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Foreword

Iman Tavassoly’s Ph.D. thesis presents the first thorough theoretical study of the
interplay between autophagy and apoptosis in the response of cancer cells to
starvation or chemotoxic stress. In Chap. 1, Dr. Tavassoly reviews the experimental
facts about cell death modalities, autophagy and apoptosis, and the molecular
mechanisms of these pathways and their interactions. In Chap. 2, he builds a
mathematical model of the molecular mechanisms and compares simulations of the
model to experimental observations of how rat kidney cells respond to cisplatin
treatment. In Chap. 3, he presents single-cell measurements of the dynamics of
the autophagic response of human neuroglioma cells to cisplatin treatment and of
human breast cancer cell lines to serum starvation. Dr. Tavassoly’s thesis is a fine
example of applying theoretical and experimental methods of molecular systems
biology to gain a deeper understanding of an important problem in human health.

Blacksburg, VA John J. Tyson
University Distinguished Professor

of Molecular Systems Biology
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Chapter 1
Introduction to Autophagy in Physiology and
Pathophysiology

Macroautophagy (referred to hereafter as autophagy) is a conserved catabolic
cellular process by which a cell degrades its own components including damaged
proteins and organelles. Autophagy is characterized by formation of autophago-
somes, which are subcellular organelles enclosed by two or more membranes.
Autophagosomes engulf damaged materials and degrade them. Autophagosomes
dock with lysosomes, and the resulting autolysosome uses lysosomal enzymes to
degrade the contents of the autophagic vacuoles [26, 87].

The molecular pathways taking part in autophagosome formation (Fig. 1.1)
are known to some extent in yeast and mammalian cells. The main components
are autophagy-related proteins (ATG proteins). The earliest steps of autophagosome
formation are the induction and formation of an isolation membrane (phagophore),
a small flattened membrane sac that elongates and curves to make an autophago-
some [87]. Proteomic analysis has shed light on the global protein interaction
network controlling autophagy [9].

Autophagy functions as a major component in mammalian cell homeostasis and
is involved in pathogenesis of many diseases. Autophagy has some important roles
in physiology and pathophysiology of plant cells as well [7, 8]. Autophagy is a
part of starch degradation pathway in plant cells [133] and negatively controls the
hypersensitive response programmed cell death during innate immunity response in
plant cells, which allows the restriction of the hypersensitive response to the infected
site [84]. Autophagy also is a protective stress response in plant cells, for instance,
it is responsible for degrading oxidized proteins during oxidative stress in plants
[141, 142].

While autophagy is normally initiated as a pro-survival stress response, excessive
stress can trigger cell death [26, 87]. For example, in response to a lack of energy in
the cell, protein folding in the endoplasmic reticulum (ER) is compromised and the
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Fig. 1.1 Different stages of autophagy and signaling molecules involved in them

unfolded protein response (UPR) is initiated [25]. Signals from the UPR up-regulate
autophagy in an attempt to recover ATP and raw materials, to alleviate the stress
[127, 130].

The autophagic response is not switch-like but gradual, with the level of
autophagy increasing with the level of stress, analogous to a dimmer switch or
rheostat rather than a toggle switch [127, 143]. Prolonged stress, which cannot
be resolved by autophagy, will ultimately trigger cell death, often via apoptosis.
Unlike autophagy, apoptosis is a switch-like process from which there is no return.
Multiple cell death pathways have been reported in mammalian cells including
apoptosis, autophagic cell death, necrosis, entosis, and autoschizis [35, 39, 42, 57,
88, 100, 127].

1.1 Cell Death Modalities in Cancer

Apoptosis has been studied extensively. Since its discovery in 1842 by Carl
Vogt [131], mechanisms controlling this form of programmed cell death have
been identified in different cell types including cancer cells. Apoptosis (Type I
Programmed Cell Death) is morphologically characterized by cell shrinkage, loss
of mitochondrial membrane potential, plasma membrane blebbing, and nuclear
fragmentation [52]. The intrinsic pathway of apoptosis involves mitochondrial
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outer membrane permeabilization (MOMP) and cytochrome c release followed by
caspases activation [78, 87]. Extrinsic pathway of apoptosis, which leads to the
caspase-dependent apoptosis, is induced by activation of death receptors such as
CD95/Fas and TRAIL [78, 87].

Autophagic cell death (Type II Programmed Cell Death) is characterized by
massive cytoplasmic vacuolization, loss of multiple organelles, and the appearance
of cytoplasmic subcellular organelles called autophagosomes [52, 76]. Autophagic
cell death is a morphologically described cell death when autophagosomes are
present in cytoplasm and cell death happens. Whether it is a new form of cell death
(cell death by autophagy) or it is apoptosis happening after autophagic activity (cell
death with autophagy) is still a controversy [76]. In Chap. 3 we discuss the cell
morphologies which may have led to using term “Autophagic Cell Death.”

Necrosis (Type III Programmed Cell Death) is defined morphologically in terms
of progressive cell and organelle swelling and plasma membrane rupture [52].
Necrosis has been known to be an accidental and passive form of cell death that
is not regulated by signaling pathways. But recently a programmed form of necrosis
(necroptosis) has been found in different types of cells. Necroptosis is mediated by
TNFalpha, and, although the details of its molecular regulatory network have poorly
understood, it has been recognized as a tightly regulated form of stress response and
cell death [23, 34, 38, 128]. Necroptosis is induced when apoptosis and autophagy
pathways are blocked [139].

Autoschizis is a form of cell death which has been reported in different types
of cancer cells. Autoschizis has the morphological features of both apoptosis and
necrosis and is induced by treating cancer cells with vitamin C (VitC), vitamin K3
(VitK3), or a combination of both [11, 39, 40, 57]. Autoschizic cell death seems to be
an atypical form of necrosis characterized by little condensation of heterochromatin,
DNA intercalation of Vitamin K3, formation of autoschizis bodies, cell rounding,
decrease in cell volume, and nuclear rounding [57]. Autoschizis bodies are results
of cytoplasmic self-morsellation. During this self-morsellation, some parts of
cytoplasm are excised while the excised parts do not contain any organelles [57].
It has been suggested that combination of vitamins with chemotherapy agents can
be considered for a better response in cancer treatment via inducing autoschizic cell
death [11, 57].

Anoikis is a form of apoptosis induced when epithelial cells are detached from
the extra-cellular matrix (ECM) [36, 37]. Overholtzer et al. [100] have reported a
new form of cell death observed in MCF10 and MCF7 cells when they are detached
from ECM. This form of cell death is called “entosis” and is characterized by
cell-in-cell structures [100]. Entosis happens when a detached epithelial cell enters
another epithelial cell. The inside cell can have different fates including cell death
(degradation by lysosomal enzymes of the host cell), mitosis or even it can be
released [100]. Recently Florey et al. [35] have detected autophagic activity during
entosis. They have demonstrated that autophagy can contribute to degradation of the
internalized cell during entosis [35]. Entosis also acts as an inducer of aneuploidy in
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cancer cells [59]. Entosis is included among the “cell cannibalism” morphologies
which are found in tumors. Cannibalistic cells are more common in malignant
tissues compared to benign neoplasias [2, 44, 117].

1.2 Autophagy Pathway

Autophagy is the process of formation of autophagosomes, their docking with
lysosomes and degradation. In fact autophagy is a multistep phenomenon which
is mainly controlled by ATG proteins coded by ATG genes [87]. The very early
step of autophagosome formation is induction of autophagy controlled by ATG13,
ATG1, and ATG17. Autophagy induction needs a signal from mTOR which begins
from dephosphorylation of ATG13. Formation of isolation membrane and vesicle
nucleation is controlled by Beclin-1 (ATG6) complex and can be inhibited by some
drugs such as 3-Methyladenine (3-MA). Then the vesicle engulfing cytoplasmic
components elongates through action of ATG7, ATG12, ATG5, ATG16, ATG10,
ATG3, and ATG4. In this process ATG8 (LC3) is anchored in the autophagosome
membrane [87].

After assembly of autophagosomes, they dock with lysosomes. Drugs such as
bafilomycin (BAF) can inhibit this step. Within autolysosomes, autophagosomes
and their contents are degraded by lysosomal enzymes [87].

The main steps committing a cell to autophagy seem to be at the earliest stages
of vesicle nucleation and formation of the isolation membrane [77, 87]. Major
molecular players in the induction of autophagy in mammalian cells are mTOR
(the mammalian target of rapamycin) and ATG13. mTOR is a signal integrator that
senses stress conditions such as ER stress, hypoxia, low growth factor levels, or low
levels of essential amino acids [61, 77, 87, 103, 109].

When there is no critical stress condition in the cell, mTOR represses a protein
complex consisting of ULK1 (the mammalian homolog of Atg1), mammalian
ATG13, and focal adhesion kinase interacting protein of 200 kD (FIP200) by
phosphorylating ULK1 and ATG13 (Fig. 1.2). Cellular stress inactivates mTOR,
allowing ULK1 and ATG13 to be dephosphorylated. ULK1 is then phosphorylated
at a different site followed by auto-phosphorylation to become active. Active ULK1
phosphorylates ATG13 and FIP200 making them active which produces the active
ULK1/ATG13/FIP200 complex. The active complex promotes formation of the
isolation membrane [20, 61, 116].

Beclin-1, the mammalian ortholog of the yeast gene Atg6, is necessary for
autophagosome formation, playing a key role in vesicle nucleation [50, 87].
Decreased Beclin-1 expression or activity is associated with increased susceptibility
to develop cancer [50]. BCL2 family proteins in the ER function as anti-autophagy
proteins through their inhibitory interaction with Beclin-1. Although Beclin-1 is
a BH3-only protein, it is not pro-apoptotic [50]. For autophagosome formation to
begin, Beclin-1 must be released from BCL2 inhibition, which is promoted by either
phosphorylation of BCL2 by c-Jun N-terminal kinase (JNK) or by phosphorylation
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Fig. 1.2 Formation of autophagosomes in response to stress

of Beclin-1 by death-associated protein kinase (DAPK) (Fig. 1.2) [62, 91, 136, 149,
150]. Free Beclin-1 can form a Beclin-1 core complex by binding to UVRAG (UV
irradiation resistance-associated tumor suppressor gene) and P150 (a myristylated
kinase); this complex can activate Vps34, a class III phosphatidylinositol 3-kinase
(PI3K) [50, 77, 87]. The Beclin-1 core complex promotes vesicle nucleation [87].

A number of methods have been used for quantitative measurement of
autophagosome formation in mammalian cells. One particularly convenient measure
is the state of microtubule-associated protein light chain 3 (LC3), which is a
mammalian homolog of yeast Atg8. LC3 exists in two forms: LC3-I (cytosolic
form) and LC3-II (membrane-bound form). After autophagy initiation, LC3-I is
converted to LC3-II, which then participates in the vesicle elongation step of
autophagosome formation [71, 87].

1.3 Selective Autophagy

Autophagy was considered to be a non-selective bulk process, but recently several
forms of selective autophagy have been found [115, 149].
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Regardless of being selective or non-selective, three different types of autophagy
exist and usually the term “autophagy” refers to “Macroautophagy.” Other types of
autophagy include Chaperone-Mediated Autophagy (CMA) and Microautophagy.

Microautophagy is the process of degrading cytoplasmic components by
lysosomes when lysosomes directly engulf these components and digest them.
Microautophagy can be non-selective while selective forms of microautophagy
have been reported including micropexophagy (microautophagy of peroxisomes),
micromitophagy (microautophagy of mitochondria), and piecemeal microautophagy
of the nucleus [74, 83, 149]. The signaling pathway of microautophagy is different
from macroautophagy but some of the ATG proteins are required during the process
of microautophagy [74].

CMV is a form of autophagy in which unfolded and misfolded cytoplasmic
proteins are targeted and directly translocated across the membrane of lysosomes
and degraded by lysosomal enzymes. The translocation of proteins into lysosomes
is mediated by chaperone HSC70 and lysosome-associated membrane protein 2
(LAMP2). CMV is a selective process [31, 91].

Macroautophagy is the process of engulfing cytoplasmic materials by
formation of autophagosomes. Macroautophagy can be a bulk and non-selective
process. Selective forms of macroautophagy include mitophagy, pexophagy,
aggerephagy, glycophagy, ribophagy, lipophagy, ER-phagy, xenophagy, allophagy,
and zymophagy [13, 22, 33, 43, 60, 67, 99, 123, 144].

Mitophagy is selective degradation of damaged mitochondria by autophagy.
Mitophagy acts as a quality control system for mitochondria to keep the cell
energy homeostasis and to prevent accumulation of reactive oxygen species (ROS)
produced by mitochondria [67, 96, 126, 146]. Knockdown of mitophagy results in
dysfunctional and ROS-generating mitochondria [151].

ER-phagy is selective degradation of endoplasmic reticulum by autophagosome
formation [33, 147]. ER-phagy prevents excessive expansion of endoplasmic retic-
ulum during ER stress [12]. Bernales et al. [12] have observed the expansion of
endoplasmic reticulum volume after ER stress and induction of UPR in yeast cells
and simultaneous formation of autophagosomes attached to expanded ER which are
responsible to selectively degrade the ER.

Ribosomes can be degraded non-selectively under physiological conditions, but
upon stress they can be degraded by a form of autophagy called “Ribophagy.”
Ribophagy contributes to conservation of ATP and amino acid because degradation
of ribosomes not only provides amino acids by itself but also reduces the protein
translation [60, 99].

Glycophagy and lipophagy are selective forms of macroautophagy for degrada-
tion of glycogen granules and lipid droplets, respectively [60, 137], and zymophagy
is macroautophagic degradation of secretory granules [43, 60].

Xenophagy is a selective form of macroautophagy that plays role as an immune
mechanism to target and degrade foreign pathogens such as bacteria and viruses
[60, 123].

Allophagy is a form of macroautophagy designed to degrade the paternal
organelles coming from spermatozoid during fertilization [3].
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Recently a genome-wide siRNA screen has found mammalian genes involved in
selective autophagy [98]. Quantitative mass spectrometry of temporal degradation
of protein during starvation-induced autophagy has shown that autophagy degrades
proteins and organelles in a specific order [75]. Kristensen et al. [75] showed that
protein degradation by autophagy starts from cytosolic and proteosomal proteins
and then proceeds to degradation of organelles (mitophagy, ribophagy, ER-phagy,
etc.) [75].

As mentioned before, our work is focused on macroautophagy (referred to as
autophagy).

1.4 Autophagy and Pathogenesis of Diseases

Autophagy and its dysregulation play important roles in the pathogenesis of many
complex diseases [91, 149, 150]. Aging has been related to attenuated autophagy,
and autophagy is known as an anti-aging mechanism [28, 125]. Autophagy is a
cellular mechanism linking the beneficial metabolic effects of exercise and health.
During exercise, autophagy is induced and controls the metabolism of muscles [51].

Since autophagy is an essential element for homeostasis in neurons, dysfunctions
in its regulation can cause a range of neurodegenerative disorders [47, 72, 94].
Impaired basal autophagy in neurons leads to neurodegenerative changes [47].
These neurodegenerative changes are caused by aggregation of dysfunctional
mitochondria and damaged proteins in cytoplasm, and neurons use autophagy as
a clean-up system to avoid neurodegeneration [22]. Induction of autophagy by
inhibitors of mTOR reduces neurodegenerative features in mice [111].

Increased autophagy is also defined within hallmarks of cancer cells, because
they need to survive the stresses of nutrient deprivation and anoxia [46]. Autophagy
has been reported as a process in connection with cell death pathways in cancer
cells, and it has been shown that it is also a mechanism for elimination of cancer
cells. Beclin1 gene has reduced copy numbers in some cancer cells, and lack of
one of the two copies in Beclin1 gene is related to more tumor incidence [138]. In
addition, autophagy is involved in the development of resistance to chemotherapies,
and inhibiting autophagy can increase the therapeutic responses of resistant cancer
cells to chemotherapy, endocrine therapy, and/or radiation therapy [4, 19, 24, 26,
27, 58, 73, 85, 102, 108]. Autophagy also takes part in the coupling of metabolic
activities of cancer cells and tumor stromal cells [105]. Figure 1.3 shows the basal
extent of autophagy in a human H4 neuroglioma cell expressing GFP-LC3 (Green
dots are GFP-LC3 puncta).

Autophagy is a protective mechanism by which myocytes maintain normal
homeostasis, and lack of autophagy is a dominant feature of cardiovascular dis-
eases such as myocardial hypertrophy and cardiomyopathies. Autophagy is also a
protective mechanism in ischemic heart diseases [45, 54, 93, 124, 145].
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Fig. 1.3 Basal autophagy in
a single human H4
neuroglioma cell expressing
GFP-LC3

In vitro and in vivo experiments have shown that autophagy is an important
protective response in renal pathophysiology [55, 56, 65, 106, 122]. Cisplatin is a
chemotherapy agent which causes acute kidney injury as a side effect. Autophagy is
stimulated in renal tubular kidney cells as a protective mechanism to postpone the
initiation of cell death after cisplatin treatment [65, 106].

Autophagy also acts as an immune response and is active in the elimination of
intracellular pathogens such as bacteria and viruses, while some of these pathogens
may hijack the autophagy pathway to facilitate their own replication in cells
[30, 80, 112].

Because of the key role of autophagy in pathogenesis of many diseases, a detailed
and integrative understanding of molecular and cellular mechanisms regulating it
will help to target autophagy for therapeutic purposes.

1.5 Autophagy and Metabolism in Cancer

Autophagy is induced by a wide range of stresses such as starvation, hypoxia, ROS,
drug treatments, DNA damage, and even mechanical stress [1, 6, 26, 64, 66, 70, 73,
77, 81, 90, 95, 101, 110].

Autophagy initially is a prosurvival mechanism to rescue cells from stress.
Especially in context of cancer biology, autophagy contributes to blocking cell death
pathways and to the development of therapeutic resistant phenotype in tumors. How
autophagy can suppress stresses (such as drug treatments) and postpone cell death is
probably through products of autophagic process such as ATP and nutrient sources
which help cells to resist stresses. In addition, a lot of stresses cause unfolded
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proteins and dysfunctional organelles, and autophagy degrades them as a quality
control process in cells. Some forms of autophagy like (mitophagy) reduces ROS in
cells, and ribophagy decreases protein translation which helps to restore a high level
of ATP and amino acids [60, 99]. Another function of autophagy in cell survival and
stress attenuation can be its role in cancer cell metabolism. Autophagy is used in the
interaction of cancer cells with their microenvironment.

Normal cells produce ATP mainly by oxidation of pyruvate in mitochondria.
When oxygen is available they use glycolysis to convert glucose to pyruvate and
after that pyruvate is oxidized in the mitochondria. During this process (glycolysis
plus oxidative phosphorylation) approximately 36 mol ATP is produced per 1 mol
glucose [79, 129].

Under oxygen deprivation, normal cells use anaerobic glycolysis, in which
pyruvate is reduced to lactate so that glycolysis may continue. Anaerobic glycolysis
produces 2 mol ATP per 1 mol glucose [79, 129].

Otto Warburg in 1956 [134] found that cancer cells use glycolysis as their main
pathway of ATP production instead of oxidative phosphorylation. He observed that
cancer cells convert glucose to lactate both when oxygen is available and when there
is lack of oxygen [79, 129]. This phenomenon, which is called the “Warburg Effect”
or aerobic glycolysis is not as efficient as oxidative phosphorylation in terms of ATP
production because it produces about 4 mol ATP per mol glucose [79, 129, 134].

In 2009 Pavlides et al. [104] reported another interesting metabolic phenomenon
in cancer cells which is called the “Reverse Warburg Effect.” They observed that
epithelial cancer cells cause the initiation of Warburg effect in their neighboring
stromal fibroblasts, which are called cancer-associated fibroblasts. Products of
aerobic glycolysis (pyruvate and lactate) are secreted by cancer-associated fibrob-
lasts and are used by epithelial cancer cells for tricarboxylic acid cycle (TCA) in
mitochondria and oxidative phosphorylation. The reverse Warburg effect lets cancer
cells produce ATP in an efficient way [10, 104, 120]. Autophagy is one of the
mechanisms used to control the Reverse Warburg Effect.

Cancer cells produce and release ROS, which activate both autophagy
(mitophagy) and aerobic glycolysis in cancer-associated fibroblasts or tumor
stromal cells [10, 119]. On the other hand, as cancer cells are addicted to glutamine
[29, 140], metabolism of glutamine in cancer cells leads to ammonia production.
Ammonia can induce autophagy in tumor stromal cells. Autophagy in tumor stromal
cells provides new source of glutamine which can be used by cancer cells [119].
Glutamine (as a product of autophagy) and ketones and lactate (as products of
aerobic glycolysis) in tumor stromal cells provide cancer cells with substrates
for their efficient oxidative phosphorylation. The combination of reverse Warburg
effect and autophagy in both cancer cells and tumor stromal cells brings a very
good reservoir of ATP and nutrients for cancer cells to be used in resisting stress
[10, 17, 119]. Figure 1.4 has summarized the interaction of autophagy in cancer
cells and cancer-associated fibroblasts with reverse Warburg effect phenomenon.
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Fig. 1.4 Autophagy in tumor cells can suppress the stress via interactions with metabolic
pathways

1.6 Signaling Pathway Controlling Interplay of Autophagy
and Apoptosis

The molecular regulatory pathway that links autophagy to apoptosis has been
studied in various cell types. While there are still many unanswered questions
regarding this pathway, it is evident that regulation can be accomplished by
controlling calcium signaling from the endoplasmic reticulum to the mitochondria
[14, 49, 68, 89, 97, 113].

Figure 1.5 is an influence diagram illustrating these pathways.
BCL2 family proteins in the ER and mitochondria are important regulators

of autophagy and apoptosis, respectively [41, 114]. Hence, different levels of
expression of BCL2 proteins in the ER membrane and the mitochondrial membrane
can lead to different activation dynamics for autophagy and apoptosis in a variety
of cell types. In addition, when stress is first induced, JNK phosphorylates BCL2
at the ER and affects only the BCL2/Beclin-1 complex [136]. Hence, autophagy is
normally induced before apoptosis.

Figure 1.6 shows the details of the interactions among BCL2, Beclin-1, and
inositol-1,4,5-trisphosphate receptor (IP3R). In this figure, solid arrows indicate
chemical reactions (association, dissociation, phosphorylation, cleavage), and
dashed arrows indicate catalytic activities.

The IP3R and the sarco/endoplasmic reticulum Ca2C-ATPase (SERCA)
pump are the central regulators of Ca2C exchange between ER and cytoplasm.
By pumping Ca2C from the cytosol into the ER, SERCA is responsible for
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Fig. 1.5 A detailed influence diagram for crosstalk of autophagy and apoptosis. Arrowheads
indicate activation and blunt heads indicate inhibition

Fig. 1.6 Interactions of anti-autophagy BCL2 family proteins with IP3R and Beclin-1 in the
endoplasmic reticulum (ER)
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maintaining very low calcium ion concentrations in the cytoplasm. Conversely,
IP3R is a stress-activated Ca2C channel that releases Ca2C from the ER into the
cytoplasm [5, 14, 63, 92, 97, 107, 114].

Normally, IP3R is sequestered by BCL2 family proteins in the ER membrane.
Phosphorylation of BCL2 proteins dissociates the complex and allows for calcium
release from the ER [121]. Sustained, elevated cytoplasmic [Ca2C] can lead to
apoptosis [14, 49, 114]. Cytoplasmic Ca2C can also inhibit mTOR via activation
of calmodulin-dependent kinase kinase-ˇ (CaMKKˇ), which activates AMPK
(50 AMP-activated protein kinase). AMPK has an inhibitory effect on mTOR
[53]. Other work suggests that AMPK directly activates the ULK1/ATG13/FIP200
complex [48, 69].

1.6.1 Calcium Signaling from ER to Mitochondrion

Calcium influx into mitochondria can induce apoptosis directly, and several other
signaling pathways also link sustained elevated calcium to apoptosis [14, 18, 49, 89,
114]. For example, calcium can activate calpain, which in turn cleaves ATG5, an
essential protein for autophagosome formation. Truncated ATG5 suppresses anti-
apoptotic BCL2 proteins in mitochondria and induces apoptosis [86, 87, 148]. In
addition, calcium activates calcineurin, which dephosphorylates and activates Bad,
a pro-apoptotic BCL2 family protein capable of inducing apoptosis [68, 132].

Figure 1.7 illustrates the calcium signaling between ER and mitochondrion (this
figure was made by online protein lounge tools).

During apoptosis, cytochrome c is released into the cytoplasm, where it binds to
IP3R in the ER membrane to induce calcium release into the cytoplasm [15, 16].
Why this positive feedback loop between IP3R and cytochrome c exists in cells and
how it affects apoptosis is an interesting but unanswered question. Cytochrome c
release also leads to activation of caspases, which are inhibitors of autophagy. By
cleaving Beclin-1, some caspases (e.g., caspase 8) down-regulate autophagosome
formation [21, 32, 82].

1.6.2 DAPK Fine-Tunes the Autophagic Response

DAPK is a signaling protein in both pathways of autophagy and apoptosis [91]. By
phosphorylating Beclin-1, DAPK functions as a fine-tuner of calcium release from
ER during the autophagic response.This action is done through role of DAPK in
phosphorylation of Beclin-1 [91, 149, 150].
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Fig. 1.7 Transduction of stress signal from ER to mitochondrion through calcium signaling

Under physiological conditions (no stress), IP3R is in its inactive state because of
BCL2 inhibition. Simultaneously BCL2 proteins in ER inhibit Beclin-1 [87, 121]. In
this condition, there is no calcium release from IP3R and no autophagy (Fig. 1.8a).

When stress activates JNK, phosphorylation of BCL2 in ER has two major
consequences: Calcium release from ER through IP3Rs and initiation of autophagy
by free Beclin-1 [118, 135, 136] (Fig. 1.8b).

DAPK activation upon stress results in phosphorylation of Beclin-1 (Fig. 1.8c).
Phosphorylated Beclin-1 can initiate autophagy. At the same some BCL2 proteins
in ER are free to bind to and inactivate IP3R [91, 149, 150]. Hence, calcium release
from ER via IP3R is reduced. This fine-tuning by DAPK provides a longer time
delay between initiation of autophagy and induction of apoptosis (Figure 1.8 was
made by online protein lounge tools).

In Chap. 2, we combine all this information into a single influence diagram for the
interaction of autophagy and apoptosis. This diagram will be used as the foundation
for our mathematical model.
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Fig. 1.8 Interaction of BCL2, Beclin-1, and IP3R in ER
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Chapter 2
Mathematical Modeling of the Interplay
of Autophagy and Apoptosis

In this chapter, we have proposed a theoretical framework for analysis of dynamics
of interplay of autophagy and apoptosis in mammalian cells including cancer cells.
Because quantitative experimental data on time course of interplay of autophagy and
apoptosis is very limited, we have used the observations of interaction of autophagy
and apoptosis in different mammalian cell types to design our primary hypothesis.
Using ordinary differential equations (ODEs), we have analyzed network dynamics
of molecular signaling pathways controlling cell fate at crosstalk of autophagy and
apoptosis. We have used time course of autophagy level and cell fates described
by Periyasamy-Thandavan et al. [32] to collectively fit the parameters of the ODE
system. The mathematical model presented in this chapter can be extended and
by estimating more accurate parameter sets from quantitative experimental data,
it can be an integrative in silico model of cell fate decision mediated by interplay of
autophagy and apoptosis.

2.1 Systems Biology of Cell Death Pathways

Extrinsic and intrinsic pathways of apoptosis has been studied at systems-level
and mathematical models of cell fate decision mediated by apoptosis have been
proposed [2, 5, 34, 35, 41, 42, 44, 56]. Rehm et al. [35] have proposed a mathematical
model for spacial and temporal dynamics of MOMP using partial differential
equations (PDEs) [35]. ODE-based model of intrinsic pathway of apoptosis have
been built by Zhang et al. [56] and Chen et al. [8] proposing apoptosis to be a
bistable switch. Extrinsic pathway of apoptosis has been modeled and quantitatively
analyzed by Albeck et al. [2, 3, 5].

Taking a systems biology approach to understand the autophagy network and its
interplay with other types of cell death has been discussed recently [17, 18, 55].
Martin et al. [24] have presented a computational model of autophagic vesicle
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dynamics in single cells, but they did not address the interplay of autophagy and
apoptosis. Kapuy et al. [19] have addressed the crosstalk between autophagy and
apoptosis using a simple mathematical model, but they have not compared their
simulations with experimental measurements of how live cells respond to stress. In
their model they have used a very simple protein interaction network which does
not consider some important components linking autophagy to apoptosis. Their
model has not considered BCL2 proteins in different compartments such as ER
and mitochondria [19]. In this model there is no link through any signaling pathway
to connect stress to basic components controlling autophagy and apoptosis. One
example can be role of DAPK initiating autophagy without any effect on BCL2
proteins in ER, which has been missed in the influence diagram used for this model.
In the model proposed by Kapuy et al. [19], autophagy as a process has not been
taken into account and the network structure of the very basic signaling pathways
controlling autophagy and apoptosis is responsible for giving a delay for initiation of
bistable switch of apoptosis. In other words in this model autophagy is just defined
as existence of one protein component, Beclin-1, in the signaling network, and the
role of autophagy as a dynamic cellular process to inhibit the stress is missed.

High-throughput systems biology has revealed global protein interaction network
controlling autophagy in mammalian cells and has provided a global interaction
landscape of autophagy network [7]. Recently Xu et al. [50] have provided an
experimental methodology for temporal analysis of interplay of autophagy and
apoptosis in live cells.

2.2 Dynamic Modeling of the Interplay of Autophagy
and Apoptosis

The basic hypothesis based on which the dynamic model of autophagy and apoptosis
was built, had come from previous basic observations in different cell lines and
model systems. These observations are summarized in Fig. 2.1 (this figure was made
by online protein lounge tools).

Most mammalian cells, including cancer cells present a level of constitutive
(basal) autophagy under physiological condition [20, 21, 28, 29, 39]. In some cases
when a cell faces stress, autophagy flux is increased to keep the survival and avoid
cell death [23, 30].

Another scenario is when a cell increases its basal level of autophagy, when it
is dealing with a stress, but finally it commits cell death. In this scenario, increased
autophagy level causes cell death to happen later. Knockdown of autophagy machin-
ery will cause cell death to happen sooner [1, 6, 23]. Blocking both autophagy
machinery and apoptosis pathway under stress conditions ends in necrosis [47]
(Fig. 2.2).
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Fig. 2.1 Different cell fate scenarios mediated by autophagy

2.2.1 Mathematical Formalism

To integrate the knowledge contained in the literature and determine if it can account
for the qualitative and quantitative results of experiments in a consistent manner,
we built a mathematical model of the molecular mechanism controlling autophagy
and apoptosis. The experimental data we seek to explain involves the response of
cells, in terms of autophagy and apoptosis, to treatment with cisplatin, a cytotoxic
drug. Cisplatin induces UPR and activation of JNK and DAPK in mammalian cells
[11, 38, 49].

Periyasamy-Thandavan et al. [32] used rat kidney proximal tubule cells (RPTCs),
transiently transfected with GFP-LC3 and treated with cisplatin, to investigate
the cytoprotective role of autophagy. As part of their study, they measured time
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Fig. 2.2 Interactions of different modules controlling cell death in response to stress

courses of cisplatin-induced LC3 puncta formation using fluorescence microscopy
and cleaved LC3 level using immunoblots, to investigate the evolution of autophago-
some formation.

As in any modeling task, we make certain simplifying assumptions to reduce
the complexity of the model while capturing the principal molecular details related
to the experimental data under consideration. To this end, we have based our
mathematical model on the influence diagram in Fig. 2.3.

In this diagram, simple modules for autophagy and apoptosis are connected
to summarize the main components of stress regulation in mammalian cells. Our
apoptosis module is inspired by a mathematical model of the intrinsic pathway
proposed by Zhang et al. [56], who showed that stoichiometric binding between
anti-apoptotic BCL2 proteins and pro-apoptotic BH3 proteins creates an on/off
(bistable) switch for MOMP and subsequent activation of apoptotic proteases. As
soon as BH3 level exceeds BCL2 level, the switch turns on. We assume that stress
up-regulates BH3 production by a pathway dependent on autophagy via release of
calcium into the cytoplasm, and a second pathway independent of autophagy. While
the mechanisms by which external stress (such as cisplatin) activates autophagy and
apoptosis are unclear, we assume that stress is communicated to these subsystems
by activating JNK and DAPK. In turn, JNK phosphorylates BCL2 family proteins
in the ER [30, 45, 46] and DAPK phosphorylates Beclin-1 [26, 51, 53, 54].
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Fig. 2.3 An influence diagram of the molecular interactions controlling autophagosome formation
and the interplay between autophagy and apoptosis

We model the internal stress of the cell with the equation

dS

dt
D kc � C � Heav.t/ C ksb � .krb C kra:ŒAtphg�/ � S

Cisplatin treatment causes internal stress to increase at a rate proportional to
cisplatin concentration, C and stress is relieved by autophagy (rate constant, kra).
We also assume basal rates of production (ksb) and relief (krb) of stress, in order to
set a basal level of autophagy. By defining an ODE for stress, we can mathematically
define severe stress (increasing cisplatin dose) and prolonged stress (increasing
the time of cisplatin treatment). Because the molecular mechanisms of many of
the processes we seek to model are unclear or unknown, we have adopted a
phenomenological approach to modeling the interaction diagram in Fig. 2.3. For
example, to model the activation of DAPK we use the equation

dŒDAPK�

dt
D �D � .H.�DWD/ � ŒDAPK�/



28 2 Mathematical Modeling of the Interplay of Autophagyand Apoptosis

where

H.�DWD/ D 1

1 C e��DWD

and

WD D wDAPK_0 C wDAPK_S � S

The steady-state level of active DAPK is given by the sigmoidal function

ŒDAPK�ss D 1

1 C e��D � .wDAPK_0 C wDAPK_S � S/

which varies between 0 (no activation) and 1 (full activation). Roughly speaking,
the steepness of the sigmoid function is governed by �D, and DAPK is half-activated
when S D �wDAPK_0=wDAPK_S. The rate at which DAPK moves towards its steady-
state value is controlled by the rate constant �D.

In general, our equations take the form proposed in [10, 12, 16, 27, 33, 40, 43,
44, 48] which is called Wilson–Cowan equation

dXi

dt
D �i � .H.�iWi/ � ŒXi�/

Wi D wi0 C
X

j

wijXj

where the subscript i refers to the species in our model (DAPK, JNK, mTOR, etc.),
and Xi is the concentration of the active form of species i. �i is a rate constant
determining how fast Xi approaches its steady-state value . The function H.�iWi/

is sigmoidally shaped, varying from 0 for Wi << 1=�i to 1 for Wi >> 1=�i.
The parameter �i determines the steepness of the sigmoid as a function of W near
W D 0. Wi is the net effect on protein i from all other proteins interacting with
it; wij < 0 for inhibitory interactions, wij > 0 for activating interactions, and wi0

determines the position of the switch when all protein activities are 0.
One of the advantages of Wilson–Cowan equation is its ability to let model

interactions among several components, when the details and exact mechanism
of the interactions are not clear. An example is the activation of JNK and DAPK
by stress (cisplatin). We know that upon cisplatin treatment, JNK and DAPK are
activated but the exact molecular mechanism linking cytotoxic effects of cisplatin
like DNA damage to DAPK and JNK activation is not clear.

There are a few exceptions to this formalism in our model; namely, the ODEs for
the cleavage of Beclin-1, for the change in autophagosome concentration, and for
the movement of calcium between the ER and the cytoplasm. We write these rate
equations as elementary first- and second-order chemical reactions. The nonlinear
ODEs and related algebraic equations we use to model the influence diagram in
Fig. 2.3 are presented in Tables 2.1 and 2.2, and the variables and parameter values
are shown in Tables 2.3, and 2.4 respectively.
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Table 2.1 Ordinary differential equations

dS
dt

D kc � C � Heav.t / C ksb � .krb C kra:ŒAtphg�/ � S

dŒAtphg�

dt
D ka � .ŒBECN1�F C ŒBECN1_P�/[ATG13] � kda � ŒAtphg�

d ŒJNK�

dt
D �J � .H.�JWJ/ � ŒJNK�/

dŒDAPK�

dt
D �D � .H.�DWD/ � ŒDAPK�/

dŒBCL2_P�

dt
D �B � .[BCL2]T � H.�BWB/ � ŒBCL2_P�/

dŒCa2C �

dt
D kout � .ŒCa2C�T � ŒCa2C�/ � kin � ŒCa2C�

d ŒmTOR�

dt
D �T � .H.�TWT/ � ŒmTOR�/

dŒATG13�

dt
D �G � .H.�GWG/ � ŒATG13�/

dŒBH3�

dt
D �H � .H.�HWH/ � ŒBH3�/

dŒCASP�

dt
D �C � .Heav.ŒBH3� � ŒBCL2�mit/ � ŒCASP�/

dŒBECN1�T
dt

D �kCASP � ŒCASP� � ŒBECN1�T
dŒBECN1_P�

dt
D �L � .ŒBECN1�u � H.�LWL/ � ŒBECN1_P�/

Table 2.2 Algebraic
equations

WJ D wJNK_0 C wJNK_S � S

WD D wDAPK_0 C wDAPK_S � S

WB D wBCL2_0 C wBCL2_JNK � ŒJNK�

WT D wmTOR_0 C wmTOR_Ca � ŒCa2C�

WG D wATG_0 C wATG_mTOR � ŒmTOR�

WH D wBH3_0 C wBH3_Ca � ŒCa2C� C wBH3_S � S

WL D wBECN1_0 C wBECN1_DAPK � ŒDAPK�

ŒBCL2�u D ŒBCL2�T � ŒBCL2_P�

ŒBECN1�u D ŒBECN1�T � ŒBECN1_P�

ŒLIG�T D ŒIP3R�T C ŒBECN1�u

ŒLIG�F D max.0; ŒLIG�T � ŒBCL2�u/

ŒIP3R�F D ŒIP3R�T � ŒLIG�F
ŒLIG�T

ŒBECN1�F D ŒBECN1�u � ŒLIG�F
ŒLIG�T

The equations in Table 2.1 can be classified as those dealing with stress induction,
autophagosome formation, and apoptosis initiation. Autophagosome formation
is controlled by the levels of active ATG13 and Beclin-1, and the removal of
autophagosomes refers to their docking to lysosomes.

At the ER membrane, the interactions among BCL2 proteins, Beclin-1 and IP3R
contribute to the complex interplay of autophagy and apoptosis. DAPK phospho-
rylates Beclin-1, causing dissociation from BCL2 and initiation of autophagosome
formation. Newly available BCL2 can bind to IP3R, reducing calcium release from
the ER and postponing apoptosis. Active JNK phosphorylates BCL2, inhibiting
its ability to bind to IP3R or Beclin-1, and hence promoting both apoptosis
and autophagy. In addition to the ODEs, there are several algebraic equations
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Table 2.3 Variables, their descriptions, and values when there is no stress

Steady-state value

Variable Description (no drug treatment)

S Level of stress induced in the cell by drug 0.03

treatment or other stressors

[Atphg] Concentration of autophagosomes in cytoplasm 0.774

[JNK] Concentration of active c-Jun N-terminal kinase 0.079

[DAPK] Concentration of active death-associated protein 0.046

kinase

[BCL2_P] Concentration of phosphorylated BCL2 0.573

family proteins in ER

[BCL2�u Concentration of un-phosphorylated BCL2 2.427

family proteins in ER

ŒLIG�T Concentration of total ligands available for 3.102

binding to BCL2 family proteins in ER

ŒLIG�F Concentration of ligands free from suppression by 0.675

BCL2 family proteins

ŒBECN1�T Concentration of total Beclin-1 protein 3

[BECN1_P] Concentration of phosphorylated Beclin-1 protein 0.898

ŒBECN1�u Concentration of un-phosphorylated form of 2.102

Beclin-1 protein

ŒBECN1�F Concentration of Beclin-1 protein which is free 0.457

from suppression by BCL2

ŒCa2C� Concentration of cytoplasmic Ca2C 0.196

[mTOR] Concentration of active mammalian target 0.592

of rapamycin (mTOR) protein

[ATG13] Concentration of active ATG13 protein 0.085

[BH3] Concentration of active BH3 proteins 0.055

[CASP] Concentration of active caspase 0

representing association and dissociation reactions. The binding of BCL2 to IP3R
and to Beclin-1 in the ER is assumed to be so strong that any free BCL2 will
immediately bind to any unbound IP3R or free (unphosphorylated and uncleaved)
Beclin-1. If BCL2 is not in excess of its potential binding partners, the amounts
of unbound IP3R and free Beclin-1 are allocated proportionally. The algebraic
equations representing the fast binding reactions are given in Table 2.2. In these
equations, ŒLIG�T represents total concentration of proteins, either IP3R or Beclin-
1, which have the potential to bind to BCL2 family proteins in the ER.

Apoptosis is represented by the variable ŒCASP� D concentration of active
caspase. ŒCASP� is governed by a piecewise linear ODE with steady-state D 0

when ŒBCL2�mit � ŒBH3� and steady-state D 1 when ŒBH3� � ŒBCL2�mit . BH3
production is driven principally by cytoplasmic calcium. Hence, if ŒCa2C� is elevated
a sufficiently long time, enough BH3 will accumulate to flip the caspase switch from
0 to 1. Active caspase then cleaves Beclin-1 and inhibits further autophagosome
formation.
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Table 2.4 Parameters, their descriptions, and their numerical values

Parameters Description Value

ka; kda Rate constants for autophagosome
formation and degradation .h�1/

2,0.3

C Drug (cisplatin) dose .�M/ variable

ksb Basal rate of stress .h�1/ 0.1

kc Drug-induced stress rate
.�M�1h�1/

0.25

krb Rate constant for background relief
of stress .h�1/

1

kra Rate constant for autophagic relief of
stress .h�1/

10 kda

�J; �D; �B; �T Rate constants for changes in protein
concentration .h�1/

1,1,0.5,1

�G; �H; �C; �L 1,0.2,1,10

�J; �D; �B; �H Steepness of sigmoidal response
curves

5,10,2,1

�G; �T; �L 4,10,1

kCASP Rate constant for cleavage of
Beclin-1 by caspase .h�1/

2.5

kout; kin Rate constant for Ca2C transport
from ER to cytoplasm and vice versa
.h�1/

0.5,1

wJNK_0; wDAPK_0 Offset of sigmoidal function when
there are no signals

�0:5,�0:3

wBCL2_0; wmTOR_0 �0:8,2

wATG13_0; wBH3_0 0,�5

wBECN1_0 �0:3

wJNK_S; wDAPK_S Interaction coefficient 0.3,0.1

wmTOR_Ca; wATG13_mTOR �10,�1

wBH3_Ca; wBH3_S 11,0.1

wBECN1_DAPK; wBCL2_JNK 0.2,1

ŒBCL2�T Total BCL2 family proteins in ER 3

ŒIP3R�T Total IP3R proteins in ER 1

ŒBCL2�mit Total anti-apoptotic BCL2 family
proteins in mitochondria

Randomly selected
from a normal
distribution with
mean D 0.1 and
SD D 0.03

ŒCa2C�T Maximum cytoplasmic ŒCa2C� due to
release of ER calcium

2
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In our simulations, we provide a basal level of autophagy by assuming the cell
has a basal level of stress under physiological conditions.

Tumors and cancer cell lines are heterogeneous cell populations. Some of this
heterogeneity originates from fluctuations in cellular components and from differ-
ences in cellular states such as cell cycle phases. The tumors microenvironment
also has a significant effect on this heterogeneity. Experimental methods such as
western blotting, however, measure the average behavior of populations of cells
[15, 22, 25, 52]. To introduce cell heterogeneity and population averaging into our
model, we assume a normal distribution (mean = 0.1 and standard deviation = 0.03)
of BCL2 anti-apoptosis proteins in mitochondria, and we randomly simulate 100
cells with different mitochondrial BCL2 levels. This approach allows us to calculate
the percentage of cells undergoing apoptosis and the time course of average LC3-II
level (as an autophagy marker). Spencer et al. [42] have confirmed that fluctuations
in protein components controlling apoptosis play important roles in the probability
and timing of programmed cell death.

2.2.2 Results

Little quantitative time course data pertaining to autophagy is currently available
in the literature. To test our proposed model structure and tune our parameter
values, we use measurements by Periyasamy-Thandavan et al. [32] of autophagy
and apoptosis in RPTCs in response to cisplatin treatment, which induces the
UPR and activates JNK and DAPK in mammalian cells. Cisplatin treatment also
inhibits mTOR and induces autophagy as a protective mechanism in cancer cells
[11, 14, 38, 49].

Cisplatin is one of the most common cytotoxic chemotherapy agents which is
widely used in oncology practice. The main mechanism of action of cisplatin is
through DNA damage [31, 37]. DNA damage is one of the inducers of autophagy
and autophagy is a pro-survival response after DNA damage [1, 36]. But the exact
molecular mechanisms linking DNA damage to autophagy is poorly understood
[36]. Crighton et al. [9] have found that P53 activates autophagy via DRAM
(damage-regulated autophagy modulator) upon DNA damage.

Cisplatin treatment triggers autophagic response in glioma cells as a dose-
and time-dependent protective response [14]. Real-time tracking of cellular and
molecular alterations in HT-29, HCT-116, HepG2, and MCF-7 cells has shown
that apoptosis is triggered in these cell lines about 8–11 h after cisplatin treatment
[4]. After 5–6 h of 50 �M cisplatin treatment MCF-7 cells go through diminished
mitochondrial respiration. Then they show an increased level of glycolysis about
8–9 h after cisplatin treatment. Finally cell death starts in them after 10–11 h [4].

Treating RPTCs with 20 �M cisplatin, Periyasamy-Thandavan et al. [32] mea-
sured cisplatin-induced autophagy at five time points over 24 h using immunoblot
analysis of LC3-II. They found that the LC3-II level rose four-fold and then decayed
to the original level.
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Autophagy as a Rheostat

The first response to cisplatin-induced stress is to activate autophagy, in an attempt
to relieve the stress. If stress (cisplatin dose) is too large, autophagy cannot rescue
the cell, and it proceeds towards cell death. Figure 2.4a shows simulated time
courses of autophagy as predicted by the model. Increasing doses of cisplatin
have been applied (0, 4, 8, 12, 16, 20, 24, 28 �M). When there is no cisplatin
treatment, autophagy stays at its basal level. The gradual increase in steady-state
level of autophagy with increasing dose of cisplatin, we call the rheostat function
of autophagy, which is pro-survival and anti-apoptotic. For large doses of cisplatin
the steady-state level of autophagy eventually drops to zero because the final cell
fate in these cases is apoptosis, and the cleavage of Beclin-1 by caspase 8 shuts off
autophagy. The stress–response curve (Fig. 2.4b) plots the final steady-state level
of autophagy as a function of cisplatin dose. The rheostat function of autophagy
is evident for low stress levels, but when stress reaches the point-of-no-return,
apoptosis switches on. Even in the latter case, autophagy works to suppress the stress
and to postpone the initiation of cell death. In other words, the role of autophagy is
to block cell death and promote survival, but when stress is too strong, apoptosis
will eventually be triggered and autophagy will be shut down. Figure 2.5a shows
the time course of autophagy in RPTCs treated with 20 �M cisplatin over the
course of 24 h. Initially, autophagy increases, but then the level reduces as the cells
commit apoptosis. Our model simulation (solid line) is in reasonable agreement
with the experimental data (green squares). The model simulation averages over
100 simulations of cells with different levels of mitochondrial BCL2 anti-apoptotic
proteins. We use this averaging procedure because the experimental data points
average over the activities in many cells and because of the intrinsic heterogeneity
of individual mammalian cells. This approach allows us to predict the percentage
of apoptosis in RPTCs (Table 2.5). Interestingly after 12 h treatment with 20 �M
cisplatin, some cells have committed apoptosis and some cells have survived,
which is due to the pro-survival role of autophagy and to the different levels of
mitochondrial anti-apoptotic proteins in different cells.

Overexpression of BCL2 and Cell Fate

BCL2 proteins in the ER and mitochondria regulate the interplay between
autophagy and apoptosis. Overexpression of BCL2 proteins blocks autophagy
because Beclin-1 cannot be released from BCL2 inhibition. At the same time,
cell death is inhibited because BCL2 in mitochondria blocks the activation of
BAX, the trigger of apoptosis. Figure 2.5b shows a time course of autophagy in
RPTCs overexpressing BCL2 and treated with 20 �M cisplatin. In both experiments
and computations, the basal level of autophagy is decreased and autophagy is
suppressed. For the computational simulation, the parameters controlling BCL2
proteins in the ER and mitochondria have been increased two-fold.
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Fig. 2.4 Rheostat function of autophagy. (a) Time-course of LC3 II for different doses of cisplatin.
(b) Dose/Response (Autophagy) Curve
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Fig. 2.5 Time course of autophagy level under cisplatin treatment without (panel a) with (panel
b) BCL2 overexpression
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Table 2.5 Percentage of apoptosis for different experimental regimens in vitro and in silico

Conditions
Experimental
measurement (%)

Model prediction
(%)

Cisplatin (20 �M) @ 12 h 27 33

Cisplatin (20 �M)+BAF (100 nM) @ 12 h 55 53

Cisplatin (20 �M)+3-MA (10 mM) @ 12 h 47 51

Cisplatin (20 �M)+Beclin-1 shRNA @ 16 h 52 50

Cisplatin (5 �M)+3-MA (10 mM) @ 16 h 20 14

Cisplatin (5 �M) @ 16 h 3 10

Knockdown of Autophagy

Under any conditions, the knockdown of autophagy machinery will lead to
increased cell death, because autophagy is pro-survival and anti-death. Crippled
autophagy can result in cell death even for low stress levels, and for high levels of
stress, apoptosis is initiated earlier. Table 2.5 shows the percentage of apoptosis after
16 h treatment with 20 �M cisplatin in Beclin-1 knockdown RPTCs. As Beclin-1 is
a main regulator of autophagy, knockdown of Beclin-1 has a dominant effect on cell
death rate. For the computational simulation, the initial condition of total Beclin-1
was reduced from 3 to 2.

Inhibition of Autophagosome Degradation

The key role of autophagy in cell survival comes from docking of autophagosomes
with lysosomes and formation of autolysosomes. Degradation of autophagosomes
in this process will provide cells with the raw materials and ATP they need to
survive. Blocking the formation of autolysosomes will increase the number of
autophagosomes in the cell. At the same time cell death is increased because
autophagy cannot serve its pro-survival function. By decreasing the parameter
controlling autophagosome degradation from 0.3 to 0.2, we have simulated the
average time course of autophagy in cells that are treated with 20 �M cisplatin
and 100 nM bafilomycin(BAF). Bafilomycin is an antibiotic that inhibits docking
of autophagosomes and lysosomes. Figure 2.6a and Table 2.5 compare model
predictions with experimental data points for autophagy progression and percentage
of apoptosis under these conditions. Interestingly autophagy level stays high while
cell death rate increases.
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Fig. 2.6 Time course of autophagy level under cisplatin treatment combined with BAF (panel a)
and 3-MA (panel b)
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Inhibition of Autophagosome Formation

3-Methyladenine (3-MA) is a drug that inhibits formation of autophagosomes.
Intuitively, treating cells with 3-MA should decrease autophagy and increase cell
death. Experimentally RPTCs respond to 10 mM 3-MA and 20 �M cisplatin with a
higher percentage of apoptosis and a decreased level of autophagy; our model shows
the same behavior (Table 2.5 and Fig. 2.6b). In this case, the parameter controlling
formation of autophagosomes has been decreased from 2 to 1.5. Table 2.4 also
shows predictions of the model for 16 h treatment of RPTCs with 5 �M cisplatin
alone and in combination with 3-MA. Adding 3-MA significantly increases the cell
death rate because it stops autophagy at the very first steps.

2.2.3 Future Directions

Assigning the accurate parameters in mathematical models of cellular control
systems can be done using direct experimental measurements. But quantitative
experimental measurements are very hard to do especially when dealing with
systems of ODEs with high number of parameters. Collective fitting of parameters
to experimental data (what we have done in present mathematical model) is a good
way to assign parameters. But in systems biology, all models show sloppiness of
parameter sensitivities. In other words there are always more than one parameter set
which can be assigned to model to capture the dynamics of experimental time-series
data [13]. It means that for each model, there is a parameter space within which the
model can reproduce the experimental time-series data. One next step for current
modeling framework is to evaluate the sloppiness of the parameters and calculate
the parameter space for which dynamics showed by the model is robust.

Another step is to add other important molecular components to the wiring
diagram of interplay of autophagy and apoptosis. This molecular components
include P53, molecular signaling pathway of UPR, control system of programmed
necrosis, and cell cycle signaling network. Tyson et al. [44] have proposed a
roadmap to connect modules of apoptosis, UPR, autophagy, cell cycle, and other
signaling pathways in breast cancer to build a virtual in silico model of cell signaling
network in cancer cells.

Experimental measurements of autophagy and apoptosis temporal behaviors
need to be done in single cells and cell populations and even in tumor to validate
the model and find the optimized parameter space for different types of cells. We
discuss these experimental methodologies in Chap. 3.
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Chapter 3
An Experimental Framework to Study
the Dynamics of Autophagic Response

In this chapter we present an experimental quantitative framework for measuring
kinetic parameters such as autophagy flux, time course of autophagic response, and
stress/response dynamics in single cancer cells including endocrine-resistant breast
cancer cells. Some primary data are presented in this chapter. All the microscopic
images were collected using a Nikon Eclipse TE-300 Spinning Disk Time-lapse
Microscope System. Data collection was done using Velocity 3D Image Analysis
Software. Image analysis was done by ImageJ software [1].

Xu et al. [55] have developed a methodology using automated live microscopy
to study the time course of autophagy and apoptosis. They have used quantitative
single-cell imaging in H4 glioma cells, L929 mouse connective tissue cells, and
HeLa human adenocarcinoma cells to study interplay of autophagy and apoptosis.
In their work, they used starvation, rapamycin (an inhibitor of mTOR), and
staurosporine (STS) as the stressors to induce autophagy and apoptosis in these
cells [55]. The methodology they presented can be used to validate the mathematical
model presented in Chap. 2 and is very useful to capture the sress/reponse plots and
time course of autophagy induction and progression.

Although the framework presented here is for detecting dynamics of interplay
of autophagy and apoptosis in single cancer cells as proposed by Xu et al. [55],
our goal is to address the roadmap necessary to study autophagy dynamics and
cell fate in endocrine-resistant breast cancer cells and to compare the dynamics
of autophagic response in sensitive and resistant breast cancer cells to therapeutic
regimens including endocrine therapy.

This methodology and also the methodology proposed and validated by Xu et al.
[55] are the first steps to study the dynamics of autophagy and its crosstalk with
other cellular processes such as apoptosis, necrosis, cell cycle, and cell growth.
These methodologies will give us quantitative information about the inputs (stress
type, stress strength, stress time interval) and the outputs (autophagy, cell death,
cell survival, quiescence) in cells controlled by signaling network of interaction of
autophagy and apoptosis. This information will be crucial to validating dynamic
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models of the signaling networks. These methods will have to be supplemented by
other methods to track dynamics of other components of the signaling networks of
interplay of autophagy and apoptosis such as JNK expression, DAPK expression,
cytoplasmic calcium, IP3R activity, and BCL2 proteins expression in ER and
mitochondrion and mTOR activation and inhibition.

With the data provided by methodology developed by Xu et al. [55] and the
framework presented here, it is not possible to estimate directly the parameters
presented in Table 2.4, but it is possible to propose parameter sets that model repro-
duces the observed dynamics for stress/response and time course of autophagosome
formation.

3.1 Methods to Detect and Measure Autophagy

Apoptosis has been studied extensively and there are several efficient methods
for detecting it, including annexin V/propidium iodide, TUNEL assay, and cell
morphology [24, 27, 44, 45, 51]. Dynamics of apoptosis also have been studied
experimentally, and time-lapse imaging of cytochrome c release has shown the
kinetic of apoptosis initiation [19–21]. The on/off switch of apoptosis has been
studied experimentally as well [47].

The first method used to detect autophagy was Transmission Electron
Microscopy (TEM) [15, 30]. This method can reveal the structure of autophago-
somes structure and their contents but the data provided by TEM are static and
from dead cells, and it seems very difficult to capture time course data by this
method. Autophagic vacuoles were first recognized in the kidney cells of newborn
mice in 1957 by electron microscopy [10, 53]. Ashford and Porter [3] described the
morphology of autophagosome using electron microscopy in rat liver cells. In fact
the term “AUTOPHAGY” seems to be used first in 1967 by Deter et al. [13] in an
electron microscopic study of rat liver cells [53]. Interestingly they measured size
distribution of autophagic vacuoles quantitatively [13].

Live-cell imaging using fluorescence microscopy is a powerful method for track-
ing autophagy. Microtubule-associated protein light chain 3 (LC3), a mammalian
homologue of Saccharomyces cerevisiae Atg8, is one of the proteins participating
in formation of autophagosomes. LC3-II, the membrane-bound form of LC3, is
formed during autophagosome formation and has been proposed and widely used
as a marker for autophagy. Tracking autophagy markers (such as GFP-LC3) can be
a good tool to measure dynamic aspects of this cellular response [29, 37].

A method for detecting autophagy has been proposed by Katayama et al. [28]
which uses Kaima as a autophagy marker. Kaima is a acid-stable fluorescent
probe which is able to show the formation of autolysosomes and can be used
to track autophagy in live cells. GFP-LC3 cannot detect autolysosomes because,
after docking of autophagosomes and lysosomes, LC3-II on outer membrane of
autophagosomes turns into LC3-I via delipidation, and this LC3-I will go back
to the cytoplasmic pool of LC3-I to be reused. LC3-II on the inner membrane of
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autophagosomes is degraded in autolysosomes. Kaima-based probes are stable in
acidic pH and can remain stable in autolysosomes, therefore they can be used to
detect the process of autolysosome formation and degradation of autophagosomes
contents [28, 41].

Although LC3-II shows the formation and accumulation of autophagosomes,
it has been shown that a fraction of LC3-II proteins are degraded by lysosomal
enzymes [48].

SQSTM1/P62 is another marker for autophagic activity in cells. SQSTM1 takes
part in formation of autophagosomes, and it is degraded in autolysosomes; in
fact, it is a marker for autophagosome degradation. Inhibition of the docking of
autophagosomes with lysosomes leads to increased concentration of SQSTM1 in
the cytoplasm, and SQSTM1 level decreases dramatically during degradation of
autophagosomes [29, 40]. To study the autophagy flux in cells, it is necessary to use
both LC3 and SQSTM1 as autophagy markers, SQSTM1 level is always diminished
when LC3-II level is increased [29].

Bampton et al. [4] have compared different markers for monitoring autophagy
in live cells. They found that EGFP-LC3 can be used to detect autophagosomes
in live cells in different stages of autophagy prior to formation of autolysosomes.
To have an accurate monitoring system for tracking autophagosome formation
and degradation they have indicated the importance of using other markers for
autolysosomes and autophagosomes degradation [4].

Quantification of GFP-LC3 puncta is a method to measure the level and extent of
autophagic activity, especially formation of autophagosomes and their accumulation
[29, 30]. Although there are many concerns about accuracy and efficiency of
quantification of GFP-LC3 puncta, this marker is still a useful probe for monitoring
autophagic response, especially in live cells. Different methods can be applied
for quantification of GFP-LC3 puncta. The very first method is simply to count
the number of cells with positive GFP-LC3 puncta. This method is useful when
quantitative aspects of autophagy is being studied in a population of cells. Another
way to quantify GFP-LC3 is to count the number of GFP-LC3 puncta per cell
[30]. It seems that this method is not very applicable for tracking autophagy in
single live cells because usually the extent (area) of GFP-LC3 puncta rather than
number of GFP-LC3 is increased in a single cancer cell in stress condition such as
starvation or drug treatment (Figs. 3.21 and 3.23). Another alternative is to measure
the area of GFP-LC3 puncta per cell, although there is no clear evidence how
to connect the number or area of GFP-LC3 puncta to quantitative characteristics
of autophagosomes. This method has been used for quantification of autophagic
process [39], and we have used it for quantification of autophagic response in human
H4 cells and breast cancer cells. We have observed that both GFP-LC3 puncta area
and number increase when cancer cells are under stress.

Flow cytometry and Fluorescence Activated Cell Sorter (FACS) are other tools
for monitoring quantitative aspects of autophagy in cells using GFP-LC3 [46].

Cell cycle phase is a determinant factor affecting the dynamics of autophagic
response [18, 43]. A new strategy for tracking autophagy in different phases of the
cell cycle has been developed by Kaminskyy et al. [27]. In this method, which
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is an automated flow cytometry-based assay, membrane unbound LC3 proteins
(LC3-I) is extracted from cells. Then the remaining LC3-II proteins are stained as
markers of autophagosomes. Staining with propidium iodide is used for tracking of
autophagosome accumulation in different phases of the cell cycle [27]. A method
for capturing the dynamics of protein expression during the cell cycle using fixed
cells has been introduced which seems to be a good method to study the dynamics
of autophagy in cancer cells using proper markers such as LC3 and SQSTM1 [26].

Although dynamic properties of apoptosis have been studied, there are limited
quantitative data on autophagy time courses and cell fate events during autophagic
response especially in breast cancer cells. Because of heterogeneity of tumors and
cell lines, the first step to study temporal functions of cellular stress responses is to
use single cells as model systems [34].

3.2 Quantitative Parameters of Autophagic Response

As the mathematical model presented in Chap. 2 has implied, there are a lot of
parameters related to autophagy and apoptosis dynamics which determine the cell
fate after different stresses. To validate the model predictions and find more accurate
parameters for the model, a lot of parameters need to be measured quantitative. The
model presented in Chap. 2 can be parameterized for different types of cell lines
including different cancer cell lines. As measuring all the parameters in the model
is very difficult, the first step can be measuring the stress/response, time course of
autophagy, time-points when apoptosis occurs and percentage of apoptosis in cell
populations.

Measuring the time course of protein expressions including expression of JNK
and DAPK is one of the basic steps to assess autophagic response in time.

Loos and Engelbrecht [35] have suggested measuring a series of kinetic param-
eters related to cell death modes to evaluate the dynamics of their interplay.
Parameters related to autophagic response include: basal autophagy, maximum
autophagic capacity, time delay between induction of stress and initiation of
autophagy, time delay to reach maximum autophagy level, and kinetic parameters
related to ATP synthesis and hydrolysis [35].

All of these parameters help to understand autophagy as a dynamical response at
a phenomenological level. For modeling purposes we can add the parameters shown
in Table 2.4. As mentioned before designing experimental settings to be able to
give us the opportunity to directly measure the parameters used in Wilson–Cowan
equations of protein interactions has not been studied yet but phenomenological
quantitative data can help us to estimate them optimally.

Kinetic parameters related to apoptotic cell death include time delay between
induction of stress and initiation of apoptosis at different levels (cytochrome c
release, initiation of MOMP, caspase-3 cleavage), time delay to express different
stages of apoptosis morphology such as chromatin condensation (pyknosis) and p53
localization [35].
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In the roadmap designed by Loos and Engelbrecht [35] other parameters related
to necrosis kinetics, intracellular metabolism, extracellular metabolism, and stress
parameters have been mentioned. For necrosis some of these parameters can be
summarized as time needed to induce membrane leakage, time delay to display
lysosomal leakage, and time course of loss of membrane integrity [35]. There are
some cell specific parameters such as mitochondrial load, BCL2 protein distribution
in different compartments, cell state (proliferating cell, senescent cell, quiescent
cell), and subcellular organelle properties [35]. Stress parameters can be stress type,
stress duration, stress strength, and mechanism of stress induction and action [35].

3.3 Experimental Observations in Human
H4 Neuroglioma Cells

H4 cells stably expressing GFP-LC3 and H2B-RFP (LC3-H2B Cells) were obtained
from Xu et al. [55]. Here Histone H2B-RFP was used to detect the initiation
of apoptosis, because apoptosis involves posttranslational histone modifications
including phosphorylation of histone H2B [9]. H2B-RFP has been used as a marker
for tracking nucleus and cell identification in live cell imaging [55]. Condensation
and cleavage of DNA are among the main characteristics of apoptotic cell death,
and labeling DNA indirectly by histone-fluorescent protein fusion can be a method
to study the time course of apoptosis in live cells [55].

Figure 3.1 shows basal autophagy in two H4 neuroglioma cells expressing GFP-
LC3 and H2B-RFP (left panel shows H2B-RFP, right panel shows GFP-LC3 and the
middle panel is the merged image). Movies 1.1, 1.2, 1.3 are real-time microscopy
of these cells (Movie 1.1 shows GFP-LC3, Movie 1.2 shows H2B-RFP, and Movie
1.3 is merged format of Movie 1.1 and 1.2).

Constitutive autophagy is a basic feature observed in cancer cells expressing
GFP-LC3, when there is no stress. The mechanism behind the heterogeneity in basal
autophagy among cancer cells is an important question to be answered (Fig. 3.2).

Fig. 3.1 Human H4 neuroglioma cells stably expressing GFP-LC3 and H2B-RFP
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Fig. 3.2 Heterogeneity in basal autophagy represented by GFP-LC3 puncta in different H4
neuroglioma cells

One very basic answer can be the general heterogeneity of proteins expression level
in cancer cells. Movies 2, 3, and 4 are real-time microscopy of basal autophagy
marked by GFP-LC3 puncta in single H4 neuroglioma cells. In these real-time
microscopies, movements of GFP-LC3 puncta are observed.

Figure 3.3 shows the different distribution of GFP-LC3 puncta in different H4
cells. The other interesting feature of basal autophagy in cancer cells is different
patterns of distribution of autophagosome expression in cytoplasm, marked by GFP-
LC3. Which parameters determine the accumulation of autophagosomes in different
parts of cytoplasm is another unanswered question. For approaching this question,
we need to use fluorescent markers for different autophagy targets and track them
during the autophagy process. Considering selective autophagy, autophagosomes
may accumulate in different locations of cytoplasm to degrade specific targets
(mitophagy, ER-phagy, glycophagy, ribophagy, etc.).

Movie 5 and Fig. 3.4 show the time-lapse microscopy of basal autophagy in
a single H4 neuroglioma cell for 1,800 min. This cell keeps its basal level of
autophagy during this time, although some fluctuations are observed due to changes
in cell environment such as decreased nutrients or oxygen. In movie 5, images have
been taken every 15 min.

To capture the dynamics of autophagy and apoptosis in H4 neuroglioma cells, we
need to find the time course of increased autophagy level (GFP-LC3 puncta) with
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Fig. 3.3 Heterogeneity in GFP-LC3 puncta distribution pattern in H4 neuroglioma cells (basal
autophagy)

Fig. 3.4 Basal autophagy in a H4 cell

different stresses (different stress types, strengths, and durations). We have shown
that cisplatin treatment can be a good stressor for this purpose. Figures 3.5 and 3.6
are time-lapse microscopy of two H4 neuroglioma cells (one expressing GFP-LC3
and one expressing both GFP-LC3 and H2B-RFP) treated with 1 mM of cisplatin.
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Fig. 3.5 Time-lapse microscopy of a H4 cell expressing GFP-LC3/H2B-RFP treated with 1 mM
cisplatin
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Fig. 3.6 Time-lapse microscopy of autophagy in a H4 cell expressing GFP-LC3 treated with 1 mM
cisplatin
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Fig. 3.7 Time course of GFP-LC3 puncta area fold change in a single H4 cell treated with 1 mM
cisplatin

Previous study has shown that autophagy is induced in a time- and dose-dependent
pattern in glioma cells [23].

Movies 6.1, 6.2, and 6.3 are time-lapse microscopy of the H4 cell shown in
Fig. 3.5 (GFP-LC3 channel, H2B-RFP channel, and merged channel). Movie 7 is
time-lapse microscopy of the H4 cell shown in Fig. 3.6. For the first case cell images
were taken every 30 min and for the second one cell images were taken every 15 min.
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Fig. 3.8 Time course of GFP-LC3 puncta area fold change in a single H4 cell expressing GFP-
LC3 treated with 1 mM cisplatin

Quantification of GFP-LC3 area fold change in these two cells (Figs. 3.5 and 3.6)
shows increased autophagy and then cell death by apoptosis after 300 min and
615 min, respectively (Figs. 3.7 and 3.8). The difference in time to commit apoptosis
after the same treatment in these two cells is an indicator of heterogeneity in
dynamics of the interaction of autophagy and apoptosis at a cell population level.
But the patterns of GFP-LC3 area fold change are consistent with predictions of the
mathematical model in Chap. 2 (Fig. 2.4).

Movies 8.1, 8.2, and 8.3 show a single H4 cell escaping from cell death by
increasing its autophagy level, after treatment with 50 �M cisplatin. This cell
survives during the whole time of the experiment (1,320 min), while three other
cells which are seen in the microscopic field commit cell death during this time. In
this movie, images were taken every 30 min and due to the cell movement out of the
microscopic focus field, quantification of GFP-LC3 was not possible.

3.4 Experimental Observations in Breast Cancer Cells

A series of cell lines have been derived from MCF7 cells to study estrogen-
independence and antiestrogen resistance in breast cancer. MCF7 cells are estrogen-
dependent and sensitive to tamoxifen and fulvestrant. Tamoxifen and Fulvestrant
(Faslodex, ICI 182,780) are estrogen receptor antagonists which are used in treat-
ment of estrogen receptor-positive breast tumors [11, 50]. LCC1 cells are a variant
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Fig. 3.9 Evolution and characteristics of endocrine-resistant breast cancer cell lines

of MCF7 cells which are estrogen-independent but they are sensitive to tamoxifen
and fulvestrant. LCC2 cells are estrogen-independent, resistant to tamoxifen and
sensitive to fulvestrant. LCC9 cells are estrogen-independent and resistant to both
tamoxifen and fulvestrant [6, 7, 11, 12, 50]. Figure 3.9 has summarized the evolution
of these breast cancer cell lines and their characteristics (this figure was made by
online protein lounge tools).

For tracking autophagy in these breast cancer cells, MCF7, LCC1, and
LCC9 were transiently transfected with GFP-LC3 as a marker for autophagy
(Figs. 3.10, 3.11, and 3.12).

3.4.1 Basal Autophagy in Breast Cancer Cells

MCF7, LCC1, and LCC9 cells keep a constitutive level of autophagy. There
is no report in literature to compare basal autophagy in sensitive and resistant
breast cancer cells to endocrine therapy. The main difficulties in comparing basal
autophagy in these cell lines are the wide-ranging heterogeneity in cell size and the
variable basal level of autophagy even within each of these cell lines (Fig. 3.13).

We randomly selected 100 cells from MCF7 and 100 cells from LCC9 cells,
while they were expressing GFP-LC3, and quantified the GFP-LC3 puncta area in
each group. We calculated the average level of basal GFP-LC3 puncta area in these
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Fig. 3.10 Basal autophagy in an MCF7 cell (a) and an LCC9 cell (b) expressing GFP-LC3

Fig. 3.11 Basal autophagy in
LCC1 cells characterized by
GFP-LC3 puncta

cell lines. Although this method is not very accurate, but at least it can help to
estimate basal autophagy at level of cell population and compare these two cell
lines. All images were taken by 100� magnification and are shown in Figs. 3.14
and 3.15. Our basic calculation shows that in LCC9 cells average GFP-LC3 puncta
area is 1,079.33 (pixel) and in MCF7 cells it is 607.85 (pixel). Even qualitatively
looking at a population of LCC9 cells shows a higher level of autophagy compared
to MCF7 cells. More experimental validation is needed to see why and how resistant
cancer cells keep their basal autophagy higher compared to sensitive cells.
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Fig. 3.12 Basal autophagy in LCC9 cells characterized by GFP-LC3 puncta

Fig. 3.13 Basal autophagy in MCF7 cells characterized by GFP-LC3 puncta

Movies 9.1 and 9.2 are real-time movies of basal autophagy and GFP-LC3
puncta movements in MCF7 cells. Movie 10 shows real-time microscopy of basal
autophagy in LCC1 cells expressing GFP-LC3 and movies 11.1, 11.2, and 11.3 are
from LCC9 cells expressing GFP-LC3 as a marker of their basal autophagy.

Figure 3.16 is time-lapse microscopy of basal autophagy in a single LCC9 cell
expressing GFP-LC3. This cell keeps its basal autophagy and sometimes increases
it, maybe because of stresses in the environment. Movie 12 shows this cell and its
basal autophagy during 600 min (images were taken every 15 min).

Movie 13 is time-lapse microscopy of another single LCC9 for 675 min (Images
were taken every 15 min). Movie 14 shows tracking of basal autophagy in a single
LCC1 cell expressing GFP-LC3 for 47 h (images were taken every 20 min). The
time-lapse microscopy for this cell started upon plating and the movie shows how
this cell regulates its basal autophagy when it arrives in a new environment after
plating.
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Fig. 3.14 Basal autophagy marked by GFP-LC3 in 100 MCF7 cells

3.4.2 Autophagy, Cell Growth, and Cell Cycle

Measuring time course of autophagic response needs long-term tracking of cells.
During this time, cells, especially when using heterogeneous and unsynchronized
population of cancer cell lines, will go through different phases of cell cycle
including mitosis and cell division. It is evident that autophagy, cell cycle, and cell
growth interact with each other and affect each other’s dynamics [8, 17, 22, 32, 38,
43, 49, 52, 56].

Although autophagy is involved in cell growth control, exact mechanisms of the
interaction of autophagy with cell growth are not understood. The role of autophagy
in controlling cell growth may be defined through its interaction with PI3K/TOR
signaling [38, 52].

The accurate measurement of autophagic flux in single cells needs considering
the volume and size of each cell, and long-term tracking of autophagic response
in single cells needs considering cell division and cell cycle. The reason is the
significant changes in autophagosome formation during different phases of cell
cycle, including mitosis. Investigations have found that autophagy is shut down
during mitosis. It seems that cells need to protect the spindle apparatus and
chromosomes from being degraded by the autophagy machinery [14]. But in some
other studies persistent autophagy has been observed during mitosis. The possible
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Fig. 3.15 Basal autophagy marked by GFP-LC3 in 100 LCC9 cells

Fig. 3.16 Time-lapse microscopy of basal autophagy in an LCC9 cell expressing GFP-LC3

hypothesis for the latter scenario is need of mitotic cells to get rid of their damaged
mitochondria, because mitosis is a high energy demanding process which can cause
damaged and dysfunctional mitochondria [33].

Furuya et al. [18] have shown that VPS34 (one of the main proteins taking
part in Beclin-1 complex formation) is phosphorylated on Thr159 by Cdk1. This
phosphorylation inhibits VPS34 interaction with Beclin-1, which means knockdown
of autophagosome formation during mitosis. Cdk5/p52 can phosphorylate Vpd34
with the same mechanism [18, 54].

Kaminskyy et al. [27] have measured autophagic flux in different phases of cell
cycle in cancer cells using a flow cytometry-based approach. They have measured
the basal level of autophagy in G1, S, and G2/M phases of the cell cycle. Their
results have shown that cells in G0/G1 phase have the highest level of basal
autophagy [27].
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Fig. 3.17 Autophagy is inhibited during mitosis in a single MCF7 cell

Fig. 3.18 An MCF7 cell expressing GFP-LC3 during mitosis

These controversies can be due to lack of accurate quantitative methods to track
autophagy (different stages of autophagy) during cell cycle phases. Development of
such methods is necessary to study the dynamics of autophagy and requires using
different markers for different stages of autophagy as a multistep process.

We have observed the mitosis of MCF-7 cells expressing GFP-LC3 and our
results are based on looking at GFP-LC3 in these cells. Obviously GFP-LC3 puncta
have disappeared during mitosis in the single MCF7 cell shown in Fig. 3.17 and
movie 15. Time-lapse microscopy was done every hour in this case. But the other
MCF7 cells shown in Figs. 3.18 and 3.19 (Movies 16 and 17) have kept their
GFP-LC3 puncta during mitosis. Time-lapse microscopy was done every 15 min
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Fig. 3.19 An MCF7 cell expressing GFP-LC3 during mitosis

in these cases. Although these are just some observations, they indicate importance
of considering cell cycle phases and cell division when looking at autophagy as a
dynamic response in time and space. Movies 18.1, 18.2, and 18.3 also show time-
lapse microscopy of a single H4 cell going through cell division (Movie 18.1 shows
GFP-LC3, Movie 18.2 shows H2B-RFP, and Movie 18.3 shows the merged version
of Movies 18.1 and 18.2). Time-lapse microscopy was done every 15 min for this
cell and the H2B-RFP in the red channel shows how mitosis happens. This cell
continues autophagy during mitosis as well.

3.4.3 Serum Starvation-Induced Autophagy
in Breast Cancer Cells

The growth factor signaling pathway crosstalks with the autophagy pathway. Serum
withdrawal, one of the stressors to induce autophagy in cancer cells, also removes
growth factor from them [25, 36]. Here we have used serum starvation as a stressor
to induce autophagy and compare its dynamics in MCF7, LCC1, and LCC9 cells
(Fig. 3.20).

We tracked temporal changes in autophagy level (marked by GFP-LC3 puncta
area) in single MCF7, LCC1, and LCC9 cells. Figure 3.21 and movie 19 are
time-lapse microscopy of a single MCF7 cell expressing GFP-LC3 under serum
starvation condition, and Fig. 3.22 shows the quantification of temporal changes in
GFP-LC3 puncta area fold change in this cell (images were taken every 1 h).
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Fig. 3.20 Serum starvation induces autophagic response in a single LCC9 cell expressing
GFP-LC3

Fig. 3.21 Time-lapse microscopy of an MCF7 cell expressing GFP-LC3 under serum starvation
condition

This MCF7 cell increased its autophagy level and could survive even after 24 h
of serum starvation. The GFP-LC3 signal was disappeared after 28 h which might
be due to cell death. This pattern was seen in other single MCF7 cells as well after
serum withdrawal (Movie 20, images were taken every 1 h). By serum starvation, we
can control the duration of the stress, and try to find more quantitative information
for getting a stress/response curve such as what the mathematical model in Chap. 2
predicts (Fig. 2.4). For example in one case, we removed and added the serum back
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Fig. 3.22 Time course of GFP-LC3 puncta area fold change in a single MCF7 cell under serum
starvation condition

Fig. 3.23 Time-lapse microscopy of autophagy characterized by GFP-LC3 in a single MCF7 cell
under 10-h serum starvation condition

after 10 h. In this experiment, the single MCF7 cell could survive by increasing its
autophagy level (Fig. 3.23 and Movie 21, images were taken every 15 min).

Quantification of GFP-LC3 puncta area fold change in this case revealed the
same dynamics as the mathematical model describes: autophagy level increases and
cell survives with a higher steady-state level of autophagy (Figs. 2.4 and 3.24).

In LCC1 and LCC9 cells, based on what we observed in some single cells, the
autophagic response is more acute than MCF7 cells. The main difference between
MCF7 cells and LCC1 and LCC9 cells is estrogen dependency. More investigations
are needed to connect estrogen receptor signaling, growth factor signaling and
autophagy.

For example, the LCC1 cell shown in Fig. 3.25 increases its autophagy after
serum starvation, and apoptotic morphology appears after 135 min (Movie 22).

Quantification of GFP-LC3 puncta area fold change shows the same pattern as
what we had observed in MCF7 cells, but with more acute kinetics (Fig. 3.26).
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Fig. 3.24 Time course of autophagy characterized by GFP-LC3 area fold change in a single MCF7
cell under 10-h serum starvation condition

Fig. 3.25 Time-lapse microscopy of an LCC1 cell expressing GFP-LC3 under serum starvation
condition

In single LCC9 cells also, serum starvation-induced autophagy was a more
acute response compared to MCF7 cells. Figures 3.27 (Movie 23, images were

serum-starved single LCC9 cells reach apoptotic morphology in 8 h and 105 min,
taken every 1 h) and 3.28 (Movie 24, images were taken every 15 min) show how
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Fig. 3.26 Time course of GFP-LC3 puncta area fold change in a single LCC1 cell under serum
starvation condition

after increasing their autophagy level. Quantification of GFP-LC3 puncta area fold

Modulating the stress time (decreasing the duration of serum starvation) is also
a good tool to capture the relationship between stress duration and autophagic
response. Figures 3.31 and 3.32 show how a single LCC9 cell responds to 3-h serum
starvation by increasing its autophagy level and keeping its survival for 9 h (Movie
25, images were taken every 1 h).

In this experiment, after removal, serum was given back to the cell after 3 h.

3.5 Current Realities and Future Directions

The large variability in cellular stress responses in different single cells within the
heterogenous cell populations leads to a distribution of cell fate and responses.
For example, in case of processes which functions as bistable switches, bimodality
emerges at population level [2, 5, 16, 50]. To understand the systems level temporal
behavior of cells, quantifying the time course and dynamical features in single live
cells is an important step [42].

One of the most important questions in the field of autophagy is the existence of
“Autophagic Cell Death” as a mode of cell death, which is different from apoptosis
and necrosis [31, 37]. Autophagic cell death is defined in morphological terms:
cytoplasmic accumulation of autophagosomes (marked by LC3) and simultaneous
cell death. Whether this cell death is “cell death by autophagy” or “cell death with
autophagy” is not clear. Answering this question can shed light on new directions
for decoding the temporal behaviors of autophagy. Based on our observations,

change is presented in Figs. 3.29 and 3.30 respectively.
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Fig. 3.27 Time-lapse microscopy of an LCC9 cell expressing GFP-LC3 under serum starvation
condition

morphologically, there are two scenarios for cell death after induction of autophagy.
In H4 neuroglioma cells cisplatin treatment increases autophagy, and cell death may
occur if cisplatin dose is large enough. Some cells increase the basal autophagy
(GFP-LC3 puncta area), and after reaching the maximum autophagy flux, GFP-
LC3 level decreases to a very low level, so that there will not be morphologically
significant GFP-LC3 puncta in cytoplasm. Cell death happens after this morphology
is formed (H2B-RFP degradation). Upper panel in Fig. 3.33 shows this scenario in
a single H4 neuroglioma cell. It seems that this scenario represents apoptosis after
autophagic response.

Some H4 neuroglioma cells increase their basal autophagy after cisplatin
treatment, and after reaching maximum autophagy flux (GFP-LC3 puncta area),
cell death occurs (represented by H2B-RFP degradation). In this case, the cell has
degradation of H2B-RFP combined with accumulation of GFP-LC3 in cytoplasm.
This morphology can be what is referred to as “Autophagic Cell Death” in the
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Fig. 3.28 Time-lapse microscopy of autophagy characterized by GFP-LC3 in a single LCC9 cell
under serum starvation condition
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Fig. 3.29 Time course of GFP-LC3 puncta area fold change in a single LCC9 cell under serum
starvation condition

literature. The lower panel in Fig. 3.33 shows this scenario in a H4 neuroglioma
cell treated with cisplatin. How each of these scenarios happens seems to have an
answer related to the dynamic relationship of autophagy and apoptosis. Measuring
the time courses of autophagic flux and initiation of cell death in a large sample of
single cells would be a useful method to see under what conditions these scenarios
can take place.
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Fig. 3.30 Time course of autophagy characterized by GFP-LC3 puncta area fold change in a single
LCC9 cell under serum starvation condition

Fig. 3.31 Time-lapse microscopy of an LCC9 cell expressing GFP-LC3 under 3-h serum starva-
tion condition

The framework and examples presented in this chapter can be the initial steps
to quantify autophagy as a dynamic response in therapeutic-resistant cancer cells,
such as LCC9 cells, at single-cell level. Because autophagy takes part in evolution
of endocrine-resistance, comparing the kinetic parameters of autophagic response in
resistant and sensitive cells is a key to reveal dynamical determinants of endocrine
resistance in breast cancer.

Autophagy may persist chronically in some cancer cells dealing with special
stress condition (MCF7 cells and serum starvation); hence, we need to use methods
to be able to capture the dynamical features of this response with regard to
mitosis and cell cycle phases, because cell cycle phases affect the autophagy level
[17, 18, 43, 49]. Development of novel quantitative imaging methods based on fixed
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Fig. 3.32 Time course of GFP-LC3 puncta area fold change in a single LCC9 under serum
starvation condition

Fig. 3.33 Morphology of cell death due to autophagy

cells can be used to overcome this issue [26]. The future experimental efforts should
be on high-throughput quantitative analysis and live cell imaging of the interplay
of autophagy and apoptosis in single cells in 3D space. Application of markers
for targets of autophagy such as ER tracker or mitochondrial tracker is helpful in
decoding dynamics of selective autophagy.
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Chapter 4
Conclusions: Future Directions in Systems
Biology of Autophagy

Mathematical models of physiological processes in cells, tissues, and organs can
give integrative insights on how homeostasis is controlled under physiological
conditions at a systems level. Mathematical models can also show how physiologic
functions turn into pathophysiological processes. These mathematical models can
be applied in combination with experimental methods to explain and predict
the behaviors of biological systems [1]. When combined with quantitative and
qualitative experimental methodologies, these models can be used to guide future
experiments [26].

Some examples of how mathematical models have been used in understanding
complex diseases include models for population dynamics of red blood cells
in anemia [18], breast cancer anti-estrogen sensitivity and resistance [26, 34],
combination therapy response in cancer [2, 6], and the immune system responses
in health and disease [14, 19].

Designing in silico models of signaling networks of cellular functions may aid in
drug discovery and in finding optimized therapeutic regimens [3, 10, 11, 20, 35, 41].
In the context of systems pharmacology, the goal is to discover connections among
signaling networks, their dynamics, and the final physiological functions that are
perturbed in diseases such as cancer [3, 7, 30, 32, 33, 35, 41]. Therapeutic resistance
is one of the major challenges in oncology practice and cancer biology [12, 16].
Because the mechanisms leading to drug resistance are very complex (including
interplay of many cellular processes, such as autophagy, UPR, and apoptosis),
quantitative analysis of the signaling networks can help to find novel strategies to
overcome the therapeutic-resistant phenotypes in tumors [26, 34].

We presented a basic mathematical model of the interaction of autophagy and
apoptosis in Chap. 2 and defined an experimental methodology for validation of
the mathematical model in Chap. 3. The model predictions are consistent with
quantitative data available in literature [27, 40], and some of the data presented
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in Chap. 3 shows the same dynamics predicted by the model. A very good example
of validation of the model presented in Chap. 2 is the results from Xu et al. [40] on
time course of autophagic response and cell fate.

Xu et al. [40] have presented some aspects of the dynamics predicted by the
mathematical model described in Chap. 2. The first version of this mathematical
model which carried just basic components of signaling network of autophagy and
apoptosis in breast cancer cells was presented in 2011 [34], when quantitative data
were not available to validate the model predictions. But Xu et al. [40] have taken
a new road to the quantitative study of autophagy and cell fate mediated by it.
The mathematical model presented in Chap. 2, while was developed before the
quantitative data became available, described autophagy to function like a rheostat

In the mathematical model autophagy is induced first to delay and suppress
apoptosis [34]. Xu et al. [40] have found that autophagy induction in response to
different forms of stress is uniformly unimodal compared to the bimodal and all-or-
none dynamics of apoptosis. They have hypothesized that autophagy is a process
which is graded in nature and dynamically is adjusted to keep the homeostasis
of an individual cell or a cell population under stress [40]. They have shown that
starvation and mTOR inhibitors trigger autophagy in a less acute fashion compared
to autophagy induction due to cytotoxic agents. It is somehow physiologically
important for cells to have a more robust and acute autophagic response when the
stress is strong and acute and can threaten the cell survival. From the viewpoint
of the mathematical model presented in Chap. 2, induction of autophagy through
mTOR inhibition (starvation, rapamycin treatment) is less effective and less acute
compared to autophagy induced by cytotoxic or endocrine therapies, because
inhibition of mTOR contributes to autophagosome formation via just one part of
the molecular circuit presented in Figs. 1.2, 1.5, and 2.3, while cytotoxic agents use
the whole network to induce autophagy.

It has been evident that autophagy is a cytoprotective process which postpones
apoptosis. Xu et al. [40] have proved that autophagy induced by cytotoxic agent
(STS) delays apoptosis but cannot fully prevent it. This fact is consistent with the
model predictions presented in Fig. 2.4 indicating autophagy works like a resistor or
rheostat.

Xu et al. [40] have found that very strong stress, such as high dose of STS, long
exposure to STS, or long-term glucose starvation, can decrease autophagy level.
This phenomenon is consistent with the dynamics described by the mathematical
model presented in Chap. 2. When stress is strong, apoptosis is initiated sooner, and,
due to caspase activities and cleavage of Beclin-1, autophagy level decreases. Panel
A in Fig. 2.4 shows that when RPTC cells are treated with higher doses of cisplatin
(such as 24 �M cisplatin), autophagy level comes down faster and autophagic flux
will not reach the level achieved by lower doses of cisplatin (such as 18 �M). It
has been shown that UPR is induced before apoptosis and has a cytoprotective role.
Figure 2.2 summarizes the interaction between UPR, autophagy, and apoptosis. As
a matter of fact, UPR transduces stress signal to autophagy module if it is not
successful to suppress the stress [4, 5, 21, 22, 34]. Xu et al. [40] have observed

compared to the on/off switch (bistable switch) of dynamics of apoptosis.
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that tunicamycin, which triggers UPR, induces autophagic response with a slower
dynamics. From the modeling hypothesis presented in Chap. 2, UPR itself can
inhibit the stress and contribute to cell survival. This observation by Xu et al.
[40] shows that if the stress signal exclusively passes through the UPR module
(tunicamycin treatment), due to prosurvival role of UPR, the signal is attenuated
by the time it is received by the autophagy module.

In general, the dynamic model presented in Chap. 2 can consistently predict
the quantitative data provided by Xu et al. [40]. The experimental framework
presented in Chap. 3 can be used to study the dynamics of autophagic response
in single cancer cells including therapeutic resistant cancer cells such as LCC9 and
LCC2 cells. Some of the time course data provided by this framework is consistent
with predictions of the mathematical model, and more single-cell data using this
experimental setting can help to validate the model and find stress/response curves
and accurate parameter sets for ODEs in different types of cells.

Another step, beyond quantitative imaging of cell lines, is quantitative and
live-cell imaging of signaling pathways and their dynamics in real tumors, which
will provide more realistic data on cancer development and progression. In vivo
imaging of tumor development in animal models and patients gives us realistic
data for understanding its dynamics. Biomolecular imaging techniques such as
positron emission tomography (PET) [15], Magnetic Resonance Imaging (MRI),
and Fluorescence Molecular Tomography (FMT) have been used to track biological
processes like cell death and metastasis in cancer [37, 38]. Recently, imaging
methods to visualize cellular interactions in vivo have been introduced as well [29].
Using novel technologies to quantify the stress responses such as autophagy
in tumors of patients or animal models can give a better understanding of the
interaction of autophagy and apoptosis. Fluorescence Tomography has been used
to image autophagy in the heart in vivo [8] and a GFP-LC3 transgenic mouse has
been used to detect autophagy in a stroke model in vivo [31].

Another step beyond the current mathematical model will be adding signaling
networks of UPR, necrosis, p53 pathway, growth factor signaling, cell cycle, cell
growth, senescence, quiescence, etc. to the current wiring diagram of the model.

Tumor responses to treatment can be best described mathematically by multiscale
modeling. Dynamics of signaling networks in single cells can be connected to
cell population dynamics, contributing to tumor growth or shrinkage using PDEs.
Effects of tumor microenvironment, such as the reverse Warburg effect, can be mod-
eled at a multiscale level. In a multiscale model of tumor response to therapeutics,
cancer stem cells must be considered, because they participate in development of
therapeutic resistance in tumors [9, 17, 28]. On the other hand, stem cells, including
cancer stem cells, have their own mechanisms of cell fate control, and the autophagic
response in stem cells contributes to their “Stemness" [23–25]. Autophagy in stem
cells is a mechanism of development of chemoresistance in cancer [39].

MicroRNAs are an important part of signaling networks controlling cell fate in
cancer cells [36]. For a virtual model of cancer cell, we need to add microRNAs
to mathematical models. For example, autophagic response is controlled by
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microRNAs, and it is necessary to add microRNAs involved in control of autophagy
to the current version of the mathematical model of the interplay of autophagy and
apoptosis [13, 42].
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Chapter 5
Source Code for Dynamic Model of Interplay
Between Autophagy and Apoptosis

For solving the ODEs used for modeling autophagy and apoptosis pathway we used
MatlabR2012. The Matlab source code is provided in this chapter:

The first file contains ODEs and algebraic equations:

%Autophagy Model

function dy = Autophagy_fun(t,y,ka,kda,C,kc,ksb,krb,kra,Gj,Gd,...
Gb,Gt,Gg,Gh,Gl,Gc,sigmaj,sigmad,sigmab,sigmat,sigmag,...
sigmah,sigmal,kcasp,kin,kout,wbec0,wjnk0,wdapk0,wbcl0,...
watg0,wmtor0,wbh0,wjnk_s,wdapk_s,wbec_d,wbcl_j,...
watg_m,wmtor_ca,wbh_ca,wbh_s,BCL2T,IP3RT,BCLmit,CaT)

BECNT = y(1);Atphg = y(2);S = y(3);JNK = y(4); DAPK = y(5);...
BCLP = y(6); mTOR = y(7); Atg13 = y(8);

Ca = y(9);BH3 = y(10); CASP = y(11); BECNP = y(12);
%Soft heaviside function
H=inline(’1/(1+exp(-s*W))’,’W’,’s’);
ustep = @(x) x>=0;%Step Function
astep = @(x) x>0;%Step Function

%Algebric Equations
BCL2U=BCL2T-BCLP;
BECNU=BECNT-BECNP;
LIGtotal=IP3RT+BECNU;
LIGfree= max(0,(LIGtotal-BCL2U));
BECNF=BECNU*LIGfree/LIGtotal;
IP3RF=IP3RT*LIGfree/LIGtotal;

W_D=wdapk0+wdapk_s*S;
W_J=wjnk0+wjnk_s*S ;
W_B=wbcl0+wbcl_j*JNK ;
W_T=wmtor0+wmtor_ca*Ca ;
W_H=wbh0+wbh_ca*Ca+wbh_s*S;
W_G=watg0+watg_m*mTOR ;
W_L=wbec0+wbec_d*DAPK ;
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%ODEs
dy(1)=-kcasp*CASP*BECNT;
dy(2)=ka*(BECNF+BECNP)*Atg13-kda*Atphg;
dy(3)=ksb+C*kc*ustep(t)-(krb+kra*Atphg)*S;
dy(4)=Gj*(H(W_J,sigmaj)-JNK);
dy(5)=Gd*(H(W_D,sigmad)-DAPK);
dy(6)=Gb*(BCL2T*H(W_B,sigmab)-BCLP);
dy(7)=Gt*(H(W_T,sigmat)-mTOR);
dy(8)=Gg*(H(W_G,sigmag)-Atg13);
dy(9)=kout*IP3RF*(CaT-Ca)-kin*Ca;
dy(10)=Gh*(H(W_H,sigmah)-BH3);
dy(11)=Gc*(astep(BH3-BCLmit)-CASP);
dy(12)=Gl*(BECNU*H(W_L,sigmal)-BECNP);%

dy=dy’;

The second file contains parameters and initial conditions:

%Parameters
ka=2;C=0;kda=0.3;
kc=0.25;ksb=0.1;krb=1;kra=10*kda;
Gj=1;Gd=1;Gb=0.5;Gt=1;Gg=1;Gh=0.2;Gc=1;Gl=10;
sigmaj=5;sigmad=10;sigmab=2;sigmat=10;sigmag=4;
sigmah=1;sigmal=1;
kcasp=2.5;kin=1;kout=0.5;
wbec0=-0.3;wjnk0=-0.5;wdapk0=-0.3;wbcl0=-0.8;
watg0=0;wmtor0=2;wbh0=-5;
wjnk_s=0.3;wdapk_s=0.1;
wbec_d=0.2;wbcl_j=1;
watg_m=-1;wmtor_ca=-10;
wbh_ca=11;wbh_s=0.1;
BCL2T=3;IP3RT=1;
CaT=2;
live=0;
LC3II=0;

%Random selection of BCL2mit from a normal distribution
bcl2m_vec=0.1+0.03.*randn(100,1);
for s=1:length(bcl2m_vec)

BCLmit=bcl2m_vec(s);
options = odeset(’RelTol’,1e-12,’AbsTol’,1e-12);
tspan=0:1:24; %For BCL2 Overexpression case: tspan=-10:1:24
BECNT=3;Atphg=0.774;S=0.030;JNK=0.079;DAPK=0.046;BCLP=0.573;
mTOR=0.592;Atg13=0.085;Ca=0.196;BH3=0.055;CASP=0;BECNP=0.898;
y0 = [BECNT Atphg S JNK DAPK BCLP mTOR Atg13 Ca BH3 CASP BECNP];
[t,y] = ode15s(@Autophagy_fun,tspan,y0,options,ka,kda,C,kc,ksb,krb,...

kra,Gj,Gd,Gb,Gt,Gg,Gh,Gl,Gc,sigmaj,sigmad,sigmab,sigmat,sigmag,...
sigmah,sigmal,kcasp,kin,kout,wbec0,wjnk0,wdapk0,wbcl0,watg0,...
wmtor0,wbh0,wjnk_s,wdapk_s,wbec_d,wbcl_j,watg_m,wmtor_ca,...
wbh_ca,wbh_s,BCL2T,IP3RT,BCLmit,CaT);
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LC3II=y(:,2)/0.774+LC3II;
%0.774 is basal level of autophagy for Cisplatin=0

if y(13,11)==0 %Caspase activation at time=12
live=live+1;

end
end
apoptosis=100-live;
B=LC3II(:,1)/100;%Average of LC3II level for 100 Cells/
Simulations
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