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CHAPTER 1

Introduction

1.1 Theories of cancer persistence

Cancer is a major public health burden: it is the second leading cause of death in the United States, with
1,958,310 new cases and 609,820 cancer deaths projected for 2023 [2]. Nearly 50 years ago, Peter Nowell
characterized cancer as an evolutionary process, undergoing Darwinian selection where a mutation in one
cell leads to a tter tumor subclone—better able to withstand nutrient-poor conditions and immune pres-
sures—that expands to populate a large portion, if not majority, of the tumor population [3, 4]. Treatment
based on mutations, successful in some situations, was thought to fail when tumors included multiple sub-
clones and a tter subclone, unaffected by drug, continued to grow during and after treatment. In the ensuing
years, two views were built upon: the view of phenotypic rather than genetic heterogeneity - a tter phenotype

if not genotype that could continue to grow despite treatment; and the cancer stem cell (CSC) theory - where
a multipotent cancer cell could repopulate an entire tumor if not eradicated [5, 6]. Phenotypic heterogeneity
and the CSC view were considered analogous to cell behavior in organism development and upkeep, where
less-differentiated cells populate a tissue with more-differentiated and tissue-speci ¢ cells, and tissues are
made up of multiple phenotypes.

Lung cancer is the leading cause of cancer death among men and women in the United States, with
small cell lung cancer (SCLC) the most aggressive subtype. SCLC on its own is the 8th leading cause of
cancer death, with a projected 35,751 cases and 19,060 deaths in the United States in 2023 [7, 2]. Neatrly all
SCLC tumors have somatic mutations inactivating TP53 and RB1, [8] yet the knowledge of this relatively
homogeneous mutational landscape did not lead to improved treatment options. SCLC has been determined
to be phenotypically heterogeneous across tumors, with varying phenotypic subtypes that may exist singly
or as multiple phenotypes within the tumor [9]. This heterogeneity, and phenotypic transitions and trophic
support between subtypes, [10, 11] is thought to underlie typical SCLC behavior. Initial therapy overall
response rates are high at 80%, yet, the vast majority of SCLC cases recur and lead to death within 2 years of

diagnosis [12].

1.2 Mechanistic modeling applied to cancer
Mechanistic modeling has improved our understanding of cancer dynamics. In 2011, Gupta and colleagues
[13] found that breast cancer cells they had characterized as non-stem were able to grow to redapitintate

equilibrium populations that included CSCs - indicating de-differentiation activity. Their model predicted un-



expected cell growth dynamics during the growth process from the sorted, single-phenotype population to the
equilibrium population, which they validated experimentally [13]. These results indicated that the hierarchi-
cal view of the CSC and more-differentiated tumor cell phenotypes that can arise from it was not accurate:
any cell in the tumor population could undergo a phenotypic transition not only into the less-differentiated
CSC, but into any of the phenotypes present in the population at equilibrium. Others continued to model
heterogeneous populations and their return to equilibrium after perturbation, [14, 15, 16] or adaptation to a
new equilibrium given a prolonged insult [17, 18, 19]. Paudel and colleagues [20] investigated, quanti ed,
and modeled equilibrium populations and growth-dynamics phenotypes, evaluating transitions between these
phenotypes in the presence and absence of drug. They found that the treated population re-equilibrates to a
new phenotypic composition, and suggest the development of concurrent or sequential treatment with drug
combinations to move the population from one equilibrium to another, and then take advantage of sensitivities
in the new equilibrium (“targeted landscaping”) [20].

Considering mathematical modeling's contributions to understanding tumor cell population heterogene-
ity, its potential for non-hierarchical differentiation via phenotypic transitions, and the tendency to return to
treated or untreated population equilibrium, | aimed to apply these principles to SCLC. Evaluating the pheno-
typic landscape of SCLC and what kind of phenotypic transitions or cell-cell interactions support the tumor's
phenotypic equilibrium during development, or after a seemingly successful treatment, could shed new light

on this disease.

1.3 Mechanistic model generation and evaluation
A mathematical model should be interconnected with experimental results, whether experiments are designed
speci cally with the mathematical model in mind, or if results are drawn from the literature or related exper-
iments Figure 1.1A). After building the mathematical model (see below), the investigator will implement
it computationally and run model simulations [21]. Next, the investigator will examine simulation results,
(experimentin silico) and based on these results, will potentially revisit the assumptions used to encode the
model or even collect more data. The investigator will then make predictions basediositio® data, to be
validated (or refuted) experimentally. Once such experiments are performed, experimental behavior can be
compared to model behavior. Whether or not the model behavior was validated or refuted, the experimental
data improves the model: if predictions were not correct, the model can be changed to more accurately re ect
what occurs experimentally, and if they were correct, more features can be added to the model or a tighter
concordance between data and simulations can be encoded.

One common way to build a mathematical model is to review literature and data related to the system of

interest, whether published data or one's own generated data, and use this review to elucidate model variables



(for example, cells of a particular phenotype) and the ways in which they act and interact within the system
(for example, cell division or trophic interactions) [21]. However, mathematical models by design require
the speci cation of precise relationships within a biological system [22] and unless the data to be used for
modeling was generated speci cally with the mathematical model in mind, historical data is unlikely to
provide the precision required. This can be as simple as literature not addressing whether or not two cell
phenotypes in a population interact, and the modeler must decide whether the lack of evidence means a
correct model will not include such an interaction. In a more complicated example, if one nding from an
experimental model for a disease includes evidence for a model variable or action/interaction, but another
nding from a different experimental model of the same disease did not nd evidence for that variable or
action, the modeler must determine whether to include or exclude the model variable or action.

Despite these potential pitfalls, the precision of relationships between biological variables in a model and
their actions [22] enables a modeler to hypothesize, and subsequently test, the existence of these relationships
through modeling. Model variables and their actions or interactions in a model can be considered hypotheses:
if it is not clear whether a biological process occurs in the system of interest, including the mathematical rep-
resentation of the process in the model represents the hypothesis that it does occur in that system. Comparing
models with and without this process represented, and how well each model recapitulates experimental data,

is a test of the hypothesis that such a process is present in the system from which the data was derived.

1.4 Model selection and model averaging
Model selection in biology typically involves building a set of plausible models and evaluating each candidate
relative to a given experimental dataset. The goal is most often to identify the “best” model of the set - that
with the highest result of a scoring function comparing it to the dataset of interest. This particular approach
has a signi cant limitation in that there may not be one top model, and instead a (potentially large) group of
models with similarly high scores. In this case, the investigator may compare the features common to the
high-scoring group of models. This challenge has been addressed in several ways in biology. Investigators
have noted the proportion of top-scoring models containing each possible model interaction [23]. Parameter
importance analysis, where candidate model scores are transformed into probabilities and summed according
to the presence of model variables or actions/interactions, is frequently used in conjunction with Akaike
Information Criterion (AIC) or Bayesian Information Criterion (BIC), information theoretic model selection
methods [24, 25]. However, in recent years, parameter importance analysis has been noted to have several
aws [1, 26].

Bayesian model averaging describes model uncertainty, enabling calculation of Bayesian posterior dis-

tributions for model parameters as well as models themselves [27]. Investigating model probability in the



context of Bayesian inference, and by extension probability of model variables and actions, requires that the
model selection method used return a likelihood for use in Bayes' Theorem. As above, most model selec-
tion investigations in biology use information theoretic approaches like AIC, however, the nested sampling
method developed by Skilling [28] and employed in astronomy and astrophysics, provides the Bayesian evi-
dence, or marginal likelihood, per model. The implementation of nested sampling via Multinest [29, 30, 31]
enables a Bayesian approach to model selection problems in biology, and in the case of this dissertation,

SCLC.

Figure 1.1: Model building and comparison to data

A To develop and use a model, the model should be built based on gathered data, simulated, then its
results evaluated experimentally. The completion of each step may require revisiting the previous
step. Whatever the experimental outcome, the data it provides can be used to improve the model.

B The development of a model can be built upon using Bayesian multimodel inference, engaging
with the biological hypotheses to be represented in the model and building a candidate set with
combinations of features representing these hypotheses. The probabilistic outcome of this process
can be used to determine what model features to move forward with in the process or to test
predictions of which model features or actions are present.

1.5 Using Bayesian inference and computational tools to evaluate biological systems, including small

cell lung cancer
Given that features of models can stand as biological hypotheses to be tested computationally, here | move
beyond the process of model selection and model averaging to consider the biologically processes repre-
sented in a set of candidate models. In developing this multimodel inference approach, | not only investigate
Bayesian inference as it relates to model selecti@mapter 5) but make predictions about processes in
SCLC (Chapter 6). SCLC has multiple experimental model systems, and even the canonically recognized

phenotypic subtypes that can be singly or multiply present in human tumors were determined using differ-



ent model systems per subtype (Rudin 2019). This is often the case in the research of a particular tumor,
and the questions investigated about SCLC in this dissertation — differentiation hierarchy, phenotypic plastic-
ity, trophic or other cell-cell interactions — are applicable to many cancer types. This multimodel inference
methodology can be used to build models using experimental data not speci cally designed for those models,
or using data from multiple experimental systems; this process can be incorporated into the rst step of the
systems biology model-experiment cyckédure 1.1B).

In this dissertation, | aim to address both mechanistic modeling, and tumor features that must be con-
tended with before optimal treatments can be designed. The optimal data for evaluating the aforementioned
tumor features are measurements of the same tumor cells over time. This dissertation includes assessment of
the same SCLC patient-derived xenograft tumors sampled over time with or without human-relevant treat-
ment, Chapter 7) from which | can also learn about phenotypic changes and tumor evolution over time.
Without visualizing a phenotypic change, tumor behavior can be suggested rather than conclusively deter-
mined, and | put forward a means for visualizing predictions from my multimodel inference appAgach (
pendix A) to draw conclusions. With these various efforts, | enable a move toward better understanding

features of SCLC and potentially cancer in general.



CHAPTER 2

Phenotypic plasticity and population equilibrium in tumors

2.1 The epigenetic landscape and non-genetic tumor evolution

Tumor development and response to therapy — often an incomplete response, or a response followed by recur-
rence — are still incompletely understood. Cancer has long been known as a dynamic process, where a tumor
evolves over time, responding to and evading treatment. While this evolution encompasses the accumulation
of genetic mutations, non-genetic evolution within tumors has been recognized as an important driver of the
dynamics enabling tumors to withstand treatment [5]. Phenotypic plasticity, the ability of cells to transition
between phenotypes without undergoing genetic changes, is an important part of this dynamic process. Plas-
ticity allows tumor cells to maintain the phenotypic equilibrium within a tumor during growth, and maintain

or develop new equilibria in response to treatment. Understanding the dynamics of these processes and the
molecular mechanisms involved will be crucial for developing new treatment strategies to prevent cancer

resistance and recurrence.

Figure 2.1: Phenotypes as basins in a quasi-potential energy landscape

A Gene expression levels (above) determine cell phenotype, which can be visualized as a basin in a quasi-potential-
energy landscape (below)

B Cancer stem cell hypothesis represented as a landscape: shallow basin with few cells populates remaining basins;
cells in these basins cannot transition back to the stem cell basin.

C Depleting cells of one phenotype results in re-equilibration of cells in the population

@)

Treatment changes the landscape, and removal after a short time changes it back.

E Landscape change under continuous treatment lasts long enough for rare cells to populate a previously inaccessible
basin. This results in "acquired resistance”, where cells populate a new, deep well and are able to remain there
regardless of treatment presence or absence.

Adapted from Fig. 1 in [32].



Equilibrium within tumors can be conceptualized as an “epigenetic landscape”, initially described by
Waddington [33]. An epigenetic landscape represents distinct stable states — phenotypes — by “basins” of
attraction, wells in the quasi-potential energy landscape where cells ré€sipreg 2.1A). Within this land-
scape, transitions may occur between basins across “barriers”: this represents cellular phenotype transitions
[32]. The basins and barriers comprising the landscape are fundamentally based on molecular networks that
regulate gene expression, generating transcriptional pro les representing each phenotype in a cell population
[34]. Gene expression “noise” enables cells to stochastically transition between basins, thereby undergoing
phenotypic transitions [35]. Thus, for a given cell population, “equilibrium” is the result of complex inter-
actions between these gene regulatory networks, intracellular and extracellular signals, and gene expression
noise. At equilibrium, these interactions maintain the phenotypic proportions within the cell population. If
perturbations deplete a certain phenotype, cells will transition across basins to re-equilibrate within the land-
scape. Drug treatment alters molecular interactions and thus modi es the landscape, causing re-equilibration

to the altered topography.

2.2 Cancer stem cells

Within a developing organism, embryonic stem cells have identical DNA, but are responsible for generating
all the cells of different tissues, such that the adult organism contains cells of many different phenotypes. In
adults, rare adult stem cells reside in tissue compartments and participate in tissue upkeep. Stem cells are
the apex of a hierarchical lineage, where they generate increasingly differentiated cells. Stem cells maintain
homeostasis, the phenotypic population equilibrium of tissues [36].

The cancer stem cell (CSC) hypothesis posits that tumors are arranged in a hierarchy similar to normal
tissues, with CSCs at the apex, generating differentiated tumor cells. Several studies showed that even when
tumor cells arise from the same genomic clone, only rare tumor cells — the CSCs — have the capacity to
regenerate a tumor in an animal model [37]. By extension, CSCs are responsible for maintaining the tumor
—including its phenotypic population equilibrium [37]. Taking this view, the epigenetic landscape of CSCs
could resemblé&igure 2.1B. CSCs occupy a shallow basin with high quasi-potential energy, accommodating
only rare cells. This enables proliferating cells to transition to other basins and generate all phenotypes within
the population. Itis not possible for cells in the other basins to overcome the barrier height and transition into
CSCs.

Several different signaling pathways have been characterized as responsible for the CSC phenotype, in-
cluding Wnt, Notch, and JAK/STAT, implicating these networks in maintaining the CSC landscape [38]. For
a more complete description of CSCs and current research, the reader is directed to [39].

More recently, it has been shown that phenotypic plasticity as it relates to tumor cell lineage is not limited



to CSCs, but that differentiated tumor cells are able to “de-differentiate”. The fact that a transition toward the
CSC phenotype exists indicates that the transition to the CSC basin is possible, and that the landscape may

not be as specialized &igure 2.1B. Studies investigating the transition toward CSCs will be addressed here.

2.3 Phenotypic plasticity and equilibrium during tumor growth

The cancer stem cell hypothesis postulates that the CSC initiates a tumor, generating different phenotypes,
maintaining equilibrium within the tumor landscape. Yet in melanoma, researchers found that cells of dif-
ferent phenotypes — slowly-proliferating tumorigenic (“invasive”), or, highly proliferative — can each singly
initiate tumors that, at steady state, include both phenotypes [40, 41]. This occurs through modulation of
the Notch pathway [41]. Notch maintains stemness, indicating that one of these subpopulations is stem-like
[42]. Another melanoma study found that sorted, non-stem cells are as likely to initiate tummave as

sorted CSCs [43]. That each subpopulation can generate both phenotypes indicates that CSCs are not the
only tumor-initiating cells (as the CSC hypothesis states). In the epigenetic landscape, sorting populations
such that only one basin is lled nevertheless results in re-equilibrakaute 2.1C), lling the remaining

basin(s) such that the tumor maintains both phenotypes.

The transition to a CSC phenotype has since been studied in other tumors. In transformed human mam-
mary epithelial cells, sorted differentiated cells generate populations of both differentiated and stem-like cells
in vitro andin vivo[44]. Colorectal cancer cells transition from differentiated cells into CSCs, and sorted pop-
ulations of CSCs or non-stem cells always achieve the same proportions after several weeks [45]. Colorectal
cancer cell transition into CSCs is mediated by Wnt and NFKB signaling [46, 47]. In glioblastoma (GBM),
cells without neurosphere-forming ability (non-CSCs) can gain this ability, transitioning into a population
that includes CSCs [48]. SOX2 drives this ability [47]. In contrast to the former studies [46, 47], SOX2's
silencing of the Wnt pathway enables the transition to CSCs in GBM [49].

The dynamics of the transition to CSCs from non-stem cells include an “overshoot.” In a population of
sorted non-stem cells, a stem cell proportion emerges and increases rapidly, then decreases to steady-state
[16]. This indicates a feedback mechanism maintaining stem and non-stem population equilibrium, likely
the result of extracellular signaling between these cells [50]. In melanoma, CSC return to steady-state is
mediated by microRNAs targeting the Wnt signaling pathway [16].

In some tumor systems, cells generate populations of supportive cells through transdifferentiation, phe-
notypic transitions across cellular lineages. Glioblastoma stem cells (GSCs) have been shown to transdiffer-
entiate into endothelial cells to enable tumor neovascularizatigitro [51] andin vivo [52]. The transition
to endothelial progenitors is mediated by Notch [51]. GSC-derived angiogenesis is essential for tumor sur-

vival, indicating the necessity for transdifferentiation in this tumor [52]. In small-cell lung cancer (SCLC),



a neuroendocrine, tumor-propagating cell subpopulation generates all other SCLC subpopulations in mice
[53]. Neuroendocrine SCLC cells can transition into non-neuroendocrine cells via Notch signaling, where-
upon non-neuroendocrine cells provide trophic support [10]. Though these transitions occur between cells
of different lineages, they represent transitions between basins in a landscape representing the tumor and

supportive cell population.

2.4 Response to treatment: drug tolerance

Application of drug changes the epigenetic landscape, altering barriers along with basins. Tumor cells are
depleted by treatment, but the remaining population will re-equilibrate within the new landscape. In several
tumors, treatment response — re-equilibration — is a transition toward the CSC phenotype. Leukemia cells
develop a drug-tolerant, stem-like phenotype after radiation [54]. Pisco et al. [15] showed that after vin-
cristine treatment, cultured leukemia cells shift toward a stem-like population where drug is rapidly ef uxed.
This transition is dependent on Wnt signaling [15]. Sorted hepatocellular carcinoma non-stem cells generate
spheroids upon radiation treatment, indicative of a transition to CSCs [55]. This is mediated by SOX2 and
OCT4 [55]. Androgen deprivation induces a CSC phenotype in prostate adenocarcinoma cells, through acti-
vation of STAT3 [56]. In GBM, treatment with PDGFR inhibitors induces a small proportion of GBM cells

to transition to a reversible, slow-cycling, drug persister state [57]. These cells have increased expression of
stemness genes and are dependent on Notch signaling [57]. These treatments shift the landscape and create
a new equilibrium where a stem-like state is prevalent, perhaps by decreasing the height of the barriers and
deepening the CSC basiRigure 2.1D).

The ability to tolerate drug application is not always the result of transitions toward a stem-like state,
but instead transition toward other drug-tolerant states. In contrast to [57], treatment of a GBM stem-cell-
enriched population with an alkylating agent shifts the tumor proportion from a mostly stem-like phenotype
to a differentiated phenotype that can survive in the presence of this treatment; treatment removal causes the
population to shift back to its former composition [58]. Comparing [57] and [58], it is likely that the different
treatment modes result in different effects on GBM cells. In pancreatic ductal adenocarcinoma, tumor cells
tolerate KRAS-inhibition via enhanced focal adhesion kinase signaling, which returns to normal levels when
KRAS-inhibition is ceased [59]. Risom et al. [60] showed that cell-state transitions in breast cancer between
different phenotypes — luminal, basal, mesenchymal — occur upon treatment, and when drug is removed
the tumor reverts to its drug-naive composition. The authors con rm that these transitions are the major
driver of drug tolerance [60]. These observations cannot be ignored, given efforts to supersede tolerance by
developing CSC-targeting therapies. Such therapies would not affect a population whose continued survival

does not depend on transitions toward CSC phenotypes.



Up to this point, observed treatment tolerance is reversible. It is likely that treatment depletes cells in
particular basins while altering the landscape, and the remaining cells populate basins representing drug-
tolerant phenotype(s). When treatment is removed, the landscape reverts to its status pre-drug, and cells
re-equilibrate back to their original phenotypic proportions within the populakaute 2.1D). Importantly,
phenotypic proportions will be the same as pre-treatment, but absolute cell number will be lower. This is the
basis for the “drug holiday,” where treatment is stopped for a period of time, the tumor is “re-sensitized” in
its absence, and further treatment has an observable effect [61].

However, there is a time-dependence to treatment reversibility: with continuous treatment, irreversible
tolerance occurs. A subpopulation in non-small cell lung cancer (NSCLC) achieves a negligible growth
state for several weeks under treatment, eventually developing stable tolerance [62]. These “drug-tolerant
persisters” go on to develop irreversible tolerance via several mechanisms, including genetic changes [63, 64]
and non-genetic changes [62]. In melanoma, “sporadic [high] expression” of resistance genes enables rare
cells to survive a single treatment application [65]. Without further treatment, these cells repopulate the
tumor with a similar proportion of tolerant and non-tolerant cells as the treatment-naive tumor. However,
with continuous treatment, the tolerant cells develop a stably changed transcriptome and repopulate the tumor
[65]. In the epigenetic landscape, this may indicate that treatment lowers a formerly impossibly high barrier
to a height that cells may now overcome. The rate of transitions across this barrier into a new basin will
be low; thus, over short treatment time, a transition will not occur. Stopping treatment will again raise the
barrier Figure 2.1D). With continuous treatment, transition(s) will occur, and cells populate the new, drug-
tolerant basin. Treatment removal at this time will raise the barrier, and cells will remain in the new basin

(Figure 2.1E).

2.5 Response to treatment: transdifferentiation

In contrast to the former studies, where cells achieved stemness properties or changed behaviors due to treat-
ment, some tumor types have been shown to undergo phenotypic transitions across lineages, or transdiffer-
entiation. As in [51, 52, 53, 10], these transitions between lineages are yet more cases of transitions between
basins in an epigenetic landscape. While small cell lung cancer (SCLC) cells undergo phenotypic transitions
at baseline, treatment increases transitions from neuroendocrine to non-neuroendocrine phenotypes [53, 10].
Chemotherapy in mice leads to an increased proportion of non-neuroendocrine cells, suggesting that the
SCLC phenotypic landscape shifts toward these cells under stress [10]. In oral squamous cell carcinoma,
cisplatin causes epithelial cells to transition into mesenchymal cells, inducing cisplatin resistance [66]. Ep-
ithelial cells express SOX2 before their transition, but in the mesenchymal state they lose SOX2 and gain

SOX9 expression [66]. Advanced prostate adenocarcinoma cells with TP53 and Rb1 loss have been shown to
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transdifferentiate from a luminal cell phenotype into a neuroendocrine phenotype upon anti-androgen treat-
ment [67]. Loss of these proteins activates SOX2 and thereby increases the lineage plasticity of tumor cells
with this alteration [68]. This plasticity enables cells to transdifferentiate into a neuroendocrine phenotype
when challenged with antiandrogen treatment [68, 69].

Studies are still revealing the processes driving these transitions. Prostate adenocarcinoma cells transi-
tion through a stem-like state between the luminal phenotype and the neuroendocrine phenotype, with in-
creased expression of SOX9. These neural stem-like cells are enriched at nadir in prostate cancer xenografts
treated with androgen deprivation, indicating that cells such as these eventually repopulate the tumor [70]. In
melanoma, long-term BRAF inhibition causes cells to transition from melanocytic differentiation, through a
slow-cycling state with neural crest-like gene expression, to a more proliferative phenotype with mesenchy-
mal gene expression [19]. The transitions between lineages in these examples have the common feature of
transitioning to a stem-like state, and then to a new, drug-tolerant phenotype. Thus, the epigenetic landscape

may be arranged in such a way that the stem-like basin is between the basins of different lineages.

2.6 Modeling phenotypic plasticity

The complex behaviors described in this review are best understood via mathematical modeling. Modeling
enables researchers to synthesize observed results and behaviors, and probe the system to con rm knowledge
or make additional predictions. Several types of models have been used to represent cellular dynamics in
cancer, including differential equations [71], Boolean modeling [72], agent-based modeling [73], stochastic
modeling [71], and combinations of these as multi-scale models [74].

Mathematical models improve characterization of the tumor system and con rm understanding of the
processes that occur. Several studies compared mathematical models of tumor cell populations with and
without transitions from non-stem cells to CSCs. Only models with this transition toward CSCs match ob-
served tumor population dynamics [75, 14]. Zhou et al. [76] further characterized the transition toward CSCs:
their model exhibits a negative correlation between self-renewal of CSCs and dedifferentiation of non-stem
cells, suggesting a “balancing mechanism” in maintaining equilibrium [76]. This is in agreement with the
hypothesis that feedback mechanisms play a role in CSC subpopulations returning to steady state [16, 50].

Modeling enables calculation of relative features of the epigenetic landscape itself. Paudel et al. [20]
characterize “basins” in the melanoma epigenetic landscape and the likelihood of transitions between states.
Such a system could model treatments that change the landscape favorably, for example those that cause
transitions into a single, treatment-sensitive state [20].

Models are especially useful in predicting cell behavior, either to tailor experimental design or lead to

additional investigations. Gupta et al. [13] used mathematical modeling and experiments to characterize

11



phenotypic transitions in breast cancer cells. Their model predicted that differentiated cell types, luminal
and basal, were able to transition to stem cell types, which they con rimedl/o [13]. This prediction

and subsequent validation altered the fundamental understanding of cancer stem cells. Goldman et al. [18]
developed a model representing their observation that in breast cancer, chemotherapy induces a phenotypic
transition to a therapy-tolerant state that is not stem-like. To con rm model predictions, depleting CSCs
with a small molecule inhibitor had no effect on the development of drug-tolerant cells when treatment was
applied [18]. Both of these studies have important implications for clinical practice; CSC-targeted agents are
currently in trials, [39] yet these models and validating experiments indicate that such treatment would be
ineffective.

Mathematical models can also be used to predict treatment response. Chapman et al. [17] developed a
computational model of transitions between triple-negative breast cancer phenotypes based on time-course
measurements with and without treatment. The model predicted which phenotypic transitions occur given
particular treatments, and which states will be present in the tumor after drug. The knowledge gained from
this model could be used to design treatment strategies: the rst treatment can induce cells to transition into
a particular phenotype, then a second can be applied to effectively manage tumor growth [17]. This will be
extremely important as treatments are developed to prevent tumor recurrence: these treatments must either

prevent phenotypic plasticity and prevent transitions, or make use of transitions as a strategy.

2.7 The epigenetic landscape could be used to evaluate treatment options

The epigenetic landscape enables researchers to envision heterogeneity and drug tolerance outside of the
Darwinian selection paradigm, where pre-existing genetic mutations enable subpopulations to survive and
then expand. Nongenetic means enable small tumor subpopulations to tolerate drug, and thereby survive for
an extended time; eventually, enough time and divisions pass for these cells to undergo a genetic mutation
towards drug tolerance. Treating a tumor based on its epigenetic landscape can target tumor subpopulations
before they develop genetic resistance. However, the epigenetic landscape remains an underused conceptual
paradigm. Transitions between basins are based on quasi-potential energy, which is calculated on a two-
dimensional landscape (as in Fig 1). In terms of gene expression, the state space where cells exist is 20,000-
dimensions (one axis per gene), and information is lost as these dimensions are reduced into two. Due
to lost information, quasi-potential energy cannot be measured directly and as such a landscape from one
study cannot be compared to another. It is currently unknown how all molecular networks in the cell make
different phenotypes available, and thus the gene expression underlying each possible basin is unknown.
This is a feature of the current state of research into cellular signaling pathways and molecular interactions:

investigations in this area are active and ongoing. Further development in both areas can bring the epigenetic
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landscape into use with regard to treatment decisions. More optimal means of dimensionality reduction could
enable generation of more robust landscapes with potentially universal quasi-potential energy measurements
that can be compared across studies. Additional characterization of the molecular networks available to cells
as they develop drug tolerance will give information about transcriptional activity underlying each basin.

Together, these will enable us to target the landscape features directly in order to manage tumors.
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CHAPTER 3

Modeling heterogeneous tumor growth dynamics and cell—cell interactions at single-cell and

cell-population resolution

3.1 Introduction

Figure 3.1: Mathematical models of tumor growth dynamics

Tumors are comprised of a heterogeneous mix of cell subpopulations with common traits and heritable
phenotypes [77, 5] (e.g. morphological, proliferative, tumorigenic, transcriptional) that compete for resources
and interact with each other and with noncancer cells in complex ways [3, 4]. Tumor heterogeneity has been
implicated as a source of therapeutic resistance and treatment failure and is seen both across tumors (among
patients and between primary and metastatic sites within patients) and within individual tumors [77, 5].
Factors contributing to intertumoral heterogeneity include genomic and epigenomic alterations, intrinsic dif-
ferences between individuals, cell type of origin, and microenvironmental differences across anatomical (pri-
mary and secondary) sites. Intratumoral heterogenEigufe 3.2) is driven by a complex mix of genomic
instability, cellular plasticity, regional differences in the microenvironment (e.g. oxygen availability), cell-cell
interactions, and intrinsic uctuations in cell fate and gene expression.

The complex nature of tumor heterogeneity can be understood within the framework of “epigenetic land-
scapes, rst proposed by Waddington [33] as a conceptual tool for understanding cellular differentiation
during development. More recently, it has been applied to tumors, where “stem-like' cells have the capacity

to differentiate into multiple phenotypes and seed tumor growth. Viewing tumor heterogeneity through the

1This chapter is adapted from *Modeling heterogeneous tumor growth dynamics and cellcell interactions at single-cell and cell-
population resolution' published iB@urrent Opinion in Systems Biologynd has been reproduced with the permission of the publisher
and my co-authors, Leonard A. Harris, Patricia M. M. Ozawa, Lizandra Jimenez, and Alissa M. Weaver.
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lens of epigenetic landscapes may serve as a means for better understanding tumor dynamics and therapy
response [5]. Borrowing ideas from physical chemistry, an epigenetic landscape is a quasi-potential energy
surface where local minima, or “basins of attraction, correspond to cellular phenotypes [78, 79]. The genetic
state of a cell sets the topography of the landscape, and genetic mutations can modify it, for example, by
changing the depths of the basid&dgure 3.2). Cells can transition among these phenotypes at rates de-
pendent on the heights of the barriers separating babigsiré 3.2). Fluctuations in intrinsic (e.g. gene
expression [80]) and/ or extrinsic (e.g. secreted factors [81], intracellular protein concentrations [82], oxy-
gen production [83]) processes may serve as sources of noise that drive these transitions. This combination
of epigenetic landscape heterogeneity and intrinsic/extrinsic stochasticity, together with genomic diversity
(either acquired during normal tumor progression or over the course of therapy), results in a highly heteroge-
neous tumorKigure 3.2). This view of tumor heterogeneity is consistent with both known genetic clonality
of tumors [84] and a growing body of literature on nongenetic (epigenetic) inheritance in cancer cells. The
latter includes the cancer stem cell (CSC) hypothesis, which posits that phenotypically distinct tumorigenic
subpopulations sit atop a hierarchy of nontumorigenic progeny [85], as well as reports of stem-like cancer
cells that are not organized in a classical hierarchy but are metastable and can reversibly shift phenotypes
[13, 53]. Notably, stem cells are known to function within niches, and interactions between stem-like and
niche-like cells may govern tumor dynamics in an analogous manner to their tissue of origin. These cell-cell
interactions may also in uence switching between epigenetic basins in response to tumor therapy.

In light of this con uence of genetic, epigenetic, and stochastic factors that underlie tumor heterogeneity,
it is no surprise that durable anticancer therapies remain elusive. To tackle this complexity, a systems biology
approach is required and has been steadily growing in popularity [86]. By combining high-throughput exper-
imentation, "Big Data’ analysis, and mathematical modeling wititro andin vivo validation experiments,
cancer systems biologists aim to disentangle the complex web of interactions, feedbacks, and dysregulated
control mechanisms that has stymied clinical progress [77, 5]. Mathematical models are essential to this en-
deavor because they can predict behaviors outside the range of the experimental conditions on which they are
based and can explore the effects of drug dosing, scheduling, and changes in the microenvironment on tumor
response [87]. Moreover, mathematical models can explicitly account for both intertumoral and intratumoral
heterogeneity by varying model structure and parameter values. Intertumoral heterogeneity, for example, can
be captured by creating variants of a model with different cellular and/or molecular species or by varying the
values of rate parameters to account for genetic or microenvironmental differences across individuals or dis-
ease sites. Intratumoral heterogeneity can be accounted for by including multiple cell subtypes, interactions
through physical contact or secreted factors, and by including spatial inhomogeneity of biological factors,

such as oxygen, over the computational domain. In the following sections, we provide a brief review of
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Figure 3.2: Three sources of intratumoral heterogeneity
Genetic clones are cells with common origin but genetically diversi ed by mutations that either pre-exist or are
acquired during the course of therapy [77, 5]. Each genetic clone can be envisioned as existing along a ‘mutational
axis' and having an associated “epigenetic landscape,' i.e. a quasi-potential energy surface where local minima, or
“basins of attraction,’ correspond to cellular subtypes [33]. From a molecular perspective, the epigenetic landscape
is the consequence of the complex biochemical interaction networks that underlie cell fate decisions [78, 79].
Thus, gene expression noise [80] and other sources of intrinsic (e.g. uctuations in the production and contents
of secreted factors) and extrinsic stochasticity can drive transitions between subtypes (thick arrows represent fast
transitions, and vice versa). Altogether, at any point in time, the subtype composition of a tumor will depend on the
genetic clones present within the tumor, the topographies (depths of basins and heights of barriers) of the associated
epigenetic landscapes, and the magnitudes of intracellular uctuations within individual cells.

recent approaches for modeling tumor heterogeneity, followed by a short example from our own work.

3.2 Mathematical formalisms for modeling tumor growth

3.2.1 Agent-based models

At the resolution of single cells, agent-based models (ABMs) aim to capture complex and emergent behaviors
of cell populations through simple and intuitive rules [88]. ABMs are particularly useful when detailed
mechanisms of cell behavior are not known but there is a qualitative understanding of the conditions under

which certain cellular behaviors are observed. The simplest type of ABM is the cellular autdmafoin
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which cells are organized in a regular grid and can take on one of a nite number of discrete states. Cell states
change based on user-de ned rules that account for the current state value of a cell and those of its neighbors.
These updates can be performed synchronously or asynchronously (i.e. stochastically). Modern ABMs
extend the basic cellular automaton by permitting cells to have multiple properties (e.g. age, phenotypic state,
mutation), with discrete or continuous state values, and allowing rules to be either deterministic (occurring
if a certain condition is met) or probabilistic (occurring with some probability if the condition is met) [89].

An example of a rule governing cell death based on the age of a cell and its phenotypic state is as follows

(ccl.northwestern.edu/netlogo/models/Tumor).

if (not stem?) and (not metastatic?) and (age20)
[ die ]
if (not stem?) and metastatic? and (age4)

[ die ]

ABMSs can also be on-lattice (i.e., grid-based) or off-lattice. On-lattice models are often used to model
cell movement within a tumor microenvironment [90, 75, 91, 92, 93, 94]. Off-lattice models can be bene cial
for modeling cells as clusters or functional units, such as colon crypts [73, 95, 96, 97]. ABMs can also be
nonspatial, where the cell state is informed by its environment and the states of other cells but not by location
or distance from other cells [98, 99, 100]. ABMs can be implemented in custom computer code or using one
of numerous publicly available software packages [101, 102, 103, 104].

Examples of ABMs applied in cancer include that of Enderling and Hahnfeldt [90], who constructed
an on-lattice ABM of CSCs and non-CSCs, including crowding effects, and predicted that low proliferative
capacity and a high rate of spontaneous cell death — which might be expected to keep tumor growth and
metastasis in check — actually leads to a less densely seeded tumor where CSCs have the physical space to
divide, produce progeny, and eventually escape and seed metastasis. Stichel et al. [95] developed an off-
lattice ABM that includes displacement of cells in response to external forces from neighboring cells (e.g.
repulsive forces at close cell-cell distances) and a vector-valued velocity term based on these forces. The
model was able to reproduce diveigevitro cell speed dynamics and migratory behaviors, such as straight

cell fronts and the formation of cellular bridges.

3.2.2 Population dynamics models
In contrast to ABMs, population dynamics models do not track individual cells over time but rather the size

of the cell population [71]. The classic model of population growth is as follows:
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Cell ¥ 2cell (3.1)

which, if one assumes continuous and deterministic dynamics, gives the expogeitdd equation:

N(t) = N(0)e (3.2)

whereN(t) is the cell count at timé and the growth rate constakican be positive or negative. Since
its inception, numerous extensions to the exponential growth model have been proposed, including adding an
upper limit on the population size ("carrying capacity') to account for nutrient consumption (e.g. logistic and
Monod kinetics) [105] and reducing growth rates at small population sizes to account for the positive effects
of cell-cell interactions on growth (e.g. the Allee effect) [106]. Models explicitly accounting for progression
through the cell cycle, the apoptotic program, and entry into quiescence/senescence have also been developed
[107, 108]. Spatial heterogeneity can be accounted for by including cell diffusion and migration over either a
continuous or discrete domain [109], and the inherent randomness of cell fate decisions can be modeled using
stochastic methods, such as the chemical Master Equation or the Gillespie algorithm [110]. A variety of tools
are available for constructing and simulating population dynamics models, including environments such as
Matlab and Python and numerous general-purpose software packages [111, 112, 113, 114, 115, 116, 117].

In cancer, heterogeneous tumor growth and drug-response dynamics can be modeled by including mul-
tiple cell subpopulations that compete and interact [118]: Clonal competition can be modeled by varying
growth rates across subpopulations [119, 120, 20]; genetic mutations can be included by allowing for sponta-
neous creation of new subpopulations with prespeci ed growth rates [121]; epigenetic states can be accounted
for by allowing cells to reversibly transition between subpopulations [13, 75, 99, 119, 20, 122, 123]; and cell-
cell communication can be incorporated by including density-dependent growth rates [124, 125, 126, 127] or
by modeling (explicitly or implicitly) the secretion of factors that modify the growth dynamics of other cells
[128, 129, 130, 131, 132]. As an example, Gupta et al. [13] constructed a population dynamics model describ-
ing phenotypic transitions among luminal, basal, and stem-like subpopulations in two breast cancer cell lines
and recapitulated the experimental observation that isolated subpopulations recover the cell-state proportions
of the parental cell line over time. Based on this, they predicted that after cessation of CSC-targeted therapies,
surviving non-CSCs would transition back into CSCs and restart tumor growth, thereby reversing any thera-
peutic gains. In a subsequent study, Zhou et al. [119] extended this model to include subpopulation-speci ¢
growth rates and derived analytical expressions for the temporal dynamics of cell-state proportions as well
as the conditions necessary for distinct subpopulations to coexist. In the following s&siciio6 3.3, we

present a similar model of subpopulation dynamics in tumors with the added feature of subtype interactions
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mediated by secreted factors.

3.2.3 Multiscale models

Biological processespan multiple scales, from genes to proteins to cells to tissues to organisms [74]. How-

ever, most mathematical models of biological processes operate at only a single scale and either ignore
processes at other scales or try to incorporate their effects in some approximate way. Multiscale models at-
tempt to address this shortcoming by explicitly modeling processes at different spatial and/or temporal scales
and connecting these models through some type of information-exchange interface [74, 133, 134, 135, 136].
In multiscale tumor models, the “cell-level' model can either be an ABM or a population dynamics model,
which can be coupled to, for example, a reaction-diffusion model governing background concentrations of
bioactive species (e.g. oxygen, nutrients, extracellular matrix) [137, 138, 139, 140, 141, 142, 143] or a ki-
netic or Boolean model describing the intracellular biochemical networks driving cell fate (e.g. progression
through the cell cycle, apoptosis) [73, 144]. Typically, simulations are performed by running a short simu-
lation (possibly a single step) of a model at one scale, passing information generated from that simulation
to another model at a different scale, running a short simulation of that model with updated initial and/or
boundary conditions, and repeating. While in the majority of cases multiscale models are constructed by
composing single-scale models in well-established modeling tools and linking them together with specialty
purpose code [145], there is a rapidly growing list of general-purpose software packages for multiscale mod-
eling [146, 147, 148, 149, 150, 151]. These represent a community-wide effort to develop easy-to-use plat-
forms that facilitate calibration, validation, reproducibility, and exchange of multiscale models using methods
rmly rooted in a mathematical formalism [145]. As an example, Yan et al. [152] used a multiscale hybrid
discrete-continuum model to investigate vascular tumor signaling in glioblastoma (GBM). The continuum
(spatial population dynamics) model includes various GBM cells (stem, progenitor, terminally differenti-
ated, dead), host tissue, and human primary endothelial cells, as well as nutrients and signaling molecules.
Angiogenesids modeled via a discrete, off-lattice ABM: Blood vessels sprout, grow, and branch at rates
dependent on tumor density and background concentrations of vascular endothelial growth factor (VEGF)
and other signaling molecules. The vasculatls® produces a factor that maintains the pool of GBM stem
cells by increasing their proliferation rate and self-renewal capability. Central to the model is a positive feed-
back loop whereby nutrient-poor tumor cells produce VEGF, inducing vasculature growth, which increases
GBM stem cell growth and leads to even more VEGF production. Using the model, the authors con rmed
the experimental observation that antiangiogenesestments have a negative effect of inducing the growth

of invasive " ngers' that eventually develop into multifocal tumors. Blocking vasculature-secreted factors,

however, disrupts growth and reduces tumor size without increasing invasiveness, as also seen experimentally
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[153, 154].

3.3 Example: modeling subtype interactions in small-cell lung cancer
Small-cell lung cancer (SCLC) is an aggressive and highly metastatic neuroendocrine (NE) carcinoma [155,
9] for which the standard of care (etoposide + cisplatinum and radiation), until very recently [156], had not
changed in over 30 years. SCLC is characterized by loss-of-function mutations in TP53 and RB1 and is often
described as a homogeneous-looking cancer, with “small blue round cells' and minimal presence of nontumor
cells. Indeed, genomic analyses indicate that, on avera§é% of cells in primary SCLC tumors are cancer
cells [8]. However, over time, it has become clear that SCLC tumors are actually highly heterogeneous, with
various cell subtypes coexisting, some of which may provide the trophic support that noncancer cells often
provide in other cancer types [10, 157].

Owing to the challenges of acquiring human SCLC samples, heterogeneity in SCLC has been primarily

studied in animal models [158]. A study using a genetically engineered nmoadel of SCLC, with in-

duced loss of p53, Rb, and p130 tumor suppressor garieag epithelial cells, demonstrated that the most

abundant tumor cells in that model are NE self-renewing “tumor-propagating cells' (TPCs), characterized by
CD24"d" CD44°¥, and EpCAM9" surface expression [53]. A non-NE population with high expression

of Hes1 and lacking NE markers but active in the Notch signaling pattweesyalso identi ed [10]. This

subtype was shown to have increased resistance to chemotherapy in comparison with NEPGa)s sug-
gesting a possible role in chemoresistance. A third population, also non-NE, with high levels of CD44 and
characterized by expression of mesenchymal markers, such as vimentin, has also been reported [159]. Fur-
thermorejn vitro cocultureexperiments of NE and He§hon-NE cells show that NE cell growth is enhanced
in the presence of non-NE cells [10, 158].vivo experiments have been reported showing that mice injected
with an admixture of NE and CD44nhon-NE cells develop metastases but mice injected with only a single
subpopulation do not [159]. Taken together, these data suggest that TPCS, atesCD44 cell subtypes
form an SCLC tumor ecosystem that supports growth, metastasis, and treatment evasion.

Improving our understanding of the dynamics of SCLC tumors and the interactions between cell subtypes

through mathematical modelirapuld lead to improved treatment options in the future [160]. Therefore, we

present here a population dynamics model of the SCLC tumor ecosystem as an illustrative example of the
model building and analysis process. We begin by enumerating a list of biological Talele 3.1 that
encompass, to the best of our ability, all that is presently known about SCLC tumor heterogeneity and sub-
type interactions. Notably, these rules, which form the basis of our model, are derived from the experimental
results described previously [53, 10, 159] and are primarily qualitative in nature. This is an important point

as most biological data, especially in the early stages of a research project, are not quantitative [161]. As we
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Description and reference(s)

1 Tumor-propagating cells (TPCs) divide approximately once per day in culture [53].
2 TPCs have a 20—30% apoptosis rate in culture and a 0—5% apoptosisvigte[53].

3 TPCs can differentiate into other cell types, e.g. Hésatch-active cells and CD44cells (and
possibly other subtypes as well) [10].

4 HesT cells have a lower division rate than TPCs [10].

5 HesT cells support the growth of the TPC population by both enhancing cell division and redpicing
apoptosis [10].

6 There is evidence that TPCs inhibit proliferation of Hegbpulationgn vitro (30-50% reduction ag
assessed by BrdU incorporation) [10].

7 Role of CD44 cells is unclear, but they may be prometastatic and promote invasion by secretjon of
broblast growth factor, which activates ERK1/2 signaling in TPCs [8, 159].

8 In vivo tumors are comprised of approximately 50% TPCs, 25% Heslls, 5% CD44 cells, and
20% unknown cell types [53, 10].

9 Interactions among cell types may involve secretion of soluble factors [10, 159].

Table 3.1: Biological rules used to construct the small-cell lung cancer population dynamics model.

shall show, it is nevertheless possible to construct a predictive mathematical model based on these data that
can provide valuable insight and guide future, more quantitative experiments. These follow-up experiments
can, in turn, provide the necessary data to perform more advanced modeling tasks, such as parameter esti-
mation and identi abilityanalysis [162], which can signi cantly improve the scope and quality of the model
predictions. This iterative process of model construction, experimentation, and re nement lies at the heart of
the systems biology approach [86, 87].

With these biological rules in handdble 3.1), we next synthesize this knowledge into a simple diagram

(Figure 3.3A) that illustrates the basic biological procesgesaim to model, namely, division, death, dif-

ferentiation, and inhibition/enhancement of division and death via cell-cell interactions. We then translate
this diagram into mathematical form by writing down eight kinetic equatiepsesenting division and death

of each subtype and differentiation of TPCs into Heahd CD44 subtypes Table 3.2. For ve of these
processes (He$ldeath, CD44 division/death, TPC differentiation), we currently have no information re-
garding any potential mediating factorkaple 3.1). Therefore, we make the simplest possible assumption

that the rates of these processes are directly proportional to the population sizes of the subtypes (known as
the “law of mass action'). For the other three processes (Haigision, TPC division/death), experimental

data suggest that the rates are dependent on cell-cell interactadre 3.1). We assume these interactions

to be mediated by secreted factors according to the following simple reaction motif,
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whereA andB are cell typesA secretes a factor that interacts wittB and converts it into an "active'
form B that has an increased or decreased rate of division or deatl?, egglesents cell death. Assuming
that the concentration ofis stable, that is, its rates of production and degradation are equal (known as the
“quasi-steady-state assumption’) and that the rates of interconversion bdveeetB are equal (known
as the “partial equilibrium assumption’), we can derive an analytical expression for the rate of the cell fate

(division or death) of cell typ® as a function of the population size of cell type

I
kf ateKD K)?q + kfate[A]
KoKx '+ [ A]

Nfate = [Blr (3.4)

whereKp 'ij'—f Ky d kk—xx and[B]r [B]+[B ]is the total amount oB. Note that Eq. (3.4) models an
increase in the rate of division or death by the diffusible fagtirk; .. > Krate and reduction in the rate if
Kfate < Krate If Kigre= Krate, thenngae > KratelBlr (Mass-action kinetics). Reactions 1-3Table 3.2have
rate expressions of this form, with the paramet@ge, K; . andKpKg" written as numbered parametérs

or K, and[B]r =[ TPC] or [Hesl*].

Index | Reaction Rate expression Description
kyKo+ ka[Hesl* ] TPC cell division k3 > k1)
1 TPC 2TPC Kot [TPC (HesI promotes growth)
R kaKs+ kglHest*] TPC cell deathKs < ky)
2 TPC = Ks+[Hesl] [TPQ (HesT inhibits apoptosis)
" + kzKg+ ko[ T PC] + HesZ" cell division (g < k7)
3 Heslm  2Hesl Ke+[ TPC] [Hesl"] (TPC inhibits growth)
4 Hed® 2 kio[Hesl" ] HesI cell death
5 CD44%"  2CD44" | kyy[CD44"] CD44" cell division
6 cbagh 2 k12[CD44" ] CD44" cell death
7 TPC Hedl* ki3[T PC] TPC differentiation into Hes1
8 TPC CD44* ki4[TPC] TPC differentiation into CD44%

Table 3.2: Kinetic formulation of the small-cell lung cancer population dynamics model.
TPC, tumor-propagating cell.
[X] is the population of cell typ&; ? represents cell death.

It is important to emphasize that the modelTiable 3.2is certainly not the only possible mathemat-
ical interpretation of the diagram iRigure 3.3A. It is simply our rst attempt at codifying our knowl-

edge of SCLC subtype interactions and dynamics in mathematical form. Over time, we expect to include
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Figure 3.3: Population dynamics model of subtype interactions in small-cell lung cancer.

A Schematic representation. Black arrows represent cell fates (division, death, differentiation); red arrows/circles
represent enhancement/inhibition of cell fate by secreted fa&omspresents cell death.

B Simulated time courses of cell counts,
C and fractions.

Ordinary differential equation simulations were performed in PySB [116] with initial condi{ibR&]g = 100,
[Hesl* ]o= 0,[CD44* ]o = 0 and the following parameter valuekaple 3.2: k; = 1, K, = 1000,ks = 2,k4 = 0:2,
Kg = 1000,kg = 0:1,ky = 0:5,Kg = 1000,kg = 0:25,k;0= 0:2,ky1= 0:3, k2= 0:2, k3= 0:5,ky4= 0:1. These
values were chosen to produce subtype proportions similar to thosénséea (Table 3.2 rule 8; excluding the
20% unknown cell types).

additional interactions, cell types, and processes as experimental observations that cannot be captured by
this preliminary model are made. A common approach when the details of a biological process are not
well known is to construct numerous “candidate' models and then systematically eliminate unlikely can-
didates using various ‘model selection' metrics, such as Akaike or Bayesian information criteria [163].
Thus, rather than a single model, we expect to construct a compendium of SCLC tumor models that will
grow and change over time. Numerous software tools and environments exist to facilitate such efforts

[116, 164, 165, 166, 167]. One such tool is PySB [116], a “rule-based' modeling platform [168, 169] writ-
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ten in Python that includes an easy-to-use modeling language and a variety of deterministic and stochastic
simulators [113, 117, 170, 171] and analysis tools [172]. We constructed the motdla3.2in PySB
(available at github.com/Ih64/CurrOpinSysB2019) and used it to automatically generate the following set

of coupled ordinary differential equations,

d[T PC] _ k1Ko + k3[HeSl+] ksKs + k5[Hes'L+]

dt Ko +[Hesl"] Ks+[Hesl"] ks ke [TPC (3.5)
d[HeSL*] _ k7Kg + kg[HeS].+] +
at = K8+[HeS].+] k1o [HGSL ]+ k13[T PC] (3.6)
d[CD44
I~ (ki k) [CDAZ]+ kTP @7

These equations were then numerically integrated using algorithms available in the Python package
SciPy [170].

As our experimental data are qualitativi@ble 3.1), for a preliminary simulation analysigigures 3.3B
and3.30), we decided tananuallychoose parameter values using the experimental observations as a guide
(see caption to Figure 2 for values). For example, the division rate for TPCs unaffected by secreted factors
(kg in Table 3.2 was set to 1/day, consistent with experimental observatitatdé 3.1, rule 1). The division
rate for unaffected HedIcells k7 in Table 3.2 was then set to 0.5/ day based on the observation that they
divide at a lower rate than TPC%gble 3.1, rule 4). Initial values for all other rate parameters were chosen
based on similar reasoning. All parameter values were then manually varied until values were found that
produced steady-state subtype proportions similar to those séewriiro mouse tumorsTable 3.3, rule 8;

Figure 3.3C). Of note is that the rate of differentiation from TPCs to Hesglls .3 in Table 3.2 had to be
set to a value ve times larger than that for TPCs to CD44lls (14 in Table 3.2 because modulating the
division and death rates of the subtypes alone could not achieve the desired subtype proportions.

This result is a simple illustration of the nontrivial relationships that often exist between parameter values
and model outputs in systems biology models [173]. An obvious next step in the model analysis process
would be to quantify these relationships through a “sensitivity analysis' [174] that would identify parame-
ters (or sets of parameters) that act as “control points' for modulating model behavior. These could then
be tested experimentally to either validate or refute the current version of the model and suggest possible
re nements. As mentioned previously, these validation experiments may be quantitative. In such cases,
one could then move beyond sensitivity analysis and perform a formal “parameter estimation' [175], which

would allow for quantitative model predictions that could be further tested experimentally. Modern param-
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eter estimation algorithmstilize Monte Carlo (or similar) techniques to generate “ensembles' of parameter

sets that provide similar ts to experimental data [172, 173, 176]. Model predictions are then generated by
sampling over the ensemble, producing a predictive “envelope' [20] that hopefully is not excessively broad (if

it is, further experiments could be designed to reduce the breadth of the envelope [177]). We do not go into
this level of sophistication here as our goal is simply to demonstrate how a preliminary model can be built

and analyzed, but we will use these techniques in the future as the model grows in complexity and additional
experimental data are collected.

Finally, even though our model is based on qualitative observations and static measurements of the com-
positions ofin vivo mouse tumors, the population dynamics formalism that we use allows us to explore and
speculate on the temporal dynamics of tumor growthi-igures 3.3Band3.3C, we show time courses for
a 10-dayin silico experiment starting with a pure population of 100 TPCs. Interestingly, we see that while
the total cell count grows continuously throughout the simulation (because the current model lacks a carrying
capacity;Figure 3.3B), the cell-statgroportionsstabilize around day 10={gure 3.3C). This is consistent
with prior theoretical work [13, 119], which was experimentally validated [13], showing that phenotypic state
transitions can lead to stable steady-state proportions in heterogeneous cell populations. However, our simu-
lation also shows pronounced nonlinear dynamics before day 10, with thé Hexdortion peaking around
day 4 Figure 3.3C). This is a direct result of modeling cell-cell interactions (which were not considered in
the studies by Gupta et al. [13] and Zhou et al [119]) between the TPC and Bidsti/pesFigure 3.3Aand
Table 3.2. Thus, these nonlinear dynamics represent a prediction of the model that could be tested experi-
mentally: if observed, it would provide support for the underlying assumptions of our model and verify the

importance of cell-cell interactions in SCLC tumor dynamics.

3.4 Conclusion

Signi cant progress has been made in recent years in cancer therapy, including the development of new

chemotherapies, targeted agents, and immunotherapies. However, cancer morbidity remains stubbornly high,
in large part due to intertumoral and intratumoral heterogeneities. To overcome this challenge, an integra-

tive systems approach involving experimentation, bioinformatosl mathematical modeling is beginning

to take root and produce results [86]. ABMs, population dynamics, and multiscale models are central to this
effort as they provide a window onto the underlying mechanisms of therapy resistance [87]. Going forward,
a major goal in the eld will be to develop patient-speci ¢ tumor models, parameterized by clinical data and
spanning genetic, cellular, and tissue scales, which can acsaiso platforms for testing and designing per-
sonalized anticancer therapies. This approach holds the promise of signi cantly improving clinical outcomes

and quality of life for millions worldwide suffering from this deadly disease.
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CHAPTER 4

Methods and frameworks developed for the present work

For this body of work, | developed several work ows using existing methods in novel ways or applied to
novel situations. | present these methods as an individual chapter so that future readers may refer to this

section for reference. The methods used are presented in chapter order.

4.1 Methods: Didactic example to contrast AIC vs posterior probability calculated by Bayes-MMI

for model selection and multi-model inference
4.1.1 Estimating regression coef cients and evidence calculation by nested sampling using data from

(Galipaud et al., 2014)

Galipaud and colleagues provide R code in the Supporting Information of their article for their simulations,
and we used thettata.simulation method to generate a dataset viimple.size=100 , and using
the same tapering predictor variable effeetg, = 0:70, ryx, = 0:50, ryyx, = 0:10, ryy, = 0:00 [1]. This
generates the dataset used for our analysesAfgeendix B.1, Table B.1).

For this example with simulated ground truth data, since we have generated the data using four predictor
variables, we can assume that all 16 combinations of the 4 variadles 18) will result in the set of 16
models representing the entire probability space that one of the models is corréChégter 5, Eq. (5.5)).

For our regression coef cient estimation and model selection, we used the Multinest algorithm [29, 30,
31]. Multinest samples multi-dimensional parameter space, bounding its search by parameter values along
each axis in each of the multiple dimensions based on prior expectation of parameters, Pput by
the user. It removes the lowest-probability parameter set and chooses a new one from within the bounded
parameter space, subsequently re-drawing the search space with the bounds incorporating the new parameter
set. This continues until all parameter sets representing the bounds of the remaining search space have
approximately equal probability, and the algorithm estimates that the remaining probability of parameter sets
within the bounds is less than a user-de ned tolerance. Each parameter set is evaluated based on a user-
de ned likelihood function. Finally, the likelihood values that correspond to each sampled parameter set are
arranged in the order they were replaced, and the integral over these is taken to approximate the integral over
all possible models, that is, the marginal likelihood or Bayesian model evidence. We used the Multinest-
returned “vanilla” nested sampling evidence value [31].

As a Bayesian method, Multinest utilizes a prior rate parameter distributiotj, Pwhereq represents

the set ofn parametersj1; g; :::; dn, and a likelihood function to assess each potential parameter set
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L(Djg)= Pr Djg; (4.1)

wheregj is theit" parameter set arfd represents the data being used for tting. Parametefjgstscored
via the likelihood functiorL(Tj).
For the didactic example i@hapter 5, we use a least-squares likelihood function, evaluating the mathe-

matical distance between the model simulagoraluesysm and the simulated datavaluesygaia. Here,

Ysim = ( XTata b1+ X2ata b2+ XSata b3+ XBata b4+ bo) (42)

where eacli; scalar in Eq. (4.2) is equivalent to a parametefas in Eq. (4.1)) and represents the value
in eachit™ dimension of parameter space that Multinest is searching. For simulatialyiesysim during
Multinest's parameter search, each predictor variable astgy and the response variable arag, values
in Eq. (4.2) are from the simulated data represented in pdklite B.1

For the prior distribution of each parameter/regression coef cigrtb provide to Multinest, we used
uniform prior distributions from 0 to 10 for regression coef cietts- by and a uniform prior distribution
from -10 to +10 for the intercedty. For the model selection problem, if a predictor variaklevas not
included in the model, its regression coef cidntwas set to zero.

The mathematical distance calculated via least squares is

2
(ya'ata . yé‘lm) (4.3)

S Ydata

Multinest minimizes this distance, resulting in sets of parameters/regression coef cient values
f b1; B2; B3; B4g that result in the least distance between the model-simulated wajyesnd the data values
Yaata- These represent the best-matching regression coef cients.

Using the Multinest algorithm results, the minimal distance, corresponding to maximum log-likelihood,
can be determined out of all regression coef cient sets. For each model, Multinest also returns the Bayesian

evidence (se€hapter 5 Section 5.2or more detail about Bayesian model evidence).

4.1.2 Calculating Akaike Information Criterion (AIC)
AIC for each of the 16 models in this example can be calculated using its maximum log-likelihood value

L(bj,.J D) as

AICj= 2In L(bj,jD) +2K; (4.4)
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wherebj,__ is the best- tting parameter sbhestfor modelj, andK; is the number of parameters in model
j (seeChapter 5 Section 5.For more detail about AIC).
As in [1], we calculated the “corrected AIC”, or AlCc, which is corrected for small sample sizes,

2K+ 2K

AICg; = AIC; + (4.5)

Nsamples Kj 1

with nsamples= 100, since we used the same sample size as described in [1].

4.1.3 Calculating Bayesian posterior probability per candidate model
Each candidate model is considered equally likely prior to tting by Multinest. That is, every candidate model

has an equal prior probability of being the optimal model to represent the simulated data,

I%Mﬂzﬁ% (4.6)

whereM is the set of all candidate models. Model evidence, or marginal likelihod® jAvy) is es-
timated by Multinest, [29, 30, 31] as discussedSaction 4.1.1 With a prior probability and marginal

likelihood, the posterior probability per model can be calculated as

Pr(D j My) Pr(My)

P D)= 25D M) (M)

4.7)

4.1.4 Calculating sums of AIC weights (SW) per predictor variable
Using all candidate models, sums of AIC weights (SW) can be calculated. SW describes which predictor
variables, with their tted coef cients, best match the response variable. The rst step toward calculating SW

involves scaling models with respect to the minimum AIC value [24, 25]. This results in AIC differences,

D = AIC min(AIC) (4.8)

wheremin(AIC) is the AIC value of the lowest-scoring (best) model candidate. Using AIC differences,
Akaike weights are calculated,
e ?
W= ——p (4.9)
o R pt B
a.r:]_e 2
whereR is the number of models in the candidate set. Akaike weights represent relative likelihoods of

the models given the data, and are interpreted as probabilities [24].

Sums of AIC weights (SW) can then be calculated using
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R
SW(j)= & fwiif j 2 Myg (4.10)
k=1

whereSW\ j) is the sum of weights for variablg and each model's weigh is summed only if variable

j is present in that model.

4.1.5 Calculating Bayesian posterior probability per predictor variable
Each predictor variable that could be included in the model has an assigned prior probability based on our
prior expectations. We take an approach where we consider each predictor variable as equally likely to be
part of the “true” model as it is to not be part of the true model. This means a prior probability of 50% (50%
likely the variable is part of a model that is the best representation of the system that generated the data).
Each candidate model can then be assigned a prior probability conditional on the hypothesis being consid-
ered, P¢M, j Hi), whereMy is thek!" candidate model anid; represents the inclusion of one of the predictor
variables. The calculation of @y j H;) is based on the number of candidate models that fall under the

hypothesis being considered,

Pr(H;)

Pr(Mg j Hi) = m

(4.11)

whereM; 2 M; H; is the set of all models assigneddp For example, iHH; is the hypothesis that predictor
variablex; belongs in the true model, théuh; 2 M; H; is the set of all candidate models that include
Using this prior probability, the posterior probability for an individual model, conditional on the hypoth-

esis being considered, can be calculated as

Pr(D j My; Hi) Pr(My j Hj)
a;Pr(D j Mj; Hi) Pr(Mxj Hi)

Pr(M j D;Hi) = (4.12)

where P(D j My; H;) is the Bayesian model evidence (marginal likelihood)Nwdel.
The posterior probability for an individual modklunder hypothesisl;, P(Mg j D;H;), is not directly

used, as the posterior probability ldf itself, Pi(H; j D) is of principal interest. Under Bayes' Theorem,

Pr(D j H;) Pr(H))
&;Pr(Dj Hj)Pr(Hj)

Pr(H; j D) = (413

whereP(D j Hj) is the marginal likelihood off; over all models to which it applie#); 2 M;H;. Accord-

ing to [178], this can be calculated as
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Pr(Dj Hi) = & Pr(Dj Mq; Hi) P(Myj Hi) (4.14)
k

with a summation instead of an integral because each model has a discrete probability as calculated in
Eqg. (4.12). Using the results of Eq. (4.14) in Eq. (4.13), we then calculate the posterior probability for each

predictor variable, pictured iRigure 5.1E and noted infable 5.2

4.2 Methods: Uni ed Tumor Growth Mechanisms from Multimodel Inference and Dataset Integra-

tion
4.2.1 CIBERSORT deconvolution of RNA sequencing data
Data from two GEMM models provide multiple replicates of tumors from two genetic backgrounds: one
genetic background beings3!'=; RbfI=f!: p130f!=! (triple-knockout, or TKO) GEMM tumors [10], and
another aRbl!=: Trp53f=": Lox Stop Lox{LSL Myc'®® (RPM) GEMM tumors [179]. We also
used publicly available SCLC cell line data. Having been originally derived from human tumors, each cell line
has a different genetic background, and therefore we have only one (genetically identical) replicate per cell
line sequencing event. To approximate genetic similarity between cell lines, and thus approximate multiple
replicates, we expect that cell lines exhibiting similar steady state composition will be more genetically
similar than those whose steady state compositions differ. Previously, in [180], we both clustered publicly
available SCLC cell line data into clusters that align with the different SCLC subtypes and used CIBERSORT
to deconvolute the proportions of cell line data and tumor samples into SCLC subtypes from their RNA

sequencing signatures.

4.2.2 Population dynamics modeling in PySB
A population dynamics model represents the abundance of species over time, whether increase or decrease
due to birth/growth or death. We use ordinary differential equation (ODE) models coded via PySB to generate

population dynamics models [116]. PySB is a rule-based modeling language, where one will encode

A ¥ oA k= 0:469 (4.15)

to indicate that A doubles at a rate of 0.469 doublings per day.

Inter-subtype effects are represented by the increase or decrease of the rate of affected reaction. For
example, the above division rule has a baseline rate of 0.469 doublings per day, but in the presence of an
effector subtype the division rule will have a rate 0469 1:05= 0:493 doublings per day. In this case the

effector subtype has increased the division rate by 5%. Thus the rule-based representation is
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A+Y X 2A+Y: k= 0:493 (4.16)

to indicate that A doubles at a rate of 0.493 doublings per day in the presence of Y.

To simulate the passage of time, the speed at which the division/death/transition reaction occurs — its
rate,k, of cells per unit time — must be assigned as in the equations above. While a literature search reveals
approximate rates of division and death among different SCLC subtypé#(C.1), each of these are in a
different context than the system we model here — for example, division rates for the A subtype are measured
in vitro in the presence of only that one subtype, whereas our population dynamics model is meant to simulate
this subtype in the presence of others as welhadvoin a mouse tumor. Therefore, we use the rates in the
literature as our prior expectations for division and death, that is, we use these values as approximate starting
values for these parameters during the estimation process. Other rates, such as those indicating the speed
of transitions between subtypes, or any rates including the effects of Non-NE subtypes, have not previously
been noted in the literature and we used much wider ranges for each as our prior expectations. Rate prior

expectationsKigure C.2) are then provided to the Multinest algorithm to perform nested sampling.

4.2.3 Multiple hypothesis generation via HypBuilder

Because we perform model selection, we use 5,891 ODE models coded via rule-based modeling in PySB.
Each model is generated to include or exclude from 44 reaction rules. There are eight rules that represent
division and death for each subtype, and with the potential for three different inter-subtype effects (including
none) to have an impact on division or death, each division and death reaction has 3 options, leading to 24
potential rules relating to division/death in total. There are four rules that represent hierarchical phenotypic
transitions, which likewise have three potential inter-subtype effects, for 12 rules in total representing hierar-
chical phenotypic transitions. There are eight rules related to non-hierarchical phenotypic transitions, for 20
total potential phenotypic transition rules out of the 44 rule options.

We use HypBuilder (https://github.com/LoLab-VU/HypBuilder) to generate the 5,891 PySB models that
we would otherwise have to code by hand. HypBuilder is software for the automatic generation user-speci ed
collections of mechanistic rule-based models in the PySB format. The input CSV le contains a global list
of all possible model components, and reactions, as well as any instructions regarding model creation. The
instructions dictate which subsets of model components and reactions will be combinatorially enumerated
to create the collection of models. The reactions are parsed via HypBuilder's molecular interaction library,
a library of de ned reaction rule sets that is out tted with common PySB interactions and is customizable

to include more interactions should the user need them. Once parsed and enumerated each combination of
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rules is exported as an executable model via PySB. The instructions for model construction used in this work
direct HypBuilder to use a “list” method to enumerate all candidate models of interest using prior knowledge
of likely combinations of model variables (see https://github.com/LoLab-MSM/Bayes-MMI for code used to
enumerate candidate models and create the list for HypBuilder).

If the candidate model set contains every relevant biologically plausible possibility, we can consider the
entire set of models as representative of 100% of the probability that one of the candidate models explains,
or provides the mathematical basis underlying, the data. This is an assumption that cannot truly be met, and
most model selection literature acknowledges that one cannot nd the “true” model [24, 25]. However, prior
knowledge enables us to determine that all 5,891 models represent all possibilities with regard to outstanding
SCLC hypotheses to the best of our ability. We visualize the prior expectations for the 44 rate parameters as a
probabilistic distribution per parameter (prior marginal distributidgeiyj@re C.2). Correspondingly, a prob-
abilistic representation of best- tting rates for each model is returned by the Multinest algorithm (posterior

marginal distribution) (e.gkigures 6.5Band6.6E; Figures C.5BandC.4).

4.2.4 Parameter estimation and evidence calculation by nested sampling

As noted in Egs. (4.15) and (4.16), rate parameters must be set in order to run simulations of a mathematical
model. Parameter estimation is the process of determining optimal rates that result in a model simulation
recapitulating the data it is meant to represent. Multiple methods exist for parameter tting or model op-
timization, [181, 182] with Bayesian methods utilizing a prior rate parameter distributio, Prand a
likelihood function to assess a parameterlg& j ;) as in Eq. (4.1).

For our likelihood function, we represent SCLC tumor steady-state proportion probabilistically, gener-
ating a Beta distribution (bounded by 0 and 1) to represent the means and standard deviations of sample
replicate subtype proportions, accounting for noise in the proportional space. We tdssubtype pro-
portions to ensure independence of each sampled subtype proportion, to result in the probaility of
independent events (tumor subtype proportions) occurring.

With a prior probability, Prg , and a likelihood, (Eqg. (4.1)) the posterior probability for each parameter

setT can be calculated via Bayes' Theorem,

PrDjg Pr g

PrgijD = (4.17)

R .
PrDjg Prqg dg

The denominator of Bayes' Theorem represents the likelihood integrated over all parameter sets, called
the marginal likelihood or model evidence. Nested sampling computes this value [28].

To perform nested sampling, we utilize the Multinest algorithm [29, 30, 31], itself describ8édn
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tion4.1.1
For our likelihood function we represented simulation outcomes — proportions of subtypes at steady state

— by a Beta distribution, calculatiray andb using the meamand variance 2 of each dataset [183]:

n=a+bs= w 1; wheren = (a + b) > 0 (meanings >< m(1 m)) (4.18)
a=mn=m rr(1872m) 1 ;ifs?<ml m (4.19)
ml m

b=(1 mn=(1 m 1 ;ifs?<ml1 m (4.20)

SZ

We calculated the log-likelihood of each subtype mean from the dataset being t against the simulated

subtype's beta distribution,

8 !
asgim 1 bsgim 1
s 1% log % ; if s2 simulated model topology
a (4.21)
s 3 1

“log | e ' *saa ; wherel = otherwise

1
Ssgata

whereSis the set of subtypes,s,, andbg,, indicate the calculation & (Eq. (4.19)) and (Eqg. (4.20))

using the proportion of subtyefrom the simulation and the variance of subtype the dataxs,,,, is the

mean proportion of subtypsin the dataseB(a;b) is %(a;?b%) andGis the Gamma function, arsl,_,, is the
standard deviation of the data. Using the exponential function {leg' *saia ) as part of the log-likelihood
(Eqg. (4.21)) enabled us to calculate a likelihood value for subtypes not present in a model's topology, which
should be a poor log-likelihood if the subtype has a high proportion in the data but was not included in
the model topology, or a better log-likelihood if the subtype has a low proportion in the data but was not
included in the model topology (and therefore potentially contributing to over tting). The Python module
scipy.stats was used to calculate the Beta log likelihood (Eq. (4.21), above) and the exponential log
likelihood (Eg. (4.21), below). A simulation would not be scored (redaNand thus be thrown out by the
Multinest tting algorithm) if the tumor subtype proportions did not reach steady state (calculated by whether
a proportion timecourse had a slope of zero for the last 7.5% of the simulation).

Multinest is run per model per dataset, which equates to performing 5,891 mechanistic interpretations,
3 times each. CPU time for one model tting was on average 19 hour8.80 days), with a range of 5

minutes to 28 days. If Multinest had not reached its stopping point by 28 days, we assumed that all regions

of parameter space were similarly unlikely and that further running of the algorithm would only continue
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to re ne the search of the unlikely space; models with this dif culty are very likely to have low marginal
likelihood due to the unlikeliness of the parameter space. We do not include these incompletely-searched
models in our multimodel inference analyses (Figs 3-5) and we con rmed that all models that reached 28
days of CPU time without reaching the Multinest stopping point have an extremely low evidence value at the

time they were terminated.

4.2.5 Candidate model prior and posterior probabilities and con dence interval calculation

Each candidate model has an equal prior probability of being the optimal model to represent the underlying
SCLC tumor system, as shown in Eq. (4.6), whiig is the set of all candidate models. With the model
evidence, or marginal likelihood, @ j My) estimated by Multinest, [29, 30, 31] the posterior probability per
model P(M j D) can be calculated as shown in Eq. (4.7).

With a posterior probability per modelFigure 6.4) we calculate a 95% con dence interval. This is
accomplished by summing decreasing model posterior probabilities until the sum is 0.95, then considering
those models as our 95% CI [24figure 6.4, orange). Using this con dence interval results in1000
models per dataset, a considerable decrease from the initial 5,891. This is a more traditional approach to
determining a con dence set of models.

We also took an approach discussed in [24]. In this approach, a Cl is informed by use of the Bayes Factor
between the highest-scoring model and consecutively decreasing scoring models, until the Bayes Factor is
larger than a particular cutoff. The models in this Cl would be those maod@isvhich % > cutoff.
Burnham and Anderson [24] denote such a method as a “relative likelihood con dence interval” and discuss
its support by statistical theory, noting that it is uncommonly found in the model selection literature. We
used a cutoff of 16, the lowest Bayes Factor at which a difference may be determined [178]. Even with this
permissive cutoff, the relative likelihood ClI includes only tens of models, an even greater decrease from the

initial number of candidates.

4.2.6 Prior and posterior probabilities per hypothesis being investigated

For all hypotheses, similar t8ection 4.1.5 we considered each hypothesis as equally likely compared to
competing hypotheses: for inclusion of most model terms, this was a prior probability of 50%, where it is
50% likely the model term is part of a model that is the best representation of the tumor system, and 50%
likely that same term is not part of that model. For the inclusion of effects in the candidate models, the prior
probability for a given effect is 33%, where it is equally likely that an effect is generated by Y, generated by
A2 and Y, or that no effect is present. The comparison between effect types (including none) is included in

Tables C.2to C.4, while the comparison of any effect at all vs. no effect (50% vs. 50%) is included in the
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main text.

For the model topology analysis, we considered it equally likely that any model topology could best rep-
resent the tumor system that generated each dataset, and with 11 possible model topologies this resulted in
a 9% prior probability per model topologyigure 6.5A). For model initiating subtype hypotheseBjd-
ure C.1G) with 15 potential combinations of initiating subtypes, each initiating subtype combination has a
6.67% prior probability.

Each candidate model is then assigned a prior probability conditional on the hypothesis being considered,
Pr(Mgj Hi), asin Eq. (4.11). The calculation of (R j H;) is based on the number of candidate models that
fall under the hypothesis being considered. For exampld, i§ the hypothesis that the model term “Ato Y
transition” is part of the model that would best represent the SCLC tumor systenMiivi; H; is the set
of all candidate models that include the “A to Y transition” model term.

The posterior probability for an individual model, conditional on the hypothesis being considered,

Pr(Mgj D;H;i), is then calculated as in Eq. (4.12). However, we are principally interested in the posterior
probability of the hypothesill; being investigated, Pi; j D), calculated using Bayes' Theorem as detailed

in Eg. (4.13). P{D | Hi), the marginal likelihood oH; over all models to which it applied); 2 M; H;, can

be calculated according to [178] as in EqQ. (4.14).

Using the results of Eq. (4.14) in Eq. (4.13), we then calculate the posterior probability for each hypoth-
esis, pictured irFigures 6.6Ato 6.6D and noted iriTable 6.2 In this way, we can use Bayesian calculation
rather than parameter importance analysis (sums of AIC weights) [1, 26C{s@gter 5 and methods in
Section 4.) to determine the posterior probability of each model term. This also enables us to avoid bias in
considering models with and without certain model term, if an uneven number of candidate models contain a

model term vs. do not contain the term [184].

4.2.7 Posterior odds per hypothesis being investigated

All model terms and variables begin with a prior probability of 0.5. With equal prior probabilities across
all model term hypotheses, the posterior odds represent@g‘l@m% is equivalent to the Bayes
Factor (see&ection 5.§. Therefore, calculation of the posterior odds and the Bayes Factors for each model
term are equivalent.

A posterior probability of model term inclusion of 0.75 or more, or probability of 0.25 or less, would be
considered substantial evidence for inclusion or exclusion of that term, respectively [178]. Given the nature
of the posterior odds, where a value of 2 indicates that one hypothesis is twice as likely to be true as the
other, we also consider posterior probabilities of 0.667 or more, or 0.333 or less, to be notable evidence for

inclusion or exclusion of the model term considered. We consider probabilities between 0.333 and 0.667 to
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not have been signi cantly informed by the data.

4.2.8 Bayesian model averaging of parameter sets
Since Multinest returns multiple best- tting parameter sets, each parameter in a model has a frequency dis-
tribution representing the values it takes on over these parameter sets. We thus consider each parameter
using a probabilistic representation, per model (posterior marginal distributiag)rés 6.5B and 6.6E
Figures C.5BandC.4). Since each candidate model is assigned a posterior probability as in Eq. (4.7), all
best- tting parameter sets for that model can be assigned the same posterior probability. The frequency distri-
bution of one parameter's values across a model's best- tting parameter sets are thus weighted by its model's
posterior probability. Then, the frequency distributions of weighted parameter values per model can be com-
bined, representing the distribution of potential values of a particular parameter, weighted by model posterior
probabilities. This way, parameter values in the distribution that come from models with a higher posterior
probability (thus higher model evidence) will have more of an effect on the probabilistic representation, since
they represent more likely values for the parameter.

To assemble representative tted parameter sets for each candidate model, we used the rst 1000 param-
eter sets from the Multinest equally weighted posterior samples per model. With up to 44 parameters and up
to 5,891 models, the collection has 44 parameter columns and up to 5,891,000 rows representing a parameter

vector. The collections were made per dataset.

4.2.9 Comparing parameter distributions

As above, each kinetic parameter has a frequency distribution representing 1000 tted values per candidate
model, meaning up to 5,891,000 tted values across all models (weighted using Bayesian model averaging,
as above). To compare parameter rates across models in the same dataset but with different topologies,
we grouped each parameter according to the model topology from which it came. We then sampled 1000
values from the BMA-weighted distribution per kinetic parameter across all models of the same topology.
We performed ANOVA followed by Tukey HSD at family-wise error rate (FWER) of 0.01, using the Python
module statsmodels. Below an FWER of 0.01, we considered the sampled parameters signi cantly different
across models. We then repeated the sampling, ANOVA, and Tukey HSD for a total of 10 iterations. We then
averaged across determinations of signi cant/non-signi cant and if a parameter comparison across model
topologies was signi cantly different more often than it was not different, we considered the parameter rates
to be different comparing model topologies. The same methodology was used to compare parameter rates

across different datasets.
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4.2.10 Generating a consolidated model of the SCLC tumor

A hypothesis (model term) whose posterior probability is further from its prior probability indicates more
information gained during the nested sampling process — more knowledge provided by the data. Conversely,
a posterior probability similar to the corresponding prior probability indicates that the data did not inform our
prior knowledge.

To unify the varying models into one view of SCLC biology, we brought together model probabilities
from each three-subtype topology per dataségure 6.6E). To bring together the results for each three-
subtype topology results in the investigation of what appears as a four-subtype topology. In fact, if we are to
envision one model that can represent one system that generated all three datasets, it would need to include
all four subtypes. We consider this a reasonable practice in that all transition posterior probabilities in the
three-topology subtypes either were little informed by the data or had a value indicating that transitions are
likely; in addition, all Non-NE effects were either little informed by the data or had a value indicating that
these effects are unlikely. Posterior probabilities were not the same between three-subtype topologies, but
these trends of likely or unlikely model features generally agreed.

When consolidating models in this way, if model terms were part of multiple topologies (e.g., the A-
to-N transition is part of the A, N, and Y topology, best representing the RPM dataset, and the A, N, and
A2 topology, best representing the SCLC-A cell line dataset) we took the posterior probability of the model
feature closer to 0.5. For example, the posterior probability for the A to N transition in the RPM dataset is
0.709 and the posterior probability for this same transition in the SCLC-A dataset is 0.626. Therefore, in the
four-subtype consolidated representation, the posterior probability for the A to N transition is 0.626. This is
the most conservative way to represent the knowledge gained by the data from the perspective of the entire
SCLC system, allowing for the most uncertainty to remain. We consider this practice as avoiding claiming

more certainty about model features than the data may provide.

4.3 Methods: Evaluating small cell lung carcinoma time-course patient-derived xenografts reveals
phenotype switching with treatment and chemotherapy-stable subpopulations

Mass cytometry on PDX mice was performed and the resulting data provided to me for this manuscript by

Dr. Jonathan Lehman. Methods text related to these two (sections “Mice” and “Mass cytometry”) provided

by Dr. Lehman.

4.3.1 Mice
Six- to eight-week-old athymic outbred Foxnlnu/nu (Charles River Labs) mice were injected with 2-5 million

cells of the speci ed patient-derived xenograft cell line 1:1 in Matrigel (BD Biosciences) into unilateral mouse
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ank. For the experiments herein, mice were observed for tumoral development with tumor harvesting prior to
tumors reaching 2000 mma3 in size for baseline studies. Tumors were harvested for single cell disaggregation
as noted and samples were also xed in 10% buffered neutral formalin for histologic evaluation.

Comparative chemotherapy treated animals received a pre-treatment 18-gauge core biopsy which was
disaggregated for analysis and received additional core biopsy prior to each cycle of chemotherapy treatment.
Mice were treated with carboplatin IV via tail vein injection on Day 1 of treatment, and etoposide phosphate
subcutaneously daily on days 1-3 of each g2week treatment cycle. A noted subset of mice received serial
core biopsy within 96 hours of each g2week chemotherapy treatment cycle.

All animals in this study were maintained in AAALAC accredited mouse facilities at Vanderbilt Uni-
versity Medical Center and in accordance with IACUC regulations and protocols at Vanderbilt University

Medical Center.

4.3.2 Mass cytometry

Metal-tagged antibodies were used to stain cells in 100 uL cell staining media for 30 minutes at room temper-
ature. After staining, cells were washed once with PBS and once with deionized water, pelleted at 800g, and
resuspended in deionized water containing normalization beads (Fluidigm). Standard bead-based normal-
ization was used as previously described [32]. Cells were collected on a CyTOF 2.0 at the Vanderbilt Flow
Cytometry Shared Resource. Original data were normalized with MATLAB normalization software prior

to further analysis using Cytobank [36], followed by established as well as novel mass cytometry analysis

methods as noted in the following sections. The antibody panels used are as rkabkks7.1land7.2

4.3.3 Visualization of clusters and treatment conditions within tumors
For visualization of uniqgue samples across multiple conditions, (e.g., LX22 comparison between treatment
conditions and time), bead-normalized (CytoBank [185]) .fcs les representing each timepoint (pre-treatment,
peri-treatment, post-treatment) for one PDX (LU73 or LX22) were transformedPatulas dataframes,
(Python) and then concatenated into one dataframe representing all samples, conditions, and timepoints for
that PDX. Rows (individual cells read by the CyTOF) were removed if the marker for mouse MHC class |
was positive, indicating that that cell was a mouse cell and not a tumor cell from the PDX. Individual cells
were also removed if the measure of human histone 3 was less than 10, with 10 indicating positivity, similarly
to ensure the cell was of human origin. After these ltering features, 50-85% of the initial rows remained,
depending on the datas&iqure 7.2A, left).

CyTOF measurements in the dataframe were then transformed, dividing each value by 15 [186] and then

taking the value of the hyperbolic arcsine using the numpy package (np.arcsinh()). The package UMAP-learn
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was used to reduce the dimensions of the transformed 44-dimensional dataframe using 1000 neighbors and a
min _dist of 0.0 (Figure 7.2A, middle). The dimension-reduced x- and y-coordinates for each cell, where
the cell is represented by the row of the dataframe, were added to that row of the dataframe. In this way, the
UMAP coordinates could be permanently associated with the cell and its marker measurements.

Then, Leiden clustering was used to determine the neighborhoods of the dimension-reduced data using the
graph object calculated by UMAP-learRigure 7.2A, right). Labels denoting the sample condition within
the dataframe were not used for clustering but were kept for comparison of Leiden clusters to treatment/mock

conditions and time. This process identi ed 14 clusters in the LU73 PDX and 17 in the LX22 PDX.

4.3.4 Comparing samples and clusters across time

For comparing differences in samples across time, the Pandas dataframes per PDX (as constructed above) was
used. The density of cells in the dimension-reduced space per sample and condition within a PDX (e.g., LU73
sample 121, pre-treatment) was plotted as a contour map using seaborn's kdeplot function on the UMAP
coordinates from a subset of the PDX's dataframe derived from that sample and condition. Density changes
across the dimension-reduced space over time per sample could thus be compared grapigicedly 7.2B

and7.2C, bottom).

The Leiden clusters were used for calculating the proportion of cells in a sample and condition that
comprise each cluster. To calculate this, the subset of the PDX's dataframe derived from a particular sample
and condition was taken as above, and the number of cells (rows of the dataframe) in that sample and condition
used as the total. Within that subset, the number of cells in each Leiden cluster was then divided by the total,
resulting in a proportion. lirigures 7.2Band7.2C barplots, this results in each condition's bars summing
to 1 (100%): for example ifigure 7.2B, all dark green bars, representing LU73, sample 121, pre-treatment,
sum to 1. These proportions may then be used to assess in which samples and conditions a cluster was most

occupied, and where cluster occupancy changed over time or with treatment.

4.3.5 Cluster identi cation
The phenotypic identi cation of each cluster was assessed via multiple methodologies.

The rst methodology is via statistically signi cant (per the hypergeometric test; see below) GO terms per
combination of markers in a cluster, where those markers indicate that the cluster has either higher expression
or lower expression of that marker across all clusters. First, to assign markers to clusters, the (transformed,
see above) expression values of each marker was averaged across cells in each cluster, resulting in the mean
expression of a marker per cluster. Per marker, clusters were then ranked by mean expression, and the 3

highest-ranked clusters for a marker were denoted as “high” in that marker. The 3 lowest-ranked clusters for a
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marker were denoted “low” in that marker. Assigning high and low markers per cluster in this way guarantees
that 3 clusters at most will be “high” and 3 at most will be “low” for each marker, eliminating the possibility
that, for example, all clusters will have the same highest-expressed marker and thus be indistinguishable.
However, this does result in the potential for a cluster not to be considered high or low in any marker. After
this step, every cluster has a list of markers in which it is high and low, which can be compared to GO terms
to investigate biological categories each cluster may be considered high or low in.

However, one marker out of many that a cluster may be high or low in, matching with its corresponding
gene in a GO term, may be accountable only to random chance. Therefore, we use the hypergeometric test
to assess whether markers assigned to a cluster truly represent a GO term/biological process beyond random
chance. In this case, the hypergeometric test determines whether a cluster is enriched in genes representing
a particular GO term, using the number of matching markers and corresponding genes, as well as the total
number of markers in the cluster's high or low list and the total number of genes in the GO term list. Since
the CyTOF panel used for this analysis includes 42 markers (not counting HH3, mMHC | or Rhodium), while
GO terms can use any gene in the genome, all GO term gene lists were Itered such that they included only
genes corresponding to the protein markers in the CyTOF panel. Besides assigning GO terms as “high” or
“low” in each Leiden cluster if the hypergeometric test returned a p-value05, we also required that
at least 3 markers in the cluster high or low list overlap with genes in a GO term, or more than n-1 markers
overlap if n< 3, where n is the number of markers in the high or low list. With this process, each cluster is
assigned biological processes it is “high” or “low” in, suggesting the phenotypic identity(ies) of each cluster
(Figure 7.3A; Figure D.2; Tables D.1andD.?2).

Marker Enrichment Modeling (MEM) was also used for phenotypic identi cation of each clusigr (
ure 7.3C). MEM calculates enrichment scores per marker per cluster [187]. MEM scores are based on median
expression levels of each marker per cluster as well as the interquartile range (difference between the 75th

percentile of a marker's values and the 25th percentile of a marker's values) of that marker.

4.3.6 Cluster density over time

Each sample and condition was subset from the LX22 dataframe and plotted via the seaborn scatterplot()
function in gray, serving as the background set of cells that could possibly be part of a cluster in that sample
and condition. Then, cells in that sample and condition and in the indicated cluster were plotted using the

Python package datashader to color each point by density in the clegerd 7.3B).
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4.3.7 SPADE

SPADE analysis was performed on LX22 treated vs. untreated tumor data. Each circle in the SPADE diagram
(Figure 7.4C) represents a population of cells with similar phenotype based on the 35 markegaria 7.4B
andTable 7.2 SPADE clusters the cells based on these similar phenotypes and creates a minimum-spanning
tree denoting the relationships between cells. The minimum-spanning tree is able to be visualized in 2
dimensions, resulting in the SPADE diagram as seen in the gure. The sizes of the circles (clusters of cell
populations) in the diagram are based on the number of cells in each circle's population. While the SPADE
minimimum-spanning tree was built using both the untreated and treated LX22 sample, (similar to performing
Leiden clustering on all samples and timepoints within a PDX, detailed above) the cluster sizes within the
diagram are based on either the untreakédure 7.4C, top) or treatedKigure 7.4C, bottom) sample. In this

way we were able to compare the densities of cells within each phenotype and how these densities change
with treatment. The heat color for each circle represents the median expression of Oct3/4 in cells within that

circle, indicating subpopulations of high Oct3/4 expression in both treated and untreated LX22 tumor cells.
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CHAPTER 5

A didactic example to contrast AIC vsposterior probability calculated by Bayes-MMI for model

selection and multi-model inferencée*

5.1 Using multiple models to evaluate how well a variable informs the observed data: an example
Mathematical models are a useful way to interrogate a biological system. Building a model can help the
investigator hypothesize relationships within the system, and more speci cally evaluate whether and how
these relationships relate to observed phenomena. Each piece of a model represents a distinct hypothesis;
thus the model as a whole represents multiple hypotheses about the system of interest.

For example, a farmer might wish to determine which aspects of his farm most affect his monthly income:
milk from his cows, eggs from his hens, wool from his sheep, or pony rides offered to the public. He is
interested in assessing how he should price the product or service based on how many animals he must keep
his income steady. Additionally, if a provided product or service doesn'timpact his monthly income, perhaps
he will stop providing it. This is a question with one outcome or response variable, the monthly income, and
up to four predictor variables, one each for the animals that provide the products or services. We can write a

linear equation that describes these interactions as shown below:

iNCOME= Prilk COWSH Peggs NeNSt pwool Sheepr priges PONiest savings interest  (5.1)

y = bixg+ baxa+ baxs+ baxs + bo (5.2)

Eq. (5.2) represents a linear regression model corresponding to the more intuitively written Eq. (5.1),
where the savings interest represents the “intercept”, or a baseline amount of money where the farm budget
starts each month. However, Eq. (5.2) is only one of many possible models that the farmer could use to
determine how these variables come together to yield his income and perhaps improve on his earnings. A
multi-model averaging approach would enable the farmer to explore model hypotheses to explore how much
he should chargdy; 4, based on number of working animals that month,4, and his monthly incomey,
and, how much each of those animeis, contribute to the incomg.

Besides using linear regression to determine pricing, the farmer can evaluate all potential models in-

cluding few, some, or all farm animals to see which animals most directly affect his income. Perhaps the

1This chapter appears in an updated version as part of the main text and supplement of *Uni ed Tumor Growth Mechanisms from
Multimodel Inference and Dataset Integration’ publishe®irOS Computational Biologgnd has been reproduced with the permission
of the publisher and my co-authors, Leonard A. Harris, Michael A. Kochen, Julien Sage, Vito Quaranta, and Carlos F. Lopez.
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lower-earning products per month are not needed to maintain the income based on the numbers of animals
providing each product. For example, if sheep's wool and pony rides do not bring in as much income as milk

or eggs, maybe they do not contribute meaningfully to the income, and the best model would look like this:

iNnCOMe= Pmilk COWSH Peggs henst savings interest (5.3)

y = bixi+ boxa+ bo (5.4)

With all possible combinations of animals that the farmer might use to support his income, there are 16

different possible models that can help predict his monthly income, below:

y= bixi+ boxa+ bg

y= bg y= bixg+ boxo + baxs+ bg
y= bixy+ baxz+ b
y= bixi+ bo y= bixq+ boXo+ baxga+ bo
y= byxy + baxa+ b
y= boxo+ bg y= byxy + baxs+ baxga+ b (5.5)

y = boXza+ baXs+ bo

y= bsxz+ bo
y= byxy + baxa+ b

y = baxga+ bo y= bixg+ boxo+ baxz+ baxg + bo
y= bsxz+ baxa+ by

The model selection process that the farmer can use involves evaluating how well each candidate model's
(from this superset of plausible models) simulationspating animal compared to the observations of
his income. This process is often performed for choosing one best-matching model, and whichever model
is best is often considered to include only the important model variables (the most important animals from
the perspective of the farmer's income. However, we and others argue, one may use model averaging, where
parameter values (prices) can be weighted by model probability and then combined into a distribution of likely
values, and similarly variable (animal) likelihood can be weighted and summed across all models [24, 188].
Thus, this set of candidate models can provide support for or agagtstsof models, and therefore support
for or against hypotheses.

What is the best framework for which the farmer can perform model selection and model averaging?
We argue that a Bayesian framework is optimal, compared in this example to the most common model
selection/model averaging framework, the information theoretic approach of Akaike Information Criterion,
or AIC [24, 25]. InSections 5.20 5.6, we provide the background information that motivate our claim that

a Bayesian framework should be optimal. Section 5.7 we provide our Bayesian analysis of a published
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linear regression example that investigated AIC model selection and model averaging to compare the two

frameworks.

5.2 Marginal likelihood or “evidence” is calculated via model optimization followed by Bayes' Theo-

rem
In a Bayesian statistics context, probability indicates the degree of belief or con dence in an event, or in a
proposal that a statement may be true — that is, a hypothesis. This prior degree of belief (hypothesis) is then
updated with new data, which can yield evidence that our prior belief must be modi ed. In this case, data
can refer to measurements related to the hypothesis and is synthesized into a likelihood that the hypothesis is
true. Prior knowledge combined with data leads to the posterior, updated, probability, de ned using Bayes'

Theorem as

PDjH)Pr(H) _  Pr(DjH)Pr(H)

Pr(H D)= P(D)  _  PHD]H)PrH)dH

(5.6)

where P¢H j D) denotes a conditional posterior probability of the hypothellis given the dateD,
Pr(Dj H) denotes the probability of observing the d&af the hypothesisH were true (also called the
likelihood), and PgH) indicates prior probability (degree of belief) of the hypothesis before being presented
with more data. Calculation of the posterior probability of the hypothegisl PD) requires dividing the
likelihood of one hypothesis times its prior,(Brj H) Pr(H), by P(D) (Eq. (5.6), middle). When comparing
many models, KD) becomes the integral over the likelihood times the prior probability for each hypothesis
H within the set of all hypothesds (Eq. (5.6), right).

When the hypothesid in Eq. (5.6) represents a candidate madelvith n parameters, we can think of
modelM as the set of parameteg, = f q1;q2;::;gng. Each paramete; itself represents one dimension of
the model's probability space. Model optimization to dBtassigns a likelihood to eadfi, in probability
space, and these values over the entire parameter space represent the numerator in Eq. .8)dkith
Pr Djgu Pr gu , adistribution proportional to the probability distribution of mod&l To calculate the
probability distribution oM, we must also calculate the denominator of Eq. (5R.)®r Djgu Pr gu dg,
the so-called marginal likelihood or Bayesian evidence that normalizes the distribution of Mhodel alln
parameters.

The marginal likelihood is often considered the average of the likelihood over the prior space [29, 30, 31].
Consider a multidimensional parameter space for a mbtelhere each point in space has an assigned
likelihood. Then, if we add another parameter — another dimension — that is only mildly informative, the

likelihood values barely change, and they are now spread across even more space. Thus, less evidence is
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present in the overall space, and therefore adding a parameter to a model will result in a lower marginal
likelihood, unless that parameter allows the molleto t the data D signi cantly better. In this way,
the marginal likelihood intrinsically penalizes more complex models, unless a more complex model better

matches the data [29, 30, 31].

5.3 AlC s calculated as an estimate of the Kullback-Liebler divergence
The calculation of an information criterion is based on estimating the difference between candidate models
and the “true” model (reality). The difference between statistical models or probabilities is measured by
Kullback-Leibler (KL) divergence, represented by
I(f;0) = ’ fgin — X gy (5.7)
9(xja)

wheref andg represent probability distributions. In a typical KL divergence calculatf¢r) is the ref-

erence distribution, whilg(x) is the distribution being compared. When using KL divergence in information
theoretic model selection, as in Eq. (5.7), we consiqgJ to be “reality,” whileg(xj q) is a candidate model
parameterized by, which are estimated from daa(as above). Hergy(x | Q) is a probability distribution
of a model akin to the probability distribution of moddl, Pr gy j D noted abovel represents informa-
tion, and becausgcannot exactly match realitif f; g) o represents the information lost when approximating
reality f by the model [25].

The Akaike Information Criterion, or AIC, is an estimate of this KL divergence based on the likelihood
function at its maximum point [24]. It also considers the number of parameters in the giad#), which

reduces bias in the estimate of the KL divergence for that model. Therefore, the AIC is denoted by

AIC= 2In L(gbestj D) +2K= 2In Pr DjQpest + 2N (5.8)

whereL(gpestj D) is the likelihood of the best- tting parameter set aKdis the number of parame-
ters in the model (noted as(Bxj gues) andn, respectively, to correspond with the Bayesian de nitions in

Section 5.2.

5.4 Notable differences between AIC and Bayesian evidence / posterior probability
While they both aim to rank models from a set of candidates so that one or few can be chosen as the best
models, there are several key differences between Bayesian evidence/posterior probability and AIC.

The Bayesian evidence or marginal likelihood is representegFByDj gu Pr gu dg, as noted in

Section 5.2 Since model optimization to dafaassigns a likelihood to each value over the entire parameter
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space, and is represented by Bij Gy Pr Gu , integrating over this thereby integrates over every likeli-

hood value across all evaluated parameter values in each dimension. In this way, the marginal likelihood
takes into account every parameter set evaluated during optimization. This represents a more comprehensive
score for a model compared to AIC, which as in Eqg. (5.8) only considers the best- tting paramefgysset
Additionally, as noted irSection 5.2 the marginal likelihood penalizes for model complexity (humber of
parameters). AIC also includes the number of parameeirs its calculation as seen in Eq. (5.8); how-

ever, this is again a less comprehensive means of penalizing for number of parameters compared to marginal
likelihood.

We then consider the inclusion of prior expectations. At the level of model optimization, both AIC and
marginal likelihood can be said to include prior expectations (depending on the algorithm used for opti-
mization). Marginal likelihood includes prior expectations by default, represented by tlig Prterm in
the integral above. AIC requires only the best- tting parameter set, so if optimization was performed via
Bayesian principles where prior expectations for parameters were assigned, then these priors could well be
said to affectjpestin the AIC calculation. However, Bayesian principles enable inclusion of prior expectations
at the level of model ranking. Often, candidate models are considered equallydileigri, [29, 30, 31]
and will thus have a prior probability (ﬁ When consideringd in Eqg. (5.6) equal to a particular model
M;, the posterior probability PM; j D) rstly requiresa prior probability P¢M;) for its calculation, and once
calculated can be compared to that prior probabﬁi.tyn this way, Bayesian principles provide a numerical
metric to assess how data informed our knowledge aldiputhis plays a role in model averaging as well (see
Section 5.§. AIC does not have a formal means for including prior probability in its calculation nor in the
generation of a posterior probability. Probability in the use of AIC is an interpretation of relative likelihoods
across candidate models and is not a true probability (see Egs. (5.9) and (5.10) in the next section).

Given the incorporation of the full parameter space and prior expectations, as well as the ability to calcu-
late a Bayesian probability that provides insight into knowledge gained from the data, we consider marginal
likelihood the optimal means for model ranking and interpretation therein. A speci ¢ model selection exam-

ple where AIC and marginal likelihood/posterior probabilities are compared is detaisttion 5.7

5.5 Model selection allows us to evaluate which variables or terms have the largest effect on observed
data
Model selection is the process of investigating candidate models, each of which may t the data to a different
extent, while prioritizing model simplicity (akax parsimoniag¢189]). That is, the best model must comprise
a balance between matching the data exactly and having the fewest variables and parameters required to

do so. In linear regression, such as in the following example, this involves investigating which predictor
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variables with their tted coef cients, best match the response variabigufe 5.1A). In kinetic models,
such as those with which we aim to capture the behavior of small cell lung cancer (SCLC), this involves
investigating which variables and which model terms, with their tted kinetic parameters, best match the data
(Figures 5.1Band5.1C).

For Bayesian model selection, the hypotheldeim Eq. (5.6) represent candidate mod®lswithin the
set of all modeldM , and dateD represents the dataset to which each model is tted. Then, the likelihood
of that modeM, Pr(D j M), is the marginal likelihood. Calculating the marginal likelihood for all candidate
models and normalizing by the sum of this value for all models results in the probability of the iodel
given the data, RM j D). The higher the probability, the more likely the model best represents the process
that generated the datgigure 5.1D, black points).

Models can be ranked by AIC value alone, and in this case a lower AIC value indicates that a model is a
better representation of the data. However, those using AIC can scale the models with respect to the minimum

AIC value [24, 25]. This results in AIC differences,

D = AIC min(AIC) (5.9)

wheremin(AIC) is the AIC value of the lowest-scoring (best) model candidate. Using AIC differences,
Akaike weights are calculated,
e ?
W= ——p (5.10)
o R put §
ar:]_e 2
whereR is the number of models in the candidate set. Akaike weights represent relative likelihoods of
the models given the data, and are interpreted as probabilities [24]. From this perspective, the higher the
Akaike weight, the more likely that model best represents the process that generated tRégdegeb(1D,

red points).

5.6 Model averaging uses model selection outcomes from all models to demonstrate how the observed

data informed the model variables or terms that represent our hypotheses
Probabilities or weights are then used for model averaging. Model averaging is a process used when no clear
single best model can be identi ed after model selection. Model averaging can reveal a model variable or
term common to better-performing models, indicating that that the process represented by this variable or
term is likely to play a role in the process that generated the data, and allowing the user to identify the parts of
a model that best capture the data. In our application, this approach implies a departure from a deterministic

single model to a probabilistic understanding of mechanisms, with the probabilities determined from the
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Figure 5.1: Bayesian inference better assesses parameter inclusion in the "true” model compared to Akaike
Information Criterion.

A
B

Aspects of linear regression model assessed by model selection and model averaging.

Aspects of mass-action kinetics model / ordinary differential equation assessed by model selection and model
averaging.

Schematic representation of the equation in (5.1B).

Results from our analysis of candidate models using candidate set and data generation code from [1]. Candidate

models are arranged along the x-axis by posterior probability. Each posterior probability from our analysis is
compared to the AICc weight from our analysis.

Heatmap for each model averaging analysis based on data generation and candidate models in [1]. Top two rows
include summed weights (SW) published in the original [1] manuscript and from our analysis. Top color bar
legend corresponds to these two rows, where SW is a value starting at 0 and weights are summed until the nal
SW value. Bottom row is the posterior probability calculation from our analysis of this data and candidate set.
Bottom color bar legend corresponds to this row, where color represents the probability of the variable's inclusion
in the "true” model. Since prior probability starts at 0.5 (white), deeper colors indicate a larger deviation from the
prior, with redvsblue indicating more likely or less likely probability, respectively.
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available data.

In Bayesian model averaging, (BMA) each model is weighted by its marginal likelihood or posterior
probability [27] and the likelihood of model with particular term or variable can be used to generate an
overall likelihood for that term or variable. Here, the prior probability of a term, which we typically consider
to be equally likely vs. unlikely before model optimization, is important. Now, the H of Eq. (5.6) indicates
the hypothesis that a particular model term (individual process within the system of interest) is part of the
“true” model, and the prior FH) and likelihood of that term D j H) can be used to calculate(Prj D).

Thus we can investigate how the data informed our knowledge &bdubm its prior to posterior probability.

To determine whether to predict that a model variable or term is likely to be involved in the system of

interest, the Bayes Factor can be used. The Bayes Factor is the ratio of the likelihood of two hypotheses, and

when prior probabilities are equal is equivalent to the ratio of the two posterior probabilities:

. Pr(H4jD)
_ P{DjH1) _ Prry

BF = Mo T (5.11)
Pr(HyD
PI(DjHz) ~ PIHD)
Pr(H j D)
BF = — 1. whenPr(H;) = P(H 5.12
(L D) WnenPiH) = Piy) (5.12)

Here,H1 may represent the hypothesis that the model variable does play an important rold;yuinidsy
represent the hypothesis that it does not. The Bayes Factor (BF) between one hypothesis and another can
be considered a true difference between the probability of each hypothesis wher BF > 107, The
value of 10 ( 3)isthe lowest at which a difference may be determined; or%l(o %) when the higher-
probability hypothesis is in the denominator of the BF [178]. In this way, comparing hypotheses via BF can
result in one of three outcomes: (Pli j D) is > 3 times more likely than BRH» j D), meaning hypothesis
H; is informed by the data to be signi cantly more likely théfa; Pr(H1 j D) is < % times less likely than
Pr(Hz j D), meaningH; is informed by the data to be signi cantly less likely that; or, Pi(Hy j D) is
between% less likely and 3 times more likely than (Pt j D), meaningHs is not informed by the data to be
signi cantly different thanH,. We simply denote this last outcome a&4;"is not informed by the data.”

When using information criteria such as AIC, parameter importance analysis is typically performed to
investigate how well the data supports a model term, or hypothesis. For each term, the Akaike weights of all

models containing that term are summed [24],

SW; = & fwi if My 2 Hig (5.13)
k

where the weight of modeé¥, wy, is summed My is considered part dfl; (contains a model variable
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or term that is part oH;).

The sum of weights (SW) is treated as the probability that a term belongs in the “true” model, thus the
biological feature represented by this term plays an important role in the biological system. There does not
appear to be an accepted threshold over which the SW for a variable or term indicates it should be included

in a model, thus it seems practitioners choose a threshold ad hocbasis [1].

5.7 Advantages of Bayes-MMI over AIC for model selection and model averaging: continuing exam-

ple
Despite equivalent goals between BMA and SW, problems have been noted with the latter. To illustrate
this point, we consider the example of [1], and compare AlC-based SW to our Bayesian method combining
marginal likelihood results of model selection and BMA of terms across candidate models, named Bayes-
MMI.

In [1], the investigators generated “ground truth” data using four variables assigning differing corre-
lations with the response variahlex; was strongly correlated to response varighith Pearson correlation
coef cient ryy, of 0.70,x, moderately correlated withyy, 0.20,x3 weakly correlated withyy, 0.05, andxs
uncorrelated wittryy, = 0.0. A variable with no relation to the response variable should not appear in high-
scoring models, and should receive a low SW. Galipaud and colleagues performed model selection using all
variable combinations including intercept-only, (16 models) calculated AICc, (AIC corrected for small sam-
ple sizes) and assessed parameter importance using SW. They found tha;wkecompletely unrelated
to the response, it appeared among best-ranked models and had a SW different from zero [1].

To test how Bayes-MMI compares to AlC-based SW methods, we used data simulated via the code pro-
vided in [1], and ran a nested sampling analysis via PyMultinest [29, 30, 31Ms#®ds Section 4.1.}
Galipaud et al. used least squares regression via tme(R function, while for our nested sampling pa-
rameter search we used a least squares likelihood function with PyMultinest searching the 5-dimensional
parameter spacey(, X2, X3, X4, andbg) using uniform prior distributions of 0 to 10 for each response variable
x; and -10 to 10 for the intercepb. We used the same 16 candidate models, and obtained similar results to
Galipaud and colleague$gble B.2, Table 5.2columns “SW: Galipaud” and “SW: this manuscript”).

Since nested sampling yields the marginal likelihood, [29, 30, 31], we can leverage Bayesian principles
as noted above to explore model hypotheses space and identify the best candidate models. We use candidate
model posterior probabilities to perform our own ranking of modéigyre 5.1D; Table 5.1). We also
calculate variable posterior probabilities;idure 5.1E; Table 5.2 using equivalent prior probabilities of
variable inclusion: prior probability that the inclusion of a variable in the “true” model is 0.5, or completely

unknown (equivalent probability that it is presesstthat it is not present).
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rank

b x x x K raonsI:, rank, (AICc)in In(2) Igr(ri)r prior  post.
0 1 2 3 4 P , AlCc  Galipaud .y Prob. prob.
pro etal., 2014 (+-)

-2.502 0.608 0.139 4 0 0 0 -57.28 0.049 0.062 0.448
-1.219 0.617 3 1 5 4 -58.03 0.043 0.062 0.212
-3.398 0.618 0.129 0.089 5 2 1 1 -58.25 0.054 0.062 0.170
-2.169 0.623 0.090 4 3 4 5 -58.94 0.049 0.062 0.086
-2.729 0.620 0.141 0007 5 4 2 2 -59.75 0.055 0.062 0.038
-1.462 0.615 0025 4 5 6 6 -60.24 0.050 0.062 0.023
-3.329 0.619 0.131 0.077 0.002 6 6 3 3 -60.72 0.060 0.062 0.014
-2.300 0.614 0.086 0026 5 7 7 7 -61.06 0.055 0.062 0.010
3.357 0.164 3 8 8 8 -102.99 0.044 0.062 b
4.990 2 9 12 10 -104.79 0.039 0.062
2.990 0.164 0.038 4 10 9 9 -104.86 0.050 0.062 %0
3.355 0.164 0001 4 11 10 11 -105.64 0.051 0.062 20
4.602 0.039 3 12 13 12 -106.78 0.045 0.062
4.901 0.009 3 13 14 14 -107.27 0.046 0.062 %
3.043 0.163 0.029 0.004 5 14 11 13 -107.64 0.057 0.062 230
4.510 0.041 0.007 4 15 15 15 -109.26 0.052 0.062 230

Table 5.1: Summary of nested sampling model selection results on the simulated dataset and model selection
problem in Galipaud et al., 2014.

Candidate models are ranked by posterior probability (“post. prob.”). Ranking in this Bayesian analysis can be
compared to ranking via AICc in this analysis and to the ranking in Galipaud et al., 2014 (“rank, post. prob.”, vs.
“rank, AICc” vs. “rank (AICc) in Galipaud et al., 2014” columns). First ve columns of maximum log-likelihood
parameter estimates are part of PyMultinest output. Parameter estimates are reported if present for each of the 16
candidate modelg, total number of estimable parametergZ) the natural log of the Bayesian evidence/marginal
likelihood (Z), calculated within the prior-bounded parameter space using our least-squares likelihood function;
In(Z) error, the error returned by PyMultinest; prior prob., the prior probability that a model is the “correct” model;

post. prob., posterior probability that the model is “correct”, calculat S 'j gir()j).
]

Firstly, while according to AlCcx4 can be found in the best-ranked models, when ranking according
to posterior probabilityxs, does not appear until the fth-highest ranked modeig(re 5.1D; Tables 5.1
andB.2;[1]). The four highest-ranked models have a cumulative probability of 0.8idufe 5.1D; Ta-
ble 5.1). Thus, most of the probability that one candidate model is the best model is contained in those
models, which more accurately do not include In fact, x4 appears only in candidate models whose pos-
terior probability has decreased compared to the prior probaliigute 5.1D, dotted lines aboves below
posterior probability pointsfable 5.1). Next, while the SW fox, in our AICc analysis is 0.25, the posterior
probability that the inclusion of, is supported by the data is 0.0Baple 5.2).

Using Bayesian principles, we consider the prior probability,ahclusion equivalent between presence
and absence (probability of 0.5), but after incorporating data, the posterior probabikyireflusion has
decreased to a large extent, to a probability of 0.09. We view this as a reasonably low probability, given that
X4 is not at all correlated tg. If Hy representsXs should be included in the model”, amty the opposite,

the BF forH; vs H is % = :099< 1, and we determine that should not be included in the model.
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The case ok3 is also instructive, where the prior probability of inclusion at 0.5 has changed to a posterior

probability of 0.28 after incorporation of datBF = % = 0:39). With the very weak correlation of

toy at 0.05, Bayesian inference has indicated that, at least with the data used, a de nitive choice to include
or excludexsz canalmost though not quite, not be made. The SW faris 0.49, and as such a practitioner
certainly might include it in a chosen model, possibly without considering that such a weakly correlated

variable could achieve this SW.

Variable SW: Galipaud  SW: this Prior Posterior
etal. 2014  manuscript probability probability
X1 1 1 05 1
X2 0.94 0.81 0.5 0.67
X3 0.37 0.49 0.5 0.28
X4 0.37 0.25 0.5 0.09

Table 5.2: SW and posterior probability calculations for each model variable.
Prior probability for a variable is set at 0.5, meaning a variable's prior probability for can be calculated per candidate
model by dividing 0.5 by the number of models in which the variable appears. Prior probability values only impact
posterior probability scores and not SW calculations.

Therefore, we consider using Bayesian analysis based on the marginal likelihood (Bayesian evidence) to
be a superior way to perform model selection, and speci cally analysis of variable or model term inclusion
or exclusion. We thus aim to employ multimodel inference (MMI; model selection and model averaging to-
gether) in the context of Bayesian statistics. There have been biological investigations using MMI approaches
[190, 191] but, to our knowledge, Bayesian MMI has not previously been applied to our models of interest,
cell population dynamics models. Using MMI to assess the posterior probability of different model variables
is comparable to Bayesian variable selection, which in biomedicine has been used to determine genetic loci
associated with health and disease outcomes in linear models [191]. We nd using a Bayesian approach to
MMI results in probabilities that biologically relevant model features are (or are not) supported by the data,
and is likely relevant to any cancer or developmental biology application and can be used to investigate model

variables even in the context of limited or uncertain data.
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CHAPTER 6

Uni ed Tumor Growth Mechanisms from Multimodel Inference and Dataset Integration *

6.1 Introduction

A mechanistic understanding of biological processes that explains causal input-output relationships and pre-
dicts population behaviors [192] remains a central challenge to all areas of quantitative biology. Mathematical
models have become an established practice to specify precise relationships within a biological system, [22]
and thereby hypothesize, and subsequently test, the existence of these relationships. For example, multiple
mechanistic models of apoptosis execution have been formulated to explore the nature of biochemical inter-
actions that lead to cellular commitment to death, demonstrating that careful model design and suitable data
can lead to important biological insights [193, 194, 195]. A more challenging situation emerges when models
are formulated for biological processes that are poorly de ned or understood, leading to multiple competing,
and often juxtaposed mechanistic explanations for a given biological process. For example, in Small Cell
Lung Cancer (SCLC), a study of circulating tumor cell-derived xenografts showed that Non-NE-related sub-
types could act as a stemlike population (“source”), [196] but archetype analysis of a genetically engineered
mouse model tumor showed the Non-NE subtype SCLC-Y acts as an end-state (“sink”, rather than source)
[197]. Therefore, continued exploration of the hypotheses generated from these works can help elucidate the
differences between these and other potential explanations for tumor growth mechanisms.

This phenomenon where multiple mechanistic hypotheses are concurrently proposed but must be assessed
with limited data is not restricted to quantitative biology but common to other elds with similar data avail-
ability limitations such as ecology [198] climatology [199], and evolutionary biology [200], to name a few.

To address this challenge, methods such as model selection and multimodel inference have been proposed
using information theoretic scoring technigues such as Akaike Information Criterion, (AIC) with limited suc-
cess stemming from dif culties with model averaging [1, 26] and the fact that AIC scores do not inherently
describe whether a model or features within are informed by the data. More recently, the use of Al and
machine learning approaches has given impetus to causal relationship inference [201] but these relationships
remain dif cult to elucidate, thus underscoring the need for both novel tools for hypothesis exploration, and
tools that can be used with rigor in the face of missing data that may not inform all hypotheses.

The model selection process involves candidate model evaluation from a superset of plausible models,

relative to a given experimental dataset. A scoring function is then applied to each model usually with

1This chapter appears in an updated version as “Uni ed Tumor Growth Mechanisms from Multimodel Inference and Dataset Inte-
gration' published ilrPLOS Computational Biologgnd has been reproduced with the permission of the publisher and my co-authors,
Leonard A. Harris, Michael A. Kochen, Julien Sage, Vito Quaranta, and Carlos F. Lopez.
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the goal to identify the top-scoring model that best represents the process being investigated. A typical
approach is to consider a “best” model as comprising the most relevant variables that capture important
mechanistic aspects of the explored process, while excluded variables capture process features that are less
relevant for the question being explored. However, variables throughout all candidate models can contribute
to knowledge about the overall system [24]. In the cases where data is simply less informative for a given set
of hypotheses, uncertainty will remain about what constitutes a “best” model, [188], necessitating approaches
such as model averaging, where parameter values can be weighted by model probability and then combined
into a distribution of likely values. Unfortunately, for information theoretic applications of model averaging,

this probability must be weighted and summed across all possible models, which are often not possible to
enumerate exhaustively in a biological context.

To address the challenge of employing multimodel inference approaches in the context of biological
processes where models cannot be exhaustively enumerated, data may not inform all model evaluation, and
model averaging across all models is desired to learn about the system of interest, we introduce Bayesian
multimodel inference (Bayes-MMI), a method which combines Bayesian inference with model selection
and model averaging. In our approach, Bayesian model selection enables exploration of mechanistic model
hypotheses by inclusion or exclusion of species and behaviors that could play a role in each biological process.
Application of Bayesian principles in turn reveals the extent to which data informs a given model and its
constitutive parameters.

In our system of interest, small cell lung cancer, (SCLC) we integrate the most suitable available datasets
and published theories of SCLC cellular biology to enumerate mechanistic hypotheses for SCLC tumor
growth. We test the resulting thousands of candidate population dynamics models via nested sampling,
comparing candidate model output to tumor steady-state data, applying the principles of model selection and
model averaging for a principled and comprehensive assessment of SCLC mechanistic hypotheses. We es-
timate the probability of each mechanistic hypothesis given the data, generating an interpretation of SCLC
tumor growth: highly likely non-hierarchical phenotypic transitions indicating SCLC subtype plasticity, and
less likely cell-cell interactions that affect the rate of phenotypic transitions across subtypes. We show how
certain aspects of the SCLC model, such as phenotypic transitions and cell-cell interactions related to these,
are well informed by the available data, but other aspects, such as tumor initiation and growth rate effects, are
not informed. Our approach is generalizable to other biological systems, and as such we suggest a shift away
from considering only one “best” model or the variables within and instead propose a move toward Bayesian
principles in multimodel inference and a probabilistic understanding of whether each cellular behavior in a

model contributes to the behavior of the system under study.
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6.2 Existing datasets yield multiple hypotheses in SCLC tumor growth mechanisms

Small cell lung cancer (SCLC) has been denominated a recalcitrant tumor where relapse after treatment
is commonplace and the survival prognosis is typically poor. SCLC compris&s% of all lung cancer

cases worldwide and results in 200,000 deaths annually with a 5-year survival rate of less than 10%
[7]. Intratumoral heterogeneity is hypothesized to be the main contributor to the natural history of this
disease and its morbidity and mortality [7, 9, 202]. SCLC tumors comprise a mix of functionally distinct
subtypes of interacting cells, [159, 10, 203], most notably neuroendocrine (NE) and Non-NE. As shown
in Figure 6.1A, SCLC populations comprise a collection of cellular subtypes within a tumor, identi ed by
differential expression of transcriptional regulators [9].

The overall goal in this work is to computationally explore tumor growth mechanism hypotheses in SCLC.
Tumor features that emerge as highly supported by data about the growth mechanism could be used to predict
differences in growth across tumors of different genetic backgrounds, respoirsesitm treatment, or even
predict patient-speci ¢ tumor behavior after various treatments. Unfortunately, these goals are currently hy-
pothetical, because to build one SCLC model that could be used for these purposes, one would need a uni ed
understanding of the SCLC tumor as a system, and knowledge of SCLC currently exists as nonoverlapping
conclusions and hypotheses. We summarize the current knowledge about SCLC tumor growth mechanisms,
highlight potential knowledge gaps, and refer interested readers to [9] for a comprehensive review of recent
SCLC literature beyond that noted here.

Multiple SCLC subtypes have been identi ed depending on the experimental model studied, shown in
Figure 6.1A, as SCLC-A, N, A2, and Y [9]. Other experiments have led to additional proposed phenotypic
subtypes, including canonical subtype SCLC-P, but these were not included in our analysis [196, 203, 204,
205, 206]. Our previous work aimed to identify whether all subtypes may be present in a tumor or if only
a subset are present, with the result that tumors can be composed of one, multiple, or all subtypes tested
[180]. A comprehensive account of initiating SCLC subtype(s) (cell(s) of tumor origin) has not been made,
but multiple have been hypothesized in [180, 11, 207].

Studiesin vitro andin vivo have suggested that Non-NE subtype(s) support growth of NE subtypes [10]
(Figure 6.1A(2)), including vasculogenic mimicking SCLC cells having such supportive effects [203]. The
presence of NE subtypes has a dampening effect on Non-NE growth [179]. Recent work has shown that the
Hes1-positive (Non-NE) cells supporting NE subtype growth [10] may have upregulated YAP1 28] (
ure 6.1A(2)), and are likely SCLC-Y; otherwise, the referenced studies were completed before the adoption
of the canonical subtypes SCLC-A, N, A2, P, and Y, and so it is unclear which of these exactly contribute

such effects in each case. NE cells may undergo a transition a toward, Hlidslly YAP1*) identity, (Fig-
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Figure 6.1: Conclusions, hypotheses from literature build mechanistic hypothesis exploration space for tumor
growth and development.

A Synthesis of what is currently known about SCLC subtypes, which have been divided into two overall phenotypes,
neuroendocrine (NE) and Non-NE, and then further classi ed into subtypes based on transcription factor expres-
sion.

1 NE SCLC cells, which do not express Hes1, transition into Non-NE cells, which do.

2 HesT cells release unidenti ed factors (gray circle) that support viability and growth of Hes1- cells, and the
two Hes1 and Hes1- populations grow better together rather than separately.

3 Consensus across the eld led to labeling SCLC phenotypic subtypes by the dominant transcription factor
expressed in that subtype.

4 Subtype with transcriptional signature intermediate between NE and Non-NE, named SCLC-A2.
5 Phenotypic transitions occur in a hierarchical manner from SCLC-A to SCLC-N to SCLC-Y cells.

B Model topologies constructed with 2+ subtypes, with number of combinations per number of subtypes.

C Subtype effect schema, where there are different effectors between candidates and different affected cellular ac-
tions.

D Potential initiation schema, where all subtypes in topology must be accessible either as initiating subtypes or via
transitions.

E Potential transition schema where, unidirectional transitions are those that follow a hierarchy, and bidirectional
transitions must be symmetrical when present.

HES1, Hes Family BHLH Transcription Factor 1; ASCL1, Achaete-scute homolog 1; NEUROD1, neurogenic differentiation factor 1, POU2F3,
POU class 2 homeobox 3; YAP1, yes-associated protein.
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ure 6.1A(1)) which modulates these Non-NE cells' sensitivity to anticancer drug treatment [10]. Other work
found that SCLC-A subtype cells can transition to the SCLC-N subtype and from SCLC-N to SCLC-Y [11]
(Figure 6.1A(5)). Without the ability to undergo a transition toward a more Non-NE phenotype, tumors were
smaller and less aggressive; however, this study did not assess Non-NE or SCLC-Y sensitivity to anticancer
drugs [11]. These two landmark studies assessing phenotypic transitions do not assess the same phenotypic
transition pathway and thus we cannot compare intermediates, although we hypothesize that the transitions
begin with SCLC-A and it seems reasonable to assume the hierarchical pathway ends in SCLC-Y. While our
investigations support that SCLC-Y acts as an end state for phenotypic transitions, [197] another study iden-

ti ed that Non-NE subtypes may have stemlike potential, [196] which contrasts with Non-NE or SCLC-Y

acting as the end of the hierarchical pathway.

6.3 Multiple mechanistic hypotheses emerge from existing data

Considering the aspects of SCLC tumor growth observed in the previous section, it is clear that no one
model exists that could easily recapitulate all datasets. To address this challenge, we explored mechanistic
hypotheses in the realm of tumor initiation and composition, phenotypic transitions and their hierarchy, and
subtype-to-subtype effect$gble 6.1). To select which of these multiple hypotheses to include in a mecha-
nistic model of SCLC without additional ndings would introduce bias into the modeling process. Instead,
we can address these questions computationally, by including or excluding these behaviors across multiple
mechanistic models and evaluating whether model behaviors recapitulate SCLC data; that is, we turn to
model selection [24, 27].

For our tumor growth mechanism exploration, we interpret tumor topology, initiation, potential subtype
behaviors, etc., as features (model terms) in candidate motki¢e(6.1). We de ne model variables as
representations of species in the model (e.g., “subtype A"), and model terms as qualitative actions in the model
(e.g., “subtype A cell division”), whose rates are denoted by kinetic parameters (e.g., “subtype A division
rate”) (Figures 5.1Ato 5.1C). To fully account for all possible tumor subtype makeup and an exhaustive
set of possible explanations, we explored models comprising between two and four subtypes per model
(Figure 6.1B) and included all possible cell subtype interactions. Growth supportive effects and transition-
inducing effects Figure 6.1C) (and growth dampening effects, not shown) are included in some candidate
models where, e.g., presence of an effector (supportive cell subtype) increases the rate of growth of a subtype
it affects (supports). Subtype A2 has expression features of both NE and Non-NE cells [180], including
expression of ASCL1 (seen in NE cells) and HES1 (seen in Non-NE cells) and we therefore assigned A2 NE
features in some candidate models and Non-NE in ottiégsife 6.1C).

To compare a hierarchical system, where a cancer stem cell (CSC) can (re)populate a tumor, and non-
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Tumor composition

» Neuroendocrine-classi ed (NE) subtypes include A (ASCLAnd N (NEUROD1), with non-
neuroendocrine-classi ed (Non-NE) subtype Y (YAR&Nnd P (POU2F3). [9]

« Previous work predicted subtype A2, and SCLC-A, SCLC-A2 and SCLC-N have been seen to express
ASCL1[9],[10, 180, 11]. SCLC-A2 expresses Hes1. [180]

¢ Hes1-positive TKO tumor cells (Non-NE) have YAP1 upregulated. [208]
« Itis unclear whether A2 is more NE or Non-NE in character.
« Tumors can be made up of one or more of these subtypes. [9, 180]

« Some subtype combinations have been experimentally veri ed and others have been predicted using
CIBERSORT. [9, 180, 11]

* We do not see SCLC-P in our previous subtype deconvolution. [180]

Evidence of phenotypic transitions

« TKO tumor cells sorted for Hes1-negativity (NE identity) become Hes1 positive (Non-NE identity)
when plated with Notch ligand DLLA4. [10]

« Ex vivoculturing of in situ RPM tumors results in histologic and transcriptional phenotypic changes
from NE to Non-NE gene expression over time. [11]

¢ Transitions between A and A2, A2 and N have not been studied.
« No evidence of SCLC-Y transition to NE identity. [10]

Subtype-to-subtype effects

« Cell viability and division are increased when Hes1-negative cells are plated with Hes1-positive cells,
compared to Hes1-negative cells only. [10]

* NE cells suppress Non-NE cell division. [53]

< Application of conditioned media or of isolated exosomes results in a morphological change in|TKO-
derived NE cell line KP3.*

Table 6.1: Existing data pertaining to SCLC intratumoral heterogeneity and communication.
ASCL1, Achaete-scute homolog 1; NEUROD1, neurogenic differentiation factor 1; POU2F3, POU class
2 homeobox 3; YAP1, yes-associated protein; HES1, Hes Family BHLH Transcription Factor 1. TKO,
p53f1=fl: Rpf1=f1: p130f1=f! tumors [10]; RPM,ROLT=M; Trp53f1=fl: Lox Stop LoxLSL Myc8 tumors
[179]. * Personal communication (Alissa Weaver, Vanderbilt University)

hierarchical systems in which phenotypic transitions can occur among multiple or all SCLC subtypes, we
include candidate models with several different potential phenotypic transition schemes. Thus, the set of
candidate models considered include models without phenotypic transitions, models with transitions that
re ect hierarchical transitions observed experimentally [10, 11], and models with reversible transitions, i.e.,
high plasticity Figures 6.1Dand6.1E). Unidirectional transitions stemming from one cell subtype indicate

a potential CSC, while bidirectional transitions from multiple subtypes indicate phenotypic plasticity. We
additionally include tumor initiation from one cell of origin vs. multiple. Thus, candidate models include

different numbers of initiating subtypeBiure 6.1D, Figure C.1G).
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To ensure we built a comprehensive set of candidate models that enable exhaustive exploration of bio-
logically relevant hypothesis space, we combined the potential SCLC behdviigusg 6.1, Table 6.1) with
prior knowledge about mechanistic behavior of tumor populations [14, 107, 13, 108, 75, 119]. For example,
if there is indeed plasticity in the system, it is likely to be shared among subtypes, leading to symmetrical
bidirectional phenotypic transitions across the moégire 6.1E). We therefore expect that all plausible
SCLC tumor growth mechanisms are represented in our candidate model hypothesis space to the best of our
knowledge. Accounting for all these different possibilities led to a set of 5,891 unique candidate models,

each representing a possible SCLC tumor growth mechanistic hypothesis.

6.4 Bayesian exploration of candidate population dynamics models using experimental data

We use multiple datasets to identify consensus behavior of SCLC and provide a unifying model of tumor
growth mechanisms broadly supported by available daigufe 6.2A). These datasets include the triple-
knockout (TKO) model p537'=f; Rbf'=11: p1307'=1) of genetically-engineered mouse tumors [10]; equiva-

lent to the RPR2 GEMM [11, 179, 209]), and the RPM mod#1("'='; Trp53f1=f!: Lox Stop LoxLSL

MycT58 [179]), and cell lines from the Cancer Cell Line Encyclopedia (CCLE) [210] made up largely of the
SCLC-A subtype determined in [180figure 6.2A). This data provided SCLC subtype-assigned proportions

of tumor samples, using the same gene signatures across samples, which had been automatically determined
by CIBERSORT from samples of CCLE SCLC cell lines [210] and their consensus clustering class labels
[180]. We consider this preferable to our own ad hoc decisions of individual cell subtype identity necessary
to assign the required subtype proportions of tumors had we used newer, available single-cell RNA sequenc-
ing data. The different datasets represente&igure 6.2A demonstrate differing SCLC tumor makeup,
according to the experimental model employed in the study.

To explore the roles of phenotypic heterogeneity and cellular behaviors (cell-cell interactions, phenotypic
transitions) on SCLC tumor growth dynamics, we used population dynamics modeling, building on our pre-
vious work [211]. Population dynamics models employ a mathematical description of the dynamics within
and between heterogeneous subpopulations in an overall population [71, 73]. With such models, researchers
can mathematically simulate population growth over time and investigate growth dynamics inherent in the
simulations (6.3).

With 5,891 candidate modelsrifures 6.1Bto 6.1E) we aimed to determine which one(s) could best
represent the SCLC system —in an ideal world, we would determine which model represents reality. However,
because we will never know the “true” model, we must evaluate each model probabilistically — which model
is most likely to explain the data? Before comparing our 5,891 models to data to determine which is best,

we consider each to have the same probability of explaining the data. That is, we assign all models an equal
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Figure 6.2: Population composition data and probabilistic representation.

A CIBERSORT deconvolution of TKO and RPM genetically engineered mouse model (GEMM) samples (previously
published) as well as SCLC-A cell line samples. CIBERSORT was performed on bulk RNA-sequencing data.

B Probabilistic representation of tumor proportion based on mean and standard deviation of proportions across sam-
ples within an experimental model; these distributions were then used for tting models to data.

TKO, 3= Ro=: p130"=" tumors [10]; RPM, RAM="; Trp537=1;Lox Stop LoxLSL Myc™>® tumors [179]; SCLC-A cell lines, a
subset of SCLC cell lines from the CCLE [210] that we previously assigned as representative of tumors made up largely of the SCLC-A subtype
[180].

probability, as this way, we will not bias the exploration of the data toward any particular model or group

of models. This is the reason we built a set of models that enables full exploration of the hypothesis space,
(detailed above) so that with the addition of data, we can ensure we will study all possibilities and nd the best
model(s) within that hypothesis space. We compare each candidate model to the data discussed above, and
with model optimization, we assess how well its simulations match what we see in that data. After this, each
model's probability will be updated, with a model that explains the data better achieving a higher probability
than one that does not explain the data as well.

The principles of model selection enable us to assess which candidates are best supported by experimental
data, while prioritizing model simplicity [24], [25]. Information theoretic approaches for model selection
using the Akaike Information Criterion (AIC) have been used in prior work but do not yield a much-needed
statistical understanding of the data. For a didactic demonstration of this, we refer the re@dapter 5.

We therefore employed the marginal likelihood as a more principled means for model ranking and model
averaging.

Prior work has estimated the marginal likelihood for kinetic model tting using thermodynamic integra-
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Figure 6.3: Box: Population dynamics modeling and inter-subtype effects
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tion [176]. In this work we instead use nested sampling, [28], which is computationally more ef cient and
has fewer limitations with regard to the shape of the probability space traversed during evidence calculation
[29, 30, 31]. The nested sampling method was run once for each of the 5,891 candidate models on each of
the three experimental datasets, amounting to 17,484 potential interpretations of tumor growth mechanisms.
The average tting time for each model was 19 wall-clock hours, thus necessitating high-performance
computing for a complete parameter space exploration of the candidate models.

Each model is thus optimized to our datasets via nested sampling, which explores the full volume of
the likely parameter space. Each point in parameter space represents a set of possible parameter values
(Figure C.2). At each of these points, nested sampling assigns a likelihood value for how well that set of
parameter values ts the data. On completion of the algorithm, the output includes the highest-likelihood pa-
rameter values. Since each tested point in parameter space is a set of parameter values, the highest-likelihood
values for a model are returned by the algorithm as a list of parameteiFsgise C.3). Returning a list of
parameter sets rather than one top-scoring set already incorporates Bayesian methodology into the process —
each individual parameter has multiple best- tting values, which can be interpreted as a distribution of pa-
rameter values [176] — but with nested sampling we add yet more Bayesian methodology. Having assigned a
likelihood to every point in parameter space, nested sampling uses these to calculate one overall likelihood per
model, the marginal likelihood, which takes into account parameter t as well as model simplicity (humber
of parameters). For more detail on how the marginal likelihood is calculated to incorporate both model t and
size, se€Chapter 5 andMethods Section 4.1.1Finally, with marginal likelihood values for each model in
the candidate set, and the candidate model set representing the full hypothesis space with all potential SCLC
population dynamics models, we can calculate a probability. Summing the marginal likelihood values, and
dividing each individual marginal likelihood by these, results in a model posterior probability, representing
a change in probability from pre-model tting (all models with equal prior probability) to post-model tting
(seeChapter 5). We are then able to compare model probabilities and additionally perform model averaging

to evaluate kinetic parameter value distributions and probabilities of model variables and terms.

6.5 A small subset of candidate tumor growth models is supported by experimental data

In a Bayesian model selection approach, a more likely model comprises a higher proportion of the probability
of the candidate model spadéidures 6.4Ato 6.4C). After nested sampling, our results indicate the highest-
scoring model for each dataset is10' times more likely than the lowest-scoring model, and0® times

more likely than the median scoring model. For reference, the smallest comparison between models that is
considered signi cant is 1%{)[178] (Chapter 5). Therefore, our results indicate that the data used for model

tting has informed our knowledge about the system, because before nested sampling, all models are equally
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likely.

Performing nested sampling on all candidate models did not yield a unique best- tting model for any
datasetfigures 6.4Ato 6.4C). We therefore leveraged a multi-model inference approach and calculated a
con dence interval (Cl) representing a set of best- tting models per dataset. While a 95% Cl is a traditional
approach, Figures 6.4Ato 6.4C, orange) we also calculate a “relative likelihood con dence interval,” as
discussed in [24] (sellethods Section 4.2.5 For this relative likelihood Cl, we calculate the Bayes Factor
(BF) between the highest-scoring model and every other model, using the least strict cutofﬁdﬁél{as
above, and irChapter 5). Even with this permissive cutoff, the relative likelihood ClI includes only tens of
models per dataset, a large decrease from the initial number of candidatés ¢r lessFigure 6.4D).

In summary, we can determine a subset of candidate models that adequately represent the data, conditional
on the tted parameter sets resulting from the model optimization in nested sampling. Investigating these
parameter sets can provide more insight into the similarities and differences between candidate models and
their ts within and between datasets. Moving beyond the parameter values assigned to each model term, we
wanted to investigate how the data available can inform model terms. If data does not inform model terms
and variables and the corresponding tted parameter rates, it indicates that the mechanistic conclusions we

desire to draw from this data using mathematical modeling may require additional or different data.

6.6 High-likelihood model topologies are nonoverlapping between datasets

Given our observation that no one candidate model stands out among other models to explain the experimental
data, we employed the multi-model inference technique of Bayesian model averaging (BMA). Brie y, the
reasoning behind BMA is that a combination of candidate models will perform better in explaining the data
than a single model [188]. In BMA, each model is weighted by its posterior model evidence [27] and the
model terms within each model receive an averaged likelihood [ bter 5).

However, before we could investigate model-averaged probabilities, we found that the tted parameter
distribution outcome was dependent on choice of initiating subtiyjgri(e C.4). While we aimed to evaluate
initiating subtype possibilities with our Bayes-MMI approach, we cannot do this in a unifying fashion as this
choice affects tted parameters and thus model behavior. Therefore, we turned to the literature to impose
stricter constraints about initial subtype conditions, to investigate model variable and term probabilities when
kinetic parameter posterior distributions were constrained. As mentioned previously, reports link NE SCLC
subtypes and long-term tumor propagation [10, 53] and, in particular, cells of subtype A [11]. We thus used
only candidate models with an initiating subtype of A, with or without other initiating subtypes. Since we
required that subtype A be an initiating subtype, model structures that do not include subtype A received zero

posterior probability (models 3 and 8—10kigure 6.5A; model topology probabilities without Itering by
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Figure 6.4: Fitting to data and assigning Bayesian evidence separates candidate models into more and less
likely.

(6.4A - 6.4C) Evidence values (left y-axis) and posterior probability values (right y-axis) from nested
sampling, one point per model, ordered from model with greatest evidence to model with least ev-

idence. Models whose evidence value are withii 1 the greatest evidence value, the "relative
likelihood con dence interval,” are colored in red. Nested sampling and evidence calculation is per-
formed per dataset.

A TKO dataset
B RPM dataset
C SCLC-A cell line dataset

D Numbers and percentages of models in the relative likelihood con dence interval, 95% con dence
interval, and remaining non-con dence interval models.

TKO, 3= Rb=: p130"="' tumors [10]; RPM, RAM="'; Trp537=;Lox Stop LoXLSL Myc™5® tumors [179]; SCLC-A cell lines, a
subset of SCLC cell lines from the CCLE [210] that we previously assigned as representative of tumors made up largely of the SCLC-A subtype
[180].
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initiating subtype are shown iRigure C.5A).

We perform BMA across all models for each dataset. As showhignre 6.5A, all datasets (TKO,

RPM, and SCLC-A cell lines) support both two- and three-subtype topologies. Higher probabilities for two-
subtype topologies are expected given that nested sampling prioritizes model simplicity and goodness of t
[28]. Statistically, this result suggests that a two-subtype model could be used to interpret the data reasonably
well, but it also shows that topologies comprising three subtypes cannot be excluded. Approximately 10% of
the probability for the GEMM datasets (TKO and RPM) fall in the three-subtype topology that encompasses
the high-probability two-subtype topologies (model 1 for RPM and model 2 for TKigare 6.5A). For the

models tto SCLC-A cell line data, most of the probability occurs in the topologies with higher probabilities
for the GEMM data. This is reasonable, given that SCLC-A cell line data appears as an intermediate between
the GEMMs Figure 6.2A). However, the SCLC-A cell line data also has probability that falls in the A, N,

and A2 topology (model 4 ifrigure 6.5A) — this is the only topology at all likely to represent the SCLC-A

cell line data but not at all likely to represent the other two datasets.

We interpret the spread of probabilities across multiple topologies, and that most topologies either are
probable as representing either TKO or RPM data but not both, to mean that data coverage from these datasets
is not suf cient to support one unifying topology. Therefore, each dataset supports a different representation
of SCLC tumor growth given its particular (epi)genetic background and environment. This does not mean
that a unifying topology or unifying model of SCLC growth cannot exist, but that the biases underlying the

experimental data result in different explanations for tumor growth mechanisms.

6.7 All datasets support alteration of phenotypic transition rates in the presence of N or A2 subtypes

Having established that multiple model topologies can explain tumor growth mechanisms, we explored
whether the rates of distinct cellular subtype behaviors were characteristic for given model topologies within
each dataset. We therefore compared kinetic parameters across models to learn about dynamic variation
between model topologies. We again used BMA to attain this goal, applying the approach to tted kinetic
parameter distributions from nested sampling. In this setting, parameter values from more likely models are
assigned higher weights and corresponding parameter distributions are weighted accordingly.

The highest likelihood model topologieBigure 6.5A, blue) for the TKO GEMM data, along with the
four-subtype topology, are comparedkigure 6.5B (left). Three model terms have signi cantly different
parameter rates across model topologies, all of which are discussed in Section C.3. Here we highlight dif-
ferences in the A-to-Y and A-to-A2 transitions across model topologies in the TKO dataset: the A-to-Y
transition has a slower rate if A2 is present in the population, and only Y affects the A-to-A2 transition,

increasing its rate. The mechanistic implication of these observations are as such: A2 may represent an inter-
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Figure 6.5: Likely model topologies vary across datasets; transition rates vary according to subtype presence
in similar ways.

A Hypothesis assessment of model topologies, per dataset. Probability indicates the result of Bayes theo-
rem using equivalent prior probabilities per topology (e.g., 9% probability that one of the topologies in
the x-axis best represents a dataset) and evidence values (marginal likelihoods) summed per topology.
Model topologies represented by images and corresponding numbers along the x-axis. Posterior prob-
ability based on marginal likelihoods of all candidate models that include A as an initiating subtype.

B Division and phenotypic transition parameters for TKO, RPM, and SCLC-A cell line datasets, com-
paring between higher-probability topologies 6.5A and four-subtype topology per datasetates

signi cance between samples from BMA parameter distributions at family-wise error rate (FWER) = 0.01, averaged over ten sampling iterations
using one-way ANOVA plus Tukey HSD.

TKO, 3= Rb=M!: p130"'=" tumors [10]; RPM, RAM='; Trp53f=l;Lox Stop LoXLSL] Myc"5® tumors [179]; SCLC-A cell lines, a

subset of SCLC cell lines from the CCLE [210] that we previously assigned as representative of tumors made up largely of the SCLC-A subtype
[180].
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mediate subpopulation in the tumor that is longer-lived, and will only slowly transition to Y. In the topology
with A, A2, and Y (Figure 6.5A, structure 2;Figure 6.5B left, third-darkest blue), the A-to-A2 transition
takes up more of the ux in the network. Additionally, the N-to-Y transition is faster relative to the A2-to-Y
transition Figure C.5B), suggesting that N is a shorter-lived intermediate in the A-to-N-to-Y transition. This
result aligns with previous experiments [11] where N was identi ed as a short-lived state in the A-to-N-to-Y
transition. We therefore predict that A2 and N are involved in regulating the relative abundance of, and ux
between, A and Y in the tumor.

We also compared the highest likelihood model topologiggure 6.5A, red) for RPM- tted models,
as well as the four-subtype topologyigure 6.5B, middle). Five parameter rates are signi cantly different
across model topologies, and we highlight again the A-to-Y transition and here the A-to-N transition (see
Section C.3 for discussion of the remaining signi cantly different parameter rates). The same A-to-Y tran-
sition affected in the TKO- tted models is affected in the RPM model in the same way (reduced rate via an
intermediate, in this case N), and the A-to-N transition is affected by Y similarly to the A-to-A2 transition
affected by Y in the TKO data. These similar effects occur despite the experimental data used for BMA being
different. We thus predict that N and A2 are modulating the transition between, and relative abundance of,
A and Y. Unlike in the TKO data, when A2 is present the ux through the system spends more time in the N
subtype, with more frequent transitions to N and less frequent transitions to Y. We predict that while N may
be a shorter-lived intermediate than A2, A2 regulates the ux from A-to-N-to-Y.

Next, we compared the highest likelihood model topologtégyre 6.5A, green) for the SCLC-A cell line
data and the four-subtype topolodsidure 6.5B, right). Six parameter rates are signi cantly different across
model topologies, ve of which recapitulate rate alterations based on the presence or absence of different
subtypes in TKO or RPM datasets, including the rate alterations discussed above (see Section C.3 for more
detail).

In summary, BMA enabled us to determine that the A-to-Y transition is regulated in a similar manner for
the RPM, TKO, and SCLC-A datasets and that the A-to-N and A-to-A2 transitions are regulated similarly
in each dataset. Using the higher likelihood model topologies and model-averaged parameter sets, we can
infer features of the SCLC tumor generally, despite disparate datasets. Finding the same or similar effects on
kinetic parameter rates across independent datasets lends more weight to these predictions about how the N
and A2 subtypes may regulate the system ux from A to Y through intermediates and is an advantage of our
methodology using Bayes-MMI to work toward a unifying model of SCLC tumor growth based on multiple

datasets.
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6.8 Model analysis supports a non-hierarchical differentiation scheme among SCLC subtypes

We have considered candidate modé&ig(re 6.4), model topologiesRigure 6.5A), and kinetic parameters

(Figure 6.5B) to explore tumor growth mechanisms in SCLC. There is compelling experimental evidence
for multi-subtype tumor composition, which implies multiple potential growth mechanisms [196, 10, 11,
179, 212]. We therefore focused on model topologies 1, 2, and 4, which are three-subtype topologies with
detectable probability~1%) (Figure 6.5A), along with the four-subtype model. Using these, we integrate
candidate models, topologies, and kinetic parameters, investigating phenotypic transitions between subtypes,
whether the presence of certain subtypes affects the behaviors of other subtypes, and if so, which subtypes
bring about the effectdable 6.2). We conclude by proposing a unifying four-subtype model of tumor growth

in SCLC, aiming to represent with one model the varying growth mechanisms accessible across datasets.

We investigate the posterior probabilities, and therefore posterior odds, of each model teMeflsee
ods Section 4.2.Y. Despite different posterior probability valudsigure 6.6A), the probabilities of model
terms across datasets were similar in their trends: across all three-subtype topologies, phenotypic transition
probabilities were all more tha%n (Figure 6.6A, red squares). While some probability values were poorly
informed (light red), (probability betwee@ and%), more were informed by the data (deep r%i))( more).
Conversely, probabilities of Non-NE effects on the growth or transitions were all Iess%tﬁ%igure 6.6A,
blue squares). Some probability values were poorly informed, (light blue) (bet%vaad%) and others were
informed (deep blue)g or less) with the addition of data.

Overall, the data suggests that Non-NE effects on transition rates of N-to-Y, or A2-to-Y, are unlikely,
(Figures 6.6Bto 6.6D, deep blue) regardless of whether “Non-NE” de nes only the Y subtype, or both A2
and Y are Non-NERigure 6.1C). Inter-subtype effects on SCLC phenotypic transition rates have not pre-
viously been studied and our analysis predicts that at least effects on “late trandgiguaire(6.6A), those
interactions affecting N-to-Y or A2-to-Y, are unlikely to exist. By contrast, transitions involving A-to-N,
N-to-A, A2-to-A, N-to-Y, Y-to-N, A2-to-Y, Y-to-A2, N-to-A2, A2-to-N, A-to-Y, and Y-to-A had posterior
probabilities informed by the dat&igures 6.6Bto 6.6D, deeper red). We interpret these results as transi-
tions being likely, i.e., our degree of belief in these transitions has increased. Investigating initiating events
via one or multiple cells of origin across the candidate models, we nd that from equal prior probabilities of
6.67% per initiating subtype(sFigure C.1G) the posterior probabilities are not signi cantly altered, being
between 1% and 15% (not shown). Thus, initiating subtype events were poorly informed by the data. Ad-
ditionally, analyzing speci ¢ model terms, inter-subtype effects on NE subtype growth, inter-subtype effects
on transition rates between A and N, or A and A2, and the A-to-A2 transition, were also poorly informed by

the data Figures 6.6Bto 6.6D, light blue, light red).
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Figure 6.6: Across datasets, multimodel inference indicates likely bidirectional phentoypic transitions, sug-
gesting high SCLC phenotypic plasticity.

A Heatmap for high probability three-subtype topologies for each dataset (rows), all models initiated by
A +/- other subtypes. Color represents the probability of each cellular behavior (column). Since prior
probability starts at 0.5 (white), deeper colors indicate a larger deviation from the prior, with red vs
blue indicating more likely or less likely, respectively.

B - 6.6D. Model schematics with each cellular behavior represented by edges coming from or moving
toward each cell subtype, (gray circles) growth rates, (self-arrows) or transitions (arrows between gray
circles). Edge colors correspond to colors for that behavior in the heatmap in (6.6A). 6.6B, Top-scoring
three-state topology for TKO dataset

C Top-scoring three-state topology for RPM dataset
D Top-scoring three-state topology for SCLC-A cell line dataset

E Schematic of consolidated model behaviors, drawn from each dataset's high-probability three-subtype
topology results (6.6B-6.6D). When multiple dataset results included different posterior probabilities
for a model feature, the one closest to 0.5 was chosen (most conservative). Edge colors correspond to
posterior probabilities, with intensity of colors representing information gained from data, as in (6.6A-
6.6E).

F Parameter tting results (part of the nested sampling algorithm) for four-subtype topology models
initiated by A +/- other subtypes, across datasets.
tsn, transition (e.g., subtype transition). TKO53)=': Rb!'=f': p130/=! tumors [10]; RPM, RAM='; Trp53f=f;Lox Stop LoxLSL]
MycT58 tumors [179]; SCLC-A cell lines, a subset of SCLC cell lines from the CCLE [210] that we previously assigned as representative of

tumors made up largely of the SCLC-A subtype [180]. (*) indicates signi cance between samples from BMA parameter distributions at family-
wise error rate (FWER) = 0.01, averaged over ten sampling iterations using one-way ANOVA plus Tukey HSD.
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Informed high posterior probabilities

» Simulated tumors appeared more likely to be made up of fewer than four subtypes, indicating the
model selection algorithm's preference for parsimony (fewer subtypes to explain the same data).

« Phenotypic transitions A-to-N, N-to-Y, A-to-Y had posterior probabilities between 60% and 71%
— Posterior odds for these are between 1.5 and 2.5.

« Transitions are bidirectional: phenotypic transitions N-to-A, A2-to-A, Y-to-N, Y-to-A2, and Y-to-A,

had posterior probabilities between 61% and 81%

— Posterior odds: 1.5to 4.
¢ Transitions between N and A2 (N-to-A2, A2-to-N) had posterior probability 66%

— Posterior odds: 2

Informed low posterior probabilities

« Low probability of effects that lead to more/quicker phenotypic transitions from NE to Non-NE |sub-
types, posterior probabilities between 17% and 43% (average 32%)

— Posterior odds: 0.5

* In SCLC-A cell line datasets, trophic effects, where Non-NE subtypes increase NE division and de-
crease NE death, had posterior probability 16%

— Posterior odds: 0.19

Uninformed posterior probabilities

« Initiating / early post-initiation number of subtypes: out of 15 model initiation options, each probabil-
ity was between 1% and 19%

« Phenotypic transitions A-to-A2 and A2-to-Y had posterior probabilities between 52% and 62%
— Posterior odds for these are between 1.08 and 1.6.

¢ In TKO and RPM datasets, trophic effects, where Non-NE subtypes increase NE division and decrease
NE death, had posterior probabilities between 45% and 46%

— Posterior odds: 0.79 to 0.85.

« In TKO three-subtype models (only three-subtype model with both types of effects) A2 and Y effects
are 53% probable vs. Y only effects at 47% probable

— Posterior odds for A2 and Y effects is 1.13, posterior odds for Y only effects is 0.89.

Table 6.2: Probabilities after hypothesis exploration using Bayesian multimodel inference.

Finally, to consolidate phenotypic transitions and cell-cell interactions into a unifying mechanism for
SCLC tumor growth, we integrated model probabilities from each of the three-subtype topologies for each
dataset into one modeFigure 6.6E). Brie y, phenotypic transition probabilities were chosen from the mod-
els least informed by the data in an attempt to make conservative predictionddtemds Section 4.2.1p
Model-averaged parameter rates were visually compdfigaife 6.6F) to ensure that they were within rea-

sonable bounds and that transition rates relate to each other between datasets similarly to our analyses using
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high-probability topologiesKigure 6.5B). Values from the consolidated probabiliti€sdure 6.6E) are those
reported inTable 6.2 along with posterior odds to compare one hypothesis to its opposite.

Taken together, these results provide insight not only into what model terms and variables the data is able
to inform, but SCLC tumor behavior as well. Knowledge of trophic effects provided by Non-NE cells to
the benet of NE cells was not provided by this particular data; therefore, we cannot use it to understand
this behavior. However, we were able to gain knowledge about the likelihood of phenotypic transitions, in
fact indicating that nearly all options for phenotypic transitions are likely to exist. We interpret this as high
SCLC plasticity, supporting a non-hierarchical differentiation scheme where tumor population equilibrium
is achieved through any phenotypic transitioRgg(ire 6.6E). It is also clear that consolidating the results
across different tumor types is an important step in order to achieve a broader view of the SCLC tumor as a

system rather than as one particular experimental model.

6.9 Discussion
The experimental data used for this analysis favors two-subtype topologies as higher-probability candidates.
This is not surprising, because nested sampling prioritizes simpler models. Despite this nding, mounting
experimental evidence supports multi-subtype tumor composition and these data have been interpreted in the
context of multiple existing phenotypes [196, 10, 11, 179, 212]. In fact, previous work from our labs suggests
that the tumor genetic background dictates possible phenotypic subtypes within a tumor population, and that
phenotypic transitions likely mediate the ability of tumor cells to achieve these phenotypes [211, 213, 20].
We hypothesize that with additional timecourse and perturbation data, the topology likelihood for tumor
growth mechanism could be shifted toward three- or four-subtype models. This is consistent with studies
of tumor dynamics from cancer broadly, both with regard to phenotypic transitions toward or away from a
rarer subpopulation [13], [44, 15, 45] and changes in the proportion of phenotypic subpopulations after a
perturbation. Often this perturbation is the application of drug treatment [64, 69, 68, 60, 214, 67], but may
also be changes in microenvironment or related factors [11, 215].

The results presented here also provide strong evidence for phenotypic plasticity in SCLC tumors, based
on the higher likelihood for most phenotypic transitions tested, regardless of differentiation hierarchy. With a
more plastic and less stem-cell based phenotypic equilibrium, instead of rare remaining stem-like populations
leading to regenerate a tumor after treatment, we hypothesize that any SCLC subtype that remains post-
treatment can lead to tumor regeneration and subsequent treatment resistance, patient morbidity and mortality.
While hierarchical phenotypic heterogeneity vs. phenotypic plasticity has not been experimentally studied
in SCLC, we predict that plasticity is highly likely, and extremely important in the growth and evolution

of the SCLC tumor. It is of particular interest to compare phenotypic plasticity and the prevalence of non-
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hierarchical transitions in treated vs. untreated tumor samples, as treatment is likely to alter the mechanisms
by which tumor population equilibrium is maintained. Time-course experiments with surface marker labeling
or live-reporter imaging can resolve and provide con rmation for bidirectional phenotypic transitions, which
are crucial to understand in order to battle SCLC treatment resistance.

The invasive or metastatic potential of the SCLC tumor is known to be increased by Non-NE subtypes
[203, 216]. Itis unclear whether the conclusions and predictions presented here apply to SCLC in the invasive
or metastatic setting, but future work will include model additions to place the tumor growth in a physiologic
context that includes both the tumor in situ and during invasion.

We believe a shift from information theoretic multimodel inference toward a Bayesian approach, enabling
investigation of optimal model(s) with identi able parameters for a particular dataset, will bene t modeling in
systems biology. The methodology employed herein incorporates model selection and model averaging into
a multimodel inference framework, followed by Bayesian analysis to identify not only whether a hypothesis
investigated via mechanistic modeling is or is not likely, but how likely (and thus how informed by the data)
that hypothesis is. Understanding which hypotheses are informed by the data is especially important given
variability between data in investigations of the same systems, such as a particular tumor type. Itis dif cult to
attain a consensus model since investigators use varying experimental models within the same physiologic or
disease process and thus may draw nonoverlapping conclusions, building parts of a picture but not a whole.
Striving for the whole picture, via principled statistical analysis, to be followed by experiments based on

informed model predictions, will advance cancer research and lead to better treatments.
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CHAPTER 7

Evaluating small cell lung carcinoma time-course patient-derived xenografts reveals phenotype

switching with treatment and chemotherapy-stable subpopulations

7.1 Introduction

Small cell lung cancer (SCLC) is the most lethal and aggressive subtype of lung carcinoma. Taken by itself it
is the 8th leading cause of cancer death [2]. Unlike many aggressive solid carcinomas, however, SCLC has a
very high initial overall response rate (ORR) of up to 80%, even in metastatic cases, on initial therapy. Up to
10% of patients will experience a complete response with no radiologic signs of carcinoma. However, 95%
of cancers in these patients still recur, and despite recent advances the median survival of patients with SCLC
remains less than one year [12].

The natural history of this disease is likely is related to a high degree of functional heterogeneity in
SCLC [7]. Various cell subtypes have been found to coexist within the tumor, providing trophic support,
signaling factors that may increase the ability to undergo phenotypic transitions, and increasing metastasis
[10, 53, 159]. Molecular pathways altered in SCLC are known to affect factors related to stem cell biology,
cell fate decisions, and lineage plasticity [7], and it has been shown that phenotypic plasticity plays a key
role in SCLC tumor behavior [197, 209, 196]. Examinations of SCLC to date have suggested different
predominant subtypes of SCLC, and these are largely based on transcription factor expression revealed by
bulk or single-cell sequencing [10, 197, 180, 196, 9, 208, 203, 204, 205, 206, 11, 212]. Existing work
on SCLC heterogeneity has suggested that multiple subsets and mechanisms of resistance may be present
simultaneously [12, 217].

To dig deeper into these phenotypic subsets and mechanisms of resistance, here we move away from
the transcriptional landscape into protein expression and modi cation in SCLC PDX tumors. We use data
generated by Dr. Jonathan Lehman, using cytometry time-of- ight (CyTOF) with a speci cally chosen panel
of antibodies for SCLC, applied to PDX tumors receiving subtotal chemotherapy treatment followed by serial
core sampling. This enables the tracing of tumoral evolution of subpopulations over time. Analysis of this
data has enabled the identi cation of multiple subpopulations with variable frequency based on chemotherapy
treatment and include subpopulations which are chemotherapy stable, potentially contributing to observed

tumoral recurrence via a stem cell-like mediated process similar to that observed in lung wound healing.

1This chapter includes work contributed by, and is included with permission of, Jeremy Staub and Dr. Jonathan Lehman.
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7.2 Experimental background: mass cytometry data from two PDX time-courses

The data provided for these analyses is from mass cytometry, or Cytometry by Time-Of-Flight (CyTOF). In
mass cytometry, antibodies have heavy-metal isotopes as reporters, and can be measured by the mass cytome-
ter via their mass-to-charge ratio similar to mass spectrometry [218]. We are interested in mass cytometry
rather than single-cell RNA sequencing (ScRNAseq) for several reasons. While scRNAseq is relatively unbi-
ased, enabling the measurement of a wider range of markers, (RNA transcripts) it is a relatively shallow and
sparse measuremeritigure 7.1B). Few transcripts may be captured per marker, and the process for single-
cell isolation and library preparation can result in dropouts that arti cially decrease transcript counts [219].
Mass cytometry represents a higher-throughput method for single cell measurements without the aforemen-
tioned decreased marker counts, enabling increased depth of measurement [220]. However, markers must be
speci cally selected for target detection, so measurements cannot be as broad as scHAAsed/(1B).

Provided mass cytometry data measured 43 markers, whose names and description can b&ablmd.ib

| Marker | What it may indicate | Marker | What it may indicate |

CD45 Immune cells ASCL1 Neuron development, SCLC-A subtype

Rhodium Positivity means dead cells PDGFRy Endothelial cells, broblasts

CD66b Granulocytes p-STAT3 Self-renewal of embryonic stem cells

CD16A/B Aj Mast cells, macrophages BMX (A BTK) related to actin reorganizatiort,
B: Neutrophils Lo ;

migration, adhesion

CD8 Cytotoxic T cells YAP1 Hippo pathway; proliferation

CDh14 Macrophages CD66e Epithelial cells

CD4 Helper T cells S100B Glial-speci c, expressed by astrocyteg

CD19 B cells CD49F An integrin; adhesion, surface signaling

EPCAM Epithelia, epithelial neoplasms Oct3-4 Embryonic stem cells

b-CATENIN | Wnt signaling; adhesion; transcription| CD44 Cancer stem cell marker in some can-

cers; homing, metastasis

CK8/18 Secretory epithelia, reacts w/ NE ty-MET (Hepat. | Organogenesis, wound healing —seenin
mors GFR) metastasis, angiogenesis in cancer

NEUROD1 Neurogenesis, SCLC-N subtype K167 Active cell cycle (proliferation)

HES1 Maintains neural stem cells CD24 B cells, neuroblasts

c-CASP3 Apoptotic signaling GFAP Astrocytes

SYP NE cell / NE neoplasm marker p-ERK Growth / cell cycle

p-STAT6 IL-4, IL-13 signaling (in ammation, ef-| NKX2-1 Developing thyroid, respiratory epithe-
fector T cells) lium, diencephalon

SOX2 Stemness, pluripotency CD90 Axonal processes

p-S6 Ribosomal protein; indicates growth | HLA-DR MHC class Il surface receptor

p-AKT Survival / growth signaling CD298 N/K transport ATPase

SOX1 Maintains neural progenitors c-MYC Cell cycle progression

CD56 Neural cell adhesion CD11b An integrin; innate immune marker

h-H3 Denotes human cell (from PDX tumor) Mouse MHC | Denotes a mouse cell (the host for the

class | PDX tumor)

Table 7.1: Mass cytometry panel fBigures 7.2and7.3

p-, phosphorylated; c-, cleaved; Hepat., hepatocyte; GFR, growth factor receptor; BTK, Bruton Tyrosine Kinase;
h-H3, human histone 3
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Two PDXs were used to generate the provided data, which includes four mouse tumors, two from each
PDX. There are 3 conditions for each tumor: a pre-treatment tumor core sample, peri-treatment tumor core
sample, and the terminal harvest entire tunt€iggre 7.1A). Two tumors are patient-derived xenografts of
SCLC tumor LX22, [221] a “variant” SCLC tumor considered mainly SCLC-N, or having high NEUROD1
transcript expression [222]. One of these tumors, LX22 sample 104, was untreated, and thus each timed
sample represents the evolution of an SCLC variant tumor over time with no perturbation. The other, LX22
sample 113, was treated with standard-of-care (SOC) cisplatin and etoposide, and thus each timed sample
represents the evolution of an SCLC variant tumor during treatment. LX22 tumor sample 113 had gone
through four cycles of chemotherapy at the time of terminal harvest. The remaining two tumors are patient-
derived xenografts of SCLC tumor LU73, a “classical” SCLC neuroendocrine tdmgach LU73 sample
(121 and 368) was treated with SOC cisplatin and etoposide, and thus their data can be considered as repli-
cates of a classical SCLC tumor receiving treatment. LU73 samples 121 and 368 also underwent four cycles
of chemotherapy treatment by the time of terminal harvest.

Given these four samples, we can compare SCLC tumors over time in different ways: one comparison
with and without treatment, and another comparison between treated replicates ovefigjare 7.1A).

This is a novel means of evaluating SCLC, where many studies compare untreated to post-treatment samples
[10, 53, 196, 205, 212, 223]. Here, we not only include a time course of an untreated tumor, (LX22 tumor 104)
but include three timepoints instead of simply “before” and “after” treatment. Treatment was also performed
as it would be for an SCLC patient, with the chemotherapeutic dose for the mouse at a level corresponding
to the level a patient would receive. This is in contrast to other cancer research in general, where very high
doses are given in PDX treatment. With such data, we can evaluate the evolution of each tumor over time
in the mouse with therapy at a human-relevant level, approximating how a human tumor would develop over

time and with treatment.

7.3 UMAP and Leiden clustering applied to mass cytometry data shows density changes over time,

and which clusters increase or decrease with treatment
We were rst interested to assess the “landscape” of each tumor as well as general changes over the time
course. From the mass cytometry raw data, each sample was bead-normalized to account for signal variation
over time [224], and then Itered to include only reads that are human (positive for human histone 3), not
mouse (negative for mouse MHC class I), and complete cells (not fragméigs)d 7.2A, left). We then
used UMAP dimensionality reduction and Leiden clustering to partition the data into well-connected clusters

[225] (Figure 7.2A, middle and right). We performed dimensionality reduction and clustering per PDX, so

2personal communication between Dr. Jonathan Lehman and Stemcentrx
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Figure 7.1: Experimental setup that generated the data used in this manuscript.

A Two PDXs were used, LX22 (SCLC-N variant) and LU73 (classical neuroendocrine SCLC tumor). Two tumors
per PDX were provided for this manuscript, with three timepoints each. The rst two timepoints data come from
tumor core samples and the last timepoint data comes from tumor harvest. The pair of LX22 tumors represents
untreated (top LX22 timecourse) vs treated (bottom LX22 timecourse); the pair of LU73 tumors were both treated
and thus represent replicates of this tumor's behavior and composition over treatment.

B Single-cell RNA sequencing (scRNAseq) breadth and depth vs mass cytometry breadth and depth. scRNAseq mea-
sures a broader range of markers (transcripts, represented by the top blue row in the “Single cell RNA sequencing”
array) but fewer events (cells, represented by the leftmost blue column in the array). Mass cytometry (CyTOF)
measures fewer, pre-selected, markers (modi ed or unmodi ed proteins, top blue row in the “Mass cytometry”
array) but more powerfully measures 10-1000 times more events (cells, leftmost blue column in the array).

both LX22 samples and all conditions (6 total) were dimension-reduced and clustered together, and the same
for LU73 samples / conditions. Because the UMAP and clustering is based on the measurement of each
protein in our panel, we consider each location in the UMAP to represent gradations across phenotypes that a
cell may take on, and each cluster to represent a group of similar-phenotype cells. Assessing the proportions
of the cells in each sample/condition occupying each cluster enabled us to evaluate the cluster sizes over time

and across samples. This gives an idea of how cellular identities and phenotypes may change over time in the
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tumor.

For PDX LU73, combining each sample (121 and 368) pre-, peri-treatment, and terminal harvest samples
followed by Leiden partitioning resulted in 14 clustesgure 7.2B, top). Since the LU73 samples represent
two replicates of a treated PDX, we can evaluate the similarities and differences between changes in the LU73
tumor over time. As an example, in cluster 0, cells seem to have left the cluster over time in one replicate
(LU73 121) while in the other replicate, cells remain in cluster O across treatment. By contrast, in cluster 5,
cells leave over time in both replicates. In general, in dimension-reduced space, cells over time in PDX 121
move “down” the y-axis (UMAP1) and “rightward” on the x-axis (UMAPO), while cells over time in PDX
368 move mostly “leftward” on the x-axis (UMAPO) and slightly down (UMAPE)gure 7.2B, bottom).

For PDX LX22, combining each sample (104 and 113) pre-, peri-treatment, and terminal harvest samples
followed by Leiden partitioning resulted in 17 clustesgure 7.2C, top). The two samples start out relatively
similar, with cells in clusters 6 and 1®igure 7.2C, top). However, comparing the timecourse with and
without treatment, cells from clusters 6 and 10 in the LX22 untreated condition (tumor 104) move to clusters
0 and 1, while those cells in the LX22 treated condition (tumor 113) move to clusters 3 and 5 and then nish
in clusters 4 and 7Higure 7.2C, top). In dimension-reduced space, we can see that untreated cells over time
generally stay in the same locatidfigure 7.2C, bottom, top row) while treated cells over time move “down”
the y-axis (UMAP1) and then move “leftward” on the x-axis (UMAPB)gure 7.2C, bottom, bottom row).

As we expected, there were more differences between treated vs untreated PDX samples than between
two replicates of treated PDX samples, when it comes to cell “movement” in phenotypic space over time
(Figure 7.2B, top). Interestingly, however, in only the LX22 tumor type, cells “moved” in phenotypic space
from one location to a completely different location with treatment. This is most easily apprecidied in
ure 7.2C: LX22 104 vehicle-treated and LX22 113 pre-treatment exist in approximately the same location in
dimension-reduced space, while LX22 113 peri-treatment has partly moved into a region of the UMAP where
cells of the other conditions do not exist, and LX22 113 terminal harvest is in a completely different location.
In the LU73 tumor type, cells “move” over the treatment course to change regions of highest density within
the dimension-reduced space, but never to a completely new region of the UMAP (except a small one that

represents cluster 11).

7.4 LX22 tumor clustering over time reveals treatment-induced subtype switching of this tumor

We were then interested in identifying phenotypes that correspond to the Leiden clusters for each tumor. This
could enable us to draw conclusions about phenotypic changes over time, or across treatment conditions. We
used two means for identifying cluster phenotypes. Briey, the rst process involved ranking each cluster

by marker expression, per marker, and assigning highest- and lowest-ranked clusters per marker, then using
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Figure 7.2: Using UMAP and Leiden clustering on mass cytometry data enables assessment of density
changes over time and mapping which clusters increase or decrease with treatment

A When data comes from the mass cytometry machine, preprocessing includes bead normalization to account for
changes in detection over multiple runs. Preprocessing continues with delineation of cells (to be kept) vs events
(which may be cell fragments or other noise). Cells are then ltered to include only those positive for human
histone 3 (HH3) and negative for mouse MHC class | (nMHC1). Preprocessed data is then transformed via
hyperbolic arcsine with a normalization constant of 15. This preprocessed and normalized data is then dimension-
reduced via UMAP. UMAP enables scatter or density plotting of the data in 2 dimensions. Leiden clustering is
then performed on the high-dimensional graph generated by the UMAP algorithm, to ensure clustering in a more
accurate dimensional space. Here, the LU73 data (sample 121) is shown as an example of a UMAP scatterplot
(middle) and density plotting of the Leiden clusters (right).

(7.2B, 7.2C) Comparing Leiden clusters over conditions and times. Above, bar plots for each tumor, with all
conditions and times showing the proportion of the cells in the sample/condition occupying a particular cluster
over time. Below, density plots for each tumor based on condition and timepoint. Gray contour lines indicate the
density plot for all tumor samples and conditions for that tumor, with the colored density plot for that particular
condition or time overlaid. Colors used in the density plot to denote condition/time correspond to the bars in each
barplot denoting the same condition/time.

B LU73
C LX22

Note the subtype switching over time in the LX22 treated sample (sample 113) where, for example, cluster 4 is
composed entirely of cells from the terminal harvest (and no cells from any other condition).
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each cluster's list of markers it was highest and lowest in as genes to evaluate via Gene Ontology (GO) and
other databases (séégure D.2 for a more in-depth step-by-step description). We combined general GO
terms from all clusters' results and noted which clusters were highest-ranked for each general GO term, and
which were lowest-ranked-{gure 7.3A, Tables D.1landD.2). We thus had an approximation of phenotypic
identities or activities that each cluster was highest- or lowest-ranked in. Additionally, we used Marker
Enrichment Modeling (MEM), which calculates enrichment scores per protein marker per cluster [187]. This
enabled comparison between Leiden clusters for expression of each marker, as well as grouping markers by
similar expression pro les across the dataset and grouping Leiden clusters by similarity of marker expression
(Figure 7.30).

With general phenotypic identities across clusters, we investigated LX22, as it had the most striking
changes in cell population within clusters over time and with treatmeriigure 7.3, we highlight clusters
4, 6, and 11, for their varying behaviors over time and treatment. ClustBigdré 7.3A, rst column;

Figure 7.3B, top) appears to grow out during treatment and represent a majority of the cells and cell density
in the terminal-harvest, chemoresistant condition of treated LX22. Per both cluster-identi cation methods,
cluster 4 was one of the higher clusters in developmental markers, regulation of apoptosis, and signaling (see
for example the high expression of YAP1, Oct3-4, and SOX1, and high expression of phosphorylated AKT,
STAT3, and ERK by MEM inFigure 7.2C).

Cluster 6 decreases over time in both treated and untreated conditions, though in the untreated condition
it rst increases at the peri-treatment measurement before decred&smgd 7.2C, top). Cluster 6 is one
of the clusters that has the lowest expression of many markers, aSguees 7.3Aand7.3C; according
to GO terms it is one of the lowest-expressing clusters for apoptosis regulation, neural development, and
migration (among others). We cannot say whether cluster 6 cells don't express many proteins in general, or
whether they express speci ¢ proteins that were not part of our mass cytometry paiolel {.1). Since mass
cytometry measurements must be made by evaluating speci ¢ markers, it is always possible that informative
markers may be missed if not included.

Cluster 11 remains at a somewhat constant cell density, despite tumor evolution over time and differing
treatment conditions. This cluster was a higher-expressing cluster for markers related to cell-surface inter-
actions, and one of the lower-expressing clusters for stem cell pluripot€igiyré 7.3A), and indeed has
lower stemness marker expression via MENQ(re 7.3C).

Based especially on the decrease in cell density in cluster 6 and increase in cluster 4, it seems that treat-
ment induces subtype switching in LX22 toward a more stem-like phenotype. This is consistent with the type
of phenotypic transitions that would help a tumor withstand and develop resistance to treatment. An increase

in stemness could help the tumor withstand treatment in that stem and stem-like cells are known to divide
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Figure 7.3: LX22 tumor clustering over time reveals treatment-induced subtype switching of this tumor

A Select LX22 clusters via Leiden clustering denoted in this table. All clusters are annotated with high (“hi”) or low
(“lo™) expression of each protein marker, and high- and low-groups of markers were given gene ontology (GO)
categories with signi cant enrichment of multiple markers in the group. The GO categories are summarized in
this table, and where more speci c information about a category is available for a particular cluster, (for example,
“MAPK signaling” rather than simply “signaling”) it is noted in the table or legend. The full table of which this
is a subset iFable D.2 In (7.3A), select LX22 clusters and the GO categories for which they have high or low
expression are noted.

B LX22 clusters over time. The same clusters (4, 6, and 11) shown in the table in (7.3A) are noted here in (7.3B) with
density of cells per cluster in the condition at the particular timepoint noted (density scale to the right). Scatterplots
are based on UMAP dimension reduction, where gray dots indicate all cells in the sample at the indicated time
(indicates background sampling amount). Cells in the cluster are purple through green and yellow to red based on
density. Note that cluster 4, which includes stemness/development markers and apoptosis regulation markers per
(7.3A) and (7.3C), is found only at terminal harvest in treated samples.

C Marker enrichment modeling (MEM) plot for all LX22 conditions and clusters, with black to yellow hue based on
expression level per marker per cluster. Markers have been clustered based on expression level correlation between
clusters (top dendrogram), and Leiden clusters of the combined dataset have been clustered based on similarity
across markers (left dendrogram).

1: IL-2, 4; TGPb; 2: Jak-STAT, Rac1l/MMP2 pathway, prolactin signaling, TSLP, VEGF; 5: hematopoietic, cardiac progenitor; 6: “interleukins”,
Fc epsilon receptor signaling; 7: PKB, MAPK cascade, Rap1, DAP12, EGFR, FGFR, NGF
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more slowly [226], which is especially useful against chemotherapy such as cisplatin and etoposide that Kkill
quickly-dividing cells [227]. The stemness increase could also help the tumor explore other phenotypes that
would be less susceptible to treatment [228]: more stem-like cells means more accessible phenotypes for the
tumor or a subpopulation within the tumor.

Evaluating LU73 via GO terms and MEM, in the replicate LU73 121, clusters 0 and 10 decrease in
density, and clusters 8 and 1 increase in densitgure 7.2B; Figures D.1A andD.1B). Cluster O is one
of the higher-expressing clusters for markers related to apoptosis/autophagy regulation, and development
(including, more speci cally, markers related to axon guidance), and cluster 10 is one of the higher-expressing
clusters for developmental markers as well, along with migration and signaling markers. Cluster 1 was
one of the lower-expressing clusters in general, and speci cally low-expressing with regard to signaling
(including immune-speci ¢ signaling) and the immune system in general. Cluster 8 is high-expressing for
markers related to axon guidance like cluster 0, but also high-expressing for markers related to cell adhesion
and immune markersTéble D.1). Considering these changes in cell density, tumor LU73 121 seems to
decrease in developmental and motility markers and increase in immune markers, while remaining neuronal
in nature over time. By contrast, in LU73 368, cluster O remains at an approximately constant density over
treatment and cluster 10 increases in density over treatragntré 7.2B; Figure D.1B). This indicates that
LU73 tumor 368 may increase in developmental and motility markers over treatment, in the opposite fashion
from LU73 tumor 121. This indicates overall that both LU73 tumors retain the neuronal characteristics
of “classical” neuroendocrine SCLC over the treatment course, but one increases in stemness and motility
similar to treated LX22 (tumor 113) while the other increases in markers related to motility and immune

signaling.

7.5 Tracking stem-like subpopulations through chemotherapy treatment

Interested in the stemness features we noted in the treated LX22 tumor, we delved deeper into evaluating this
population within the LX22 PDX. Data includes a separate set of tumor samples, one vehicle-treated sample
and a sample that underwent four cycles of chemotherapy treatment. To begin this evaluation, we wanted
to use MEM in a more classical way, evaluating selections, or gates, of cell subpopulations based on mass
cytometry markers [186]. After bead normalization, cell-vs-fragment selection, and ltering for human cells
(similar toFigure 7.2A, left) we envisioned the LX22 PDX in a dimension-reduced space, using visualization

of t-Stochastic Neighbor Embedding (visNE) [229]. The visNE plot represents the 26-dimensional space built
by the measurements for an alternate antibody panel we @iabte(7.2), reduced into two dimensions for
visualization.

We determined gates from this visNE plot, as different areas in the two-dimensional space represent
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| Marker | What it may indicate | Marker | What it may indicate |

CD45 Immune cells CD56 Neural cell adhesion

Rhodium Positivity means dead cells PDGFRa Endothelial cells, broblasts

CD151 cell adhesion; integrin traf cking/func{ MET (Hepat. | Organogenesis, wound healing —seen in
tion GFR) metastasis, angiogenesis in cancer

CD274 / PD-| Tumor suppression of immune system CD44 Cancer stem cell marker in some can-

L1 cers; homing, metastasis

CD68 Macrophages p-S6 Ribosomal protein; indicates growth

Total EGFR | Tumor marker p-AKT Survival / growth signaling

p-EGFR Activated EGFR HLA-DR MHC class Il surface receptor

Vimentin Mesenchymal cells; EMT marker c-MYC Cell cycle progression

EPCAM Epithelia, epithelial neoplasms Oct3-4 Embryonic stem cells

SYP NE cell / NE neoplasm marker SOX2 Stemness, pluripotency

c-CASP3 Apoptotic signaling p-STAT3 Self-renewal of embryonic stem cells

CD24 B cells, neuroblast Kl67 Active cell cycle (proliferation)

h-H3 Denotes a human cell (from PDX ty- Mouse MHC | Denotes a mouse cell (the host for the
mor) class | PDX tumor)

Table 7.2: Mass cytometry panel fBigure 7.4
p-, phosphorylated; c-, cleaved; Hepat., hepatocyte; GFR, growth factor receptor; BTK, Bruton Tyrosine Kinase;
h-H3, human histone 3

changes in combinations of markers measured by the mass cytometer. We gated the data using all timepoints
of both LX22 treated and untreated tumors together, resulting in 18 datesd€s 7.4Aand7.4B). Compar-

ing the untreated sample to the treated samipigufe 7.4A), we see that just as in the UMAP and Leiden
clustering approach, the treated sample is most densely present in a different location in the dimension-
reduced space on the visNE plot, indicating subtype switching.

Using these gates, we performed MEM, and were thus able to identify more- and less-expressed markers
in our panel per gateF{gure 7.4B). We were particular interested to see that Gate 8 had relatively high
expression of SOX2 and Oct3/4, and Gate 11 also had relatively high expression of SOX2, indicating that
the cells captured by one or both of these gates may represent a stemlike population. We then performed
SPADE, to envision the LX22 tumor cells as subpopulations within the tumor and to see any hierarchical
connections between them [230]. Comparing untreated LX22 to treated, we see again that density within the
population (representing areas of more cells with a particular phenotype in the tumor) changes with treatment
(Figure 7.4C). We then evaluated the expression of Oct3-4 within the SPADE tree, and found that the same
groups of cells between untreated and treated had high expression of Oct3-4, indicating that this relatively
smaller subpopulation represents a chemotherapy-stable subset of stem or stem-like cells within the tumor
(Figure 7.4C, red).

While this SPADE expression analysis indicates approximately equal expression of Oct3-4 pre- and post-
treatment, in our earlier analysis of LX22 we do not see as high expression of stemness markers pre-treatment

as we do post-treatment. However, usifigures 7.2Band7.2Cto evaluate clusters 7 and 8, which represent
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