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Insights Into Mitochondrial Genetic and Morphologic Dynamics
Gained by Stochastic Simulation

Harsha Karur Rajasimha

ABSTRACT

MtDNA mutations in mammalian cells are implicated in cellular ageing and
encephalomyopathies, although mechanisms involved are not completely
understood. The mitochondrial genetic bottleneck has puzzled biologists for a
long time. Approximate models of genetic bottleneck proposed in the literature do
not accurately model underlying biology. Recent studies indicate mitochondrial
morphology changes during cellular ageing in culture. In particular, the rates of
mitochondrial fission and fusion are shown to be in tight balance, though this rate
decreases with age. Some proteins involved in mitochondrial morphology
maintenance are implicated in apoptosis. Hence, mitochondrial genetic and
morphologic dynamics are critical to the life and death of cells.

By working closely with experimental collaborators and by utilizing data
derived from literature, we have developed stochastic simulation models of
mitochondrial genetic and morphologic dynamics.

Hypotheses from the mitochondrial genetic dynamics model include: (1)
the decay of mtDNA heteroplasmy in blood is exponential and not linear as
reported in literature. (2) Blood heteroplasmy measurements are a good proxy for
the blood stem cell heteroplasmy. (3) By analyzing our simulation results in
tandem with published longitudinal clinical data, we propose for the first time, a
way to correct for the patient’s age in the analysis of heteroplasmy data. (4) We
develop a direct model of the genetic bottleneck process during mouse
embryogenesis. (5) Partitioning of mtDNA into daughter cells during blastocyst
formation and relaxed replication of mtDNA during the exponential growth phase
of primordial germ cells leads to the variation in heteroplasmy inherited by
offspring from the same mother. (6) We develop a “simulation control” for
experimental studies on mtDNA heteroplasmy variation in cell cultures.

Hypothesis from the mitochondrial morphologic dynamics model: (7) A
cell adjusts the mitochondrial fusion rate to compensate for the fluctuations in the
fission rate, but not vice versa. A deterministic model for this control is proposed.

Contributions: extensible simulation models of mitochondrial genetic and
morphologic dynamics to aide in the powerful analysis of published and new
experimental data. Our results have direct relevance to cell biology and clinical
diagnosis. The work also illustrates scientific success by tight integration of
theory with practice.
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Harsha Karur Rajasimha Chapter 1

1 Chapter 1: Introduction

Chapter 1 introduces the general background concepts in biology and simulation relevant
to the dissertation. In particular, the chapter introduces basic mitochondrial biology,
mitochondrial DNA (mtDNA) dynamics and its clinical relevance, mitochondrial
morphologic dynamics, and the general simulation philosophy. Concepts relevant only to
a specific chapter are covered in the introductory section of that chapter.

1.1 Section 1.1: Mitochondrial biology

Mitochondria Structural Features

Inner
Membrane

QOuter
Membrane

Figure 1 .
http:/imicro.magnet.fsu.edu/

Figure 1: The fine structure of a mitochondrion. Reproduced with permission from Dr. Michael W.
Davidson.

Mitochondria are known to be key cellular organelles responsible for central
metabolism and energy production in mammalian cells. Mitochondria are now known to
also play a role in catabolism of fatty acids, citric acid cycle, nitrogen metabolism, amino
acid metabolism, part of urea cycle, inheritance and segregation of mtDNA, apoptosis,
ageing, cancer, and other cellular processes and diseases [1, 2]. The typical textbook
structure of a mitochondrion resembles a slipper with the mitochondrial matrix enclosed
by inner and outer membranes (Figure 1). The two membranes are separated by an inter-
membrane space. The inner mitochondrial membrane convolutes into the matrix to form
what are called cristae. The outer and inner mitochondrial membranes are connected at
several points called contact sites [3, 4]. Reichert and Neupert [3], provide an excellent
review of the different kinds of contact sites and their known roles. Despite being an
important cellular organelle, a lot of open questions are yet to be answered about
mitochondrial ~ genetics, morphology and function. Recently, mitochondrial
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compartmentalization, mitochondrial dynamic networks, intermembrane bridges, their
contacts with endoplasmic reticulum, and mtDNA segregation patterns have been
microscopically observed [4]. The elucidation of a variety of mitochondrial diseases and
a central role for mitochondria in apoptosis have revived interest in the organelle in the
late 1990s [1, 5, 6].

1.2 Section 1.2: Mitochondrial genetics

Mitochondria have their own copy of DNA (mtDNA) [7, 8], separate from the
organism’s genome, the nuclear DNA. Mitochondria, and hence mtDNA are almost
entirely maternally inherited [7, 9-11]. Evolutionary analysis of mtDNA strongly
supports the idea that mitochondria originated in evolution as prokaryotic endosymbionts,
whose closest contemporaries are purple photosynthetic bacteria [12]. The human
mtDNA is a tightly packed 16,569 bp circular loop encoding for 13 polypeptides, 22
tRNAs, and 2 rRNAs [13]. Almost all of the ~16 kbp mtDNA sequence is coding DNA
with a very high gene density compared to the nuclear DNA [13]. MtDNA encodes for
several protein subunits of the protein complexes critical to energy production by the
electron transport chain. MtDNA and nuclear DNA work in close coordination to encode
the protein complex subunits involved in energy production and other cellular functions
[14]. This is enforced by evidence from Moraes, et al. [15-17] that mitochondria from
one mammalian species are generally incompatible with the nuclear genome of the other.
The mechanisms and the extent of this coordination are not completely understood.

Typically, a human mitochondrion contains 2-10 mtDNA molecules in its matrix
and there are several hundreds to thousands of mitochondria in a cell. Hence, a human
cell may contain several thousand copies of mtDNA, a state called polyploidy. Under
certain conditions, groups of a certain number of mtDNA molecules form protein-DNA
complexes called nucleoids. It is not clear whether mtDNA segregate as individual
molecules or as groups of mtDNA compartmentalized into nucleoids or mitochondria
during cell division. The number of mtDNA in a cell correlates with the energy needs of
the particular cell type. For example, muscular and neuronal cells require more
mitochondria for their higher energy needs compared to skin cells. The mtDNA copy
number can vary from about a couple hundred in skin cells up to 100,000 cells in primary
oocytes. Moraes, et al. [17-19] study the factors controlling mtDNA copy number in cells
and suggest the idea that shorter mtDNA molecules (mtDNA with large deletions, e.g.
Skb deletion) replicate and repopulate the cell faster compared to the full-length mtDNA.
They propose that mtDNA sequence and length contribute more towards mtDNA
maintenance than do their functional responsibilities. A cell needs to replicate mtDNA to
compensate for the loss of mtDNA due to degradation and due to mtDNA segregation
during cell divisions. However, not all mtDNA are replicating simultaneously. Rather,
each mtDNA replicates independently of other mtDNA in the cell. Hence the replication
process is defined as relaxed replication of mtDNA [20].
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Figure 2 taken from MITOMAP [21], shows the popular picture of human mtDNA
with some of the known pathogenic mutations marked on it [22]. These pathogenic
mutations are shown to cause loss of cellular function, neurodegenerative, and muscular
diseases [1, 6, 23]. An exhaustive listing of all known encephalomyopathies caused by
mutations in mtDNA genes is tabulated by Servidei [24]. Kujoth, et al. [23] present the
idea of ““accelerated ageing” in mice with mutant mtDNA polymerase that accumulate
mtDNA mutations and die at an early age. Interpretations in the study have sparked
criticisms and discussions [25, 26] in the literature. Pathogenic mtDNA mutations are
thus of great importance. Since many of the disease-causing mtDNA mutations are
maternally transmitted over generations, it is critical to understand the mechanisms
controlling mtDNA segregation not only in somatic cells but also in germ line cells.
Improved understanding of mtDNA segregation can assist in providing proper
reproductive counseling to women carrying heteroplasmic mtDNA [11, 27].

DEAF 1555G NDE‘S/'
MELAS 3243G LHON 14484C /‘

LHON 14459A NDS

NDA1
LHON 3460A

LHON 11778A

ND2

NARP 8993G/C

MERRF 8344G \

]

http:ifwanw. mi org/MITOMAP/mi pdf ATPase8
Copyright 2002 @ Mitomap.org

5 kb deletion
KSS

Figure 2: Image of human mitochondrial DNA (mtDNA) of length 16,569 bp, with some pathogenic
mutations marked on it. Picture is reproduced with permission from MITOMAP [21].

Individuals harboring pathogenic mutations in their mtDNA typically have a
mixture of mutant and wild-type mtDNA in each cell, a condition called heteroplasmy
[28]. A heteroplasmic cell can function normally until a certain threshold heteroplasmy
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level is reached, beyond which cell function is compromised [29-35]. This threshold level
depends on the particular mutation and can vary from 60% to 95% (Table 1). High
penetrance mutations are defined as those mtDNA mutations that can cause disease
phenotypes or symptoms consistently above a certain threshold heteroplasmy in an
individual. An example of a high penetrance mutation is the most common MELAS
(mitochondrial encephalomyopathy, lactic acidosis and stroke) mutation 3243A>G
(OMIM # 590050.0001) [36, 37]. Low penetrance mutations may not always show
disease phenotypes even when an individual is homoplasmic to a certain mtDNA
mutation. An example for low penetrance mutation is the MERRF (Myoclonus Epilepsy
associated with Ragged-Red Fibers) mutation 8344A>G (OMIM # 590060.0001).

Table 1: Some of the mtDNA mutations and their threshold derived from literature. The table draws
the link between simulation and reality. The only change we do to our model to simulate a mutation
is setting the threshold for loss of cell function derived from literature. Note that for certain
mutations, the heteroplasmy threshold for cell death may vary among individuals.

MtDNA Heteroplasmy Tissue In vivo or | Reference
mutation Threshold in vitro
(%)
Cultured In vitro [38]

LHON 60 Fibroblasts
3460G>A
MELAS Osteosarcoma In vitro [30]
3243A>G 95 cell cybrids
MERRF Skeletal muscle NA [32]
8344A>G 95.3-97.7
NARP 90 NA NA [34]
8993T>G
LHON 90 Blood In vivo [29, 39]
11778G>A

LHON: Leber’s Hereditary Optic Neuropathy;
NARP: Neuropathy, Ataxia and Retinitis Pigmentosa.

The level of heteroplasmy can vary across cells within a single tissue [40-42], and
can vary across tissues in an individual [43-46]. A general pattern to this tissue variation
can be deciphered in the most commonly reported mtDNA mutation, 3243A>G. The
level of heteroplasmy for this MELAS mutation is lower in dividing cell types than it is in
long-lived post-mitotic cells in the same individual. The extent of this tissue variation
depends on the particular mutation. Specifically, the 3243A>G mtDNA mutation
heteroplasmy measured in blood samples are almost always lower than those determined
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from muscle biopsies [44, 47]. For some mtDNA mutations, particularly 8993T>G or C,
the heteroplasmy is usually fairly uniform across tissue types [48].

1.3 Section 1.3: MtDNA mutations and ageing

The role of mtDNA mutations in human ageing [49] has been a topic of research for
several decades. Two theories emerge from the literature on this subject. The error
cascade theory is based on the assumption that mtDNA mutations disrupt the energy
production by the electron transport chain. This disruption subjects the electrons to
increased probability of being diverted to reactive oxygen species (ROS) production.
ROS are highly reactive species that can react with a wide variety of chemicals including
the nucleotide makeup of DNA causing new mutations in mtDNA. Orrenius [50]
provides a good review on the harmful effects of ROS in the cell. This increases the rate
of mtDNA mutation resulting in a vicious cycle of increasing ROS production and
increasing mtDNA mutations. Although the error cascade theory is reasonable in
explaining the accumulation of different mtDNA mutations in the cell, there is doubt that
this process plays a significant role in ageing. This is because the error cascade process
results in various different mtDNA mutations in the mtDNA of a single cell. However, in
elderly cells, a large number of copies of mtDNA with the same mutation are generally
found, not the wide range of different mtDNA mutations that would result from the error
cascade process [51].

The clonal expansion theory presumes that a single mutation event is responsible
for all of the identical copies of mutated mtDNA molecules found in older cells. This
may be merely due to random genetic drift or due to selection. As a result, other acquired
mtDNA mutations that may occur are eventually lost due to selection or random genetic
drift. One question of interest here is whether random genetic drift is enough to explain
the clonal expansion of mutant human mtDNA in a typical population of about 1000
mtDNA per cell, within a realistic timescale of less than 100 years.

1.4 Section 1.4: Mitochondrial morphology

Mitochondria are dynamic cellular organelles that move in the cytoplasm and undergo
frequent fission and fusion [52, 53]. Mitochondrial movement, fusion, and fission have
been extensively reported and reviewed in various eukaryotes ranging from yeast to
humans [4, 52, 54-62]. Mitochondrial morphology, motility, and distribution depend on
the actin and myosin cytoskeleton and related motors in yeast [54, 63, 64]. Typically,
mitochondria form about 15-22% of the cell volume. In somatic cells, the ratio of nucleo-
cytoplasm and mitochondria remains approximately constant [65, 66]. Mitochondrial
morphologic aspects also depend on cell cycle phase, tissue, and affect the accumulation
of mtDNA mutations [67]. Cell cycle linked mitochondrial morphologic dynamics are
reported in yeast [54, 63]. Arakaki, et al. [68] report that mitochondria appear small and
fragmented in early G1 phase but appear bigger and reticular in G1/S phase in HeLa
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cells. This is conflicting with Margineantu [69] who report reticular mitochondria in G1
phase and fragmented peri-nuclear mitochondria in S phase of osteosarcoma 143b cells in
culture. Hermann and Shaw [54] report studies on mutations that affect mitochondrial
morphology and inheritance in temperature sensitive yeast at 37°C. The study
demonstrates the importance of the distribution of mitochondria between daughter cells
during yeast cell division. Although some of the protein machinery involved in
mitochondrial dynamics is highly conserved, the mitochondrial system is complicated
and varies across species. We are mainly concerned with human mitochondria in this
study.

There is growing evidence in the literature that mitochondrial function is closely
linked with its morphology [70, 71]. There are several aspects of mitochondria that affect
its morphology and hence its function in the cell. One aspect is the size or mass
distribution for mitochondria in a cell. The total mitochondrial mass in a cell is fairly
stable with slight increase with age [72-75]. Second aspect is the mitochondrial inner
membrane potential. This potential is shown to be necessary for mitochondrial fission
and fusion [57, 71, 76, 77]. Studies [78, 79] of the changes in mitochondrial membrane
potential suggest the existence of underlying transient electrically coupled mitochondrial
network. Another aspect of mitochondria is the oxidative damage accumulating in them
over time. The reason for the accumulation of damaged mitochondria in older cells is not

clear. The prevailing theory is the Lysosomal-Axis theory of ageing described in Section
1.5.

Figure 3 shows a pictorial representation of the mitochondrial morphologic
dynamics. Mitochondria in three polarization states are depicted. The dark green
mitochondria are the polarized ones. The majority of mitochondria in a healthy young
cell are in a polarized state, meaning that their inner membrane potential is intact. The
light green mitochondria are depolarized mitochondria. Depolarization in mitochondria is
shown to be reversible [79]. However, some mitochondria in older cells appear to lose all
their membrane potential, do not participate in fusion or fission events, swell and cease to
function. Such mitochondria are said to have zero polarization (red colored) and are good
candidates for lysosomal degradation. Figure 3 shows the fission and fusion events
occurring only in polarized mitochondria. The following sections describe in greater
detail, what is known about mitochondrial morphologic dynamics.
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Figure 3: Diagrammatic representation of the mitochondrial morphologic dynamics. Mitochondria of
different masses and polarization states are shown. Mitochondrial morphologic events fusion, fission
and degradation are depicted. MtDNA are not modeled. (Note: this figure is intended for illustration
purposes only and is not drawn to scale).

1.4.1 Mitochondrial motility

Typically, mitochondria do not move freely in the cytoplasm, but rather strictly along the
cytoskeleton using actin and myosin motors [65, 80-82]. The polarity of the specific
motor on which the mitochondria are riding determines the direction of their motion.
Characterization of a signal for energy requirement and its effects on mitochondrial
movement can establish the concerted mitochondrial motion, or lack thereof. It is not
clear whether mitochondria form a single population or many based on morphologic
criteria, differing fate, or genetic differences. Mitochondria are generally assumed to be
distributed across the cytoplasm as a single dynamic population [83]. Mitochondrial
localization is shown to vary depending on the cell type and energy requirements [84].
There are strict spatial and functional requirements for mitochondria in neurons [85].
Peripheral mitochondria tend to have high membrane potential but peri-nuclear
mitochondria have lower membrane potential due to the lesser availability of O, [86].
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1.4.2 Mitochondrial growth, damage, and degradation

A cell cannot synthesize mitochondria de novo. Mitochondria have to be inherited
maternally and mitochondrial biogenesis or growth mainly relies on protein import
(matrix expansion) and marginally on mtDNA transcription [65]. Mitochondrial growth
is coordinated with cell cycle, with mitochondrial mass approximately doubling before
cell division [69, 87].

Mitochondria are also major sources of reactive oxygen species (ROS). Since
ROS can readily react with almost any entity, they cause damage by reacting with
mtDNA and proteins in the mitochondria (error cascade theory, Section 1.3). Due to
ROS, mtDNA are at risk of pathogenic mutations or degradation. Polarized mitochondria
are more active (or functional) and are hence capable of undergoing more damage than
depolarized mitochondria. Efficient fusion of mitochondria has been shown to slow down
the process of damage accumulation due to rescue of damaged mitochondria by fusion
with healthy mitochondria [76, 88].

Damaged mitochondria are degraded or eaten up by the lysosomes in the cell.
Lysosomes are efficient in degrading small damaged mitochondria. But, it is proposed
that larger mitochondria are not easily degradable by lysosomes [89] implying fission is
critical for recycling of (smaller) damaged mitochondria [90]. This also suggests that
there is a threshold size for mitochondria to get degraded [91]. Artificially blocking
mitochondrial degradation accelerates accumulation of damaged mitochondria [75].

1.4.3 Mitochondrial fission

Mitochondria undergo rapid fission in 3-10 seconds [65, 81]. Bereiter-Hahn and Voth
[65], report about 40 fission events per hour per about 100 mitochondria which
approximates to about 1 fission event occurring every 1.5 minute in mammalian cells
[65]. Blocking fission (e.g., by mutating the Drpl protein required for mitochondrial
fission) blocks the collapse of membrane potential [71]. It is generally assumed that
mitochondrial inner membrane potential is required for fission, though there is no direct
evidence to support this.

1.4.4 Mitochondrial fusion

Mitochondria fuse together rapidly in a matter of 3-10 seconds [65, 81]. Bereiter-Hahn
and Voth [65], report about 40 fusion events per hour per about 100 mitochondria which
reduces to about 1 fusion event occurring every 1.5 minute in mammalian cells [65].
Fusion achieves complete mixing of the two mitochondrial matrices in about 12 hours in
human cells. However, not every fusion attempt is successful in mixing matrices.
Mitochondria have been observed to successfully fuse after several failed attempts [65,
79]. Sequences of fission and fusion at the same site are common. Mitochondrial fusion
has been observed at outer and inner membrane contact sites that exhibit high electron
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density [65]. Since several contact sites are located along the mitochondrial periphery, it
is still not clear where exactly mitochondrial fusion occurs. Some evidences support the
idea that fusion occurs only at specific contact sites on the mitochondrial surface [3].
Mitochondrial fusion requires inner membrane potential on both fusing mitochondria [57,
71, 77]. Depolarization of mitochondrial inner membrane blocks inner membrane fusion
only, but not outer membrane fusion in human cells [92]. Blocking mitochondrial fusion
results in several smaller dysfunctional mitochondria [93]. Maintenance of mitochondrial
morphology is tightly linked with mitochondrial function [70]. Mutation in fusion genes
are shown to cause diseases [85, 94]. Hence, fusion is required for maintaining both the
structure and function of mitochondria.

1.4.5 Mitochondrial morphology during cell division

It is not clearly known how mitochondria are segregated during cell division to daughter
cells. In budding yeast, there is evidence [95] that mitochondria are almost equally
divided between the mother and bud controlled by actin dependent processes.

1.5 Section 1.5: Mitochondrial morphology and ageing

A balance in the mitochondrial fission and fusion events, maintained by complex protein
machinery, is critical for their normal functioning and morphology maintenance [96].
Jendrach, et al. [55] show the tight balance between fusion and fission events and how
this balance decreases with age. The authors [97] report (Figure 4) higher rates of fusion
and fission events in young human proliferative cells (2.16 and 2.19 /10 min/10 um’
respectively) in culture. With ageing cells, tight balance in the rates of fusion and fission
is still maintained, but at a much lower rate (0.34 /10 min/10 pmz). Jendrach, et al. [55]
also report mitochondrial morphologic changes and cristae remodeling in ageing cells. In
young proliferative cells in culture, they observe numerous, well structured mitochondria
with clearly visible cristae. But with ageing in culture, the cristae undergo remodeling,
are degenerate and are barely visible with some mitochondria even showing swollen
regions [97]. Various studies [51, 73, 98-108] confirm the ageing related mitochondrial
morphologic changes.

An emerging theory to explain the mitochondrial morphologic changes associated
with ageing is the mitochondrial-lysosomal axis theory of ageing [109]. The theory states
that large, damaged mitochondria are formed during cellular ageing either due to defects
or inefficiency in fusion and fission of mitochondria or due to defects in the autophagy
machinery. Lysosomes are unable to break down and degrade these large mitochondria.
Hence, accumulation of such large, damaged, and depolarized mitochondria leads to
cellular ageing. This theory is still being tested [110] and faces the criticism that mitotic
activity protects cells from death induced by inhibition of autophagy. Hence, it is
important to unravel the mechanisms of mitochondrial morphologic degeneration during
ageing. Another intriguing question here is, whether mitochondrial morphology
degeneration causes ageing or if it is an effect of the ageing process?
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Figure 4: Fission and fusion rates of mitochondria during cellular ageing in culture (Reproduced
with permission from Jendrach, et al. [111]). Proliferating cells in the figure refer to young and
differentiating cells in culture while the post-mitotic cells refer to old (~4 months) non-dividing cells
in culture.

1.6 Section 1.6: Mitochondrial fission and fusion
machinery

The rates of mitochondrial fission and fusion are tightly coupled in human cells [97].
Increased fission or decreased fusion results in fragmented mitochondria [112] whereas
increased fusion or decreased fission results in elongated mitochondria [112]. Increased
mitochondrial fragmentation causes a decrease in the mitochondrial inner membrane
potential [112]. Whether this decrease in membrane potential is reversible or if it is an
irreversible loss of membrane potential is still not clear. It is proposed [77] that slight
changes in inner membrane potential could serve to fine-tune fusion rates. These
observations suggest that complex protein machinery and signaling mechanisms are
involved in mitochondrial fission and fusion events. Several proteins are being identified
and implicated a role in fission and fusion machinery [96, 113-115]. The details of the
roles of all these proteins [116] involved in mitochondrial morphology are beyond the
focus of this study. However, two highly conserved proteins in this machinery deserve
mention: a dynamin related protein (Dnml) that is shown to have a direct mechanistic
role in mitochondrial fission [117-119] and a fuzzy onion protein (Fzol) implicated a
definitive role in fusion [120].
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Figure 5 shows the mutant phenotypes for ADnml and AFzol proteins [60]. With
the 4Dnml, fission is blocked, and mitochondria assume a mesh like network structure.
On the other hand, with the AFzol, mitochondrial fusion is blocked, and mitochondria
assume a split mitochondrial network. Dnml and Fzol are thus implicated as key
proteins required for fission and fusion events to occur respectively. Interestingly, the
ADnml and AFzol phenotypes correspond to the phenotypes in exponential and
stationary phases of the budding yeast cell cycle respectively [60]. This is counter-
intuitive because, we would expect a split mitochondrial phenotype during the phase
when a cell is dividing, thereby enabling efficient distribution of mitochondria between
daughter cells. One of the questions to answer is why do cells need to shift between the
two mitochondrial morphologies? How does this happen in relation to cell cycle?

There is growing evidence [23, 96, 100, 107, 114, 121-162] in literature about the
possible roles of mitochondrial morphologic dynamics in apoptosis or programmed cell
death. Recent studies [163, 164] have confirmed a definite role, though controversial, for
mitochondrial fission in apoptosis. Youle [165], Karbowski [166], Oakes [123],
Perfettini, et al. [167] and Scorrano [125], provide their perspectives and hypotheses on
how mitochondrial fission and fusion may mediate apoptosis. There is no clear message
emerging on this role right now. Hence, an understanding of how mammalian cells
control mitochondrial morphology can have far reaching implications for cancer research,
ageing and death of an organism.

Fission

dnmiA

Fusion

TRENDS in Cell Binlogy

Figure 5: Mutant phenotypes of mitochondrial morphology for the ADnm1 and 4Fzol mutants [60].
This figure is reproduced with permission from Dr. Jodi Nunnari [168].
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1.7 Section 1.7: Simulation and experimental interplay

Modeling and simulation is becoming an effective and integral tool for the experimental
life sciences. Not only an increasing number of laboratory experiments are including
simulation based controls in their study, but also simulation is starting to substitute as in
silico experimentation [169]. Certain scientific experiments may not be practical in time
and space to conduct in the laboratory in one’s lifetime. Simulation can be a good
alternative in providing approximate predictions in such cases. However, simulation
models may not be useful if they are not developed with due consideration to the model’s
purpose and by utilizing available experimental data to drive the modeling. Building
valid and scientifically useful simulation models is as much an art as it is science. The
process involves learning from trial and error and needs to be incremental and iterative. It
is both a necessary pre-requisite and a desired outcome to thoroughly understand the
system to be modeled. A delicate balance is needed to define the boundary of the system
to be modeled by avoiding unnecessary details and not ignoring relevant mechanisms and
parameters.

1.8 Section 1.8: Cellular simulation initiatives from
literature

Novel simulation-based research initiatives in mitochondria and cell biology are recently
reported [170-173]. Most simulation efforts in biology are based on continuous modeling
of a number of linked metabolic reactions grouped into pathways or a set of periodic
cellular events such as those occurring in cell cycle. Examples include the mathematical
model of cell division cycle in fission yeast developed at the Tyson laboratory [174-176].
Djafarzadeh, et al. [173] model the metabolic pathways in mitochondria using the DEVS
formalisms [177] and the CD++ toolkit [173] for defining discrete event models. The
Coller, et al. [178, 179] team at Harvard is actively pursuing research to understand
mtDNA heteroplasmy and mutant homoplasmy in stem cells and tumors with a very
similar computer modeling approach as ours. Reder [180] has proposed models to study
the evolution of mitochondrial genetic state of a cell culture. We believe that the methods
we develop here are computationally efficient in our software design enabling us to
simulate much larger mtDNA numbers in many more cells over much larger time scales.
Aimar-Beurton, et al. [181] aim to apply high-throughput experimental methods
developed in genomics to construct complete metabolic maps of mitochondria from
sequenced eukaryotic genomes. The authors plan to utilize such genome scale data to
develop virtual mitochondria to eventually include as a module in a virtual cell.
Takahashi, et al. [182] develop the E-CELL System: an open source software platform
for modeling, simulation and mathematical analysis of the cell. Yugi and Tomita 2004
[183] develop kinetic models of metabolic pathways in mitochondria to study the
pathological analyses of mitochondrial diseases. Whole cell simulation is a grand
challenge both from the software engineering perspective [172] and the biological
perspective. We believe that such endeavors will bear fruit only after smaller subsystems
of the cellular system are well understood, the bottom-up approach. We hope that our
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simulation models of mitochondria take us a step forward in the direction of achieving
this grand goal. Here, we model the effects of genetic and physical events on cell fate
using object-oriented design and implementation in C++.

1.9 Section 1.9: Insights gained or hypotheses arising
from the simulations

In this section, we list the key contributions (or results or hypotheses or insights) from the
dissertation. The detailed and integrative analyses of simulation and experimental data
that lead us into these hypotheses are presented in Chapters 4, 5, and 7. Analyses leading
to hypotheses 1, 2, and 3 are to appear in peer reviewed journals [184-186].

Hypothesis 1

Decay of mutant mtDNA proportion in hematopoietic stem cells is exponential [184,
185]. (Refer Section 4.5).

Hypothesis 2

The hematopoietic progenitor cell expansion process that forms mature blood cells does
not significantly alter the mean mtDNA heteroplasmy compared to the exponential decay
of heteroplasmy in the stem cell population over long time scales [184, 185].

(Refer Section 4.5).

Corollary 1 to Hypothesis 2

Mean mtDNA heteroplasmy measurement in peripheral blood is a good approximation
for the mean heteroplasmy level in the hematopoietic stem cell population [184, 185].
(Refer Section 4.5).

Corollary 2 to Hypothesis 2

MtDNA selection occurs at the stem cell population level and not at the progenitor cell
expansion level. Random genetic drift and selection at the cellular level together play a
role in the exponential decay of the average blood heteroplasmy [184, 185].

(Refer Section 4.5).

Hypothesis 3
Partitioning of mtDNA molecules into different cells pre- and post-implantation with
blocked mtDNA replication, followed by segregation of mtDNA between proliferating

primordial germ cells with resumption of mtDNA replication explains the mitochondrial
genetic bottleneck puzzle [186].
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(Refer Section 5.3).
Hypothesis 4

The mitochondrial genetic dynamics model can be applied to study mtDNA segregation
during growth of cell cultures.
(Refer Chapter 6).

Hypothesis 5

A mammalian cell controls mitochondrial morphology by controlling the rate of fission,
the rate of fusion, or both. By altering the rate of fission, the cell can force the desired
change in the rate of fusion. But the cell cannot control the rate of fission by altering the
rate of fusion. This control mechanism can be described by a deterministic model.

(Refer Chapter 7).
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2 Chapter 2: Research Focus

Chapter 1 provided an introduction to mitochondrial genetic and morphologic dynamics
and set the stage for general research in the area. Chapter 2 motivates the specific
research questions addressed in or relevant to the dissertation. Mutations in mtDNA are
implicated in several encephalomyopathies and the protein machinery involved in
mitochondrial morphology maintenance is also shown to play a role in apoptosis or
programmed cell death. Hence, mitochondrial genetic and morphologic dynamics are
critical to the life and death of cells.

2.1 Mitochondrial genetics

Chapter 1 provided literature references to the fact that mtDNA plays a critical role in the
normal functioning of a cell and that mutations in mtDNA are implicated in several
encephalomyopathies. Mitochondrial disease symptoms are visible only for heteroplasmy
levels above a certain threshold (Table 1). Since mtDNA segregation patterns determine
the heteroplasmy level in a cell, and because mtDNA are primarily maternally inherited,
a clear understanding of mtDNA heteroplasmy segregation is needed not only in somatic
cells but also in germ line cells.

2.1.1 Decay of mtDNA heteroplasmy in blood

Longitudinal clinical studies for the 3243A>G MELAS mtDNA mutation suggest
that heteroplasmy levels in blood tend to slowly decrease over time [187-189]. Most of
this data is based upon pairs of blood sample measurements separated by several years.
These studies report a 0.5 to 2% decrease in heteroplasmy per year. Chinnery, et al. [190]
suggest that this decrease occurs due to selection at the cellular level. However, it is not
clear whether the selection occurs in the blood stem cell population or the proliferating
and differentiating blood precursor cells. Hence, an answer to this question can help
clinicians in the diagnosis of mitochondrial diseases.

Which cell type contributes more to the decay of mtDNA heteroplasmy in adult human
blood? Is it the heteroplasmy changes in blood stem cells or the changes in
proliferating and differentiating blood precursor cells?

To answer this question, we develop two separate simulations (Chapter 4) to
understand the changes in heteroplasmy levels in blood. The first simulation models the
heteroplasmy changes in the blood stem cell population and the second simulation
models the heteroplasmy changes in the blood precursor cells. We show from our
analysis of the simulation output data that heteroplasmy changes in the stem cell
population significantly contribute to the decay of mean blood heteroplasmy and that the
contribution of heteroplasmy changes in precursor cells is negligible. Meaning, selection
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against mutant mtDNA occurs in the stem cell population and not significantly in the
blood precursor cell population.

Since adult hematopoietic stem cells form the precursors of peripheral blood, we
can answer a related question,

Can we predict the average mtDNA heteroplasmy for the 3243A>G mutation in adult
human blood stem cells, given the average heteroplasmy in peripheral blood?

From our findings (Chapter 4), we hypothesize that heteroplasmy measurement in
peripheral blood can serve as a good approximation to those in the stem cell population.

The longitudinal studies of 3243A>G MELAS mutation [187-189] have a
limitation. They report 0.5 to 2% decrease in heteroplasmy per year based on blood
heteroplasmy measurements in subjects at two different ages. This limited data suggest a
linear decrease in heteroplasmy with age. Since many functions may appear as linear
when analyzed within a narrow time range, we should look at this decrease over larger
time scales. This raises the question,

Is the decay of blood mtDNA heteroplasmy for 3243A>G mutation linear as reported in
the literature?

Our simulation-based collective analysis of old and new clinical data (Chapter 4)
from literature shows that the decrease in the rate of heteroplasmy actually follows an
exponential function and is not linear as presumed in literature.

Are the results for 3243A>G MELAS mutation also applicable to all mtDNA
mutations?

Our analysis indicates that the results we obtain based on the analysis of clinical
data for 3243A>G mutation but not for low penetrance mutations such as the 8344A>G
MERRF mutation or any of the LHON mutations (Chapter 4).

2.1.2 Mitochondrial genetic bottleneck

Mammalian mtDNA is primarily maternally inherited. Heteroplasmic females transmit
varying proportion of mutant mtDNA to their offspring. In humans with mtDNA
disorders, there is evidence that disease severity correlates with the proportion of mutant
mtDNA inherited from mother. Despite the high mtDNA copy number (10%) in mature
oocytes and the relatively small number of cell divisions in the female germ line, mtDNA
genotypes segregate rapidly between generations [191]. Drastic changes in heteroplasmy
levels can occur in a single generation. The general explanation for this variability is that
only a very small number of mtDNA molecules per cell are passed on to the next
generation during embryogenesis. This is termed as the bottleneck. Some important
questions concerning the bottleneck are,
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What is the size of the mitochondrial genetic bottleneck?

Earlier reports[192-194] based on complete switching in a single generation in
cattle indicate that the bottleneck size can be as low as a 1 — 10 mtDNA molecules.
Jenuth, et al. [191] estimate the genetic bottleneck size in murine models to be ~200
mtDNA molecules. However, they base this estimation on an approximate model of the
bottleneck process explained in Chapter 5. We develop a direct model of the biological
process leading to genetic bottleneck by working closely with experimental collaborators
to estimate the bottleneck size.

What is the mechanism by which mammalian offspring from the same mother inherit
dramatically variable levels of mtDNA heteroplasmy?

Based on our model of mtDNA dynamics in the mouse embryo during pre- and
post-implantation, we show that the partitioning of non-replicating mtDNA into daughter
cells during pre-implantation blastocyst formation and the exponential growth of
primordial germ cells with the resumption of mtDNA replication is responsible for the
variation in heteroplasmy transmitted to offspring by the heteroplasmic female mice.
Values for our simulation parameters are derived from literature. The model clarifies the
mechanism for rapid heteroplasmy shifts during mammalian embryogenesis (Chapter 5).
These results have implications for pre-implantation genetic diagnosis for pregnant
women carrying mtDNA mutations [195].

A related question is:

Do mtDNA segregate as individual molecules or as groups of mtDNA (nucleoids or
mitochondria)?

Our experimental collaborators observe rapid changes in the heteroplasmy levels
during the expansion of cells in cell cultures in the laboratory. We develop control
simulations (Chapter 6) to test the hypothesis that mutant and wild-type mtDNA
segregate individually to daughter cells with equal probability during cell division.

2.2 Mitochondrial morphology

2.2.1 Cell’s control of mitochondrial fission and fusion rates

Recent literature [97] suggests that the rates of mitochondrial fission and fusion
are strongly coupled. The rates of fission and fusion events are balanced at a much higher
rate of occurrence in young proliferative cells in culture but the rates decrease
significantly in old post-mitotic cells in culture, though the balance between fission and
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fusion rates is maintained during ageing [97]. However, it is not clear how the cell
controls the balance between the rates of fission and fusion events. Since changes in
mitochondrial morphology have been implicated in ageing and apoptosis, it is important
to understand how the cell controls mitochondrial morphology. Specifically, we need to
understand the control mechanism by which the cell maintains the balance in fission and
fusion rates.

How does the cell control the balance in the rates of mitochondrial fission and fusion
events?

We develop a stochastic simulation model and a deterministic model of the
mitochondrial morphologic dynamics by utilizing experimental data. Based on our
analysis, we hypothesize that the cell controls the mitochondrial morphology by
controlling the rate of fission.

A related question of interest is:

Why the balance in fission and fusion rates decreases with cellular ageing in culture?
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3 Chapter 3: Research Methods

Chapter 3 introduces the general research approach to this study. The chapter describes
the role of modeling and simulation as a discipline and tool in this research. It then
presents the basic models and algorithms developed or borrowed from literature to
simulate the basic cellular processes affecting mtDNA heteroplasmy and mitochondrial
morphology. The models presented here are referred by the scientific models described in
Chapters 4, 5, 6, and 7.

3.1 Section 3.1: Introduction

There is an enormous amount of published experimental data in the literature related to
mitochondrial genetic and morphologic dynamics. This resource is, at best, only partially
utilized, analyzed and applied in arriving at scientific conclusions. Our general
philosophy is to utilize this data to develop predictive simulation models to hypothesize
the mechanisms that underlie biology and to arrive at useful biological and clinical
conclusions. This is especially illustrated in Chapter 4 where we analyze a large pool of
clinical data based on the theoretical limit we computed from our simulations. The
approach is to develop computational models of the biological subsystems by utilizing
experimental data from literature and collaborators. While choosing the boundaries of the
subsystem to model, we limit ourselves to those components that have good literature
references. After verification and validation, we apply the models to answer specific
scientific questions of interest. We highlight an instance where simulation based analysis
leads to uncovering an experimental error in Chapter 4.

Balci [196] and Sargent [197] offer different perspectives on modeling
methodologies. While we do not directly use a specific methodology from literature, the
simulation model is developed with due consideration of the methodology and conceptual
framework. Iterative enhancement with incremental builds constitutes the methodology
of model development. We incrementally program and test individual subroutines such as
random number generation and the required probability distributions. The algorithm used
to generate a uniform random number taken from the book “Numerical Recipes in C”
[198] is originally proposed by Park and Miller [199]. The subroutines for generating a
Poisson distribution and binomial distribution are also taken from the same source. All
these subroutines are implemented as ‘C’ functions and included in a header file. A
Poisson distribution is used to choose the number of wild-type and mutant type mtDNA
to be degraded during each time step. A binomial distribution is used to choose the
number of wild-type and mutant-type mtDNA to be copied during a time step based on
the current numbers in the cell.

Two of the popular modeling methods in practice are discrete and continuous

modeling. Most published experimental data are measured at discrete time intervals
rather than continuously. Hence, we choose the discrete modeling approach rather than
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the continuous method as the system to model is discrete. For example, the number of
mtDNA in a cell is a discrete number of mtDNA molecules and not a continuous
function.

Another way of distinguishing simulation models is deterministic versus
stochastic. In deterministic models, given a set of values for all input parameters, the
output(s) can be accurately calculated. On the other hand, in stochastic models, one
cannot calculate the output based on values of input parameters. There is stochasticity in
these models in terms of the probabilities of events occurring in a given time period. The
output of stochastic models will depend on these probabilities. In this study, we assume
that the phenomena are stochastic [200] and adopt stochastic modeling over deterministic
modeling.

We model the biological entities such as cell, mitochondria, mtDNA as agents or
objects in C++. The events that these objects undergo such as cell division, cell death,
mitochondria fission, fusion, mtDNA replication and degradation are modeled in
subroutines. Algorithms for pseudo random number generation, Poisson distribution, and
binomial distribution are directly borrowed and implemented as subroutines from a
standard text book [198]. These routines are included in a header file and are used for
calculating the number of events that should occur in a time step. All data analyses
presented in this dissertation are performed using the package Origin from Origin lab.

3.2 Section 3.2: Conceptual framework

To implement the simulation model, we consider event scheduling and activity scanning
conceptual frameworks [201]. Our objectives require that we perform statistical analysis
on the state of the system at specific intervals of time in order to make valid predictions.
For example, consider the following questions: Given an initial number of stem cells to
start with, what is the number of simulated cells that are alive after 50 years? What is the
average number of blood cells produced per day? Starting from a given initial mutation
level in given number of cells, how does the mutation level change over a 5, 10, 20 year
period? To answer such questions, activity scanning with fixed time increments allows a
simple and logical design of the program flow. The simulation termination condition is
time based and statistical routines are to be called at regular intervals of time in order to
save the system state at those times. Since there are only a limited number of different
events that can occur at each time point (cell division, cell death, mtDNA copy, and
mtDNA degradation), it is inexpensive to scan through them. We deal with a large
number of cells (millions), and an event scheduling approach would mean scheduling (or
queuing) millions of events whenever an event occurs (since several events are expected
to occur at each time step). This would be memory and CPU inefficient [202]. Activity
scanning overcomes this inefficiency by assigning a probability of occurrence for each
event in each time step. Also, we do not save all the attributes of the system at every time
step, but only those averaged over intervals of time. Hence, we adopt the activity
scanning conceptual framework [201] with fixed increment time flow mechanism.
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3.3 Section 3.3: Model verification and validation

Model verification and validation techniques are included in the model development
process. Two of these techniques taken from Law and Kelton [124] are presented here.

3.3.1 Analysis by plot

Individual subroutines such as random number generation, Poisson, binomial, cell
division, and statistics subroutines are verified using short programs and plotting the
output data. Subroutines derived from published sources [199] are subject to one time
verification to eliminate any implementation errors. For the blood cell model, one of the
verification and validation (V&V) procedures is to analyze the counts of the number of
cells living and dying due to mutation threshold (Figure 6). We note that there is no cell
death in the first twelve days and thereafter the death count rises exponentially as the
simulated cell count does. In addition, the death events are small in number indicating
that the cascaded cell divisions do not cause many cells to exceed the mutation threshold.
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Figure 6: Analysis by plot: Exponential expansion of the blood progenitor cells and the number of
cells dying due to mutation threshold over time. Cell death first begins after ~12 days when the
heteroplasmy in cells begins to exceed threshold for cell death.

3.3.2 Desk checking

The simulations are subject to routine desk checking whenever model increments or
modifications are made. System behavior graphs (e.g., Figure 7) are used to perform desk
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checking to ensure that the data structures for the critical parameters are storing the right
data. The validation criteria set for this model are based on the standard expectations or
the biological scenario derived from literature. The total number of mtDNA in a cell (N =
W+M) should be fairly constant (very little initial variation and then it stabilizes). If the
model is implemented right, the average number of W and M type mtDNA in all living
stem cells should behave as shown in Figure 7. We expect the total mtDNA count per cell
to fluctuate slightly around the set number (5,000 in this case). The M count will start
decreasing as the cells begin to die due to exceeding the mutation threshold and W counts
start increasing. Simulation runs performed for exact parameter set with different random
number seeds (idum) serve as a verification procedure.
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Figure 7: Desk checking: A plot of the mean values of W, M and N for a stem cell simulation run
starting at 95% mutation level with the heteroplasmy threshold for loss of cell function set at 100 %.
N is initialized to 5000 and W and M are initialized to 5% and 95% of N respectively.

In Chapter 4, we apply the general research methods presented here to develop the
mitochondrial genetic dynamics model. We show a powerful way of analyzing clinical
heteroplasmy data together with simulation results. Applications of the mitochondrial
genetic dynamics model to study mtDNA heteroplasmy segregation during mouse
oogenesis and cell cultures are presented in Chapter 5 and Chapter 6 respectively.
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4 Chapter 4: Blood Stem Cells Model

Chapter 4 describes in detail, the mitochondrial genetic dynamics model, its application
to adult hematopoietic stem cell system and its usefulness in analyzing clinical
heteroplasmy data for a MELAS mutation (3243A>G) from patients over a wide range of
ages. The model aims to address specific questions motivated in Chapter 2. The
simulation development methodology and preliminary results were presented at the
winter simulation conference in 2004 [184]. The key results and conclusions from the
model presented here, are to appear in the American Journal of Human Genetics, Feb
2008 [185].

4.1 Section 4.1: Hematopoietic stem cells

Synchronous Asynchronous

v
Time

Figure 8: Synchronous and asynchronous cell division types. In synchronous cell division model, all
cells in the system divide at the same time. Whereas in asynchronous cell division model, each cell
divides independently with the mean time between cell divisions being the same for all cells in the
system.

The hematopoietic stem cell system consists of about two million stem cells in the
bone marrow [203]. The blood stem cells undergo rare cell divisions with an average
time between cell divisions of about one year [204]. Blood stem cells follow
asynchronous (Figure 8) and mixed (Figure 9) cell division patterns. Hence, a stem cell
division can result in two stem cells, or two progenitor cells, or one stem cell and one
progenitor cell (Figure 10). A blood progenitor cell, once formed, undergoes a series of
rapid cell divisions at an average rate of one division per day [205] to yield mature blood
cells after about 20 levels [171, 205] of cell divisions (Figure 10 and Figure 12).
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Figure 9: Asymmetric and mixed cell division types. An asymmetric cell division consistently results
in two dissimilar daughter cells. A mixed cell division results in two similar or dissimilar daughter
cells. In addition, one or both of the daughter cells may or may not be similar to the parent cell.
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Figure 10: Schematic diagram of the two cell division models. Open ovals represent stem cells.

Shaded ovals represent progenitor cells. Lengths of the edges indicate average time between cell
divisions.
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Mitochondrial DNA Dynamics

(A) Relaxed Replication

(B) Random Degradation

W - Wloss
M - Mloss
(C) Random Segregation
Wr], Mr]

W, +W, =W

Figure 11: Schematic diagrams of the mtDNA dynamics in the models. (A) In relaxed replication of
mtDNA, the number of wild-type, W, and mutant, M, mtDNA molecules is increased over one time
step by the amounts W,,,, and M,,,, respectively. (B) In the random mtDNA degradation model, the
numbers W and M are decreased over one time step by W, and M,,,. (C) At a cell division event, W
and M are randomly distributed to the two daughter cells.

The exact number of mtDNA in a blood stem cell is not yet reported in literature.
So, we assume each stem cell to have a few thousand mtDNA molecules and simulate for
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a range of values. Each mtDNA molecule can be of either a wild-type (W: the normal
type we would expect in a cell), or a mutant-type (M: abnormal due to point substitution
of a nucleotide). The dynamics of insertion and deletion mutations may be different and
are not considered in this study. Each mtDNA molecule undergoes relaxed replication
and degradation events with a certain probability in a given time step. Each stem cell or
progenitor cell undergoes cell division and cell death with a certain probability. The
models for computing these probabilities are presented in Section 4.2.

4.2 Section 4.2: Simulation modules for mitochondrial
genetic dynamics model

In this section, we present the basic modules we develop to simulate mitochondrial
genetic dynamics. The mtDNA heteroplasmy in a cell varies due to stochastic and
independent occurrence of various events. The probabilities for these events’ occurrence
(subroutine calls) are set based upon available experimental evidence from literature.

4.2.1 MtDNA degradation

MtDNA molecules degrade with a half life of T}, typically set in the range 10 to 20
days [206]. In our models, both wild-type and mutant mtDNA are degraded with the
same half life. In a time step Af, the number of wild-type mtDNA molecules lost to
random degradation (the value Wy, in Figure 11) is calculated from a Poisson
distribution with mean value of (In(2) W At / Tyay), where W is the number of wild-type
mtDNA in the cell. A similar calculation (In (2) M At / Thay) determines the number of
mutant mtDNA molecules degraded (M) in time step Ar.

4.2.2 Relaxed replication of mtDNA

The relaxed mtDNA replication rate R is given by:

R=(In(2)N,,,. /T

target half

)+(In(2)N

areer ! D) (1)
Where, Niuge: 18 the target total number of mtDNA in the cell. Note that N4, 1S merely
a parameter used to calculate the mtDNA replication rate, and that it may be slightly
different from the total number of mtDNA molecules actually present in the simulation at
a given time t, N, = W, + M,. In steady state the actual copy number N, fluctuates around
the target number Ny ger.

Equation (1) represents the mathematical model for relaxed replication of
mtDNA. The first term in the Equation (1) replaces degraded mtDNA and the second
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term compensates for the decrease in mtDNA number due to cell divisions. The
replication rate is divided proportionally between the wild-type and mutant-type mtDNA
in a cell. A Binomial distribution is used to make this distribution.

If W,opy and M,,,, represent the number of wild-type and mutant-type mtDNA
copied in a single time step of length At, then the total number of mtDNA that replicate in
time step At is given by:

RxAt=W,,,. + M, 2

4.2.3 Model of mtDNA changes during cell division

At cell division, we assume that the mtDNA from the dividing cell are randomly
distributed to daughter cells with equal probability. We model cell division as a Poisson
distribution separately for wild-type and mutant-type mtDNA, with mean values of W/2
and M/2 distributed to each of the two daughter cells, where W and M are the numbers of
wild-type and mutant-type mtDNA in the dividing cell. The occurrence of cell division
events is stochastic with mean time between cell divisions = D. D is set to a value derived
from literature for the cell type. For example, D = 1 year for blood stem cells and D = 1
day for blood progenitor cells.

4.2.4 Cell loss due to mutation threshold

From experiments [29-34], it is known that cells can survive and even function normally
with mutation levels of up to 85% or higher (Table 1). When the mutation level in a cell
exceeds a certain threshold value my..s, the cell function is compromised and it starts
showing pathogenic symptoms. We model this pathogenic effect by removing such cells
from the simulation. The value of my,.s depends on the particular mutation and other
environmental factors. We simulate for a range of my.y values in the range 60% to

100% are used in the simulation covering the range of values reported for the threshold of
3243A>G [207, 208] mutation.

4.3 Section 4.3: Hematopoietic stem cell model

We develop and use two related simulations; a blood stem cell model (Figure 10A) and a
blood progenitor cell model (Figure 10B). In both simulations, we consider only point
substitution mutations as the dynamics of deletion mutations may be different. Each
simulated cell has integer values for wild-type (W) and mutant (M) mtDNA molecules
respectively. These numbers change over time due to relaxed replication of mtDNA
(Figure 11A), mtDNA degradation (Figure 11B), and cell divisions (Figure 11C). Note
that the total number N, of mtDNA molecules in the simulated cell at time t, N, = W, + M,
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is not held constant over time but varies as W, and M, vary independently with time. W
and M are the basic variables in these two models. A simplified version of the formation
of blood from adult blood stem cells is shown in Figure 12. A description of all the
simulation parameters and typical ranges for their values derived from literature is
tabulated in Table 2.

1o :
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: Blood cells Blood cells :
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O Stem cell @ Blood proaenitor cell

Figure 12: The model of peripheral blood formation from stem cells. This combines both the stem
cell model (upper dotted rectangle) and the progenitor cell model (lower dotted rectangle).

The stem cell and progenitor models together represent the formation of blood in
the blood stem cell system with at least the following simplifications:

1. During cell division, roughly half of W and M mtDNA are distributed to daughter
cells.

2. When the heteroplasmy level in a cell exceeds the threshold for an mtDNA mutation,
the cell ceases to function and is hence removed from the population.

3. MtDNA replication, mtDNA degradation, cell division and cell death are the only
events that affect the mtDNA mutation load in the cell.

4. The blood progenitor cells in reality divide to produce several specialized blood cell
types, namely, red blood cells, white blood cells, and platelets. However, our model does
not differentiate the different blood cell types.

5. We do not model the complicated feedback mechanisms controlling stem cell self-
renewal [209] as these detailed mechanisms are not considered relevant to this problem.
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Table 2: Simulation parameters for the stem cell and progenitor cell models and their typical values

Parameter Meaning Values
D Mean time between cell divisions 1 year for stem cells
[210]
1 day for progenitor cells
[205]
Thar MtDNA half life 10 to 20 days [206]
Mihresh Cells with mutation level greater than | 60% to 100%
Mipresh Were removed from the [29, 30, 32, 34, 38, 39]
simulation
Niarger Target number of mtDNA molecules 1,000 to 2,000

in simulated cell (used to set
replication rate). Also used to set the
initial copy number in the cell.

Py Initial mutation level in cell. 0% to 100%
At Simulation time step 1 hour
No symbol Total simulation duration 100 years (stem cell

model) or 20 to 25 days
(progenitor model)

N; Total number of cells as a function of | Around 20,000 or

time ‘t’ 2,000,000 (stem cell
model) or 1 to 7,000,000
(progenitor model)

4.4 Section 4.4: Data collection

By performing a systematic search of the literature, papers containing both, the blood
heteroplasmy measurements for an mtDNA point substitution mutation and the subject’s
age at sample collection were identified. Based on the availability of such data for
multiple subjects, we focus here on 3243A>G and 8344A>G mutations. The search
yielded a total of 275 unique data pairs for the 3243 A>G mutation [44, 47, 187-189, 211-
228] and 48 unique data pairs for the 8344A>G mutation [229-233]. A subset of the
blood heteroplasmy papers gathered for 3243A>G mutation also reported muscle
heteroplasmy data [47, 211-213, 215, 220, 221, 226, 227]. Some papers did not report
raw data but reported the heteroplasmy data in graphical form. In such cases, we use the
software Engauge Digitizer to determine the approximate numerical values. Since we
found only one paper that reported blood heteroplasmy for 3243A>G mutation over
relatively longer time scales of 9 to 19 years [188], our collaborators gathered this data
for further 11 subjects [187].
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4.5 Section 4.5: Results

4.5.1 The rate of loss of heteroplasmy from blood stem cells is exponential

As we simulate the heteroplasmy dynamics in the stem cell population, the heteroplasmy
distribution widens due to the processes of relaxed replication of mtDNA, mtDNA
degradation, and cell divisions. Over time, some stem cells develop high heteroplasmy
levels and exceed the my,.s, for the mutation. Such stem cells are removed from the
simulated stem cell population. This stem cell loss over time gradually results in the
decrease of the mean heteroplasmy level of the simulated stem cell population. Our
simulations suggest that this decrease in stem cell heteroplasmy is exponential and not a
constant linear rate as reported in literature [ 188, 189].

The mean mutation level as a function of time is described by a decaying
exponential with an initial transient (Figure 13A). By conducting several simulations for

a range of input parameter values, we find the dependence of exponential decay on the
model parameters Ty and Ny, The dependence is given by the function,

m(t) = m(0) xexp[_;f] 3)

Where B is a value derived from exponential curve fitting given by:

N, target X Thalf
C

B= “)

C is a dimensionless constant whose value is determined from simulations as C = .45 +
0.07 (Table 3).

m(t) = m(0>xexp[—(C—XTt)] 5)

target™ half

Cxt

For short times, [ ] << 1 and the decay will appear to be linear.

N, target X Thalf

CxXt
XT,

target half

m(t) = m(0)(1- ) (6)

So the apparent linear rate of loss of mtDNA mutation in blood is approximately

m(0)

m(r) = m(0) - (T)l‘
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Figure 13: Simulation results for the blood stem cell model. (A) An exponential decrease in mean
mutation level in blood stem cell model. Results are shown for two simulations with different initial
mutation levels, 70% and 30%. Other simulation parameters are T}, = 10 days, N = 1000 and ms,
=90%. (B) Dependence of the decay constant C, defined in equation (5), on the mutation threshold
for loss of the stem cell, m,,. . The line is a fit to the data using equation (7), (with R, = 0.968 and p <
0.0001).

To study the dependence of the decay constant on mutation threshold for cell
removal, my..sn, We setup repeat experiments by varying my..s; over a range of values
60% < mypresn < 100%. The simulations show that the decay constant C is a function of
Muresh (Figure 13B). Lower values of my.s cause faster loss of the mutation from the
stem cell population, an intuitively reasonable behavior. The functional form of this

dependence is given by,
A
C=C, —( J ©)
mthresh

Where constant Cp = -1.1 + 0.1 and A = (230 £ 8) are determined by a linear fit. The
exponential decay was consistent even at an myy.s, value of 100% (Figure 13B) which
requires the simulated cell to fix at 100% heteroplasmy before the cell is removed.
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Table 3: Values for the exponential decay constant C in equation(5), is computed for a range of
values of the simulation parameters. The parameters N,, T}, and the initial heteroplasmy levels are
varied. The mean decay constant in these simulations is, C = 1.45 with standard deviation = 0.07.

Number of MtDNA copy MtDNA half Initial C
stem cells number, Neer | life, Thyyr (days) mutation
level, m (%)
20,000 1,000 10 30 1.4251
20,000 1,000 10 70 1.4212
20,000 1,000 20 30 1.5234
20,000 1,000 20 70 1.5459
20,000 2,000 10 30 1.3870
20,000 2,000 10 70 1.3662
20,000 2,000 20 30 1.5530
20,000 2,000 20 70 1.4423
2,000,000 1,000 10 30 1.4075

To check the effects of initial conditions on the rate of decay, the initial mutation
level is set to a range of values from 20% to 75%. These lines were nearly parallel
(Figure 13), i.e., the initial condition does not noticeably impact the slope of the decay.
The explanation is that the amount of time needed for the cells to exceed the mutation
threshold for loss of cell function is proportional to the initial M level at which each cell
starts. But, the decay constant does not depend on the initial heteroplasmy of the cell.

4.5.2 Mean heteroplasmy in peripheral blood is about the same as the
mean heteroplasmy in the blood stem cell population

In order to relate the results from the stem cell model to the heteroplasmy measurements
from blood samples, we need to understand the heteroplasmy changes during the
formation of mature blood cells from the stem cell population. The progenitor cell
expansion model simulates a series of over 20 rapid cell divisions with a mean time
between cell divisions being 1 day [205]. Ten simulation runs with different random
number seeds are setup with typical simulation parameters tabulated in Table 2. One set
of five simulation runs begin with a 70% initial heteroplasmy and another set of five
simulations begin with 30% initial heteroplasmy (Figure 14B). Figure 14A shows the
exponential increase in the number of progenitor cells due to a series of cell divisions
with time. The variation in the time required for progenitor cell expansion across these
ten simulations is indicative of the sensitivity of the model to the timing of the first few
cell divisions in the series. This variation, however, is not critical to the heteroplasmy
results of these simulations. Despite the threshold mechanism to model cell loss in effect,
the mean mtDNA heteroplasmy level of all cells resulting from the expansion of a single
progenitor cell does not differ significantly from that of the progenitor cell itself (Figure
14B). Hence, we conclude that the mean heteroplasmy measured in peripheral blood is
about the same as that measured in the blood stem cell population.
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Figure 14: Simulation results for the progenitor cell model. Results are shown for five repetitions of
the simulation starting at 70% mutant and five repetitions starting at 30% wmutant. (A) The
exponential increase in the number of simulated cells, starting from a single progenitor cell and
dividing on average once per day. (B) The mean heteroplasmy of the cells over the course of the
expansion in the number of cells.

Earlier studies [190] speculated that random genetic drift and selection at the
molecular or cellular levels are acting in the decay of blood heteroplasmy. Population
genetic models [234] have shown that selection does not act significantly on an
exponentially expanding population. Hence, from our collective analysis of blood stem
cell and progenitor cell models, we hypothesize that the selection against mutant mtDNA
occurs at the cellular level and that this selection occurs in the stem cell population and
not in the progenitor cells.
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4.6 Section 4.6: Analysis of experimental data

In order to test the hypothesis that the mtDNA heteroplasmy decreases exponentially, we
need to analyze published clinical data. Since the decrease in blood heteroplasmy is quite
slow, we need data measurements separated in time by around a decade. We did not find
many longitudinal studies reporting a series of heteroplasmy measurements over long
time scales in the literature. The existing clinical data report pairs of heteroplasmy
measurements separated by a few years at most. Rahman, et al. [188] reported the best
available clinical data on the 3243 A>G blood heteroplasmy with measurements separated
by 9 to 19 years. Using pairs of heteroplasmy measurements, we can only calculate the
rate of change of heteroplasmy. If the heteroplasmy decreases linearly as reported in
literature, the rate of change of heteroplasmy should be a constant. Hence, a plot of the
rate of change of heteroplasmy versus initial heteroplasmy will be a horizontal line with
zero slope. However, if the heteroplasmy actually decreases exponentially as predicted by
our simulations (Equation 3), then the rate of change of heteroplasmy should be
proportional to the initial heteroplasmy itself. Therefore, a plot of the rate of change of
heteroplasmy versus initial heteroplasmy should be a straight line with negative slope and
zero intercept.

Since Rahman, et al. [188] report data for only six subjects, our collaborators in
order to extend this dataset, carried out repeat blood heteroplasmy measurements in 11
individuals with 3243A>G mutation to compare to measurements made five or more
years earlier for the same individuals. This dataset is separately published by Pyle, et al.
[187]. As expected from our simulations, the Pyle, ef al. [187] and Rahman, et al. [188]
data fit with an exponential decay in blood heteroplasmy measurements (Figure 15) over
time. Note that these are two separate studies conducted on different set of subjects at
different times.

4.6.1 Theoretical limit on blood heteroplasmy

Exponential decay of blood heteroplasmy suggests that older individuals should
not have high blood heteroplasmy levels for 3243 A>G mutation. We define a theoretical
maximum limit on the heteroplasmy for a given age t as

max [m(1)]=(100%)exp(-St) (8)

where § = 0.020 £ 0.003 (1/years) is the slope measured from the data in Figure 15.
Hence, we expect blood heteroplasmy measurements for 3243A>G mtDNA mutations to
always fall under this predicted maximum limit.

To further test this hypothesis arising from our simulations, we plot the data from

23 published studies [44, 47, 187-189, 211-221, 223-228, 235] reporting 3243 A>G blood
mtDNA heteroplasmy levels together with the subjects’ age, with a total of 275 unique
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data points (Figure 16). These data points span from zero mutation up to the predicted
maximum value. As expected, most data lie below the predicted maximum heteroplasmy
(Figure 16) except for five measurements (not included in the plot) that lie above the
predicted limit. Four of these five exceptional data points are reported in a single study by
Hammans, ef al. [213] and are recognized by the authors as being unusual. All four cases
come from a single small pedigree that also contain a homoplasmic 3290T>C mutation
within the same tRNA gene as the 3243 A>G mutation. Hammans, et al. [213] note that
this family had a unique clinical phenotype and propose that the 3290T>C variant may be
altering the pathology of 3243A>G mutation. This idea is supported by an independent
study by El Maziene, et al. [236] who show experimentally that a second mutation at
position 12300 can suppress the pathogenicity of 3243A>G mutation. Hence, these
exceptional cases do not affect the conclusions of our analysis.
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Figure 15: Analysis of two sets of clinical data [187, 188] to test for an exponential decrease in
peripheral blood heteroplasmy. The line is a linear fit to the data, with slope -0.020 + 0.003 (1/year)
and intercept -0.14 * 0.14 (%/year) (R* = 0.68 and p < 10™). A linear plot of this data with negative
slope indicates an exponential decay of the blood heteroplasmy.

The sparse data region for subjects at young age and low heteroplasmy in Figure
16 is likely because most patients with 3243A>G mutation express symptoms at older
ages.
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Figure 16: Comparison of clinical data to a predicted maximum mutation heteroplasmy in peripheral
blood. (A) The theoretical maximum blood mutation level (Equation (8)) and 275 measured values
from 23 independent studies [44, 47, 187-189, 211-221, 223-228, 235] on subjects with the 3243A>G
mutation. The theoretical upper limit is set using an initial heteroplasmy of 100%. (B) The 3243A>G

data modified by the age correction (Equation (9)).

(C) Blood heteroplasmy data (48 measured

values) for the 8344A>G mutation [229-233]. The clinical results plotted here show no indication of a
decrease in blood heteroplasmy with the subjects’ age for this mutation.
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4.6.2 Age-correction in blood heteroplasmy measurements

Based on our analysis of the published clinical data, we propose a method for correcting
for a subject’s age in blood heteroplasmy measurements.

An age-corrected mutation level is defined as

m

=m(t)exp(St) ©)

age—corrected

The age-corrected heteroplasmy measurements derived from Equation (9) are
plotted in Figure 16B.

The 3243A>G heteroplasmy in blood is almost always lower than the muscle
heteroplasmy [47]. To test whether the age-corrected blood heteroplasmy is consistent
with muscle heteroplasmy, we use a subset of the blood heteroplasmy data for which
muscle heteroplasmy data is also reported [47, 211-213, 215, 220, 221, 226, 227]. The
plot of blood heteroplasmy versus muscle heteroplasmy for the 3243A>G mutation are
plotted in Figure 17A. All subjects plotted in Figure 17, had lower blood heteroplasmy
compared to their muscle heteroplasmy and this difference seems to get larger with a
subject’s age. Assuming muscle heteroplasmy is relatively constant over time, we apply
the age correction of Equation 6 to the blood heteroplasmy levels in Figure 17B. We
found a statistically significant (p < 0.0001) correlation between both, the blood
heteroplasmy and the age-corrected blood heteroplasmy, with the muscle heteroplasmy
measurements. The difference between raw blood heteroplasmy and age-corrected blood
heteroplasmy is that the latter data points are closer to the line of equal heteroplasmy (for
muscle and blood). The age-corrected blood heteroplasmy still tend to be lower than the
muscle heteroplasmy, particularly for higher muscle heteroplasmy levels. However, age-
correction resulted in the overlapping of data from all three age groups and eliminated the
age dependent behavior of the blood heteroplasmy data.

4.6.3 Low penetrance mtDNA mutations behave differently

It is clear from our results that for 3243A>G mutation, the heteroplasmy decreases
exponentially in blood stem cells with age due to the loss of stem cells that exceed the
mutation threshold my.s,. In certain cases, certain neutral or even pathogenic mtDNA
mutations may not lead to loss of stem cells even when homoplasmic for the mutation. In
all such cases involving low-penetrance mutations, we do not expect an exponential
decay of heteroplasmy over time in blood. The second mutation 8344A>G, for which we
collected data [229, 230, 232, 233, 237], falls under this category. A plot of blood
heteroplasmy measurements for 8344A>G (Figure 16C) does not show an age dependent
exponential upper limit for the 8344A>G mutation in blood.
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Figure 17: An application of the age correction for blood heteroplasmy. (A) Comparison of
3243A>G heteroplasmy levels in muscle and in blood. (B) Comparison using the age-corrected blood
heteroplasmy from equation (9). The corrections are made using a value of S = 0.020 year™, the value
determined from the data in Figure 15. The solid lines represent the lines of equal blood and muscle
heteroplasmy.

4.7 Section 4.7: Discussion

Based on our integrative analysis of simulations together with clinical data exclusive to
3243A>G mutation, the most commonly occurring [36] heteroplasmic pathogenic
mtDNA point mutation, we illustrate (Figure 15 and Figure 16) the exponential loss of
pathogenic mtDNA heteroplasmy from human blood (Hypothesis 1). To determine
whether Hypothesis 1 holds for other pathogenic mtDNA mutations, we need either a
number of pairs of longitudinal blood heteroplasmy measurements spaced by around 10
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years (Figure 15) or a much larger number of single time point heteroplasmy
measurements for that mutation (Figure 16) for subjects covering a wide range of ages.

The analysis presented here are particular to the 3243A>G mutation. Other
mtDNA mutations causing low-penetrance diseases (e.g., Leber’s Hereditary Optic
Neuropathy) may also show an exponential decrease in the blood heteroplasmy. A couple
of cases of decreasing blood heteroplasmy of LHON mutations are reported in literature
[238, 239]. In these individuals, the loss of heteroplasmy can still occur due to yet
unknown cofactors leading the blood stem cells to disease. Hudson, et al. [240] report a
case where an interacting genetic locus may act as a co-factor for the development of
LHON. There are conflicting reports that exposure to environmental toxins such as
excess alcohol or tobacco may [241] or may not [242] act as cofactors for the
development of LHON.

Based on the availability of published experimental data, we focus our study on
blood samples here. We expect the exponential decay of mtDNA heteroplasmy to occur
in other dividing tissues that lose cells with high heteroplasmy. For example, reports [44,
243] indicate a decrease in the 3243A>G mutation heteroplasmy with age in the epithelial
tissue and buccal mucosa. However, in post-mitotic tissues such as skeletal muscle, there
is little loss of muscle cells even in patients who are homoplasmic to the 3243A>G
mutation [244]. Our analysis here offers explanation for the accumulation of mutant
mtDNA in post-mitotic tissues such as skeletal muscle [51, 245] as discussed by
Chinnery and Samuels [43]. Accumulations of mutant mtDNA with age are reported in
gastric [246] and colonic [247] stem cells. Our simulations may be applied to such stem
cell systems that lead to disease phenotypes in the peripheral cells.

Blood samples are commonly used to determine heteroplasmy levels, especially
in asymptomatic individuals. The variation in blood heteroplasmy can mislead scientists
studying the inheritance of mtDNA mutations, if other tissues are also not co-examined.
For example [190], increase in the heteroplasmy of a pathogenic mtDNA mutation has
been reported across generations based on the relatively smaller blood heteroplasmy
measured in mothers. Although such concerns were raised before [239], this is the first
time that a practical age-correction method is proposed.

Based on our simulations, we hypothesized that the blood mtDNA heteroplasmy
decreases exponentially with age. By analyzing our simulation results together with a
vast pool of clinical data, we confirmed that this is true for the 3243 A>G mutation
(Figure 15 and Figure 16). The key mechanism that leads to exponential decay is the loss
of stem cells with high mutation level. However, there may be other mechanisms that
could also lead to an exponential decrease. For example, an exponential decay of a
natural non-pathogenic mtDNA genotype has been reported in murine models (BALB/c
and NZB) by Battersby, et al. [248]. The authors report the loss of NZB mtDNA in these
mice blood with a very high decay constant of S, = 1.387 year'l (compared to the
value Shuman = 0.02 year'1 from Figure 15). The authors conclude that the selection against
NZB mtDNA is not due to an immune mechanism. A lack of correlation between
oxidative phosphorylation and the cellular heteroplasmy level in these mice indicates that
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the cell-loss mechanism proposed from our analysis here is not playing a role in these
mice. The mechanisms leading to the rapid loss of NZB heteroplasmy in the blood of
these mice still remain unexplained.

In this study, at an early stage, one experimental patient data (with about 10%
heteroplasmy change/year) from our collaborator (data not shown) did not fit to the rest
of the data. When we asked our collaborators to repeat that particular experiment, without
revealing what was expected, it turned out to be an experimental error with the new data
point fitting well with the rest of the data. Examination of the measurements on the other
subjects showed that this experimental error only occurred in this one subject. This is an
encouraging case for our simulation approach as it helped rectify an experimental error.

4.8 Section 4.8: Issues and limitations

4.8.1 The problem of initial transient

We simulate the stem cell model on cell population sizes from 20,000 to an
estimated full population of 2 million cells [203]. Since the actual number of mtDNA per
stem cell is not known, we simulate with a range of 1000 to 2000 mtDNA per cell for a
maximum duration of 100 years. All stem cells are initialized to a uniform value P, for
simplicity. The distribution of heteroplasmy in the stem cell population spreads out over
time (Figure 18) due to the occurrence of stochastic events (relaxed mtDNA replication,
mtDNA degradation, and segregation to daughter cells). Before the model can eliminate
this initial artifact, there is an initial transient (Figure 13: the decay curves during the first
five years or so) on the measurement of the heteroplasmy decay rate. To remove the
effect of this initial transient, we only use simulation data after the heteroplasmy has
dropped to below 90% of its initial value. As the mean heteroplasmy in the simulation
decreases over time, we observe noise due to discreteness at low levels of mtDNA copy
number per cell. To remove this effect, we drop all values below 10% heteroplasmy. It
takes longer for the individual cells starting at 30% heteroplasmy to exceed the 90%
mutation threshold for loss of cell function. The current procedure to determine the end
of transient period is rather ad hoc. To eliminate the effect of initial transient, we only
keep data after mutation level has fallen to 10% of its initial value. A cleaner way of
handling this issue of initial transient is still of interest.

The stem cell population distribution for a simulation run starting with 70% initial
mutation level, after 2, 6 and 60 years is shown in Figure 18. The distribution after 6
years shows a spread around the mean 70% level from 40% to 90%. However, after 60
years, the heteroplasmy in the population has spread the entire spectrum from 0 to 90%
with more than 1500 cells fixed at all W type mtDNA.
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4.8.2 Memory scalability

The choice of data structure chosen to model the array of cells affects the scalability of
the simulations. The maximum size of the cell array that can be statically declared at the
beginning of the program is about half a million. This is because memory for static data
structures is allocated on the stack. Since the requirement was to simulate a million cell
objects (~ 2%% or more, array data structure was a limitation to overcome. One option is
to shift to dynamic memory allocation. Programmatically, this means significant
complexity in managing garbage collection and the CPU time spent in traversing linked
lists containing more than a million nodes at every time step.
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Figure 18: Distribution of the stem cell population based on their heteroplasmy levels
A workaround this problem is to still declare the large array of cell objects, but
force the heap memory allocation rather than the stack.

i.e., instead of declaring:

/1 This allocates nmenory on the stack
Cell cell [ MAXCELLS];

declare this way:
/1l This allocates nmenory on the heap
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Figure 19: Comparison of a blood stem cell simulation run for a full number of 2 million blood stem
cells with a blood stem cell simulation run for the standard number of 20,000 blood stem cells.
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Figure 20: CPU time required as a function of the number of simulated cells (or compartments).

In this case, the maximum number of cell objects (MAXCELLS) is limited by the
available secondary memory on the hard disk. Using this approach, we are able to
simulate the progenitor cell expansion model for up to 7 million cells or 2 million stem
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cell over a century, a big improvement over the earlier models developed by Chinnery
and Samuels [43].

4.8.3 Simulation CPU and memory requirements

In Figure 19, we show a simulation of 2 million stem cells, the estimated size for the
human adult blood stem cell population in the bone marrow [203]. This simulation run
takes more than a couple days to simulate for 100 years. All simulations presented in this
chapter are run for 20,000 stem cells. We do not expect any effect of simulating the
smaller number on our results (Figure 19).

In Figure 20 and Figure 21, we show the CPU time and memory performance of
the simulation. The simulations are run on a 2.0 GHz Pentium 4 CPU, with 512 MB
RAM running Linux. Both the required CPU time (Figure 20) and the required RAM
(Figure 21) increase linearly with the number of simulated cells. Tens of thousands of
compartments can be simulated for a century in less than one day of CPU time. On a PC
with 512 MB RAM, we have simulated up to ~8 million cells or compartments.
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Figure 21: Total RAM required for simulation runs. Each compartment here represents a cell
containing approximately 1,000 mtDNA molecules.

In Figure 22, we show the dependence of the CPU time on the number of mtDNA
molecules per cell. Note the sharp contrast between the linear increase in CPU time
required up to 10,000 mtDNA per cell and the relatively constant CPU time required
above ~10,000 mtDNA per cell. This is due to the shifting of the Poisson and Binomial
distribution subroutines [198] from direct methods to rejection methods for higher than
10,000 mtDNA per cell. Hence, we can simulate populations of 20,000 cells for a
century, with no practical limit to the number of mtDNA molecules per cell. This means,
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we can now simulate oocyte cells (containing 10° mtDNA per cell) for a century (if there
is a biological motivation, of course) in less than a day.
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Figure 22: Dependence of the simulation CPU time on the number of mtDNA molecules per
compartment (or cell). 1000 compartments (cells) are simulated for 100 years.

4.9 Model applications

Currently, the mtDNA are assumed to be uniformly distributed through out the cell. We
can model the spatial compartmentalization of these mtDNA within the cell into
mitochondria or nucleoids by adding another level of abstraction between the cell and
mtDNA. The blood stem cell model can be adapted to simulate other stem cell types.

In Chapter 5, we adapt the progenitor cell expansion model to study the
mitochondrial genetic bottleneck during mouse embryogenesis. In Chapter 6, the
progenitor cell model is modified to simulate the segregation of mutant mtDNA during
passages of cell culture growth to provide “control” for the experimental studies of our

collaborators.
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S Chapter 5: Mitochondrial Genetic
Bottleneck Model in Mouse Embryo

Chapter 5 presents the simulation to model mouse embryo to answer specific questions
related to the mitochondrial genetic bottleneck motivated in Chapter 2. The results of this
study are currently in press in Nature Genetics (Cree, ef al. [186]).

5.1 Section 5.1: Introduction

A general introduction to the mitochondrial genetic bottleneck is provided in Section 2.1.
In mammals, mitochondrial DNA is primarily inherited maternally. The mechanisms
involved in this non-Mendelian inheritance are not fully understood [27]. Heteroplasmic
mothers transmit varying proportion of mutant mtDNA to their offspring. In patients with
mtDNA disorders, disease severity appears to correlate with the proportion of mutant
mtDNA inherited from the mother [249-251]. Studies in cattle [193, 252], report rapid
changes in allele frequency in a single generation indicating that the bottleneck size can
be very small (a few mtDNA molecules). Jenuth, et al. [191] report that the heteroplasmy
level of mouse offspring is determined at an early stage during oogenesis in mother, even
before the formation of primary oocytes. The authors predict the bottleneck size in mice
to be around 200 segregating units [191]. Subsequent studies [237, 249, 251, 253]
confirm the observation of rapid changes in heteroplasmy in several other mammalian
species, including humans.

Three mechanisms [191, 254, 255] are suggested in the literature to explain this
genetic bottleneck. In one model, a dramatic reduction in the mtDNA copy number in
cells followed by stochastic partitioning of mtDNA at cell division leads to marked
segregation in mtDNA genotype between daughter germ cells. In the second model,
multiple mtDNA molecules organize into segregating units called nucleoids. Since each
nucleoid harbors a small mtDNA copy number, stochastic segregation can quickly lead to
homoplasmy in individual nucleoids. This reduces the total number of segregating units
and increases the variability [255]. In the third model, a group of mtDNA is selected to
re-populate the next generation [256, 257]. These possibilities raise several important
questions: What is the size of the mitochondrial genetic bottleneck? What is the
mechanism by which mammalian offspring from the same mother inherit dramatically
variable levels of mtDNA heteroplasmy? Do mtDNA segregate as individual molecules
or as nucleoids?

To address these questions, previous studies have used either the single-sampling
binomial model or the multiple-sampling model. The single-sampling binomial model
(Figure 23a) models the process of formation of primary oocytes and predicts the
probability of transmitting a particular level of heteroplasmy to offspring [258, 259]. The
underlying assumption is that a selected number of mtDNA repopulate all of the primary
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oocytes. However, the model does not provide any insights into the underlying biological
mechanisms. Jenuth, et al. [191] adapt and apply a population genetics [260] based
multiple-sampling model (Figure 23b) assuming that the numerous generations of binary
cell divisions result in cells containing moderately low amounts of mtDNA. This model
also does not accurately model biology because primordial germ cells (PGCs) do not
arise from a single precursor, but rather from a random sample of cells (~40) out of the
blastomere cells. Experimental observations [186] indicate that the mtDNA copy number
within the PGCs increases between 7.5 dpc and 14.5 dpc (Figure 24¢). In order to best
model the underlying biological process, we adapt these two models from literature
together with the experimental data from collaborators [186] (Figure 23c).
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Figure 23: Models of the mitochondrial genetic bottleneck. Schematic diagram showing a
heteroplasmic fertilized oocyte (top), a model of the mitochondrial genetic bottleneck (middle) and
subsequent primary oocytes (bottom). Blue circles = wild type mtDNA. Red circles = mutated
mtDNA. Time scale shown on the left in days post coitus (dpc). (a) Single-sampling model. A single
random sample of mtDNA molecules is assumed to repopulate each primary oocyte. This model
describes the whole bottleneck process well, and can be used to predict the variance in heteroplasmy
levels amongst offspring, but it is biologically implausible, giving no insight into the underlying
mechanism. (b) Multiple-sampling model. Using an adaptation of the population genetic model of
Sewall-Wright [260], this approach assumes that an identical moderate genetic bottleneck is present
over multiple cell divisions, G. In mice, G = 15, which is the number of divisions required to produce
the 25,791 primary oocytes present by 13.5 dpc [261] from a from a single blastomere. This model is
inaccurate because the germ line does not arise from a single precursor cell, and the experimental
data [186] shows that the amount of mtDNA within single cells is different at different time points
during development. (c) Complex biological model based upon the number of cell divisions leading
up to the formation of 40 primordial germ cells (PGCs) at 7.25 dpc, followed by 9-10 cell divisions
required to generate the 25,791 PGCs required to form a full complement of primary oocytes. The
number of mtDNA molecules per cell in the pre-implantation embryo and subsequent primordial
germ cells is based upon experimental observations of our collaborators (Table 4 and Table 5). This
biologically plausible model forms the basis of the simulation described in the text.
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5.2 Section 5.2: Modeling methods

It is important to emphasize the special interaction between experiments and simulation
in this study. Since none of the earlier models accurately represent the underlying
biology, our goal is to model the biological process by directly utilizing relevant
experimental data. Our experimental collaborators [186] conducted experiments in mouse
models specifically designed for the study of the mitochondrial genetic bottleneck. The
experiments are focused on measuring specific quantitative data required for modeling
this process. Earlier predictions [191] of the bottleneck are based on an assumed number
of mtDNA per cell. But here, our experimental collaborators provide us with laboratory
measurements for the mtDNA copy number and the number of PGCs during
embryogenesis of mice (Table 4, Table 5, and Table 6). Heteroplasmic mice were
produced with the two mtDNA alleles NZB and C57BL/6J by using cytoplast fusion
techniques. The isolation of precursor cells is based on a fluorescent dye that specifically
colors precursor cells, but not others. Data from a total of 246 offspring from 22 litters
are reported. For detailed experimental methods, we refer the reader to the publication
Cree, et al. [186]. Modeling and simulation methods for this study are presented here.

Since our collaborators [186] report varying mtDNA copy numbers across
blastomeres, instead of using the earlier population genetics based model [191], we
develop a model to directly simulate the population of cells with random mtDNA
segregation during cell divisions. This approach allows us to accurately model what is
known about the underlying biology as follows:

Pre-implantation

1. Start the simulation with a single cell, representing the fertilized oocyte, initialized to
5 X 10° mtDNA copies with 50% mutant and 50% wild-type mtDNA. This cell and
all resulting generations of cells divide at a rate of one division every 15 hours, a
value derived from literature [249-251, 262] and consistent with the new
experimental data. MtDNA replication is blocked during this process [263].

2. During each cell division, mtDNA are randomly distributed between the two daughter
cells. As a result, the mtDNA copy number decreases exponentially to a value of 314
+ 24 that compares well with experimental data from collaborators (Table 4).

At implantation

3. At 7 days post coitus (dpc), the total number of cells after about 10 generations of cell
divisions = 2 '° = 1024 cells representing a blastocyst. MtDNA replication is resumed
in all simulated cells at 7 dpc with a minimum rate required, so as to populate the
exponentially growing PGC population [261, 264].

Post-implantation

4. To model the development of primordial germ cell (PGC) line, we randomly sample
40 cells (to mimic laboratory observation [265]) from the total population of 1024
simulated cells and discard the remaining 984 cells.
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5. The 40 cells selected to form PGCs continue to divide at the same rate of 15 hours to
produce 25,791 primary oocytes by 13.5 dpc [261], with an ongoing mtDNA
replication.

6. We follow the expansion process for 10 more cell generations to a final cell
population of 40,960 at 13.4 dpc (). During this process, the mtDNA copy number per
cell rises to about 1500. This matches with the experimentally observed range of 2152
to 1376 mtDNA per cell (Table 5).
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Figure 24: Experimental data [186]: The amounts of mtDNA in mature mouse oocytes and pre-
implantation mouse embryos. (a) Mature oocytes and whole embryos. Box and whisker plot showing
the median, +/- 1 SD, and the range from maximum to minimum values. (b) Single blastocyst cells
(blastomeres) from pre-implantation embryos. Each data point corresponds to a single blastomere.
(¢) Primordial germ cells (PGCs) from post-implantation mouse embryos. Each data point
corresponds to a single PGC. dpc = days post coitus. Data from male and female embryos is shown
separately for 14.5-dpc which is shortly after the first point at which the gender can be determined.
Blue circles = males, red triangles = females.

5.3 Section 5.3: Results

The random processes of distribution of wild-type and mutant mtDNA to daughter cells,
mtDNA replication and mtDNA degradation cause the heteroplasmy level in each
simulated cell to drift. Over time, this drift generates a heteroplasmy variance across all
of the simulated cells. During the first phase of embryogenesis, while the mtDNA copy
number per cell is still relatively high, very little heteroplasmy variance is generated
(Figure 27c). As the mtDNA copy number per cell falls to a few hundred copies,
heteroplasmy variance begins to rise. After mtDNA replication begins, and the PGC line
is formed, mtDNA copy number per cell increases to approximately 1500 per cell. The
heteroplasmy variance slows its rate of increase but continues to increase at a steady rate
as long as the PGCs continue to divide at a rapid pace (Figure 27c).

To compare and test the predicted genetic bottleneck size of ~200 segregating
units [191], our collaborators measured mtDNA copy numbers during early stages of
development (Table 4). Based on an estimate for mtDNA copy number per cell at 5.5
dpc, the mtDNA copy number per cell among blastomeres before implantation was
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estimated at about 4000, about 20 fold greater than the earlier prediction [191]. However,
based on our simulations of the model described in Section 5.2, the number of mtDNA
per cell before pre-implantation falls down to about 200 (Figure 27b), the predicted
bottleneck size [191].
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Figure 25: Comparison between the number of cells simulated and the actual number of cells
observed experimentally by our collaborators [186]. The rate of cell division in pre-implantation
embryos is derived from Streffer, ef al. [262] and for post-implantation embryos from literature [261,
264]. PGCs are first detectable at 7.25 dpc. Note the logarithmic Y-axis indicating exponential
growth to a final figure of 25,791 primary oocytes at day 13.5 [261].
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Figure 26: The total mtDNA copy number in the simulated mouse embryos up to 7dpc, followed by
the total mtDNA copy number in the entire PGC population.
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Table 4: Experimental data [186]: The amounts of mtDNA in mature oocytes and pre-implantation
mouse embryos. n = number of embryos / oocytes studied. CV = coefficient of variance.

Whole Embryo Individual Cells
Mean Mean
copy copy
number Range numbe Range
Stage N (x10°) (x10°) CV n rx10) (x10) CV
26.9-
Oocyte - - - - 22 2494 6457 0.63
14.6-
2cell 24 3477 112.9-676.8 0.54 18 247 465.6 0.52
15.1-
4cell 13 196 85.9-4832 055 9 577 143.6 0.9

6cell &8 308.6 150.5-547.6  0.41 19 632 20.4-166 0.6

8 cell 23 2445 73.8-488.2 0.41 33 479 11.0-281 1.07
16-32
cell 12 286.1 73.8-671.3 0.52 11 184 4.9-38.0 0.61
Blasto-
cyst 15 280.8 56.7-667.1 0.68 - - - -

Table 5: Experimental data [186]: the amount of mtDNA in primordial germ cells at different
embryonic stages in mice. CV = coefficient of variance. n = number of primordial germ cells studied.

Stage Mean copy

dpc - days number Range
post coitus N (x10%) (x10%) CV
7.5 596 4.51 0.26-34.02 1.55
8.5 165 10.65 1.28-27.78 0.72
10.5 96 16.01 10.26-21.93 0.18
14.5 Male 1087 21.52 7.56-62.41 0.44
14.5 Female 1528 13.76 3.42-34.13 0.44
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Table 6: Experimental data [186]: Variation in the level of heteroplasmy between the offspring of
heteroplasmic female mice.

Proportion of Number of Variancein  Coefficient of
NZB genotype offspring heteroplasmy variation
in mother amongst
offspring
0.01 9 0.0001 0.9274
0.01 17 0.0000 0.6856
0.03 9 0.0086 3.0872
0.05 11 0.0420 4.0999
0.1 6 0.0135 1.1605
0.11 11 0.0068 0.7478
0.16 8 0.0266 1.0475
0.16 4 0.0281 1.0201
0.16 16 0.0227 0.9412
0.18 15 0.0065 0.3219
0.18 7 0.0034 0.4462
0.26 20 0.0199 0.5428
0.27 10 0.0066 0.3013
0.28 10 0.0244 0.4586
0.28 4 0.0165 0.5579
0.3 5 0.0215 0.4882
0.31 10 0.0233 0.4921
0.34 8 0.0115 0.3155
0.35 18 0.0208 0.4122
0.4 17 0.0093 0.2411
0.48 17 0.0125 0.2333
0.58 14 0.0118 0.1869
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Figure 27: (a) Comparison between the simulated number of mtDNA in each cell (solid circles) and
the actual number measured in pre-implantation embryos and primordial germ cells (open circles =
mean, with 95% confidence intervals for the laboratory data [186]). (b) The simulation model
reliably predicts the transmission of mtDNA heteroplasmy. At birth there is no significant difference
in the proportion of NZB mtDNA between different tissues, but post-natal segregation of mtDNA
genotypes leads to significant differences between the tail mtDNA and other tissues in adult mice
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(Dahl, et al. unpublished, and Ref. [254]). Given that the transmission of NZB heteroplasmy is
determined by random genetic drift [266], with an equal likelihood of an increase or decrease in the
proportion of mtDNA, we estimate the NZB % in the maternal primordial germ cell founders as the
mean level of heteroplasmy from the offspring at birth. Y axis = the percentage of NZB mtDNA in
the offspring. X axis = estimated NZB mtDNA in the founding primordial germ cells (PGCs) in a
single mother. Solid symbols and lines = 95% confidence interval (C.I.) for the predicted
heteroplasmy level using the simulation model (Figure 23c), based on the actual measurement of
mtDNA copy numbers during mouse development (Table 4 and Table 5). (c) Generation of the
heteroplasmy variance in the blastomeres and primordial germ cells in a mother with 50 % mutated
mtDNA. Simulation shows that much of the variation is generated around the time of implantation
and during PGC development. The predicted value corresponds with the actual value for a mother
with 58% NZB mtDNA (Table 6).

From our analysis of simulation output, we define the 95% confidence interval (CI)
for the mean NZB heteroplasmy data in founder PGCs and in the offspring. Based on a
conservative model of the median number of mtDNA per cell at 7.5 dpc, Figure 27b
shows that 91% of the experimental offspring NZB heteroplasmy levels fall within the
predicted 95% CI for the model. Delaying the onset of mtDNA replication by 12 hours in
the model (to simulate the variation observed in implantation time [267]), reduces the
mtDNA copy number at implantation approximately to the lower end of the measured
range in PGCs (Table 5) and increases the offspring heteroplasmy variance (Figure 27c).
From the analysis of these results (Figure 27), we estimate about 70% of variance in
offspring heteroplasmy is due to the drastic reduction in the number of mtDNA per cell
(~200) owing to physical partitioning of mtDNA into daughter cells during pre- and early
post-implantation development. The remaining 30% variance develops during the
exponential growth of the PGC population with high mtDNA replication rate leading to
an average mtDNA copy number of ~1500 per PGC. It is important to note that within
these 70% and 30% contributions to variance, there are several contributors such as the
relaxed replication of mtDNA and mtDNA degradation.

Taken together, these results suggest that individual mtDNA molecules segregating
during the mouse embryogenesis is enough to explain the mitochondrial genetic
bottleneck. Segregation of mtDNA grouped into nucleoids or mitochondria, as proposed
by some [255], or selection of a group of mtDNA, is not a requirement for the
mitochondrial genetic bottleneck.
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6 Chapter 6: MtDNA Dynamics in Cell
Culture

In chapter 5, we conclude that the segregation of individual mtDNA molecules during
mouse embryogenesis is enough to explain the mitochondrial genetic bottleneck. This
does not mean that groups of mtDNA compartmentalized into nucleoids or mitochondria
could not segregate as one unit at other times. While no studies have reported a direct
observation of the mtDNA segregation in the form of nucleoids during mammalian
embryogenesis, Cao, et al. [255] predict that such segregation is required to explain the
genetic bottleneck size.

To experimentally study the nature of mtDNA segregation in mammalian cell
cultures, an experimental group lead by Dr. Anton K. Raap approached us for simulations
to act as control for their experiments. The group is developing cell cultures of trans-
mitochondrial human cybrid cells derived from patients harboring inherited pathogenic
mtDNA mutations to study the segregation patterns of mtDNA during cell divisions.
How do we expect the mutant mtDNA proportion to vary if mtDNA segregate purely
randomly? If we produce the expected heteroplasmy variation assuming random mtDNA
segregation using simulation, the collaborators will have a scale to compare to, to help in
the interpretation of experimental results. Chapter 6 presents the mtDNA segregation
model developed to support these cell culture experiments.

6.1 Section 6.1: Model of heteroplasmy changes in cell
culture

Based on the cell culture requirements from the experimental group, we begin with a
single cell and simulate the formation and maintenance of a culture of heteroplasmic cells
over a time scale of 4 months. The initial cell undergoes cell division with a set mean
time between divisions. The cells divide until the simulated cell culture population
exceeds 1 million cells. The time required to achieve this population size is about 23 days
with a mean cell division time of 24 hours. This marks the end of first passage and 10%
of the cells are randomly sampled to initialize the next passage. In second passage, the
population is again allowed to grow to a population size of 1 million cells. Note that the
second passage will only require about 3.5 days. Again, a randomly sampled 10% cells
are taken from second passage to initialize the third sample. Each time the cell population
is randomly sampled at the end of each passage, the frequency of cells based on
heteroplasmy is computed and saved in twenty bins of 5% mutation load each (0-100%)
to produce the heteroplasmy distribution in cell culture. This simulation of cell culture
passages is continued for 4 months, modeling about 30 passages of the cell culture.

Table 7: Description of the cell culture simulation parameters and their typical values
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Parameters Values Description

STARTCELLNUMBER 100,000 Number of cells sampled at the
end of each passage and
initialized to heteroplasmy values
derived from experimental data

PASSAGESIZE 3.5 days (84 We allow cells (100,000) to grow

hours) and divide for exactly 3.5 days

EXPECTEDCELLNUMBER | 1,000,000 We allow the cells to grow and
divide in culture for 3.5 days (a
passage) during which we expect
about 10 times increase in cell
count.

SAMPLESIZE 100,000 At the end of each passage, we
randomly sample exactly 100,000
cells to bring back the total
number of cells in the system to
100,000. Same as
STARTCELLNUMBER.

PASSAGECOUNT 31 The maximum number of
passages of cell culture to
simulate

Tha 10 days Half life of mtDNA

(240 hours)

D 24 hours Mean time between cell division
(all cells divide randomly with
mean time separating their
divisions being D hours).

Niarget 1500 Target total number of mtDNA
per cell

Time step 1 hour Fixed time increments of
simulation

No symbol 1 cell to 1 million | Total number of simulated cells

for first passage.
100,000 to 1
million for all
other passages

The following events are modeled in cell culture: relaxed mtDNA replication,

mtDNA degradation, and cell division. Cell death due to high heteroplasmy levels is not
modeled here because the medium in which the cells are cultured do not require
functional mitochondria for their growth and survival. However, the cell death
mechanism is easy to turn on programmatically if desired in future.
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Table 7 describes the typical parameter values used in the cell culture simulations.
All these events are modeled as described in Section 4.2 and are tabulated in Table 8. A
typical 4 months simulation run of the cell culture requires about 2 hours of CPU time on
an Intel Pentium 4, 2.40 GHz CPU with 1GB RAM.

Table 8: Description of the events occurring in the cell culture simulation model

EVENT Description

Cell division Every cell has a fixed probability of
dividing during each timestep, At =
(In(2)*At)/D

When a cell divides, W and M mtDNA are
distributed to daughter cells using
binomial distribution and the total number
of cells in the system is incremented by 1.
MtDNA replication | All mtDNA (both W and M) replicate with
rate Ro = In(2)*Nyrges/ Thair

+ll/l(2) >l<]Vtarger/D

The number of W and M type mtDNA to
replicate is chosen using a binomial

distribution
MtDNA Number of W (and M type) mtDNA to
degradation degrade in one time step is calculated

using a Poisson distribution with mean =
In(2)*W*At / Thar (In(2) *M*At / Thay)

6.2 Section 6.2: Cell culture simulation results

We simulate the cell culture model (Section 6.1) for different input parameter values to
enable direct comparison with in vitro experiments. Since the cell culture experiments are
still in progress, we are keeping the preliminary experimental data confidential. However,
we present simulation results here.

In Figure 28, we show two simulation runs starting with a single cell with 50%
mutation load in culture, once with 1000 mtDNA per cell and once with 5000 mtDNA
per cell. The initial cell undergoes a series of cell divisions increasing the number of cells
exponentially. Due to the stochastic events of relaxed replication of mtDNA, mtDNA
degradation, and segregation of mtDNA to daughter cells during cell division, the
heteroplasmy in the simulated cells vary over time. At the end of each passage, the
numbers of cells with heteroplasmy within a range of mutation load are counted. As we
would expect and as is evident from Figure 28, the heteroplasmy in the simulated cell
culture spreads faster for the simulation run with smaller number of mtDNA per cell.
Since the experimental data was expected to be in the form of heteroplasmy distributions

56



Harsha Karur Rajasimha Chapter 6

at the end of certain passages (in between 1 to 31), we save the frequency data at the end
of each simulated passage.

1000 mtDNA per cell 5000 mtDNA per cell
100,000 End of first growth 400,000 ] End of first growth
28’888 of cell culture 300,000 of cell culture
40,000 - 200,000 -+
20,000 5 100000
0 E 0 4
5 106 T T T T T T T T T T T M Q_250’000 _ T T T T T T T
- End of 16th 2 200,000 ] End of 16th
DG.-) 105 passage O 150,000 ] passage
0 ‘5 100,000
© 104 » 50,000
O 8 0 ]
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Figure 28: Simulation results for two different mtDNA copy numbers (1000 and 5000) per cell
beginning with a 20% heteroplasmic cell. The population distribution is measured at the end of each
passage, just before the 10% sampling is taken. The width of each bin is 1% mutation level. There
are two special bins, at 0 and 100% mutation, for the cells that are fixed on wild-type and mutant
respectively. The random drift in the cell mutation level is fastest in the simulation with the lower
number of mtDNA per cell. In both simulations, the average mutation level taken over all the cells
remains steady at the initial value, since in this simulation there is no advantage or disadvantage to
the mutation.

Figure 29 shows the heteroplasmy distribution of simulated cells (initial cell at
50% heteroplasmy) at the end of several passages. The mean mutation load of the first
cell in the simulation is set based on the experimental value from collaborators. These
distributions generated by simulations can then act as controls for the distributions
derived from experiments. In this case, the distributions showed marked disagreement
with experimentally obtained distributions (data not shown). We conclude that the
mechanisms included in the simulation model are not sufficient to explain the cell culture
experiment results of our collaborators. The exact hypotheses are being made by our
collaborators and we keep these confidential until publication.
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Figure 29: Simulation result showing the spread of heteroplasmy in cell culture due to the stochastic
events of mtDNA replication, mtDNA degradation and distribution of mtDNA to daughter cells
during cell division. The peaks in frequency at 0% and 100% heteroplasmy indicate the number of
cells fixed at homoplasmy for wild-type or mutant mtDNA respectively. These distributions are to
serve as controls for the distributions generated for cell cultures by our collaborators. The initial
mutation load of the single cell that this simulation begins with, is set based on the input from

experiments.
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7 Chapter 7: Mitochondrial Morphologic
Dynamics Model

Chapter 7 presents the mitochondrial morphologic dynamics model. Initially in this
study, we aimed for a more complex model involving mitochondrial mass, growth,
damage, and degradation in a dividing cell culture with the goal of analyzing the results
reported by Jendrach, et al. [97]. However, from the model development process, it
became apparent that it was too complex to understand the interplay between various
mechanisms and simulation parameters simultaneously. We realized that a much simpler
model was sufficient to address the basic question of how the cell controls mitochondrial
morphological balance. So, we scaled down to a much simpler model focused on
understanding the basic control process by which the cell balances the rates of occurrence
of fission and fusion events. We present this simplified model and results here.

7.1 Section 7.1: A model of mitochondrial morphologic
dynamics

Fusing mitochondria

Mitochondria

cytoplasm

Dividing mitochondria

Figure 30: Diagrammatic representation of the mitochondrial morphologic dynamics model.
Mitochondria of different masses are shown. Mitochondrial morphologic events fusion and fission
are depicted. MtDNA are not modeled. This picture is a simplified version of the diagrammatic
model in Figure 3.
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We model about 100 to 200 mitochondria in a non-dividing post-mitotic cell with
each mitochondrion initialized to a mass of 1 unit. These mitochondria undergo the
stochastic events of fusion and fission. As an effect, these processes will cause the
mitochondrial mass distribution in the cell to spread out. Each mitochondrion is modeled
as a C++ object with its size or mass as an instance variable. Programmatically, it is easy
to model additional mitochondrial characteristics such as the extent of damage
accumulated in a mitochondrion or its inner membrane polarization state.

7.1.1 Mitochondrial fusion

Two mitochondria can fuse together to become one larger mitochondrion. When a
fusion event occurs, the mass of the resulting mitochondrion will equal the mass of the
two fusing mitochondria. The rate of occurrence of mitochondrial fusion event in a cell
depends on the whether mitochondria fuse one end-to-one end (Figure 31), one-end-to-
anywhere (Figure 32) or anywhere-to-anywhere (Figure 33). In order to keep the
simulation flexible and to study the feasibility of the three fusion models, we have
implemented all three alternatives and support the choice of using one of the three models
during a simulation run. In any of the three fusion models, the following adjustments
should happen in the system:

1. The mass of the resulting larger mitochondrion will be equal to the sum of the fusing
mitochondria.

2. The total number of mitochondria in the cell is decremented by one.

3. The total mitochondria mass in the cell remains the same.

End-to-end fusion model: In this model (Figure 31), the assumption is that a
mitochondrion can only fuse with another mitochondrion at one of its two “ends”. Hence,
if there are N, number of mitochondria in the cell at time ’t’, then the mean number of
fusion events occurring in the cell is proportional to the square of the number of ends (N,
xN,).

Figure 31: Illustration of the end-to-end fusion of mitochondria

The mean number of fusion events occurring in a time step at time t,

R, = FusAXN,” (10)

where,
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K
FusA = % (11)
N target

where Ky, is a constant and N4, 1S the target total number of mitochondria in the cell ().
Hence,

(12)

End-to-anywhere fusion model: In this model (Figure 32), the assumption is that at
least one end of one of the two mitochondria is needed for mitochondrial fusion. One end
of a mitochondrion can fuse at any site on the surface of another mitochondrion. Hence,
if there are N, mitochondria in the system at time ’#’, then the mean number of fusion
events occurring in a single time step in the cell is proportional to the number of ends
times the mass of mitochondria at time ‘¢’ (N, x M,). This assumes that the shape of the
mitochondria is cylindrical, with constant diameter. Thus, increasing surface area
corresponds to increasing mass.

Figure 32: Illustration of the end-to-anywhere fusion of mitochondria
The mean number of fusion events occurring in a time step in the cell with end-to-
anywhere fusion model at time t,

_ FusAXN XM XN o0 13
fus — M ( )

target

where M, is the total mitochondrial mass at time t and 7., is the target mitochondrial
mass in the cell (Figure 32). Hence, using the value for FusA from Equation (11),

K s XN XM,
N XM

target

Rfus = (14)

target

Anywhere-to-anywhere fusion model: In this model (Figure 33), the assumption is that
two mitochondria can fuse together at any sites on their surfaces. Hence, if there are N,
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mitochondria in the system with mass M, at time ’¢’, then the mean rate of fusion events
occurring in the cell is proportional to square of their mass, i.e., M, x M,.

Figure 33: Illustration of the anywhere-to-anywhere fusion of mitochondria

The mean number of fusion events occurring in a time step in the cell with anywhere-to-
anywhere fusion model at time t,

2 2
Rﬁ“ _ FusAXN~=,xM~, (15)
2
M target
Hence,
K, xXN* xM?
Rfus _ 2ﬁts t . t (16)
N target XM target

7.1.2 Mitochondrial fission

Mitochondria undergo frequent fission or division to produce smaller mitochondria. The
exact mechanism and sites of fission are yet to be ascertained. While inner membrane
potential is shown to be a requirement for mitochondrial fusion [76], its role in
mitochondrial fission is not decisive. It is generally believed that one of the two daughter
mitochondria will lose its membrane potential and becomes depolarized upon fission
[79]. It is not necessary that the two daughter mitochondria be identical or even of the
same size. There are many ways we can choose the site of fission. For choosing the point
of fission, we randomly choose somewhere within the middle 20% to 80% area of the
mitochondrial mass. Mitochondria that undergo fission during a time step can either be
sampled randomly or be sampled based on their masses. In our model, the probability of
mitochondrial fission is proportional to its mass. A fission event increases the total
number of mitochondria by one.

We model mitochondrial fission as a mechanistic event wherein the dynamin

proteins pinch the mitochondrion at a specific site to result in two daughter mitochondria.
The number of fission events in the cell in a given time step is modeled as a constant rate.
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7.1.3 Balance between fission and fusion

To understand the balance in the rates of occurrence of fission and fusion events in a cell
over time, we develop a simple model of the mitochondrial morphologic dynamics
(Figure 30). We model a single non-dividing post-mitotic cell with no cell division
events. The model does not account for the effects of cell cycle on the mitochondrial
morphology as this is not relevant to the question we are trying to answer. The model
also excludes mitochondrial damage, growth, and degradation. We had earlier
implemented the effects of cell division, mitochondrial damage, growth and degradation
in the model. We simply “switch off or disable” these processes from occurring in our
simple model. We simulate all three models of mitochondrial fusion. We typically
simulate about 100 mitochondria in a cell with the mass of each mitochondrion = 1.0.
The mass is allowed to vary from 0.0 to 20.0. The mitochondrial mass varies only as a
result of the stochastic occurrences of fission and fusion events. We assume that all
mitochondria are initialized to a polarized state and that they will remain in that state
throughout the simulation.

The key questions of interest for us from the model are

1. How does the cell tightly balance the rates of fission and fusion events as observed in
literature [97] in human cells in culture?

2. The tight balance is shown to be at a much higher rate for young proliferative cells
than for old post-mitotic cells in culture. What controls the rate at which the fission
and fusion event rates are balanced at?

In answering these questions by utilizing experimental data, we need to pay particular
attention to the time scales of measurements. The events occur almost instantaneously
and the methods used to measure the rate of these events need to be carefully considered
before directly comparing them to simulation results.

We will show that the process of simulation model development lead us to an
analytical deterministic model as well. While the deterministic model is not useful to
study the stochasticity of the system, it can be used to quickly compute mean values of
the required parameters without having to do any simulation.

7.2 Section 7.2: Deterministic model

The process of development of the stochastic simulation model of mitochondrial
morphology helped us arrive at a deterministic solution. In this section, we present the
deterministic mathematical model for the morphologic dynamics model. In this model,
the total mitochondrial mass in the simulated cell is a constant. The only variable in the
model is the total number of mitochondria in the cell which varies as a function of fission
and fusion events occurrences. The rate of occurrence of fission events is set to a constant
value. The rate of occurrence of fusion events varies depending on the model chosen for
mitochondrial fusion (Equations (10), (13), and (15)).
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Table 9: Mitochondrial morphologic dynamics model parameters, descriptions and their values

Parameters | Typical Values Description
Ryis 0.16 Constant rate of mitochondrial fission
Ry Depends on the Rate of mitochondrial fusion is set
chosen fusion model. | depending on the fusion model chosen
Refer to equations (end to end, end to anywhere, or
(12), (14), and (16). anywhere to anywhere).
N, 0-1000 Number of mitochondria in the cell at
time ‘t’
Niarger 100 Target total number of mitochondria in
the cell
At 1.0 min Simulation time step
M; 100.0 Total mass of mitochondria in the cell at
a given time t
Mturger 100.0 Target total mitochondrial mass
FusA Kpus! N’ targer = 1000
where K, =0.1

Let N, be the number of mitochondria in the simulated cell at time ¢.
The number of mitochondria N4, in a cell following end to end fusion model at time
(t+At1) 1s given by

N

:Nt + Rﬁs X At — Rfus X At (17)

(t+At)

Where Ry, is the constant rate of mitochondrial fission and Ry, is the rate of
mitochondrial fusion.

Case 1: End-to-end fusion of mitochondria
Using the Ry, value for end to end fusion model from Equation (12),

K, X N>xAt

2
target

N,

wian =N, + Rus x At — (18)

The change in the number of mitochondria in time step At is given by,

2
N(1+Az) - Nz Kfus X Nz
= Rps - ———

At N?

target

(19)
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Case 2: End-to-anywhere fusion model

The total number of mitochondria in a cell following end to anywhere fusion model at
time 7+At, is given by

M
Nuiany = Np + Rgg X At — FusA X Ny X N X X At (20)

target
M target

Where Ry; is the constant rate of mitochondrial fission and Ry, is the rate of
mitochondrial fusion given by Equation (13).

The change in the number of mitochondria in time step At is given by,

N(I+At)'Nt:R' . KfusXNtXMt
At =N xM

target

2D
target
Case 3: Anywhere-to-anywhere fusion model

The total number of mitochondria in a cell following anywhere to anywhere fusion model
at time #+At, is given by

FusA x N2, XM >

N (t+Ar) = N, + R fis X At — 3 arsel (22)
M target
Where Ry, is the constant rate of mitochondrial fission and Ry, is the rate of
mitochondrial fusion given by Equation (15).
The change in the number of mitochondria in time step At is given by,
Nisan-N KX M/
(t+it) t _ Rﬁ‘s _ fus2 t (23)
t M target
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7.3 Section 7.3: Results

7.3.1 Steady state analysis

We present the results of the steady state analysis of the morphologic dynamics model
for the three fusion cases. We prove that, of the two fusing mitochondria, at least one end
of a mitochondrion is needed for the cell to balance mitochondrial fission and fusion
(Equation (26)). We emphasize here that the deterministic model of morphological
dynamics came as a desirable by-product of the simulation model development process.
From the comparison of the results from stochastic simulations with those from the
deterministic model, we show that fluctuations (standard deviation) in the mitochondria
number can only be learned from the stochastic simulations. While the deterministic
model is a simple solution to the mean number of mitochondria in the cell, stochastic
simulations model the additional (natural) variation in the number of mitochondria in the
cell. The steady state solution for the total number of mitochondria in the morphologic
dynamics model at a given time t, is presented for the 3 cases representing the three
different mitochondrial fusion models.

Case 1: Steady state solution for the total number of mitochondria with end—to—end
Jfusion model

At steady state,

N (t+A1) — N,
Hence, from Equation (19),
K, x N?
fi t
0 = RﬁS - ]\I;;
target
2
R - K fus X N,
fis — N2
target

(24)
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Case 2: Steady state solution for the total number of mitochondria with end—-to—
anywhere fusion model

At steady state,

N(t+At) -N, =0

Hence, from Equation (21),

FusA X N, X N, XM,

0=R. — target
fi
v M target
R - Kfusx N, x M,
s =
v N target XM target

Hence, the steady state solution to the mitochondria number in this case is given by:

x Ntarget (25)

target

Kfustt

N, = Rﬁsx M

Case 3: Steady state solution for the total number of mitochondria with anywhere—to—
anywhere fusion model

At steady state,

Hence, from Equation (23)

K, x M>
fi t
0= Rﬁs _ us -
target
2
R Kfusx M, (26)
fis 2
M target

No steady state solution!

There is no N, term in this equation. i.e., there is no steady state solution for N; in the
anywhere-to-anywhere fusion model. This is a mathematical proof for that at least one

67



Harsha Karur Rajasimha Chapter 7

end of a fusing mitochondrion should be involved for mitochondrial fusion in order for
the cell to balance mitochondrial fission.

7.3.2 Comparison of steady state solutions from deterministic and
stochastic models

Figure 34 shows the fluctuations in the number of mitochondria in the cell obtained by
stochastic simulation. The mean value for the mitochondria number in cell obtained from
simulation closely matches the value obtained from the deterministic steady state solution
(Equation (24)).

180 - . . .
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Figure 34: Simulation result: Fluctuations in the number of mitochondria in the cell due to stochastic
occurrences of fission and fusion events. The fusion model chosen is end-to-end. The value for the
steady state solution for the mean number of mitochondria in the cell derived from stochastic
simulation = 126.06, very close to the value obtained from deterministic model (=126.5, indicated
with a horizontal blue line). Note that the number predicted by simulation is slightly less due to the
starting condition (start with 100 mitochondria).
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7.3.3 Effects of changes in the rates of fission and fusion
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Figure 35: Variation in the number of mitochondria in the cell as a function of time. The simulation
is setup to systematically vary the rates of fission and fusion in 9 passages (see text). Each increase
and decrease in fission and fusion rates is done by a factor of 4.

To study the effects of changes in the rates of fission and fusion events on the number of
mitochondria and mean mitochondrial mass in the cell, we set up a systematic simulation
run as follows: We initialize the simulation parameters to values described in Table 9.
Note that we start with an initial 100 mitochondria in the cell with the mass of each
mitochondrion = 1.0. The number and mass of mitochondria in the cell vary during the
course of the simulation due to the stochastic occurrence of fission and fusion events. We
choose the end-to-end fusion model for this study. After some time, the number and mean
mass of mitochondria reach steady state values of about 126 and 0.8 respectively.

The specific questions we are interested in here are: How does the cell respond to
changes in the rates of fission and fusion events? If the cell needs to change the
mitochondrial morphology, will it do so by altering the rate of fission or by altering the
rate of fusion? To answer these questions illustratively, we systematically perturb the
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steady state cell by subjecting it to 9 passages (each passage size of ~35 days) (Figure 35,
Figure 36 and Figure 37):

1.
2.

In passage 1, mitochondria number reaches steady state value of 126.5.

In passage 2, we increase the rate of fission, Rp, by 4 times. This results in
doubling of the number of mitochondria in the cell and attains a new steady state.
The result is consistent between stochastic and deterministic models (square root
of 4 =2 in equation(24)).

In passage 3, we decrease the rate of fission, Rg, by 4 times. As we expect, the
mitochondria number returns back to the initial steady state value of around
126.5.

In passage 4, we again decrease the rate of fission, R, by 4 times. The
mitochondria number now drops to half its initial value as we would expect from
the deterministic solution in equation(24).

In passage 5, we increase the rate of fission, Rs, by 4 times to bring back the
mitochondria number to initial steady state value of around 126.5. This completes
the perturbation of fission in both directions (increase and decrease).

Similarly, in passages 6-9, we perturb the regained steady state by altering the
fusion rate to double and halve the mitochondria number. Since Kj, is in the
denominator of equation(24), increasing fusion results in decreased mitochondria
number and vice versa. The results are again consistent between deterministic
model and stochastic simulation (Figure 35).

At regular intervals (every 100 minutes) during the simulation, we save the average
number, mass of mitochondria, and the number of occurrences of fission and fusion
events. We compute these numbers by averaging over a 100 minute window (note that
each simulation time step = 1 min).

From data not shown, the standard deviation (=0.74204) for the steady state mean
mitochondria mass in the cell as obtained from simulation is almost equal to the mean
mass (0.7874) itself, suggesting that the mass of individual mitochondria follow
exponential distribution. We verify this by plotting the masses of individual mitochondria
saved at specific time intervals (every 900 time steps) during the simulation. Figure 36
shows the mitochondrial mass distribution at approximately, the beginning, middle and
end of the simulation run.
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100 - Distribution of mitochondrial mass in cell
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Figure 36: Mitochondrial mass distribution in the cell in passages 1, 5, and 9 of the simulation run.
The rates of fission and fusion are varied as described for Figure 35.

Figure 37 shows the plot of actual number of fission and fusion events occurring
in the cell counted in 100 min time slots. Observing at the regions of passages 6-9 in
Figure 37, we conclude that the rate of fusion events adjusts itself to match the rate of
fission events depending on the number of mitochondria at a given time. By substituting
the steady state mitochondria number (126.5) in equation(24), we get the number of
fusion events occurring at steady state.

7.4 Section 7.4: Discussion

Experiments [268] suggest that the cell switches its mitochondrial morphology
between reticular and split mitochondria. When the cell needs to shift towards a split
mitochondrial network (due to yet unknown signaling mechanisms), the cell has two
ways of increasing its mitochondria count: (1) by increasing the rate of fission or (2) by
decreasing the rate of fusion. Similarly, if the cell needs to change back to the reticular
mitochondrial morphology (decrease the mitochondria number), the cell may either (1)
decrease the rate of fission or (2) increase the rate of fusion. It is not clear yet, which one
or both of these choices are made by the cell in controlling mitochondrial morphology.
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Figure 37: Actual number of fission and fusion events occurring in the cell through out the
simulation run. Note that the number of fusion events adjusts itself to match the number of fission
events, but not vice versa.

Our modeling study suggests that the effect of increasing (or decreasing) the rate
of fission, produces the same effect on the steady state number of mitochondria in the cell
as decreasing (or increasing) the rate of fusion. This is an intuitive result. However, an
important result is that in this model, the cell adjusts the rate of fusion to match the rate
of fission. But the cell cannot adjust the rate of fission to match the changing rate of
fusion. Experimental data on the rates of mitochondrial fission and fusion at different
phases of cell cycle will help in testing this hypothesis.
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8 Chapter 8: Conclusions and Future
Directions

Chapter 8 summarizes the results and original contributions of this dissertation. We
highlight important research directions for focusing future efforts in the area of
mitochondrial genetic and morphologic dynamics.

8.1 Section 8.1: Mitochondrial genetic dynamics model

In Chapter 4, we presented the mitochondrial genetic dynamics simulation model of
mtDNA heteroplasmy variation due to the random processes of relaxed mtDNA
replication, mtDNA degradation, mtDNA segregation during cell divisions, and cell
death in a population of cells. By applying the mitochondrial genetic dynamics model to
the hematopoietic stem cell system, we illustrated a powerful way of analyzing clinical
data. Based on this analysis, we hypothesize that the decay of mtDNA heteroplasmy in
blood is exponential, and not linear as reported in earlier literature. A clinically relevant
result from the study was that the blood heteroplasmy measurements are a good
approximation of the blood stem cell heteroplasmy. We propose for the first time, a way
to correct for the age in the analysis of heteroplasmy data. We conclude from the
simulation study that random genetic drift and selection at the cellular level explain the
clonal expansion of mtDNA.

In Chapter 5, we developed simulation to directly model the mitochondrial
genetic bottleneck during mouse embryogenesis by closely working with experimental
collaborators. We demonstrated that grouped mtDNA segregation is not required to
explain the genetic bottleneck. We conclude that partitioning of mtDNA into daughter
cells during blastocyst formation and relaxed replication of mtDNA during the
exponential growth phase of PGCs explain the variation in heteroplasmy inherited by
different offspring from the same mother.

The cell culture model described in Chapter 6 is another application of the
mitochondrial genetic dynamics model. The study highlights the importance of including
simulation as a control in experimental design. Overall, we have contributed a novel and
powerful in silico tool to study the mtDNA heteroplasmy variation occurring both in, in
vivo and in vitro systems and also in post-mitotic and proliferating cell populations.

Mitochondrial genetic dynamics is an interesting field of research with several
unsolved puzzles. We highlight some key questions to pursue as a follow up to our work.
We showed that selection at the cellular level (cell loss above a certain threshold
heteroplasmy) against pathogenic mtDNA mutation contributes to the exponential decay
in blood heteroplasmy. Whether there is additional selection at the molecular level still
remains a question. Since decay is observed mainly in blood, how do we explain the
mechanisms leading to clonal expansion in post-mitotic tissues? We showed that the
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decay for a specific MELAS mtDNA mutation (3243A>QG) is exponential. Does the
exponential decay apply to all mtDNA point substitution mutations? We addressed this
question partially and showed that it does not apply to low penetrance mutations
(LHON).

The genetic dynamics model described in this dissertation is focused around
inherited mtDNA mutations and not acquired mtDNA mutations. We do know that
mtDNA acquire new somatic mutations due to various DNA replication errors. One of
the factors affecting the accuracy of mtDNA replication is the DNA precursor pool
asymmetry [269]. Acquired mtDNA mutations have been observed in the muscle tissue
of older humans [270-274]. Samuels, et al. [275] have previously simulated this process
in post-mitotic cells and in the stem cells for colon crypts [276]. The basic idea here is,
during each mtDNA replication event, there is a small probability of mtDNA acquiring
new mutation(s). This can be easily incorporated into our current simulation by adding a
Poisson process to the replication subroutine, to calculate the number of acquired mtDNA
mutants during each time-step. Comparison of Samuels, et al. [277-279] previous models
with experimental data indicates that a mutation probability of approximately 5x107 per
replication reproduces the clonal expansion behavior seen in reality. Alternatively,
acquired mtDNA mutations are independent of the replication mechanism. In this case,
we will need to model the rate of acquiring a mutation by a constant rate instead of
basing it on the replication rate. We will have to make a choice between the two models
if we choose to pursue the study of acquired mutations.

With a genetic dynamics model for acquired mutations, we can ask the question,
given the probabilities of occurrences of all known pathogenic mtDNA mutations, what
is the probability of a mitochondrial disease occurring in an individual? in a population?
We can then conduct population genetic studies on the rates at which these diseases are
occurring in a particular geographic/ethnic group. Results from the stem cell model and
the mouse embryo model have direct application to genetic counseling to elderly citizens
and pregnant women on their risks of acquiring or passing on mtDNA diseases to
offspring. Hence, enhancing our genetic dynamics model to study the effects of acquired
mtDNA mutations is a valuable direction to pursue.

8.2 Section 8.2: Mitochondrial morphologic dynamics
model

The mitochondrial morphologic dynamics model (Chapter 7) reveals that the cell’s
options in controlling mitochondrial morphology and function. We propose that the cell
has the ability to adjust the rate of fusion to the independently changing rates of fission.
We have proposed a simple deterministic model for the cell’s balance between
mitochondrial fusion and fission events.

The morphologic dynamics model described here has the potential and flexibility
to be enhanced for further study of the mitochondrial morphology and its role in
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apoptosis. In particular, we can extend the model to include mitochondrial damage and
lysosomal degradation to study the feasibility of the lysosomal-axis theory of ageing.
Because mitochondrial fission and fusion require mitochondrial inner membrane
potential, we can add the inner membrane polarization state (polarized or depolarized).
This may result in failed attempts of fission and fusion, since depolarized mitochondria
cannot undergo these events. Study of the mitochondrial morphology changes, during
different phases of the cell cycle is an exciting direction to pursue. Being able to simulate
the effects of knocking out various proteins involved in fission and fusion (in terms of
how each protein affects the probability of success of an attempted fusion or fission)
would be a good goal to pursue.

Finally, the grand challenge is to integrate the mitochondrial genetic and

morphologic dynamics model to study the combined effects at increasing levels of
abstraction from molecular, cellular, tissue, organ, organism, up to population level.
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HARSHA KARUR RAJASIMHA B.E., M.S., Ph.D.

URL: http://www.linkedin.com/in/HarshaRajasimha

Email: hrajasim@vt.edu

Harsha is the second son of Mrs. Vani Rajasimha and Mr. Karur Rajasimha, M.Sc. born
on December 21*, 1978 at Bellary city in India.

OBJECTIVE:
A full time position in bioinformatics research and software development for biomedical
application

EDUCATION:
Doctor of Philosophy (PhD), Interdisciplinary program in Genetics, Bioinformatics, and
Computational Biology (computer science track): Fall 2007

Virginia Polytechnic Institute and State University (Virginia Tech), Blacksburg, VA
Dissertation: ''Insights into Mitochondrial Genetic and Morphologic Dynamics
Gained by Stochastic Simulation''; Advisor: Dr. David C. Samuels; GPA: 3.6/4.0

Master of Science (MS), Computer Science and Applications: Dec 2004
Virginia Tech, Blacksburg, VA
Thesis: '""PathMeld: A Methodology for the Unification of Metabolic Pathway

Databases' GPA: 3.7/4.0
Bachelor of Engineering (BE), Computer Science and Engineering: Sep 2000
Dr. Ambedkar Institute of Technology, Bangalore, India; GPA: 75% (~3.7/4.0)
WORK EXPERIENCE:

Software Engineer (June 2004 - present), Cyber Infrastructure Group, Virginia
Bioinformatics Institute, Blacksburg, VA 24061
Point of contact for all biological pathways related resources and issues
Design, develop, and deploy Java and XML based bioinformatics web-services.
Develop visualization plugins in Java Swing to import pathways in XML and
semantic web based standards — SBML and BioPAX.
Mine biological pathway data from Metacyc, KEGG and Bnet databases. Software
memory performance tuning using DevPartner package.
Evaluate and recommend generic pipeline workflow development software for
automating genomic sequence analysis pipelines.
Lead a computer science based team effort on pathway data integration, curation,
visualization, and analysis for drug target discovery.
Project management using Vertabase software.
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Graduate Research Assistant (Dec 2002 - May 2004), Virginia Bioinformatics
Institute, Virginia Tech, Blacksburg, VA
Stochastic modeling and agent-based simulation of mitochondrial DNA (mtDNA),
mtDNA mutation dynamics and mitochondrial morphologic dynamics in a cell,
Nucleotide pool (ANTP) modeling, simulation of the mitochondrial toxicity of a HIV
drug (AZT) and cell culture simulations.
All models are developed and applied to answer specific biological questions and the
results are published in journals.

Programmer (Sep 2002 - Dec 2002), Information Systems and Insect Studies lab,
Virginia Tech, Blacksburg, VA
Convert a Java application to applet. The application supported creation and editing
of concept maps.

Microsoft Intern Summer 2002, XML Enterprise Services, Microsoft, Redmond,
WA

Develop and implement test cases for the COM+ team.

Integrate multiple leak detection tools and identify potential memory leaks

Programmer (Feb 2001 - May 2002), Multimedia Lab, Virginia Tech, Blacksburg,
VA

Java implementation of a movie scheduling system;

Text book conversion using Adobe Illustrator;

Develop online survey and web publish results of survey;

Java Developer Intern (Sep 1999 - Jul 2000), Center for Development of Advanced
Computing (CDAC) [Government of India]
Develop webmail client using Java mail API, Jdk1.2, JWS2.0, and JSDK

Lecturer (Sep 2000 - Dec 2000), Department of Computer Science, Dr A.L.T,
Bangalore, India
Teach Logic Design, Computer Networks, and Data Structures with C

PROJECTS ON WHICH EMPLOYED:

PATRIC: PAThosystems Resource Integration Center (http://patric.vbi.vt.edu)
Funded by NIH through NIAID to PI: Dr. Bruno Sobral (2004-2009). PATRIC is one
of 8 Bioinformatics Resource Centers (BRCs) in USA funded by NIAID, NIH.

The goal of the project is to analyze raw genomic sequences of pathogenic bacteria
and viruses to enable the prediction of vaccines, diagnostics and therapeutics.

My contribution (06/2005 — present): Lead a computer science based effort to
evaluate and recommend software solutions to predict, annotate and visualize
metabolic pathways in bacteria, given their genomic annotations.

Recommended and integrated Pathway tools software into the PATRIC system. We
implemented the computational prediction of metabolic chokepoints and other
pathways analyses targeted towards therapeutics.
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PathPort: Pathogen Portal (http://pathport.vbi.vt.edu/main/home.php)
Funded by DOD to PI: Dr. Bruno Sobral (2002-2007)
The goal of the PathPort project is to develop sequence analysis and bioinformatics
webservices and visualization plugins to study various pathogenic bacteria and
viruses posing a biothreat.
My contributions (06/2004-01/2006): Develop a webservice to mine metabolic
pathway data, develop pathway visualization plugin to import pathway data in
standard XML formats such as SBML and BioPAX, and perform software
performance evaluation and tuning.

Biodefense Proteomics Resource (http://www.proteomicsresource.org/default.aspx)
$8.7million grant awarded by NIH through NIAID to Social and Scientific Systems,
Inc, teaming with VBI and Proteomics Information Resource
The goal of the project is to accumulate, store, retrieve, and disseminate proteomic
experimental data.

My contributions (06/2005-01/2007): Integrate visualization plugin for yeast-2-
hybrid experimental data and integrate proteomics data with the PATRIC project.

COURSE PROJECT WITH EXTERNAL CLIENT:
Global Market Research (GMR) Project: International Marketing Analysis and
Market Entry Strategy for a Virginia based software firm
GMR is a unique resource offered by Virginia Economic Development Partnership's
(VEDP) Division of International Trade to link Virginia businesses interested in
exporting international markets with the talent pool concentrated in graduate business
schools throughout the commonwealth.
GMR project is a 3 hour elective offered through the MBA program.
Generally it is limited to MBA candidates, but since the project involved marketing a
software product, students from computer science were invited into the project team
of four - two from MBA and two from computer science.
My team leader role in this project was a rewarding experience.
The project involved international market research of document control software
product, recommending the market with the greatest potential, developing market
entry strategy and making recommendations on advertising.

PUBLICATIONS:
HK Rajasimha, PF Chinnery, DC Samuels; Selection against pathogenic mtDNA
mutations in a stem cell population: The loss of the 3243 A>G mutation in blood;
American Journal of Human Genetics; Feb 2008; Accepted for publication; In Press
LM Cree, DC Samuels, SC de Sousa Lopes, HK Rajasimha, P Wonnapinij, JR
Mann, HM Dahl & PF Chinnery; A reduction in the number of mitochondrial DNA
molecules during embryogenesis explains the rapid segregation of genotypes. Nature
Genetics; Dec 2007; Accepted for publication; In Press
Snyder EE, Kampanya N, Lu J, Nordberg E, Karur HR, Eckart JD, Kenyon R, Will
R, Setubal J, Sobral B: The VBI PathoSystems Resource Integration Center
(PATRIC); Nucleic Acids Research: Database Issue; 2006

95



Harsha Karur Rajasimha

HK Rajasimha, DC Samuels, and RE Nance; A simulation methodology in
modeling cell divisions with stochastic effects; Proc. of the Winter Simulation
Conference 2004; Washington DC

SYMPOSIUMS AND WORKSHOPS:
Participant, BioPAX Development Meeting: June 20-21, 2006; Cold Spring Harbor
Lab, NY
Presenter, First Annual Virginia Bioinformatics Institute Research Symposium.
March 23-24, 2006, Blacksburg, VA
Title: “Integration of metabolic pathway databases”
BioPAX Symposium and Workshop (International): Nov 15-18, 2005, Tokyo, Japan.
Title: “Pathways support in Pathogen Portal”

TALKS:
For a list of technical talks delivered, refer http://staff.vbi.vt.edu/hrajasim/talks.html

COMPUTER SCIENCE RELATED COURSES:

Information Visualization, Software Engineering, Internet Software, Usability
Engineering, Operating Systems, Computer and Network Architecture, Design and
Analysis of Algorithms

BIOINFORMATICS RELATED COURSES:

Algorithms in Bioinformatics, Computational Systems Biology, Statistics in Research,
Continuous Models for Biological Applications, Problem Solving in Bioinformatics,
Database design for signaling networks in plants, Cell Biology and Genetics,
Computational Biochemistry for Bioinformatics, Issues in Bioethics, Seminars.

TECHNICAL SKILLS:
Languages: C, C++, C#, Java, XML, UML, ‘R’ statistics package, RDF/OWL
Source version control: CVS, SVN
Operating Systems: Windows 9x/2000/NT/. NET server, Linux
Databases: Postgres, Oracle, MS Access, SQI Server 2000
Servers: Apache Tomcat and Axis deployment, Blazix
Software performance & project management: DevPartner, Vertabase
Bioinformatics skills: Pathway tools, GO, SBML, BioPAX, KEGG, Integration of
databases, Reactome, Cell designer, COPASI, Modeling & simulation

ACTIVITIES/HONORS:
Certification in training for human subjects protection, Virginia Tech, VA
Secretary of The Interior and Co-Social Director, Computer Science Grad Student
Council, Virginia Polytechnic Institute and State University, Blacksburg, VA
First Place, district level inter-collegiate Elocution Competition, Gulbarga, India
Volunteer, International Mega event Bangalore.IT.COM

REFERENCES:
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Dr. David C. Samuels, Assistant Professor, Virginia Bioinformatics Institute
(dsamuels @vbi.vt.edu) Phone: 540-231-8999

Mr. Eric Nordberg, Senior software engineer, Virginia Bioinformatics Institute,
(enordber @vbi.vt.edu) Phone: 540-231-5353

Dr. Joao Setubal, Associate Professor & Deputy Director of Virginia Bioinformatics
Institute, (setubal @vbi.vt.edu) Phone: 540-231-9464

97



