into the fund’s portfolio strategy. At

the end of a fund’s lifetime, the performance of the fund is realized and can be measured.

2 It is assumed that PE funds can make take-it-or-leave-it offers to potential investors. This assumption is true
for high quality PE firms with a good reputation and track record. These PE firms are frequently offered
more capital than their fundraising target. Nonetheless, the assumption might not always be true for young
PE firms or PE firms with a less successful track record.
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Figure 1.1: Framework of thesis
The figure displays the relationship between the choice of portfolio strategies by PE firms and its impact on PE
funds’ performance
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1.2 Objective of thesis

Despite its importance, little is known about portfolio strategies applied by PE firms, or about

its impact on PE funds’ performance. There are few empirical and theoretical articles dealing

with aspects of the choice of portfolio strategies by venture capital (VC) firms (Gupta &

Sapienza 1992, Norton & Tenebaum 1993, Cumming 2004, Kanniainen & Keuschnigg 2003,

Bernile & Lyandres 2003). These studies generally agree that VC firms predominantly involved

in seed and early stage financing prefer less industry diversity and a narrower geographic scope

in their portfolio than VC firms focused on later stage financing, while bigger VC funds tend

to have larger portfolios than smaller VC firms. Furthermore, little is known on the impact of

diversification on PE funds’ performance thus far. The empirical studies of Weidig & Mathonet

(2004) and Schmidt (2004) shed some light on this important issue and report that shortfall

probabilities and return variation across PE portfolios decrease with the number of companies

in the portfolios. The first attempt to evaluate the impact of diversification across industries on

the rate of return of PE funds presents no return penalty for diversified PE funds (Ljungqvist

& Richardson 2003a).

The cited studies reveal interesting insights. Nevertheless, there is a lack of systematic

information on the choice of portfolio strategies by PE firms and the impact of this choice

on funds’ performance. This thesis contributes in three steps to this research gap following

the framework depicted in Figure 1.1. At first, a theoretical model is developed evaluating

the trade-off between diversification and specialization in PE funds. The model is based on
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modern portfolio theory (Markowitz 1952, 1959) and provides a basis for the derivation of

hypotheses for the empirical studies conducted in this thesis. Secondly, the external factors

influencing the expectations and preferences of PE firms during the formation process of a new

fund are empirically evaluated. The driving question is, what determines the choice of portfolio

strategies by PE firms? Finally, the impact of diversification on PE funds’ performance is

empirically examined.

One limitation of this thesis should be acknowledged. It neither aims to discuss the efficiency

of diversification at the level of a PE fund nor the right level for diversification within the vertical

chain of portfolio company, fund, fund-of-funds, and investor. The thesis responds to the fact

that very different portfolio strategies can be observed across PE funds. Hence, specialization

or diversification at the fund level are viewed as rational, utility maximizing behaviors of PE

firms. The objective of this thesis is to examine the economics underlying these decisions.

To conduct the empirical analysis, a unique and manually collected data set on PE funds

is utilized. The information includes for each portfolio company a set of descriptive variables

as well as the exact cash flows between the company and its fund. For the first time, the data

allows, the exact evaluation of portfolio strategies applied by PE funds. The entire data set

contains information about 6,758 investments made by 227 PE funds from 51 PE firms. To the

best of my knowledge, it is one of the most comprehensive data sets on PE funds available to

research.

To summarize, the thesis presents the first comprehensive evaluation of portfolio strategies

applied by PE firms and the impact of these strategies on PE funds’ performance. Hence, the

results should prove to be important for both the research community as well as practitioners.

1.3 Basics of private equity financing

This section provides some basics of PE financing. First, the terms private equity, venture

capital, and buyout capital are defined. Secondly, the dominant organization of PE funds – the

private limited partnership – is explained. Finally, the management process of PE is briefly

described.

With reference to Gompers & Lerner (2004, p. 17) private equity is defined as dedicated

pools of capital which are managed by independent PE firms and focus on equity or equity-

linked investments in privately held companies. PE is further categorized according to the

development stage of the company funded:

Venture capital : The term VC is used to describe the provision of equity or equity linked

capital to young, high growth companies which have a limited history of operation (Gompers

& Lerner 2004). According to the status of operation, VC is divided into (AltAssets 2005,

Thomson Venture Economics 2005):
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• Seed / early stage venture capital : Seed capital refers to the provision of very early stage

finance to a company which has not yet been established. Seed capital is often provided

before institutional PE firms become involved. Early stage VC is provided to companies

which have been recently established. It is used for product development, as well as initial

marketing, manufacturing and sales activities.

• Expansion / second stage venture capital : It is provided for the first expansion of a

company, which is already in production and shipment. The company is experiencing

growth in inventory and accounts receivable. However, usually it is still not profitable.

• Later / third stage venture capital : The term denominates funding of a company, which

has stable operations and is breaking even or profitable. The capital is used for further

growth of the company.3

Buyout capital : A BO is the purchase of a company or a controlling interest of a corpora-

tion’s shares or some part of business (AltAssets 2005). The focus of BO capital are mature

companies with a proven track record. Various types of BOs can be divided, emphasizing each

type one important element of the transaction. The most important are: leveraged BO (LBO),

management BO (MBO), management buyin (MBI), recapitalization, and turnaround. The

majority of classifications also assign mezzanine financing to BO capital because it is mostly

used in BO transactions.

PE pools of capital are mostly arranged in closed funds with a definite lifetime of ten years,

plus two years of potential prolongation. The dominant organizational form for PE funds is

a private limited partnership (Fenn, Liang & Prowse 1995, Gompers & Lerner 2004). The

senior managers of the PE firm serve as general partners and run the funds’ activities. The

investors are limited partners and provide the balance of the PE funds.4 Limited partners

monitor activities of general partners, but do not interfere in the daily management of funds.

The process of PE financing can be divided into four stages: (Bygrave & Timmons 1992,

Gompers & Lerner 2004). (1) The fund formation stage contains the structuring, raising, and

formation of a new fund. In this stage, the strategy of a fund and the compensation of the

general partners is fixed in the partnership agreement. (2) The investment stage includes the

generation of deal flow, the selection of attractive companies, and the structuring of trans-

actions. (3) In the management stage a PE firm monitors the development of its portfolio

companies and aims at adding value to them. (4) In the exit stage the PE firm sells successful

companies either to the stock market (initial public offering) or other investors (strategic or

financial) and returns capital to the limited partners. The process can be viewed as a cycle,

3 Sometimes VC is also classified according to the financing round of a company. The first financing round
in which a institutionalized PE firm gets involved is called ‘A’ round (Center for Private Equity and
Entrepreneurship 2006). Accordingly, subsequent financing rounds are named ‘B’, ‘C’, etc. As a rule of
thumb, ‘A’ and ‘B’ rounds are roughly equivalent to seed / early stage VC, ‘C’ and ‘D’ rounds to expansion
/ second stage VC, and ‘E’ and later rounds to later / third stage VC. However, an exact correspondence can
only be reached by looking at the status of operation of a young company when a financing round happens.

4 The general partners usually contribute a very small proportion of the fund’s capital (commonly between
1% to 2%) in order to align the interests of both parties.
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because PE firms typically raise an additional fund at about the time the investment stage for

an existing fund has been completed.

1.4 Structure of thesis

The thesis is structured into seven chapters. Following the introduction, chapter 2 gives an

overview of related literature and previous research of interest for the conducted analysis.

Studies on the return and risk of PE financing are summarized before the results of articles

dealing with portfolio strategies of PE firms are discussed. Finally, research gaps are identified

and the contribution of this thesis is highlighted.

Chapter 3 examines the trade-off between specialization and diversification in PE funds in a

theoretical model. An extension of modern portfolio theory allows to deduct the optimal level

of diversification in a PE fund. The chapter starts with a review of modern portfolio theory,

proceeds with the development and discussion of the optimum, and ends with implications for

the empirical analysis.

The data used throughout this thesis is outlined in chapter 4. The first part of the chapter

describes the composition of the data set and discusses potential selection biases. The entire

sample consists of 227 PE funds covering the whole spectrum of PE financing from small

seed/early stage VC funds to large BO funds. In the second part of the chapter, the variables

used in the empirical analysis are described.

Chapter 5 aims at evaluating factors influencing the expectations and preferences of PE firms

during fund formation. Since the expectations and preferences of a PE firm are unobservable,

determinants of portfolio strategies applied by PE firms are examined. For each dimension of

diversification, hypotheses are derived and comprehensive empirical analyses are carried out. In

particular, ‘naive’ diversification across the number of portfolio companies, ‘systematic’ diver-

sification across financing stages, industries, and countries as well as ‘dynamic’ diversification

across time are explained by a variety of factors. A consolidation of the results concludes the

chapter.

The focus of chapter 6 is the impact of diversification on the performance of PE funds. After

the description of the subsample used in this chapter, the underlying hypotheses are derived.

Next, descriptive analysis provides initial insights into research questions, before multivariate

regression analysis tests the hypotheses. The impact of diversification on the performance of

a PE fund is examined, utilizing three measures: (1) rate of return, (2) intra-fund variation

of return, and (3) shortfall probability.5 Finally, the influence of intra-fund variation of return

and shortfall probability on the rate of return of PE funds is studied.

A summary in chapter 7 concludes the thesis. It recapitulates the main results and highlights

implications for the management of PE funds.

5 The measures are explained in detail in chapter 4.
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Chapter 2

Related literature and previous

research

2.1 Introduction

The institutionalization of PE began only after World War II (Pratt 1988). The first research

papers on PE were published in the late seventies. However, systematic research did not

accelerate until the mid-nineties when larger data sets became available to researchers. Most

of the articles can be classified into two broad groups. The first tries to answer the question

how PE firms choose, structure, and manage their investments. A special focus in this field

has been drawn on the various types of information asymmetries and principal agent problems

which are inherent in PE investing, and on the potential solutions the different parties can use

to solve these conflicts. The second group of articles aims at quantifying and explaining the

performance of PE investments. One major objective of this stream of literature is to compare

the performance of PE investments to the performance of public markets.

As there are no public markets for PE investments, data on private equity investments’ rates

of return are difficult to obtain. Two early articles analyzing the return and risk of PE investing

were published in 1989. Chiampou & Kallett (1989) calculated annual average time-weighted

returns for 55 funds of US based independent VC firms using quarterly net asset values over the

holding period of 1978 to 1987. Bygrave, Fast, Khoylian, Vincent & Yue (1989) were the first

study based on data from Thomson Venture Economics (TVE) founded in 1985. The analysis

contains 140 US VC funds which were started between 1971 to 1984. Since 2000, the number

of articles on the return of PE investments has grown steadily due to the availability of larger

data sets and an increasing interest in PE, provoked by the boom of the PE industry in the

late nineties.

The aim of this chapter is to summarize previous research and related literature. Chapter

two is organized as follows: Section 2.2 summarizes studies analyzing the return and risk of

PE investments. Among these, two different groups of studies can be identified according
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to their unit of analysis. The first group of articles investigates the performance of single

PE investments. The second group’s computations are based on PE funds.6 Theoretical and

empirical research on diversification within PE funds is reviewed in section 2.3. First, studies

are summarized which analyze the choice of portfolio strategies by PE firms. Afterwards,

the results of articles which give an initial view of the impact of diversification on PE funds’

performance are reviewed. An examination of existing research gaps and the contribution of

this thesis to meet those gaps in section 2.4 concludes this chapter. Each section contains the

most important articles relevant to the thesis. In each section, the cited articles are presented

in chronological order of their first publication.

2.2 Return and risk of private equity investing

2.2.1 Return and risk of single private equity investments

A large study on the return and risk of single VC projects was published by Cochrane (2001)

based on a data set of 7,765 investments accounting for 16,613 financing rounds.7 The infor-

mation on VC financed companies was taken from the Dowjones VentureOne database.8 To

calculate returns for companies which had resulted in an initial public offering (IPO) or a trade

sale, the data was augmented with information from the SDC Platinum Corporate New Issues

and Mergers and Acquisitions (M&A) databases. Accordingly, Cochrane had no returns for

companies, which were still privately held or liquidated. Therefore, he applied sample selection

correction by calculating the probability of going public or having a trade sale dependent on

the age of a company. Cochrane finds that the return distribution of VC investments is right

skewed and is best represented by means of a lognormal distribution. With correction of sample

selection, he reports a mean arithmetic return of 59% and a standard deviation of arithmetic

returns of 107%. The estimation of a capital asset pricing model using the S&P500 index as

market parameter returns an arithmetic beta (slope) of 1.9. However, this large systematic risk

does not entirely explain the high mean return, resulting in an arithmetic alpha (intercept) of

32%. The large mean arithmetic return and alpha result from the right skewness of the return

distribution. VC investments are like options: “they have a small chance of a huge payoff”

(Cochrane 2001, p. 2).

In their study of the investment behavior of PE managers, Ljungqvist & Richardson (2003b)

analyzed the rate of return of single portfolio companies. The sample consists of 2,744 invest-

ments between 1981 and 1998, provided by one of the largest PE investors in the USA, which

covers all investments made by PE funds sponsored by the investor. The study reveals that

6 A third group of articles studies the returns of publicly traded PE vehicles, which will not be further discussed
in the scope of this thesis. For a recent study on publicly traded PE vehicles compare Zimmerman, Bilo,
Christiophers & Degosciu (2005).

7 The study of Cochrane was again published in 2005 in the Journal of Financial Economics (Cochrane 2005).
8 Dowjones VentureOne is a commercial provider of VC information. It is marketing one of the largest

databases on VC backed companies. For more information, go to www.ventureone.com.
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improvements in investment opportunities have a positive effect on portfolio companies’ rates

of return, whereas the amount of capital competing in an industry for deals reduces rates of

return. The latter result links the ‘money chasing deals phenomena’ reported by Gompers

& Lerner (2000) to portfolio company returns. Furthermore, they report BO transactions to

outperform VC investments.

Cumming & Walz (2004) studied the impact of a large range of variables on the rate of

return of 2,498 fully realized and 2,619 partially realized or unrealized investments. Their data

set was provided by the CEPRES Center of Private Equity Research.9 To correct for potential

bias in the reporting of unrealized investments, a Heckman sample selection procedure was

estimated. For fully realized investments, an average IRR of 68,7% is reported.10 Explaining

the heterogeneity of returns, Cumming & Walz identify a positive relationship of investments’

return with the quality of legal systems, syndication, and the use of convertible securities. In

contrast, portfolio companies’ returns correlate negatively with the amount of new funds raised

in the portfolio companies’ country in the year of investment, the number of portfolio companies

managed by one partner, and the holding of a board seat.

An additional study of return and risk of single PE projects calculated a variety of return

and risk measures for a sample of 2,380 PE investments between 1975 and 2003, comparing

the measures to various public market indices (Ick 2005). The calculations were based on cash

flows provided by the CEPRES Center of Private Equity Research. According to the study,

later stage investments generate large positive excess returns, whereas early stage investments

underperform in relation to the NASDAQ Composite index. Using risk adjusted performance

measures, the major finding holds that early stage investments substantially underperform

against public markets. Later stage investments do somewhat better and match public market

performance.

2.2.2 Return and risk of private equity funds

An initial attempt to quantify the success of European and US VC funds was undertaken by

Hege, Palomino & Schwienbacher (2003). They defined success as the proportion of all exits in a

VC fund which were realized either through an initial public offering or a trade sale. The sample

of 82 funds was derived from a questionnaire sent to VC firms in Europe and USA in 2001.

According to the authors, European VC funds were less successful than their US counterparts

and early stage VC funds were less successful than later stage VC funds. However, the authors

do not explain to what extent the 82 funds included in the analysis were mature, nor do they

discuss potential sample selection bias. In the second part of their analysis Hege et al. estimate

returns of a subsample of portfolio companies in the TVE databases. As the procedure used to

9 The CEPRES Center of Private Equity Research is a joint research initiative between VCM VC Management,
a German PE fund-of-funds, and the Department of Finance of the Johann Wolfgang Goethe-University of
Frankfurt/Main. For further information, see www.cepres.de.

10 IRR is the discount rate that yields a net present value of zero for the cash flow history of an investment. A
mathematical definition of IRR is given in subsection 4.4.2.
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calculate the returns of the portfolio companies appears questionable, the results of the article

will not be discussed further in this chapter.

A more comprehensive study on the performance of PE funds is presented by Ljungqvist

& Richardson (2003a), who studied the return and risk pattern of 73 mature PE funds, which

are provided from one of the largest PE investors in the USA. The sample is skewed towards

large BO funds and seems to slightly outperform the TVE population. The authors report a

mean IRR of 19.8% and a standard deviation across funds’ IRR of 22.3 percentage points net of

fees and carried interest. The mean IRR of mature BO funds in the sample is higher than the

mean IRR of mature VC funds, 21.8% compared to 14.1%, respectively. Matching the cash flow

streams to public market indices, the average PE fund generates excess returns of five percent

relative to public markets. Ljungqvist & Richardson also tried to evaluate the systematic risk

of PE funds by assigning portfolio companies to the 48 industry betas provided by Fama &

French (1997) and calculating value-weighted betas for each fund. BO funds average a portfolio

beta of 1.08 whereas VC funds reveal an average beta of 1.12. This suggests that investments

in PE funds are slightly riskier than in public markets. However, the procedure might misstate

the risk of private companies, as for instance, portfolio companies of VC funds are young firms

with high technical and market risk, which still need to provide proof of their business concept.

Similar arguments can be applied to BO companies, although the effect will be smaller as most

BO firms are established companies with a proven history. Lastly, Ljungqvist & Richardson

estimated determinants of the PE funds’ excess returns. They report a non-linear relationship

between fund size and excess return, and a negative influence of the total amount committed

to BO (VC) funds in the year the sample BO (VC) fund was raised. Finally, the authors find

neither a significant effect on the excess return of portfolio betas nor of some basic measures

representing portfolio diversification.

Using a sample of 1,245 PE funds provided by TVE, Jones & Rhodes-Kropf (2003) investi-

gated the relationship between idiosyncratic risk and rate of return of PE funds. The authors

claim that PE firms are unable to diversify the unsystematic risk in its portfolio companies

because of the limited partnership contract design. As a result, equilibrium competitive fund

returns should increase in the amount of idiosyncratic risk rather than unsystematic risk. Using

quarterly take downs, distributions and NAVs, they report equal-weighted mean IRR’s net of

fees and carried interests of 19.25% and 9.67% for VC funds and BO funds, respectively. The

funds’ returns are extremely volatile with cross-sectional standard deviations of annualized

IRR’s of 51 percentage points for VC funds and 31 percentage points for BO funds. Running

quarterly time-series regressions of value weighted portfolios, the quartile of funds with the

greatest idiosyncratic risk earns the highest alpha, while the quartile of funds with the lowest

idiosyncratic risk earns the smallest alpha. This result holds for VC funds as well as for BO

funds.

Studying returns across subsequent funds of PE firms, Kaplan & Schoar (2003) report a

strong persistence: “General partners (GPs) whose funds outperform the industry in one fund
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are likely to outperform the industry in the next fund vice versa.”11 They also find a concave

relationship between fund size and the rate of return of a PE fund. The number of first time

funds entering the industry in the vintage year of a PE fund lowers its rate of return. Funds

with lower sequence numbers are more affected by this effect than funds with higher sequence

numbers. VC funds outperformed BO funds, ceteris paribus. Furthermore, the article studies

the relationship between fund performance and fundraising success. The size of PE funds

increases with the rate of return of previous funds and the sequence number of funds managed

by the same PE firm. The results are based on a sample of 746 largely liquidated PE funds

which were provided by TVE.

Kaserer & Diller (2004c) provided a comprehensive study on the rate of return of European

PE funds. Their data also originates from TVE and consists of 190 mature VC and BO funds

which were managed by European PE firms. The rate of return in the sample varies substan-

tially with average IRRs net of fees and carried interests of 12.0% and 13.4%, and standard

deviations of IRR of 22.1 percentage points and 16.2 percentage points for VC funds and BO

funds, respectively. Using the MSCI Europe Index net of costs, they calculate public market

equivalents which are slightly lower than one, suggesting that European PE has underperformed

European public markets. In their multivariate analysis the authors are able to verify the per-

sistence of returns across subsequent funds of a PE firm. They also find a positive relationship

between absolute inflows in European PE markets in the vintage year of a fund and its rate of

return, whereas the opposite relationship holds true between relative inflows in European PE

market segments (VC or BO) in the vintage year of a fund and its rate of return. In addition,

the rate of return of the MSCI Europe Index in the vintage year of a fund has a negative

impact on its rate of return. Using the same sample of European PE funds in another study,

the authors calculated Sharpe ratios of 35.9% for VC funds and 35.7% for BO funds (Kaserer

& Diller 2004b).

The comparison between NAV and present value of future cash flows of liquidated funds at

the end of each year after the eighth birthday of a PE fund shows, that NAV in the last part

of a fund’s lifetime is a good proxy of future cash flows (Gottschalg, Phalippou & Zollo 2004).

Accounting of PE firms appears to be conservative with an average ratio of present value

of future cash flows to NAV of 1.03. Similar to prior studies a high heterogeneity between

individual fund performance is reported. Gottschalg et al. also calculate average betas of 1.7

for BO funds and 1.6 for VC funds, documenting a large level of systematic risk relative to

public markets. In multivariate regression analysis, betas are positively related to the rates of

return of PE funds. Additionally, there is a concave relationship between fund size and rate of

return of BO funds, whereas VC funds show a positive linear relation between fund size and

rate of return. A higher proportion of European investments is associated with a lower rate of

return. First time funds perform worse than later time funds, whereas funds of PE firms which

often take a lead position in their portfolio companies perform better than funds of PE firms

which seldom take a lead position in their portfolio companies. According to Kaserer & Diller

(2004c), the total capital committed to PE in the vintage year of a fund is positively related to

11 The paper was again published in 2005 in The Journal of Finance (Kaplan & Schoar 2005).
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its rate of return. Finally, the study indicates that fund performance co-varies positively with

business cycles as well as stock market cycles. The data set consists of 642 PE funds derived

from the records of TVE.

2.2.3 Comparison of previous results

The various analyses on the rate of return and risk of PE investing can be summarized as

follows. Generally authors agree that returns on PE investing are highly volatile and right

skewed. There is a nonlinear relationship between the size of a fund and its rate of return.

The quantity of investment opportunities available to PE firms (either measured through the

number of portfolio companies funded by PE in a year or through the total amount of money

flowing in the PE industry) has a positive impact on the rate of return of a PE fund. In contrast,

the amount of competing money flowing into a segment of the PE market (measured as the

relative amount of capital flowing into one industry, country, or financing stage) has a negative

impact on the rate of return of a fund investing in that segment. Likewise, PE funds started in

‘hot’ public markets (measured by the return of public market indices) seem to perform worse

than PE funds started in ‘cold’ public markets. There is a persistence of PE returns across

subsequent funds of PE firms. Finally, US investments outperformed European investments in

the past.

However, there is no agreement on whether PE outperformed or underperformed public

markets in the past. The same holds true for the comparison of VC investments and BO

transactions. While Kaplan & Schoar (2005) as well as Kaserer & Diller (2004c) report su-

perior returns of VC funds compared to BO funds, many other studies indicate the opposite

(Ljungqvist & Richardson 2003a, Ljungqvist & Richardson 2003b, Hege et al. 2003, Ick 2005).

The different result may be explained by the use of different data sets in these studies. Another

unanswered question is how much systematic risk PE investments carry. The different authors

state betas ranging from 0.5 to 1.9 for VC and from 1.1 to 1.7 for BO (Cochrane 2005, Ljungqvist

& Richardson 2003a, Gottschalg et al. 2004). The large heterogeneity between the results de-

rives from the difficulties in calculating betas due to the lack of time series of market valuations

for PE funds. Finally, there are differing results on wether the return of PE funds is driven by

their systematic and/or unsystematic risk. Ljungqvist & Richardson (2003a) find no significant

effect of weighted portfolio betas on the rate of return of PE funds. In contrast, Gottschalg

et al. (2004) report a positive relationship between funds’ betas and rates of return. Following

a different approach, Jones & Rhodes-Kropf (2003) document a positive relationship between

the idiosyncratic risk of a PE fund and its rate of return.

The conformity of many results has to be treated with some reservation. Four out of the

six studies on the performance of PE funds work with mainly equal data sets provided by

TVE (Kaplan & Schoar 2005, Jones & Rhodes-Kropf 2003, Kaserer & Diller 2004c, Gottschalg

et al. 2004). As a consequence, further empirical research on the performance of PE is needed

to verify the presented results.
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2.3 Portfolio strategies and optimal structure of private

equity funds

2.3.1 Choice of portfolio strategies

In the past, only scant research focused on portfolio strategies applied by PE firms. Gupta &

Sapienza (1992) analyzed the preferences of 169 US VC firms in regard to industry diversity and

geographic scope of their investments. The study is based on the information published in the

1987 issue of Pratt’s Guide to Venture Capital Sources (Pratt & Morris 1987).12 Results show

that (1) VC firms specialized in early stage ventures prefer less industry diversity and narrower

geographic scope relative to other VC firms, (2) corporate VC firms prefer less industry diversity

but broader geographic scope relative to non-corporate VC firms, (3) larger VC firms prefer

greater industry diversity and broader geographic scope relative to smaller VC firms, and (4)

older VC firms prefer more industry diversity relative to younger VC firms.

In order to analyze how VC firms manage their risks – either via diversification of their

investments or via specialization in certain areas – Norton & Tenebaum (1993) carried out a

survey of 98 US VC firms. Their main result is that VC firms predominantly involved in seed

financing are diversified across a smaller number of industries and portfolio companies than

VC firms less involved in seed financing. In addition, the authors calculated the correlations

between the percentages of a VC fund invested in different financing stage across their sample.

They find the percentages of two successive financing stages (e.g. first and second stage VC)

to be positively correlated with each other, while the percentages of capital invested in non-

consecutive financing stages (e.g. first and third stage VC) are negatively correlated with each

other. Norton & Tenebaum interpret both results as evidence for their specialization hypothesis

and reject the diversification hypothesis.

Kanniainen & Keuschnigg (2003) and Bernile & Lyandres (2003) presented theoretical re-

search on the optimal size of VC funds. In a double-sided moral hazard framework, Kanniainen

& Keuschnigg (2003) emphasize the trade-off between the number of portfolio companies of a

VC fund and the advisory effort allocated to each company leading to an unique optimal num-

ber of portfolio companies. In comparative statics the optimal number of investments in a VC

fund grows greater with increasing returns of portfolio companies. In contrast, the optimum

declines with the acquisition price the VC fund needs to pay for a given stake in the portfolio

companies as well as with the entrepreneur’s effort cost. Bernile & Lyandres (2003) generalize

the results by relaxing some of the assumptions made by Kanniainen & Keuschnigg. Yet, the

effect of exogenous variables on the optimal number of portfolio companies in a VC fund are

equal.

12 Pratt’s Guide to Venture Capital Sources is an industry guide book. At present, it contains information on
more than 1,400 sources of institutional VC. It is regularly published by TVE. For further information see
www.ventureeconomics.com.
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A more recent article empirically studies the determinants of VC portfolio size identifying

the following relations (Cumming 2004): (1) the number of portfolio companies tends to be

smaller for independent limited partnerships and corporate VC funds than for government

funds, (2) funds that belong to VC firms with two or more VC funds have fewer investments in

their portfolio, (3) bigger funds (measured by total commitments) invest in a larger number of

portfolio companies than smaller funds, (4) a positive relationship exists between the number

of managers and quantity of portfolio companies, (5) the higher the proportion of early stage

investments the larger is the number of portfolio companies, and finally, (6) the larger the

proportion of investees who reside in provinces, in which the VC firm had no offices, the lower

is the quantity of portfolio companies. Moreover, characteristics of deal structure influence

portfolio size of VC funds. The number of portfolio companies in a VC fund is smaller when

the proportion of staged investments, of syndicated investments, or the percentage of ownership

is higher. The sample consists of 104 private independent limited partnerships, 18 corporate

funds, 15 government funds, 29 Labour-Sponsored VC Companies13 and 48 institutional funds

started between 1991 and 2000. It was provided by the Canadian VC Association (CVCA).

2.3.2 Portfolio diversification and performance

So far, a systematic study evaluating the impact of diversification on the return and risk of PE

funds is missing. Nonetheless, some studies on the performance of PE funds shed some light

on this issue.

In their study of the return and risk pattern of 73 mature PE funds Ljungqvist & Richardson

(2003a) included four measures of portfolio diversification: (1) the number of portfolio com-

panies, (2) the fraction of portfolio companies in the dominant industry, (3) the proportion of

invested capital in the dominant industry, and (4) a Herfindahl-Hirschman-Index of the portfo-

lio weights of each company. The authors discover a negative impact of the number of portfolio

companies, whereas the other three measures have a positive effect on the rate of return of PE

funds. However, none of these effects are statistically significant. Moreover, the results might

suffer from a drawback of the data set. The authors do not have a complete listing of all port-

folio companies of the analyzed PE funds. The reconstruction of the portfolio composition of

each fund relies on various external sources of information. Because of this procedure, portfolio

listings are very likely to be incomplete.

An examination of the return distribution of direct VC investments, investments in VC

funds, and investments in VC fund-of-funds indicates diversification benefits on the shortfall

probability of VC investing (Weidig & Mathonet 2004). Analyzing 5,000 direct investments

in US ventures, the probability of loss and probability of total loss for direct VC investments

13 Labour-Sponsored Venture Capital Companies (LSVCC) are unique to the Canadian VC industry. Ayayi
(2002) provides the following definition for LSVCC: “Labour sponsored VC corporations are special corpo-
rations designed primarily to provide VC to and promote investment in Canadian SMEs whose shares are
not publicly traded. The funds are capitalized by a large number of individual shareholders whose incen-
tive to invest is encouraged by the provision of Canadian federal and provincial tax credits in exchange for
committing their capital for eight years to inherently risky SMEs.”
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are 42% and 30%.14 According to the returns of 282 European VC funds provided by TVE

corresponding values for VC funds are 30% and 1%. The figures decrease to 1% and 0% in a

simulation of 50,000 fund-of-funds of 20 randomly chosen European VC funds. Additionally,

the authors report average losses to drop from -85% for direct VC investments to -29% for VC

funds and to -4% for the simulated fund-of-funds in those cases in which a negative return is

achieved.

Studying the return of 642 US direct PE investments, Schmidt (2004) reported comparable

results. In a bootstrapping approach, PE portfolios of different sizes were simulated, reducing

the average variation in returns by 80% through building portfolios of 20 PE investments.

2.3.3 Comparison of previous results

Comparing the results, VC firms predominantly involved in seed and early stage financing seem

to prefer less industry diversity and a narrower geographic scope in their portfolio than VC

firms predominantly involved in later stage financing. Bigger VC funds have larger portfolios

than smaller VC funds. In periods with high acquisition prices, VC firms fund a smaller number

of companies. Moreover, the results suggest a risk reducing effect of ‘naive’ diversification in PE

funds. With an increasing number of portfolio companies, shortfall probability and variation

across the rates of return of PE funds decreases.

However, doubts remain whether VC firms specialized in seed and early stage ventures

invest in more (Cumming 2004) or fewer companies (Norton & Tenebaum 1993) than VC

firms predominantly involved in later stage financing. Furthermore, comprehensive results are

presently missing on whether diversification has a systematic effect on the rate of return and risk

of PE funds. The studies of Weidig & Mathonet (2004) and Schmidt (2004) only document

the effects of ‘naive’ diversification by increasing the number of portfolio companies in PE

portfolios, but do not consider the composition of PE funds or the specific characteristics of

portfolio companies. Furthermore, these analyses are mainly based on simulation. The authors

do not study whether their simulated portfolios can be observed in reality.

2.4 Summary: research gaps and contribution of thesis

The existing literature reveals several research gaps. First, a theoretical model explaining

the effect of diversification on the return and risk of PE portfolios is missing. The work

of Kanniainen & Keuschnigg (2003) and Bernile & Lyandres (2003) focuses uniquely on the

optimal number of investments in a PE fund. Other dimensions of portfolio composition such

as financing stages, industry, or geographic scope are not considered. Since PE funds – despite

all differences to public equity (Wright & Robbie 1998) – are portfolios of risky assets, chapter

3 extends modern portfolio theory into a simple, yet novel direction evaluating the trade-off

14 The data set was constructed and first used by Cochrane (2001).
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between diversification and specialization in PE funds. The model enables the analysis of the

impact of different diversification levels on the expected rate of return and risk of a PE fund.

The results are consistent with the empirical findings of Gupta & Sapienza (1992) and Norton

& Tenebaum (1993), as well as Weidig & Mathonet (2004) and Schmidt (2004).

So far, only the number of investments in a PE fund has been analyzed in a multivariate

analysis using information on actual PE transactions (Cumming 2004). Gupta & Sapienza

(1992) based their calculations on preferences published in the 1987 issue of Pratt’s Guide

to VC Sources. Norton & Tenebaum (1993) used data from a survey to US VC firms. As

a result, there is a lack of understanding concerning the level of diversification in PE funds.

Can different degrees of diversification be solely explained by characteristics of PE firms or

do market conditions equally matter? Chapter 5 offers answers to this question. In order to

do so, a comprehensive analysis is conducted on the choice of portfolio strategies by PE firms.

The number of portfolio companies, diversification across time, financing stages, industries, and

countries are explained through a variety of factors.

Thirdly, the impact of diversification on the performance of PE funds is mainly unknown.

Weidig & Mathonet (2004) and Schmidt (2004) only addresses ‘naive’ diversification through

increasing the number of investments in a PE fund, but they do not consider the composition of

funds nor the specific characteristics of portfolio companies. In addition, as their analyses were

mainly based on simulation the authors do not verify whether their results can be observed

in reality. Ljungqvist & Richardson (2003a) go a step further calculating two ratios for the

concentration of their portfolios across industry. However, as they only studied the effect of

these measures on the rate of return, they neglect other performance characteristics of PE

funds in their sample. As a response, chapter 6 will analyze the impact of diversification across

various dimensions on rate of return, intra-fund variation of return and shortfall probability of

PE funds.

Finally, ambiguity presently exists in the relationship between the rate of return and risk of

a PE fund. On the one hand, many authors do not include a measure of risk in their regressions

explaining the rate of return of PE funds. On the other hand, studies which include measures

of risk reveal diverging results. In order to contribute to that research question, chapter 6 will

also examine the influence of intra-fund variation of return and shortfall probability as proxies

for risk on the rate of return of PE funds.
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Chapter 3

Optimal level of diversification in

private equity funds

3.1 Introduction

The studies of Gupta & Sapienza (1992) and Norton & Tenebaum (1993) have provided inter-

esting insights into the choice of portfolio strategies by PE firms. However, their argumentation

leads to conclusions which need to be scrutinized. The main result of their analysis is that VC

firms predominantly involved in seed and early stage financing prefer less industry diversity

and a narrower geographic scope in comparison to VC firms focusing on later stage financing.

Assuming that seed and early stage investments are riskier than later stage investments, the

four authors identified specialization as a strategy to lower the risk of a VC fund. They argue

that concentration in particular areas leads to specialized knowledge which allows the PE firm

to make superior selection decisions and to provide more value-adding services. If that holds

true, specialization should also increase the expected rate of return of a VC fund. Thus, a

VC firm could lower its risk and enhance its expected rate of return at the same time by spe-

cializing in particular areas. Such a negative risk-return-relationship is at odds with the usual

assumption in financial theory that a lower level of risk is related to a lower expected rate of

return, and vice versa. Second, if specialization is the dominant strategy for VC firms to lower

their risk and concurrently to alter their expected rate of return, why do VC firms still spread

their funds across different areas? According to the survey of Norton & Tenebaum (1993), more

than half of the respondents’ VC funds had investments in seven or more industries. One third

of their sample invested even in ten or more industries. Lastly, gaining specialized knowledge

for a certain area is not for free. In order to do so, a PE firm has to invest in specialized assets

(e.g. human capital and network ties).15 Moreover, the arguments of Gupta & Sapienza (1992)

and Norton & Tenebaum (1993) seem to be contradicted by the results of Weidig & Mathonet

(2004) and Schmidt (2004). These studies report risk reduction through ‘naive’ diversification.

15 I will refer to that point later in detail, when I introduce the concept of set-up costs a PE firm has to pay
before it is able to invest successfully in a financing stage, industry, or country.
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Augmenting the number of portfolio companies in (simulated) PE portfolios reduces both the

probability of loss and the average variation in returns.

The objective of this chapter is to model the trade-off between diversification and specializa-

tion in PE funds. In order to do so, the portfolio model presented by Markowitz (1952, 1959) is

extended by set-up costs a PE firm has to pay before investing in a cluster of companies. Such

an investment cluster can be a financing stage, industry, or country. This structure allows the

analysis of the impact of different diversification levels on the rate of return and risk of a PE

fund. The results obtained from this model are consistent with the empirical findings of Gupta

& Sapienza (1992) and Norton & Tenebaum (1993) as well as Weidig & Mathonet (2004) and

Schmidt (2004).

In particular, this chapter aims at (1) modeling the trade-off between diversification and

specialization in PE funds, (2) giving a rationale for the behavior of early stage venture cap-

italists reported by Gupta & Sapienza (1992) and Norton & Tenebaum (1993), (3) exploring

the impact of diversification on PE funds’ risk and return, and (4) providing a theoretical

framework that serves as a basis for the derivation of hypotheses for the empirical work of this

thesis. Therefore, specific economic aspects are pronounced without trying to rebuild reality

completely. The model does not intend to give normative advice to PE firms in which tech-

nologies, geographic areas, or financing stages they should invest. Nor does it discuss whether

a PE fund is the right vehicle to diversify within the vertical chain of portfolio company, fund,

fund-of-funds, and investor.

The remainder of this chapter is organized as follows: section 3.2 briefly summarizes modern

portfolio theory. In section 3.3 the development of the model is described, key findings are

interpreted, and possible extensions are discussed. Implications for the empirical research in

this thesis conclude the chapter in section 3.4.

3.2 Modern portfolio theory

Modern portfolio theory is used as a modeling framework because PE funds, despite their

differences to public equity (Wright & Robbie 1998), are portfolios of several risky assets similar

to mutual funds. Sharpe (1964) postulated that the Capital Asset Pricing Model - and therefore

modern portfolio theory - applies to all capital assets.16 Modern portfolio theory was first

introduced by Markowitz (1952, 1959) and further developed by Sharpe (1964) and Lintner

(1965) to the Capital Asset Pricing Model. Markowitz aimed at providing an adequate theory of

investment that covered the effects of diversification when risks are correlated (Markowitz 1999).

According to modern portfolio theory, the investor is assumed to commit a given amount W0

of his present wealth to one or more risky assets. The terminal wealth of any risky investment

is a probabilistic term. Letting Wt be the terminal wealth, the rate of return of the investment

is

16 Also compare Markowitz (1999).
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R =
Wt − W0

W0

(3.1)

This relationship allows to express the investor’s utility in terms of R, since terminal wealth

is directly related to the rate of return and vice versa (Sharpe 1964). It is further assumed

that the investor is acting on the basis of the expected value μ = E(R) representing the

expected rate of return of an asset and on the standard deviation σ =
√

V (R) representing

the risk of an asset (Tobin 1958). Assuming the investor is risk-averse, she prefers a higher

expected rate of return to a lower, ceteris paribus, and a lower value of risk to a higher, ceteris

paribus (Sharpe 1964). Additional assumptions of modern portfolio theory are frictionless

market conditions of no taxes, no transaction costs, perfect divisibility of assets, and complete

information (Merton 1987). Under these assumptions, the expected return and risk of a portfolio

of i = 1, 2, . . . , N risky assets is calculated as follows:

μP = E(RP ) =
N∑

i=1

Xiμi (3.2)

σP =
√

V (RP ) =

√√√√√ N∑
i=1

X2
i σ2

i +
N∑

i=1

N∑
j=1
j �=i

XiXjσij (3.3)

where μi is the expected rate of return of risky asset i, σi is the standard deviation of the

expected rate of return of risky asset i, and σij is the covariance between the rate of return

of risky asset i and the rate of return of risky asset j. Xi is the fraction of the amount W0

invested in risky asset i. It is assumed that the investor spends her entire initial wealth:

N∑
i=1

Xi = 1. (3.4)

In the case that short sales are not possible, the following equality holds: 0 ≤ Xi ≤ 1. In

the case with unlimited short sales, the constraint is −∞ < Xi < ∞.

The investor maximizes her utility by choosing the portfolio which optimally fits her indi-

vidual preferences according to the expected rate of return and risk. The optimal portfolio will

always be an efficient portfolio. A portfolio is said to be efficient if (and only if) no alternative

exists with either (1) the same μ and a lower σ, (2) the same σ and a higher μ, and (3) a higher

μ and a lower σ (Sharpe 1964).

Consequently, the combination of several risky assets enables a risk-averse investor to achieve

a level of utility which she could not achieve through investing in only one risky asset. Equation

(3.3) shows that the risk of a portfolio depends not only on the variance of its assets, but also

on the covariances between these assets. Accordingly, a risk-averse investor can increase her

utility through diversification as long as there is no perfect correlation between the assets’ rates
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of return. In the context of a portfolio, the risk of an asset can be divided into systematic and

unsystematic risk. Systematic risk derives from a common factor and is represented by the

covariances with the other assets.17 Unsystematic risk corresponds to the residual variance of

an asset’s return which cannot be explained by the common factor. Only unsystematic risk can

be diversified.

3.3 Optimal number of investment clusters

3.3.1 Assumptions

In the following, I propose a set of assumptions which allow the analysis of the choice of

portfolio strategies by PE firms and its impact on PE funds’ rate of return and risk. The

presented model takes the view of a single PE firm as sole decision maker. The PE firm does

not take into account the decisions taken or strategies applied by other PE firms. Therefore,

a specific set of parameter values holds for one specific PE firm. For other PE firms different

sets of parameter values are valid according to the characteristics of each PE firm.

The PE firm faces a global investment scope which consists of i = 1, 2, . . . , N potential port-

folio companies. The investment scope can be divided in k = 1, 2, . . . , M investment clusters.

An investment cluster is defined as a group of companies which are connected by a common

factor. This can either be a financing stage, industry, country, or a combination of these. Fig-

ure 3.1 illustrates the European investment scope with respect to various Western European

countries and three different industries (biotechnology, software, and consumer goods). For

instance, a PE fund can focus only on German speaking countries but can spread its money

across all three industries. In contrast, it may specialize in biotechnology but may fund com-

panies all over Europe. This simple example shows the variety of feasible portfolio strategies a

PE firm can choose from.

To keep calculations simple, I assume the following distribution of companies’ returns. A

priori all companies have the same expected rate of return μ and the same risk σ:

E(Ri) = μi = μ for all i = 1, 2, . . . , N (3.5)

V (Ri) = σ2
i = σ2 for all i = 1, 2, . . . , N (3.6)

The correlation of companies’ returns which belong to the same investment cluster rw
ij is

perfect, resulting in:

17 In the Capital Asset Pricing Model the common factor is the global economy. Thus, systematic risk of an
asset is represented by the covariance between the return of the global market portfolio and the return of
the asset (Sharpe 1964).
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Figure 3.1: Illustration of European investment scope - industries versus countries
The figure shows the number of portfolios companies which were funded by PE between 1995 and 2005 in the
software, biotechnology, and consumer goods industries across Western European countries. Source: Thomson
Venture Economics.
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Cov(Ri; Rj) = σw
ij = σiσj = σ2 for all i, j ∈ ICk (3.7)

In contrast, the correlation of companies’ returns which belong to different investment clus-

ters rb
ij is assumed to be 0:

Cov(Ri; Rj) = σb
ij = rb

ijσiσj = 0 for all i ∈ ICk, j ∈ ICl, k �= l (3.8)

Companies that have different economic characteristics, i.e., that do not belong to the same

investment cluster, are more likely to have lower covariances than companies which show similar

economic characteristics, i.e., which belong to the same investment cluster. The economic

development of companies within one investment cluster is connected by the common factor of

the cluster. Examples for events which affect all companies in one specific investment cluster,

but which influence companies in other investment clusters to a much lesser extent, can be

technology shifts, consumer trends, or changes in legislation.

To account for the private nature of potential portfolio companies, the PE firm has to pay

a certain amount of set-up costs C to gain specialized knowledge in each investment cluster it

acts in. Without this knowledge the PE firm is not able to successfully make transactions in

the investment cluster. The costs emerge from hiring an investment manager, building up and

maintaining an investment cluster specific network, initial trial and error processes, gaining

reputation, operating an office in a new country, etc.18 The set-up costs are supposed to be

fixed costs (Sahlman 1990), which are independent of the number of portfolio companies the

PE firm finances in an investment cluster. Furthermore, for simplicity set-up costs are assumed

to be constant across investment clusters:

Ck = C for all k = 1, 2, . . . , M (3.9)

It is important to note that this assumption does not mean that set-up costs are equal

across different PE firms. Equation (3.9) only proposes that set-up costs are constant for one

PE firm across all investment clusters. Different PE firms have different abilities and therefore

may face different set-up costs.

The PE firm has a fixed budget to invest, i.e., the size of its fund, which represents its initial

wealth W0. I assume that the PE firm spreads its budget symmetrically across K investment

clusters. Thus, the fraction of the PE firm’s budget in the kth investment cluster is 1/K with:

18 The terminus set-up costs might be interpreted in the sense that these costs have to be paid only the first
time a PE firm interacts in a new investment cluster, and a second, follow-up fund of the same PE firm does
not have to pay these costs. But this is false. Most of the set-up costs have to be paid during the whole
period of time a PE firm funds companies in the specific investment cluster: for instance the costs for rental
and administrative personnel running an office in a country, the salary of an investment manager specialized
in a technology, the information costs for following the technological progress in an industry, or the costs for
maintenance of a cluster specific network.
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K∑
k=1

1

K
= 1 (3.10)

Within each investment cluster, the PE firm invests in a finite number of companies i =

1, 2, . . . , Ik. This can be justified by the fact that the share a PE firm can buy from a company

is not perfectly divisible. The fraction of the budget of an investment cluster k in company

i is represented by Xki. In addition, the PE firm has to reimburse the set-up costs from the

investment cluster’s budget. Consequently, the fraction of an investment cluster’s budget used

for the set-up costs is C
W0/K

. It is assumed that the PE firm is able to invest its entire fund.

This assumption is formally represented by (3.10) and:

Ik∑
i=1

Xki +
C

W0/K
= 1 for all k = 1, 2, . . . , K (3.11)

PE firms usually do not invest in government bonds. Neither are they able to sell a com-

pany’s shares in advance, i.e., before they have invested in the company. Consequently, it is

assumed that no riskless asset exists and that short sales are not possible.

Another important assumption of the model is that the PE firm chooses the number of

investment clusters according to its preferences. An alternative view would be that the limited

partners decide on the level of diversification. However, this assumption would be less realistic

as the amount a PE fund plans to invest in certain financing stages, industries, and countries

usually is written down in the offer memorandum sent to potential investors in the fund raising

process of a fund. Investors face a take-it-or-leave-it offer. This is especially true for PE firms

with a good track record.

3.3.2 Efficient combinations of companies

Under the assumptions of the previous section the expected rate of return and risk of a single

investment cluster are calculated as follows:19

μk = E(Rk) = μ − K (1 + μ)
C

W0

(3.12)

σk =

(
1 − C

W0/K

)
σ (3.13)

As mentioned above, a fund consists of k = 1, 2, . . . , K investment clusters with equal

fractions (1/K). Using (3.12), the expected rate of return of a fund is:

19 The complete mathematical calculations are given in the appendix.
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μF = E(RF ) =
K∑

k=1

(
1

K
μk

)
= μk

= μ − K (1 + μ)
C

W0

(3.14)

Attention must be drawn to two aspects of this result. First, due to the assumed equality

of companies’ rates of return, the expected rate of return of a fund is equal to the expected

rate of return of investment clusters. Second and more important, the expected rate of return

of a fund depends not only on the expected rate of return μ of its companies, but also on the

number of investment clusters K and the set-up costs C. All else being equal, the expected

rate of return of a fund declines linearly with the number of investment clusters it contains (see

Figure 3.2). The magnitude of the decline is determined by the set-up costs C.

Figure 3.2: Expected rate of return of a private equity fund
The expected rate of return of a PE fund decreases linearly with the number of investment clusters. The slope
is determined by the extent of set-up costs.
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In addition to (3.13), the covariance between investment clusters is needed in order to

calculate the expected risk of a fund. As the returns of companies of different investment
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clusters are uncorrelated, the covariance between investment clusters is 0.20 Consequently, the

expected risk of a fund is:21

σF =

(
1 − C

W0/K

)√
1

K
σ (3.15)

The risk of a fund depends on the number K of investment clusters as well as the set-

up costs C. The first and second derivative of (3.15) with respect to K show that with an

increasing number of investment clusters risk of a fund diminishes at a decreasing marginal

rate.22 In case, the PE firm only invests in one investment cluster, risk assumed its maximum

of (1 − C/W0)σ. As the PE firm invests in more clusters risk declines. It becomes 0 in the

extreme and unrealistic case that the PE firm spends its whole budget on set-up costs, i.e.,

CK = W0. Figure 3.3 shows the risk of a fund as a function of the number of investment

clusters it contains.

Figure 3.3: Risk of a private equity fund
The risk of PE funds diminishes at a marginal rate with the number of investment clusters.
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Finally, the set of efficient μ-σ-combinations is obtained by drawing the expected rate of

return of a fund μF against the risk of a fund σF . For K = 1 the fund has a maximum expected

20 Subsection 3.3.5 discusses the consequence of a more realistic correlation structure between companies and
investment clusters.

21 The complete mathematical calculations are given in the appendix.
22 For the complete mathematical calculations see equations (A.13) and (A.14) in the appendix.
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rate of return of μ− (1 + μ)(C/W0) and a maximum risk of (1−C/W0)σ. With the increasing

number of K of investment clusters, the expected rate of return and the risk are decreasing.

In sum, the result represents a positive relationship between expected rate of return and risk

(Figure 3.4).

Figure 3.4: Efficient set of return-risk combinations
The efficient set of return-risk combinations displays a positive relationship between the expected rate of return
and risk of a PE fund.
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3.3.3 Choice of the optimal portfolio

The PE firm chooses the portfolio, i.e., the number of investment clusters, which maximizes its

utility. I assume that the PE firm acts as a risk-averse decision maker. Its risk-aversion stems

from the fact that the PE firm’s ability to raise new funds depends highly on the performance

of its past funds (Kaplan & Schoar 2005). A PE firm whose fund is performing below average

will have difficulties raising capital for its following fund or even will not be able to raise any

new funds. The negative relationship between prior fund performance and fundraising ability

is smaller for older PE firms with a larger number of prior funds. These PE firms are better

able to survive the poor performance of one particular fund because of their past track record.

According to modern portfolio theory, I assume that the PE firm’s preferences can be

represented by a utility function based on the expected rate of return and risk of a fund:

U = u(μF , σF ) (Tobin 1958). For a risk-averse decision maker the utility function has the

following properties:

26



∂U

∂μF

> 0 (3.16)

∂U

∂σF

< 0 (3.17)

The indifference curves are convex upwards, i.e., the rise in expected rate of return, at which

the PE firm is willing to take one unit of additional risk, enhances with the increasing level of

risk. In the following calculations, I assume the specific utility function:

U = u(μF , σF ) = μF − α

2
σ2

F (3.18)

First, it fulfills the above described characteristics. Second, for α > 0 it is equivalent

to the class of exponential Bernoulli-utility functions u(x) = 1 − e−αx (Schneeweiss 1967).

This utility function assumes constant absolute risk aversion. For α > 0 the PE firm is risk-

averse. The larger α is, the more risk-averse the PE firm. The PE firm maximizes its utility by

choosing among all possible μF -σF -combinations, the combination placing it on the indifference

curve representing the highest level of utility.23 Figure 3.5 shows an example for an optimum

containing four investment clusters.24

Using (3.14), (3.15), and (3.18) the optimal number of investment clusters can be calculated

by maximizing the utility with respect to K:

max
K

u(μF , σF ) = μ − K (1 + μ)
C

W0

− α

2

(
1 − C

W0/K

)2
1

K
σ2 (3.19)

Solving (3.19), the optimal number of investment clusters K∗ is:25

K∗ =

√
(αC (ασ2C + 2W0 + 2μW0))σW0

2CW0 + 2μCW0 + ασ2C2
(3.20)

Comparative statics reveal the following characteristics. First, an increase in the set-up costs

C leads to a decrease in the optimal number of investment clusters K∗, ceteris paribus. Second,

an extension of the fund size W0 results in a rise in the optimal number of investment clusters

K∗. Third, the more risk-averse the PE firm is, i.e., the larger α is, the higher the optimal

number of investment clusters K∗ becomes. Fourth, growth in the expected rate of return of

portfolio companies μ induces a reduction in the optimal number of investment clusters K∗.

23 Would K be continues the optimal portfolio would be the osculation point between the indifference curve
and the efficient set of μF -σF -combinations, i.e., the point where the marginal personal ‘preference-rate’ of
substitution between expected rate of return and risk would equal the marginal rate of substitution offered
by the efficient set of μF -σF -combinations.

24 Figure 3.5 is based on the following parameter values: μ = 0.2, σ2 = 0.6, W0 = 1, C = 0.02, and α = 1, 29.
25 The proof is given in the appendix.
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Last, the bigger the risk of portfolio companies σ is, the higher turns out to be the optimal

number of investment clusters K∗.

Figure 3.5: Choice of the optimal portfolio
A PE firm chooses the number of investment clusters placing it on the indifference curve representing the highest
level of utility.
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3.3.4 Interpretation of key findings

The model shows that a PE firm can choose between different combinations of expected rate

of return and risk of its fund by investing in different numbers of investment clusters. By

increasing the number of investment clusters a PE firm is able to lower the risk of its PE fund.

However, by doing so the expected rate of return decreases. The higher the set-up costs are,

the bigger the drop will be in the expected rate of return which is caused by the investment in

an additional cluster. Thus, the set-up costs can be interpreted as the price of diversification,

i.e., the price of risk reduction.

The negative relationship between the number of investment clusters and the expected risk

of a PE fund explains the effects of ‘naive’ diversification reported by Weidig & Mathonet (2004)

and Schmidt (2004). A random sample of companies selected from a large number of different

companies will contain companies from several investment clusters. The more companies are
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included in the sample the larger the average number of investment clusters. Schmidt (2004)

reports a diminishing marginal rate of risk reduction. This is in line with equation (3.15), which

represents the expected risk of a PE fund as a function of the number of investment clusters.

Moreover, one has to remember that in reality the correlation of the rate of return of companies

belonging to the same investment cluster is not perfect. This fact fosters the effects of ‘naive’

diversification.

The PE firm chooses the number of investment clusters, which correspond to the utility

maximizing portfolio of companies. Depending on the PE firm’s preferences regarding the

expected rate of return and risk, an optimal number of investment clusters exists, which deter-

mines the optimal level of diversification in PE funds. The simultaneous consideration of the

expected rate of return and risk explains why PE firms neither put their money in one invest-

ment cluster only, nor spread it among all available investment clusters. This result is in line

with the empirical findings of Gupta & Sapienza (1992) and Norton & Tenebaum (1993) who

report that VC funds invest only in a few technologies, geographic areas, or financing stages.

Comparative statics reveal two further explanations for the empirical findings. First, the

model confirms that larger PE funds invest in more investment clusters, ceteris paribus. Second

and more important, the model provides a possible explanation for the observation of Gupta

& Sapienza (1992) and Norton & Tenebaum (1993) that early stage VC funds contain less

investment clusters than later stage VC funds. The first derivative of the optimal number of in-

vestment clusters with respect to the set-up costs is negative. Thus, the higher the set-up costs,

the lower the optimal number of investment clusters. I argue that the set-up costs of investment

clusters including early stage companies are higher than the set-up costs of investment clusters

containing later stage companies. For instance, the more advanced a technology is in its life

cycle, the more information is available about its possible uses, about its social acceptance,

first successes, etc. Additionally, the costs for obtaining this information will be lower as the

information becomes more widely spread. As a result, a PE firm has to invest less in assets

which are specific for this technology. The same is true for countries. The more advanced a

company is in its life cycle the more visible it becomes outside its country. Consequently, a PE

firm specialized in later stage companies needs to invest less in country specific assets. In sum,

the set-up costs for PE firms predominantly involved in early stage financing are higher than

for PE firms predominantly involved in later stage or BO financing.

Comparative statics also suggest that the more attractive the average investment opportu-

nity is, the less diversified PE funds are, ceteris paribus. A rise in the expected rate of return

of portfolio companies leads to a decrease in the optimal number of investment clusters in a

fund. Equivalent, the less riskier the investment opportunities are, i.e., the smaller the risk of

portfolio companies is, the minor will be the optimal number of investment clusters in a PE

fund.

Furthermore, the analysis may add an additional explanation for the popularity of syndi-

cation in VC financing. Manigart et al. (2004) reported that almost 30% of all European VC

deals are syndicated according to statistics of the EVCA. Brander, Amit & Antweiler (2002)
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report a similar percentage for Canada. Many different reasons are mentioned for syndication

in literature (Bygrave 1987, Bygrave 1988, Manigart, Lockett, Meuleman, Wright, Landstrom,

Bruining, Desbriéres & Hommel 2004, Brander et al. 2002, Admati & Pfleiderer 1994, Sorenson

& Stuart 2001, Lerner 1994). One argument is that syndication enables VC firms to increase

portfolio diversification by allowing them to invest in deals which otherwise would be too large.

According to my model, frequent syndication may enable the VC firm to lower the set-up costs

for specific investment clusters. For instance, Sorenson & Stuart (2001) find that the proba-

bility that a VC firm invests in a company located far away increases, if there is a syndication

partner with whom it has previously co-invested, and if the syndication partner is located near

the company. Thus, the syndication partner reduces the set-up costs for its geographical area,

which would otherwise be too costly for the VC firm.

3.3.5 Discussion of assumptions and further extensions

The assumptions of the previous sections are made for two reasons. First, the model should em-

phasize the trade-off between diversification and specialization in a clustered investment scope.

Second, the model should be solvable without the use of simulation techniques. This implies

that some of the assumptions can be extended to more realistic scenarios. In the following

paragraphs the most important extensions and their consequences are briefly discussed.

First, I assume that the set-up costs are equal for all investment clusters. Due to the history

of a PE firm and its team members, it is more realistic that some investment clusters are less

costly to enter than others. The consequence for my model would be that the decline in the

expected rate of return of the fund would no longer be linear. The PE firm would first choose

to invest in the investment cluster with the lowest set-up costs, followed by the investment

cluster with the second lowest set-up costs, and so on. Consequently, each PE firm would select

different investment clusters according to its idiosyncratic abilities. However, the main result

of my analysis would remain: with an increasing number of investment clusters the expected

rate of return as well as the risk of the fund decreases.

Second, I presumed that all companies a priori have the same expected rate of return and

risk. Letting μi und σi differ leads to a similar outcome than varying set-up costs. There would

be an optimal order of investment clusters as well as an optimal set of companies in each of the

clusters. The same result would be achieved if one allows a more realistic correlation structure

between companies’ rates of return, assuming that on average the correlation between the rates

of return of two companies belonging to an investment cluster is higher than for two companies

of different investment clusters. The only difference would be that the PE firms could also gain

moderate risk reduction by investing in companies belonging to the same investment cluster.

Permitting such a flexible structure of companies’ returns requires the use of simulation and

optimization techniques to determine the optimal number of investment clusters. Nonetheless,

the relationship between the expected rate of return and the expected risk of a fund depending

on the number of investment clusters stays positive.
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A more restricting assumption is that PE firms act on the basis of unlimited liability.

Sahlman (1990) first mentioned that the carried interest PE firms receive on the capital gain

of a fund has the pay-off structure of an option. The carried interest does not participate in a

negative outcome of the fund. Thus, the PE firm has only limited liability. Still, Golier, Koehl &

Rochet (1995) have shown that in the case of limited liability a risk-averse decision maker with

a Bernoulli utility function will choose only mean-variance efficient portfolios. Furthermore,

PE firms are forced to invest at least one percent of the commitments as limited partners to

participate in negative outcomes of a fund. Again, this suggests that the main result of the

model remains.

The discussion shows that the model is quite robust against extensions of the assumptions.

Making the model more realistic requires simulation and optimization techniques. However,

the main results remain.

3.4 Summary: implications for empirical analysis

One major goal of this chapter was to provide a theoretical framework in order to derive

hypotheses for the empirical work of this thesis. The model provides elementary hypotheses for

both research questions, which will be empirically tested in chapters 5 and 6. It is possible to

predict both the choice of portfolio strategies by PE firms as well as its impact on funds’ return

and risk. The most important predictions are: First, the more promising the expectation about

future investment opportunities are, i.e., the better the return-risk characteristics of potential

portfolio companies appear, the less diversified a PE fund should be. Second, risk aversion of

a PE firm should have a positive effect on the level of diversification of PE funds. Third, the

higher the set-up costs of investment clusters, in which the PE fund is acting, the lower the

observed level of diversification. Furthermore, with an increasing level of diversification, the

rate of return as well as total risk of a PE fund should diminish. Finally, as there is neither an

investment in riskless asset, nor the possibility of short selling, nor a liquid secondary market

for PE, the relationship between the expected rate of return and total risk of a PE fund should

be positive.

To be able to test these predictions in multivariate analysis, two additional steps are taken

in the following chapters. The hypotheses have to be further specified and the measurement of

key variables has to be defined.
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Chapter 4

Construction of data set and variables

4.1 Introduction

The term ‘private’ is indicative of one of the main challenges for empirical research of the PE

industry. There is no liquid secondary market for PE investments comparable to public stock

exchanges. Transactions are traded in private environments, and therefore, detailed information

on PE investments is unavailable to the public. As long as the parties involved agree to keep

transaction information private, no data is available to outsiders. Access to comprehensive data

on PE transactions requires the collaboration of insiders.

The data set used in this thesis is derived from the records of a European fund-of-funds

investor which were made available within a research cooperation between the fund-of-funds

investor and the ODEON Center of Entrepreneurship at the Ludwig-Maximilian-University

of Munich. The entire sample consists of 227 PE funds. The level of detail of the data set

qualifies to calculate comprehensive measures for the level of diversification in a PE fund. The

availability of the entire gross cash flow records between portfolio companies and its funds

allows for an evaluation of the performance of PE funds through three measures: (1) rate of

return, (2) intra-fund variation of return, and (3) shortfall probability. The additional variables

utilized in this thesis are grouped into the categories: economic environment and PE market

condition, as well as PE firm and fund characteristics.

This chapter aims at providing an overview of the data and variables used in this thesis.

To indicate the advantage of the data set used in this thesis, section 4.2 presents advantages

and drawbacks of the most prominent PE data sets used by other authors. The overview aims

at providing a point of reference for the data set used in this thesis. Section 4.3 describes the

data set used in this thesis discussing the source, composition, and potential selection biases.

In order to test the theoretical conclusions of the previous chapter on the choice of portfolio

strategies of PE firms and its impact on the performance of PE funds, a variety of variables have

to be specified. Section 4.4 defines the variables utilized in the empirical analyses of chapters 5
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and 6.26 A resume of the advantage and drawback of the data set used in this thesis in section

4.5 ends the chapter.

4.2 Data sets used by other authors

4.2.1 Thomson Venture Economics

The most commonly used data set is an anonymous extraction of the TVE database. Different

versions of this data set are used by Jones & Rhodes-Kropf (2003), Kaplan & Schoar (2005),

Kaserer & Diller (2004c), and Gottschalg et al. (2004). Gottschalg et al. provide a detailed

description of the TVE data, estimating that the records of TVE cover 88% of all VC funds

and 50% of all BO funds in terms of capital committed. In terms of number of funds, it should

cover cash-flow series for 40% of all European and US PE funds.

The biggest advantage of the TVE data set is its sample size as it covers the major parts

of the PE universe. Additionally, the data set includes net cash flows and NAV on a quarterly

basis.27 Among its disadvantages are the lack of cash flows between portfolio companies and

funds, making the calculation of portfolio companies’ performance impossible. Additionally, the

coverage and assignation of portfolio companies to funds varies heavily across different funds.

Gottschalg et al. (2004, p. 35) state: “[...] despite all these efforts a complete coverage of all

investments by all funds remains difficult to achieve.” A comparison of the data set used in this

thesis with the commercially available records of TVE reveals two sources of potential errors.

On the one hand, the coverage of portfolio companies of a PE fund is often incomplete. On

the other hand, portfolio companies are frequently assigned to the wrong fund in a sequence of

funds managed by the same PE firm.28 Finally, parts of the data of TVE are attained through

self reporting by PE firms. Thus, there is a small but positive probability of error due to

intentional reporting of better results than effectively achieved.

In summary, the data sets provided by TVE allow researchers to analyze the net performance

of a large sample of PE funds. However, they do not qualify for studies aiming to evaluate

the composition of PE funds nor do they allow to measure the performance of single portfolio

companies. This judgement is confirmed by Gottschalg et al. (2004, p. 36): “We thus cannot

compute performance at the investment level or decompose residual values into which type of

on-going investment it is made of.”

26 The definition of variables in this chapter also avoids unnecessary duplications in chapters 5 and 6.
27 The term net cash flows describes the cash flows between a PE fund and its investors (limited partners)

net of management fees and carried interests. NAV is equal to the assets of a PE fund minus its liabilities
at a certain point of time. The NAV of a PE fund consists mainly of the value of the unrealized portfolio
companies.

28 See also Ljungqvist & Richardson (2003a), footnote 15.
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4.2.2 Dataset of Ljungqvist & Richardson

Ljungqvist & Richardson had access to the investment data of “one of the largest institutional

investors in PE in the U.S.” (Ljungqvist & Richardson 2003a, p. 6). Their data set contains

the exact net cash flow history of all PE funds the institutional investor had funded between

1981 and 2001. Additionally, they are able to match nearly the entire sample to funds recorded

in TVE. Yet, the data set only accounts for a small fraction of PE funds reported by TVE

(73 mature funds started between 1981 and 1993 compared to 692 mature funds reported by

Kaplan & Schoar (2005) for the same period of time). In terms of capital committed, the

data set contains 17.5 % of total commitments to VC and 29.3 % of total commitments to BO

compared to TVE.

The advantages of the data set are: (1) provision of the net cash flow records with size and

timing, (2) coverage of more than a quarter of all capital committed to BO funds, and (3) little

potential of erroneous data.29 Nonetheless, the data set has the following shortcomings: (1) the

data set is biased towards large BO funds, and VC funds are underrepresented (Ljungqvist &

Richardson 2003a); (2) the sample size of 73 mature funds is relatively small; (3) only cash flows

net of carried interests and management fees are reported; (4) the data set does not contain a

complete listing of all portfolio companies of the funds.

In conclusion, the data set available to Ljungqvist & Richardson gives a very detailed insight

into the cash flow and return patterns of large BO funds. However, a transfer of the results to

small VC funds should be considered carefully. Moreover, results which refer to the composition

of funds’ portfolios might be biased.

4.2.3 CEPRES Center for Private Equity Research

The data set of the CEPRES Center of Private Equity Research is used by Schmidt (2004),

Cumming & Walz (2004), and Ick (2005). CEPRES is a joint research initiative between

VCM Venture Capital Management, a German PE fund-of-funds, and the chair of banking

and finance of the Johann Wolfgang Goethe-University of Frankfurt/Main. It was founded in

2001 and aims to provide in-depth PE market data for quantitative analysis. For this purpose,

CEPRES collects its own data set on PE funds. The most recent study of Ick (2005) states that

the data set covers 243 PE funds containing 5,991 transactions in 4,819 portfolio companies.

The data set contains anonymous information on the characteristics of the PE funds and their

portfolio companies.

The key advantage of the data set is the coverage of the exact cash flow history of each

investment, gross of management fees and carried interests. Additionally, it contains a large

number of descriptive variables on both funds and its portfolio companies. A potential weakness

of the data set is its representativeness. The three cited articles using the CEPRES data all focus

29 Investors usually run a rigorous controlling of all data reported by a PE fund they invest in. Additionally,
the annual reports of PE funds have to be certificated by public accountants. Thus, the probability of errors
in the data is very low.
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on the level of individual portfolio companies, and therefore, do not contain detailed information

on the type of funds and possible biases. Ick (2005) only comments on a survivorship bias.

Another shortcoming of the data seems to be a significant share of missing observations in

some variables. For instance, Ick (2005) does not have information on the investment stage

of 49% of his sample of 2,753 mature investments. Cumming & Walz (2004, p. 13) confirm

this weakness: “For many firms in the data we were unable to obtain a reliable definition, and

therefore use an ‘unknown’ category [...]”.

To sum up, the data set of CEPRES contains very detailed information on a relatively large

number of PE funds and its investments. Unfavorably, not much is known about potential

biases of the included funds and the level of coverage of single variables.

4.3 Description of data set used in this thesis

4.3.1 Data source and sample

The data set utilized in this thesis is derived within the scope of a research cooperation with

an European PE fund-of-funds investor. The data set was collected between April 2004 and

October 2005. The information on PE firms, funds and its portfolio companies were extracted

from the due diligence documents provided by the PE firms to the investor.

To secure the anonymity of the fund-of-funds investor as well as the PE firms, funds and

portfolio companies included in the data set, several precautions were made. At first, each re-

searcher had to sign a comprehensive confidentiality agreement which prohibits the researcher

from revealing any information she learned through the cooperation. Secondly, the data set

is only accessible in the office of the fund-of-funds investor. Only aggregated tables and out-

puts of econometric analyses, which do not enable reverse identification of a single PE firm,

fund or portfolio company were allowed to be taken out of the office of the fund-of-funds in-

vestor. Finally, the fund-of-funds investor scrutinized any publication based on the data set for

confidentiality issues before it was allowed to be published.

The data set contains detailed information on PE firms, their funds, and funds’ investments.

Concerning the PE firm, the year of firm foundation, the geographic location of offices, and the

funds managed since foundation is available. For each fund of a PE firm the following data is

collected: the vintage year, the total amount committed, and the investment focus as specified

by the PE firm. Additionally, for each fund a complete listing of all investments is available.

For each portfolio company a set of descriptive variables is gathered. In particular, the date of

initial investment by the PE fund, the industry of main activity, the geographic location of the

headquarters, and the financing stage at the time of initial investment is stored. In the case an

observation is unknown, the variables are completed through external resources. If in existence,

the website of the portfolio company is scanned for additional information. Additionally, the

website of the PE firm is screened for supplementary data. If both sources do not reveal

the necessary information, the commercially available records of TVE are investigated. The
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information found in TVE is only adopted if other variables for the portfolio company coincide

with the information in the due diligence documents. To measure the financial performance

of the PE funds the exact cash flow records between the fund and its investors net of carried

interests and the management fees are collected (in the following called the net cash flows). For

the same purpose, the exact timing and size of cash flows between the fund and each portfolio

company at the time of data collection are saved (in the following called gross cash flows).

The entire sample includes 227 PE funds of 51 PE firms. The data set contains information

on 6,758 PE transactions. The sample can be divided in 54 seed/early VC funds, 54 other VC

funds, 61 BO funds, and 58 generalist funds.30 74.9% of the funds are managed by PE firms

with headquarters in the USA. The headquarters of the remaining 25.1% of funds are located

in Germany, France, Italy, Spain, Sweden, Switzerland, and the United Kingdom. 13.7% of the

sample funds are first-time funds, 15.0% second-time funds, and 14.5% third-time funds. The

rest (56.8%) are funds, which have sequence numbers of four or higher. 20.3% of the sample

funds were liquidated at the time of data collection while the remaining 79.3% were still active.

Table 4.1 summarizes the distribution of sample funds and descriptive statistics on fund size

according to fund type, headquarters of PE firm, fund sequence number, and liquidation status.

In order to secure the anonymity of all funds, the table does contain no minimum, no maximum,

and no median values for fund size. Instead, Table 4.1 presents the mean fund size of the three

smallest and the three largest funds.

Sample funds vary substantially by size. The three largest funds are on average 658 times

larger than the three smallest funds with mean values of USD 7,242 million and USD 11 million,

respectively. Seed/early VC funds have the smallest fund size with a mean of USD 191 million,

whereas BO funds reach the largest size with an average of USD 1,206 million. The mean fund

size for other VC funds is USD 400 million and for generalist funds USD 696 million. Fund

size increases significantly with sequence number. The mean fund size grows from USD 107

million for first-time funds to USD 974 million for funds, which have sequence numbers of four

or higher. Equivalently, liquidated funds in the sample have a much smaller size than active

funds (USD 256 million compared to USD 741 million). Finally, US PE funds are on average

one third larger than European funds (USD 697 million compared to USD 481 million).

Figure 4.1 displays the distribution of sample funds across vintage years. The oldest fund in

the sample closed its first transaction in 1977; the youngest in 2003. The number of PE funds

in each vintage year corresponds approximately to the development of the global PE industry.31

Between the years 1977 and 1988 the yearly number of PE funds in the sample is small and

approximately constant with an average of 2.6. In the years following 1988 the yearly number

of PE funds in the sample grew until a maximum of 27 in 1998 and 26 in 2000. Thereafter, it

declines sharply because of truncation.

30 Mezzanine funds and pre-fund vehicles were excluded.
31 For further comparison between the sample and the universe of PE funds reported by TVE see the sample

selection regression in Table 4.2.
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Figure 4.1: Distribution of entire sample across vintage years
The figure shows the distribution of the observations across vintage years. The entire sample contains 227 PE
funds with vintage years between 1977 and 2003. PE funds are divided into liquidated and active funds. Active
funds have a NAV larger than zero. Liquidated funds have no NAV any more. Vintage year is defined as the
year of the first investment of a fund.
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4.3.2 Selection biases

4.3.2.1 Origin of potential selection biases

One major issue in empirical research is the question to which extent the sample represents

the population. In the strict sense, this is only the case if one has a random sample of the

population. The data set used in this thesis is not a random sample and consists of all VC

and BO funds which belong to a PE firm that (1) undertook fundraising activities for a new

fund between 2000 and August 2005 and (2) were asked by the cooperation partner to provide

due diligence documents. The time span of more than five years is larger than the usual fund

raising cycle of PE funds of three to four years. Hence, the sampling period is not expected

to cause any bias. However, it implies survivorship bias. No funds are included in the sample

that have a vintage year before 2000 and were managed by a PE firm which did not try to raise

a fund between 2000 and July 2005. This suggests that the funds of these PE firms started

before 2000 generated a poor performance. Discussions with investment managers of the fund-

of-funds investor indicate that PE firms creating poor returns in two subsequent funds have a

very low probability of raising a new fund. Consequently, the funds included in the sample can

be considered as a positive selection of the population in terms of return.
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Additional selection biases could be caused by the investment preferences of the cooperation

partner. Because of a regional focus, no funds of PE firms which have their headquarters outside

USA or Europe are included in the sample. This does not restrict the analysis critically, as

USA and Europe are by far the biggest PE markets.32 Additionally, the fund-of-funds investor

only does due diligence for funds of PE firms it rates as ‘high-quality-teams’. Some part of

the rating stems from past performance of PE firms implying again a positive selection with

reference to return.

The potential selection biases are further analyzed in a two step approach. First, I compare

the returns of sample funds with the aggregated return information available in TVE. Secondly,

I evaluate additional sample selection with respect to fund type, fund size, headquarters of PE

firm, and vintage year in a probit regression.

4.3.2.2 Superior returns of sample funds

The aim of this subsection is to compare the returns of sample funds with the return information

provided by TVE. Unfortunately, TVE only creates aggregated return reports for groups of PE

funds net of carried interest and management fees. Additionally, it is only possible to generate

return statistics for either US funds or European funds. Consequently, I compare the upper

quartile, median, and lower quartile of TVE funds’ net IRRs with the median and lower quartile

of sample funds’ net IRRs separately for Europe and USA.33 Funds are combined to groups

of three vintage years between 1977 and 2000. Funds with vintage years of 2001 and later are

not included because they are too young for reliable return statements. The TVE benchmark

contains 1,462 US and 708 European PE funds.34 In comparison, I am able to calculate the

net IRR of 133 US and 48 European funds with a vintage year between 1977 and 2000 in the

sample.35

As expected, Figure 4.2 presents superior returns of sample funds relative to the universe of

PE funds. In eight out of twelve cases the sample median lies above the upper quartile of the

TVE benchmark and the lower quartile of sample funds beats the median of TVE funds. These

results confirm that the sample is a positive selection of the population in terms of return.

Most of the PE funds included in the sample belong to the ‘top-half’ performers within their

peer group. Consequently, the empirical results in chapters 5 and 6 are primarily valid for the

‘top-half’ of private equity funds. For ‘bottom-half’ funds the relationships might differ.

32 The limitation to US and European based PE funds does not mean that no investments in companies outside
USA and Europe are included in the data set. US and European PE firms also fund companies outside their
home markets. The distribution of portfolio companies across countries is reported in panel C of Table B.1
in the appendix.

33 IRR is the discount rate that yields a net present value of zero for a cash flow history. The Net IRR of a
PE funds is calculated on the cash flow history between the fund and its investors (limited partners) net of
management fees and carried interests. A mathematical definition of IRR is given in subsection 4.4.2.

34 The return reports in TVE were generated on December 12, 2005.
35 For 197 PE funds in the sample used in this thesis are net cash flows available. Of these 16 have vintages

years of 2001 or later.
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Figure 4.2: Return comparison between the funds in Thomson Venture Economics
and the sample
The figure compares the IRR net of management fee and carried interest between TVE and the sample used in
this thesis separately for US and European funds. Funds are joined to groups of three vintage years. Because of
their young age no fund with a vintage year of 2001 or more is included in the comparison. The graphic shows
upper quartile, median, and lower quartile of TVE funds’ net IRR. For the sample used in this thesis it displays
the median and lower quartile of net IRR. Net IRR was computable for 133 US and 48 European sample funds
between 1977 and 2000. The TVE benchmark contains 1,462 US and 708 European PE funds.
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4.3.2.3 Further sample selection

In order to address further sample selection issues I analyze the probability of a PE fund in

TVE to enter the sample in a probit regression. In order to do so, sample funds are identified

in the universe of PE funds reported by TVE. All but two sample funds are matched to the

records of TVE. Subsequently, the probit regression evaluates whether fund size, vintage year,

the headquarters of the PE firm managing the fund, or the type of a fund have a significant

influence on the probability of a PE fund to enter the sample.36 Fund size is measured as the

logarithm of the total amount committed in USD million in 2000 purchasing power. Vintage

year is included as a quasi-continuous variable in the regression. A dummy variable denotes

funds that are managed by PE firms with headquarters in Europe. For the probit regression, I

distinguish between seed/early stage VC funds, other VC funds and BO funds. The reference

case is seed/early stage VC funds. The dependent variable is a dummy variable that takes on

the value of one if a fund belongs to the sample. Table 4.2 summarizes the results of the sample

selection regression.

Table 4.2: Probit regression for sample selection
The regression contains 7,071 PE funds. The dependent variable is a dummy variable that takes on the value
of one if the fund belongs to the sample. Independent variables include fund size (logarithm of total amount
committed in USD million of 2000 purchasing power), vintage year (year of first investment), a dummy variable
indicating funds managed by a PE firm with headquarters in Europe, dummy variables denoting other VC as
well as BO funds, and a constant (not reported). The table reports marginal effects at the sample means of
independent variables. For dummy variables the effect of a discrete change from zero to one is given.

Dependent variable:
Does fund belong to sample (0/1)

Fund size (log million USD 2000) 0.0147 (0.0110)∗∗∗

Vintage year -0.0011 (0.0002)∗∗∗

European headquarters (0/1) 0.0010 (0.0031)
Other VC fund (0/1) -0.0031 (0.0034)
Buyout fund (0/1) 0.0009 (0.0036)

Log pseudo-likelihood -862.5
χ2-statistic 296.3
p-value 0.000
pseudo-R2 0.141
no. of observations 7,071

Standard errors are in parentheses.
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%

The main results are that fund size and vintage year have a statistically significant effect

on the probability of a fund to belong to the sample at the 1% level.37 The probability of a BO

fund with 1995 vintage year and US headquarters to be in the sample rises by 6.6% when its

fund size changes from USD 56.4 million (lower quartile) to USD 389.1 million (upper quartile).

The probability of a BO fund with an average size of USD 389.8 million and US headquarters

36 For a detailed explanation of probit regression see Green (2003).
37 In a unreported probit regression the quasi-continuous variable vintage year is substituted by eight dummy

variables for the vintage year groups used in the previous subsection. Including dummy variables except for
the period between 1998 and 2000, the dummy variables for the periods 1977-1979, 1980-1982, 1983-1985,
1986-1988, 1989-1991, 1992-1994, and 1995-1997 have positive and statistically significant coefficients.
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to be in the sample decreases by 3.8% if the fund starts investing in 2000 (upper quartile)

instead of 1991 (lower quartile). Thus, bigger funds are over-represented in the sample, while

funds with later vintage years are slightly under-represented. These biases are not problematic

as both variables are included as independent variables in the multivariate analyses presented

in chapters 5 and 6. The dummy variables for European headquarters, other VC funds, and

BO funds have no significant effect on the probability of a fund to belong to the sample.

Consequently, there is no bias with reference to PE firms’ headquarters and fund types in the

sample.

4.4 Description of variables

4.4.1 Measurement of portfolio strategy

In this thesis the portfolio strategy of a PE fund is defined as the level of diversification ac-

cording to five dimensions: (1) number of portfolio companies, (2) diversification across time,

(3) diversification across financing stages, (4) diversification across industries, and (5) diversi-

fication across countries. To define the variables I use the following denominations: each PE

fund contains N portfolio companies with i = 1, 2, . . . , N . In each portfolio company the fund

invested the amount of money xi.

(1) Number of portfolio companies (no. of pcs)

The variable number of portfolio companies evaluates ‘naive’ diversification across a randomly

selected portfolio of risky assets (Evans & Archer 1968). It counts the number of portfolio

companies N in a PE fund.

(2) Diversification across time (div. a. time)

Diversification across time reflects how fast a PE fund spends its capital. First, the start of a PE

fund’s investment activities is determined as the investment date of its first portfolio company.

Secondly, for each portfolio company the time span between its date of investment and the

date of investment of the first portfolio company, i.e., the start of the PE fund’s investment

activities is calculated:

Δti = ti − tfirst portfolio company (4.1)

Thirdly, the time span Δti is weighted with the fraction of the fund invested in portfolio

company i. Finally, the value-weighted average for a fund is calculated:

div. across time =
N∑

i=1

(
Δti · xi∑N

i=1 xi

)
(4.2)
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(3) Diversification across financing stages (div. a. fin. stages)

I calculate a Herfindahl-Hirschmann-Index (HHI) to measure diversification across financing

stages in a PE fund. HHI was first introduced by Herfindahl (1950) and Hirschman (1945) and

has become a standard measure for all kinds of economic concentration phenomena. Originally

developed for the assessment of concentration within a class (e.g. degree of market concentration

within an industry) HHI is also often used for assessing diversification across different classes.38

The following properties inherent to HHI have made it extremely popular (Hall & Tidemann

1967):

1. HHI integrates information in a single one-dimensional measure and is thus unambiguous.

2. The measure is independent of the size of the underlying whole. HHI takes on values

between 0 and 1.

3. HHI reflects changes in diversification both due to the number of classes and to the

distribution of shares across classes.

To measure the diversification of a PE fund across financing stages I assigned each portfolio

company to one financing stage. The following five categories were used: (1) seed and early

stage VC, (2) second, expansion and later stage VC, (3) BO, (4) listed securities, and (5)

other financing stages.39 In most cases the categorization of the portfolio companies provided

by the PE firms was identical to my classification scheme and thus the categorization to the

categories (1) to (5) was without difficulty. In cases where no direct correspondence existed

further search on the status of the company at the date of initial investment was conducted

in external resources. Through this method more than 99% of the portfolio companies could

be classified.40 Panel A in Table B.1 in the appendix contains the distribution of portfolio

companies across the five groups.

Next, I calculated the fraction of capital invested in each financing stage. HHI is computed

by squaring the fraction of each financing stage and then summing up the resulting numbers.

Finally, for the purpose of easy interpretation I subtracted HHI from one. Hence, diversification

across financing stages takes on the value of 0 for a fund, which is not diversified at all (i.e., a

fund which invested only in one financing stage), and the value of 1 for a perfectly diversified

fund (i.e., a fund which invested in an infinite number of financing stages):

div. across financing stages = 1 −
⎡⎣ M∑

k=1

(∑N
i=1 (xi · fki)∑N

i=1 xi

)2
⎤⎦ (4.3)

38 For a recent example compare Schoar (2002).
39 Definitions of VC and BO are described in section 1.3. In some cases PE firms buy shares of companies

which are listed on public stock exchanges. Often these companies have been funded by the same PE firm
years ago in a private transaction. The category other financing stages was used for companies, which did
not fit in one of the other categories.

40 The portfolio companies, which could not be classified to one of the financing stages because of missing
information, were not considered for the calculation of HHI.
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with k = 1, 2, . . . , M financing stages,

fki =
{

1 if portfolio company i is assigned to financing stage k
0 else.

(4) Diversification across industries (div. a. industries)

To measure diversification across industries each portfolio company was assigned uniquely to

the industry class of its major operations. First, I used the industry classification of TVE at its

two-digit-level. The categorization was based upon the description of the portfolio companies

given by the PE firm in the due diligence documents. To verify the classification, it was com-

pared with the record of TVE for each portfolio company. 94% of all portfolio companies could

be classified.41 Secondly, to minimize the subjectivity associated with the classification, the

two-digit-classification was aggregated to nine industry segments used by Gompers, Kovner,

Lerner & Scharfstein (2005): (1) Internet and Computers, (2) Communications and Electron-

ics, (3) Business and Industrial, (4) Consumer, (5) Energy and Utilities, (6) Biotechnology and

Healthcare, (7) Financial Services, (8) Business Services, and (9) Other. Gompers et al. claim

that their classification scheme groups companies that have similarities in technology and mar-

kets. Therefore, it also qualifies for the evaluation of diversification across industries. Panel B

in Table B.1 in the appendix describes the distribution of portfolio companies across the nine

industry classes.

Based on the classification a HHI was computed, which is equivalently defined to the HHI

applied in the measurement of diversification across financing stages. It takes on a value of

0 for funds, which specialize in only one industry, and a value close to 1 for funds, which are

diversified across a large number of industries. It is computed as follows:

div. across industries = 1 −
⎡⎣ M∑

k=1

(∑N
i=1 (xi · tki)∑N

i=1 xi

)2
⎤⎦ (4.4)

with k = 1, 2, . . . , M industries,

tki =
{

1 if portfolio company i is assigned to industry k
0 else.

(5) Diversification across countries (div. a. countries)

Finally, diversification across countries of sample funds was measured. Each portfolio company

was assigned to the country of its headquarters and a HHI across the fraction of capital invested

in each country was computed. The geographic location of the headquarters was available for

all portfolio companies. Panel C in Table B.1 in the appendix summarizes the distribution of

portfolio companies across countries. HHI takes the form:

41 The portfolio companies, which could not be classified to one of the industries because of missing information,
were not considered for the calculation of HHI.
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div. across countries = 1 −
⎡⎣ M∑

k=1

(∑N
i=1 (xi · cki)∑N

i=1 xi

)2
⎤⎦ (4.5)

with k = 1, 2, . . . , M countries,

cki =
{

1 if portfolio company i is assigned to country k
0 else.

4.4.2 Measurement of performance

4.4.2.1 Rate of return

As PE investments are only occasionally traded on secondary markets, return measurement

usually relies on the cash flow history of a fund. In order to measure the rate of return of a PE

fund a variety of measures are proposed and used in academics.42 Among the most important

are money multiple, IRR, excess-IRR, and public market equivalent (PME). The money multi-

ple is often used by practitioners to measure the return of single portfolio companies. Instead,

I aim at evaluating the return of PE funds with a lifetime of ten or more years. In this context

money multiple is not considered as an appropriate return measure since it does not account

for the time value of money.

As the objective of this thesis is to study the impact of diversification on the return of a PE

fund and not to compare the achieved returns with other asset classes, the return is measured

gross of management fees and carried interest. In summary, throughout this thesis I measure

the rate of return of sample funds in terms of gross IRR, gross modified IRR (MIRR) and

gross PME. All consider the exact timing and size of all cash flows between a PE fund and its

portfolio companies gross of management fees and carried interests.

(1) Internal rate of return (IRR)

The IRR is the discount rate that yields a net present value of zero for the cash flow history of

an investment:

0 =
T∑

t=0

( ∑N
i=1 CFit

(1 + IRR)t

)
(4.6)

with CFit = cash flow of portfolio company i in period t.

Three shortcomings restrict the use of IRR (Martin 1995). First, mathematically for one

cash flow stream there are as many IRRs as the cash flow stream has sign changes. Secondly,

under some circumstances IRR is incalculable. Thirdly and most importantly, IRR implicitly

42 For a more detailed discussion of the advantages and disadvantages of various return measures for PE funds
see Kaserer & Diller (2004a).
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assumes that interim cash flows are (re)invested at the same IRR. In most cases this reinvest-

ment assumption is unrealistic. Neither PE firms nor investors are immediately able to reinvest

in projects with the same IRR.

(2) Modified internal rate of return (MIRR)

The MIRR cures this problem making an explicit assumption about the discount rate for interim

cash flows (Dorsey 2000). Negative interim cash flows occuring during the investment’s lifetime

are discounted at a specific discount rate to period 0. Accordingly, positive interim cash flows

are reinvested at a specific discount rate until the last cash flow has occurred. In this thesis,

I use a constant discount rate of 9%, which is equal to the annual rate of return of the MSCI

World Index during 1979 and 2005. A further advantage of the MIRR is that it can be solved

without iteration:

MIRR = T

√√√√√∑T
t=0

[(∑N
i=1 CFit

)
· (1 + r)T−t · pt

]
∑T

t=0

[(∑N
i=1 CFit

)
· (1 + r)−t · nt

] (4.7)

with r = discount rate for interim cash flows,

pt =
{

1 if in period t
∑N

i=1 CFit ≥ 0
0 else,

nt =
{

1 if in period t
∑N

i=1 CFit < 0
0 else.

(3) Public market equivalent (PME)

The PME compares the investment in a PE fund to the investment in a public market index

(Kaplan & Schoar 2003). It is defined as the ratio of the present value of all cash inflows to the

fund (i.e., realizations of portfolio companies) over the present value of all cash outflows from

the fund (i.e., investments in portfolio companies) using the public market index as discount

rate (Kaserer & Diller 2004c). As the sample contains European and US PE funds, I use the

MSCI World Index as public market index. More precisely the PME is represented by:

PME =

∑T
t=0

[(∑N
i=1 CFit

)
/
(∏t

k=0 (1 + rk)
) · pt

]
∑T

t=0

[(∑N
i=1 CFit

)
/
(∏t

l=0 (1 + rl)
) · nt

] (4.8)

with rk, rl = discrete return of the public market index in period k or l,

pt =
{

1 if in period t
∑N

i=1 CFit ≥ 0
0 else,

nt =
{

1 if in period t
∑N

i=1 CFit < 0
0 else.
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Finally, I include NAV in the calculation of IRR, MIRR, and PME. Gottschalg et al. (2004)

document that the average ratio of present value of future cash flows to NAV in December of

each year after the eighth birthday of a PE fund is 1.03. This implies that NAV in the last

part of a funds’ lifetime is a good proxy for future cash flows.

4.4.2.2 Intra-fund variation of return (sd(Q-IRR), sd(Q-MIRR), sd(Q-PME))

The comparison of PE funds’ risk is a challenging task (Reyes 1990). The illiquidity of PE

investments prohibits the usual computation of standard measures of risk such as standard

deviation of returns over time, beta factors, or value at risk. Consequently, no standard for

risk measurement of PE funds exists so far. The attempts by various authors can be divided

into two groups. The first group measures standard deviations and beta factors of returns in

large groups of PE investments (Jones & Rhodes-Kropf 2003, Kaserer & Diller 2004b, Schmidt

2004, Cochrane 2005, Ick 2005), not suitable for the comparison of the risk of single PE funds.

A second approach maps PE investments to public market companies and assumes equality

in systematic risk (Ljungqvist & Richardson 2003a, Gottschalg et al. 2004). This technique

proves unsatisfactory as the assumption of risk equality is questionable. The large difference

in the results gives rise to the hypothesis that the betas depend more on the assumptions of

mapping than on the characteristics of the portfolio companies in a PE fund.43

As a consequence, I do not try to measure the variance and covariance risk of PE funds and

follow the approach of many investors. In order to appraise the performance of a PE firm, they

do not stop at analyzing the rate of return at fund level. Instead, they step one level down

evaluating the return distribution within PE funds. Accordingly, I propose intra-fund variation

of return as a novel measure to characterize the performance of PE funds alongside the rate of

return. It aims at comparing the dispersion across the outcomes of portfolio companies within

PE funds.

However, analyzing the standard deviation of single portfolio companies’ returns can be

misleading because return measures like IRR, MIRR, and PME are relative measures, which

do not depend on the amount of capital invested in a portfolio company. It is necessary

to weigh portfolio companies’ returns by the fraction of the fund’s capital invested in the

portfolio company. Unfavorably, IRR, MIRR, and PME prohibit the multiplication of portfolio

companies’ IRRs, MIRRs, or PMEs with their portfolio weights because IRR, MIRR, and PME

consider the exact timing of cash flows. To solve this difficulty I propose the following technique:

For each portfolio company the entire cash flow stream (including NAV) is omitted. Upon the

aggregated cash flow history of the remaining N − 1 portfolio companies a new, quasi-rate of

return (Q-IRR, Q-MIRR, or Q-PME ) for the fund is calculated. The difference between this

quasi-rate of return and the original rate of return quantifies the importance of the omitted

portfolio company for the fund’s original rate of return and can be interpreted as the value-

weighted rate of return of the omitted portfolio company. The fund’s rate of return rises in the

case the omitted portfolio company has a rate of return below the fund’s original rate of return.

43 For a detailed discussion of the articles compare section 2.2.
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In the case that the omitted portfolio company returns more than the original fund’s rate of

return, the return difference is negative. The procedure is repeated for all portfolio companies

resulting in N quasi-rates of return; each representing the value-weighted rate of return of one

portfolio company. The technique is mathematically expressed by the following equations:44

(1) Quasi-internal rate of return (Q-IRR):

0 =
T∑

t=0

⎛⎝
(∑N

i=1 CFit

)
− CFit

(1 + Q − IRRi)t

⎞⎠ for all i = 1, 2, . . . , N (4.9)

(2) Quasi-modified internal rate of return (Q-MIRR):

Q-MIRRi = T

√√√√√∑T
t=0

[((∑N
i=1 CFit

)
− CFit

)
· (1 + r)T−t · pit

]
∑T

t=0

[((∑N
i=1 CFit

)
− CFit

)
· (1 + r)−t · nit

]
for all i = 1, 2, . . . , N (4.10)

with discount rate for interim cash flows,

pit =

{
1 if for portfolio company i in period t

(∑N
i=1 CFit

)
− CFit ≥ 0

0 else,

nit =

{
1 if for portfolio company i in period t

(∑N
i=1 CFit

)
− CFit < 0

0 else.

44 The new, quasi-rate of return is calculated based on N − 1 portfolio companies. Hence, the quasi-rate of
return is computed on a total amount invested, which is inferior than the original total amount invested of the
fund. As a result, one could think of an alternative idea that would replace the omitted portfolio company by
an ‘average’ investment. This average investment should have the same amount of capital invested than the
omitted portfolio company and should yield the original rate of return of the fund. However, this approach
is mathematically not applicable because IRR, MIRR, and PME take into account the exact timing of a cash
flow. To calculate the IRR, MIRR, and PME one has first to sum up the cash flows of all portfolio companies
in each time period. A positive cash flow of one portfolio company compensates a negative cash flow in the
same time period of another portfolio company. Subsequently, IRR, MIRR, or PME is computed on the
aggregated cash flow stream. Consequently, neither IRR, nor MIRR, nor PME of a fund can be expressed as
a weighted sum of the portfolio company IRRs, MIRRs, or PMEs. This fact inhibits the substitution of the
omitted portfolio company by an ‘average’ investment. Furthermore, PE firms often do not invest the total
amount committed of a fund. As a result, the assumption that the quasi-return is computed on a minor
amount invested than the original amount invested is not critical.
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(3) Quasi-public market equivalent (Q-PME):

Q-PME i =

∑T
t=0

[((∑N
i=1 CFit

)
− CFit

)
/
(∏t

k=0 (1 + rk)
) · pt

]
∑T

t=0

[((∑N
i=1 CFit

)
− CFit

)
/
(∏t

l=0 (1 + rl)
) · nt

]
for all i = 1, 2, . . . , N (4.11)

with r = rk, rl = discrete return of the public market index in period k or l,

pit =

{
1 if for portfolio company i in period t

(∑N
i=1 CFit

)
− CFit ≥ 0

0 else,

nit =

{
1 if for portfolio company i in period t

(∑N
i=1 CFit

)
− CFit < 0

0 else.

Finally, intra-fund variation of return is computed applying standard deviation.45 The

resulting measures sd(Q− IRR), sd(Q−MIRR), and sd(Q−PME) represent the dispersion

across the value-weighted rates of return of portfolio companies at the end of a PE fund’s

lifetime.

Figure 4.3 illustrates intra-fund variation of return by an example from the data set. It

shows MIRR and sd(Q-MIRR) for two funds with 22 portfolio companies each. Both funds

yield a MIRR of 20.4%. Nonetheless, fund A displays a higher dispersion across the outcomes of

its portfolio companies with a sd(Q-MIRR) of 0.0105 relative to 0.0061 for fund B. The MIRR

of fund A changes on average by 1.1 percentage points if one portfolio company is taken out of

fund A, whereas the MIRR of fund B only changes on average by 0.6 percentage points if one

portfolio company is taken out of fund B.

Figure 4.3: Illustration of intra-fund variation of return
The figure compares two funds with 22 portfolio companies each based on MIRR and sd(Q-MIRR). Both
funds have an equal MIRR of 20.4%. Fund A displays a higher dispersion across the outcomes of its portfolio
companies than fund B because its sd(Q-MIRR) of 0.0105 is larger than the sd(Q-MIRR) of 0.0061 of fund B.
The black dots represent single Q-MIRRs. Black crosses mark the MIRRs of the two funds.

0,165 0,175 0,185 0,195 0,205 0,215

MIRR, Q-MIRR

Fund A:

Fund B: 

MIRR sd(Q-MIRR)

0.204

0.204

0.0105

0.0061

45 In the strict sense, one needs to compute the standard deviation of the differences between the quasi-rates of
return and the original rates of return across all portfolio companies. This is mathematically identical and
hence leads to the same result.
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Intra-fund variation of return can be interpreted as follows: On the one hand, it indicates

different investment strategies of PE firms. A high intra-fund variation of return is equal to the

strategy of putting all bets on only a few ‘winners’ (in an extreme case only one) accepting poor

performance of the remaining portfolio companies in a PE fund. In contrast, a low intra-fund

variation of return characterizes the strategy of growing all portfolio companies on an equal

basis. On the other hand, one might also think of intra-fund variation of return as total risk

of the investment strategy of a PE firm. To be able to grow a few portfolio companies so large

as to offset the loss of the remaining portfolio companies, it is necessary to invest in portfolio

companies with a high up-side potential, but also large down-side risk. In comparison, to achieve

a low intra-fund variation of return, it might be necessary to invest in portfolio companies with

low down-side risk, and consequently, a limited up-side potential.

4.4.2.3 Shortfall probability (prob(loss), prob(tot. loss))

Many practitioners and some researchers (Dorsey 2000, Born 2004, Weidig & Mathonet 2004)

characterize the risk profile of PE investments in terms of shortfall probability. Shortfall prob-

ability is defined as the probability of an investment to earn a return below a specific threshold

(Roy 1965, Leibowitz & Henrickson 1989). It is equivalent to the lower partial moment of

order zero. The underlying idea is that the riskier an investment strategy is, the higher the

probability is that the return falls below the threshold, ceteris paribus. For PE funds usually

two thresholds are used: zero percent and -100%. They are called probability of loss and total

loss, respectively.

Shortfall probability is a very basic and crude performance measure. It only measures the

fraction of the return distribution below the threshold. Neither does it consider deviations above

the threshold, nor does it take into account the magnitude of the shortfalls. Empirically, the

shortfall probability of a PE fund can be roughly estimated through the percentage of portfolio

companies in a PE fund which return less than the threshold. Accordingly, probability of loss

(prop(loss)) is estimated as the percentage of portfolio companies in a PE fund returning less

than zero percent. Probability of total loss (prob(tot. loss)) is approximated as the percentage

of portfolio in a PE fund companies with a rate of return of -100%.

4.4.3 Measurement of additional variables

4.4.3.1 Economic environment and PE market condition

The economic environment and PE market condition in which a PE firm was raised and executed

is described through three variables.
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(1) Return of MSCI World Index during fundraising (return msci in vy)

The expectations of a PE firm about future investment opportunities is influenced by the condi-

tion of the global economy during fundraising. Discussions with partners from the cooperation

partner suggest that fundraising and fund formation require an average of twelve months. Con-

sequently, I calculate the continuous return of the MSCI World Index the twelve months prior

to the first investment of a PE fund in order to measure the condition of the global economy

during fundraising. An equivalent variable was used by Kaserer & Diller (2004c). The values

of the MSCI World Index are obtained from Thomson Financial Datastream.

(2) Return of MSCI World Index during investment period (return msci invest-

ment period)

In addition to the condition of the global economy during fundraising, the development of

the global economy during investment period influences the investment behavior of a PE firm.

Hence, I compute the annual continuous return of the MSCI World Index during the investment

period of a PE fund. I define the investment period as the time span between the first and the

last investment of a PE fund. The values of the MSCI World Index are obtained from Thomson

Financial Datastream.

(3) New funds raised in vintage year (funds raised in vy)

The prospect of the PE market is measured in terms of new funds raised worldwide by PE

firms in a year. Some authors refer the amount of the new funds raised by PE firms in a

specific segment of the PE market to the level of competition in the PE market (Gompers

& Lerner 2000, Ljungqvist & Richardson 2003b). However, Kaserer & Diller (2004c) as well

as Gottschalg et al. (2004) find a positive relationship between the total capital committed

to PE funds and the rate of return of PE funds. They argue that the amount of new funds

raised by PE firms represents the economic prospect of the PE industry. Investors are able

to accurately predict future fund returns and commit to PE funds in years with attractive

investment opportunities. I follow this interpretation, and accordingly, I use the logarithm of

the amount of new funds raised worldwide in the vintage year of a PE fund according to the

statistics of TVE to measure the condition of the PE industry. I do not distinguish between

European and US funds because of two reasons: First, a comparison with statistics published

by the European Venture Capital Association suggests that TVE does not cover a reasonable

fraction of the European PE market before 1998. Secondly, many US funds are also invested in

Europe and vice versa. The amounts of USD were adjusted for inflation. The yearly consumer

price index of the U.S. Department of Labor was used to express the purchasing power of new

funds raised in 2000.

4.4.3.2 Private equity firm and fund characteristics

The characteristics of a PE firm and PE fund are evaluated through six variables.
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(1) Firm internationalization (firm internationalization)

The variable firm internationalization counts the number of countries in which a PE firm

has offices. It approximates different aspects of firm size: the quantity of offices and hence

employees, the level of internationalization, and the complexity of the firm’s organizational

structure. Unfortunately, it is not possible to reconstruct the organizational history of most of

the PE firms in the sample. It was only possible to observe the organizational structure of the

PE firms as of 2005. Hence, the number of countries in which a PE firm had offices in 2005

was taken for all funds of the PE firm to measure firm internationalization.

(2) Firm experience (firm experience)

To measure the experience of a PE firm I count the fund sequence number. The variable

reflects the experience a PE firm has accumulated since its inception. With each fund the PE

firm acquires new knowledge. It is reasonable to argue that the learning process is not linear.

I assume that the additional experience, which a PE firm gains in the management of an extra

fund, decreases with the fund sequence number. Hence, firm experience is measured as the

logarithm of the fund sequence number.

(3) Fund size (fund size)

The size of a fund is measured in terms of the total amount committed by investors to the

PE fund. The total amount of commitments is the maximum a PE fund is able to invest.

It is measured as the logarithm of USD million in 2000 purchasing power. European funds

are accounted in EUR, GBP, CHF, or SEK. The amounts are converted to USD using the

average monthly exchange rate in a fund’s vintage year. The exchange rates are taken from

Thomson Financial Datastream. To adjust for inflation the yearly consumer price index of the

U.S. Department of Labor is utilized.

(4) Fund type (seed/early VC, other VC, BO, generalist)

PE funds are classified according to their focus on specific financing stages. I group sample

funds based on the amount of capital invested in portfolio companies of specific development

stages. A fund is categorized as seed/early VC if the fraction of its total invested capital in seed

or early stage VC transactions is equal to or superior to 70%. Funds with a fraction of 70% or

more invested in VC but less than 70% invested in seed or early stage VC were categorized as

other VC. BO funds had to have 70% or more of its capital invested in BO transactions. The

remaining funds, i.e., funds which invested 70% or more of their capital neither in VC nor in

BO transactions were labelled as generalist. For each category a dummy variable was generated

which takes on the value of one if the fund is assigned to the specific category and of zero else.

In chapter 6 I only distinguish between VC and BO funds. Accordingly, seed/early VC

funds and other VC funds are grouped together as VC funds, BO funds and generalist funds

as BO funds.
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(5) Location of PE firm’s headquarters (European headquarters)

Sample funds are divided into two groups: Funds which are managed by a PE firm with its

headquarters in Europe and funds which are managed by a PE firm with its main operations

in USA. The dummy variable European headquarters takes on the value of 1 for the first group

of funds and 0 for the second group of funds. The variable captures cultural and governance

differences in the management of PE funds as well as differences in the economic systems across

the Atlantic.

4.4.3.3 Control variables

To test the robustness of results I use three control variables.

(1) First-time fund (first-time fund)

The first fund is particularly important for a PE firm. At that time, the PE firm is mainly

unknown to investors and has no track record. Additionally, future fundraising possibilities will

be dependent to a large extent on the success of the first fund. Discussions with partners of the

cooperation partner indicate that PE firms which achieve a poor performance in its first fund

have serious difficulties raising a second fund. To capture this particular situation, I include a

dummy variable as a control variable, which takes on the value of one if the fund is the first

fund of a PE firm and zero else.

(2) Time trend (time trend)

The PE industry developed and grew over the sample period. The business model of PE

received greater acceptance and the barriers for entry in the PE industry lowered (Ljungqvist

& Richardson 2003a). To consider this development, I include a linear time trend as control

variable, which equals the vintage year of a PE fund scaled such that 1977 equals one.

(3) Year fixed effects (year F.E.)

I further include year fixed effects as control variables. Because of the limited sample size,

I allocate funds to groups of three years. The groups are: 1977-1979, 1980-1982, 1983-1985,

1986-1988, 1989-1991, 1992-1994, 1995-1997, 1998-2000, and 2001-2003.

4.5 Summary: advantage and drawback of data set

This thesis uses a unique data set of 227 PE funds. It was manually collected between April 2004

and October 2005. To the best of my knowledge, it is one of the most comprehensive data sets

on PE funds available to research. The data distinguishes itself from data sets used in previous

studies through its high level of detail. For the first time it is possible to exactly measure the
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level of diversification in a PE fund along various dimensions. Moreover, the availability of the

entire gross cash flow records between portfolio companies and its funds enables to calculate a

new performance measure: intra-fund variation of return. It quantifies the dispersion of ‘value-

weighted’ returns across the portfolio companies in a PE fund. Additionally, the rate of return

and shortfall probability of sample funds are computed.

However, the data set is not a random sample. Intensive analysis shows that the data

exhibit sample selection biases. Larger funds are over-represented in the sample, while funds

with higher vintage years are slightly under-represented. These biases are not problematic since

fund size and vintage year are included as independent variables in the multivariate analyses

presented in chapters 5 and 6. More seriously, the data set includes a survivorship bias. As a

result, sample funds earned superior returns compared to the universe of PE funds. This fact

has to be considered when interpreting the results in chapters 5 and 6. The empirical results

are primarily valid for the ‘top-half’ of PE funds. For ‘bottom-half’ funds the relationships

might differ.
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Chapter 5

Choice of portfolio strategies by
private equity firms

5.1 Introduction

Very different portfolio strategies can be observed across PE funds. Some PE funds are highly

specialized, whereas others are highly diversified. For instance, the least diversified PE fund in

the sample invests only in one financing stage, three industries, and one country. In contrast, the

most diversified PE fund includes portfolio companies in three financing stages, eight industries,

and 22 countries. Furthermore, while the three smallest PE funds only contain an average of 5.3

portfolio companies, the mean of the three most numerous PE funds adds up to 110 portfolio

companies. Finally, the fastest investing PE fund spends its capital in only 4.0 months, whereas

the slowest investing PE fund takes 46.5 months to commit its capital.

However, not much is known thus far about factors determining the level of diversification in

PE funds. The few studies dealing with aspects of the choice of portfolio strategies by PE firms

agree that VC firms predominantly involved in seed and early stage financing prefer less industry

diversity and a narrower geographic scope in their portfolio than VC firms predominantly

involved in later stage financing (Gupta & Sapienza 1992, Norton & Tenebaum 1993). Secondly,

larger VC firms prefer greater industry diversity and broader geographic scope relative to

smaller VC firms, and older VC firms prefer more industry diversity relative to younger VC

firms (Gupta & Sapienza 1992). Also, larger funds (measured by total commitments) as well

as larger VC firms (measured by number of managers) invest in a larger number of portfolio

companies than smaller VC funds and smaller VC firms, respectively (Cumming 2004). Lastly,

principal agent theory supposes that in periods with high acquisition prices VC firms fund

a smaller number of companies (Kanniainen & Keuschnigg 2003, Bernile & Lyandres 2003).

Nevertheless, only the study of Cumming (2004) is based on actual PE transactions. As a

result, there is a lack of systematic understanding of the choice of portfolio strategies by PE

firms

According to chapters 1 and 3, PE firms choose their portfolio strategies based on their

expectations as well as their return and risk preferences. The objective of this chapter is
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to examine external factors influencing expectations and preferences of PE firms during fund

formation. Since expectations and preferences of a PE firm are unobservable, I evaluate the

impact of external factors on observed portfolio strategies of PE funds. In particular, the

influence of the following variables is analyzed: the rate of return of MSCI World Index during

fundraising, annual rate of return of MSCI World Index during investment period, new funds

raised in vintage year, firm internationalization, firm experience, fund size, location of PE firm’s

headquarters and fund type.

Portfolio strategies of sample funds are measured along five dimensions classified into three

groups: (1) ‘naive’ diversification across number of portfolio companies, (2) ‘systematic’ diversi-

fication across financing stages, industries as well as countries, and (3) ‘dynamic’ diversification

across time. ‘Naive’ diversification enables a PE firm to lower the risk of its portfolio to

the average systematic risk of its portfolio companies by increasing the number of companies

(Evans & Archer 1968). Additionally, ‘systematic’ diversification takes specific characteristics

of portfolio companies into account. ‘Systematic’ diversification benefits from the fact that

portfolio companies belonging to different investment clusters usually share less systematic risk

than portfolio companies within one investment cluster. Diversification across time adds a

dynamic perspective accounting for changes in the economic conditions and relationships over

the lifetime of a PE fund. Presumably, it allows PE firms to diversify the liquidity risk of

their investments by spreading their funds over a long period of time (Cumming, Flemming &

Schwienbacher 2004).

The chapter is organized as follows: section 5.2 describes subsample 1 used in this chapter.

In section 5.3 ‘naive’ diversification across portfolio companies is analyzed empirically. Section

5.4 studies ‘systematic’ diversification across financing stages, industries and countries. In

section 5.5 I take a closer look at factors determining ‘dynamic’ diversification across time. In

each of the three previous sections, first a set of hypotheses is formulated, before descriptive

and multivariate analyses are run. Section 5.6 consolidates the major results of the various

sections and highlights further research opportunities in this area.

5.2 Data and key variables

The objective of this chapter is to evaluate portfolio strategies of PE funds. As a result,

subsample 1 utilized in this chapter is restricted to funds which appear to be entirely invested.

A fund is assumed to be entirely invested if it fulfills one of the following criteria:

First, I include all PE funds which had invested equal or more than 75% of their commit-

ments at the time of data collection, assuming that the remaining 25% or less of the capital

are retained only for follow-on investments in existing portfolio companies. The capital is re-

tained to finance further growth or to prepare a successful exit. Since it is difficult to forecast

these activities, PE funds are often unable to invest their total commitments (Ljungqvist &

Richardson 2003b). According to this criteria 166 PE funds were included in subsample 1.

Second, some sample funds raised between 1977 and 1995 never invested more than 75% of
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their commitments. In order to not exclude these funds from the analysis, PE funds with a

time span of at least 72 months between their first investment and the time of data collection

are also assumed to be entirely invested. Due to this rule, eight additional funds were added

to subsample 1.

Table 5.1 displays the composition of subsample 1. Subsample 1 includes 174 PE funds

divided into 42 seed/early stage VC funds, 41 other stage VC funds, 42 BO funds, and 49

generalist funds. 77.0 % of the funds are managed by PE firms with their headquarters in the

USA. The remaining 23.0% of funds are located in Europe. 17.8% of the sample funds are

first-time, 14.9% second-time, and 16.1% third-time funds. The rest (51.1%) are funds which

have sequence numbers of four or higher. 26.4% of the sample funds were liquidated at the time

of data collection, while the remaining 73.6% were still active.46 The average fund has a size

of USD 500.5 million in 2000 purchasing power. Fund size varies substantially across funds in

subsample 1. The mean size of the three smallest funds is USD 11.3 million, while the average

size of the three largest funds adds up to USD 7,093.8 million. The distribution of fund size

across the various groups exhibits the same patterns as the entire sample and is therefore not

discussed further here. The oldest fund in sample 1 closed its first transaction in 1977 and the

youngest in 2000 (Figure C.1).

Summary statistics for the variables used in this chapter are shown in Table 5.2.47 The

average PE fund in subsample 1 has a size of USD 500.5 million (Table 5.1), invests in 31

portfolio companies, spends its capital in 20.5 months, and has a level of diversification across

financing stages of 0.36, across industries of 0.62, and across countries of 0.16. PE firms

show a mean experience equivalent to 3.3 funds and run on average offices in 2.4 countries.

The average annual rate of return of the MSCI World Index during fundraising is 11.1% and

during the investment period 8.9%. The mean logarithm of new funds raised in vintage year is

equivalent to USD 46.8 billion.

To end the data description, I comment on collinearity between the independent variables.

There is no perfect multi-collinearity between the independent variables, which would inhibit

regression analysis. Appendix C shows Pearson product-moment correlations (Table C.1) and

variance inflation factors (Table C.2) for the set of independent variables.48 Excluding control

variables all variance inflation factors (VIF) are below 2.5. However, the VIF of the logarithm

of new funds raised in vintage year increases dramatically to a value of 11.02, when the time

trend is included. Both variables have a correlation of 0.93. This can be explained by the

fact that the yearly amount of new funds raised grew nearly steadily during the sample period

according to the statistics of TVE (Figure C.2). Only in 1990 and 1991 does TVE quote a

decrease in the amounts of new funds raised compared to the previous year. When year fixed

effects are included, the VIF for the logarithm of new funds raised in vintage year rises to

46 Active funds have a NAV larger than zero. Liquidated funds do not have a NAV any more.
47 A detailed definition of variables is included in chapter 4.
48 The higher a VIF for a variable is, the higher the estimated variance of the corresponding coefficient,

and hence, the greater the chance that seriuos multi-collinearity issues are present (Neter, Wasserman &
Kutner 1990). However, no theory provides a threshold value for VIF to judge for serious multi-collinearity.
Neter et al. state 10 to be a useful threshold.
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14.05. This high collinearity might cause estimation difficulties when the time trend or year

fixed effects are included in the regression analysis.

5.3 ‘Naive’ diversification across portfolio companies

5.3.1 Determinants of ‘naive’ diversification

‘Naive’ diversification is measured as the number of portfolio companies in a PE fund. Although

the number of portfolio companies of a PE fund is determined to some extent by its size, PE

firms still can decide about the size of their portfolio. Means by which a PE firm can vary

the number of portfolio companies in a fund of fixed size include: percentage of ownership in

portfolio companies, use of syndication, and amount of debt employed in the transactions. In

the following, I present six hypotheses about determinants of the number of portfolio companies

in a PE fund which can be observed and, thus, tested in an empirical analysis.

The first hypothesis concerns the influence of the global economy on the number of portfolio

companies in a PE fund. The better the global economy is performing during the investment

period of a fund, the higher the prices for companies. Holding the size of a fund constant, I

therefore assume:

H1: The higher the annual rate of return of the MSCI World Index during the investment

period of a PE fund, the fewer portfolio companies it contains.

The larger the amount of new funds raised in vintage year, the better the perception of the PE

industry. Investors expect a high quantity of attractive investment opportunities and commit a

large amount of money to PE funds. It has been shown that PE funds that begin activity in a

year of high commitments achieve larger returns than funds formed in years of low commitments

(Kaserer & Diller 2004c, Gottschalg et al. 2004). As a result, in times of high commitments to

the PE industry, PE firms expect high returns of their investments, and therefore, are disposed

to invest a larger fraction of their money in single portfolio companies. Hence, it is supposed:

H2: The larger the amount of new funds raised in the vintage year of a PE fund, the lower

the number of portfolio companies in the fund.

The opening of an office in a new country is a long term decision and involves investments.

These investments have to be justified by a minimum amount of transactions managed by the

new office. Consequently, I expect a positive relationship between firm internationalization and

number of portfolio companies:

H3: The higher the number of countries in which a PE firm has an office, the more portfolio

companies contain a fund of the PE firm.
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The average amount of capital needed to fund a company depends on its development stage.

The further a company is in its life cycle, the more money is typically needed to buy a significant

stake in the company. In addition, VC funds usually buy only minority stakes, whereas BO

funds usually purchase a controlling interest in their portfolio companies. Accordingly, PE

funds focusing on different stages contain different numbers of portfolio companies:

H4: The number of portfolio companies decreases in the order: (1) seed/early stage VC funds,

(2) other VC funds, (3) generalist funds, and (4) BO funds.

With each fund a PE firm manages it collects additional experience. It is able to enhance its

reputation and to enlarge its network. The enhanced reputation and enlarged network should

allow PE firms to generate proprietary deal flow and to strengthen their bargaining power. As

a result, the prices an experienced PE firm has to pay for a share in a portfolio company should

be lower than for less experienced PE firms:

H5: The more experience a PE firm has at the time of fund formation, the more portfolio

companies contain a fund of the PE firm.

The more capital a PE fund has raised, the higher the number of portfolio companies it can

invest in. Thus, fund size has the following effect on the number of portfolio companies in a

PE fund:

H6: The bigger a PE fund, the more portfolio companies it contains.

The basic organization and governance structure of PE firms and funds is similar in Europe

and the USA. As a result, I do not expect a statistically significant difference between the

number of portfolio companies in European and US PE funds. The prices a PE firm has to pay

for companies depends on the performance of the global economy at the time of investment

(H1), but not at the time of fund formation. Hence, I do not presume a statistically significant

relationship between the rate of return of the MSCI World Index in vintage year of a PE fund

and its number of portfolio companies.

5.3.2 Descriptive analysis

This section presents descriptive statistics for the number of portfolio companies in subsample

1. I use correlation analysis and mean comparison tests to evaluate bivariate relationships

between the number of portfolio companies and the independent variables. The average PE

fund in subsample 1 contains 31.3 portfolio companies, while the median fund invests in 26.5

portfolio companies. There is a large range between the smallest and largest funds according

to the number of portfolio companies. The three least numerous portfolios include an average
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Table 5.3: Number of portfolio companies by fund classifications
The table contains cross tables for number of portfolio companies and fund classifications. Funds are grouped
according to fund type, headquarters of PE firm, and fund sequence number. For each group the number of
observations, mean, and standard deviation are shown. Moreover, the table displays results of mean comparison
tests.

No. of portfolio companies Mean comparison test

Std. TestObs. Mean
Dev. statistic

p-value

All funds 174 31.3 20.6

Fund typea 13.42 0.0000
Seed/early stage VC 42 34.6 19.0
Other VC 41 37.5 18.5
Buyout 42 15.5 10.4
Generalist 49 36.9 23.5

Headquarters of PE firmb 3.11 0.0025
USA 134 33.4 21.8
Europe 40 24.3 14.1

Fund sequence numberb 4.25 0.0001
First-time 31 21.7 11.7
Follow-on 143 33.4 21.5

a An one-way analysis of variance is applied to compare means. The test statistic is a F-statistic.
b Based on a variance ratio test a double-sided t-test with unequal variances was calculated to compare

means. The test statistic is a t-statistic.

of 5.3 portfolio companies, whereas the three most numerous portfolios fund on average 110.0

companies (Table 5.2).

Table 5.3 displays cross tables and mean comparison tests for the various groups of funds

in subsample 1. Generalist funds and other VC funds invest in the largest number of portfolio

companies with a mean of 36.9 and 37.5, respectively. Seed/early stage VC funds include

slightly fewer portfolio companies with an average of 34.6. BO funds contain substantially fewer

portfolio companies with a mean of 15.5. In an one-way analysis of variance the differences

between the means are statistically significant at the 1% level.

PE funds managed by PE firms with headquarters in the USA invest on average in 33.4

portfolio companies, whereas PE firms with their headquarters in Europe only invest in a

mean of 24.3 portfolio companies. Hence, at the 1% level US PE funds contain a statistically

significant larger number of portfolio companies than their European counterparts. First-time

funds include significantly fewer portfolio companies at the 1% level than follow-on funds (21.7

compared to 33.4).

Pearson product-moment correlations show the following relationships (Table 5.4). The

annual rate of return of the MSCI World Index during investment period has a negative cor-

relation with number of portfolio companies which is statistically significant at the 5% level.

Firm internationalization, firm experience and fund size have positive correlations with number

of portfolio companies which are statistically significant at the 1% level. Correlation analysis
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Table 5.4: Correlation analysis for number of portfolio companies
The table displays Pearson product-moment correlations between number of portfolio companies and indepen-
dent variables. All correlations are based on 174 observations.

Pearson product-moment correlation

No. of pcs p-value

Return msci in vy 0.1064 0.1622
Return msci invest period (p.a.) -0.1875∗∗ 0.0132
Funds raised in vy (log billion USD 2000) 0.0459 0.5476
Firm internationalization 0.1987∗∗∗ 0.0086
Firm experience 0.3204∗∗∗ 0.0000
Fund size (log million USD 2000) 0.2795∗∗∗ 0.0002
Time trend (1977 = 1) -0.0197 0.7965
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%

reveals no significant relationship between number of portfolio companies and rate of return of

the MSCI World index during vintage year, nor between number of portfolio companies and

new funds raised in vintage year, nor between number of portfolio companies and time trend.

5.3.3 Multivariate analysis

The bivariate analysis shed some light on the relationships between number of portfolio com-

panies and the exogenous factors. However, they cannot test hypotheses 1 to 5 rigorously.

Bivariate analysis is not able to extract the effect of single variables under the ceteris-paribus

assumption. Consequently, I continue analyzing number of portfolio companies in a multivariate

regression analysis.

Number of portfolio companies in a PE fund is a count variable. It can only take on non-

negative integer values. Accordingly, I estimate a negative binomial regression model (NBRM)

with yi denoting the number of portfolio companies in fund i.49 xi is the line vector of the

independent variables of fund i and contains unity as its first element. β is the vector of

parameters including a constant. The NBRM assumes that the distribution of yi given xi is

negative binomial with conditional mean and variance of (Wooldridge 2002):

E (yi|xi) = m (xi, β)

V (yi|xi) = m (xi, β) + α · [m (xi, β)]2 (5.1)

The NBRM maximizes the following log-likelihood function:

49 A likelihood ratio test for overdispersion rejects the use of a Poisson regression model with a pseudo-χ2-test-
statistic of 433.0 and a p-value of 0.000.
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N∑
i=1

�i (β, α) =
N∑

i=1

[
α−1 · log

(
α−1

α−1 + m (xi, β)

)
+ (5.2)

+ yi · log
(

m (xi, β)

α−1 + m (xi, β)

)
+ log

(
Γ (yi + α−1)

Γ (α−1)

)]

where α represents the degree of overdispersion and Γ (·) is the gamma function defined for

r > 0 by Γ (r) =
∫∞

0
zr−1exp (−z) dz. The NBRM can be estimated using standard maximum

likelihood methods.50 The mean is estimated as exponential function of the parametric model

xβ. Analyzing the number of portfolio companies the parametric model has the form:

m (x, β) = exp

(
β0 +

K∑
k=1

βk · xk

)
(5.3)

with β0 = constant,
βk = parameter of variable xk, and
xk = independent variables (compare Table 5.5).

I estimate Huber-White standard errors which are robust against violation of the assumption

of homoscedasticity (White 1980). Moreover, the observations in subsample 1 are clustered

because an average of 3.5 funds belong to one PE firm. The observations belonging to one PE

firm might not be independent from each other. As a result, standard errors are also adjusted for

50 clusters, i.e., PE firms (Rogers 1993). Table 5.5 displays the estimation results containing

marginal effects at the sample means of independent variables, robust standard errors, and

summary statistics. Table C.3 in the appendix contains the estimated coefficients. Regression

(1) estimates the basic model. Specification (2) includes the control variables time trend and

first-time fund. Regression (3) controls for year fixed effects. The χ2-tests on joint significance

of all parameters are significant at the 1% level for all specifications.

In the basic model, rate of return of the annual MSCI World Index during investment period,

firm internationalization, firm experience, fund size, as well as the dummy variables, seed/early

VC funds, other VC funds, and BO funds have statistically significant influence on number of

portfolio companies at least at the 10% level. Rate of return of the MSCI World Index during

vintage year, new funds raised during vintage year and the dummy variable indicating funds

managed by a PE firm with headquarters in Europe have no significant effect on number of

portfolio companies in the basic model.

Hypothesis 1 is supported by the data. The rate of return of the MSCI World Index during

the investment period has a negative effect on the number of portfolio companies which is

significant at the 1% level. In times of a well performing economy, prices for companies rise.

Ceteris paribus, PE firms are only able to invest in a lower number of portfolio companies. An

increase of one standard deviation in the annual rate of return of the MSCI World Index during

50 For further explanations of the NBRM see Cameron & Trivedi (1986), Wooldridge (2002), and Long & Freese
(2001).
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investment period reduces number of portfolio companies by 7.8%, holding all other variables

constant (Table 5.5, column (1)).51 The parameter stays significant at the 5% level but loses

some of its magnitude when time trend is included. Controlling for year fixed effects leads to an

insignificant parameter for annual rate of return of the MSCI World Index during investment

period.

As expected, the parameter of firm internationalization is positive and statistically signifi-

cant at least at the 1% level. An additional country is associated with an increase in number

of portfolio companies by 4.5%, holding all other variables constant (Table 5.5, column (1)).

The bigger a PE firm is in terms of international subsidiaries, the larger is the number of port-

folio companies in its funds. Each country has to manage a minimum of transactions in order

to justify its existence. This result is in line with Cumming (2004), who reports a positive

relationship between number of portfolio companies and firm size measured in terms of fund

managers for VC funds.

Under the ceteris paribus assumption, seed/early VC funds contain the largest number

of portfolio companies followed by other VC funds, generalist funds, and BO funds. Hence,

hypothesis 3 as well as the result of Cumming (2004) are confirmed by the data. Assuming an

average fund size of USD 500.5 million, a seed/early VC fund would have invested in 47.1, an

other VC fund in 43.6, a generalist in 34.5, and a BO fund in 15.7 portfolio companies (Table

5.5, column (1)).52

Also, I find weak evidence in favor of hypothesis 5. Although the marginal effect of firm

experience is only statistically significant at the 10% level in specification (3) (Table 5.5), the

coefficient is statistically significant at the 10% level in specification (1) and (3) (Table C.3).

There appears to be a positive relationship between number of portfolio companies and firm

experience. A doubling of fund sequence number increases number of portfolio companies by

12.3%, holding all other variables constant (Table 5.5, column (1)). Experienced PE firms

seem to pay less for their investments than their unexperienced counterparts. The track record

and reputation of experienced PE firms enhance proprietary deal flow and bargaining power

resulting in lower prices compared to unexperienced PE firms.

Not surprisingly, fund size has a positive effect on number of portfolio companies in a PE

fund, which is statistically significant at the 5% level. The more capital a PE fund has raised,

the larger is the number of portfolio companies in which it can invest. For instance, rising

fund size of an average seed/early VC fund from USD 150 million to USD 250 million increases

number of portfolio companies from 38.2 to 41.7 (Table 5.5, column (1)). This confirms once

more the results of Cumming (2004), who also reports a positive relation between fund size and

number of portfolio companies in a VC fund.

51 The numerical interpretation of continuous effects in this subsection are given as percentage changes, because
percentage change in the NBRM does not depend on the level of any variable.

52 An average fund is assumed to have the following characteristics: US headquarters, offices in two countries,
fund sequence number of three, a rate of return of the MSCI World Index during vintage year of 11.1%, an
annual rate of return of the MSCI World Index during investment period of 8.9%, and an amount of new
funds raised in vintage year of USD 46.8 billion.
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Table 5.5: Negative binomial regression for number of portfolio companies
Subsample 1 consists of 174 PE funds. The dependent variable is number of portfolio companies. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
fund size, and time trend. Additionally, the regressions contain dummy variables indicating funds managed by
PE firms with headquarters in Europe, seed/early VC funds, other VC funds, BO funds, and first-time funds
as well as a constant (not reported). The table reports marginal effects at the sample means of independent
variables. For dummy variables the effect of a discrete change from zero to one is displayed.

Dependent variable:
Number of portfolio companies

(1) (2) (3)

Return msci in vy 1.875 -6.56 -8.553
(8.315) (5.818) (8.008)

Return msci invest period (p.a.) -30.092∗∗∗ -24.352∗∗ -16.053
(11.445) (12.439) (15.299)

Funds raised in vy (log bil. USD 2000) -3.373 3.627∗ 3.015
(2.217) (2.184) (3.123)

Firm internationalization 1.228∗ 1.292∗∗ 1.269∗∗

(0.683) (0.652) (0.613)
Firm experience 4.700 4.653 4.650∗

(2.976) (3.927) (2.677)
Fund size (log mil. USD 2000) 4.885∗∗ 4.512∗ 4.986∗∗

(2.437) (2.345) (2.199)
European headquarter (0/1) -2.582 -1.675 -1.849

(3.334) (3.163) (3.017)
Seed/early VC fund (0/1) 9.547∗ 9.185∗ 9.884∗

(5.668) (5.403) (5.636)
Other VC fund (0/1) 7.031∗∗ 7.647∗∗ 7.590∗∗

(3.159) (3.178) (3.263)
Buyout fund (0/1) -18.435∗∗∗ -18.238∗∗∗ -18.447∗∗∗

(3.2508) (3.441) (3.500)
Time trend (1977 = 1) -1.397∗∗

(0.559)
First-time fund (0/1) -2.079

(3.546)
Year F.E. No No Yes

Log pseudo-likelihood -670.2 -666.5 -663.9
χ2-statistic 131.9 221.3 1241.8
p-value of χ2-test 0.000 0.000 0.000
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations from one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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The effects of fund type, fund size, firm internationalization, and firm experience are stable

in direction and magnitude across the various specifications. Furthermore, there seems to have

been a trend to smaller portfolios in the sample period. The time trend included in regression (2)

has a negative coefficient and is statistically significant at the 5% level. One possible explanation

is that the average amount of money in VC investments (i.e., the amount of capital necessary

for the development and marketing of new products) and BO transactions (i.e., the size and

complexity of buyout transactions) has grown from 1979 to 2000. Finally, neither new funds

raised during vintage year nor the location of PE firm headquarters has a significant influence on

the number of portfolio companies. The bivariate difference in number of portfolio companies

between European and US PE funds is explained through other independent variables. In

particular, US PE funds have remarkably larger fund sizes than their European equivalents

leading to larger numbers of portfolio companies of US PE funds in the bivariate analysis.

5.4 ‘Systematic’ diversification across financing stages,

industries, and countries

5.4.1 Determinants of ‘systematic’ diversification

‘Naive’ diversification only counts the number of companies in a portfolio. In contrast, ‘sys-

tematic’ diversification considers the specific characteristics of portfolio companies. Chapter

3 derives the optimal level of ‘systematic’ diversification in PE funds in a theoretical model.

Diversification is measured in terms of investment clusters, in which a PE fund invests its cap-

ital. Comparative statics exhibit the relationship between model parameters and the optimal

level of diversification in PE funds. First, an increase in the set-up costs leads to a decrease

in the optimal number of investment clusters. Second, an extension of fund size results in a

rise in the optimal number of investment clusters. Third, the more risk-averse the PE firm is,

the higher the optimal number of investment clusters. Fourth, growth in the expected rate of

return of portfolio companies induces a reduction in the optimal number of investment clusters.

Last, the larger the risk of portfolio companies is, the higher the optimal number of investment

clusters. These relations build the basis for the hypotheses presented in this section.

The expected development of the global economy influences the perception of future invest-

ment opportunities by PE firms. In times of a well performing economy PE firms expect their

portfolio companies to earn high returns. Thus, according to comparative statics in chapter 3

it is proposed:

H1: The higher the rate of return of the MSCI World Index in the vintage year of a PE fund

is, the less diversified is its portfolio across financing stages, industries, and countries.

A PE firm may change its expectations on the rate of return of its portfolio companies when

there is a significant change in the development of the global economy. As a response, a PE
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firm may try to adjust its portfolio strategy. The possibility to make adjustments is limited to

the investment period of a fund:

H2: The higher the annual rate of return of the MSCI World Index during the investment pe-

riod of a PE fund is, the less diversified is its portfolio across financing stages, industries,

and countries.

A positive perception of PE market condition at the time of fund formation causes PE firms

to expect high returns for future investments, and simultaneously, attracts commitments by

investors anticipating the high future returns (Kaserer & Diller 2004c, Gottschalg et al. 2004).

Hence, I assume a negative relationship between new funds raised in vintage year and the level

of ‘systematic’ diversification in PE funds:

H3: The higher the amount of new funds raised in the vintage year of a PE fund is, the less

diversified is its portfolio across financing stages, industries, and countries.

To run an office in a country, a PE firm has to pay set-up costs associated with country

specific investments. Since some part of the costs are sunk, the set-up costs for continuing

investments in the country are lower compared to a PE firm entering the country for the first

time. According to comparative statics in chapter 3, lower set-up costs are related to a higher

level of ‘systematic’ diversification:

H4: The higher the number of countries, in which a PE firm runs offices, the more diversified

is a PE fund of this PE firm across financing stages, industries, and countries.

With the management of each additional fund a PE firm acquires new knowledge. The entire

experience of a PE firm at the time of fund formation has an ambiguous effect on the level of

‘systematic’ diversification of PE funds. On the one hand, the more experience a PE firm has

in specific investment clusters, the lower are its set-up costs for these clusters:

H5a: The more experience a PE firm has at the time of fund formation, the more diversified is

its portfolio across financing stages, industries, and countries.

On the other hand, the more funds a PE firm has successfully managed, the longer is its track

record. A long track record compensates a negative impact of a badly performing fund on

future fundraising. Hence, the more experienced, the less risk-averse is a PE firm leading to

the contrary hypothesis:

H5b: The more experience a PE firm has at the time of fund formation, the less diversified is

its portfolio across financing stages, industries, and countries.
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Which effect dominates cannot be judged ex ante. Furthermore, the number of investment

clusters grows with increasing fund size. Thus, fund size is supposed to foster ‘systematic’

diversification in a PE fund:

H6: The bigger a PE fund is, the more diversified is its portfolio across financing stages,

industries, and countries.

Whereas the USA is one country with a huge economy, Europe consists of numerous countries

with small economies relative to the US economy. The small size of European economies trans-

lates into a lower quantity of attractive investment opportunities in each investment cluster

of a European country in comparison to the USA. The relative lack of attractive investment

opportunities forces European PE firms to enter more investment clusters than their US coun-

terparts.

H7: European PE funds are more diversified across financing stages, industries, and countries

compared to US PE funds.

In chapter 3, I argue that set-up costs are decreasing with the development of portfolio com-

panies. The older and further developed companies are, the more information is available

about their products, operations, and financial potential. Additionally, the costs for obtaining

this information decrease with the development of companies because the information becomes

more widely spread. As a result, set-up costs for PE firms predominantly involved in seed and

early stage financing are higher than for PE firms specialized in later stage financing. Hence,

PE funds of different fund types have different levels of diversification across industries and

countries:

H8: The level of diversification across industries and countries increases in the order: (1)

seed/early stage VC funds, (2) other VC funds, (3) generalist funds, and (4) BO funds.

Diversification across financing stages is not included in hypothesis 8. The variables fund type

and diversification across financing stages are calculated based on the same information. By

definition, I expect an increasing diversification across financing stages of the following order:

(1) BO funds, (2) seed/early VC funds, (3) other VC funds, and (4) generalist funds.

5.4.2 Diversification across financing stages

5.4.2.1 Descriptive analysis

Diversification across financing stages measures the distribution of a PE fund’s capital across

the financing stages (1) seed/early stage VC, (2) second, expansion and later stage VC, (3)

BO, (4) listed securities, and (5) other financing stage in terms of HHI. Table 5.6 displays cross
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tables and mean comparison tests for diversification across financing stages. The average PE

fund in subsample 1 has a level of diversification across financing stages of 0.36. As expected,

BO funds are least diversified across financing stages with a mean of 0.12. Generalist funds

have the highest level of diversification with a mean of 0.56. Seed/early VC funds and other

VC funds are in between with means of 0.28 and 0.47, respectively. This order follows from the

definition of the variable fund type. An one-way analysis of variance reveals that the differences

in means are statistically significant at the 1% level.

Table 5.6: Diversification across financing stages by fund classifications
The table contains cross tables for diversification across financing stages and fund classifications. Funds are
grouped according to fund type, headquarters of PE firm, and fund sequence number. For each group the
number of observations, mean, and standard deviation are shown. Moreover, the table displays results of mean
comparison tests.

Div. a. financing stages Mean comparison test

Std. TestObs. Mean
Dev. statistic

p-value

All funds 174 0.363 0.205

Fund typea 129.170 0.0000
Seed/early stage VC 42 0.275 0.125
Other VC 41 0.465 0.124
Buyout 42 0.123 0.131
Generalist 49 0.558 0.075

Headquarters of PE firmb 0.780 0.4392
USA 134 0.371 0.187
Europe 40 0.337 0.257

Fund sequence numberb 1.311 0.1968
First-time 31 0.318 0.210
Follow-on 143 0.373 0.203

a An one-way analysis of variance was applied to compare means. The test statistic is a F-statistic.
b Based on a variance ratio test a double-sided t-test with equal or unequal variances was calculated to

compare means. The test statistic is a t-statistic.

US funds are on average slightly more diversified across financing stages than European

funds (0.37 compared to 0.34). However, a mean comparison test is not significant. The

hypothesis that US and European funds are equally diversified across financing stages can not

be rejected.

First-time funds have a lower level of diversification across financing stages relative to follow-

on funds. First-time funds show an average diversification across financing stages of 0.32, while

follow-on funds are diversified across financing stages with a mean of 0.37. Though, in a double

sided t-test with equal variances the difference between the means is not significant.

The relationship between firm internationalization and diversification across financing stages

is positive and statistically significant at the 1% level with a Pearson product-moment correla-

tion of 0.227. Diversification across financing stages also correlates positively with firm expe-

rience. The Pearson product-moment correlation between both variables adds up to 0.145 and
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is statistically significant at the 10% level. The remaining independent variables do not show

statistically significant correlations with diversification across financing stages (Table 5.7).

Table 5.7: Correlation analysis for diversification across financing stages
The table displays Pearson product-moment correlations between diversification across financing stages and
independent variables. All correlations are based on 174 observations.

Pearson product-moment correlation

Div. a. fin. stages p-value

Return msci in vy -0.0332 0.6636
Return msci invest period (p.a.) -0.0385 0.6143
Funds raised in vy (log billion USD 2000) -0.0073 0.9239
Firm internationalization 0.2270∗∗∗ 0.0002
Firm experience 0.1451∗ 0.0561
Fund size (log million USD 2000) -0.0373 0.6248
Time trend (1977 = 1) 0.0173 0.8211
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%

5.4.2.2 Multivariate analysis

The aim of this section is to evaluate the influence of the exogenous factors on diversification

across financing stages in a multivariate regression analysis. Diversification across financing

stages is measured as HHI taking on continuous values between zero and one. Eighteen PE

funds in subsample 1 have a level of diversification across financing stages of zero because they

invest all their capital in one financing stage. All 18 are BO funds.

Consequently, I use a Tobit regression model with left censoring at zero. The Tobit model

can be estimated with standard maximum likelihood methods. The log likelihood function of

the Tobit model has the following form:53

N∑
i=1

�i (β, σ) =
N∑

i=1

di · log
[

1

σ
φ

(
yi − xiβ

σ

)]

+
N∑

i=1

ci · log
[
1 − Φ

(
xiβ

σ

)]
(5.4)

with yi = div. a. fin. stages of fund i,
β = vector of parameters including a constant,
xi = line vector of independent variables of fund i

containing unity as its first element (compare Table 5.8),
di = 1 if yi > 0 and 0 else,
ci = 1 if yi = 0 and 0 else,
σ = standard deviation of residuals in latent variable model,
φ = standard normal density function, and
Φ = standard cumulative normal density function.

53 For further explanations of Tobit regression compare Wooldridge (2002).
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The estimation results are displayed in Table 5.8. The table contains marginal effects at

the sample means of independent variables:

∂E (y|x)

∂xj

= Φ

(
xβ

σ

)
βj

with xj = independent variable of interest (compare Table 5.8) and
βi = parameter of independent variable j,

It also includes standard errors, as well as summary statistics of the regressions. Table

C.4 in the appendix contains the estimated coefficients. Standard errors in both tables are

robust against the violation of the assumption of homoscedasticity and are adjusted for 50

clusters, i.e. PE firms (White 1980, Rogers 1993). As mentioned before, the variables fund

type and diversification across financing stages are both calculated based on the fraction of

invested capital in the various financing stages. As a result, the variable fund type explains a

large part of the variance in diversification across financing stages. To capture this speciality,

specifications (1) to (3) do not include the dummy variables seed/early VC, other VC, and

BO. They are added in regressions (4). The χ2-tests on joint significance of all parameters are

significant at the 1% level for all specifications.

Neither the development of the global economy nor the condition of the PE industry has

an impact on diversification across financing stages in PE funds. Rate of return of the MSCI

World Index in vintage year, annual rate of return of the MSCI World Index during investment

period, and new funds raised in vintage year have statistically insignificant coefficients across

all specifications.

In contrast, the data strongly supports hypothesis 4. Diversification across financing stages

rises with the number of countries in which a PE firm runs offices. The coefficient for firm

internationalization is statistically significant at the 1% level across all regressions. With each

additional country diversification across financing stages rises by 0.19 standard deviations,

holding all other variables at their mean (Table 5.8, column (1)).54 Controlling for fund types

the impact of an additional country decreases to 0.07 standard deviations, holding all other

variables at their mean, but stays statistically significant at the 1% level (Table 5.8, column

(4)).

Firm experience fosters diversification across financing stages. A doubling in fund sequence

number increases diversification across financing stages by 0.27 standard deviations, holding

all other variables at their mean (Table 5.8, column (1)). The effect is statistically significant

at the 5% level and stable across specifications (1) to (3). This result supports hypothesis

5a and neglects hypothesis 5b. The set-up cost effect appears to dominate the risk aversion

effect. An increasing experience presumably lowers the set-up costs, and hence, raises the level

of diversification across financing stages, ceteris paribus. Introducing fund types supports this

argumentation leading to an insignificant effect of firm experience in regression (4). Generalist

54 The marginal and discrete effects in this subsection are interpreted relative to the standard deviation of
diversification across financing stages of 0.205 in subsample 1.
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funds in subsample 1 have a significant higher fund sequence number than the other fund types.

On average, generalist funds have a fund sequence number of 5.8, while seed/early VC funds

have an average fund sequence number of 3.4, other VC funds of 3.6, and BO funds of 4.1. The

parameter of firm experience in regressions (1) to (3) shows, that with an increasing number

of funds a PE firm diversifies its capital more across financing stages. At a certain point the

PE fund no longer invests more than 70% of its capital in one financing stage and thus is

categorized as generalist fund.

Table 5.8: Tobit regression for diversification across financing stages
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across financing stages. In-
dependent variables include rate of return of the MSCI World Index in vintage year, annual rate of return of
the MSCI World Index during investment period, new funds raised in vintage year, firm internationalization,
firm experience, fund size, and time trend. Additionally, the regressions contain dummy variables indicating
funds managed by PE firms with headquarters in Europe, seed/early VC funds, other VC funds, BO funds, and
first-time funds, as well as a constant (not reported). The table reports marginal effects at the sample means
of independent variables. For dummy variables the effect of a discrete change from zero to one is displayed.

Dependent variable:
Diversification across financing stages

(1) (2) (3) (4)

Return msci in vy -0.176 -0.161 -0.112 0.019
(0.156) (0.143) (0.168) (0.111)

Return msci invest period (p.a.) -0.202 -0.207 -0.065 -0.110
(0.171) (0.179) (0.200) (0.153)

Funds raised in vy (log bil. USD 2000) 0.020 0.007 0.046 0.013
(0.028) (0.030) (0.056) (0.026)

Firm internationalization 0.040∗∗∗ 0.039∗∗∗ 0.042∗∗∗ 0.014∗∗∗

(0.010) (0.010) (0.010) (0.005)
Firm experience 0.055∗∗ 0.059∗ 0.065∗∗ 0.008

(0.027) (0.033) (0.029) (0.022)
Fund size (log mil. USD 2000) -0.053∗∗ -0.052∗∗ -0.057∗∗ -0.004

(0.026) (0.026) (0.025) (0.013)
European headquarter (0/1) -0.163∗∗ -0.164∗∗ -0.169∗∗ -0.058

(0.077) (0.076) (0.075) (0.040)
Seed/early VC fund (0/1) -0.257∗∗∗

(0.028)
Other VC fund (0/1) -0.093∗∗∗

(0.025)
Buyout fund (0/1) -0.404∗∗∗

(0.028)
Time trend (1977 = 1) 0.003

(0.006)
First-time fund (0/1) 0.012

(0.048)
Year F.E. No No Yes Yes

Log likelihood 7.15 7.21 11.15 96.84
χ2-statistic 27.22 31.51 85.64 580.89
p-value of χ2-test 0.000 0.000 0.000 0.000
Number of left-censored observations 18 18 18 18
Number of observations 174 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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In contrast to hypothesis 6, fund size has a negative effect on diversification across financing

stages in regressions (1) to (3) which is statistically significant at the 5% level. However, this

result has to be interpreted carefully as controlling for fund types in specification (4) yields to

an insignificant coefficient of fund size. The negative sign for fund size in regression (1) to (3)

can be explained by the characteristics of BO funds in subsample 1. BO funds have the lowest

level of diversification across financing stages (compare specification (4) in Table 5.8), and are

by far the biggest funds (compare Table 5.1). Restricting subsample 1 to VC and generalist

funds, an unreported regression shows a positive coefficient for fund size, which is significant at

the 1% level. A doubling in fund size increases diversification across financing stages by 0.20

standard deviations, holding all other variables at mean. To conclude, fund size has a positive

impact on diversification across financing stages for VC and generalist funds. However, this

relationship is not valid for BO funds.

In specification (1) to (3) PE firms with their headquarters in Europe diversify less across

financing stages than PE firms with their headquarters in the USA. The level of diversification

across financing stages of European PE funds is 0.80 standard deviations less than that of

equivalent US funds, holding all other variables at mean (Table 5.8, column (1)). This result is

in contrast to hypothesis 7. However, the result can be explained by the different distribution

of funds across fund types between European and US funds in subsample 1. Of European

funds 37.5% are BO funds which have by far the lowest level of diversification across financing

stages (compare Table 5.6), whereas for US funds only 20.2% are BO funds. Consequently,

in regression (4) there is no statistical significant difference in diversification across financing

stages between European and US funds at the 10% level (Table 5.8, column (4)).

Finally, regression (4) indicates the same order of fund types according to diversification

across financing stages as the bivariate analysis. BO funds have the least level of diversifica-

tion across financing stages, followed by early stage VC funds, other VC funds, and generalist

funds. The difference between BO funds and generalist funds adds up to 1.97 standard devi-

ations, holding all other variables at their mean. The deviation between seed/early VC funds

and generalist funds averages 1.25 standard deviations, holding all other variables at their

mean. Most similar are other VC funds and generalist funds with a difference of 0.45 standard

deviations, holding all other variables at their mean (Table 5.8, column (4)).

5.4.3 Diversification across industries

5.4.3.1 Descriptive analysis

Diversification across industries measures the distribution of PE funds’ capital across nine

industry segments suggested by Gompers et al. (2005): (1) Internet and Computers, (2) Com-

munications and Electronics, (3) Business and Industrial, (4) Consumer, (5) Energy and Util-

ities, (6) Biotechnology and Healthcare, (7) Financial Services, (8) Business Services, and (9)

Other. The average fund in subsample 1 has a level of diversification across industries of 0.62.
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This value cannot be compared to values of diversification across financing stages or countries

because the number of classes on which HHI is calculated differ.

Table 5.9 contains cross tables and mean comparison test for diversification across industries

and the various groups of funds. According to an one-way analysis of variance the difference

in diversification across industries between the four fund types is statistically significant at the

1% level. Seed/early VC funds have the lowest level of diversification across industries with

a mean of 0.53, succeeded by other VC funds with a mean of 0.63, BO funds with a mean of

0.64, and generalist funds with a mean of 0.67.

European PE funds diversify their capital across industries more than US PE funds. The

difference adds up to 0.084 and is statistically significant at the 1% level. Though first-time

funds have a lower level of diversification across industries than follow-on funds (0.57 com-

pared to 0.63), the hypothesis that first-time funds and follow-on funds have the same level of

diversification across financing stages cannot be rejected at the 10% level.

Moreover, firm internationalization, firm experience, and fund size correlate positively and

statistically significant at the 1% level with diversification across industries (Table 5.10). Pear-

son product-moment correlations are 0.32 for firm internationalization, 0.24 for firm experience,

and 0.24 for firm size. The remaining independent variables do not have statistically significant

correlations with diversification across industries.

Table 5.9: Diversification across industries by fund classifications
The table contains cross tables for diversification across industries and fund classifications. Funds are grouped
according to fund type, headquarters of PE firm, and fund sequence number. For each group number of
observations, mean, and standard deviation are shown. Moreover, the table displays results of mean comparison
tests.

Div. a. industries Mean comparison test

Std. TestObs. Mean
Dev. statistic

p-value

All funds 174 0.618 0.178

Fund typea 5.450 0.0013
Seed/early stage VC 42 0.529 0.176
Other VC 41 0.631 0.135
Buyout 42 0.638 0.160
Generalist 49 0.669 0.201

Headquarters of PE firmb -3.092 0.0027
USA 134 0.599 0.184
Europe 40 0.683 0.139

Fund sequence numberb 1.616 0.1080
First-time 31 0.572 0.185
Follow-on 143 0.628 0.175

a An one-way analysis of variance was applied to compare means. The test statistic is a F-statistic.
b Based on a variance ratio test a double-sided t-test with unequal variances was calculated to compare

means. The test statistic is a t-statistic
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Table 5.10: Correlation analysis for diversification across industries
The table displays Pearson product-moment correlations between diversification across industries and indepen-
dent variables. All correlations are based on 174 observations.

Pearson product-moment correlation

Div. a. industries p-value

Return msci in vy 0.0441 0.5633
Return msci invest period (p.a.) -0.0367 0.6306
Funds raised in vy (log billion USD 2000) -0.0830 0.2764
Firm internationalization 0.3221∗∗∗ 0.0000
Firm experience 0.2356∗∗∗ 0.0018
Fund size (log million USD 2000) 0.2434∗∗∗ 0.0012
Time trend (1977 = 1) -0.1114 0.1434
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%

5.4.3.2 Multivariate analysis

Diversification across industries is measured as HHI equivalent to diversification across financing

stages. It can only take on values between zero and one. Three funds in subsample 1 show a level

of diversification across industries of zero, investing their entire capital in only one industry.

Accordingly, the same Tobit regression model is estimated as for diversification across financing

stages.55 Table 5.11 contains the regression results and displays marginal effects at the sample

means of independent variables, standard errors and summary statistics of the estimations.

Table C.5 in the appendix includes the estimated coefficients. Standard errors in both tables

are robust against the violation of the assumption of homoscedasticity and are adjusted for

50 clusters, i.e., PE firms (White 1980, Rogers 1993). Column (1) presents the basic model.

Column (2) controls for a time trend and first-time funds. In column (3) year fixed effects are

added. The χ2-tests on joint significance of all parameters are significant at the 1% level for all

specifications.

The data does not confirm hypothesis 1, 2 and 3. Neither rate of return of the MSCI World

Index in vintage year, nor annual rate of return of the MSCI World Index during investment pe-

riod, nor new funds raised during vintage year have statistically significant coefficients. Hence,

neither the development of the global economy nor the condition of PE markets at the time of

fund formation do have an impact on diversification across industries in PE funds.

The effect of firm internationalization has the predicted direction on diversification across

industries. However, it is only statistically significant at the 10% level in specification (2)

controlling for a linear time trend. An additional country, in which a PE firm has an office,

increases diversification across industries by 0.06 standard deviations, holding all other variables

at their mean (Table 5.11, column (2)). The opening of a new office seems to lower the set-up

costs, and hence, leads to more diversification.

The same is true for firm experience. A larger experience at the time of fund formation

presumably decreases the set-up costs, and therefore, increases diversification across industries.

55 For a detailed description of the estimated Tobit model see section 5.4.2.2.
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As for diversification across financing stages the set-up cost effect appears to dominate the risk

aversion effect. Though, the effect is only statistically significant at the 10% level in specification

(2). A doubling in fund sequence number rise diversification across industries by 0.39 standard

deviations, holding all other variables at their mean (Table 5.11, column (2)).

Table 5.11: Tobit regression for diversification across industries
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across industries. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
and fund size. Additionally, the regressions contain dummy variables indicating funds managed by PE firms
with headquarters in Europe, seed/early VC funds, other VC funds, BO funds, and first-time funds, as well as
a constant (not reported). The table reports marginal effects at the sample means of independent variables.
For dummy variables the effect of a discrete change from zero to one is displayed.

Dependent variable:
Diversification across industries

(1) (2) (3)

Return msci in vy 0.064 -0.039 -0.010
(0.109) (0.100) (0.110)

Return msci invest period (p.a.) -0.115 -0.046 -0.149
(0.150) (0.149) (0.181)

Funds raised in vy (log bil. USD 2000) -0.035 0.038 0.036
(0.026) (0.035) (0.046)

Firm internationalization 0.010 0.011∗ 0.009
(0.007) (0.007) (0.007)

Firm experience 0.042 0.069∗ 0.046
(0.034) (0.041) (0.034)

Fund size (log mil. USD 2000) 0.024 0.018 0.025
(0.017) (0.017) (0.017)

European headquarter (0/1) 0.085∗ 0.095∗∗ 0.105∗∗

(0.046) (0.046) (0.046)
Seed/early VC fund (0/1) -0.050 -0.046 -0.047

(0.064) (0.063) (0.060)
Other VC fund (0/1) 0.036 0.048 0.047

(0.052) (0.052) (0.053)
Buyout fund (0/1) -0.019 -0.010 -0.023

(0.049) (0.050) (0.050)
Time trend (1977 = 1) -0.014∗∗∗

(0.005)
First-time fund (0/1) 0.044

(0.037)
Year F.E. No No Yes

Log likelihood 66.65 69.23 70.83
χ2-statistic 40.43 45.41 103.98
p-value of χ2-test 0.000 0.000 0.000
Number of left-censored observations 3 3 3
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%

The regressions corroborate hypothesis 7, supposing that European funds are more diversi-

fied across industries than their US counterparts. The level of diversification across industries

of European PE funds is 0.48 standard deviations larger than that of equivalent US PE funds,

holding all other variables at their mean (Table 5.11, column (1)). The effect is significant
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at least at the 5% level and stable across all specifications. The relative lack of attractive

investment opportunities in one investment cluster between a European country and the USA

economy forces European PE firms to diversify their capital across more industries than their

US counterparts. A further incentive fostering diversification across industries in European PE

funds is the absence of a pan-European fund structure. The different tax laws of European

countries make the structuring and administration of transactions outside the home country

of a PE fund complicated and expensive (Commission 2005). Hence, European PE firms may

prefer diversification across industries to diversification across countries.

Although neither seed/early VC funds, nor other VC funds, nor BO funds show a level

of diversification across industries statistically different from generalist funds, a Wald test on

the joint significance of the fund type dummies is statistically significant at the 10% level

in specification (2) with a p-value of 0.078 and in specification (3) with a p-value of 0.89.

As expected, seed/early VC funds have the lowest level of diversification across industries.

In contrast, other VC funds show the highest level of diversification across industries. BO

funds and generalist funds lie between the extremes with similar levels of diversification across

industries. The difference between the extremes adds up to 0.53 standard deviations, holding

all other variables at their mean (Table 5.11, column (2)). This order describes one of the

specialities of seed and early stage VC investing. Since seed and early stage projects are still

in product or technical development, it is very difficult to assess the technical success of the

project. In order to be able to select successful projects, seed/early VC funds significantly have

to invest in specialized knowledge. As soon as the companies start producing and shipping, the

technical uncertainties mainly disappear, and hence, the set-up costs for interacting in different

industries fall drastically. This explains the high level of diversification across industries in

other VC funds compared to seed/early VC funds.

Finally, during the sample period PE funds have become less diversified across industries.

The linear time trend in specification (2) has a negative coefficient which is statistically sig-

nificant at the 1% level. An additional year decreases diversification across industries by 0.08

standard deviations, holding all other variables at their mean (Table 5.11, column (2)).

5.4.4 Diversification across countries

5.4.4.1 Descriptive analysis

While diversification across financing stages or industries is possible within one country, diver-

sification across countries forces PE firms to cross borders. The variable diversification across

financing stages measures the distribution of PE funds’ capital across the countries in which

their portfolio companies have their main operations. Mean diversification across countries in

subsample 1 sums up to 0.16. Arranging fund types by diversification across countries in an

ascending order leads to the following sequence: (1) other VC funds with a mean of 0.14, (2)

seed/early VC funds with a mean of 0.15, (3) BO funds with a mean of 0.16, and (4) gener-
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alist funds with a mean of 0.19. However, according to an one-way analysis of variance, the

differences in means are not statistically significant (Table 5.12).

Table 5.12: Diversification across countries by fund classifications
The table contains cross tables for diversification across countries and fund classifications. Funds are grouped
according to fund type, headquarters of PE firm, and fund sequence number. For each group number of
observations, mean, and standard deviation are shown. Moreover, the table displays results of mean comparison
tests.

Div. a. countries Mean comparison test

Std. TestObs. Mean
Dev. statistic

p-value

All funds 174 0.157 0.217

Fund typea 0.440 0.7215
Seed/early stage VC 42 0.147 0.201
Other VC 41 0.135 0.227
Buyout 42 0.155 0.242
Generalist 49 0.185 0.201

Headquarters of PE firmb -4.774 0.0000
USA 134 0.109 0.176
Europe 40 0.318 0.260

Fund sequence numberb 2.647 0.0103
First-time 31 0.083 0.156
Follow-on 143 0.173 0.225

a An one-way analysis of variance was applied to compare means. The test statistics is a F-statistic.
b Based on a variance ratio test a double-sided t-test with unequal variances was calculated to compare

means. The test statistic is a t-statistic.

There is a huge difference in diversification across countries between PE funds managed

by European and US PE firms. Whereas the average level of diversification across countries

in European PE funds totals up to 0.32, diversification across countries in US PE funds only

averages 0.11. A mean comparison test is statistically significant at the 1% level. The large

difference supports the hypothesis that the relatively small economies in Europe force PE firms

to invest a significant fraction of their capital outside their home country.

Moreover, firm experience seems to play a significant role in diversification across countries.

First-time funds have a statistically significant lower level of diversification across countries

than follow-on funds at the 5% level (0.08 compared to 0.17).

Correlation analysis shows significant Pearson product-moment correlations between diver-

sification across countries and the following variables: new funds raised in vintage year, firm

internationalization, firm experience, fund size, as well as time trend. All correlations are sta-

tistically significant at the 1% level except for the relationship between diversification across

countries and firm experience, which is statistically significant at the 5% level (Table 5.13).

The positive correlations of firm internationalization, firm experience, and fund size with di-

versification across countries are in line with expectations. However, the positive sign of the
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correlation between new funds raised and diversification across countries is at odds with the

argumentation of hypothesis 3 supposing a negative relationship between both variables.

Table 5.13: Correlation analysis for diversification across countries
The table displays Pearson product-moment correlations between diversification across countries and indepen-
dent variables. All correlations are based on 174 observations.

Pearson product-moment correlation

Div. a. countries p-value

Return msci in vy -0.0304 0.6903
Return msci invest period (p.a.) -0.0856 0.2617
Funds raised in vy (log billion USD 2000) 0.2561∗∗∗ 0.0006
Firm internationalization 0.5339∗∗∗ 0.0000
Firm experience 0.1501∗∗ 0.0480
Fund size (log million USD 2000) 0.2728∗∗∗ 0.0003
Time trend (1977 = 1) 0.2907∗∗∗ 0.0001
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%

5.4.4.2 Multivariate analysis

To evaluate the impact of the independent variables on diversification across countries in a

multivariate analysis, I estimate the same Tobit regression, which is used to study diversification

across financing stages and across industries.56 A remarkable large fraction of 71 PE funds in

subsample 1 are left-censored at a level of diversification across countries of zero investing their

capital in only one country. Of these, 63 are US PE funds and 8 European PE funds. Table

5.14 displays the results of the Tobit regressions. It contains marginal effects at the sample

means of independent variables, standard errors and summary statistics for three specifications.

Table C.6 in the appendix contains the estimated coefficients. Standard errors in both tables

are robust against the violation of the assumption of homoscedasticity and adjusted for 50

clusters, i.e., PE firms (White 1980, Rogers 1993). Regression (1) is the basic model. In

specification (2) I introduce time trend and a dummy variable for first-time funds as control

variables. Regression (3) controls for year fixed effects. The χ2-tests on joint significance of all

parameters are significant at the 1% level for all specifications.

In line with hypothesis 1, a well performing global economy during fund formation is as-

sociated with a lower level of diversification across countries. An one standard deviation rise

in rate of return of the MSCI World Index in vintage year leads to a decline in diversification

across countries by 0.14 standard deviations, holding all other variables at their mean (Table

5.14, column (1)).57 The effect is statistically significant at the 1% level and stable across all

specifications. At odds, annual rate of return of the MSCI World Index during the investment

period has no statistically significant impact on diversification across countries. The two results

suggest that the level of diversification across countries is set during fund formation. PE firms

appear not to make major corrections during the investment period.

56 A detailed description of the estimated Tobit regression can be found in section 5.4.2.2.
57 The marginal and discrete effects in this subsection are interpreted relative to the standard deviation of

diversification across countries of 0.217 in subsample 1.
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In regression (1) the amount of new funds raised in the vintage year has a positive effect

on diversification across countries, which is statistically significant at the 5% level. A doubling

in the amount of new funds raised in the vintage year increases diversification across countries

by 0.17 standard deviations, holding all other variables at their mean, contradicting hypothesis

3 (Table 5.14, column (1)). However, the effect loses its significance when controlling for time

trend or fixed year effects. The insignificance of the amount of new funds raised in specification

(2) and (3) can be explained by the high correlation between new funds raised in vintage year

and time trend (compare Table C.1). Over the sample period, PE funds increased diversification

across countries. At the same time the amount of new funds raised grew nearly constantly

enabling two possible explanations. On the one hand, a general development in the PE market

led to the rise in new funds raised, which then might have caused the increase in diversification

across countries. On the other hand, the general development might has accounted for both

the rise in new funds raised and the increase in diversification across countries. Due to the high

collinearity between the logarithm of new funds raised in vintage year and time trend it is not

possible to distinguish between the two explanations. A Wald test on the joint significance of

the logarithm of new funds raised in vintage year and time trend is significant at a 10% level

in specification (2).

According to hypothesis 4, firm internationalization correlates positively with diversification

across countries. An additional country increases diversification across countries by 0.13 stan-

dard deviations, holding all other variables at their mean (Table 5.14, column (1)). The effect

is statistically significant at the 1% level and confirms the observation of Gupta & Sapienza

(1992) that bigger PE firms prefer broader geographic scope of their investments relative to

smaller PE firms.

Contrary to correlation analysis firm experience has no significant influence on diversification

across countries. The positive correlation between the two variables can be entirely explained

by the other variables in the regression analysis.

Fund size has the expected effect on diversification across countries. A doubling in fund size

increases diversification across countries by 0.18 standard deviations, holding all other variables

at their mean (Table 5.14, column (1)). The effect is statistically significant at the 5% level

and robust against the introduction of control variables.

Because of the relatively small size of European economies, European PE firms face a limited

quantity of attractive investment opportunities in their home country. They are forced to

diversify their capital across countries more than their US counterparts. Accordingly, the level

of diversification across countries of European PE funds is 0.61 standard deviations higher than

that of equivalent US PE funds, holding all other variables at mean (Table 5.14, column (1)).

The effect is statistically significant at the 5% level in regressions (1) and (2). In specification

(3) it is only statistically significant at the 10% level.

Under ceteris paribus assumptions, seed/early VC funds have the highest level of diversi-

fication across countries, followed by other VC funds and generalist funds. BO funds display
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Table 5.14: Tobit regression for diversification across countries
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across countries. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
fund size, and time trend. Additionally, the regressions contain dummy variables indicating funds managed by
PE firms with headquarters in Europe, seed/early VC funds, other VC funds, BO funds, and first-time funds,
as well as a constant (not reported). The table reports marginal effects at the sample means of independent
variables. For dummy variables the effect of a discrete change from zero to one is displayed.

Dependent variable:
Diversification across countries

(1) (2) (3)

Return msci in vy -0.299∗∗∗ -0.273∗∗∗ -0.265∗∗∗

(0.112) (0.101) (0.099)
Return msci invest period (p.a.) -0.048 -0.065 0.098

(0.153) (0.159) (0.203)
Funds raised in vy (log bil. USD 2000) 0.036∗∗ 0.014 0.041

(0.018) (0.041) (0.041)
Firm internationalization 0.029∗∗∗ 0.029∗∗∗ 0.029∗∗∗

(0.011) (0.010) (0.009)
Firm experience 0.008 0.004 0.007

(0.031) (0.045) (0.027)
Fund size (log mil. USD 2000) 0.040∗∗ 0.042∗∗ 0.037∗∗

(0.019) (0.020) (0.018)
European headquarter (0/1) 0.133∗∗ 0.130∗∗ 0.114∗

(0.064) (0.066) (0.062)
Seed/early VC fund (0/1) 0.102∗ 0.102∗ 0.097∗

(0.056) (0.056) (0.051)
Other VC fund (0/1) 0.047 0.045 0.055

(0.052) (0.049) (0.050)
Buyout fund (0/1) -0.034 -0.036 -0.023

(0.032) (0.031) (0.032)
Time trend (1977 = 1) 0.004

(0.009)
First-time fund (0/1) -0.005

(0.051)
Year F.E. No No Yes

Log likelihood -39.8 -39.6 -36.8
χ2-statistic 68.7 92.4 437.2
p-value of χ2-test 0.000 0.000 0.000
Number of left-censored observations 71 71 71
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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the lowest level of diversification across countries. The difference between seed/early VC funds

and BO funds adds up to 0.63 standard deviations (Table 5.14, column (1)). A Wald-test on

joint significance of the fund type dummies rejects the hypothesis that there are no differences

in diversification across countries between fund types at the 1% level. The observed order is

contrary to hypothesis 8, which suggests that seed/early funds are least diversified and general-

ists most diversified. There are two alternative views explaining the results. On the one hand,

the set-up costs for entering a new country might be increasing with the development stage of

companies instead of decreasing. However, I cannot present a rationale for this argument. On

the other hand, the risk associated with investments in portfolio companies might decline with

their development from seed to BO transactions (Kaserer & Diller 2004c). My results suggest

that PE firms predominantly involved in early stage financing diversify the high risk of their

portfolio companies by spreading their investments across countries.

5.5 ‘Dynamic’ diversification across time

5.5.1 Determinants of ‘dynamic’ diversification

‘Dynamic’ diversification across time measures the value-weighted period of time in which

PE funds spend their capital. It adds a dynamic perspective to diversification acknowledging

changes in the economic conditions over the lifetime of a PE fund. Cumming et al. (2004) claim

that PE firms should be able to diversify the liquidity risk of its funds by investing over a long

period of time.

In times of a well performing economy, exit markets are in good condition. The IPO market

is ‘open’ and high prices can be achieved in trade sales. Accordingly, PE firms consider the

liquidity risk of their portfolio companies to be low and want to use the exit window before it

closes. Hence, I propose:

H1: The higher the rate of return of the MSCI World Index during the vintage year of a PE

fund, the less diversified is its portfolio across time.

A PE firm may change its perception of future exit markets when there is a significant change

in the development of the global economy. The PE firm may respond to changes in the global

economy and try to adjust its portfolio strategy. The possibility of making adjustments is

limited to the investment period of a fund:

H2: The higher the annual rate of return of the MSCI World Index during the investment

period of a PE fund, the less diversified is its portfolio across time.

A large quantity of money flowing into the PE industry indicates a positive perception of

future investment opportunities. The more attractive investment opportunities are available,

the faster PE firms are able to invest their capital:
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H3: The higher the amount of new funds raised during the vintage year of a PE fund, the less

diversified is its portfolio across time.

With each fund a PE firm accumulates experience. It enlarges its network and its reputation

among entrepreneurs. The larger the network and reputation of a PE firm, the more attractive

investment opportunities it receives per unit of time. As a consequence, experienced PE firms

are capable of spending their capital at a faster rate than unexperienced PE funds, leading to:

H4: The more experience a PE firm has at the time of fund formation, the less diversified is

its portfolio across time.

I do not expect an impact of firm internationalization and fund size on diversification across

time. Also, I presume no differences in diversification across time neither between US and

European PE funds nor between fund types.

5.5.2 Descriptive analysis

Diversification across time is measured as the value-weighted average of the time spans between

each portfolio companies’ date of investment and the date of investment of the first investment

of a fund. The average PE fund in subsample 1 diversifies its capital across 20.5 months. There

is a huge difference between the fastest and slowest investing fund in the sample. The fastest

investing fund spends its money in only 4.0 months whereas the slowest investing fund reaches

a weighted average of 46.5 months (Table 5.2). Table 5.15 displays summary statistics and

mean comparison tests for the different classifications of funds.

Seed/early VC funds invest their capital the fastest with a mean of 17.2 months. On the

contrary, the highest diversification across time is shown by generalist funds with a mean of

23.6 months. Other VC funds and BO funds lie between the two extremes with means of 19.5

and 21.3 months, respectively. According to an one-way analysis of variance the differences

in means are statistically significant at the 1% level. In contrast, there is no statistically

significant difference in the level of diversification across time between PE funds managed by

US and European PE firms. US funds invest their capital only slightly faster than European

funds in 20.3 months compared to 21.1 months. Similarly, the difference in diversification

across time between first-time funds and follow-on funds is not statistically significant. First-

time funds spend their capital on average in 20.4 months, whereas follow-on funds invest their

money in 20.9 months.

Diversification across time has negative and statistically significant Pearson product-

moment correlations at the 1% level with the following variables: rate of return of the MSCI

World index during vintage year, new funds raised in vintage year, fund size, and time trend

(Table 5.16). The correlation between diversification across time and rate of return of the MSCI

World Index during investment period is also negative, but only statistically significant at the
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Table 5.15: Diversification across time by fund classifications
The table contains cross tables for diversification across time and fund classifications. Funds are grouped
according to fund type, headquarters of PE firm, and fund sequence number. For each group number of
observations, mean, and standard deviation are shown. Moreover, the table displays results of mean comparison
tests.

Div. across time Mean comparison test

Std. TestObs. Mean
Dev. statistic

p-value

All funds 174 20.5 9.4

Fund typea 4.030 0.0084
Seed/early stage VC 42 17.2 9.2
Other VC 41 19.5 8.8
Buyout 42 21.3 9.3
Generalist 49 23.6 9.3

Headquarters of PE firmb -0.461 0.6451
USA 134 20.3 9.8
Europe 40 21.1 7.9

Fund sequence numberb -0.260 0.7951
First-time 31 20.4 9.6
Follow-on 143 20.9 8.4

a An one-way analysis of variance was applied to compare means. The test statistics is a F-statistic.
b Based on a variance ratio test a double-sided t-test with equal variances was calculated to compare means.

The test statistic is a t-statistic.

10% level. There is neither a significant correlation between diversification across time and firm

internationalization nor between diversification across time and firm experience.

Table 5.16: Correlation analysis for diversification across time
The table displays Pearson product-moment correlations between diversification across time and independent
variables. All correlations are based on 174 observations.

Pearson product-moment correlation

Div. a. time p-value

Return msci in vy -0.2354∗∗∗ 0.0018
Return msci invest period (p.a.) -0.1424∗ 0.0609
Funds raised in vy (log billion USD 2000) -0.4021∗∗∗ 0.0000
Firm internationalization 0.0531 0.4862
Firm experience -0.0192 0.8016
Fund size (log million USD 2000) -0.2885∗∗∗ 0.0001
Time trend (1977 = 1) -0.3629∗∗∗ 0.0000
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%

5.5.3 Multivariate analysis

In order to test hypotheses 1 to 4 an OLS regression analysis is used. The linear model estimated

has the following form:
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diversification across time = β0 +
K∑

k=1

βk · xk + ε (5.5)

with β0 = constant,
βk = parameter of independent variable xk,
xk = independent variables (compare Table 5.17), and
ε = residual.

I estimate again three specifications: Regression (1) is the basic model, specification (2)

controls for time trend and first-time funds, and regression (3) adds year fixed effects. Table

5.17 summarizes the regression results. It displays the estimated parameters, standard errors,

and summary statistics. Standard errors in both tables are robust against the violation of the

assumption of homoscedasticity and are adjusted for 50 clusters, i.e., PE firms (White 1980,

Rogers 1993). The F-tests on joint significance of all parameters are significant at the 1% level

for all specifications. Moreover, regression (3) explains 53% of the variance in diversification

across time.

Hypothesis 1 and 2 are confirmed by the data. In times of a well performing economy PE

firms perceive a low liquidity risk of their investments and want to use the open exit window.

Hence, the better the global economy is performing during the vintage year and the investment

period of a PE fund, the faster PE firms spend their capital. A rise of one standard deviation in

rate of return of the MSCI World Index during vintage year decreases diversification across time

by 1.3 months, ceteris paribus (Table 5.17, column (1)). The effect is statistically significant

at the 5% level. An increase of one standard deviation in annual rate of return of the MSCI

World Index during investment period leads to a decline of 2.9 months in diversification across

time, all else equal (Table 5.17, column (1)). The effect is statistically significant at the 1%

level. These results hold when control variables are included.

According to hypothesis 3, a large amount of new funds raised in the vintage year of a

PE fund leads to faster investing. A doubling in new funds raised in vintage year declines

diversification across time by 2.8 months, all else equal (Table 5.17, column (1)). However,

the effect is not robust against the introduction of time trend and year fixed effects. The

insignificance of the amount of new funds raised in specification (2) and (3) can be explained

by the high correlation between new funds raised in vintage year and time trend (compare

Table C.1). During the sample period there has been a trend of faster investing and at the

same time a growth in new funds raised. Because of the cross-sectional design of the analysis,

it is not possible to decide whether the growth in the amount of new funds raised caused

the acceleration in investment time or whether both have been caused simultaneously through

the general development of the PE industry during the sample period. A F-test on the joint

significance of the logarithm of new funds raised in vintage year and time trend is significant

at the 1% level in specification (2).

Hypothesis 4 suggests that experienced PE firms spend their capital faster than unex-

perienced PE firms because of a larger network and better reputation among entrepreneurs.
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Table 5.17: OLS regression for diversification across time
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across time. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
fund size, and time trend. Additionally, the regressions contain dummy variables indicating funds managed by
PE firms with headquarters in Europe, seed/early VC funds, other VC funds, BO funds, and first-time funds,
as well as a constant. The table reports marginal effects.

Dependent variable:
Diversification across time

(1) (2) (3)

Return msci in vy -12.951∗∗ -14.510∗∗ -14.123∗∗∗

(5.904) (6.434) (5.027)
Return msci invest period (p.a.) -37.810∗∗∗ -37.137∗∗∗ -30.112∗∗∗

(8.827) (9.466) (12.000)
Funds raised in vy (log bil. USD 2000) -2.833∗∗∗ -1.500 -0.764

(0.817) (2.370) (1.925)
Firm internationalization 0.247 0.259 0.215

(0.263) (0.264) (0.239)
Firm experience 2.967∗∗∗ 2.714∗∗ 2.499∗∗∗

(1.105) (1.807) (0.744)
Fund size (log mil. USD 2000) -3.505∗∗∗ -3.596∗∗∗ -2.781∗∗∗

(0.811) (0.861) (0.744)
European headquarter (0/1) -1.791 -1.634 -2.122

(1.703) (1.719) (1.803)
Seed/early VC fund (0/1) -6.995∗∗∗ -7.138∗∗∗ -5.399∗∗∗

(2.008) (2.016) (1.706)
Other VC fund (0/1) -4.295∗∗ -4.243∗∗∗ -3.529∗∗

(1.800) (1.852) (1.511)
Buyout fund (0/1) 0.607 0.603 0.046

(1.290) (1.296) (1.520)
Time trend (1977 = 1) -0.268

(0.485)
First-time fund (0/1) -0.986

(2.560)
Constant 53.598∗∗∗ 54.030∗∗∗ 44.028∗∗∗

(4.709) (4.954) (7.455)
Year F.E. No No Yes

F-statistic 22.637 19.903 22.195
p-value of F-test 0.000 0.000 0.000
R2 0.414 0.417 0.526
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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However, firm experience has the opposite effect in all three specifications. A doubling in

fund sequence number extends diversification across time by 3.0 months, ceteris paribus (Table

5.17, column (1)). The effect is statistically significant at the 1% level and stable across all

specifications in direction and magnitude. Gompers (1996) gives a potential reason for the

positive effect: grandstanding of young VC firms. He reports young VC firms to rush their

successful portfolio companies to IPOs in order to signal their ability to investors and, hence,

to increase the fundraising success of their subsequent fund. Experienced VC firms with a long

track record hold their portfolio companies longer before taking them public. The probability

of an early and successful exit via an IPO or trade sale increases the faster a young PE firm

invests its money. Consequently, the higher incentive for unexperienced PE firms to grandstand

compared to experienced PE firms may lead to less diversification across time in PE funds with

low sequence numbers than for PE funds with high sequence numbers.

Contrary to expectations, I find a negative relationship between fund size and diversification

across time. The effect is significant at the 1% level and holds in all specifications. A doubling

in fund size reduces diversification across time by 3.5 months, all else equal (Table 5.17, column

(1)). One possible explanation for this result is that fund size is a proxy for the success of a

PE firm. Kaplan & Schoar (2005) have shown that fund size correlates positively with the

performance of preceding funds managed by the same PE firm. Successful PE firms with

bigger funds receive more attractive investment opportunities, and hence, are able to spend

their money at a higher rate than less successful PE firms with smaller funds explaining the

negative relation between fund size and diversification across time.

Finally, under the ceteris paribus assumption VC funds spend their capital faster than BO

and generalist funds. PE funds focusing on seed and early stage VC invest their capital in

7.0 months less time than generalist funds. Other VC funds need on average 4.3 months less

to spend their capital compared to generalist funds (Table 5.17, column (1)). The differences

are statistically significant at least at the 5% level. BO funds do not differ significantly from

generalist funds in terms of diversification across time. The effects are robust in direction and

magnitude against the introduction of control variables. Though the results are not intuitive,

one might think of three possible explanations. First, the necessary holding period to grow

an early stage company is longer than the period to harvest a BO company. Given the usual

lifetime of ten plus two years of potential prolongation for all PE funds, VC funds would be

consequently forced to spend their money faster. However, calculating the holding period for

all entirely exited portfolio companies (i.e., with a residual value of zero) in the sample tells

the opposite story. The mean holding period for seed and early stage VC investments are 50.6

months (1,288 observations), for later stage VC investments 54.9 months (1,315 observations)

and for BO investments 56.3 months (1,095 observations). Secondly, the selection, evaluation,

and negotiation process for BO deals is more time consuming than for VC transactions. Al-

though established companies contain less technological and market uncertainties than young

companies in their first development stage, the size and complexity of BO transactions makes

selection and evaluation very time consuming. Thirdly, the difference in diversification across
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time between VC funds and BO funds might reflect a cultural difference between the VC and

BO business.

5.6 Summary: importance of market conditions and

firm characteristics

Though very different levels of diversification can be observed across PE funds, not much is

known on the choice of portfolio strategies by PE firms. This chapter aims at understanding

external factors influencing expectations and preferences of PE firms during fund formation.

Since, expectations and preferences of PE firms are unobservable, the impact of external factors

on the observed level of diversification of PE funds is evaluated. The results show that the

conditions of public stock and PE markets at fund formation have only a limited impact on

the portfolio strategies applied by PE firms, whereas characteristics of PE firms and PE funds

explain a large part of the level of diversification in PE funds. Table 5.18 summarizes the results

of the regression analyses. A plus represents a positive and a minus a negative relationship

between the pair of variables. Signs are only displayed if the relation is statistically significant at

least at the 10% level. For fund types the joint significance in a Wald test is considered. A sign

in parentheses denotes that the effect is only significant in some of the estimated specifications.

Table 5.18: Summary of regression analyses of chapter 5
The tables summarizes the results of the regression analyses conducted in this chapter. A plus represents a
positive and a minus a negative relationship between the pair of variables. Signs are only displayed if the
relation is statistically significant at least at the 10% level. For fund types the joint significance in a Wald
test is considered. A sign in parentheses denotes that the effect is only significant in some of the estimated
specifications.

No. Div. a. Div. a. Div. a. Div. a.
of pcs fin. stages industries countries time

Economic environment and PE market condition
Return msci in vy - -
Return msci invest period (-) -
Funds raised in vy (+) (-)

PE firm and fund characteristics
Firm internationalization + + (+) +
Firm experience (+) + (+) +
Fund size + +a + -
European headquarters + +
Seed/early VC fund + -b (-) + -
Other VC fund + -b (+) + -
BO fund - -b (-) - +

a Relationship is only valid for VC and generalist funds.
b Relationship holds per definition.

PE firms adjust their speed of investment according to the development of the global econ-

omy and its public stock markets. Diversification across time declines substantially with an

increase in rate of return of the MSCI World Index in vintage year as well as annual rate of

return of the MSCI World Index during investment period. In ‘boom’ times of the global econ-
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omy, PE firms invest very quickly in order to benefit from good exit opportunities. In contrast,

neither ‘naive’ nor ‘systematic’ diversification vary considerably with the development of the

global economy. Only diversification across countries decreases with a growing rate of return

of the MSCI World Index in vintage year and number of portfolio companies declines with an

increasing rate of return of the MSCI World Index during investment period.

PE market condition has a weak influence on portfolio strategies applied by PE firms.

Only diversification across financing stages and diversification across time correlate significantly

with the annual amount of new funds raised worldwide by the PE industry. The level of

diversification across countries rises, while diversification across time decreases with an increase

in new funds raised in vintage year. Since the amount of new funds raised by the PE industry

has grown nearly steadily over the sample period, these results are associated with a general

development in portfolio strategies of PE firms over the period from 1977 to 2000. Introducing

a linear time trend in the regression analysis, portfolio strategies show the following pattern

over the sample period: PE funds invested in fewer portfolio companies, at a higher speed, and

more specialized on industries. However, they have become more international and globalized.58

Firm internationalization has a clear impact on the level of diversification in PE funds. A

larger number of international subsidiaries is associated with an increase in number of portfolio

companies, as well as in ‘systematic’ diversification across financing stages, industries, and

countries. There is no influence of firm internationalization on diversification across time.

Equivalently, firm experience leads to a higher level of ‘naive’ and ‘systematic diversification

in PE funds. The regressions find positive and significant relations between firm experience

and number of portfolio companies, diversification across financing stages and industries. Ad-

ditionally, the effect of firm experience on diversification across countries has a positive sign,

although it is not statistically significant. The experience PE firms attain with the manage-

ment of each additional fund presumably lowers their set-up costs for the investment clusters

they had invested in, and hence, gives space for entering new investment clusters. The positive

sign for number of portfolio companies can be explained through an increasing reputation with

firm experience. The reputation enhances proprietary deal flow and raises bargaining power of

experienced PE firms, resulting in lower prices for companies. Furthermore, there is a positive

influence of firm experience on diversification across time. The incentives for young PE firms

to present their investors successful exits early in the life time of their funds appear to enhance

their rate of investment.

Fund size, in terms of total commitments, has also a clear impact on portfolio strategies of

PE funds. The bigger a PE fund is, the more portfolio companies it contains and the more

diversified it is across financing stages and countries.59 Furthermore, bigger PE funds invest

their capital faster than smaller PE funds.

58 In the regressions run in this section, I tried to distinguish between the time trend and the variation in new
funds raised in vintage year. However, because of the high collinearity between both variables, it is not
possible to disentangle both effects.

59 The positive relationship between fund size and diversification across financing stages is only valid for VC
and generalist funds. It can not be observed for BO funds.
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Moreover, the findings back the hypothesis that European PE funds compose their portfo-

lios differently than US PE funds. Though European PE funds invest in an equal quantity of

portfolio companies and with an equal speed as their US counterparts, they show differences

according to ‘systematic’ diversification. European PE firms diversify their funds across indus-

tries and countries more than equivalent US PE funds. The relatively small economies of the

European countries, compared to the US economy, force European PE firms to spread their

funds more across industries and countries than their US counterparts.

Finally, portfolio strategies differ between fund types. Ranking fund types according to

diversification across number of portfolio companies, industries, and countries creates the fol-

lowing pattern: Diversification in PE funds declines with the development stage of funded

portfolio companies from seed/early stage VC funds to other VC funds, from other VC funds

to generalist funds, and from generalist funds to BO funds.60 PE firms focusing on early stage

transactions seem to compensate the higher risk of their investments through a higher level of

diversification compared to PE firms predominantly involved in later stage transactions. There

is one interesting exception to this order: Seed/early VC funds have the lowest level of diver-

sification across industries relative to the other fund types, describing one of the specialities

of seed and early stage VC investing. Since seed and early stage projects are still in product

or technical development, it is very difficult to assess the technical success of the project. In

order to be able to select successful projects, seed/early VC firms have to invest significantly

in specialized knowledge in very few industries. As soon as the companies start producing and

shipping, the technical uncertainties mainly disappear. Hence, the high specialization is not

necessary any more and more diversification across industries, i.e., a less risky portfolio strategy

is preferred by PE firms focused on later development stages. Diversification across time ranks

fund types in the opposite order. Seed/early VC funds invest their capital fastest, followed by

other VC, generalist, and BO funds. The evaluation, selection, and negotiation process for BO

investments appears to be more time consuming than for VC investments.

The analysis presented in this chapter contributes to the stream of literature aiming

to understand the investment behavior of PE firms (Gupta & Sapienza 1992, Norton &

Tenebaum 1993, Ljungqvist & Richardson 2003b, Cumming 2004, and others). The chap-

ter gives a thorough picture of the choice of portfolio strategies by PE funds. It is shown that

‘naive’ and ‘systematic’ diversification of a PE fund are mainly related to the characteristics of

PE firms and funds. In contrast, diversification across time is predominantly an opportunistic

reaction to market conditions. The results offer PE firms as well as investors valuable insights.

PE firms are able to question their own behavior in comparison to the results. Investors are

enabled to predict more accurately the portfolio strategies of PE funds in order to allocate their

capital according to their own investment strategy.

The results open paths for future research on portfolio strategies of PE firms. One interesting

question, which could not be analyzed here, is the influence of the management team of a PE

60 Diversification across financing stages is not interpreted because the ranking is caused by the definition of
fund types.
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firm on the portfolio strategy of a PE fund. How much impact do education and professional

experience of the management team have on the level of diversification of PE funds? Moreover,

how much influence do limited partners have on portfolio strategies of a PE fund? The more

limited partners are involved in a PE fund, the more preferences compete, and hence, the

more diversified a fund should be. Another important issue for future research is to compare

the portfolio strategy communicated during fundraising and the portfolio strategy actually

employed by a PE firm. Possible research questions in this field are: Do PE firms stick to their

portfolio strategies communicated during fundraising or do they deviate from their plans? What

determines observed discrepancies? Are changes in the portfolio strategy done in agreement

with investors or not? Finally, do changes in the portfolio strategy have an impact on the

performance of a PE fund? Exploring these questions will provide a deeper understanding of

the investment behavior of PE firms.
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Chapter 6

Performance of private equity funds:
does diversification matter?

6.1 Introduction

There is a large and growing literature analyzing the return of PE investing (Cochrane 2005,

Ljungqvist & Richardson 2003a, Ljungqvist & Richardson 2003b, Cumming & Walz 2004, Ick

2005, Jones & Rhodes-Kropf 2003, Kaplan & Schoar 2005, Kaserer & Diller 2004c, Gottschalg

et al. 2004).61 The majority of these articles study the relative performance of PE compared

to public markets. There is less understanding about the impact of diversification on the

performance of PE funds. In this chapter, I try to fill this gap by examining the influence of

diversification on the rate of return, intra-fund variation of return, and shortfall probability of

PE funds.

In the literature two statements can be found about the relationship between diversification

and performance of PE funds. One view is that PE funds should focus on specific industries and

countries in order to acquire specialized knowledge. The expertise is necessary to overcome the

information asymmetries and principal agent problems inherent in the selection and oversight of

private companies. By means of this specialization, PE firms are able to make superior selection

decisions and to manage the risk of their funds (Gupta & Sapienza 1992, Norton & Tenebaum

1993). A contrary view is provided by modern portfolio theory (Markowitz 1952, Markowitz

1959, Sharpe 1964, Lintner 1965). It states that an investor can diversify the unsystematic risk

of its portfolio by investing in assets with different characteristics.62 Modern portfolio theory

accounts for the fact that the risk of a portfolio depends not only on the variance of its assets,

but also on the covariances between these assets. Since PE funds are portfolios of risky assets,

their total risk should decrease with diversification. This view is corroborated by the studies

of Weidig & Mathonet (2004) and Schmidt (2004) which report risk reduction through ‘naive’

diversification.

61 For a detailed summary of the literature compare chapter 2.
62 Strictly, this is only true if the rates of return of different assets do not perfectly correlate. However, in

reality this will be always the case.
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In chapter 3, I developed a model based on modern portfolio theory which combines both

views. ‘Systematic’ diversification across industries, countries or financing stages lowers the risk

of a PE fund but is costly. Each PE firm chooses the level of diversification which maximizes

its expected utility depending on the expected rate of return and risk of the PE fund. As a

result, some PE firms will prefer less diversified funds than others although this might involve

a substantial quantity of risk.

The objective of this chapter is twofold: First, it aims at studying the impact of diversifi-

cation on PE funds’ performance empirically. Due to the illiquidity of PE markets, it is not

possible to calculate total risk in terms of variation of PE funds’ valuation over time. As a

consequence, I evaluate the influence of diversification on three performance measures which

rely on the cash flow history of PE funds: rate of return, intra-fund variation of return, and

shortfall probability. Secondly, the chapter aims at analyzing the relationship between rate of

return and intra-fund variation of return, as well as rate of return and shortfall probability,

controlling for a variety of variables.

The remainder of the chapter is as follows: section 6.2 briefly reviews previous research and

derives a set of hypotheses for the empirical analysis. Section 6.3 summarizes the subsample

used in this chapter and shows summary statistics on key variables. The multivariate analysis

is presented in section 6.4. Section 6.5 concludes the chapter, discusses implications of the

findings, and indicates caveats of the analysis.

6.2 Impact of diversification on private equity funds’

performance

This section aims at deriving hypotheses on the relationship between diversification and per-

formance of PE funds. In order to do so, the first part briefly revises results of previous studies

on determinants of PE funds’ performance. In the second part, I derive a set of hypotheses for

the empirical analysis conducted in this chapter.

Since the year 2000, the number of articles on the rate of return of PE investments has

grown steadily revealing the following characteristics:63 Firstly, Kaplan & Schoar (2005) and

Gottschalg et al. (2004) report a positive and concave relationship between fund size and rate of

return of PE funds. The concave shape of the relationship suggests a decreasing return to scale

of fund size. Secondly, their results also suggest a positive impact of firm experience on the

rate of return of PE funds. The more experience a PE firm has at the time of fund formation,

the higher the rate of return of PE funds, ceteris paribus. Thirdly, Kaserer & Diller (2004c)

find a negative influence of the annual rate of return of the MSCI Europe Index in the vintage

year of European PE funds on their rate of return. Fourthly, an increasing amount of new

funds raised by the PE industry in the vintage year of a PE fund is associated with a rise of

its rate of return (Kaserer & Diller 2004c, Gottschalg et al. 2004). Moreover, Gottschalg et al.

63 For a detailed summary of the cited articles compare section 2.2.
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(2004) report a negative influence of the fraction of the capital invested in Europe on the rate

of return of a PE fund. Hence, European PE funds achieve a lower rate of return than their

US counterparts, ceteris paribus. Finally, some authors report a superior return of VC funds

over BO funds (Kaplan & Schoar 2005, Kaserer & Diller 2004c), whereas other studies find no

difference (Gottschalg et al. 2004) or a negative difference between VC funds and BO funds

(Ljungqvist & Richardson 2003a). In order to review and control for these effects I will include

corresponding variables in my analysis.64

Much less is known on the impact of diversification on the performance of PE funds so far.

Ljungqvist & Richardson (2003a) find no significant influences of diversification across number

of portfolio companies and industries on IRR for their sample of mainly BO funds. Schmidt

(2004) reports a decreasing variation of returns across simulated PE portfolios with a rising

number of companies in the portfolio. Moreover, Weidig & Mathonet (2004) show that the

probability of loss and total loss of VC investments decline from direct investments in portfolio

companies to VC funds, and from VC funds to simulated VC fund-of-funds.

Chapter 3 models the relationship between diversification and performance of PE funds

based on modern portfolio theory. The global investment scope of potential portfolio companies

is divided into investment clusters of financing stages, industries, and countries. It is assumed

that companies, which have different economic characteristics, i.e., that do not belong to the

same investment cluster, are more likely to have lower covariances than companies, which show

similar economic characteristics, i.e., which belong to the same investment cluster. Acting in an

investment cluster is costly for the PE firm. It has to invest in cluster specific assets (e.g. cluster

specific human capital and network ties) in order to overcome the informational asymmetries

and agency problems inherent in the investment in private companies. Without paying these

set-up costs the PE firm is not able to make successful transactions in an investment cluster.

This set-up allows to evaluate the relationship between ‘systematic’ diversification and ex-

pected rate of return of PE funds. A PE firm has to pay set-up costs for each investment cluster

it is actively investing in. In other words, the amount of set-up costs increases with ‘systematic’

diversification. As a consequence, under ceteris paribus assumptions, the observable rate of re-

turn of PE funds should decrease with ‘systematic’ diversification. ‘Systematic’ diversification

is possible across financing stages, industries, or countries, giving rise to the three hypotheses:

H1a: The higher the level of diversification across financing stages in a PE fund, the lower is

its rate of return.

H1b: The higher the level of diversification across industries in a PE fund, the lower is its rate

of return.

64 Additionally, Kaplan & Schoar (2005) and Kaserer & Diller (2004c) find a performance persistence across
funds of the one PE firm. PE firms who outperform the industry in one fund are likely to outperform
the industry in the next fund. Unfortunately, the return of preceding fund is only available for 69 of the
100 sample funds. Hence, the return of preceding fund is not included in the regression analysis of this
chapter. In an unreported regression with only 69 PE funds I also find a positive and statistically significant
persistence across fund of one PE firm.
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H1c: The higher the level of diversification across countries in a PE fund, the lower is its rate

of return.

Furthermore, the covariance of companies’ returns which belong to the same investment

cluster is higher than the covariance of companies’ returns which belong to different investment

clusters. Thus, with an increase in ‘systematic’ diversification, the total risk of a PE fund

diminishes. However, due to the illiquidity of PE markets it is not possible to observe time

series of objective valuations for PE investments. This fact prohibits the calculation of total

risk in terms of variation in PE funds’ valuation over time. As a consequence, I compute intra-

fund variation of return in order to approximate the total risk of PE funds. Assuming that

intra-fund variation of return reflects the total risk of the investment strategy of PE firms, I

propose that the higher the level of ‘systematic’ diversification in a PE fund is, the lower is

its intra-fund variation of return, ceteris paribus. Again, ‘systematic’ diversification can be

divided into financing stages, industries, and countries. Additionally, a PE firm can leverage

the ups and downs in the economic development by investing its funds over a long period of

time. Considering ‘systematic’ and ‘dynamic’ diversification one gets four hypotheses:

H2a: The higher the level of diversification across financing stages in a PE fund, the lower is

its intra-fund variation of return.

H2b: The higher the level of diversification across industries in a PE fund, the lower is its

intra-fund variation of return.

H2c: The higher the level of diversification across countries in a PE fund, the lower is its

intra-fund variation of return.

H2d: The higher the level of diversification across time in a PE fund, the lower is its intra-fund

variation of return.

Though the assumption was made in chapter 3, the correlation between the rates of return

of portfolio companies belonging to the same investment cluster is in reality not perfect. Con-

sequently, PE funds can also gain risk reduction through ‘naive’ diversification by investing in

a large number of companies. Additionally, the more portfolio companies a PE fund contains,

the less exposed it is to the outcome of a single company. Both arguments give rise to the

hypothesis:

H2e: The more portfolio companies a PE fund contains, the lower is its intra-fund variation of

return.

Weidig & Mathonet (2004) characterize the risk profile of PE investments in terms of short-

fall probability. They report a decline in mean probability of loss and total loss from direct VC

investments to VC funds and from VC funds to simulated VC fund-of-funds. As a consequence,

I assume that shortfall probability is also a proxy for the total risk in PE funds leading to

hypothesis 3a to 3e:
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H3a: The higher the level of diversification across financing stages in a PE fund, the lower is

its shortfall probability.

H3b: The higher the level of diversification across industries in a PE fund, the lower is its

shortfall probability.

H3c: The higher the level of diversification across countries in a PE fund, the lower is its

shortfall probability.

H3d: The higher the level of diversification across time in a PE fund, the lower is its shortfall

probability.

H3e: The more portfolio companies a PE fund contains, the lower is its shortfall probability.

Additionally, this chapter aims at studying the influence of intra-fund variation of return

and shortfall probability on the rate of return of PE funds. Previous research is differing on

whether the return of PE funds is driven by systematic and/or unsystematic risk. Whereas

Ljungqvist & Richardson (2003a) find no significant effect of weighted portfolio betas on the

rate of return of PE funds, Gottschalg et al. (2004) report a positive relationship between funds’

betas and returns. Following a different approach, Jones & Rhodes-Kropf (2003) document a

positive relationship between the idiosyncratic risk of PE funds and its rates of return.

The model in chapter 3 combines the results of Jones & Rhodes-Kropf (2003) and Gottschalg

et al. (2004) supposing a positive relationship between expected rate of return and total risk

of PE equity funds. A higher amount of total risk is rewarded with a higher rate of return,

and vice versa. Since it is not possible to compute total risk in terms of variation in PE funds’

valuation over time, I am not able to test this relationship directly. However, I am able to test

the relationship between intra-fund variation of return and rate of return as well as between

shortfall probability and rate of return. According to hypotheses 2 and 3, I assume that intra-

fund variation of return as well as shortfall probability represent the total risk of a PE fund

implicating:

H4: The higher the intra-fund variation of return in a PE fund, the higher is its rate of return,

ceteris paribus.

H5: The higher the shortfall probability in a PE fund, the higher is its rate of return, ceteris

paribus.

6.3 Descriptive analysis

6.3.1 Data and key variables

In this chapter I use another subsample of the entire data set. The entire sample has to be

restricted because of two reasons: First, in the strict sense the final performance can only be
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measured of entirely liquidated PE funds. This would reduce the number of observations to

40.65 However, Kaplan & Schoar (2005) report a correlation of 0.89 between the final IRR and

interim IRR after five years for a large sample of PE funds. Their result suggests that the

interim performance of a mature PE fund is a valid proxy of final performance. The extent to

which the interim performance can differ from the final performance depends on the amount

of NAV at the time of interim calculation. Kaserer & Diller (2004c) include PE funds in their

analysis if their NAV is less than 20% of the absolute value of all previously accrued cash flows.

I follow this approach, however, with a small distinction: I use the total value of a PE fund

as reference for the NAV. Total value is defined as the sum of realized proceeds and NAV. I

define PE funds as mature and include them in the analysis which have a NAV of less than

20% relative to their total value. Hundred-twenty-three funds in the entire sample fulfill this

criteria. Secondly, to calculate the IRR, MIRR, and PME) and intra-fund variation of IRR,

MIRR, and PME the complete cash flow history between a fund and each portfolio company

has to be available. This information is not available for 23 of the mature funds. To conclude,

subsample 2 which will be used throughout this chapter consists of 100 PE funds. Table 6.1

summarizes the composition of subsample 2. It contains the distribution of subsample 2 across

various classifications of PE funds. Additionally, it includes summary statistics on the size of

sample funds.

Subsample 2 can be divided into 38 VC and 62 BO funds.66 72 funds belong to PE firms with

headquarters in the USA and 28 funds are managed by PE firms located in Europe. Subsample

2 includes 21 first-time, 17 second-time, and 14 third-time funds. The remaining 48 are PE

funds with sequence numbers of four or higher. Forty funds were already liquidated at the time

of data collecting while the remaining 60 funds were still active.67 The active funds have an

average fraction of NAV compared to total value of 6.4%.

The average fund has a size of USD 440.2 million in 2000 purchasing power. Fund size varies

substantially across funds in subsample 2. The mean size of the three smallest funds is USD

21.3 million, while the average size of the three largest funds totals up to USD 4,761 million.

The distribution of fund size across the various groups shows the same patterns as the entire

sample and is therefore not further discussed here.68 The oldest fund in sample 2 closed its

first transaction in 1979 and the youngest fund in 1998 (Figure D.1).

Table 6.2 displays summary statistics for the variables used in this chapter. The average

PE fund in subsample 2 has an IRR of 50.2% and a MIRR of 19.9% gross of management

65 Compare Table 6.1.
66 In this chapter, I only distinguish between VC and BO funds (including generalist funds). This is done

because of three reasons: First, the regression analysis in this chapter aims at evaluating the impact of
diversification across financing stages on the performance of PE funds amongst others. The four fund types
used in chapter 5 (seed/early VC, other VC, BO, and generalist) are calculated on the same information as
the variable diversification across financing stages, and hence, explain most of the variation in diversification
across financing stages. In order to prevent collinearity difficulties it is necessary to group the four fund types
into VC and BO. Secondly, this division is in line with most of the previous studies on the performance of
PE funds and facilitates the comparison of results. Finally, subsample 2 has a limited size. The classification
into only two groups saves two degrees of freedom in the regression analysis.

67 Active funds have NAV larger than zero. NAV of liquidated funds is equal to zero.
68 Compare section 4.3.
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fees and carried interests. The large difference between the average IRR and the average

MIRR challenges the assumption of the IRR that interim cash flows are reinvested at same

IRR. The reinvestment assumption of IRR artificially enhances the spread between top and

low performing PE funds. The minimum IRR and minimum MIRR are nearly equal with

values of 3.5% and 6.7% respectively. In contrast, the maximum IRR and maximum MIRR

differ by 130.3 percentage points. Hence, a big part of the high cross-sectional variance in the

returns of PE funds reported by many previous studies may be explained by the inappropriate

reinvestment assumption of the IRR. Still, there is a substantial variation across sample funds

in terms of MIRR with a standard deviation of 7.2 percentage points and a spread between

minimum and maximum MIRR of 38.7 percentage points. With a mean PME of 3.1 gross of

management fees and carried interests the average fund in subsample 2 returned three times

more than the MSCI World Index. The minimum PME is 0.79 and the maximum PME totals

up to 11.9.

Mean intra-fund variation of IRR in sample 2 is 0.056. IRR varies on average 5.6 percentage

points if one portfolio company is taken out of the average sample fund. Mean intra-fund

variation of MIRR is lower with a value of 0.012. On average MIRR changes by 1.2 percentage

points taking one portfolio company out of a sample fund. PME changes on average by 0.26 if

one portfolio company is taken out of a sample fund. There is a huge difference in intra-fund

variation of return across sample funds. In the minimal case IRR only varies by 0.1 percentage

points, whereas in the maximum case IRR changes by 34.9 percentage points if one portfolio

company is taken out of the fund. The difference between the minimum and maximum intra-

fund variation of MIRR is 4.3 percentage points and between the minimum and maximum

intra-fund variation of PME 1.7.

On average 34.9% of the portfolio companies in a sample fund returned less than their

investment. Of these, 15.7% did not return anything at all. Shortfall probabilities vary re-

markably across sample funds. The maxima are reached with 76.9% of losses and 42.9% of

total losses in a single fund. In contrast, there are funds in the sample without any loss or total

loss.

The average fund in subsample 2 contains 28.9 portfolio companies and invests its money

in 22.3 months. It has a mean level of diversification across financing stages of 0.36 and across

industries of 0.64. While the mean level of diversification across countries is 0.14, the median

is only 0.05. Thus, most sample funds invested their capital in one country, most likely their

home country, whereas a few funds spread their capital across a large number of countries. The

maximum level of diversification across countries totals up to 0.85. Furthermore, the mean

of the logarithm of fund size is equivalent to USD 175.0 million and average experience is

equivalent to a fund sequence number of 3.1.

Table 6.3 shows the development of rate of return, intra-fund variation of return and shortfall

probability over time. Because of the limited sample size, funds are arranged in groups of three

vintage years. I use the same groups as in chapter 5. There is a time trend towards larger

returns in the sample from a mean IRR of 26.2% in the period of 1980-1982 to a mean IRR of

102



64.0% in 1995-1997. Neglecting the years of 1979 and 1998, only the period between 1986-1988

shows a decrease in mean IRR compared to the previous period. Looking at MIRR, the trend

is even more apparent with a steady rise from a mean MIRR of 13.9% in 1980-1982 to a mean

MIRR of 21.4% in 1992-1994. Only the period between 1995-1997 shows a MIRR which is

slightly lower than in the previous period. However, the MIRR in 1995-1997 is still superior to

all periods before 1992. This trend suggests that the development of the global PE market over

the sample period enabled the PE firms to increase their returns. A similar pattern is reported

by Kaplan & Schoar (2005).69 PME shows a slightly different development. The mean PME

first increases from 1.37 in 1980-1982 to a maximum of 3.90 in 1986-1988. Subsequently, it

declines somewhat but stays at a high level above 3. The difference in the development of IRR

and MIRR to PME can be explained by the influence of the MSCI World Index on the PME.

Intra-fund variation of IRR, MIRR, and PME show more changes over the sample period so

that no systematic pattern can be detected by looking at Table 6.3. The shortfall probabilities

depict a U-shaped pattern over the sample period. Probability of loss and probability of total

loss fall from a level of 49.0% and 22.2% in 1979 to a minimum of 27.1% and 10.8% in 1989-1991.

Thereafter, they grow again to a level of 52.9% and 30.1% in 1998.

Finally, a closer look is taken at the distribution of the performance variables. Previous

results suggest returns of VC investments to be right-skewed and to be best represented by

means of a lognormal distribution (Cochrane 2005). Figure D.2 in the appendix shows his-

tograms of the performance variables. As expected, IRR, MIRR, PME, intra-fund variation

of IRR, intra-fund variation of MIRR, and intra-fund variation of PME show right skewed

distributions. Also, the distribution of probability of total loss appears to be right skewed. In

contrast, probability of loss seems to be distributed symmetrically around its mean.

6.3.2 Bivariate relationships

To approach the research questions, the expected relationships are first evaluated with the help

of mean comparison tests and correlations. Table 6.4 applies mean comparison tests for the

performance measures between VC and BO funds as well as between European and US PE

funds. BO funds earn slightly more than VC funds, achieving an average IRR of 51.1%, an

average MIRR of 19.9%, and an average PME of 3.22, whereas VC funds return an average IRR

of 48.9%, an average MIRR of 19.7%, and an average PME of 2.84. However, the differences

are not statistically significant.

Intra-fund variation of return shows the opposite pattern. VC funds have a higher intra-

fund variation of return than BO funds. For VC funds the average intra-fund variation of IRR,

MIRR, and PME add up to 5.7 percentage points, 1.4 percentage points, and 0.26, respectively.

For BO funds the mean intra-fund variation of IRR, MIRR, and PME are 5.5 percentage points,

69 Calculating average IRRs for the same three years groups, Table V of Kaplan & Schoar (2005) also shows
an increase in return from the period 1980-1982 to the period 1992-1994 with a small decline in the period
1986-1988 compared to the previous period.
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1.0 percentage point, and 0.25, respectively. The difference in intra-fund variation of MIRR is

statistically significant at the 10% level with a p-value of 0.086.

VC and BO funds also differ significantly across shortfall probabilities. With a probability

of loss of 45.3%, close to half of the portfolio companies in VC funds return less than their

investment. Additionally, a fifth of the portfolio companies in VC funds do not return any

money. BO funds have lower shortfall probabilities. Yet, with a probability of loss of 28.6%

more than a quarter of the portfolio companies of a BO fund return less than their investment

and 12.6% of the portfolio companies of a BO fund return nothing. Double sided t-tests reveal

that the differences are statistically significant at the 1% level. In summary, the BO funds in

subsample 2 display a preferable combination of performance measures. They earn higher rates

of return, have lower intra-fund variation of return and lose fewer of their portfolio companies.

PE funds managed by US PE firms return more than their European counterparts. The av-

erage US PE fund achieves an IRR of 51.5%, a MIRR of 20.6%, and a PME of 3.36. Mean IRR,

mean MIRR, and mean PME of European PE funds are 47.0%, 17.9%, and 2.36 respectively.

The differences in MIRR and PME are statistically significant at the 10% level with p-values

of 0.053 and 0.006, respectively. The differences in intra-fund variation of return between US

and European PE funds are mixed. Intra-fund variation of IRR for US PE funds is lower than

for European PE funds (5.3 percentage points compared to 6.3 percentage points), while intra-

fund variation of MIRR and intra-fund variation of PME are higher for US PE funds than for

their European counterparts (1.4 percentage points compared to 1.0 percentage points and 0.29

compared to 0.18). However, only the difference in intra-fund variation of PME is statistically

significant at the 5% level. Finally, US PE funds have higher shortfall probabilities. On average

36.4% of the portfolio companies of US PE funds return less than their investment and 16.9%

of the portfolio companies earn nothing. For European funds the means are lower with 31.2%

of losses and 12.5% of total losses. However, only the difference in probability of total loss is

statistically significant at the 10% level with a p-value of 0.061. To summarize, US PE funds

yield higher returns, have similar intra-fund variation of return, but lose a bigger share of their

portfolio companies than European PE funds.

Correlation analysis reveals the following relationships between the level of diversification

and performance of PE funds (Table 6.5). There is no significant correlation between IRR and

MIRR and one of the dimensions of diversification. PME correlates positively and statistically

significant at the 1% level with number of portfolio companies and diversification across time.

In comparison, diversification appears to lower intra-fund variation of return in PE funds. The

correlations between intra-fund variations of return and the diversification measures are all but

one negative and mostly statistically significant. Only the correlation between diversification

across time and intra-fund variation of PME is positive, but not statistically significant. The

correlations between diversification and intra-fund variation of return in PE funds appear to

be economically important with values between -0.40 and -0.05.

Diversification also correlates statistically significant with shortfall probability of PE funds.

However, the direction of influence is mixed. Number of portfolio companies has a positive
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correlation with probability of loss, which is statistically significant at the 1% level. Likewise,

diversification across financing stages correlates positively with probabilities of loss and total

loss. Both coefficients of correlation are statistically significant at the 5% level. In contrast,

the correlations between diversification across time and probabilities of loss and total loss, as

well as the correlation between diversification across industry and the probability of total loss

are negative and statistically significant at the 5% level.

Furthermore, correlation analysis shows a positive relation between the amount of new

funds raised in the vintage year of a fund and all performance measures. The correlation

coefficients lie between 0.07 and 0.42. Except for PME and intra-fund variation of PME the

correlations are statistically significant at least at the 10% level. Correlations also show a

positive relationship between firm experience and rate of return of a PE fund. The Pearson

product-moment correlation between firm experience and IRR is 0.09, between firm experience

and MIRR 0.18 and between firm experience and PME 0.26. The last two are statistically

significant at the 10% and 1% level, respectively.

Another aim of this chapter is to study the influence of intra-fund variation of return and

shortfall probability on the rate of return of PE funds. Table D.1 in the appendix shows Pearson

product-moment correlations within the six performance measures. As supposed by hypothesis

4, the relationship between rate of return and intra-fund variation of return is positive and

statistically significant. The correlation between IRR and intra-fund variation of IRR is 0.67,

the correlation between MIRR and intra-fund variation of MIRR 0.47 and the correlation

between PME and intra-fund variation of PME 0.74. Contrary to hypothesis 5, the relationship

between return and shortfall probabilities is negative. However, only the correlations between

PME and probability of loss as well as probability of total loss are statistically significant at

the 10% level.

6.4 Multivariate analysis

6.4.1 Methodology

The descriptive analysis gives a comprehensive overview of the data. This section aims at

testing hypothesis 1 to 5 in multivariate regressions. Throughout this chapter, I use OLS

estimation methods. The linear model has the following form:

y = β0 +
K∑

k=1

βk · xk + ε (6.1)

with y = dependent variable,
β0 = constant,
βk = parameter of independent variable xk,
xk = independent variables, and
ε = residual.
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To avoid biased standard errors because of heteroscedasticity, I estimate Huber-White-

standard errors, which are robust against violation of the assumption of homoscedasticity

(White 1980). Moreover, the observations in subsample 2 are clustered according to PE firms.

The observations belonging to one PE firm might not be independent from each other. Hence,

standard errors are adjusted for 34 clusters, i.e., PE firms (Rogers 1993). The sample size of

100 PE funds is limited. Hence, before I start with the regression analysis, a closer look is

taken at the functional form of the dependent variables as well as on collinearity issues.

In line with previous articles, the descriptive analysis in section 6.3 presents the distributions

of rate of return and intra-fund variation of return to be right skewed (Figure D.2). Cochrane

(2001) and Jones & Rhodes-Kropf (2003) suggest that the return of PE investments and funds

can be represented best by means of a lognormal distribution. Consequently, some authors

used a logarithmic transformation of returns as dependent variables in their analyses instead

of the returns themselves (Hege et al. 2003, Cumming & Walz 2004, Gottschalg et al. 2004).

I use the Box-Cox transformation in order to test whether logarithmic transformations

of rates of return and intra-fund variations of return better fit the data than the variables

themselves.70 The results of the Box-Cox estimations are presented in table D.2 in the appendix.

For all variables of rate of return and intra-fund variation of return the hypothesis that the

data is best represented by a linear functional form is rejected at the 1% level. In contrast,

for MIRR, PME, intra-fund variation of IRR, and intra-fund variation of PME the hypothesis

that the data is best represented by a logarithmic transformation cannot be rejected at least at

the 10%level. For IRR and intra-fund variation of MIRR the hypothesis is rejected, but still at

a lower level of significance than the hypothesis that the data follows a linear functional form.

In summary, the tests favor a logarithmic transformation in four of six cases. Hence, I use the

logarithm of IRR, MIRR, PME, intra-fund variation of IRR, intra-fund variation of MIRR,

and intra-fund variation of PME as dependent variables rather than the variables themselves.

To be consistent with previous studies I take the logarithm of (1+IRR) and (1+MIRR) so

that log(1+IRR) and log(1+MIRR) equals zero when IRR and MIRR are zero (Cumming &

Walz 2004).

Though the logarithmic transformation makes the interpretation of the estimated coefficients

a little bit more complicated, it improves estimation. In comparison, appendix D contains

alternative regressions for non-logarithmized rates of return and non-logarithmized intra-fund

variations of return. The results are qualitatively equal to the regressions for logarithmized

variables. However, accuracy of some parameters is less. Since probability of loss seems to be

distributed symmetrically, probability of loss and total loss are not logarithmized.

Another issue when working with small sample sizes is multi-collinearity. High collinearity

between dependent variables lowers the accuracy of parameter estimation. As a first indicator

for multi-collinearity, Table D.3 contains Pearson product-moment correlations between the

independent variables. No correlation is above 0.45. More information about multi-collinearity

provides variance inflation factors (VIFs) (Neter et al. 1990). Tables D.4 and D.5 in the

70 For further details on Box-Cox transformation and its use see Box & Cox (1964).
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appendix enclose VIFs for the regressions conducted in this chapter.71 All VIFs are below 3.5

so that no serious multi-collinearity issues are expected without one exception. When year fixed

effects are included in the regressions, the VIFs for new funds raised in vintage year increase

to values between 8.3 and 9.2. This might cause estimation difficulties of new funds raised in

vintage year in the corresponding regressions.

6.4.2 Impact of diversification on rate of return

The first question I address is whether diversification has an impact on the rate of return of

a PE fund. I regress log(1+IRR), log(1+MIRR), and log(PME) on the five dimensions of

diversification. Additionally, I include a set of variables which have been shown to impact the

rate of return of PE funds in previous studies.

Tables 6.6, 6.7, and 6.8 summarize the regression results.72 They display the estimated

parameters, robust standard errors, and summary statistics. For each return variable I estimate

three specifications, which vary among the dimensions of diversification. Specification (1) only

includes ‘naive’ and ‘dynamic’ diversification. In contrast, specification (2) solely contains the

three variables of ‘systematic’ diversification. In specification (3) I examine all five dimensions

together. Moreover, I run a fourth regression, which incorporates year fixed effects as control

variables. The F-tests on joint significance of all parameters are significant at the 1% level for

all specifications. Moreover, the regressions explain between 19.7% and 48.0% of the variance

across sample funds’ rate of return.

In all regressions the number of portfolio companies has a positive effect on the rate of return

of PE funds. An increase in number of portfolio companies from 25 to 35 increases IRR by 5.6

percentage points, MIRR by 1.6 percentage points, and PME by 0.35, holding all other variables

constant (Tables 6.6, 6.7, 6.8, columns (4)). The coefficient is statistically significant for all

regressions except for column (3) of Table 6.6. Its direction and magnitude is stable across all

specifications. A possible explanation for the positive sign is the fact that holding fund size

constant, a larger number of portfolio companies is equal to a lower average investment per

portfolio company. Controlling also for fund types the lower average investment per portfolio

company might be associated with lower prices paid for portfolio companies, explaining the

positive effect.

According to hypothesis 1a, the rate of return of a PE fund declines with diversification

across financing stages. The effect is statistically significant at least at the 10% level when all

dimensions of diversification and year fixed effects are included in the regressions. Moreover,

it is negative in all regressions. The costs of diversification across financing stages appear to

71 The higher the VIF for a variable is, the higher the estimated variance of the corresponding coefficient, and
hence, the greater the chance that serious multi-collinearity issues are present (Neter et al. 1990). However,
no theory provides a threshold value for VIF to judge for serious multi-collinearity. Neter et al. state 10 to
be a useful threshold.

72 Tables D.6, D.7, and D.8 in the appendix display the results of the alternative regressions with IRR, MIRR,
and PME as dependent variables.
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be quite high. An increase in diversification across financing stages by one standard deviation

around its mean is connected with a decline of IRR by 6.5 percentage points, of MIRR by 1.9

percentage points, and of PME by 0.36, all else equal (Tables 6.6, 6.7, 6.8, columns (4)).

Table 6.6: OLS regression for log(1+IRR)
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of (1+IRR). Independent
variables include number of portfolio companies, diversification across time, diversification across financing
stages, diversification across industries, diversification across countries, rate of return of the MSCI World Index
in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions
contain dummy variables indicating funds managed by PE firms with headquarters in Europe and VC funds,
as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(1+IRR)

(1) (2) (3) (4)

Number of portfolio companies 0.002∗ 0.003 0.004∗∗

(0.001) (0.002) (0.002)
Div. across time (months) -0.005∗ -0.005∗ -0.005

(0.003) (0.003) (0.004)
Div. across financing stages -0.085 -0.143 -0.202∗

(0.099) (0.111) (0.107)
Div. across industries 0.185∗ 0.140 0.132

(0.106) (0.115) (0.114)
Div. across. countries -0.002 -0.034 -0.112

(0.074) (0.089) (0.109)
Return msci in vy -0.490∗∗∗ -0.408∗∗∗ -0.516∗∗∗ -0.451∗∗

(0.171) (0.141) (0.167) (0.175)
Funds raised in vy (log bil. USD 2000) 0.063∗∗∗ 0.078∗∗∗ 0.072∗∗∗ 0.044

(0.020) (0.022) (0.020) (0.065)
Fund size (log mil. USD 2000) -0.064∗∗∗ -0.054∗∗∗ -0.073∗∗∗ -0.063∗∗∗

(0.015) (0.016) (0.016) (0.019)
Firm experience 0.035 0.020 0.027 0.012

(0.022) (0.024) (0.023) (0.025)
European headquarter (0/1) -0.077 -0.110∗ -0.092 -0.077

(0.050) (0.061) (0.063) (0.069)
VC fund (0/1) -0.115∗∗ -0.084∗ -0.128∗∗ -0.128∗

(0.055) (0.049) (0.056) (0.065)
Constant 0.622∗∗∗ 0.390∗∗ 0.615∗∗∗ 0.733∗∗

(0.159) (0.151) (0.171) (0.350)
Year F.E. No No No Yes

F-statistic 9.3 12.3 9.6 18.5
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.197 0.184 0.227 0.309
R2-adjusted 0.126 0.103 0.131 0.155
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%

The estimated coefficients for diversification across industries are positive in all regressions.

For IRR and MIRR the relationship is statistically significant in specifications (2) at the 10%

level when number of portfolio companies and diversification across time is not included. For

PME the coefficient is statistically significant in all specifications at the 5% level. A rise in

diversification across industries by one standard deviation around its mean is linked to an

increase of MIRR by 0.7 percentage points and of PME by 0.27 (Tables 6.6, 6.7, 6.8, columns
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Table 6.7: OLS regression for log(1+MIRR)
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of (1+MIRR). Independent
variables include number of portfolio companies, diversification across time, diversification across financing
stages, diversification across industries, diversification across countries, rate of return of the MSCI World Index
in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions
contain dummy variables indicating funds managed by PE firms with headquarters in Europe and VC funds,
as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(1+MIRR)

(1) (2) (3) (4)

Number of portfolio companies 0.001∗∗ 0.001∗ 0.001∗∗

(0.000) (0.000) (0.001)
Div. across time (months) -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Div. across financing stages -0.030 -0.050 -0.071∗∗

(0.029) (0.030) (0.029)
Div. across industries 0.053∗ 0.033 0.034

(0.027) (0.030) (0.029)
Div. across. countries 0.036 0.020 -0.011

(0.025) (0.024) (0.027)
Return msci in vy -0.135∗∗∗ -0.101∗∗ -0.133∗∗∗ -0.107∗∗

(0.047) (0.039) (0.047) (0.043)
Funds raised in vy (log bil. USD 2000) 0.023∗∗∗ 0.025∗∗∗ 0.024∗∗∗ 0.015

(0.005) (0.005) (0.005) (0.018)
Fund size (log mil. USD 2000) -0.018∗∗∗ -0.018∗∗∗ -0.023∗∗∗ -0.020∗∗∗

(0.004) (0.005) (0.005) (0.005)
Firm experience 0.014∗∗ 0.013∗ 0.014∗∗ 0.008

(0.006) (0.007) (0.006) (0.007)
European headquarter (0/1) -0.035∗∗∗ -0.053∗∗∗ -0.045∗∗∗ -0.040∗∗∗

(0.010) (0.013) (0.012) (0.014)
VC fund (0/1) -0.032∗∗∗ -0.024∗∗ -0.037∗∗∗ -0.039∗∗

(0.011) (0.009) (0.011) (0.015)
Constant 0.214∗∗∗ 0.179∗∗∗ 0.231∗∗∗ 0.268∗∗∗

(0.037) (0.041) (0.046) (0.096)
Year F.E. No No No Yes

F-statistic 9.6 8.5 11.2 20.9
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.250 0.249 0.284 0.407
R2-adjusted 0.184 0.174 0.195 0.275
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.8: OLS regression for log(PME)
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of PME. Independent variables
include number of portfolio companies, diversification across time, diversification across financing stages, diver-
sification across industries, diversification across countries, rate of return of the MSCI World Index in vintage
year, new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions contain
dummy variables indicating funds managed by PE firms with headquarters in Europe and VC funds, as well as
a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(PME)

(1) (2) (3) (4)

Number of portfolio companies 0.010∗∗∗ 0.011∗∗∗ 0.013∗∗∗

(0.002) (0.004) (0.005)
Div. across time (months) 0.006 0.004 -0.003

(0.006) (0.006) (0.009)
Div. across financing stages -0.302 -0.566∗∗ -0.633∗∗

(0.241) (0.247) (0.235)
Div. across industries 0.962∗∗∗ 0.583∗∗ 0.582∗∗

(0.299) (0.270) (0.284)
Div. across. countries 0.404∗ 0.058 -0.124

(0.212) (0.210) (0.253)
Return msci in vy -1.331∗∗∗ -1.152∗∗ -1.362∗∗∗ -1.215∗∗∗

(0.440) (0.459) (0.440) (0.407)
Funds raised in vy (log bil. USD 2000) 0.188∗∗∗ 0.196∗∗∗ 0.219∗∗∗ 0.075

(0.048) (0.056) (0.044) (0.161)
Fund size (log mil. USD 2000) -0.161∗∗∗ -0.214∗∗∗ -0.204∗∗∗ -0.196∗∗∗

(0.040) (0.052) (0.036) (0.043)
Firm experience 0.112∗ 0.143 0.087 0.067

(0.064) (0.088) (0.061) (0.062)
European headquarter (0/1) -0.376∗∗∗ -0.647∗∗∗ -0.484∗∗∗ -0.492∗∗∗

(0.102) (0.117) (0.120) (0.130)
VC fund (0/1) -0.416∗∗∗ -0.395∗∗∗ -0.471∗∗∗ -0.488∗∗∗

(0.108) (0.093) (0.106) (0.124)
Constant 0.980∗∗ 1.101∗∗ 0.998∗∗ 1.705∗

(0.397) (0.423) (0.408) (0.858)
Year F.E. No No No Yes

F-statistic 17.5 8.7 34.6 31.0
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.346 0.339 0.402 0.480
R2-adjusted 0.289 0.273 0.327 0.364
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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(4)). This result is at odds with hypothesis 1b which suggests that rate of return of a PE

fund declines with diversification across industries. In contrast, according to the data PE

funds are able to diversify successfully across industries. The benefit of additional investment

opportunities in new industries seems to be higher than the costs of diversification.

The estimated effects for diversification across time and countries are mostly insignificant

and have different directions across the various regressions. Hence, the data suggests no sys-

tematic relationship of diversification across time and countries with the rate of return of PE

funds.

The regressions further display interesting results in comparison with previous studies on

the performance of PE funds. Consistent with Kaserer & Diller (2004c), I find a strong negative

link between rate of return of the MSCI World Index in vintage year and rate of return of a

PE fund which is statistically significant at least at the 5% level in all regressions. A well

performing global economy at the time of fund formation forces PE firms to pay high prices for

their investments lowering the rate of return of their funds, all else equal. Varying the rate of

return of the MSCI World Index in vintage year by one standard deviation from 4.7% to 14.7%

leads to a decline of IRR of 6.6 percentage points, MIRR of 1.3 percentage points, and PME

of 0.31, holding all other variables constant (Tables 6.6, 6.7, 6.8, columns (4)).

I also can approve the positive relationship between the amount of new funds raised by

the global PE industry in the vintage year of a fund and its rate of return. Raising the

logarithm of new funds raised in the vintage year by one standard deviation across its mean,

increases IRR by 5.1 percentage points, MIRR by 0.7 percentage points, and PME by 0.15,

holding all other variables constant (Tables 6.6, 6.7, 6.8, columns (3)). This result backs the

argumentation that the total amount of new funds raised by the PE industry in a year is a

signal for future investment opportunities (Kaserer & Diller 2004c, Gottschalg et al. 2004). As

expected by the multi-collinearity analysis, the coefficient of new funds raised in vintage year

loses its significance when year fixed effects are included. The amount of new funds raised has

grown nearly constantly over the sample period according to the statistics of TVE. Only in the

years 1990 and 1991, TVE quotes a decline of new funds raised compared to the previous year.

Consistent with Kaplan & Schoar (2005) and Gottschalg et al. (2004) the relationship

between the experience of a PE firm at the time of fund formation and the rate of return is

positive for all specifications. Yet it is only statistically significant at the 10% level for MIRR

when year fixed effects are not included.73

Furthermore, I find a negative return difference between European and US PE funds, which

is statistically significant at the 1% level for MIRR and PME, corroborating the result of

Gottschalg et al. (2004). Over the sample period US PE funds achieved on average a 4.8

73 Kaplan & Schoar (2005) report that for their sample the positive correlation between firm experience and
fund’s rate of return is only valid in cross section. Controlling for firm fixed effects they find a negative
relationship between both variables. This suggests that the positive relation between firm experience and
fund’s rate of return in cross section is mainly caused by selection. Successful PE firms are able to raise
follow-on funds, whereas unsuccessful PE firms are not. Because of the limited size of subsample 2, I am not
able to approve this hypothesis.
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percentage points higher MIRR and a 1.15 higher PME than their European equivalents, all

else equal (Tables 6.7, 6.8, columns (4)).

However, contrary to the findings of Kaplan & Schoar (2005) and Gottschalg et al. (2004),

I find returns to decrease linearly with the logarithm of total commitments. A growth in fund

size by one standard deviation around its mean lowers IRR by 11.4 percentage points, MIRR by

2.9 percentage points, and PME by 0.62, holding all other variables constant (Tables 6.6, 6.7,

6.8, columns (4)).74 There are two possible explanations for this result. On the one hand, if one

has a closer look at the results reported by Kaplan & Schoar (2005), the IRR maximizing fund

size for their sample is USD 90 million in 1990 purchasing power.75 The returns of funds larger

than the optimal value decline with fund size because the number of attractive companies in

the economy is limited at each point in time (Kaplan & Schoar 2005). In comparison, 56 funds

in subsample 2 have a fund size above USD 90 million in 1990 purchasing power. The three

largest funds even have an average fund size of USD 3,618 million in 1990 purchasing power.

Hence, the majority of sample funds lie far above the optimal fund size of Kaplan & Schoar

(2005) which might cause the negative sign in the regressions. On the other hand, controlling

for the portfolio strategy of a PE fund may induce the sign change. For instance, holding

number of portfolio companies constant, a larger fund size is associated with a larger average

investment per portfolio company. Simultaneously controlling for fund type, the larger average

investment per portfolio company might be equal to higher prices paid for portfolio companies,

which would also explain the negative effect of fund size.

VC funds in subsample 2 return less than BO funds. The difference between both groups

totals up to 18.6 percentage points in IRR, 4.6 percentage points in MIRR, and 1.20 in PME,

all else equal (Tables 6.6, 6.7, 6.8, columns (4)). This result is at odds with Kaplan & Schoar

(2005) and Kaserer & Diller (2004c) and might be explained by the superior return of sample

funds.76 Whereas VC funds achieve higher rates of return than BO funds in the universe of

PE funds, comparing the rate of return of both groups only for the ‘top-half’ of PE funds, BO

funds perform better than VC funds. An alternative explanation is that the quality of BO firms

to which the fund-of-funds investor had access is superior to the quality of VC firms.

6.4.3 Impact of diversification on intra-fund variation of return

In this section I analyze the impact of diversification on intra-fund variation of return in PE

funds. Intra-fund variation of return is measured in terms of the standard deviation of value

weighted returns of portfolio companies within a PE fund. An intra-fund variation of IRR

(MIRR) of 0.05 translates into an average change of 5.0 percentage points in IRR (MIRR) if

one portfolio company is taken out of the fund. Equivalently, an intra-fund variation of PME

of 0.25 is equal to an average change of 0.25 in PME if one portfolio company is taken out of

74 The inclusion of a quadratic term of fund size in an unreported regression does not change the direction of
the effect.

75 Kaplan & Schoar (2005) report in Table VIII, column two, a coefficient of log(size) of 0.18 and of log(size)2

of -0.02. They measure fund size in USD million in 1990 purchasing power.
76 Compare sample selection analysis in section 4.3.
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the fund. The intra-fund variation of return can be interpreted as the average dependence of

a fund’s return on a single company of its portfolio and is assumed to reflect the total risk of

the investment strategy of a PE firm.

The dependent variables of the regressions are the logarithm of standard deviations of Q-

IRR, Q-MIRR, and Q-PME. Independent variables include number of portfolio companies,

diversification across time, diversification across financing stages, diversification across indus-

tries, diversification across countries, rate of return of the MSCI World Index in vintage year,

new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions

contain dummy variables indicating European funds and VC funds, as well as a constant.

I estimate three specifications varying across the dimensions of diversification. Specification

(1) restrains the analysis to number of portfolio companies and diversification across time,

while specification (2) includes the three dimensions of ‘systematic’ diversification, which are:

diversification across financing stages, industries, and countries. In specification (3) all five

variables of diversification are examined together. Additionally, I estimate a fourth specification

which includes year fixed effects as control variables. Tables 6.9, 6.10, and 6.11 contain the

estimated parameters, robust standard errors, and summary statistics.77 The F-tests on joint

significance of all parameters are significant at the 1% level for all specifications. The regressions

explain between 33.3% and 60.3% of the variance of intra-fund variation of return across sample

funds.

According to hypothesis 2e, ‘naive’ diversification has a negative impact on intra-fund vari-

ation of return of a PE fund. The coefficient of number of portfolio companies is significant at

the 5% level in all regressions except for column (4) of Table 6.11. An increasing number of

portfolio companies lowers the intra-fund variation of return. Each additional portfolio com-

pany reduces intra-fund variation of IRR by 2.2%, intra-fund variation of MIRR by 2.1%, and

intra-fund variation of PME by 1.1%, holding all other variables constant (Tables 6.9, 6.10,

6.11, columns (4)).78 The more portfolio companies a PE fund contains, the less its rate of

return depends on the outcome of a single company in its portfolio. This result is in line with

modern portfolio theory reporting a decrease of total risk through ‘naive’ diversification (Evans

& Archer 1968).

An equivalent result is found for diversification across time. The coefficient for diversification

across time is statistically significant at least at the 5% level for intra-fund variation of IRR and

MIRR and has a comparable magnitude across all specifications. Though it is not statistically

significant for intra-fund variation of PME, it is also negative. An increase in the investment

period by one month is associated with a decline of intra-fund variation of IRR by 3.1% and

of intra-fund variation of MIRR by 2.5% (Tables 6.9, 6.10, columns (4)). As supposed by

hypothesis 2b, by investing over a long period of time a PE firm can leverage the ups and

downs in capital markets, which influence rates of return of single portfolio companies. The

77 Tables D.9, D.10, and D.11 in the appendix show the results of the alternative regression for standard
deviation of Q-IRR, Q-MIRR, and Q-PME.

78 The coefficients in this subsection are interpreted as semi-elasticities.
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Table 6.9: OLS regression for log(sd(Q-IRR))
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of the standard deviation of
Q-IRR. Independent variables include number of portfolio companies, diversification across time, diversification
across financing stages, diversification across industries, diversification across countries, rate of return of the
MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally,
the regressions contain dummy variables indicating funds managed by PE firms with headquarters in Europe
and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(sd(Q-IRR))

(1) (2) (3) (4)

Number of portfolio companies -0.022∗∗∗ -0.021∗∗∗ -0.018∗∗

(0.005) (0.006) (0.007)
Div. across time (months) -0.033∗∗∗ -0.034∗∗∗ -0.031∗∗

(0.010) (0.011) (0.013)
Div. across financing stages -0.822∗∗ -0.320 -0.552

(0.353) (0.325) (0.356)
Div. across industries -0.615 0.264 0.289

(0.465) (0.431) (0.440)
Div. across. countries -0.908∗∗∗ -0.065 -0.280

(0.319) (0.323) (0.358)
Return msci in vy -2.168∗∗ -2.359∗∗∗ -2.221∗∗ -1.868∗∗

(0.908) (0.819) (0.899) (0.873)
Funds raised in vy (log bil. USD 2000) 0.328∗∗∗ 0.437∗∗∗ 0.345∗∗∗ 0.044

(0.086) (0.113) (0.091) (0.264)
Fund size (log mil. USD 2000) -0.253∗∗∗ -0.165 -0.273∗∗∗ -0.249∗∗∗

(0.063) (0.109) (0.074) (0.087)
Firm experience 0.162∗ -0.039 0.148 0.066

(0.083)* (0.168) (0.090) (0.115)
European headquarter (0/1) -0.221 0.138 -0.249 -0.273

(0.170) (0.293) (0.217) (0.221)
VC fund (0/1) -0.180 -0.238 -0.210 -0.284

(0.244) (0.282) (0.258) (0.284)
Constant -1.600∗∗ -2.822∗∗∗ -1.582∗∗ -0.234

(0.701) (0.729) (0.777) (1.425)
Year F.E. No No No Yes
F-statistic 30.8 11.5 21.1 34.8
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.490 0.317 0.496 0.542
R2-adjusted 0.446 0.249 0.433 0.440
Number of observations 100 100 100 100
Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.10: OLS regression for log(sd(Q-MIRR))
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of the standard deviation of Q-
MIRR. Independent variables include number of portfolio companies, diversification across time, diversification
across financing stages, diversification across industries, diversification across countries, rate of return of the
MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally,
the regressions contain dummy variables indicating funds managed by PE firms with headquarters in Europe
and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(sd(Q-MIRR))

(1) (2) (3) (4)

Number of portfolio companies -0.022∗∗∗ -0.023∗∗∗ -0.021∗∗∗

(0.004) (0.005) (0.006)
Div. across time (months) -0.027∗∗∗ -0.027∗∗∗ -0.025∗∗

(0.009) (0.009) (0.011)
Div. across financing stages -0.556∗ -0.016 -0.165

(0.321) (0.230) (0.260)
Div. across industries -0.860∗∗ 0.030 0.095

(0.384) (0.282) (0.303)
Div. across. countries -0.653∗∗ 0.189 0.077

(0.295) (0.220) (0.207)
Return msci in vy -1.504∗ -1.677∗∗ -1.437∗ -1.220∗

(0.781) (0.798) (0.768) (0.692)
Funds raised in vy (log bil. USD 2000) 0.375∗∗∗ 0.452∗∗∗ 0.370∗∗∗ 0.204

(0.074) (0.120) (0.078) (0.145)
Fund size (log mil. USD 2000) -0.172∗∗ -0.095 -0.180∗∗ -0.176∗∗

(0.064) (0.101) (0.071) (0.076)
Firm experience 0.215∗∗∗ 0.048 0.220∗∗∗ 0.168∗∗

(0.050) (0.127) (0.054) (0.076)
European headquarter (0/1) -0.282∗∗∗ 0.060 -0.330∗∗∗ -0.368∗∗∗

(0.086) (0.166) (0.113) (0.120)
VC fund (0/1) 0.043 -0.032 0.039 -0.038

(0.172) (0.212) (0.179) (0.204)
Constant -3.936∗∗∗ -4.852∗∗∗ -3.886∗∗∗ -3.136∗∗∗

(0.493) (0.573) (0.607) (0.991)
Year F.E. No No No Yes

F-statistic 47.5 15.7 49.9 69.3
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.567 0.353 0.568 0.603
R2-adjusted 0.529 0.288 0.514 0.514
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.11: OLS regression for log(sd(Q-PME))
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of the standard deviation of Q-
PME. Independent variables include number of portfolio companies, diversification across time, diversification
across financing stages, diversification across industries, diversification across countries, rate of return of the
MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally,
the regressions contain dummy variables indicating funds managed by PE firms with headquarters in Europe
and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(sd(Q-PME))

(1) (2) (3) (4)

Number of portfolio companies -0.013∗∗∗ -0.012∗∗ -0.011
(0.005) (0.006) (0.007)

Div. across time (months) -0.005 -0.007 -0.018
(0.008) (0.009) (0.011)

Div. across financing stages -0.894∗∗∗ -0.600∗ -0.639∗

(0.316) (0.341) (0.354)
Div. across industries 0.232 0.666 0.723

(0.418) (0.441) (0.464)
Div. across. countries -0.255 0.145 -0.073

(0.245) (0.285) (0.311)
Return msci in vy -2.279∗∗∗ -2.496∗∗∗ -2.282∗∗∗ -2.220∗∗∗

(0.733) (0.628) (0.705) (0.688)
Funds raised in vy (log bil. USD 2000) 0.214∗∗ 0.277∗∗ 0.247∗∗ 0.119

(0.104) (0.115) (0.103) (0.223)
Fund size (log mil. USD 2000) -0.244∗∗∗ -0.275∗∗∗ -0.293∗∗∗ -0.291∗∗∗

(0.062) (0.071) (0.071) (0.073)
Firm experience 0.237∗∗∗ 0.143 0.211∗∗ 0.182∗

(0.085) (0.092) (0.083) (0.105)
European headquarter (0/1) -0.646∗∗∗ -0.598∗∗∗ -0.786∗∗∗ -0.802∗∗∗

(0.143) (0.163) (0.159) (0.175)
VC fund (0/1) -0.432∗∗ -0.565∗∗∗ -0.490∗∗ -0.517∗∗

(0.181) (0.157) (0.184) (0.213)
Constant -0.391 -0.570 -0.375 0.325

(0.568) (0.463) (0.665) (1.213)
Year F.E. No No No Yes

F-statistic 11.9 9.4 10.4 8.2
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.333 0.324 0.364 0.429
R2-adjusted 0.275 0.257 0.284 0.302
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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leveraging of economic fluctuations makes the return of a PE fund less dependent on single

portfolio companies. A complementary explanation is the opportunistic investment behavior of

PE firms which has been shown in chapter 5.79 PE firms invest very quickly in ‘boom’ times of

the economy in order to benefit from good exit opportunities. Because of the good development

of public stock markets in these periods, PE firms are also able to generate very high returns

for some portfolio companies, increasing intra-fund variation of return.

The estimates of the impact of ‘systematic’ diversification on intra-fund variations of return

are less precise. In specification (2), which does not contain number of portfolio companies,

all three dimensions of ‘systematic’ diversification have negative coefficients except for diver-

sification across industries in the regression for intra-fund variation of PME. For intra-fund

variation of MIRR, all three effects are statistically significant at the 10% level. For intra-fund

variation of IRR, diversification across financing stages and countries are statistically significant

at the 5% level. For intra-fund variation of PME, only diversification across financing stages is

statistically significant at the 1% level. The negative impact of ‘systematic’ diversification on

intra-fund variation of return corroborates hypotheses 2a, 2b, and 2c. PE funds which contain

companies that belong to different investment clusters have lower intra-fund variations of return

than PE funds which invest in companies that belong to the same investment cluster.

However, including number of portfolio companies in specification (3) and (4) makes ‘system-

atic’ diversification lose its magnitude, so that the coefficients of diversification across financing

stages, industries, and countries are no longer statistically different from zero. Only for intra-

fund variation of PME, diversification across financing stages stays statistically significant at

the 1% level. These results suggest that the negative influence of ‘systematic’ diversification on

intra-fund variation of return in specification (2) is mainly caused by the positive correlation

of diversification across financing stages, industries, and countries with number of portfolio

companies.80 In order to realize diversification, PE firms appear to enlarge their portfolios.

The development of the global economy and the perception of PE market conditions at

the time of fund formation influence intra-fund variation of return in the same way as rate of

return. The rate of return of the MSCI World Index has a negative relation, the amount of

new funds raised a positive relation with intra-fund variation of return in PE funds, holding all

other variables constant. Moreover, larger PE funds have lower intra-fund variations of return

than smaller funds, holding all other variables constant. A doubling in fund size decreases

intra-fund variation of IRR by 24.9%, intra-fund variation of MIRR by 17.6%, and intra-fund

variation of PME by 29.1%, all else equal (Tables 6.9, 6.10, 6.11, columns (4)). The return of

bigger PE funds is less dependent on the outcome of single portfolio companies than of small

PE funds.

Somewhat astonishing is the effect of firm experience on intra-fund variation of return. It

has a positive sign in all regressions except for specification (2) in Table 6.9. Additionally,

it is statistically significant at the 10% level in specifications (1), (2), and (3) for intra-fund

79 For more information see section 5.5.
80 Compare Table D.3.
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variation of MIRR and intra-fund variation of PME. A doubling in fund sequence number

increases intra-fund variation of MIRR by 16.8% and intra-fund variation of PME by 18.2%

(Tables 6.10, 6.11, columns (4)). PE funds with higher sequence numbers show larger intra-

fund variations of return than PE funds with lower sequence numbers. At odds, one would

expect that the knowledge and reputation of experienced PE firms allow them to grow their

portfolio companies more equally than unexperienced PE firms. The positive relation between

firm experience and intra-fund variation of MIRR and PME suggests that PE firms with a

large track record are more willing to bet their funds on a few portfolio companies than PE

firms with a short track record. Experienced PE firms are less risk averse because they can set

off a bad performance of one fund with the results of their preceding funds. Young PE firms

with very limited or no track record do not have this possibility, and thus, prefer to grow their

portfolio companies more equally than experienced PE firms.

Furthermore, I find evidence that European PE funds have lower intra-fund variation of

return than their US counterparts. The coefficients for European headquarters are negative

in all regressions, controlling for number of portfolio companies and diversification across time

and are statistically significant at the 1% level for intra-fund variation of MIRR and PME.

The difference in intra-fund variation of return between European and US PE funds totals

up to 36.8% for MIRR and 80.2% for PME, all else equal (Tables 6.10, 6.11, columns (4)).

One possible explanation for this finding is that the better exit opportunities on public stock

markets (e.g. on the technology stock market NASDAQ) in the USA allow US PE firms

to achieve very high rates of return for some of their portfolio companies, raising intra-fund

variation of return. This argument is consistent with the higher rate of return of US PE funds,

compared to European PE funds presented in the subsection before.

Finally, a difference in intra-fund variation of PME can be found between VC and BO funds

which is statistically significant at the 5% level. Intra-fund variation of PME of BO funds is

51.7% higher than that of VC funds. However, the difference between intra-fund variations of

IRR and MIRR are not statistically significant.

6.4.4 Impact of diversification on shortfall probability

Another measure characterizing the performance of PE funds is shortfall probability. Shortfall

probability of a PE fund is estimated as the percentage of portfolio companies which return less

than a threshold. I consider probability of loss, i.e., the fraction of portfolio companies with

a return of less than 0%, and probability of total loss, i.e., the fraction of portfolio companies

with a rate of return of -100%.

Table 6.12 and 6.13 display the results of OLS estimation for probability of loss and prob-

ability of total loss. For both measures, I again estimate the same four specifications as in the

subsections before. The F-tests on joint significance of all parameters are significant at the 1%

level for all specifications. Specification (4) explains 55.0% of the variation of probability of

loss and 40.5% of the variation of probability of total loss across funds in subsample 2.
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Of the five dimensions of diversification, only diversification across financing stages has a

clear effect on shortfall probability. Contrary to hypothesis 3a, diversification across financing

stages enhances probability of loss and total loss. The effects are statistically significant at

least at the 5% level and stable in magnitude across all specifications. A standard deviation

change in diversification across financing stages raises the fraction of losses in a PE fund by

4.8 percentage points and the fraction of total losses by 3.1 percentage points, holding all other

variables constant (Tables 6.12 and 6.13, columns (4)). PE firms investing in multiple financing

stages seem either to fund a higher fraction of low quality companies or to give less management

support compared to PE firms which invest in fewer financing stages.

An increasing number of portfolio companies seems to be associated with a rise in proba-

bility of loss. In contrast, diversification across time appears to lower the fraction of portfolio

companies in a PE fund, returning less than their investment. However, the coefficients of both

variables become insignificant when year fixed effects are introduced. Furthermore, neither

diversification across industries nor diversification across countries have a significant effect on

shortfall probability in any of the regressions.

A growing amount of new funds raised in the vintage year of a PE fund enhances shortfall

probability. A doubling in the amount of new funds raised is associated with a 10.5 percentage

points higher fraction of losses and a 5.7 percentage points higher fraction of total losses in a

PE fund, all else equal (Tables 6.12 and 6.13, columns (4)). PE firms fund a disproportionately

high fraction of low quality investments when a large amount of capital is available.

Finally, VC funds have a significantly higher shortfall probability than BO funds. Holding

all other variables constant, a VC fund has a 13.5 percentage points higher fraction of loss and

a 6.5 percentage points higher fraction of total losses than a BO fund, all else equal (Tables 6.12

and 6.13, columns (3)). VC funds invest mainly in companies which are in their early stages of

development. The selection process of early stage companies is characterized by a scarcity of

objective information making it difficult to judge the success and survival of these companies.

In comparison, established companies, which are the focus of BO funds, have a long history of

activity. The scarcity of objective information leads to a higher percentage of losses and total

losses in VC funds relative to BO funds. The remaining variables do not have a significant

influence on shortfall probability.

6.4.5 Influence of intra-fund variation of return and shortfall prob-
ability on rate of return

In the previous three subsections, the impact of diversification on rate of return, intra-fund

variation of return, and shortfall probability was examined independently from each other. In

the following, I evaluate the influence of intra-fund variation of return and shortfall probability

on the rate of return of PE funds, controlling for the level of diversification and a variety of

other exogenous factors.
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Table 6.12: OLS regression for probability of loss
Subsample 2 consists of 100 PE funds. The dependent variable is probability of loss, i.e., the fraction of portfolio
companies in a PE fund returning less than 0%. Independent variables include number of portfolio companies,
diversification across time, diversification across financing stages, diversification across industries, diversification
across countries, rate of return of the MSCI World Index in vintage year, new funds raised in vintage year, fund
size, and firm experience. Additionally, the regressions contain dummy variables indicating funds managed by
PE firms with headquarters in Europe and VC funds, as well as a constant. The table reports marginal effects
and robust standard errors.

Dependent variable: probability of loss

(1) (2) (3) (4)

Number of portfolio companies 0.003∗∗ 0.002 0.002
(0.001) (0.001) (0.001)

Div. across time (months) -0.005∗ -0.004∗ -0.002
(0.002) (0.002) (0.003)

Div. across financing stages 0.297∗∗∗ 0.248∗∗∗ 0.224∗∗∗

(0.069) (0.075) (0.078)
Div. across industries -0.093 -0.133 -0.121

(0.111) (0.094) (0.098)
Div. across. countries 0.029 0.000 0.020

(0.080) (0.083) (0.085)
Return msci in vy 0.000 0.111 0.022 0.024

(0.140) (0.131) (0.140) (0.138)
Funds raised in vy (log bil. USD 2000) 0.055∗∗ 0.052∗∗∗ 0.048∗∗∗ 0.105∗∗

(0.022) (0.018) (0.016) (0.041)
Fund size (log mil. USD 2000) -0.015 0.016 0.001 -0.002

(0.017) (0.015) (0.017) (0.020)
Firm experience 0.006 0.007 0.012 0.017

(0.029) (0.025) (0.026) (0.030)
European headquarter (0/1) -0.002 0.004 0.020 0.016

(0.038) (0.040) (0.041) (0.044)
VC fund (0/1) 0.124∗∗ 0.184∗∗∗ 0.148∗∗∗ 0.135∗∗

(0.053) (0.043) (0.048) (0.050)
Constant 0.193 -0.055 0.122 -0.141

(0.169) (0.126) (0.165) (0.223)
Year F.E. No No No Yes

F-statistic 18.2 12.3 16.3 11.5
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.418 0.471 0.509 0.550
R2-adjusted 0.367 0.418 0.447 0.450
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.13: OLS regression for probability of total loss
Subsample 2 consists of 100 PE funds. The dependent variable is probability of total loss, i.e., the fraction
of portfolio companies in a PE fund returning nothing. Independent variables include number of portfolio
companies, diversification across time, diversification across financing stages, diversification across industries,
diversification across countries, rate of return of the MSCI World Index in vintage year, new funds raised in
vintage year, fund size, and firm experience. Additionally, the regressions contain dummy variables indicating
funds managed by PE firms with headquarters in Europe and VC funds, as well as a constant. The table reports
marginal effects and robust standard errors.

Dependent variable: prob. of total loss

(1) (2) (3) (4)

Number of portfolio companies 0.000 -0.001 -0.001
(0.001) (0.001) (0.001)

Div. across time (months) -0.002 -0.002 0.000
(0.002) (0.002) (0.002)

Div. across financing stages 0.140∗∗∗ 0.155∗∗∗ 0.144∗∗

(0.041) (0.047) (0.054)
Div. across industries -0.078 -0.049 -0.032

(0.097) (0.088) (0.090)
Div. across. countries -0.016 0.012 0.033

(0.054) (0.066) (0.066)
Return msci in vy 0.019 0.039 0.037 0.044

(0.113) (0.120) (0.121) (0.130)
Funds raised in vy (log bil. USD 2000) 0.034∗ 0.035∗∗ 0.032∗∗ 0.057∗

(0.018) (0.015) (0.015) (0.032)
Fund size (log mil. USD 2000) -0.004 0.011 0.006 0.002

(0.012) (0.012) (0.012) (0.012)
Firm experience 0.001 -0.005 0.003 0.004

(0.021) (0.020) (0.018) (0.019)
European headquarter (0/1) -0.033 -0.015 -0.028 -0.038

(0.025) (0.023) (0.024) (0.026)
VC fund (0/1) 0.064 0.081∗∗ 0.079∗∗ 0.065∗

(0.040) (0.032) (0.035) (0.033)
Constant 0.075 -0.044 0.015 -0.106

(0.117) (0.110) (0.123) (0.155)
Year F.E. No No No Yes

F-statistic 4.7 7.4 6.6 16.8
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.244 0.300 0.321 0.405
R2-adjusted 0.178 0.230 0.236 0.273
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.14, 6.15, and 6.16 summarize the results of the OLS regressions. For each return

variable I estimate four regressions. Specification (1) serves as reference and regresses the rate

of return on the level of diversification and the exogenous variables. In specification (2), I add

intra-fund variation of return to the set of independent variables. In exchange, specification

(3) contains probability of loss as an additional variable. Specification (4) unifies (2) and (3),

embodying both intra-fund variation of return and probability of loss of a PE fund. The F-tests

on joint significance of all parameters are significant at the 1% level for all specifications.

The coefficients for intra-fund variation of return are large and positive in specifications

(2) and (4). An increase in intra-fund variation of IRR by one standard variation around its

mean increases IRR by 31.1 percentage points, holding all other variables constant (Table 6.14,

column (4)). An increase in intra-fund variation of MIRR by one standard variation around its

mean is associated with a growth in MIRR by 3.9 percentage points, all else equal (Table 6.15,

column (4)). An increase in intra-fund variation of IRR by one standard variation around its

mean is linked to an increase of PME by 1.45, holding all other variables constant (Table 6.16,

column (4)). The positive relationship backs the interpretation of intra-fund variation of return

as a proxy for the total risk of a PE firm’s investment strategy. According to hypothesis 4, a

higher total risk of a PE fund is rewarded by a higher rate of return. This result is in line with

Jones & Rhodes-Kropf (2003), who report a positive relationship between idiosyncratic risk

and IRR of a PE fund, and Gottschalg et al. (2004), who find a positive correlation between

the systematic risk and the rate of return of PE funds.

In contrast, probability of loss in a PE fund has a negative impact on the rate of return

of a PE fund. The larger the fraction of portfolio companies that are returning less than

their investment, the lower is the rate of return of a PE fund. A decline in probability of loss

by one standard deviation around its mean decreases IRR by 11.8 percentage points, MIRR

by 3.3 percentage points, and PME by 0.43, all else equal (Tables 6.14, 6.15, 6.16, columns

(4)). The large and negative relations suggest that the fraction of losses is not a meaningful

measure for the total risk of a PE fund. It rather describes an additional characteristic of a PE

fund’s performance. This view is encouraged by the fact that intra-fund variation of return and

probability of loss explain different parts of the return across sample funds. The coefficients of

both variables do not differ significantly whether they are included in the regression analysis

individually (specifications (2) and (3)) or jointly (specification (4)).

Additionally, the inclusion of intra-fund variation of return and shortfall probability in

the set of independent variables substantially changes the magnitude and significance of the

remaining coefficients. The effect of number of portfolio companies in a PE fund nearly doubles

and becomes significant at the 1% level if intra-fund variation of return and probability of loss

are included in the regressions. Holding intra-fund variation of return, shortfall probability,

and fund size constant, PE funds earn a higher rate of return with each additional portfolio

company.

Furthermore, the difference in rate of return between VC and BO funds can be explained

through the higher fraction of losses in VC funds. Including probability of loss in the regressions,
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Table 6.14: OLS regression of log(1+IRR) on intra-fund variation of IRR and
shortfall probability
Subsample 2 consists of 100 PE funds. The dependent variable is the logarithm of (1+IRR). Independent vari-
ables include logarithm of sd(Q-IRR), probability of loss, number of portfolio companies, diversification across
time, diversification across financing stages, diversification across industries, diversification across countries,
rate of return of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm
experience. Additionally, the regressions contain dummy variables indicating funds managed by PE firms with
headquarters in Europe and VC funds, as well as a constant. The table reports marginal effects and robust
standard errors.

Dependent variable: log(1+IRR)

(1) (2) (3) (4)

log(sd(Q-IRR)) 0.172∗∗∗ 0.175∗∗∗

(0.032) (0.033)
Probability of loss -0.443∗∗∗ -0.479∗∗∗

(0.142) (0.075)
Number of portfolio companies 0.004∗∗ 0.007∗∗∗ 0.005∗∗ 0.008∗∗∗

(0.002) (0.002) (0.002) (0.001)
Div. across time (months) -0.005 -0.000 -0.006∗ -0.001

(0.004) (0.003) (0.004) (0.003)
Div. across financing stages -0.202∗ -0.107 -0.103 0.002

(0.107) (0.074) (0.104) (0.072)
Div. across industries 0.132 0.083 0.079 0.024

(0.114) (0.067) (0.121) (0.075)
Div. across. countries -0.112 -0.063 -0.103 -0.053

(0.109) (0.066) (0.098) (0.059)
Return msci in vy -0.451∗∗ -0.129 -0.441∗∗ -0.112

(0.175) (0.127) (0.165) (0.120)
Funds raised in vy (log bil. USD 2000) 0.044 0.037 0.091 0.087∗

(0.065) (0.041) (0.069) (0.044)
Fund size (log mil. USD 2000) -0.063∗∗∗ -0.020 -0.064∗∗∗ -0.020

(0.019) (0.014) (0.019) (0.014)
Firm experience 0.012 0.001 0.020 0.009

(0.025) (0.017) (0.026) (0.015)
European headquarter (0/1) -0.077 -0.030 -0.070 -0.021

(0.069) (0.042) (0.064) (0.035)
VC fund (0/1) -0.128∗ -0.079∗∗ -0.068 -0.014

(0.065) (0.036) (0.079) (0.041)
Constant 0.733∗∗ 0.774∗∗∗ 0.671∗ 0.707∗∗∗

(0.350) (0.225) (0.348) (0.241)
Year F.E. Yes Yes Yes Yes

F-statistic 18.5 36.4 20.2 100.4
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.309 0.642 0.373 0.717
R2-adjusted 0.155 0.557 0.224 0.646
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.15: OLS regression of log(1+MIRR) on intra-fund variation of MIRR and
shortfall probability
Subsample 1 consists of 100 PE funds. The dependent variable is the logarithm of (1+MIRR). Independent
variables include logarithm of sd(Q-MIRR), probability of loss, number of portfolio companies, diversification
across time, diversification across financing stages, diversification across industries, diversification across coun-
tries, rate of return of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and
firm experience. Additionally, the regressions contain dummy variables indicating funds managed by PE firms
with headquarters in Europe and VC funds, as well as a constant. The table reports marginal effects and robust
standard errors.

Dependent variable: log(1+MIRR)

(1) (2) (3) (4)

log(sd(Q-MIRR)) 0.039∗∗∗ 0.041∗∗∗

(0.014) (0.015)
Probability of loss -0.151∗∗∗ -0.165∗∗∗

(0.033) (0.032)
Number of portfolio companies 0.001∗∗ 0.002∗∗∗ 0.002∗∗∗ 0.003∗∗∗

(0.001) (0.001) (0.001) (0.001)
Div. across time (months) -0.001 -0.000 -0.002 -0.001

(0.001) (0.001) (0.001) (0.001)
Div. across financing stages -0.071∗∗ -0.065∗∗ -0.038 -0.028

(0.029) (0.026) (0.031) (0.026)
Div. across industries 0.034 0.030 0.016 0.010

(0.029) (0.024) (0.024) (0.020)
Div. across. countries -0.011 -0.014 -0.008 -0.011

(0.027) (0.025) (0.024) (0.022)
Return msci in vy -0.107∗∗ -0.060 -0.104∗∗ -0.053

(0.043) (0.039) (0.040) (0.033)
Funds raised in vy (log bil. USD 2000) 0.015 0.007 0.031∗ 0.024

(0.018) (0.016) (0.018) (0.016)
Fund size (log mil. USD 2000) -0.020∗∗∗ -0.013∗∗ -0.020∗∗∗ -0.013∗∗

(0.005) (0.005) (0.005) (0.005)
Firm experience 0.008 0.002 0.011 0.004

(0.007) (0.007) (0.006) (0.006)
European headquarter (0/1) -0.040∗∗∗ -0.026∗ -0.038∗∗∗ -0.022∗∗

(0.014) (0.014) (0.012) (0.011)
VC fund (0/1) -0.039∗∗ -0.037∗∗∗ -0.018 -0.015

(0.015) (0.012) (0.020) (0.015)
Constant 0.268∗∗∗ 0.389∗∗∗ 0.247∗∗ 0.374∗∗∗

(0.096) (0.085) (0.094) (0.094)
Year F.E. Yes Yes Yes Yes

F-statistic 20.9 20.9 14.7 45.2
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.407 0.527 0.490 0.626
R2-adjusted 0.275 0.415 0.369 0.532
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table 6.16: OLS regression of log(PME) on intra-fund variation of PME and short-
fall probability
Subsample 1 consists of 100 PE funds. The dependent variable is the logarithm of (PME). Independent variables
include logarithm of sd(Q-PME), probability of loss, number of portfolio companies, diversification across time,
diversification across financing stages, diversification across industries, diversification across countries, rate of
return of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience.
Additionally, the regressions contain dummy variables indicating funds managed by PE firms with headquarters
in Europe and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: log(PME)

(1) (2) (3) (4)

log(sd(Q-PME)) 0.489∗∗∗ 0.449∗∗∗

(0.085) (0.085)
Probability of loss -1.582∗∗∗ -1.002∗∗∗

(0.295) (0.208)
Number of portfolio companies 0.013∗∗∗ 0.019∗∗∗ 0.017∗∗∗ 0.020∗∗∗

(0.005) (0.003) (0.004) (0.003)
Div. across time (months) -0.003 0.006 -0.006 0.003

(0.009) (0.005) (0.008) (0.005)
Div. across financing stages -0.633∗∗ -0.321∗∗ -0.279 -0.122

(0.235) (0.140) (0.240) (0.121)
Div. across industries 0.582∗∗ 0.228 0.390 0.136

(0.284) (0.167) (0.241) (0.144)
Div. across. countries -0.124 -0.088 -0.092 -0.071

(0.253) (0.133) (0.204) (0.121)
Return msci in vy -1.215∗∗∗ -0.128 -1.177∗∗∗ -0.195

(0.407) (0.287) (0.353) (0.254)
Funds raised in vy (log bil. USD 2000) 0.075 0.017 0.241 0.127

(0.161) (0.087) (0.160) (0.092)
Fund size (log mil. USD 2000) -0.196∗∗∗ -0.054 -0.199∗∗∗ -0.067

(0.043) (0.043) (0.040) (0.042)
Firm experience 0.067 -0.022 0.094 0.002

(0.062) (0.049) (0.060) (0.048)
European headquarter (0/1) -0.492∗∗∗ -0.099 -0.467∗∗∗ -0.116

(0.130) (0.091) (0.113) (0.074)
VC fund (0/1) -0.488∗∗∗ -0.236∗∗∗ -0.274 -0.121

(0.124) (0.078) (0.179) (0.097)
Constant 1.705∗ 1.546∗∗∗ 1.482∗ 1.418∗∗

(0.858) (0.551) (0.835) (0.567)
Year F.E. Yes Yes Yes Yes

F-statistic 31.0 206.1 49.5 221.3
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.480 0.776 0.577 0.813
R2-adjusted 0.364 0.723 0.477 0.766
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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the coefficient of the VC dummy is not statistically different from zero (specifications (3) and

(4)). The same is true for the effect of diversification across financing stages. Diversification

across financing stages significantly increases the probability of loss and, consequently, lowers

the rate of return of a PE fund.81 Thus, the inclusion of probability of loss in specification (3)

and (4) leads to an insignificant coefficient of diversification across financing stages.

The effects of the remaining variables on the rate of return of a PE also lose some of their

size and become mostly insignificant. Hence, intra-fund variation of return and probability of

loss explain most of the variation in rate of return across sample funds. This is corroborated by

the high values of R2 of 0.72 for log(1+IRR), 0.63 for log(1+MIRR), and 0.81% for log(PME).

The regression analysis presented in this section might suffer from endogeneity. Intra-fund

variation of return and probability of loss might be endogenous, because they are simultaneously

determined with rate of return over the lifetime of a PE fund. The statistically correct treatment

would be to use instrumental variables and apply two stage least square estimations (Baltagi

1998, Wooldridge 2002). Regrettably, I lack instrumental variables satisfying the order and

rank conditions for the identification of single equations in a simultaneous equation model.

6.5 Summary: two basic strategies to increase rate of

return

The aim of this chapter was twofold: to analyze the impact of diversification on PE funds’ per-

formance and to evaluate the influence of intra-fund variation of return and shortfall probability

on the rate of return of PE funds.

While the return of PE financing has received a tremendous amount of attention from

academic researchers, the role of diversification in PE funds has received little systematic con-

sideration. Contrary to the model presented in chapter 3, I only find weak evidence for the

hypothesis that the rate of return of PE funds decline with ‘systematic’ diversification. Accord-

ing to hypothesis 1a, the rate of return of sample funds decreases with diversification across

financing stages. However, in contrast to hypothesis 2a, the rate of return of sample funds

increases with diversification across industries. The benefits of additional investment opportu-

nities in various industries appear to be higher than the costs of diversification across industries.

No impact of diversification across countries on rate of return of PE funds is found. The same

is true for diversification across time. Additionally, I find rate of return of PE funds to enhance

with number of portfolio companies. PE funds with a larger number of portfolio companies

have a higher rate of return compared to PE funds with fewer portfolio companies at the same

fund size and equivalent characteristics.

Furthermore, chapter 3 supposes that the total risk of PE funds decreases with diversifi-

cation. Presuming intra-fund variation of return and shortfall probability as proxies for the

total risk of PE funds, the hypothesis is only partially confirmed. On the one hand, in line

81 Compare Table 6.12
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with hypothesis 2a and 2b intra-fund variation of return declines significantly with the num-

ber of portfolio companies in a PE fund and diversification across time. The more portfolio

companies a PE fund contains and the slower it invests its capital, the less its rate of return

depends on the outcome of a single portfolio company. However, intra-fund variation of return

only decreases with ‘systematic’ diversification across financing stages, industries, and countries

when the number of portfolio companies is not included in the regressions. The reduction in

intra-fund variation of return seems to be caused by the higher number of portfolio companies

which is positively correlated with a higher level of diversification across financing stages, in-

dustries, and countries. On the other hand, probabilities of loss do not decrease significantly

with diversification. In contrast to hypothesis 3a, I even find a positive relation between diver-

sification across financing stages and the probabilities of loss. PE firms investing in multiple

financing stages have higher percentages of losses and total losses in their portfolios than PE

funds focused on fewer financing stages.

Despite the large amount of academic research on the rate of return of PE funds, there is

still ambiguity on the relationship between return and risk of PE funds. Assuming the intra-

fund variation of return to be a proxy for the total risk of an investment strategy, I find strong

evidence for the hypothesis that return and total risk of PE funds are positively correlated.

The higher the intra-fund variation of return in a PE fund, the larger is its rate of return, and

vice versa. In contrast, the rate of return of a PE fund decreases with probability of loss, that

is, the fraction of portfolio companies returning less than 0%.

The results discourage the theoretical model presented in chapter 3. The concept of set-up

costs seems to be insufficient to describe the impact of diversification on the return and risk

of PE funds. Although PE firms appear to bear substantial set-up costs for diversification

across financing stages, the costs for diversification across industries or countries are very low.

Moreover, the positive relation between diversification across industries and the rate of return of

PE funds suggests that in some cases PE firms can generate benefits rather than costs through

diversification. To conclude, more effort in the modeling of PE funds is needed to understand

the effects of diversification in PE funds.

Nevertheless, the empirical findings have several implications for the management of PE

funds. First, there seems to be rather limited influence of diversification on the performance

of PE funds. Despite prevailing opinion, the results suggest no return premium of funds spe-

cialized on certain industries or countries compared to diversified funds. However, through

diversification across number of portfolio companies and time, PE firms are able to lower the

intra-fund variation of return of their funds.

Secondly, the analysis reveals two basic strategies for PE firms to enhance the return of their

funds. The return distribution of portfolio companies in a PE fund is usually right skewed.

The left side of the distribution is characterized by a substantial fraction of portfolio companies

returning less than their investment or even nothing at all. On the right side of the distribution

there are a small number of portfolio companies considerably multiplying their investment.

As a consequence, PE firms can either select portfolio companies with low risk and put their
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effort to the part of portfolio companies, which are expected to be on the left side of the

distribution, in order to reduce the fraction of losses in their portfolio. Alternatively, they

can select portfolio companies with a large upside potential as well as large downside risk and

appoint their resources to the part of portfolio companies, which are expected to be on the

right side of the distribution, in order to increase intra-fund variation of return. The empirical

results show that both strategies can raise the rate of return of a PE fund, when successfully

applied. However, it might be difficult and risky to strive for both strategies at the same time.82

Assuming an equal effort in order to change both measures by one standard deviation, the data

suggest an increase in intra-fund variation of return to be more effective than a reduction of

probability of loss. All else equal, a standard deviation increase in intra-fund variation of return

rises IRR by 31.1 percentage points, MIRR by 3.9 percentage points, and PME by 1.45, while

a standard deviation decrease in probability of loss enhances IRR by 11.8 percentage points,

MIRR by 3.3 percentage points, and PME by 0.43 (Tables 6.14, 6.15, 6.16, columns (4)).

There are some caveats to consider. First of all, the data set used in this chapter is limited

in size and biased towards larger, older, and superior performing funds in comparison to the

universe of PE funds. As a consequence, some of the results reported in this chapter might be

specific for the ‘top-half’ of PE funds, but not valid for the ‘bottom-half’ of PE funds. Therefore,

future research should repeat the analysis undertaken in this chapter with a larger and less

biased data set. Secondly, some results might be caused by unobserved differences between the

PE firms rather than the studied variables. Yet, the size and structure of the data set inhibit

the ability to control for firm fixed effects. Thirdly, intra-fund variation of return and shortfall

probability are utilized as proxies for the total risk of PE firms’ investment strategies. They are

not based on value-variation over time as standard risk measures usually applied in financial

analysis. Moreover, they do not enable to distinguish between systematic and unsystematic

risk. Hence, it is another task of future research to study the impact of diversification on

alternative risk measures for PE funds. In particular, it would be interesting to examine the

influence of diversification on the variation of quarterly returns which are based on the capital

invested, realized amounts, and NAV reported over the lifetime of a PE fund. Regrettably, this

data is not available for the sample used in this thesis. Finally, the measures of ‘systematic’

diversification are not capturing all aspects of diversification. The literature on the impact of

diversification in big sized public companies find quantitative diversification measures to explain

less of financial success than qualitative diversification measures (Hall & John 1994). However,

applying qualitative diversification measures similar to the relation-ratios of Rumelt on a sample

of portfolio companies appears to be an unpractical task (Rumelt 1974, Rumelt 1982). For

instance, for subsample 2 the relation of the businesses of 2,892 portfolio companies have to be

judged, demanding an unavailable amount of information and time.

Another research opportunity, which will be examined in the future is the pattern of intra-

fund variation of return and probability of loss across subsequent funds of PE firms. Are there

PE firms which either persistently have a higher intra-fund variation of return or constantly

82 In an unreported regression of probability of loss on intra-fund variation of return controlling for a variety
of variables, there is a positive relationship between both variables.
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show a low fraction of losses in their funds? Or do the two strategies alternate across subsequent

funds of PE firms?
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Chapter 7

Summary

Very different portfolio strategies can be observed across PE funds. Some PE funds are highly

specialized, whereas others are highly diversified. The decision determining portfolio compo-

sition plays a crucial role in the formation of a PE fund. It is a long term strategic decision

that is difficult to change. The objective of this thesis was to examine the economics underly-

ing the different portfolio strategies applied by PE funds. In order to do so, three steps were

accomplished: (1) the relationship between diversification and performance of PE funds was

evaluated in a theoretical model, (2) the determinants driving the choice of portfolio strategies

by PE firms were analyzed in multivariate regressions, and (3) the impact of different portfolio

strategies on the performance of PE funds was studied. A portfolio strategy of a PE fund was

defined as its level of diversification across the number of portfolio companies, time, financing

stages, industries, and countries. In the following, the main results are summarized.

In chapter 3, the trade-off between specialization and diversification in PE funds is modeled

based on modern portfolio theory. The global investment scope of potential portfolio companies

is divided into investment clusters of financing stages, industries, and countries. It is assumed

that companies which belong to different investment clusters are more likely to have lower

co-movements than companies which belong to the same investment cluster. Acting in an

investment cluster is costly for a PE firm. For each investment cluster a PE firm has to pay

set-up costs in order to overcome the informational asymmetries and agency problems inherent

in the investment in private companies (e.g. investments in cluster specific human capital and

network ties). Maximizing the utility of a risk averse PE firm leads to an optimal number of

investment clusters, that is, the optimal level of diversification in a PE fund. Comparative

statics reveal the following hypotheses: The better the expected return-risk characteristics of

potential portfolio companies are, the smaller the optimal number of investments clusters. In

contrast, the more risk averse a PE firm is, the higher the optimal number of investment clusters.

In addition, an increase in set-up costs decreases the optimal number of investment clusters.

Finally, with an increasing number of investment clusters, the rate of return diminishes as well

as the total risk of a PE fund.

Chapter 4 describes the data set and variables used in the empirical part of the thesis. The

entire data set contains information about 6,758 investments made by 227 PE funds started
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between 1997 and 2003 from 51 PE firms. The sample can be divided into 54 seed/early

VC funds, 54 other VC funds, 61 BO funds, and 58 generalist funds. The data distinguishes

itself from other data sets through its high level of detail. For the first time it is possible

to measure the level of diversification in a PE fund along the five dimensions: number of

portfolio companies, financing stages, industries, countries, and time. Moreover, the availability

of the entire gross cash flow records between portfolio companies and their funds enables the

calculation of three performance measures: (1) rate of return, (2) intra-fund variation of return,

and (3) shortfall probability. Intra-fund variation of return measures the variation of value-

weighted returns across portfolio companies within a PE fund. Shortfall probability is defined

as the fraction of portfolio companies in a PE fund returning less than a threshold. However,

the data set is biased towards bigger funds with a higher sequence number and a superior

performance relative to the average PE fund reported by Thomson Venture Economics.

The choice of portfolio strategies by PE firms is analyzed in chapter 5. Each measure

for diversification is regressed on a variety of potential determinants. The results show that

diversification across time is predominantly an opportunistic reaction to market conditions.

Diversification across time declines with an increase in the rate of return of the MSCI World

index in the vintage year, the annual rate of return of the MSCI World Index during investment

period, and the amount of new funds raised in the vintage year of a PE fund. In times of a

well performing economy, PE firms invest very quickly in order to benefit from the open exit

window. In contrast, different levels of ‘naive’ and ‘systematic’ diversification of PE funds can

be explained by different characteristics of PE funds and firms. According to expectations,

diversification across number of portfolio companies, financing stages, industries and countries

grows with firm internationalization, firm experience, and fund size. European PE funds show

a higher level of diversification across industries and countries than their US counterparts.

The relatively small economies of the European countries, compared to the US economy, force

European PE firms to spread their funds more across industries and countries than their US

counterparts. Moreover, fund types differ significantly with respect to their level of diversifica-

tion. Seed/early VC funds are most diversified, followed by other VC funds, generalist funds,

and BO funds according to the number of portfolio companies, industries and countries. Hence,

PE firms predominantly involved in early stage financing diversify the higher risk of their port-

folio companies through diversification, compared to PE firms focused on later stage financing.

The only exception to this order is the level of diversification across industries of seed/early

VC funds. Across industries, seed/early VC funds are more specialized than the other fund

types. Because of the high technical uncertainties of seed and early stage projects, seed/early

VC firms have to invest significantly in specialized knowledge in very few industries in order to

be able to select successful projects.

The impact of diversification on PE funds’ performance is the driving question in chapter

6. Contrary to the results in chapter 3, there is only weak evidence that the rate of return of

PE funds is declining with the level of ‘systematic’ diversification. Although the rate of return

of sample funds is declining with diversification across financing stages, it is increasing with

diversification across industries. Diversification across countries has no significant influence
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on the rate of return of PE funds. Equivalently, the hypothesis that PE funds’ intra-fund

variations of return decline with their level of diversification can only be partially confirmed.

Intra-fund variations of return of sample funds decrease with number of portfolio companies and

diversification across time. The more portfolio companies a PE fund contains and the slower it

spends its capital, the less dependent is its rate of return on the outcome of a single portfolio

company. However, the effect of ‘systematic’ diversification on the intra-fund variation of return

is only significant when the number of portfolio companies is not included in the regression.

Hence, the reduction in intra-fund variation of return, caused by ‘systematic’ diversification, is

related to the larger number of portfolio companies in PE funds with a high level of ‘systematic’

diversification. Finally, diversification has limited influence on the shortfall probabilities of PE

funds. An increase in diversification across financing stages enhances probabilities of loss and

total of PE funds. In summary, these results suggest that the model presented in chapter 3 is

insufficient to explain the impact of diversification on the return and risk of PE funds. More

effort in the modeling of PE investing is needed to understand the effects of diversification in

PE funds.

Chapter 6 also evaluates the relationship between PE funds’ rates of return, intra-fund

variations of return and shortfall probabilities. Assuming that intra-fund variation is a proxy

for the total risk of a PE fund’s portfolio strategy, there is strong evidence that the rate of return

is positively linked to the total risk of a PE fund. PE funds with high intra-fund variations

of return achieve high rates of return, and vice versa. In contrast, shortfall probability is

negatively correlated with the rate of return of PE funds. The larger the fraction of portfolio

companies in a PE fund that return less than their investment, the lower is the fund’s rate

of return. This result suggests that shortfall probability is an inappropriate measure of a PE

fund’s portfolio strategy.

The results have several implications for investors and PE firms. Chapter 5 allows investors

to predict more accurately the choice of portfolio strategies of PE funds they intend to invest in.

The information assists investors in allocating their capital according to their own investment

strategy. The findings in chapter 6 have consequences mainly for PE firms. On the one hand,

the results demonstrate the rather limited influence of diversification on the performance of PE

funds. Despite prevailing opinion, no return premium of funds specialized in certain industries

or countries compared to diversified funds can be observed. However, through diversification

across number of portfolio companies and time, PE firms are able to lower the intra-fund

variation of return of their funds. On the other hand, the relations between PE funds’ rates of

return, intra-fund variations of return and probabilities of loss point out two basic strategies

to raise the rate of return of a PE fund: PE firms can either concentrate their efforts to reduce

the fraction of losses in their portfolios or appoint their resources to the potential winners in

their funds, in order to increase intra-fund variation of return. The empirical results show that

both strategies can raise the rate of return of a PE fund when successfully applied.

To conclude, despite its importance, portfolio strategies applied by PE firms have received

little attention from the research community so far. This thesis is the first systematic analysis
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of determinants underlying the choice of portfolio strategies by PE firms and the impact of

these choices on the PE funds’ performance. It contributes to the growing amount of literature

analyzing the investment behavior and performance of PE firms. The unique data set allowed

for the first time to measure exactly the diversification of PE funds across various dimensions

and to evaluate the relationship between these dimensions and the performance of sample

funds. The results should prove to be important for both the research community as well as

practitioners. The findings highlight the need for future research that aims at understanding

the investment behavior and performance of PE firms.
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Appendix A

Appendix chapter 3

A.1 Expected rate of return and risk of an investment

cluster

The expected rate of return of an investment cluster is given by:

μk = E(Rk) = E

(
Wt/K − W0/K

W0/K

)
=

E(Wt)/K − W0/K

W0/K
(A.1)

The expected terminal wealth of an investment cluster is:

E(Wt)/K =

Ik∑
i=1

(Xki(W0/K)μki + Xki(W0/K)) (A.2)

Using the information given in (3.5) and (3.11) one obtains:

E(Wt)/K =

(
1 − C

W0/K

)
μ(W0/K) +

(
1 − C

W0/K

)
(W0/K) (A.3)

From (A.1) and (A.3), finally follows t:

μk = E(Rk) =

(
1 − C

W0/K

)
μ(W0/K) +

(
1 − C

W0/K

)
(W0/K)

W0/K
− 1

= μ − μ
C

W0/K
− C

W0/K

= μ − (1 + μ)
C

W0/K
(A.4)

The same result is achieved by interpreting an investment cluster as a portfolio consisting of a

subportfolio which contains companies i = 1, 2, . . . , Ik and the set-up costs. The subportfolio of
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companies has the expected rate of return μ, and its fraction of the investment cluster’s budget

is 1 − C
W0/K

. The set-up costs correspond to a riskless asset with a rate of return of −1. Its

fraction of an investment cluster’s budget is C
W0/K

. As a result, the expected rate of return of

an investment cluster is calculated by:

μk =

(
1 − C

W0/K

)
μ − C

W0/K

= μ − (1 + μ)
C

W0/K
(A.5)

and is identical to (A.4). The same interpretation is used calculating the risk of an investment

cluster. The subportfolio of companies has the risk σ. The set-up costs are assumed to be given

exogenous. They have a variance of 0. Its correlation with the subportfolio of companies is 0.

Thus, the variance of an investment cluster’s return is:

σ2
k =

(
1 − C

W0/K

)2

σ2 +

(
C

W0/K

)2

0 + 2

(
1 − C

W0/K

)(
C

W0/K

)
0

=

(
1 − C

W0/K

)2

σ2 (A.6)

By finding the square root one obtains the risk of an investment cluster:

σk =

(
1 − C

W0/K

)
σ (A.7)

A.2 Risk of a fund

To calculate the risk of a fund one needs variance of the investment clusters (see equation

(A.7)) and the covariance between investment clusters. As stated before, an investment cluster

consists of a subportfolio of companies with equal return distributions and a riskless asset

with a rate of return of −1, the set-up costs. As a result, the correlation between investment

clusters is equal to the correlation between companies’ rates of return which belong to different

investment clusters:

rb
kl = rb

ij = 0 (A.8)

Consequently, the covariance between investment clusters is given by:

σb
kl = σkσlr

b
ij = 0 (A.9)
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The variance of a fund’s return is calculated as follows:

σ2
F = V (RF ) =

K∑
k=1

(
1

K

)2

σ2
k +

K∑
k=1

K∑
l=1
k �=l

(
1

K

)(
1

K

)
σb

kl (A.10)

Using (A.7) and (A.9) one obtains:

σ2
F =

(
1 − C

W0/K

)2
1

K
σ2 (A.11)

Finding the square root results in a standard deviation of:

σF =

(
1 − C

W0/K

)√
1

K
σ (A.12)

The first derivative of σF with respect to the number of investment clusters K is negative:

∂σF

∂K
= −1

2

W0 + CK

W0K2

√
1
K

σ < 0 (A.13)

The second derivative of σF with respect to the number K of investment clusters is positive:

∂2σF

∂K2
=

1

4

3W0 + CK

W0K3

√
1
K

σ > 0 (A.14)

A.3 Optimal number of investment clusters

The optimal number of investment clusters is calculated by maximizing the PE firm’s utility

with respect to K:

max
K

u = μF − α

2
σ2

F (A.15)

Replacing μF and σF by equations (3.14) and (3.15) leads to the following maximization prob-

lem:

max
K

u(μF , σF ) = μ − K (1 + μ)
C

W0

− α

2

(
1 − C

W0/K

)2
1

K
σ2 (A.16)

The first derivative with respect to K is:
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∂U

∂K
= −1

2

2CW0K
2 + 2μCWK2 − ασ2W 2

0 + ασ2K2C2

W 2
0 K2

(A.17)

To find the optimal number of investment clusters K∗ the numerator of (A.17) has to be equal

to zero:

2CW0K
2 + 2μCWK2 − ασ2W 2

0 + ασ2K2C2 = 0 (A.18)

Equation (A.18) is a quadratic function with respect to K. Solving the equality leads to two

solution:

K∗
1 =

√
(αC (ασ2C + 2W0 + 2μW0))σW0

2CW0 + 2μCW + ασ2C2
(A.19)

K∗
2 = −

√
(αC (ασ2C + 2W0 + 2μW0))σW0

2CW0 + 2μCW + ασ2C2
(A.20)

Since K∗
2 is negative, it is of no interest for this analysis. K∗

1 is the valid solution for the

considered problem and named K∗ in chapter 3.

A.4 Comparative statics

The first derivative of the optimal number of investment clusters K∗ with respect to the set-up

costs C is negative, at least for all μ ≥ 0:

∂K∗

∂C
= − (σW0α) (ασ2C + W0 + μW0)

C
√

(αC (ασ2C + 2W0 + 2μW0)) (ασ2C + 2W0 + 2μW0)
< 0 (A.21)

The first derivative of the optimal number of investment clusters K∗ with respect to the fund

size W0 is positive, at least for all μ ≥ 0:

∂K∗

∂W0

=
ασ (ασ2C + W0 + μW0)

(ασ2C + 2W0 + 2μW0)
√

(αC (ασ2C + 2W0 + 2μW0))
> 0 (A.22)

The first derivative of the optimal number of investment clusters K∗ with respect to the level

of risk aversion α is positive, at least for all μ ≥ 0 :

∂K∗

∂α
=

(1 + μ) σW 2
0

(ασ2C + 2W0 + 2μW0)
√

(αC (ασ2C + 2W0 + 2μW0))
> 0 (A.23)

The first derivative of the optimal number of investment clusters K∗ with respect to the expected

rate of return of portfolio companies μ is negative, at least for all μ ≥ 0:
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∂K∗

∂μ
= − ασW 2

0

(ασ2C + 2W0 + 2μW0)
√

(αC (ασ2C + 2W0 + 2μW0))
< 0 (A.24)

The first derivative of the optimal number of investment clusters K∗ with respect to the risk

of portfolio companies σ is positive, at least for all μ ≥ 0:

∂K∗

∂σ
=

2 (1 + μ) ασW 2
0

(ασ2C + 2W0 + 2μW0)
√

(αC (ασ2C + 2W0 + 2μW0))
> 0 (A.25)
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Appendix B

Appendix chapter 4

Table B.1: Classification of portfolio companies
Each portfolio company was assigned to a financing state, an industry, and a country. The table displays the
distribution of portfolio companies across the three classifications.

Panel A: Financing stages

Number of portfolio companies %

Seed / early stage VC 2,928 43.45
Second, expansion and later stage VC 2,066 30.66
Buyout capital 1,611 23.91
Listed securities 73 1.8
Other financing stage 61 0.91

All portfolio companies 6,739 100.00

Panel B: Industries

Number of portfolio companies %

Internet and Computers 2,104 32.92
Communications and Electronics 1,200 18.78
Business and Industrial 420 6.57
Consumer 554 8.67
Energy and Utilities 88 1.38
Biotechnology and Healthcare 1,402 21.94
Financial Services 265 4.15
Business Services 335 5.24
Other 23 0.36

All portfolio companies 6,391 100.00

continued
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Table B.1 – Continued

Panel C: Countries

Country Number of portfolio companies %

Argentina 3 0.04
Australia 6 0.09
Austria 13 0.19
Belgium 12 0.18
Bermuda 6 0.09
Brazil 15 0.22
Canada 64 0.95
China 27 0.40
Czech Republic 3 0.04
Denmark 12 0.18
Finland 4 0.06
France 310 4.59
Germany 236 3.49
Greece 2 0.03
Hong Kong 22 0.33
Hungary 2 0.03
Iceland 2 0.03
India 38 0.56
Indonesia 5 0.07
Republic of Ireland 22 0.33
Israel 67 0.99
Italy 94 1.39
Japan 12 0.18
Luxembourg 5 0.07
Malaysia 2 0.03
Mexico 2 0.03
Netherlands 38 0.56
New Zealand 3 0.04
Norway 4 0.06
Philippines 6 0.09
Poland 6 0.09
Portugal 5 0.07
Romania 1 0.01
Russia 2 0.03
Singapore 9 0.13
South Africa 1 0.01
South Korea 9 0.13
Spain 64 0.95
Sweden 33 0.49
Switzerland 28 0.41
Taiwan 10 0.15
Thailand 1 0.01
United Kingdom 585 8.66
United States of America 4,967 73.50

All portfolio companies 6,758 100.00
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Appendix C

Appendix chapter 5

Figure C.1: Distribution of subsample 1 across vintage years
The figure shows the distribution of the observations across vintage years. Subsample 1 contains 174 PE funds
with vintage years between 1977 and 2000. PE funds are divided into liquidated and active funds. Active funds
have a NAV larger than zero. Liquidated funds have no NAV any more. Vintage year is defined as the year of
the first investment of a fund.
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Table C.2: Variance inflation factors chapter 5
Subsample 1 contains 174 PE funds. The table shows variance inflation factors for the independent variables of
the regression analysis conducted in chapter 5.

Variance inflation factor (VIF)

(1) (2) (3)

Return msci in vy 1.15 1.30 1.35
Return msci invest period (p.a.) 1.09 1.13 1.56
Funds raised in vy (log bil. USD 2000) 1.45 11.02 14.05
Firm internationalization 1.64 1.65 1.71
Firm experience 1.56 3.23 1.66
Fund size (log mil. USD 2000) 2.07 2.16 2.36
European headquarters (0/1) 1.63 1.66 1.74
Seed/early VC fund (0/1) 1.81 1.86 1.89
Other VC fund (0/1) 1.67 1.72 1.74
Buyout fund (0/1) 1.75 1.78 1.85
Time trend (1977 = 1) 9.84
First-time fund (0/1) 2.44
Year F.E. No No Yes

Figure C.2: New funds raised across vintage years
The figure shows the amount of new funds raised by the PE industry worldwide in USD billion of 2000 purchasing
power across vintage years. Source: Thomson Venture Economics, June 30, 2005.
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Table C.3: Regression coefficients for number of portfolio companies
Subsample 1 consists of 174 PE funds. The dependent variable is number of portfolio companies. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
and fund size. Additionally, the regressions contain dummy variables indicating funds managed by PE firms
with headquarters in Europe, seed/early VC funds, other VC funds, and BO funds, as well as a constant. The
table reports coefficients of the NBRM and robust standard errors.

Dependent variable:
Number of portfolio companies

(1) (2) (3)

Return msci in vy 0.067 -0.235 -0.307
(0.295) (0.209) (0.288)

Return msci invest period (p.a.) -1.072∗∗∗ -0.871∗ - 0.575
(0.408) (0.456) (0.557)

Funds raised in vy (log bil. USD 2000) -0.120 0.130∗ 0.108
(0.075) (0.077) (0.114)

Firm internationalization 0.044∗ 0.046∗∗ 0.450∗∗

(0.024) (0.023) (0.022)
Firm experience 0.167∗ 0.166 0.167∗

(0.100) (0.135) (0.091)
Fund size (log mil. USD 2000) 0.174∗∗ 0.161∗ 0.179∗∗

(0.086) (0.083) (0.077)
European headquarter (0/1) -0.094 -0.061 0.680

(0.124) (0.117) (0.112)
Seed/early VC fund (0/1) 0.312∗ 0.303∗ 0.324∗∗

(0.165) (0.157) (0.162)
Other VC fund (0/1) 0.235∗∗ 0.255∗∗∗ 0.254∗∗∗

(0.097) (0.095) (0.098)
Buyout fund (0/1) -0.784∗∗∗ -0.778∗∗∗ - 0.791∗∗∗

(0.195) (0.193) (0.197)
Time trend (1977 = 1) -0.050∗∗

(0.018)
First-time fund (0/1) -0.076

(0.134)
Constant 2.737∗∗∗ 2.695∗∗∗ 2.384∗∗∗

(0.210) (0.274) (0.271)
Year F.E. No No Yes

Log pseudo-likelihood -670.2 -666.5 -663.9
χ2-statistic 131.9 221.3 1241.8
p-value of χ2-test 0.000 0.000 0.000
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations from one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table C.4: Regression coefficients for diversification across financing stages
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across financing stages. In-
dependent variables include rate of return of the MSCI World Index in vintage year, annual rate of return of
the MSCI World Index during investment period, new funds raised in vintage year, firm internationalization,
firm experience, and fund size. Additionally, the regressions contain dummy variables indicating funds managed
by PE firms with headquarters in Europe, seed/early VC funds, other VC funds, and BO funds, as well as a
constant. The table reports coefficients of the Tobit regression and robust standard errors.

Dependent variable:
Diversification across financing stages

(1) (2) (3) (4)

Return msci in vy -0.184 -0.168 -0.116 0.019
(0.164) (0.151) (0.176) (0.111)

Return msci invest period (p.a.) -0.210 -0.216 -0.068 -0.110
(0.180) (0.189) (0.208) (0.153)

Funds raised in vy (log bil. USD 2000) 0.021 0.007 0.048 0.013
(0.030) (0.032) (0.058) (0.026)

Firm internationalization 0.041∗∗∗ 0.041∗∗∗ 0.043∗∗∗ 0.014∗∗∗

(0.011) (0.011) (0.011) (0.005)
Firm experience 0.057∗∗ 0.061∗ 0.067∗∗ 0.008

(0.028) (0.034) (0.030) (0.022)
Fund size (log mil. USD 2000) -0.055∗∗ -0.054∗∗ -0.059∗∗ -0.004

(0.028) (0.027) (0.027) (0.013)
European headquarter (0/1) -0.175∗∗ -0.177∗∗ -0.181∗∗ -0.058

(0.088) (0.087) (0.086) (0.040)
Seed/early VC fund (0/1) -0.262∗∗∗

(0.031)
Other VC fund (0/1) -0.093∗∗∗

(0.025)
Buyout fund (0/1) -0.441∗∗∗

(0.044)
Time trend (1977 = 1) 0.003

(0.007)
First-time fund (0/1) 0.013

(0.050)
Constant 0.478∗∗∗ 0.473∗∗∗ 0.654∗∗∗ 0.669∗∗∗

(0.098) (0.110) (0.093) (0.060)
Year F.E. No No Yes Yes

Log likelihood 7.15 7.21 11.15 96.84
χ2-statistic 27.22 31.51 85.64 580.89
p-value of χ2-test 0.000 0.000 0.000 0.000
Number of left-censored observations 18 18 18 18
Number of observations 174 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table C.5: Regression coefficients for diversification across industries
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across industries. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
and fund size. Additionally, the regressions contain dummy variables indicating funds managed by PE firms
with headquarters in Europe, seed/early VC funds, other VC funds, and BO funds, as well as a constant. The
table reports coefficients of the Tobit regression and robust standard errors.

Dependent variable:
Diversification across industries

(1) (2) (3)

Return msci in vy 0.064 -0.039 -0.010
(0.109) (0.099) (0.110)

Return msci invest period (p.a.) -0.115 -0.046 -0.149
(0.150) (0.149) (0.181)

Funds raised in vy (log bil. USD 2000) -0.035 0.038 0.036∗

(0.026) (0.035) (0.046)
Firm internationalization 0.010 0.011∗ 0.009

(0.007) (0.007) (0.007)
Firm experience 0.042 0.069∗ 0.046

(0.034) (0.041) (0.034)
Fund size (log mil. USD 2000) 0.024 0.018 0.025

(0.017) (0.017) (0.017)
European headquarter (0/1) 0.085∗ 0.095∗∗ 0.105∗∗

(0.046) (0.046) (0.046)
Seed/early VC fund (0/1) -0.050 -0.046 -0.047

(0.064) (0.063) (0.060)
Other VC fund (0/1) 0.036 0.048 0.047

(0.052) (0.052) (0.053)
Buyout fund (0/1) -0.019 -0.010 -0.023

(0.049) (0.050) (0.050)
Time trend (1977 = 1) -0.014∗∗∗

(0.005)
First-time fund (0/1) 0.044

(0.036)
Constant 0.543∗∗∗ 0.494∗∗∗ 0.411∗∗∗

(0.103) (0.099) (0.141)
Year F.E. No No Yes

Log likelihood 66.65 69.23 70.83
χ2-statistic 40.43 45.41 103.98
p-value of χ2-test 0.000 0.000 0.000
Number of left-censored observations 3 3 3
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table C.6: Regression coefficients for diversification across countries
Subsample 1 consists of 174 PE funds. The dependent variable is diversification across countries. Independent
variables include rate of return of the MSCI World Index in vintage year, annual rate of return of the MSCI World
Index during investment period, new funds raised in vintage year, firm internationalization, firm experience,
and fund size. Additionally, the regressions contain dummy variables indicating funds managed by PE firms
with headquarters in Europe, seed/early VC funds, other VC funds, and BO funds, as well as a constant. The
table reports coefficients of the Tobit regression and robust standard errors.

Dependent variable:
Diversification across countries

(1) (2) (3)

Return msci in vy -0.478∗∗∗ -0.437∗∗∗ -0.446∗∗∗

(0.186) (0.167) (0.172)
Return msci invest period (p.a.) -0.076 -0.103 0.165

(0.246) (0.25) (0.339)
Funds raised in vy (log bil. USD 2000) 0.058∗∗ 0.022 0.069

(0.029) (0.065) (0.069)
Firm internationalization 0.047∗∗∗ 0.046∗∗∗ 0.049∗∗∗

(0.0156) (0.0152) (0.014)
Firm experience 0.013 0.006 0.012

(0.049) (0.072) (0.045)
Fund size (log mil. USD 2000) 0.064∗ 0.067∗ 0.062∗

(0.034) (0.035) (0.033)
European headquarter (0/1) 0.190∗∗ 0.185∗∗ 0.171∗∗

(0.085) (0.088) (0.086)
Seed/early VC fund (0/1) 0.149∗∗ 0.149∗∗ 0.148∗∗

(0.076) (0.076) (0.072)
Other VC fund (0/1) 0.072 0.068 0.087

(0.076) (0.071) (0.074)
Buyout fund (0/1) -0.056 -0.060 -0.040

(0.056) (0.055) (0.058)
Time trend (1977 = 1) 0.007

(0.015)
First-time fund (0/1) -0.008

(0.082)
Constant -0.637∗∗∗ -0.621∗∗∗ -0.678∗

(0.177) (0.172) (0.400)
Year F.E. No No Yes

Log likelihood -39.8 -39.6 -36.8
χ2-statistic 68.7 92.4 437.2
p-value of χ2-test 0.000 0.000 0.000
Number of left-censored observations 71 71 71
Number of observations 174 174 174

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Appendix D

Appendix chapter 6

Figure D.1: Distribution of subsample 2 across vintage years
The figure shows the distribution of observations across vintage years. Subsample 2 contains 100 PE funds with
vintage years between 1979 and 1998. PE funds are divided into liquidated and active funds. Active funds have
a NAV larger than zero. Liquidated funds have no NAV any more. Vintage year is defined as the year of the
first investment of a fund.
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Figure D.2: Histograms of performance measures
The figure shows histograms of the performance measures. Panel A includes histograms of IRR, MIRR, and
PME. Panel B displays histograms of intra-fund variation of IRR, intra-fund variation of MIRR, and intra-fund
variation of PME. Panel C shows histograms of probability of loss and probability of total loss. The y-axis is
scaled so that the sum of the bars’ areas equals one. Subsample 2 contains 100 PE funds.
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Figure D.2 – Continued

Panel B: Intra-fund variation of return
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Table D.6: OLS regression for IRR
Subsample 2 consists of 100 PE funds. The dependent variable is IRR scaled as percentages. Independent
variables include number of portfolio companies, diversification across time, diversification across financing
stages, diversification across industries, diversification across countries, rate of return of the MSCI World Index
in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions
contain dummy variables indicating funds managed by PE firms with headquarters in Europe and VC funds,
as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: IRR

(1) (2) (3) (4)

Number of portfolio companies 0.285 0.368 0.566∗

(0.191) (0.281) (0.311)
Div. across time (months) -0.754 -0.808 -0.854

(0.489) (0.518) (0.662)
Div. across financing stages -10.987 -19.396 -28.489

(15.767) (17.979) (17.120)
Div. across industries 29.942∗ 23.860 22.742

(17.197) (18.701) (18.999)
Div. across. countries -4.390 -8.460 -20.525

(11.739) (13.829) (17.771)
Return msci in vy -73.453∗∗∗ -61.969∗∗∗ -78.390∗∗∗ -68.343∗∗

(25.945) (21.155) (25.213) (26.331)
Funds raised in vy 9.752∗∗∗ 12.435∗∗∗ 11.43∗∗∗ 7.710

(log bil. USD 2000) (3.178) (3.648) (3.313) (11.051)
Fund size (log mil. USD 2000) -9.824∗∗∗ -8.007∗∗∗ -10.962∗∗∗ -9.449∗∗∗

(2.358) (2.623) (2.774) (3.209)
Firm experience 5.909∗ 3.205 4.476 2.297

(3.401) (3.788) (3.558) (3.986)
European headquarter (0/1) -11.811 -16.083 -13.745 -11.149

(7.999) (9.654) (10.007) (10.839)
VC fund (0/1) -16.751∗ -11.817 -18.489∗ -18.461

(9.695) (8.018) (10.089) (11.467)
Constant 86.019∗∗∗ 45.567∗ 81.165∗∗ 96.172

(27.106) (24.884) (30.592) (62.452)
Year F.E. No No No Yes

F-statistic 10.5 12.9 10.2 17.9
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.177 0.165 0.204 0.276
R2-adjusted 0.104 0.081 0.104 0.115
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.7: OLS regression for MIRR
Subsample 2 consists of 100 PE funds. The dependent variable is MIRR scaled as percentages. Independent
variables include number of portfolio companies, diversification across time, diversification across financing
stages, diversification across industries, diversification across countries, rate of return of the MSCI World Index
in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions
contain dummy variables indicating funds managed by PE firms with headquarters in Europe and VC funds,
as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: MIRR

(1) (2) (3) (4)

Number of portfolio companies 0.094∗∗ 0.108∗ 0.166∗∗

(0.036) (0.058) (0.070)
Div. across time (months) -0.118 -0.138 -0.168

(0.096) (0.102) (0.129)
Div. across financing stages -3.483 -5.990 -8.606∗∗

(3.623) (3.795) (3.619)
Div. across industries 6.585∗ 4.127 4.282

(3.340) (3.594) (3.541)
Div. across. countries 4.258 2.294 -1.512

(3.172) (3.104) (3.439)
Return msci in vy -16.335∗∗∗ -12.193∗∗ -16.035∗∗∗ -12.925∗∗

(5.605) (4.633) (5.595) (5.158)
Funds raised in vy 2.789∗∗∗ 3.043∗∗∗ 2.934∗∗∗ 1.922

(log bil. USD 2000) (0.618) (0.675) (0.605) (2.342)
Fund size (log mil. USD 2000) -2.262∗∗∗ -2.223∗∗∗ -2.749∗∗∗ -2.391∗∗∗

(0.522) (0.622) (0.583) (0.661)
Firm experience 1.804∗∗ 1.654∗∗ 1.705∗∗ 1.064

(0.730) (0.808) (0.749) (0.900)
European headquarter (0/1) -4.258∗∗∗ -6.457∗∗∗ -5.450∗∗∗ -4.902∗∗∗

(1.242) (1.602) (1.518) (1.682)
VC fund (0/1) -3.762∗∗ -2.833∗∗ -4.359∗∗∗ -4.581∗∗

(1.381) (1.116) (1.470) (1.894)
Constant 24.016∗∗∗ 19.500∗∗∗ 25.902∗∗∗ 29.974∗∗

(4.585) (5.118) (5.827) (12.172)
Year F.E. No No No Yes

F-statistic 9.3 8.1 10.1 19.8
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.245 0.243 0.277 0.396
R2-adjusted 0.178 0.167 0.186 0.262
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.8: OLS regression for PME
Subsample 2 consists of 100 PE funds. The dependent variable is PME. Independent variables include number
of portfolio companies, diversification across time, diversification across financing stages, diversification across
industries, diversification across countries, rate of return of the MSCI World Index in vintage year, new funds
raised in vintage year, fund size, and firm experience. Additionally, the regressions contain dummy variables
indicating funds managed by PE firms with headquarters in Europe and VC funds, as well as a constant. The
table reports marginal effects and robust standard errors.

Dependent variable: PME

(1) (2) (3) (4)

Number of portfolio companies 0.036∗∗∗ 0.041∗∗ 0.050∗∗

(0.012) (0.016) (0.021)
Div. across time (months) 0.021 0.017 -0.002

(0.027) (0.029) (0.039)
Div. across financing stages -0.402 -1.376 -1.681∗∗

(0.897) (0.905) (0.777)
Div. across industries 3.347∗∗∗ 1.946∗∗ 1.997∗

(1.088) (0.900) (0.999)
Div. across. countries 0.736 -0.547 -1.200

(0.796) (0.754) (1.047)
Return msci in vy -4.546∗∗∗ -4.116∗∗∗ -4.879∗∗∗ -4.257∗∗∗

(1.459) (1.371) (1.544) (1.369)
Funds raised in vy (log bil. USD 2000) 0.558∗∗∗ 0.603∗∗ 0.692∗∗∗ 0.355

(0.178) (0.234) (0.195) (0.680)
Fund size (log mil. USD 2000) -0.635∗∗∗ -0.762∗∗∗ -0.721∗∗∗ -0.691∗∗∗

(0.130) (0.207) (0.141) (0.168)
Firm experience 0.612∗∗∗ 0.706∗ 0.499∗∗ 0.431

(0.215) (0.354) (0.209) (0.270)
European headquarter (0/1) -1.372∗∗∗ -2.166∗∗∗ -1.561∗∗∗ -1.589∗∗∗

(0.365) (0.442) (0.404) (0.423)
VC fund (0/1) -1.356∗∗ -1.207∗∗∗ -1.479∗∗∗ -1.564∗∗

(0.498) (0.365) (0.538) (0.610)
Constant 3.550∗∗ 3.504∗ 3.075∗ 4.620

(1.449) (1.808) (1.727) (3.945)
Year F.E. No No No Yes

F-statistic 16.3 6.3 29.6 25.5
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.340 0.313 0.373 0.417
R2-adjusted 0.282 0.245 0.295 0.287
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.9: OLS regression for sd(Q-IRR)
Subsample 2 consists of 100 PE funds. The dependent variable is the standard deviation of Q-IRR scaled as
percentages. Independent variables include number of portfolio companies, diversification across time, diversi-
fication across financing stages, diversification across industries, diversification across countries, rate of return
of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience. Ad-
ditionally, the regressions contain dummy variables indicating funds managed by PE firms with headquarters
in Europe and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: sd(Q-IRR)

(1) (2) (3) (4)

Number of portfolio companies -0.077∗∗ -0.044 -0.036
(0.029) (0.047) (0.054)

Div. across time (months) -0.207∗∗ -0.220∗∗ -0.243
(0.091) (0.103) (0.145)

Div. across financing stages -5.596 -4.500 -4.484
(3.326) (3.817) (3.618)

Div. across industries -0.518 2.324 2.069
(2.941) (2.820) (2.947)

Div. across. countries -5.135∗ -2.219 -2.792
(2.535) (2.581) (3.391)

Return msci in vy -5.940 -5.950 -7.154∗ -6.222
(4.217) (3.709) (4.022) (4.365)

Funds raised in vy (log bil. USD 2000) 1.017 1.683∗∗∗ 1.211∗ 0.266
(0.722) (0.575) (0.661) (1.928)

Fund size (log mil. USD 2000) -1.584∗∗∗ -1.057∗ -1.800∗∗ -1.749∗∗

(0.539) (0.608) (0.718) (0.718)
Firm experience 0.357 -0.694 0.183 0.141

(0.759) (1.047) (0.796) (0.829)
European headquarter (0/1) -0.662 0.750 -0.538 -0.515

(1.459) (1.838) (1.839) (1.708)
VC fund (0/1) -1.369 -1.180 -1.781 -1.715

(1.912) (1.869) (2.198) (2.148)
Constant 17.968∗∗ 9.892 18.619∗∗ 22.546

(7.630) (6.257) (8.862) (13.341)
Year F.E. No No No Yes

F-statistic 8.7 4.2 5.7 5.1
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.281 0.197 0.310 0.320
R2-adjusted 0.217 0.116 0.224 0.169
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.10: OLS regression for sd(Q-MIRR)
Subsample 2 consists of 100 PE funds. The dependent variable is the standard deviation of Q-MIRR scaled as
percentages. Independent variables include number of portfolio companies, diversification across time, diversi-
fication across financing stages, diversification across industries, diversification across countries, rate of return
of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience. Ad-
ditionally, the regressions contain dummy variables indicating funds managed by PE firms with headquarters
in Europe and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: sd(Q-MIRR)

(1) (2) (3) (4)

Number of portfolio companies -0.019∗∗∗ -0.019∗∗∗ -0.019∗∗

(0.005) (0.006) (0.007)
Div. across time (months) -0.027∗∗ -0.027∗∗ -0.023∗

(0.010) (0.012) (0.013)
Div. across financing stages -0.545 -0.095 -0.151

(0.419) (0.410) (0.423)
Div. across industries -0.637 0.129 0.192

(0.401) (0.370) (0.407)
Div. across. countries -0.707 0.025 0.012

(0.440) (0.350) (0.348)
Return msci in vy -1.101∗ -1.260∗∗ -1.101∗ -1.049

(0.613) (0.607) (0.595) (0.642)
Funds raised in vy (log bil. USD 2000) 0.387∗∗∗ 0.470∗∗∗ 0.394∗∗∗ 0.428∗∗

(0.067) (0.102) (0.075) (0.193)
Fund size (log mil. USD 2000) -0.184∗∗ -0.108 -0.192∗ -0.204∗

(0.077) (0.114) (0.099) (0.106)
Firm experience 0.270∗∗∗ 0.108 0.265∗∗∗ 0.255∗∗

(0.093) (0.158) (0.095) (0.109)
European headquarter (0/1) -0.354∗∗ -0.044 -0.381∗∗ -0.374∗∗

(0.131) (0.218) (0.183) (0.179)
VC fund (0/1) 0.293 0.243 0.284 0.242

(0.228) (0.236) (0.251) (0.255)
Constant 1.719∗∗ 0.737 1.709∗ 1.499

(0.679) (0.721) (0.946) (1.192)
Year F.E. No No No Yes

F-statistic 21.5 7.5 19.0 14.8
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.492 0.337 0.493 0.505
R2-adjusted 0.447 0.271 0.429 0.395
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.11: OLS regression for sd(Q-PME)
Subsample 2 consists of 100 PE funds. The dependent variable is the standard deviation of Q-PME. Independent
variables include number of portfolio companies, diversification across time, diversification across financing
stages, diversification across industries, diversification across countries, rate of return of the MSCI World Index
in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally, the regressions
contain dummy variables indicating funds managed by PE firms with headquarters in Europe and VC funds,
as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: sd(Q-PME)

(1) (2) (3) (4)

Number of portfolio companies -0.003 -0.004 -0.003
(0.002) (0.003) (0.003)

Div. across time (months) -0.001 -0.001 -0.002
(0.004) (0.005) (0.006)

Div. across financing stages -0.158 -0.073 -0.088
(0.115) (0.145) (0.129)

Div. across industries 0.159 0.276∗∗ 0.288∗

(0.119) (0.130) (0.146)
Div. across. countries -0.117 -0.010 -0.071

(0.096) (0.098) (0.117)
Return msci in vy -0.363∗∗ -0.450∗∗∗ -0.375∗∗ -0.354∗∗

(0.159) (0.145) (0.163) (0.167)
Funds raised in vy (log bil. USD 2000) 0.038 0.061∗ 0.055∗ 0.055

(0.029) (0.031) (0.032) (0.092)
Fund size (log mil. USD 2000) -0.059∗∗∗ -0.065∗∗∗ -0.066∗∗ -0.064∗∗

(0.020) (0.023) (0.028) (0.029)
Firm experience 0.054∗ 0.024 0.040 0.035

(0.032) (0.038) (0.030) (0.036)
European headquarter (0/1) -0.168∗∗∗ -0.159∗∗∗ -0.210∗∗∗ -0.197∗∗∗

(0.048) (0.054) (0.055) (0.056)
VC fund (0/1) -0.053 -0.086 -0.059 -0.058

(0.090) (0.069) (0.100) (0.106)
Constant 0.573∗∗ 0.448∗∗ 0.453 0.442

(0.248) (0.181) (0.334) (0.599)
Year F.E. No No No Yes

F-statistic 4.6 4.6 3.8 5.8
p-value of F-test 0.001 0.001 0.001 0.000
R2 0.157 0.155 0.181 0.209
R2-adjusted 0.083 0.070 0.079 0.033
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.12: OLS regression of IRR on intra-fund variation of IRR and shortfall
probability
Subsample 2 consists of 100 PE funds. The dependent variable is IRR scaled as percentages. Independent
variables include sd(Q-IRR), probability of loss, number of portfolio companies, diversification across time,
diversification across financing stages, diversification across industries, diversification across countries, rate of
return of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience.
Additionally, the regressions contain dummy variables indicating funds managed by PE firms with headquarters
in Europe and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: IRR

(1) (2) (3) (4)

sd(Q-IRR) 4.146∗∗∗ 4.059∗∗∗

(0.676) (0.718)
Probability of loss -66.516∗∗∗ -54.835∗∗∗

(23.030) (15.577)
Number of portfolio companies 0.566∗ 0.717∗∗∗ 0.708∗∗ 0.831∗∗∗

(0.311) (0.213) (0.311) (0.209)
Div. across time (months) -0.854 0.155 -0.991 0.020

(0.662) (0.447) (0.686) (0.439)
Div. across financing stages -28.489 -9.895 -13.595 1.991

(17.120) (12.002) (16.856) (12.757)
Div. across industries 22.742 14.163 14.673 7.692

(18.999) (12.808) (20.005) (13.618)
Div. across. countries -20.525 -8.949 -19.203 -8.104

(17.771) (11.727) (15.981) (10.843)
Return msci in vy -68.343∗∗ -42.545∗∗ -66.748∗∗ -41.774∗∗

(26.331) (19.124) (25.143) (16.640)
Funds raised in vy 7.710 6.608 14.692 12.387

(log bil. USD 2000) (11.051) (7.290) (11.660) (8.048)
Fund size (log mil. USD 2000) -9.449∗∗∗ -2.196 -9.577∗∗∗ -2.454

(3.209) (2.715) (3.157) (2.781)
Firm experience 2.297 1.711 3.444 2.668

(3.986) (2.858) (4.330) (2.585)
European headquarter (0/1) -11.149 -9.015 -10.115 -8.208

(10.839) (6.163) (10.339) (6.073)
VC fund (0/1) -18.461 -11.350∗ -9.450 -4.071

(11.467) (6.013) (13.626) (8.360)
Constant 96.172 2.688 86.781 -3.085

(62.452) (47.794) (61.884) (50.999)
Year F.E. Yes Yes Yes Yes

F-statistic 17.9 38.1 14.9 25.6
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.276 0.661 0.330 0.698
R2-adjusted 0.115 0.580 0.171 0.621
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.13: OLS regression of MIRR on intra-fund variation of MIRR and shortfall
probability
Subsample 2 consists of 100 PE funds. The dependent variable is MIRR scaled as percentages. Independent
variables include sd(Q-MIRR), probability of loss, number of portfolio companies, diversification across time,
diversification across financing stages, diversification across industries, diversification across countries, rate of
return of the MSCI World Index in vintage year, new funds raised in vintage year, fund size, and firm experience.
Additionally, the regressions contain dummy variables indicating funds managed by PE firms with headquarters
in Europe and VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: MIRR

(1) (2) (3) (4)

sd(Q-MIRR) 5.311∗∗∗ 5.458∗∗∗

(1.232) (1.301)
Probability of loss -17.989∗∗∗ -19.247∗∗∗

(4.014) (3.643)
Number of portfolio companies 0.166∗∗ 0.266∗∗∗ 0.204∗∗∗ 0.310∗∗∗

(0.070) (0.062) (0.065) (0.056)
Div. across time (months) -0.168 -0.046 -0.205 -0.083

(0.129) (0.115) (0.131) (0.102)
Div. across financing stages -8.606∗∗ -7.801∗∗ -4.578 -3.469

(3.619) (3.080) (3.954) (2.863)
Div. across industries 4.282 3.262 2.099 0.899

(3.541) (2.765) (2.969) (2.664)
Div. across. countries -1.512 -1.577 -1.155 -1.196

(3.439) (3.115) (3.076) (2.759)
Return msci in vy -12.925∗∗ -7.356 -12.494∗∗ -6.741∗

(5.158) (4.508) (4.787) (3.605)
Funds raised in vy 1.922 -0.350 3.810 1.607

(log bil. USD 2000) (2.342) (1.788) (2.301) (1.806)
Fund size (log mil. USD 2000) -2.391∗∗∗ -1.309∗ -2.426∗∗∗ -1.316∗∗

(0.661) (0.711) (0.684) (0.637)
Firm experience 1.064 -0.289 1.375 0.006

(0.900) (0.983) (0.827) (0.690)
European headquarter (0/1) -4.902∗∗∗ -2.917 -4.623∗∗∗ -2.563∗

(1.682) (1.725) (1.472) (1.409)
VC fund (0/1) -4.581∗∗ -5.868∗∗∗ -2.144 -3.296∗

(1.894) (1.501) (2.489) (1.829)
Constant 29.974∗∗ 22.011∗∗ 27.434∗∗ 19.073∗

(12.172) (10.289) (11.993) (10.385)
Year F.E. Yes Yes Yes Yes

F-statistic 19.8 20.5 13.0 76.2
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.396 0.599 0.473 0.687
R2-adjusted 0.262 0.504 0.348 0.608
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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Table D.14: OLS regression of PME on intra-fund variation of PME and shortfall
probability
Subsample 2 consists of 100 PE funds. The dependent variable is PME. Independent variables include sd(Q-
PME), probability of loss, number of portfolio companies, diversification across time, diversification across
financing stages, diversification across industries, diversification across countries, rate of return of the MSCI
World Index in vintage year, new funds raised in vintage year, fund size, and firm experience. Additionally, the
regressions contain dummy variables indicating funds managed by PE firms with headquarters in Europe and
VC funds, as well as a constant. The table reports marginal effects and robust standard errors.

Dependent variable: PME

(1) (2) (3) (4)

sd(Q-PME) 5.984∗∗∗ 5.713∗∗∗

(0.556) (0.585)
Probability of loss -5.241∗∗∗ -2.794∗∗∗

(0.936) (0.623)
Number of portfolio companies 0.050∗∗ 0.068∗∗∗ 0.061∗∗∗ 0.073∗∗∗

(0.021) (0.011) (0.019) (0.009)
Div. across time (months) -0.002 0.012 -0.013 0.006

(0.039) (0.015) (0.038) (0.013)
Div. across financing stages -1.681∗∗ -1.152∗∗ -0.508 -0.551

(0.777) (0.478) (0.865) (0.390)
Div. across industries 1.997∗ 0.276 1.361 0.015

(0.999) (0.604) (0.838) (0.570)
Div. across. countries -1.200 -0.773 -1.095 -0.737

(1.047) (0.562) (0.813) (0.482)
Return msci in vy -4.257∗∗∗ -2.141∗ -4.131∗∗∗ -2.170∗

(1.369) (1.190) (1.281) (1.141)
Funds raised in vy (log bil. USD 2000) 0.355 0.025 0.905 0.333

(0.680) (0.285) (0.650) (0.293)
Fund size (log mil. USD 2000) -0.691∗∗∗ -0.308∗∗ -0.702∗∗∗ -0.331∗∗∗

(0.168) (0.134) (0.147) (0.116)
Firm experience 0.431 0.223 0.521∗∗ 0.280∗

(0.270) (0.190) (0.240) (0.152)
European headquarter (0/1) -1.589∗∗∗ -0.413 -1.508∗∗∗ -0.422∗∗

(0.423) (0.250) (0.410) (0.194)
VC fund (0/1) -1.564∗∗ -1.217∗∗∗ -0.854 -0.854∗∗

(0.610) (0.336) (0.753) (0.320)
Constant 4.620 1.975 3.880 1.700

(3.945) (1.774) (3.823) (1.879)
Year F.E. Yes Yes Yes Yes

F-statistic 25.5 64.2 80.3 117.9
p-value of F-test 0.000 0.000 0.000 0.000
R2 0.417 0.844 0.491 0.864
R2-adjusted 0.287 0.807 0.370 0.830
Number of observations 100 100 100 100

Standard errors are in parentheses and are adjusted for serial correlation,
heteroscedasticity and dependence between observations of one PE firm.
∗ significant at 10%; ∗∗∗ significant at 5%; ∗∗∗ significant at 1%
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