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Intra-tumor heterogeneity (ITH) is a pervasive feature of solid tumors that complicates clin-

ical prognosis and management. Yet, the evolutionary processes that explain ITH remain

largely unresolved. Here, we demonstrate that phylodynamic models can provide valuable

insight into these dynamics from multi-region sequencing data of resected tumors. We intro-

duce a novel state-dependent birth-death and sequence evolution model that detects signals

of boundary-driven growth in hepatocellular carcinoma. We further adapt a continuous trait

evolution model to reconstruct joint spatial and genetic diversification in prostate cancer.

Finally, we tackle the fundamental question of heritable versus non-heritable determinants

of transcriptomic variability in prostate cancer and find unique genetic contributions to key

cancer-related processes.
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Chapter

INTRODUCTION

1.1 Clinical impacts of intra-tumor heterogeneity

Intra-tumor heterogeneity (ITH) is a well-documented feature of cancer that plays an impor-

tant role in cancer progression, metastasis, and resistance to chemotherapy (1–11). Intra-

tumor heterogeneity can be seen both within one patient over time (temporal ITH) and

across different locations (spatial ITH). Observations of ITH are not new, instead, genetic

and phenotypic variation, including in morphology, karyotype, antigen expression, enzyme

activity, and drug susceptibility, were noted decades ago (12–17). Variation in drug suscep-

tibility is particularly notable, as although therapy is often aimed at targeting a large part of

the population that may share a driver mutation or another key druggable characteristic (i.e.

high growth rate, loss of DNA repair mechanisms), it rarely targets all cells equally. Even if

single therapy may kill most of the detectable tumor cells, it can too often be much harder

to cure an entire tumor due to variability in drug-susceptibility. Accumulating evidence also

suggests that only a subset of the tumor population drives metastasis (7, 18), a main cause

of cancer fatalities (19).

1.2 Evolutionary forces that contribute to ITH

Intra-tumor heterogeneity is a product of evolution within the tumor cellular population (20–

22). Classically, tumors are thought to form due to the accumulation of a critical number

of genetic mutations that allow cells to escape regulations on growth normally imposed on

differentiated cells (23–25). As a tumor population expands, cells accumulate genetic varia-

tion, including single nucleotide variants (SNVs), insertions and deletions (INDELS), somatic
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Figure 1.1: Evolutionary dynamics and reconstruction of intra-tumor hetero-
geneity. A. ITH develops through the gain of genetic aberrations (asterisks) and subsequent
population dynamics of genetic subclones. Inversely, genetic diversity may be lost through
stochastic extinction, clonal sweeps, or bottlenecks such as metastasis or chemotherapy. B.
Phylogenetics can reconstruct a tumor’s history from sampled extant genetic diversity (usu-
ally punch biopsies in multi-region sequencing studies). Nodes represent common ancestors
of surviving lineages. Phylodynamics extends phylogenetic methods by incorporating mod-
els of sequence evolution and population dynamics, for example, unobserved branching and
extinction events.

5



copy number alterations (SCNA), structural variation (SV), and whole-genome duplication

(WGD) due to genetic instability and rapid division. These genetic aberrations initiate ge-

netic subpopulations, or subclones, which contribute to genetic ITH as they expand in the

population (26) (Figure 1.1). The forces that shape tumor evolution are largely overlapping

with those classically investigated in species evolution and ecology, namely, replication, ge-

netic (or otherwise heritable) variation, drift, selection, and environmental pressures (26).

Within a tumor population fitness advantages conferred by driver mutations, immune eva-

sion (27) or environment-specific adaptations may drive clonal success or sweeps. However, it

is widely still debated to what extent selective forces act on tumor evolution and some stud-

ies have suggested that many tumors may evolve neutrally during primary growth (28, 29).

Other examples of evolutionary-driven processes include chemotherapy bottlenecks, in which

only a small, resistant subpopulation survives, and metastases, which are frequently seeded

by a subset of the primary tumor population that have gained the ability to invade and

survive in a new environment(18).

1.3 Spatial factors that influence subclonal success and ITH

Although genetic drivers are often linked to clonal success, solid tumors grow in physical

environments and spatial factors may play a role in the evolutionary fate of tumor cells

and the progression of the disease. These factors include variable access to resources in the

microenvironment (18), immune invasion (30), microbiota (31) and anatomical constraints

(32). Many evolutionary models have been proposed to explain observed spatial patterns of

intra-tumor heterogeneity (33–37). For example, in branching evolution, there is continuous

selection for driver mutations or other fitness advantages in the tumor cell population, but

these fitness advantages are distributed across multiple subclones in the population in a

way that leads to simultaneous subclonal expansions in different parts of the tumor (33, 38).

Alternatively, the “big bang” model would propose most genetic diversity is established early
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in tumor development and then expands neutrally (28). If genetic subclones are expanding

under neutral evolution dynamics, it is also likely that spatial structure plays a critical role in

determining cellular fitness. For example, boundary-driven growth, as described in Chapter

2, would explain subclonal distribution resulting from cells simply being in the right place at

the right time (i.e. on the edge of the tumor). Spatial restrictions could further prevent clonal

sweeps by restricting cancer cell competition to proximal clones (39) and therefore enhance

diversity. On the other hand, increased cell turnover or even short-range migration could

contribute to increased global sweeps and selection of cancer subclones even with spatial

restrictions on cell growth (40).

1.4 The interplay between genetic and phenotypic ITH

As a whole, tumors progress by gaining attributes that are classically described as hallmarks

of cancer (25). However, often cells do not necessarily uniformly gain these attributes, in-

stead, these properties are gained through a myriad of different pathways and in different

cell lineages (41, 42, 18). One unique attribute of cancer as an evolutionary system is that

individuals (cells) can exhibit a high degree of phenotypic plasticity. During tumorigenesis,

cancer cells often escape differentiation that normally constrains somatic cells to a particular

morphology, behavior, and anatomical location. Cancer cells further often revert to undiffer-

entiated stem cell-like phenotypes, enabling them to exploit early developmental pathways

and access a wide range of cell states (43). Due to this property, it has been suggested that a

large proportion of transcriptomic intra-tumor variability is not liked to heritable or genetic

diversity (41, 44).

1.5 Phylogenetic and phylodynamics approaches as tools to study ITH

Phylogenies represent the evolutionary relationships between individuals in a population.

Bayesian phylodynamics extend phylogenetic approaches by jointly modeling how popula-
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population size and uses backward inference (arrow). The expected coalescent times change
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death, and sampling events that give rise to the extant, sampled population.
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tion and sequence evolution give rise to observed genetic diversity. Fundamentally, these

approaches exploit well-established observations that different population processes lead to

different trees, and incorporate these expectations into inference. For example, the Wright-

Fisher model (45, 46), a classic population genetics model, assumes a constant population

size and generation time, and random reproduction (no selection). The coalescent model (47)

defines expectations derived from this model: for a given set of sampled extant individuals,

when would they coalesce (when was their most recent common ancestor)? These expec-

tations change if instead, the population is growing exponentially (Figure 1.2). Coalescent

models are popular for their simplicity and usefulness in modeling deterministic population

dynamics. Alternatively, birth-death models are another popular class of branching models

that incorporate stochastic branching processes and, as the name implies, explain population

diversity as a product of birth, death, and sampling events (48–51).

One of the strengths of phylodynamic methods is the ability to extend or vary the un-

derlying models to incorporate additional information or complexity of a biological system.

For example, both continuous and discrete traits of species or individuals can be inferred

along a tree via trait evolution models (Figure 1.3). A core subset of discrete trait evolution

models includes sequence evolution models which describe both the rate at which molecular

sequences change (i.e. molecular clock rate, (52)) and how the sequence changes, including

nucleotide or amino acid substitution models (53), and site-specific differences. However,

other traits can be inferred in a similar manner. Importantly, these traits can in turn be

tied to other evolutionary parameters, such as the rate of diversification and extinction in a

birth-death model (54), or impose population structure in a coalescent model (55).

1.5.1 Phylodynamics in the study of cancer evolution

Phylodynamic models have been a broadly used and powerful tool in other fields, including

virology (56–59) and ecology (60, 61), to elucidate underlying population processes from

9



X

X

Continuous trait Discrete trait

Figure 1.3: Trait evolution models. Trait evolution models are used in phylogenetics to
describe how character states change along a tree. Continuous trait evolution models imply
that traits pass through intermediates to reach the observed states. Discrete trait evolution
models assume a rapid or immediate transition to a finite number of states. Trait evolution
models are combined with other tree processes, for example, an exponential coalescent model
(left) or a birth-death branching process (right).
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genetic data. However, the high cost of sequencing, the limited resolution of genetic data, and

the lack of cancer-specific process models have historically hindered analogous applications

to cancer evolution.

Despite these past limitations, spatially resolved datasets and maps of intra-tumor genetic

diversity are increasingly available (62, 32). Phylogenies are now routinely used to describe

genetic ITH (63), reconstruct the evolutionary relationships between sampled tumor pop-

ulations, and infer origin of metastases (64–66, 9) (Figure 1.1B). However, phylodynamic

methods have still only been sparsely introduced to model evolutionary dynamics that could

explain or interpret these tree structures (9) and most existing phylodynamic methods have

not been adapted or applied to cancer processes. There is enormous potential to extend

insights gained from existing and emerging phylogenetic studies through phylodynamic ap-

proaches.

1.6 About this dissertation

In this dissertation, I describe a diverse set of phylodynamics and statistical approaches to

study the evolutionary and spatial forces that contribute intra-tumor heterogeneity. First, in

Chapter 2, I introduce a novel phylodynamic model that was developed in collaboration with

Dr. Nicola Müller and Dr. Alison Feder which adapts a state-dependent birth-death model

to cancer and detects boundary-driven growth in hepatocelluar carcinoma. In Chapter 3, I

investigate the genetic ITH and spatiotemporal dynamics of a primary prostate by imple-

menting a unique, spatially-resolved multi-region sequencing study design in collaboration

with the University of Washington Genitourinary (GU) research group. To do so, I exploit a

novel application of continuous trait evolution model to reveal the early spatial and genetic

diversification of a primary prostate tumor. Finally, in Chapter 4, I use statistical approaches

to quantify genetic and spatial contributions to transcriptomic intra-tumor heterogeneity in

the same specimen.
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Chapter

STATE-DEPENDENT EVOLUTIONARY MODELS REVEAL
MODES OF SOLID TUMOR GROWTH

2.0.1 Introduction

Tumors develop and progress via an evolutionary and ecological process wherein cellular sub-

populations expand and diversify. Over the course of tumor development, tumor cells acquire

genetic mutations and new phenotypes that potentially help them compete for resources and

adapt for success in their microenvironment. Understanding this process is critical to pre-

dicting clinically significant events such as if, how, and when cells metastasize or develop

resistance to therapy.

Although tumor cell growth and success are often attributed to genetic and epigenetic

aberrations, an additional important determinant of cell growth is physical location within

the tumor. Position governs access to oxygen, nutrients, pro-growth signaling from the

stroma, pH, cell-cell interactions, and degree of immune and drug exposure, all of which can

affect cellular proliferation (67–73). Taken together, these effects may combine to create an

environment in which cells on the boundary of a tumor have higher growth rates compared

to those in the center (i.e., “boundary-driven growth”).

Cancer biologists have long been interested in boundary-driven growth because it changes

the evolutionary processes and genetic signatures of tumor progression. The evolutionary im-

pact of boundary-driven growth has been explored via evolutionary theory (74, 75), microbial

experiments (76–78), and decades of work involving cancer computational and mathematical

models (67–70, 79, 28, 80–82, 36). Such investigations have revealed that boundary-driven

growth blunts the efficacy of natural selection in selecting for beneficial (i.e, driver) mutations,
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and purging slower growing (but potentially drug resistant) lineages (83). Boundary-driven

growth should also enhance the effectiveness of adaptive therapy (39, 84) and cell-cell com-

petition in the tumor interior. Further, such growth patterns should distort our expectations

for the neutral variant allele frequency spectrum (85), which has been used as a null model

for identifying signatures of natural selection (86), and it has been qualitatively suggested in

tumor simulation studies that boundary-driven growth could be misinterpreted as selection

on tumor trees (82). Therefore, establishing and incorporating these null expectations and

models for boundary-driven tumor growth is essential in the context of the increasing in-

terest in applying evolutionary theory to clinical disease, for example, in designing adaptive

therapy (87), identifying driver events (88, 89), or estimating timings of metastases (90, 81).

An extensive history of clinical and experimental observations supports the importance of

boundary-driven growth in tumor populations. These observations date back to the pioneer-

ing work of Thomlinson & Gray which first identified necrotic structures with surrounding

boundaries of growing cells from histological sections (91) and subsequent cell staining ap-

proaches that found markers of cell division cluster preferentially on the tumor periphery

(92, 93). Similar patterns have been noted in cultured tumor spheroids (24, 94) and organoids

(95, 96). Since then, analysis of both clinical samples - via immunohistochemistry (97, 98),

spatial transcriptomics (99–101) and genetic analysis (34, 102) - and experimental systems

such as fluorescently-tracked xenografts (103, 73, 104, 105), have further supported spatial

heterogeneity and preferential expansion on the tumor periphery in some tumors.

However, more recent studies have hinted at more complex modes of clinical tumor

growth. Househam et al. (2022) (102) found that many colorectal tumors showed genetic

patterns not consistent with boundary-driven growth, and a recent genetic analysis of renal

cell carcinomas found the most recent common ancestors of metastatic lineages in the re-

sected tumor interiors as opposed to the tumor boundaries (106). Additionally, experimental

evidence suggests that although center-bound cells may experience oxygen and nutrient de-
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privation, hypoxia-related signaling can be linked to stem-cell like tumor phenotypes with

heightened survival and chemotherapy resistance (107, 108). These observations highlight

that higher proliferation on the tumor edge is not necessarily synonymous with long-term

lineage survival and progression (109).

A primary challenge in reconciling these conflicting observations is that clinical sequencing

often only captures a limited snapshot of tumor diversity and growth. However, this sampled

tumor diversity still offers a window into past population dynamics via phylogenetic and

phylodynamic tools. Phylogenetic approaches, which reconstruct how cells within a tumor

are related, have already proven useful in interrogating cancer evolution – for example,

in determining the relative ordering of driver mutations (38, 110, 111), detecting parallel

evolution of gene hits within a tumor (112, 113), and resolving whether metastases emerge

early or late in tumor development (114, 115). In contrast, phylodynamic methods, which

link shapes of phylogenetic trees to underlying population dynamics, have only rarely been

used in cancer genomics (116), despite widespread application in other fields (117, 118).

Although phylodynamic approaches have high potential impact in cancer clinical settings,

they are generally not adapted to study tumor biology or incorporate the complexities of

cancer’s spatial growth. To bridge this gap, we set out to develop a phylodynamic model

suited for detecting boundary-driven growth in tumors. First, we quantify characteristic

branching and genetic patterns in tumor trees simulated under boundary-driven growth and

demonstrate that these patterns correspond to cellular lineages spending different amounts

of time on the faster growing tumor edge versus in the tumor center. To fully exploit

these patterns for inference, we develop a novel phylodynamic tool based on the multi-

type birth-death process (49, 119, 120), in which cells have different birth and death rates

on the tumor edge and center, and lineages can transition between states as the tumor

grows. Crucially, we introduce an extension that links cell birth and mutation, and therefore

incorporates rates of sequence evolution that depend on each cell lineage’s inferred history
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of spatial locations (i.e. spatial states). We provide this state-dependent evolution model

(SDevo) as a package in the popular open source Bayesian software BEAST2 (121). We show

that SDevo substantially improves our ability to infer boundary-driven growth dynamics

in simulated tumors compared to non-cancer multi-type birth-death models, and validate

this approach across a broad array of biological and sampling conditions, including those

encompassing selection for driver mutations, 3-dimensional growth, and clinical sampling

strategies. Finally, we apply SDevo to spatially-resolved multi-region sequencing data from

hepatocellular carcinomas (34) and estimate that cells in the tumor boundary may have birth

rates up to 3-6 times faster than those in the interior. More broadly, SDevo is a general tool

for quantifying growth processes linked to any discrete state, and future investigations will

expand beyond boundary-driven growth.

2.1 Results

2.1.1 Boundary-driven growth creates distinct tree structures

In order to characterize signatures of boundary-driven growth in tumor trees, we simulate

spatially-constrained growth via a cellular agent-based model in a 2D lattice, following a rich

literature of studying cancer dynamics via Eden models (122, 123, 79, 82). Simulated tumors

grow from single cells over discrete time steps and gain mutations at cell division. Under

spatially-constrained boundary-driven growth, a cell can only divide if there is an empty

lattice spot in its Moore (8-cell) neighborhood, effectively tying its fitness to neighborhood

density (Figure 2.10). Therefore, extant lineages closer to the tumor periphery have progres-

sively higher mean birth rates than those in the center (Figure 2.1A). For comparison, we

simulated a non-spatially constrained unrestricted growth model (Figure 2.1D), in which all

cells can divide regardless of density and push their neighbors to create space.

We first investigated how such growth processes affect the shape and structure of cancer

phylogenetic trees to identify detectable tree signals of boundary-driven growth. We consid-
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ing variation in mean birth rate in 2D tumor space under A. boundary-driven growth via
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boundary-driven tumor (subsampled to the same 100 cells) shows ladder-like patterns due
to mutation being tied to cell division. E. Time and F. genetic trees for the representative
tumor under unrestricted growth (100 tips visualized) reveal less variation in branching rates
and genetic distance.
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ered two types of tree representations – 1) time trees (Figure 2.1B and E), where the branch

lengths are in units of simulation time, and 2) genetic trees (Figure 2.1C and F), where the

branch lengths are in units of number of mutations. We first compared the time tree of a

tumor simulated under boundary-driven growth (Figure 2.1B) with one simulated with no

spatial restrictions (Figure 2.1D). In the boundary-driven growth tree, we observed certain

leaves (cells) with long terminal branches (i.e., cell 1) and other leaves with much shorter

terminal branches (i.e., cell 2). These differential terminal branch lengths directly corre-

spond to both mean lineage birth rate and spatial position within the tumor. Intuitively,

lineages trapped in dense center neighborhoods (i.e., cell 1, Figure 2.1A and B) divide slowly

and therefore exhibit longer times since diverging from another sampled cell. Conversely,

lineages at the tumor boundary (i.e., cell 2) divide rapidly, and are therefore more likely to

be recently related to another sampled cell. We quantified terminal branch lengths in the

simulated tumor time trees and found that the asymmetries in birth rates due to spatial con-

straints result in an overall higher variance in terminal branch lengths under boundary-driven

growth (Figure 2.2B) than under unrestricted growth (Figure 2.2C).

In Figures 2.1C and 2.1F, we reconstruct the genetic trees from the same boundary-driven

and unrestricted tumor simulations. From this representation of the tumor trees, we observe

that if mutation is linked to cellular division, then asymmetries in birth rates across tumor

space logically correspond to varying rates of sequence evolution (Figure 2.2A).

This leads to repeated ladder-like patterns of genetic divergence that arise across multi-

ple subclades of the boundary-driven growth tree in which fast-dividing cells on the tumor

boundary accumulate more mutations than those in the interior (Figure 2.1C). These pat-

terns are not observed in the unrestricted growth tree (Figure 2.1F). We quantified these

patterns by measuring variance in mean clock rate (defined by total lineage mutations / sim-

ulation time) from extant cells in each simulation and demonstrate that clock rate is more

variable across trees derived from boundary-driven growth than in trees simulated under the
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Figure 2.2: Quantifying signals of boundary-driven growth A. Cartoon schematic of
the two signals of boundary-driven growth in trees left by asymmetric birth rates: variation
in branching rates and variation in the number of mutations. Variance in B. terminal
branch length (TBL) and C. clock rate (CR) in tumors under boundary-driven growth and
unrestricted growth trees built from all extant tumor cells. Violin plots summarize statistics
across 100 simulated tumors. Means (points) with 95% confidence intervals (error bars) are
also indicated. Insets show distributions of TBL and CR signals for tumors plotted in Figure
2.1A and Figure 2.1B.

unrestricted growth model (Figure 2.2C).

2.1.2 Two-state birth-death process models boundary-driven growth

As tree structures differ between tumors simulated under boundary-driven and unrestricted

spatial constraints, we sought a phylodynamic approach that could differentiate between

these two growth modes. One such model is the multi-type birth-death model (49, 119,

120), which ties differential rates of birth, death, and sampling of lineages to multiple,

discrete states. In our simulation studies, we observe that boundary-driven growth can be

effectively simplified into two states. We find that the instantaneous cell birth rate under

boundary-driven growth is elevated only in cells immediately adjacent to the tumor edge,

but is uniformly low in all cells in the interior (Figure 2.3A). We can further decompose the

tree patterns observed in Figure 2.1 into edge and center-linked dynamics. As shown in the
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Figure 2.3: Asymmetries in cell birth rate and signals of boundary-driven growth
in trees can be modeled by two-state dynamics. A. Histogram of instantaneous cell
birth rate as a function of distance from the tumor edge (normalized by maximum distance).
Rates are averages over 10 simulations under boundary-driven growth (α = 0.004) with
standard error bars. Points represent individual simulation means. B. Distributions of
normalized terminal branch lengths (TBL) in a representative tumor under boundary-driven
growth (Figure 2.1A) categorized by leaf edge or center state. C. Mean clock rate (total
number of mutations / time) of cells in the example boundary-driven tumor versus the
fraction of time a cell lineage spends on the tumor edge. Color gradient spans mostly center-
associated lineages in blue to mostly edge-associated lineages in maroon. Dashed line is
y = x. D. Histogram of instantaneous cell birth rate versus binned distance from tumor
edge unrestricted growth simulations (average over 10 simulations with standard error bars,
α = 0.004). E. Distributions of terminal branch lengths for edge and center leaves in the
representative unrestricted tumor (Figure 2.1D). F. Average lineage clock rates versus the
fraction of time a lineage spends on the tumor edge in the example unrestricted tumor. Insets
show representative phylogenetic patterns observed in time (B and E) and genetic (C and
F) trees.
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Figure 2.4: Asymmetries in cell birth rate and signals of boundary-driven growth
in trees can be modeled by two-state dynamics (continued) A. Schematic comparing
simulated spatial constraints under boundary-driven growth (coral) and unrestricted growth
(black). B. Ratios of center-to-edge mean terminal branch lengths across simulations with
decreasing spatial constraint (as modulated by cell death rate) under either boundary-driven
or unrestricted growth modes. C. Correlations (measured via R2) between the fraction of
the lineage time spent on the edge and mean clock rate across the same range of spatial
constraints and growth modes.

representative tumor from Figure 2.1A, all edge-associated cells have short terminal branch

lengths. Whereas most of the variation in terminal branch length can be attributed to cells

in the center and the mean terminal branch length of cells in the center is more than five

times that of cells on the tumor edge (Figure 2.3B). If we trace the lineages of extant cells

back to the root, the fraction of time cell lineages spend on the edge is highly correlated

with the variation in mean clock rate observed in Figure 2.2 (Figure 2.3C, R2 = 0.63). In

other words, the most mutated cells have spent the majority of their lineage history on the

tumor edge. Under unrestricted growth (Figure 2.3D), we observed no difference between

edge and center terminal branch lengths (Figure 2.3E, ratio of center to edge mean terminal

branch lengths = 0.98) and lineage time spent in the edge state is not correlated to clock

rate (Figure 2.3F, R2 = 0.0016).
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To investigate the robustness of these patterns, we next simulated tumors under a wide

range of cell turnover rates. Under boundary-driven growth, increasing cell turnover de-

creases spatial constraints and therefore lessens the growth advantage between edge and

center states (Figure 2.10, Figure 2.4A). We measured the ratio of mean center to edge ter-

minal branch lengths as in Figure 2.3B and E across these different effect sizes and found

that this ratio is a consistent indicator of boundary-driven growth that decreases as spa-

tial constraints are relaxed (Figure 2.4B). The correlation between fraction of lineage time

spent on the edge and mean clock rate is also specific to the boundary-driven growth model

and sensitive to effect size (Figure 2.4C). Therefore, we conclude that the patterns left by

boundary-driven growth can be effectively approximated by a two-state birth-death model.

2.1.3 Phylodynamic models detect signals of spatial constraints

Two-state birth-death models incorporate how lineages divide, die, change states, and are

sampled. In this class of models, birth events correspond to observed branching events on the

tree and the rate of these branching events depends on an underlying type or state, in this

case, the state of interest is the edge or center location within a tumor. Although existing

phylodynamic models, such as BDMM’(120, 124) and BiSSE (49), permit asymmetrical

division rates based on state, they do not link birth and mutation.

Therefore, although they are well-positioned to infer faster birth rates from branching

structures, they cannot learn from differential rates of genetic divergence, a key hallmark of

boundary-driven growth we observed in simulations. Additionally, branching patterns are

prone to artificial inflation if more cells from a particular state are sampled in a clustered

manner (125). Thus, existing models both do not incorporate all potential signals (i.e.,

clock rate differences) and, importantly, may be biased by sampling procedures in clinical

tumor biopsies. To address these shortcomings, we introduce a State-Dependent sequence

evolution (SDevo) model to directly tie state-dependent birth rate to clock rate. This en-
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Figure 2.5: State-Dependent sequence evolution model (SDevo). Using input se-
quences and states (edge in maroon versus center in blue) of sampled tumor cells, SDevo
reconstructs a tree with ancestral states (state probabilities represented by node pie charts)
and estimates model parameters. SDevo links state-dependent clock rates to birth rates.

ables the model to learn from both clock rate and branching rate signals that arise from

boundary-driven growth (Figure 2.5). SDevo accepts genetic sequences sampled from dis-

tinct spatial locations, along with a cell-state label (i.e., center versus edge). It generates

posterior distributions of phylogenetic trees alongside joint estimates of phylodynamic model

parameters (Figure 2.11). Inferred trees are time trees, which encompass the order and tim-

ing of cellular divergence events and include inferred internal node states, representing the

location of unsampled ancestral cells. Model parameters include state-dependent birth and

death rates, and the rate at which cells transition between states.

We first demonstrate the utility of SDevo on simulated tumors undergoing boundary-

driven growth. From the genetic sequences and labeled cell-states for sampled cells isolated

at a simulated tumor endpoint (Figure 2.6A inset), SDevo reconstructs the most likely re-

lationship among sampled cells and the time at which those cells diverged (Figure 2.6A).

The birth rates for edge and center-associated cells are inferred from the branching and mu-

tational structure of sampled extant cells (leaves on the tree), permitting quantification of

overall birth rate differences between the two spatial compartments (Figure 2.6B). SDevo
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Figure 2.6: State-Dependent sequence evolution model (SDevo) estimates
boundary-driven growth in simulated tumors. A. Reconstructed time tree estimated
by SDevo on an example simulated tumor (α = 0.012). At each internal node, the posterior
probabilities for ancestral edge or center states are shown as a pie chart. Clade posterior
support is indicated if less than 99%. The inset shows the sampling scheme for the tumor.
B. Marginal posterior distributions of estimated edge and center birth rates, which are sum-
marized by birth rate differences between edge and center cells (inset, dashed line indicates
the true difference). C. Posterior probabilities of ancestral state reconstructions versus true
state assignments.
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correctly identifies that boundary-linked cells have a higher birth rate than center-linked cells

(mean edge birth rate advantage = 0.22, 95% HPD = 0.12 - 0.35, true value = 0.27 in the

representative simulation). SDevo additionally reconstructs the probability of each spatial

state (center versus edge) for the ancestors of the sampled population (plotted as pie charts

on the internal nodes of Figure 2.6A). These reconstructions suggest that the majority of

ancestors divided on the tumor edge, consistent with the findings of Househam et al. (2022)

(102) and our expectations of boundary-driven growth. SDevo’s Bayesian approach further

quantifies confidence in its ancestral reconstructions: ancestral cells with the highest poste-

rior probability of existing on the tumor edge were indeed likely to have divided there (Figure

2.6C). On the other hand, cells with more uncertain ancestral reconstructions are less likely

to have been on the tumor edge at division (Figure 2.6C). Finally, we applied SDevo to

tumors simulated under a range of spatial constraints (see Methods). We find that at a

moderate sample size (n = 50), SDevo is able to accurately quantify birth rate differences,

whereas a two-state birth-death model without a state-dependent clock (BDMM’ under a

strict clock) fails (Figure 2.7A, Figure 2.12). We further observed that SDevo remains accu-

rate for as few as 10 samples, whereas a strict clock model requires > 100 samples to reach

close to the same accuracy (Figure 2.7B).

2.1.4 SDevo is robust to variation in sampling and growth modes

To evaluate SDevo’s strengths and limitations in clinical tumors, we sought to validate

that SDevo detects boundary-driven growth under various sampling strategies. Whereas

in the initial simulation studies, we maximized the distance between sampled cells (i.e.

diversified sampling), we also implemented a random sampling scheme as might be present

in single-cell studies (Figure 2.13A). Under random sampling, cells sampled close together

provide minimal additional genetic information but may create spurious signatures of rapid

branching. Despite this, SDevo successfully estimates edge-driven birth advantages from
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Figure 2.7: State-Dependent sequence evolution model (SDevo) estimates
boundary-driven growth in simulated tumors (continued). A. SDevo (green) es-
timates of birth rate differences between edge and center samples across a variety of true per
day birth rate differences (α varies between 0 and 0.036, n = 50) compared with estimates
under a strict clock (gold). Points and bars represent mean and 95% HPD intervals, respec-
tively. Dashed line is y = x. B.Mean squared error (MSE) of estimated birth rate differences
in simulated tumors (α varies between 0 and 0.036) versus input number of cells sampled
per tumor for SDevo (green) and strict clock sequence evolution (gold) models. Error bars
represent the standard error of MSE and are summarized across 17 simulations per sample
size.
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randomly sampled cells (Figure 2.8A). In contrast, even with a large number of cells sampled

(n = 100), the strict clock multi-type birth-death model often fails to detect the same

birth rate differences (Figure 2.13B). We also assessed SDevo’s robustness to punch biopsy

sampling, in which a population of nearby cells is captured. We biopsy-sampled our simulated

tumors, and only called mutations exceeding a 0.3 cellular fraction threshold within a punch

(see Methods). We find that while punch-style sampling adds more random error due to

variation in sampled diversity, especially in tumors with high turnover rates, SDevo largely

still detects state-dependent birth rate effects (Figure 2.8B).

Next, we assessed SDevo’s robustness to more complex growth by exploring an off-lattice

model, a more flexible class of spatial models also employed to study tumor evolutionary

dynamics (127–129). We simulated under a continuous space model of tumor growth imple-

mented using the agent-based cellular engine PhysiCell (126). To mimic boundary-driven

conditions, we linked division probability to mechanical pressure - cells crowded by their

neighbors could not divide (see Methods, Figure 2.8C). As in the lattice-based simulations,

higher cell turnover relaxes mechanical pressure, modulating spatial constraint. We first veri-

fied that SDevo continued to identify birth rate differences in these more complex simulations.

We simulated 2D neutral growth, and found that SDevo sensitively detects an elevated birth

rate at the tumor edge, even when birth rate differences were minimal (Figure 2.8D). How-

ever, SDevo slightly underestimates the birth rate differences at high death rates (i.e., low

birth rate differences). We also confirmed that SDevo was robust to spatial division rate

heterogeneity induced by increasing cell migration, as opposed to cell death (Figure 2.14A),

and to a sigmoidal pressure threshold for cell proliferation (Figure 2.14C, D). We next simu-

lated tumors grown in 3 dimensions and sampled across multiple z-slices, mimicking clinical

sampling approaches. We determined that SDevo accurately reconstructs birth rate differ-

ences, albeit with wider posterior intervals (Figure 2.8E). We note that trees reconstructed

from the 3D simulations tend to deviate more from expected edge-biased branching pat-
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Figure 2.8: SDevo is robust to a variety of sampling approaches and growth
modes. A. Mean and 95% HPD interval of estimated versus true edge - center per day
birth rate differences with random sampling (n = 100 cells/tumor). B. Mean and 95% HPD
interval of SDevo estimates of birth rate differences between edge and center when sequences
are constructed from variants above 30% frequency in a simulated punch biopsy (inset,
n = 50 punches per tumor). C. Schematic of continuous-space tumor growth simulation
governed by biomechanics using PhysiCell (126). Only cells under low physical mechanical
pressure from their neighbors (visualized in yellow as opposed to blue) can divide, generating
boundary-driven growth. SDevo recovers growth rate differences generated through variable
death rates under D. neutral 2D growth, E. neutral 3D growth, and F. 2D growth in the
presence of strong driver mutations (µdriver = 0.01, n = 100 cells per tumor, driver fitness
advantage = 10%, see Methods). Tumor snapshots below the x-axes show representative ex-
amples of growth dynamics under variable death rates (right to left: d = 0, 0.2, 0.4, 0.6, 0.8)
and resultant pressure. In the case of the tumors under selection shown in F., darker colors
represent cells with driver mutations. Points and bars represent means and 95% HPD inter-
vals, respectively, for all plots.
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terns than those from the 2D simulations (Figure 2.15), reflecting more complicated growth

dynamics and potential obfuscation via the sampling scheme. These observations further

highlight the necessity of incorporating both branching and clock rate patterns to quantify

boundary-driven growth in clinical scenarios.

Finally, we tested the extent to which SDevo detects boundary-driven growth dynamics

when both spatially-determined and cell-intrinsic fitness differences influence growth, as the

action of strong positive selection has been previously shown to distort the shape of tumor

phylogenetic trees (82, 102, 34). We find that SDevo continues to detect differences in birth

rates between center and periphery-associated cells even in the presence of strong selection

(Figure 2.8F and 2.14B, see Methods). Notably, even as lineages with driver mutations

expand, these cells are still subject to spatial constraints. As a result, similar patterns of

branching and clock rate differences between center and periphery-associated cells re-emerge.

However, we anticipate that if cell death is sufficiently high, a driver mutation could lead to

rapid expansion of a center-bound lineage and mask signals of boundary-driven growth.

2.1.5 Boundary-driven growth in hepatocellular carcinomas

To quantify boundary-driven growth in a clinical tumor setting, we applied SDevo to multi-

region sequencing data of two hepatacellular carcinoma (HCC) cancers published by Li et al.

(34) (Figure 2.9). The authors sequenced two HCC tumors from a single patient, carried out

3-dimensional spatial micro-biopsy sampling followed by whole-genome sequencing (Figure

2.9A and E) and classified punches as “edge” or “center”. The genetic maximum likelihood

trees of each tumor (Figures 2.9B and F) qualitatively demonstrate an increased genetic

divergence at edge punches. To apply SDevo, we created input pseudo-sequences for each

punch using three independent 25,000 SNV random subsets of those identified in the original

study. We assumed unidirectional transition from edge to center, in line with biological

expectations of solid tumor growth, to constrain death and transition rate parameter space
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(see Methods). SDevo jointly reconstructed tumor time trees along with the most likely

ancestral internal node states. From these results we infer that while most ancestral cells

divided on the tumor periphery, some population expansion occurred in the tumor center.

We note that we do not use a predefined outgroup for this analysis, so there are slight

differences in rooting for these time trees compared to the genetic maximum likelihood

trees. SDevo found strong support for birth rate differences between edge and center in

both tumors (Figure 2.9D and H). We estimated that cells on the edge have a mean 6.35x

birth rate advantage over center cells in Tumor 1 (95% HPD = 4.53 - 8.32x), and a mean

2.83x birth rate advantage in Tumor 2 (95% HPD = 2.35 - 3.32x) summarized across all

SNV subsets. To assess how sensitive these results were to differences in state classifications

or punch heterogeneity, we also called alternate edge/center states based on a threshold of

10% of the tumor diameter (∼2mm and ∼1.5mm for Tumor 1 and Tumor 2, respectively)

from the schematic boundary (Figure 2.16A and E). We found consistent results for Tumor

2, but observed that Tumor 1’s alternate edge/center classifications showed more variable

and reduced support for boundary-driven growth, which was not unexpected given that the

alternate states updated the classification of previously center-assigned punches with less

genetic divergence to edge (Figure 2.16D and H). We further found consistent results when

removing a single punch from Tumor 1 (Figure 2.17), which may have captured multiple

subclones (Figure 2.18).

Although we inferred a higher birth rate on the edge in these clinical tumors, the branch-

ing rate patterns in Tumors 1 and 2 qualitatively did not match our expectations from

simulations. These branching patterns are potentially influenced by selection, as noted origi-

nally by Li et al. (2021), or by the non-uniform sampling scheme (Figures 2.9A and E). Likely

due to these branching patterns, we find a strict clock model, which assumes independence

of sequence evolution and cell division, did not detect boundary-driven growth. Instead, it

estimated that center cells have a slightly higher birth rate (Figure 2.19). We note that
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Figure 2.9: Quantification of boundary-driven growth in hepatocellular carci-
nomas. A. Multi-region 3D sampling map for Tumor 1 adapted from Li et al. (2021).
Sampling locations are marked and labeled in z-slices, and center and edge classifications
(taken from the original study) are shown in blue and maroon, respectively. B. Maximum
likelihood genetic tree reconstructed from all variable sites. Node confidence is labeled if
less than 99%. C. Tumor 1 phylogeny reconstructed from pseudo-sequences of one subset
of variable sites. Tip colors indicate sampled punch state and pie charts on internal tree
nodes represent posterior probabilities of ancestral state reconstructions. Clade supports are
indicated at nodes if less than 99%. D. Marginal posterior distributions for edge (maroon)
and center (blue) birth rates across three independent subsamples of variable sites, and es-
timated edge-to-center birth ratio (mean 6.35x). Posterior distributions summarize across
three independent BEAST2 runs using all n = 16 punches. Dashed line marks ratio of 1.
The same plots are shown for an additional HCC tumor (Tumor 2, n = 9) from the same
dataset (E-H), estimating a mean 2.83x edge-to-center birth rate ratio. Tumor schematics
are vertically inverted for ease of visualization. Violin plots show distribution density and
the boxplots show IQR.
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the sample sizes of Tumor 1 and Tumor 2 were well below the sample size requirements in

simulations to detect boundary-driven growth with a strict clock model (Figure 2.5F). In

addition, we found that incorporating a state-dependent sequence evolution model changed

the estimated internal node timings (Figure 2.19C and F). Specifically, reconstructed center-

bound nodes were estimated to have occurred more recently under a strict clock than under

a state-dependent evolution model in which center cells would be expected to divide less

frequently.

2.2 Discussion

Tumor evolutionary progression is a complex process driven by genetic, epigenetic, environ-

mental, and immune factors. Quantitatively disentangling the contribution of spatial factors

to tumor growth dynamics is an important component of both reconstructing tumor clin-

ical histories and predicting future growth. Our understanding of spatial drivers of tumor

growth has largely been informed by experimental models, as we have had limited ability

to assay for these effects in clinical tumors. Here, we introduce SDevo, a new Bayesian

phylodynamic model that learns differential cell birth rates of discrete classes (here, tumor

periphery or center-associated). Although SDevo is general in scope and applicability, in this

study, we demonstrate that it successfully infers birth rate differences between the tumor

edge and center from multi-region sequencing data. We show that SDevo is relatively robust

to sampling choices (i.e., punch biopsies and locations) and biological factors (i.e., cancer

driver mutations and 3D versus 2D growth modes). We further find quantitative evidence for

boundary-driven growth in clinically-derived hepatocellular carcinomas resected at a single

time point.

Our assessment of boundary-driven growth in HCC quantitatively expands the observa-

tions of Li et al. (2021). The authors originally hypothesized that Tumor 1’s tree structure

matched a simulated scenario of boundary-driven growth followed by the expansion of a
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selected clone in the center and that Tumor 2’s tree structure matched dominant boundary-

driven growth. The authors made these assessments by simulating tumors and comparing the

distributions of clones and variant allele frequencies to the sequenced tumors. They further

noted that genetic divergence was higher in punches collected from the tumor periphery.

Our study quantifies these patterns by estimating these birth rate differences directly

with joint inference of tree topology and sequence evolution. Notably, although small sample

sizes, clustered sampling, and the hypothesized selection for an internal clone in Tumor 1 may

have distorted the branching structure of the trees, SDevo is able to detect past boundary-

driven growth from clock rate differences. By explicitly incorporating the mutational process,

SDevo leverages data more effectively than models that only learn from state-dependent

branching. This approach is particularly important when only a few areas of a tumor are

sequenced. These findings, along with previous in silico evidence that selection changes

the shapes of tumor trees (82, 130), highlight the importance of employing multiple tree

patterns to quantify interacting modes of tumor growth. Although future work should more

comprehensively profile how multiple spatial and non-spatial drivers of growth can impact

observed tree patterns, our analysis of non-neutral tumors (Figures 2.8F and 2.14B) suggests

that SDevo can detect boundary-driven growth in the presence of selection.

Quantifying the impact of spatial restrictions on clinical tumor growth informs how we

understand, predict, and control cancer evolution. A robust literature has established that

boundary-driven growth modulates the efficiency of positive and purifying selection (83,

131), alters overall growth rates (104, 132), and increases the efficacy of adaptive therapy

(39, 84, 85). Spatial restrictions also change the expected distribution of genetic variation

in solid tumors (80, 81, 79, 131), and impact how clinically informative biopsies should be

collected (133). Although we find robust evidence for boundary-driven growth in HCC, its

prevalence and strength likely vary by stage of tumor growth and tumor type (36). For

example, increased vascularization, cellular migration, physical anatomical structures, or
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tumors reaching a local carrying capacity could alter spatial growth restrictions. Further

applications of SDevo to other tumor cases and types will enable us to explore the nuances

of these growth phenomena.

Importantly, the utility of SDevo is not limited to understanding the impact of boundary-

driven growth, but in fact, can be applied in any instance in which sequenced tumor samples

can be classified into discrete, observable states. Immediately, SDevo could be extended to

test other proposed tumor growth modes – for example, growth against a solid surface, such

as bone in osteosarcoma, along a unidirectional invasive front (134), or in different glan-

dular compartments (135). Because tumors can grow under a wide variety of anatomical

constraints, integrating system-specific factors can help assign biologically-relevant environ-

mental states for the application of SDevo (i.e., edge categorization may constitute those

cells that have penetrated the basal layer as opposed to those that are most radially ex-

treme). Even more broadly, SDevo could be applied to study the growth impacts of other

environmental or cell-intrinsic factors, for instance, immune invasion, hypoxia, metastatic

versus primary sites, or genetic features, by decomposing complex phenotypes into discrete

states.

Phylodynamic approaches such as SDevo have major advantages compared to our cur-

rent approaches for estimating evolutionary information from tumors, namely approximate

Bayesian computation (ABC) (136) or other approaches that compare simulated and clin-

ical tumors via summary statistics (36). To be clear, these approaches have yielded ex-

tensive insights into tumor evolution, including patterns under boundary-driven growth

(28, 80, 82, 102). However, these approaches are computationally costly, requiring the gen-

eration of often tens or hundreds of thousands of simulated tumors, on which one must

compute extensive summary statistics. In addition, ABC comes with technical challenges,

including the necessary choice (and potential unavailability of) low dimensional sufficient

summary statistics. Although Bayesian phylodynamics comes with its own technical chal-
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lenges (i.e. identifiability, sensitivity to model assumptions, choice of priors, see Louca and

Pennell (2020) and Louca et al. (2021) (137, 138)), it does not require tumor simulation.

Furthermore, the generality of discrete traits affecting growth dynamics means it is easily

adaptable to answer new questions. While both ABC and phylodynamics offer ways to un-

derstand clinically-derived samples, the full promise of phylodynamics has yet to be widely

exploited.

Phylodynamic approaches to understanding tumor evolution offer additional benefits: 1)

used in conjunction with well-calibrated molecular clocks, inferred trees can help estimate

the timing of clinically-important events, such as the emergence of subclones or metastatic

events. While these analyses have been employed in the context of uniform growth rates (139,

140, 116), the expansion of tree models to permit differential birth rates could improve timing

accuracy. 2) Incorporating differential growth rates across a tree can lead to more accurate

tree topologies, as has been demonstrated in influenza evolving in multiple host species

(141). 3) Inferring ancestral states can elucidate population history and tumor evolutionary

processes at time points that cannot be clinically sampled. Recently, Zhao et al. (2021) (106)

analyzed the intra-tumor spatial and genetic architecture of renal cancers and concluded cells

in the tumor center are more likely to seed metastasis. However, the study was limited to

observing the extant position of these samples, whereas SDevo reconstructs these states at

the time of clinical events (i.e. divergence of a metastatic clone). These three points suggest

more broadly how tumor trees can be leveraged to gain new quantitative insights into tumor

evolution, and demonstrate the broad utility of modeling evolutionary processes on trees.

Beyond its application to cancer evolution, SDevo is a novel phylodynamic model with

broad usefulness to incorporate state-dependent clock rates into evolutionary inference.

While the field of phylogenetics has developed a broad array of clock models, SDevo rep-

resents the first model in which clock rate is linked to population birth. SDevo could be

particularly useful in microbial and viral populations where diversification and mutational
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accumulation operate on similar timescales, and may be linked to underlying state variables

(for example, location). We demonstrated that incorporating clock rate differences, instead

of relying solely on tree diversification rates (as in BDMM’ and other multi-state birth-death

models (49, 120, 124)), can improve inference in cases where sampling may be non-uniform.

This may be particularly important when sampling rates vary - for example, countries with

variable rates of molecular surveillance for SARS-CoV-2. To facilitate broad application,

SDevo is built as a package in the popular Bayesian phylogenetic platform BEAST2 (121).

As with all phylodynamic models, identifiability represents a pervasive concern, but incor-

porating biological knowledge for determining priors can help constrain the model space. In

our analysis of HCCs, we use information about cell transition and death rates to distinguish

between multiple parameters that impact trees and estimation in interrelated ways.

Biological complexity within tumors can complicate SDevo’s application and interpreta-

tion via spatially- or temporally-varying selection. First, strong selection can destroy or alter

signals of boundary-driven growth (82, 34). For example, a hard bottleneck, as in the cases

of surgery or chemotherapy, would likely temporarily destroy signals of boundary-driven

growth. Such signals would likely also re-emerge were the tumor to regrow via boundary-

driven growth. Second, gain of driver mutations will lead to cell-intrinsic fitness differences

that may not correlate with spatial location. Third, disentangling boundary-driven dynam-

ics from other environmental or cell-intrinsic factors could be especially difficult under time-

varying selection. For example, angiogenesis could increase resources to center cells later in

tumor growth (142) and complex cell-to-cell interactions may create frequency dependencies

that further complicate observed spatial patterns (109, 84, 143). We have shown that SDevo

can detect signals of boundary-driven growth even with driver-induced selection, but future

work should further probe this robustness.

Although SDevo is a powerful tool, we note several important limitations that require

further caution when applying it to data. First, SDevo assumes mutations occur at cell
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division. If instead, most mutations emerge due to exogenous processes (144), birth-driven

genetic divergence could be masked. While this might decrease SDevo’s power, exogenous

mutational processes distributed evenly across a tumor are unlikely to generate false positive

signals of boundary-driven growth. Second, extensive cell mobility could weaken signatures

of boundary-driven growth even if boundary-associated cells have birth rate advantages.

Third, as we demonstrate in Figure 2.5, sample sizes must be sufficient to detect state-

dependent effects. We maximize limited sample sizes by choosing priors that are biologically

informed (for example, unidirectional state transitions), but larger sample sizes will enable

inference with less informative priors. Data sets that meet this requirement are becoming

rapidly available, so we anticipate phylodynamic models such as SDevo becoming increasingly

powerful.

The expanded application of phylodynamics to cancer sequencing data relies both on

developing methods to exploit single-cell sequencing data (145, 146), and understanding the

relationship between sequenced multi-region punches and the many single cells that com-

prise them. As has been noted previously, multi-region sequence trees are not phylogenies

(147), and punch-wide genetic composition does not necessarily capture all cellular geno-

types (148). Although SDevo is fairly robust to our simulated punch-style sampling and

we analyzed HCC data from small, largely homogeneous punch biopsies, best practices for

applying phylodynamic models to trees of deconvoluted clones are an important area for

future research.

Applying phylodynamic methods to tumor populations is in its infancy, but new meth-

ods that overcome the barriers of working with tumor data will help extend the applicability

of these approaches (149, 145). Here, we demonstrate the utility of phylodynamic mod-

els in quantifying spatial factors driving cancer progression. As technologies enabling the

widespread and high-throughput generation of tumor trees advance (130, 150), we expect

adapted phylodynamic approaches such as SDevo to provide a rigorous analytical toolkit for
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extracting quantitative insights from these data.

2.3 Methods

2.3.1 Tumor simulations

Eden model:

An agent-based model was implemented in Python3 which places simulated cells on a 2D

lattice. Simulations are initiated with a single cell in the center of the lattice. At each

time step (2 hours) cells have a probability of dying (α) and a probability of attempting

division given survival (λ). Under boundary-driven growth, cells only successfully divide if

there is an empty lattice spot in its Moore neighborhood. If multiple neighboring spaces

are available then the cell randomly chooses the location for its daughter cell from open

neighboring spaces. Under unrestricted growth, if a cell attempts division, its daughter cell

will occupy an empty lattice spot in the Moore neighborhood if available, but if not, the

cell will still divide and push cells in a random direction to make space. Overlapping cells

are pushed in the same direction until a neighboring lattice spot is available, which the

pushed cell will occupy. In both simulations, if a cell divides, each daughter cell can gain

mutations with probability µ (per division per genome). Mutations are then drawn from a

Jukes-Cantor model of sequence evolution and follow an infinite-sites assumption. Therefore,

each time a mutation is gained, a site is added to all cells in the simulation. Simulations

are stopped when the number of living cells is more than 1000. The ground truth birth

rates are assessed at discrete time points in the simulation by recording the current state of

each cell and the proportion of cells that have progeny in the next time step. True birth

rates are considered to be the mean across all time steps weighted by the number of cells in

each category. This method calculates effective birth and death rates on the edge and center

given the simulated spatial constraints by calculating empirical division rates on the edge

and center of cells through simulated time. Effective spatial constraints in the boundary-
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driven model were controlled by changing the probability of cell death, where increased cell

turnover allows center-trapped cells to divide more readily (Figure 2.10). To evaluate the

accuracy of parameter estimation, we ran 1000-cell tumor simulations where the probability

of cell death per time step, α, varied from 0 to 0.036, the probability of attempting division

given survival, λ, was 0.04, and the rate of mutation per division was µ = 1. Not accounting

for spatial constraints, these birth and death parameters translate to an approximate 0.32

- 0.40 per day probability of division (per cell) and a range of 0 - 0.35 per day (per cell)

probability of death. Although clinical tumors have large variability in rates of proliferation,

death, and mutation, these parameters fit within this biological range (151–153, 79).

Eden tree statistics

Tree statistics in Figures 2.1, 2.2 and 2.3 were calculated from simulated tumor trees that

include all extant cells. Normalized terminal branch lengths were calculated by dividing

terminal branch lengths of tumor time trees by total simulation time. Clock rates were

calculated by dividing the total number of mutations accumulated in each alive cell by

simulation time. Edge and center states for terminal branch lengths are defined by cell

location at the end of the simulation, where edge cells are defined by being the most extreme

cell on either the X or Y spatial axis for each row and column, respectively, or within one

cell of this boundary. The fraction of the lineage time spent on the edge is determined by

averaging across all lineage node states weighted by time tree branch lengths.

Continuous space model

To probe the robustness of SDevo to more complex selective events and higher dimensions,

we implemented an additional set of simulations in the physics-based cellular simulator,

PhysiCell (126). Briefly, PhysiCell is an open-source, agent-based model implemented in

C++ in which cell movement is governed by biomechanical interactions among cells. To
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simulate boundary-driven growth, we created a PhysiCell instance in which cells are only able

to divide when under low mechanical pressure, using the cell state variable, simple pressure.

As a result, similar to the Eden model, most cell division is restricted to the tumor periphery,

or to cells with adjacent space created by the recent death of a neighboring cell. Cells initially

divide at a rate we arbitrarily set to 1, except when above the pressure threshold, τ , in which

case, they divide at rate 0. We also explored a sigmoidal relationship between pressure and

birth, where the birth rate b = 1 − (1 + exp(−5 ∗ (pressure − τ)))−1. Cells die at rate d,

regardless of their pressure status. To simulate selection, during each cell division, a daughter

cell can acquire a driver mutation conferring a 10% fitness advantage (154) with probability

µdriver, which acts multiplicatively (i.e. a cell with two drivers has a 21% faster growth

rate than one with 0) (155). Tumors are grown to a final size of N extant cells, of which

n are sampled. After the simulation, a Poisson-distributed number of neutral mutations is

augmented to each cell division with λ = µpassenger. Using the continuous space model, we

investigated all pairwise combinations of 2D and 3D, neutral and selective scenarios, and

ran 25 tumor simulations for each combination of parameters (τ = 1, d = (0, 0.1, 0.2, ...0.8),

µpass = 1, n = 100), except for 3D selection, where we simulated d = (0, 0.2, 0.6, 0.8) with

10 tumors each. For the 2D models, N = 10, 000 and for the 3D model, N = 15, 000.

For the selective model, µdriver = 0.01 and for the neutral models, µdriver = 0. Note, we

used a value of µdriver well above expected rates of driver mutations (≈ 10−5, (151)) to

conservatively test SDevo in an extreme case of selection. To probe SDevo’s performance

when cellular constraint is reduced by migration instead of cell death, we performed 10

simulations at d = 0.2 where cells migrate at 0, 0.5, 1, 1.5 or 2µm/minute at an angle drawn

from [0, 2π] and updated on average each minute (all other parameters as above). To probe

SDevo’s robustness under a sigmoidal relationship between pressure and birth rate, we ran

10 simulations with d = (0, 0.2, 0.4, 0.6), and all other parameters as above. One outlier

in the 3D boundary-driven growth simulations was removed due to convergence on a local
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optimum. Ground truth edge and center birth rates were determined by first classifying

cells as within 10 microns (approximately 1 cell width) of the tumor periphery as edge, and

those more than 10 microns from the edge as center. The average birth rate was computed

separately within each of those classes over multiple discrete time points (10-40, depending

on the overall rate of tumor growth) and combined by a weighted average according to the

number of cells at each time point. Cells under too much pressure to divide at the sampled

time (simple pressure > τ) were calculated as having an instantaneous birth rate of 0.

2.3.2 Sampling procedures

2D simulations were sampled by maximizing the distance between sampled single cells in

physical space (diversified sampling). This ensures that a sufficient number of edge and

center classified cells were sampled and that sampled cells were not clustered. Bulk punch

biopsy sampling was mimicked by choosing a center cell and a target of 8 cells immediately

surrounding that was grouped into a single punch. Punches were iteratively drawn and

shifted if they overlapped with a previously punched group of cells. Sampling ended when

the target number of punches was reached (50 punches) or sampling was no longer possible

without significant overlap. Punch sequences were generated using all mutations above a

cellular fraction cutoff of 0.3. 3D sampling was approximated by taking 5 simulated slices

through the tumor z-plane at 2/8ths, 3/8ths, 4/8ths, 5/8ths and 6/8ths of the range of the

z values of a given tumor. Within each slice, cells were sampled to maximize the inter-

cell distance, as described above, and the number of cells per slice was proportional to the

number of cells in the slice relative to the number of cells across all slices.

2.3.3 Multi-type birth-death models of to boundary-driven growth

The birth-death process describes how lineages duplicate (birth), die (death), and are sam-

pled (where samples are tips on a phylogenetic tree) (156). The multi-type birth-death model
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extends this by considering birth, death and sampling to occur in different states (sometimes

also referred to as different sub-populations, traits, or types) and how lineages jump between

these states. The rates of birth, death and sampling vary depending on the state of a lin-

eage. For the case of boundary-driven growth, we model a two-state process, with one state

denoting cells in the center of the tumor and the other state denoting cells on the edge of

the tumor.

2.3.4 Posterior Probability

To perform Bayesian inference, we define the posterior probability P (T, σ, θ|D) of the timed

phylogenetic tree T , the evolutionary model and parameters (σ), and the population model

and parameters θ, given the data, D. This posterior probability is typically expressed as:

P (T, σ, θ|D) =
P (D|σ, T )P (T |θ)P (σ)P (θ)

P (D)
(2.1)

In the case of the state-dependent multi-type birth-death model, we cannot assume the tree

likelihood (D|σ, T ) and the tree prior P (T |θ) to be independent, as the rate of evolution

directly depends on the population model. In other words, how fast evolution happens on

a lineage depends directly on the state of that lineage. We therefore define H as a mapped

state transition history, that contains a random mapping of state change events given a set

of parameters θ of the multi-type birth-death model. We then define the tree likelihood as

P (D|σ, θ, T,H). Additionally, we say that instead of computing P (T |θ) directly, we only

compute the tree prior for one realization of the state transition history, i.e. P (T,H|θ). The

posterior probability then becomes:

P (T,H, σ, θ|D) =
P (D|σ, θ, T,H)P (T,H|θ)P (σ)P (θ)

P (D)
. (2.2)

Performing MCMC inference to characterize this posterior probability distribution would

require integrating over all transition historiesH using MCMC. This is overall incredibly slow
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and limits the application of the method. Instead, we formally integrate over all possible

histories H, to get the following posterior probability:

P (T, σ, θ|D) =

∫
H P (D|σ, T,H)

∫
H P (T,H|θ)P (σ)P (θ)

P (D)
. (2.3)

P (T |θ) =
∫
H P (T,H|θ) is computed as described in Kühnert et al. (2016) (120), which is

achieved by treating the states of lineages probabilistically instead of discretely.

Lastly, we set
∫H P (D|σ, T,H) = E[P (D|σ, θ, T,H) = P (D|σ, θ, T, E[H]), with E[H]

being the expected/average state transition history, which contains, for each lineage i in the

phylogeny, its expected time spent each state s. This leaves us with:

P (T, σ, θ|D) =
P (D|σ, θ, T, E[H])P (T |θ)P (σ)P (θ)

P (D,S)
. (2.4)

2.3.5 Modeling birth-dependent evolution

In order to model different rates of evolution for different states, we first compute the expected

time each lineage in the phylogenetic tree T spent in each state. To do so, we use a stochastic

mapping approach related to those described in Nielsen (2002) and Huelsenbeck et al. (2003)

(157, 158). We first compute the probability gi,bs of each lineage i in the phylogenetic tree

being in any possible state s over time t from the tips to the root as described in Kühnert

et al. (2016) (120). These state probabilities are conditional only on events that occurred

more recently than t and therefore not on all events in the phylogeny. During this backwards

propagation, we keep track of the time-dependent transition matrix Q(t)i that describes the

rate of probability flow between any two states at time t due to state transitions or birth

events between states. As a result, once we reach the root, gi,bs contains all events in the

phylogeny and is therefore equal to gi,fs , i.e. the forward probability of lineage i being in

state s.

Following Stolz et al. (2022) (159), we first define qiab as:

qiab = µab
gb(t)

i
a

gb(t)
i
b
with µab being the rate of state change due to state transitions or cross-

birth events.
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We then compute the probabilities of any lineage being in any possible state conditional

on all events in the phylogeny gi,fs forwards in time as: dgi,fs dt=
∑states

a=1
(qiasgi,fa −qisag

i,f
s ).

By keeping track of the forward probabilities gi,fs on each lineage, we can then compute

the expected time tis that lineage i spends in any of the possible states s. The values for tis

make up the entry for E[H] in the posterior distribution posterioreq. We then say that cs is

the rate of evolution, that is the clock rate, of a lineage in state s. Next, we compute the

average rate of evolution on branch i, ci as

ci =
∑states

s tis ∗ cs.

At each replication, an error in copying the genetic material of a cell can occur. These

errors tend to be more likely in cancer cells, where cellular control mechanisms are often

faulty. Phylogenetic methods typically assume the evolutionary processes to be independent

of population processes, such as cell replication. To model mutations happening at birth

events, we assume that the birth rate bs in state s and the clock rate in state s are proportional

such that c1 = cavgb1, c2 = cavgb2, ..., cn = cavgbn.

2.3.6 Implementation

We implemented the multi-type birth-death model with state-dependent clock rates as an

addition to the Bayesian phylogenetics software BEAST2. SDevo depends on BDMM-prime

v0.0.30 (https://github.com/tgvaughan/BDMM-Prime) to compute the tree prior P (T |θ)

and is built in Beast v2.6.6. To model mutations occurring at cell division, we set the relative

rate of evolution in the different compartments (edge and center) to be proportional to the

birth rates in these compartments. The implementation itself does not explicitly require this

assumption and the relative rates of evolution can also be treated as a distinct parameter

in the inference. All SDevo analyses were performed using SDevo v0.0.2. SDevo can be

installed through the interface BEAUti.
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2.3.7 Validation

To validate the implementation, we perform a well-calibrated simulation study. In it, we

simulate phylogenetic trees under a two-state birth-death model in which we assume the

rate of evolution to be proportional to the birth rate in either compartment. We randomly

sample the birth, death, and transition rates from the prior distribution, while fixing the

sampling rate to 0.001 and then simulate a phylogenetic tree using MASTER (160). We

then simulate genetic sequences on top of the phylogenetic trees using different rates of

evolution depending on the lineage’s compartment. Next, we infer the birth, death, and

transition rates from the genetic sequences and show that the 95% highest posterior density

(HPD) interval covers the truth in 95% of the 100 runs (see Figure 2.11).

2.3.8 SDevo application to simulated tumors

We applied SDevo to outputs of the Eden and PhysiCell simulations generated as described

above. For each simulated tumor we calculated clock rate (mutations/tree length/sequence

length) and edge and center sampling rates (sampled / alive cells). We set exponential priors

on birth, death, and transition rates. Full parameterization can be reproduced from XML

templates. MCMC chains were run to convergence. We used only chains that had a minimum

effective sample size (ESS) for birth rate parameters greater than 200 for analysis. We also

excluded rare (n < 5) cases that converged to local optima. We summarized the output

posterior distributions by mean and 95% HPD intervals. We further inferred maximum

clade credibility (MCC) trees with median heights using BEAST 2.6.2 TreeAnnotator (121).

TreeAnnotator also gives posterior state probabilities for each MCC internal node.

2.3.9 SDevo application to hepatocellular carcinoma tumors

To apply SDevo to the hepatocellular carcinoma data, we labeled punches based on

edge/center state labels as published by Li et al. (2021) (34), Table S8 (reproduced in Fig-
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ures 2.9A and 2.9E). For alternate states (Figures 2.16A and 2.16E), we labeled punches as

edge if they were located within approximately 10% (∼2mm for Tumor 1 and ∼1.5mm for

Tumor 2) of the tumor diameter from the schematic boundaries. Slices were reported to be

from tumor hemispheres. Assuming a 0.2mm slice thickness, we estimated that slices Tumor

1Z and Tumor 2Z fell within the boundary region. The original amplicon genotyping panel

artificially increases the apparent diversity within some clones relative to others, so to avoid

incorporating this bias into the model, we used only whole-genome sequenced punches. Li

et al. (2021) identified a large number of SNVs (254,268 for Tumor 1 and 142,032 for Tumor

2). To reduce computational requirements and improve convergence, we generated input

pseudo-sequences by randomly subsampling 25,000 variable sites. We summarized results

across three independent subsamples for each tumor. We called presence or absence of a

variant at each site based on a VAF cutoff of 0.05. Variant allele frequency histograms dis-

played single-peaked distributions characteristic of a single major clone per sample, with the

exception of tumor sample T1L13 (Figure 2.18). To ensure Tumor 1 results were not driven

by over-counting mutations across multiple subclones of T1L13, we repeated the analysis

excluding this sample and found quantitatively similar results (Figure 2.17).

We use a GTR+Γ4 site model, a fixed clock rate of 0.3 (units are arbitrary as we only use

sites which are variable relative to healthy cells), and estimate sampling proportion (uniform

prior). We use log-normal priors for birth (mean=20, S=0.5) and death rates (mean=15,

S=0.5). We used an exponential prior for the edge-to-center transition rate (mean=1). Note

that these units are also arbitrary and are not calibrated to clinical time. In applying

SDevo to these tumors, we constrain the parameter space in several ways to adapt to having

relatively few samples, only a single observed time point, and unknown sampling proportion.

1) We assume unidirectional transition so that cells can only move from edge to center

but not vice versa. As we only have a few observed state transition events, the transition

rates would otherwise be relatively poorly informed. 2) We set priors on mean birth, death,
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and transition rates across the two states. Birth and death priors are identical across both

states, while transition rates priors are asymmetrical to inform unidirectional transition and

enable convergence in a complex parameter space. Full parameterization can be found in

the XML template. We combined posterior estimates across three independent runs for each

tumor. We inferred MCC trees with ancestral state reconstructions with TreeAnnonator. In

addition to the SDevo-inferred trees and parameters, we also generated maximum likelihood

trees using FastTree (161) and Augur (162) under a Jukes-Cantor model for each tumor

using all reported variable sites. Homoplastic sites contributed to lower support for one

node in the maximum likelihood tree of Tumor 1 (Figure 2.9B) and we masked homoplastic

sites to enable convergence in Tumor 1 and Tumor 2 SDevo inferences. Homoplastic sites

represented < 1% (Tumor 1) or 6% (Tumor 2) of all sites across all tumor samples. In

Tumor 2, more than 2/3rds of homoplasies were between two edge-associated punches (Z1

and Z13) potentially pointing to subclonal mixing, which is supported by their proximal

spatial locations. The remainder of homoplasies in Tumor 2 and all of the homoplasies in

T1 were evenly distributed across punches. As a result, the removal of homoplasies did not

act to bias branch lengths across the tree, with the exception of T2Z1 and T2Z13. As these

punches are on the edge of the tumor, this masking should a priori result in lower estimated

birth rates on the edge and thus conservatively bias the results towards a more equal birth

rate between edge and center.

2.3.10 Data availability

Data required to reproduce analyses are available at https://github.com/blab/

spatial-tumor-phylodynamics, including variant allele frequencies and input BEAST2

XML files. Raw sequencing data are publicly available (GSA-Human: HRA000188) as pub-

lished by Li et al. (2021) (34). SNVs used for the hepatocellular carcinoma analysis are

provided in a de-identified format on GitHub. Please cite Li et al. (2021) if using these data.
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a b

Figure 2.10: Cellular density creates fitness differences in expanding lattice-based
simulations. A. Fitness, here approximated by the probability a cell has a daughter cell in
the population (P(progeny)) versus the number of adjacent free cells at birth under boundary-
driven growth. Spatial impacts on cell fitness are relaxed with increasing cell death rate α
(color tint). Means and standard error bars are summarized across 10 simulated tumors per
death rate. B. Under unrestricted growth, most cells are born into a dense neighborhood
(free cells = 0), but fitness is not impacted by spatial location. Means and standard error
bars are summarized across 10 simulated tumors per death rate.

2.3.11 Code availability

Custom scripts were used for simulation studies and data analyses. All code to gener-

ate figures is publicly available. Scripts to replicate analyses and figures are available

at https://github.com/blab/spatial-tumor-phylodynamics, including a local R pack-

age tumortree (https://github.com/blab/spatial-tumor-phylodynamics/tree/main/

tumortree), which can be installed to build trees from the simulation outputs. SDevo is

built as a BEAST2 package and can be installed from https://github.com/nicfel/SDevo.

The source code to run spatially-constrained PhysiCell simulations and generate trees can

be found here: https://github.com/federlab/PhysiCellTrees. All other packages used

for analysis and visualization are also open source (163, 164).
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Figure 2.11: Simulation study to validate SDevo implementation. Birth, death,
and transition rates, and ratios of state-dependent birth rates estimated by SDevo versus
true population parameters of phylogenetic trees simulated under a two-state birth-death
model (see Methods). Medians (points) and 95% HPD intervals (bars) of estimated values
are plotted for each parameter (columns) while either fixing or jointly inferring the tree
topology (rows). Trees were simulated under a birth-death with migration model with rates
drawn from log-normal distributions for birth (mean=5, S=0.5), death (mean=1, S=0.5),
and migration (mean=0.5, S=0.5). The sampling proportions were also drawn from a log-
normal distribution (mean=0.15, S=0.5). This process leads to trees with between 32 and
72 tips.
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Figure 2.12: Multi-state diversification models without state-dependent clocks
do not sensitively detect growth rate differences in simulated tumors. A.
Schematic of BDMM-Prime, which does not link state-dependent effects on division to se-
quence evolution. B. True versus estimated means (points) and 95% HPD intervals (bars)
of birth rate (per day) differences between the edge and center of simulated boundary-driven
tumors over a range of sample sizes (n = 50, 60, 70, 80, 90, 100, see headers). Dashed line is
y = x.
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Figure 2.13: SDevo improves birth rate estimation with more variable (random)
sampling over a strict clock model. A. Example 2D tumors under either diversified
or random sampling schemes. Cells are colored by edge (maroon) or center (blue). Grey-
highlighted cells are sampled. Diversified sampling maximizes the physical distance between
sampled cells. B. Estimated means (points) and 95% HPD intervals (bars) of per day birth
rate differences between the edge and center of simulated boundary-driven tumors based on
n = 100 sampled cells versus true state-dependent effects (α varies between 0 and 0.036).
We compare SDevo (green) with strict clock model (gold) for either diversified or random
sampling (rows).
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Figure 2.14: Investigation of extended modes of spatial tumor growth in Physi-
Cell simulations. A. Mean (points) and 95% HPD intervals (bars) of birth rate differ-
ences estimated by SDevo when spatial constraints are relaxed by increasing cell motility
(purple to orange gradient) compared to when spatial constraints are relaxed by cell death
(grey).N = 100 per tumor for all simulations. The x-axis is the effective true birth rate differ-
ence in both scenarios. B. True versus SDevo-estimated birth rate differences in simulations
with both boundary-driven growth and positive selection of driver mutations (n = 100 sam-
pled cells per tumor). We compare simulations in 2D (grey) and 3D (red). C. Schematic
of simulated relationships between cell pressure and division probability for either a binary
(left) or sigmoidal (right) gradient in PhysiCell simulations. D. True versus estimated birth
rate differences of simulated tumors (n = 100 sampled cells per tumor) with either a binary
(grey) or sigmoidal (red) pressure threshold. For A, B, and D. points and bars represent
the mean and 95% HPD interval of each estimate.

51



Mean center / edge terminal branch length

Center

Sampled state

Edge

2D Growth
a b

c d e

3D Growth

Center Edge Center Edge

Reconstructed state

co
un
t

Posterior
probability edge

Posterior
probability center

Figure 2.15: Complex growth and sampling in 3D tumors lead to more variable
branching patterns. A. Example inferred phylogeny of 2D PhysiCell tumor with recon-
structed ancestral edge and center states (d = 0.1). Node pie charts represent posterior
support for each state. 100 cells were sampled to maximize the distance between cells (diver-
sified sampling). B. Example inferred phylogeny of 3D PhysiCell tumor with reconstructed
ancestral edge and center states (d = 0.1). Cells were sampled to maximize distance in 2D
space across z-slices of the simulated tumor as described in Materials & Methods. For both
trees, posterior node support is indicated if less than 99%. C, E. Comparisons of inferred
terminal branch lengths between cells sampled on the edge and center of the example 2D
and 3D tumors. Points and error bars represent means and bootstrapped confidence inter-
vals for n = 75 center and n = 25 edge terminal branches. D. Distribution of the relative
ratio of center-to-edge mean terminal branch lengths across multiple simulations with equiv-
alent spatial constraints. Asymmetric branching between edge and center states is observed
more often in 2D (gold) than 3D (navy) tumors. Points and error bars represent means and
bootstrapped confidence intervals for n = 38 center and n = 62 edge terminal branches,
respectively. 52
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Figure 2.16: Detection of boundary-driven growth in hepatocellular carcinoma
with variation in edge/center state calling. We called an alternate set of states based on
a distance of < 10% of each tumor diameter from the edge instead of published edge/center
labels. A. Multi-region sampling map for Tumor 1 adapted from Li et al., (2021) (40) with
alternate state labels. Asterisk indicates a change in state from published states (Figure
5A). B. Inferred tumor phylogeny and reconstructed ancestral spatial states for a single SNV
subset. Clade posterior supports are indicated at nodes. C. Marginal posterior distributions
for edge (maroon) and center (blue) birth rates estimated from the Tumor 1 WGS data
across three independent SNV subsets. D. Posterior distribution of edge/center birth rate
ratio. Dashed line indicates ratio of 1. We estimate a mean 1.15x higher birth rate on the
edge compared to center. E. Multi-region sampling map with alternate states for Tumor 2
reproduced from Li et al., (2021) (40). F. Tumor 2 tree and ancestral edge/center states
inferred from the sampled populations. G. Marginal posterior distributions for edge and
center estimated birth rates and H. edge/center ratio. We estimate a mean 3.89x higher
birth rate on the edge versus center based on the alternate state calls.
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Figure 2.17: SDevo analysis excluding heterogeneous punch T1L13 also estimates
birth rate differences between center and edge samples. To ensure our results are not
driven by an edge-associated sample (T1L13), which potentially contains multiple subclones,
we repeated the analysis of Tumor 1 without this punch. A. Marginal posterior distributions
for edge (maroon) and center (blue) birth rates estimated from the Tumor 1 WGS data
excluding T1L13 inferred for three SNV subsets. B. We estimate a 8.99x higher birth rate
on the edge compared to center (95% HPD 6.37-11.91x, summarized across the same three
independent inferences). C. Inferred MCC tumor phylogeny and reconstructed ancestral
spatial states. Posterior clade support is indicated at each node.
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Figure 2.18: Variant allele frequency (VAF) histograms reveal punches are
largely clonal. Variant allele frequencies for all non-truncal (opaque) and truncal (transpar-
ent) mutations observed in tumor punches from Tumor 1 (A) and Tumor 2 (B) reveal that
punches contain only a single high-frequency clone, with the exception of T1L13. Punches
are colored by their edge (maroon) or center (blue) status. State labels correspond to Li et
al., (2021), Table S8.
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Figure 2.19: SDevo infers boundary-driven growth in HCC tumors where a
strict clock fails and changes inferred node timings. We compared estimates of
birth rate differences between edge and center under a state-dependent birth-death model
(BDMM’) using both our novel state-linked sequence evolution model or a strict clock (state-
independent) sequence evolution model. For Tumor 1 (A), Tumor 2 (D), posteriors of edge
and center birth rate estimates for each sequence evolution model are shown in maroon and
blue, respectively. Means and 95% HPD intervals (points and bars) for the inferred birth
rate ratios between edge and center states for Tumor 1 (B) and Tumor 2 (E). Posteriors
are inferred across three independent SNV subsets. Dashed lines indicate ratio of 1. Note,
power analyses on simulated tumors (Figure 3 and 2.12) suggest that the strict clock model
should be under-powered and sensitive to sampling variation at these sample sizes (Tumor
1: n = 16, Tumor 2: n = 9). C. and F. Scatterplots show ancestral node heights inferred
under strict clock versus heights inferred by SDevo colored by most probable ancestral state.
Nodes are compared based on matching a subset of tips.
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Chapter

RECONSTRUCTING SPATIOTEMPORAL DYNAMICS OF
PRIMARY PROSTATE CANCER

3.1 Introduction

Prostate cancer (PCa) is the second leading cause of death for males in the United States and

has a high prevalence, as 1 in 9 will be diagnosed with prostate cancer in their lifetime (165).

Yet, the clinical progression of the disease is highly variable. Where many patients may

have slow-growing tumors over decades that never metastasize, others have highly aggressive

disease that is fatal within a couple years (166). There is an urgent need to understand the

underlying determinants of prostate tumor growth and clinical phenotype to determine why

some tumors progress and others do not.

Evaluating and predicting the clinical course of prostate cancer has long been complicated

by its heterogeneous nature (167–169). Like many other solid tumors, prostate cancer ex-

hibits spatial genetic diversity (170, 171, 63, 172–175), and although intra-tumor variability

is still considered to be lower as compared to inter-patient variability (176), it likely still has

important clinical consequences. At the time of diagnosis, patients frequently have multiple

foci within the same prostate with different, non-overlapping driver mutations or structural

rearrangements (177, 178, 172, 175), and subclonal variation within the same loci (170, 171).

Multi-clonality of driver mutations is associated with an increased rate of clinical progres-

sion (179) and multiple evolutionary approaches have observed that expansion of subclonal

lineages occurs prior to metastasis(7, 65). There is further evidence that this heterogeneous

primary tumor population likely undergoes further selection for cells that metastasize or

develop drug resistance. For example, Woodcock and colleagues estimated that two primary
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lineages co-existed in space and time in a single PCa tumor, but, only one of these lineages

led to a detectable metastasis (7). These observations highlight the value of elucidating

the mechanisms that give rise to ITH and determine subclonal fate. Recent successes in

incorporating evolutionary principles to delay drug resistance in prostate cancer treatment

have further emphasized the need to understand evolutionary mechanisms that underpin the

development of ITH in order to understand cancer progression (180, 181)

Despite the pervasiveness of ITH in clinical disease, mechanisms that give rise to spatial

ITH in primary prostate cancer remain largely unknown. From studies in other cancer types,

it is likely many evolutionary factors and processes could contribute to spatial ITH (discussed

in Chapter 1). To ultimately understand and predict PCa progression, cancer evolution must

be understood within the context of both genetic and spatial heterogeneity. Existing major

obstacles to understanding the interaction between these two factors include that; (1) PCa

grows unobserved for years before detection, (2) current sampling is insufficient to capture

an accurate picture of genetic population structure and, (3) studies linking genetic and RNA

expression often do not account for spatial growth dynamics. Furthermore, while many

studies have approached this question by analyzing a large number of tumors (44, 7, 88),

they summarize effects across many different environmental contexts.

In Chapters 3 and 4 we aim to characterize underlying factors contributing to spatial,

genetic, and transcriptomic heterogeneity through extensive multi-region analysis of a single

prostate tumor with detailed spatial resolution. In this chapter, we apply coalescent and

continuous trait evolution phylodynamic models to reconstruct the biogeographic history

of the tumor and demonstrate that sampled genetic structure can be explained by early

divergence and diffusion of subclonal populations across tumor space.
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3.2 Results

In order to sample intra-tumor heterogeneity, we undertook multi-region punch-biopsy sam-

pling as described in Figure 3.1A across two transverse sections of a cryo-preserved primary

prostate tumor. This tumor was chosen for morphological diversity (mixed grade) and suf-

ficient spatial distribution. For each punch, we carried out whole-exome sequencing (WES)

and RNAseq on the bulk population of tumor cells (Figure 3.5).

3.2.1 Characterization of intra-tumor spatial genetic heterogeneity

From the WES data, we characterized somatic copy number aberrations (SCNAs) and called

somatic SNVs (Figure 3.1B and C) based on the sequences of adjacent normal glands. As is

common in prostate cancer (171), we inferred extensive SCNAs. Several structural variants

identified in this tumor are known to be recurrently mutated in prostate cancer, including

deletions in 8p, 13q, 1p, 22, and 10q, and amplification of 8q (182). High-level amplification

of the 8q chromosomal arm is especially notable as it contains c-myc (8q24). We also noted

that homozygous deletions of 18q and 22q would lead to loss of tumor suppressors SMAD4

(183) and CHEK2, respectively. Other potentially affected oncogenes or tumor suppressors

include RB1 (13q heterozygous deletion) (184), DCC (18q homozygous deletion) (185). Fi-

nally, we inferred an amplification in 11q13, which also commonly occurs in cancer (186).

Notably, all detected alterations were universally present in all biopsies, indicating that they

arose early in tumor development and supporting a clonal origin of the sampled regions as

opposed to multi-focal disease (63). Taken together, our analysis of SCNAs suggests early

loss of tumor suppressors paired with the amplification of C-MYC and 11q13 due to large-

scale copy number variation are plausible drivers of disease (187). In addition, extensive

chromosomal arm aneuploidy may be clinically relevant as it is implicated in contributing

to more aggressive disease (188).

Although subclonal SCNA was not detected, SNV inference revealed that punch biop-
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sies were comprised of subclonal genetic populations as indicated by SNVs with lower allele

frequencies (Figure 3.7). In this analysis, we identified a truncal, nonsense ATM muta-

tion (S478*), which is especially notable as we also predicted a loss of heterozygosity of

part of 11q where ATM is located. We further detected truncal non-synonymous variants

in GPR158 (p.T812M), RAB12 (p.Y218C), TST (p.V271M), CD1D (p.M1I), and AHRR

(p.I134M). Other shared variants with predicted coding consequences include, PROSER3

(p.P187S), CYFIP1 (p.N829S), CDH1 (p.154fs), ATP12A (p.V479M), LEXM (p.R117W),

RNF112 (p.A218T), SRSF5 (p.R95L), UPF1 (p.A201G) and TRADD (p.D24H). Although

some of these genes have known roles in cancer (189–193), we expect that most SNVs identi-

fied are not driver mutations, but instead are used as markers of genetic lineages within the

tumor. Therefore, we can use variability in these lineages within a population to describe

intra-tumor genetic variability (Figure 3.1D).

We next aimed to describe the tumor population structure through 1) the deconvolution of

bulk populations into unique genetic subclones, and 2) mapping their spatial distribution. We

applied PyClone-VI (194) and Pairtree (195), computational tools that cluster SNVs based

on covariance within the sampled populations and infer a tumor clone tree, respectively. We

observe that most genetic subclones are present across the sampled punches but with widely

varying population frequencies (Figure 3.2A-B). By mapping estimated subclonal fractions

to each sampled punch location, we observed clustering of population genetic structure in

space (Figure 3.2C) where nearby punches generally were more likely to be close genetically

(Figure 3.2D).

3.2.2 Early genetic and spatial diversification of subclones explain population structure

We investigated the underlying dynamics that gave rise to the sampled population structure

through phylodynamic modeling. Phylodynamic models incorporate sequence mutational

processes and population growth to explain the sampled genetic structure. Here, we apply
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Figure 3.1: Spatial sampling scheme and genomic analysis of spatial heterogene-
ity. A. 2mm punch biopsies were collected from cyro-preserved transverse sections. Pink
shading indicates approximate tumor extent. Dotted lines indicate approximate cuts for cryo-
preserved blocks. Points mark locations of punch biopsies that generate a spatial map in
3D space reconstructed from H&E histology and punched blocks. B. Inferred global somatic
copy-number aberrations (SCNAs) mapped across the autosomal chromosomes. Y-axis indi-
cates the total copy number for each segment colored by inferred copy-number state (ALOH
= amplification with LOH, AMP = amplification, HAMP = high amplification, HETDEL
= heterozygous deletion, HOMDEL = homozygous deletion, NEUT = normal copy num-
ber, NLOH = normal copy number with LOH). C. High-confidence non-synonymous coding
variants across whole-exome sequenced punch biopsies. Variants are ordered by the number
of samples in which they are found and the mean variant allele frequency. D. PCA of VAFs
called in bulk WES libraries of punch biopsies.
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two separate models to reconstruct 1) genetic divergence and 2) the spatial location of

subclonal populations over time. First, to estimate the timings of subclonal diversification,

we treated each subclonal population identified in Figure 3.2 as a single “species” with

an associated psuedo-sequence created from identified SNVs (Figure 3.2A). We inferred a

maximum clade credibility (MCC) tree with an exponential coalescent model (Figure 3.4A)

and estimated that the most recent common ancestors (MRCAs) of subclones existed early in

tumor growth. We note that although this first model does not account for spatial structure,

the only subclone estimated to have diverged later in tumor evolution also has smaller spatial

distribution (yellow subclone 4, Figure 3.2C).

Adaptation of continuous trait evolution phylodynamic model to investigate spatial dynamics

Next, we aimed to elucidate spatial dynamics by directly modeling cell migration as a con-

tinuous diffusion process. Specifically, we applied a Brownian diffusion or “random walk”

model of continuous trait evolution (196), where the trait in this analysis is the XYZ coordi-

nates of each punch biopsy. Similar models have been widely applied in other fields to infer

biogeographic spread (197, 57), but have never been applied to cancer biology. These models

are classically applied when each sampled tip on a tree has a trait measurement. However,

subclones identified in this case are distributed across multiple locations and therefore a

single coordinate cannot be assigned to each subclone. In order to incorporate spatial and

genetic distribution, we create an augmented set of sampled tips, which we term “pseudo-

cells”. To create these tips, we assign 15 “cells” per punch location and distribute them to

genetic subclones based on the estimated cellular fractions (Figure 3.3). From this analysis,

we estimate both an MCC tree where the subclonal proportions and spatial distribution

have been taken into account (Figure 3.4A) and can estimate the locations of the subclonal

MRCAs in space (Figure 3.4B) and time (Figure 3.4C). From these results, we conclude

that spatial and genetic divergence co-occurred in the tumor’s clinical history, further sup-
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porting spatially structured growth. Interestingly, when spatial information is included in

the biogeographic model, the estimated timings common ancestors of subclones 2, 3, and 4

were much more similar than in the exponential coalescent model (Figure 3.2C, potentially

indicating a discordance between the rates of spatial and genetic evolution.

3.3 Discussion

Here, we demonstrate that although most identified SCNAs and somatic variants are found

across all spatially-sampled regions, indicating a common origin for all clones, we also iden-

tified further genetic ITH. With a high number of multi-region samples, we were able to

undercover spatial population structures across tumor space that we tracked through the

varying prevalence of genetic subclones. Through a novel application of biogeographic phy-

lodynamic modeling, we further show that genetic population structure can be explained by

an early temporal and spatial divergence.

The “big bang” theory of cancer growth hypothesizes that most ITH is a result of early

diversification and spatial expansion (28). Initial inspection of the genetic data and subclonal

distribution supports this model given the wide spatial distribution of subclones, yet, we also

note that phylodynamic modeling of spatial migration as continuous trait evolution points to

an ongoing, local expansion of subclones in the primary tumor. These findings are consistent

with other observations of multiple lineages existing in the same spatial location within a

primary prostate cancer (7), but we extend these insights by reconstructing the spatial

diversification that explains these observations.

We note that although we sequenced at relatively high depth and spatial resolution, addi-

tional unsampled genetic diversity could have gone undetected. We also captured heteroge-

neous genetic populations within each punch biopsy, necessitating clonal deconvolution. To

reconstruct subclonal populations, clonal deconvolution methods rely on the co-occurrence of

variants across multiple punches. By nature, they are more likely to exclude lower frequency
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Figure 3.4: Biogeographic modeling reveals early spatial divergence of genetic
subclones. A. Reconstructed MCC time tree using augmented tip samples, an exponential
coalescent population model, and a Brownian diffusion (random walk) model of continuous
trait evolution to infer past spatial locations. Ancestral subclonal identities are also recon-
structed. B. Means (points) and 95% HPD intervals (bars) for MRCA of each subclone
in XY (lower) and XZ (upper) space. C. Kernel density estimation plots representing the
posterior distribution of reconstructed ancestral locations colored by subclone at 25% and
50% of inferred clinical time (columns) for each Z-slice (rows).
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variants and have less power to call private subclones. We, therefore, cannot discount late

diversification and ongoing evolution of subclone, as we have less power to observe more

recent somatic events.

3.4 Methods

3.4.1 Patient information and specimen sampling

The patient underwent a radical prostatectomy performed via laparoscopy. The specimen

was collected by the University of Washington Genitourinary Research lab and processed for

research according to the study protocol. Briefly, the prostate was divided into 3-5mm trans-

verse sections. These sections were further divided along the anterior-posterior and left-right

axes and either frozen in OCT for research use or formalin-fixed for pathological assessment.

The research report indicates focal Gleason 3, extensive Gleason 4 (cribriform/fused glands),

and Gleason 5 patterns. Local lymph node dissemination was also noted. H&E histology

was used to identify areas of carcinoma in OCT-frozen blocks. 2mm punched biopsies were

collected from these regions (26 total punches, see Figure). Additionally, 4 punches were

taken from a block with normal, glandular morphology. An approximate tumor map was

interpreted from the prostatectomy research assessment form and H&E slides annotated by

a pathologist. The tumor diameter was approximated to be 25mm based on the span of

carcinoma in sampled frozen blocks (measured in WebDigitizer2). The tumor volume was

calculated from this radius and the observation of the tumor spanned 4 transverse 3-5 mm

sections (1̃6 mm), giving an estimated volume of 5.2 cc, on par with published volumes of

prostate tumors (198). Prostatic cancer cells were assumed to have a diameter of 30 µM

(199). From this, a spherical tumor cell volume would be 1.4E − 5mm3 and the estimated

population size is 3.7E8. Following the same logic, the volume of each 2mm punch biopsy is

expected to be approximately 12mm3, which would correspond to an estimated 900K cells.
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3.4.2 Sample processing

Tissue from each punch biopsy was disrupted, homogenized, and lysed in a bead microtube

homogenizer. Each lysate was split into two replicates per punch (Figure 3.5). DNA and

RNA were extracted from each cell lysate using the Qiagen AllPrep DNA/RNA kit. Punches

were processed in batches randomized across blocks. The tumor diameter was approximated

to be 25mm based on the span of carcinoma in sampled frozen blocks.

3.4.3 Exome sequencing

Whole-exome sequencing libraries were generated with the KAPA HyperCap Workflow V.3.0,

using the HyperPlus and KAPA HyperExome target enrichment probes from 500ng of DNA

per replicate. Nanodrop and Tapestation D5000 were used to check library concentration

and fragment size distributions pre- and post-probe capture.

3.4.4 Somatic variant calling

Joint variant calling was carried out using GATK Mutect2 (v4.1.8.1. (200)) against the

matched “normal” punches. Variants were further filtered by a minimum VAF of 0.05 in at

least two libraries and a mean depth of 10 across all libraries. Variants with an alternate

allele count of at least 5 were considered present in an individual punch. Variants were

only considered absent in samples with no variant reads and with a depth of at least 10

reads. Variants clustered with an indel variant (within 10 basepairs) were counted as a

single variant. For high-confidence variant calls, the variant must be present in at least two

libraries (either in replicates of the same punch or across different punches). To avoid missing

private variants in punches with only one replicate, exceptions were made for variants over

0.15 VAF in a single library.

We identified 345 high-confidence variants that passed quality control filters. These

included 232 SNVs and 87 indels. Bioconductor’s VariantAnnotation (201) R package was
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and RNA were extracted from each. WES and bulk RNAseq libraries were generated for
each sample.

69



used to predict coding variants and identified 30 coding, non-synonymous variants (Figure

3.1 and 3.6).

3.4.5 Inference of copy number aberrations

We used Hatchet (202) to infer CNAs jointly across all tumor punch biopsies from the WES

data. Through the Hatchet pipeline, we compared diploid and tetraploid models and selected

the optimal number of clones. The optimal solution was diploid with 2 clones (1 tumor and

1 normal), which indicates that subclonal variation was not detectable.

3.4.6 Clonal deconvolution

All SNVs (non-coding, synonymous, and synonymous) were used as inputs for clonal decon-

volution. SNV clusters were identified by PyClone-VI (194) and these clusters were input

into Pairtree (195) to infer the tumor clonal tree.

3.4.7 Phylogenetic reconstruction

BEAST2 (203) was used to infer a time under a coalescent model with exponential popu-

lation growth-based pseudo-sequences inferred per subclone. The tumor diameter was ap-

proximated to be 25mm based on the span of carcinoma in sampled frozen blocks (measured

in WebDigitizer2). The tumor spanned 4 transverse 3-5 mm sections (∼ 16 mm), giving an

estimated volume of 5.2 cc, on par with published volumes of prostate tumor (198). Pro-

static cancer cells were assumed to have a diameter of 30 µM (199). From this, a spherical

tumor volume would be 1.4E − 5mm3 and the estimated population size is 3.7E8. Gener-

ation time is estimated to be 23 days, following the logic of (204) based on experimental

and clinical evidence. For substitution rate, there is no direct experimental evidence to

inform this parameter, so instead, we extrapolate from Alves et al., who assume 4.6E-10

substitutions per site per generation in colorectal cancer. Since prostate cancer has a lower
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mutation burden than colorectal cancer (0.7 /Mb versus 3.1 / Mb (205)), we adjust this rate

to (4.6E − 10)(0.7/3.1) = 1E − 9.

3.4.8 Phylodynamic modeling of subclonal migration

A Brownian random walk model of continuous trait evolution implemented in BEAST (206)

was used to infer subclonal MRCAs’ locations. An augmented dataset of sampled tips

was inferred to represent the spatial and genetic distribution of the tumor population. We

assigned 15 pseudo-cells per punch location and distributed them to genetic subclones based

on the estimated cellular fraction within each punch. Random noise was added to each

sample because under a random walk model tips being observed at exactly the same location

in a continuous space is very unlikely.

3.4.9 Data and code availability

Code and data required to reproduce analyses are available at https://github.com/blab/

primary_prostate_spatial. All other packages used for analysis and visualization are also

open source.
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Figure 3.6: Extended analysis of WES data. A. Relative fractions of somatic SNVs
and INDELS identified in variant calling of WES. B. Distribution of WES library depths.
C. Heatmap of all somatic SNVs identified in the tumor. The color indicates VAF in the
associated punch. D. Distribution of tumor purity estimated using each WES library.
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Figure 3.7: Variant allele frequency (VAF) histograms reveal punches have high
subclonal diversity. Variant allele frequencies for all non-private (colored by punch) and
private (grey) variants.
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Chapter

LINKING TRANSCRIPTOMIC HETEROGENEITY TO THE
SPATIAL DYNAMICS OF PRIMARY PROSTATE CANCER

4.1 Introduction

Prostate cancer (PCa) is remarkable for its clinical and biological heterogeneity. PCa cells

evolve in a complex ecosystem that exhibits spatiotemporal variation (207, 208). Several

studies have noted spatial variation in key cancer-related pathways, including those influenc-

ing metabolism, inflammation, androgen receptor signaling, neuroendocrine differentiation,

and proliferation (209–211). Understanding this transcriptomic and phenotypic intra-tumor

variability has high clinical importance, as transcriptomic signatures are increasingly used

to predict disease progression (212, 213). There has been an enormous effort toward linking

cancer phenotype to driver genes or other genetic determinants in prostate cancer. Most of

these studies have included limited samples of a large number of tumors in an attempt to

find consistent effects across many patients (214). Although this effort has successfully iden-

tified recurrent driver mutations, these drivers are seldom necessary or sufficient to observe a

particular phenotype in clinical specimens, leaving a fundamental gap in understanding the

extent to which genetic alterations can predict phenotype, or, more critically, how much of

phenotypic heterogeneity can be explained by heritable genetic variation.

Here, we build on our investigation of genetic and spatial heterogeneity to understand

spatial transcriptomic heterogeneity. From the same extensively-sampled, spatially-resolved

punch biopsies described in Chapter 3, we analyzed bulk RNAseq profiles to characterize

genes and pathways with a high intra-tumor variation. We apply an unsupervised statistical

approach to identify pathways associated with underlying genetic or spatial features and
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compare the relative variance explained. We find that although spatial and genetic dynamics

are co-correlated, there is evidence of unique contributions to key cancer-related signaling

pathways from spatial and genetic factors.

4.2 Results

4.2.1 Characterizing intra-tumor transcriptomic diversity

As described in Chapter 3 (Figure 3.5), we performed RNAseq on 26 punch biopsies from a

single, mixed grade, primary tumor and on 3 punches from a pathologically normal prostate

gland in the same punch. First, from comparing the expression profiles of the tumor versus

the normal punches, we found that typical prostate cancer-related genes were differentially

expressed (Figure 4.9B). For example, we found that tumor cells up-regulated XAGE1A,

XAGE1B, CRISP3, and RELN, and down-regulated WIF1, all common patterns in prostate

cancer (215–220).

We visualized global transcriptional heterogeneity in PCA space and observed that while

normal punches were tightly clustered, there was extensive intra-tumor variability, with vari-

ation between punches being on a similar scale to that between normal and tumor populations

(Figure 4.9). For each punch biopsy, we have mapped the spatial location and genetic sub-

clonal populations (Figures 3.1 and 3.2) and next aimed to understand and link the observed

intra-tumor transcriptomic diversity.

To begin to elucidate the relationship between ITH in genetic populations and RNA

expression, we explored how the genetic composition of each population, described by the

relative frequencies of genetic subclones described in Chapter 3 (Figure 3.2), was related

to global transcriptional profiles. We plotted subclonal composition per punch in RNAseq

PCA space (Figure 4.1A). We observed punch biopsies appear to be clustered based on the

dominant genetic subclone. However, genetically similar populations are only slightly more

likely to have similar transcriptional profiles (Figure 4.1B) as measured by pairwise Euclidean
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Figure 4.1: Characterization of transcriptomic heterogeneity. A. Intra-tumor tran-
scriptomic heterogeneity in PCA space. Only tumor punches show with pie charts show-
ing genetic clonal compositions. B. Pairwise Euclidean distance in genetic versus RNAseq
datasets.

distance.

4.2.2 Uncovering transcriptomic pathways with genetic or spatial contributions

Next, we were interested in identifying which genes and pathways were differentially ex-

pressed in tumor space. To do so, we needed to find a way to represent spatial structure

and drew from methods in ecology (221). Specifically, when thinking about variation over

space, detecting variation along XYZ coordinates directly would only capture genes that

were linearly associated along these axes, for example, if a gene was only expressed in the

right but not the left side of the tumor. However, the potential spatial patterns are likely

much more complex. Instead, we created Moran’s Eigenvectors Maps (MEMs) as spatial

features (222, 223). These convert spatial coordinates into orthogonal vectors calculated to

maximize autocorrelation as measured by Moran’s I (Figure 4.2).

We then used these MEMs as features in differential expression analysis and found spa-

tial patterning of cancer-related genes (Figure 4.3). For example, among genes differential
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Figure 4.2: Moran’s Eigenvectors Maps (MEM) as spatial predictors. MEMs were
generated using a spatial weight matrix that represented the XYZ coordinates of the punch
biopsies. Weights of each punch biopsy location in each MEM (headers), where point size
corresponds to the absolute magnitude and black and white fill correspond to positive and
negative values, respectively. XY space is shown in A and YZ space is shown in B.
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expressed along the first four MEMs were several transcription factors involved in cancer

progression, including FOSB, EGR1, and EGR3 (224–227).

Interestingly, neuroendocrine-related genes were also found in this set (CHGA and

CHGB). Markers of neuronal-differentiation prostate cancer can be associated with neu-

roendocrine carcinoma, a more aggressive subtype of prostate cancer that is correlated with

therapy resistance (228). Prostate tumors can often be subtyped by global gene expres-

sion related to androgen receptor (AR) signaling or NE differentiation, but instances of

intra-tumor heterogeneity have been observed (229). We highlight that while there is homo-

geneous expression along the AR-signaling axis (Figure 4.4A, there is substantial variability

in neuroendocrine-related genes (Figure 4.4B). We also observed intra-tumor variability in

genes associated with cell-cycle proliferation (230).

Observed transcriptional intra-tumor heterogeneity is likely a combination of population

composition and environmental and cell-intrinsic factors. To probe these interactions, we

applied Canonical Correlation Analysis (CCA) to uncover underlying correlated intra-tumor

genetic, spatial, and transcriptomic variation (Figure 4.5). CCA has been applied in multi-

omics studies as an unsupervised approach to describe correlated features across datasets

(231–233). Here, we hypothesize that co-linear sets of genetic variants (i.e. subclonal popu-

lations) may explain the expression of subsets of genes within the same pathway. We expect

that most individual SNVs correlated with RNA expression are not causal, instead, they are

markers for the genetic population that is tied to this expression change.

To first identify RNA expression pathways associated with genetic variation, we applied

CCA to the genetic dataset which includes VAFs of somatic SNVs for each punch, and to

the RNAseq count matrix. We analyzed the first three canonical pairs and visualized how

genetic and transcriptomic features were weighted in these latent variable spaces. We applied

GSEA to the canonical coefficients RNAseq genes ranked by their associated coefficients using

MSigDB hallmark gene sets (234) to find candidate pathways with evidence of unique genetic
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Figure 4.3: Cancer-related genes are differentially expressed across tumor space.
we performed differential expression analysis using the spatial predictors identified in Figure
4.2. Differentially expressed genes for the first 4 MEMs (A) are represented as corresponding
volcano plots (B).
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Figure 4.4: Intra-punch variability in neuroendocrine, but not AR signaling.
Hierarchically clustered heatmaps of genes associated with A. Androgen Receptor (AR)
signaling, B. neuroendocrine (NE) signaling, and C. cell-cyle progression (CCP). Columns
are annotated with the cell-cycle progression score normalized by housekeeping genes (230).
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Figure 4.5: Unsupervised identification of correlated genetic, spatial, and tran-
scriptomic features. Canonical Correlation Analysis (CCA) reduces large dimensional
datasets (in this case genetic variant allele frequencies, spatial predictors (MEMs), and the
normalized RNA counts matrix) into latent variable pairs that maximize their correlation.
This is accomplished through linear combinations of each feature, which are given by a set of
coefficients for each dataset. We input the ranked order of the RNAseq coefficients into Gene
Set Enrichment Analysis (GSEA) to find candidate hallmark pathways that are correlated
with genetic features.
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Figure 4.6: Unsupervised identification of correlated genetic and transcriptomic
features. A-C. Coefficients associated with each genetic variant colored by subclonal assign-
ment from Figure 3.2 for the first three latent variables. D-F. Volcano plots of enrichment
of signature pathways based on the RNAseq coefficients for each corresponding LV

contribution (Figure 4.6). We observed that genes hallmark pathways “E2F targets” and

“G2M checkpoint” were enriched along the same dimension that genetic variants assigned

to the late-diverged orange subclone (subclone 1) were weighted highly (Figure 4.6A and

D). On the other extreme of this dimension, genes in the immune-related pathways, such as

“allograph rejection” and “interferon gamma response” along with variants associated with

subclone (subclone 2) were weighted heavily.

We repeated the CCA analysis for spatial features, in which the spatial features were

XYZ coordinates reduced to Moran’s Eigenvector Maps (MEMs) (Figure 4.2). By using

these spatial predictors as inputs to CCA, we generated candidate pathways linked to un-

derlying spatial structure (Figure 4.7). We observed high overlap between candidate hallmark
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Figure 4.7: Identification of correlated spatial and transcriptomic features. Spa-
tial predictors were Moran’s Eigenvector Maps generated by maximizing autocorrelation from
a spatial weight matrix describing relative punch locations (Figure 4.2). A-C. Coefficients of
each spatial feature for the first three latent variable pairs. Insets show top-weighted MEMs.
D-E. Candidate pathways with spatial correlation were found by applying GSEA based on
the RNAseq coefficients found by CCA (as in Figure 4.6). Volcano plots show enrichment of
MSigDB hallmark pathways in the first three canonical pairs.

pathways linked to genetic and spatial structure, as we would expect given that these features

are correlated themselves (Figure 3.2D).

4.2.3 Comparing spatial and genetic contribution to variation in hallmark signaling pathway

expression

Due to the extensive overlap of spatial and genetic structure, we aimed to determine which

pathways had evidence of unique genetic or spatial contribution to their observed intra-tumor

heterogeneity. We anticipate that if the variation of a pathway is explained by cell-intrinsic
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factors (i.e. genetic or epigenetic), then pathway expression should have a high correlation

with genetic features and minimal variance that is uniquely explained by spatial features.

Alternatively, we expect that if a trait had a substantial environmental contribution, it

should be correlated with spatial features independent of genetic background. We test these

expectations through Variation Partitioning, a statistical method commonly used in ecology

to investigate contributions of environment or genetic features to spatial variability (235, 236)

(Figure 4.8A).

We rank candidate pathways by total genetic contribution (unique genetic and combined,

Figure 4.8B) to highlight pathways that are more likely to be determined by cell-intrinsic

mechanisms. We find mTOR signaling, Myc targets (V1), and androgen response as the

top three pathways in these rankings. We also ranked candidate pathways by unique spatial

contribution (Figure 4.8C) to highlight pathways that are more likely to be independent of

genetic population background. We find TNFα signaling via NFKB, E2F targets, and UV

response (up) as the top three pathways according to this logic. We note that many hallmark

pathways that have statistically significant evidence of a unique genetic component still have

unique spatial contributions, for example, “mitotic spindle”, “oxidative phosphorylation”,

and “epithelial mesenchymal transition”. Although

4.3 Discussion

We conceptualize ITH of RNA expression as a sum of cell-intrinsic and cell-extrinsic factors.

Although global RNAseq heterogeneity was only weakly correlated with genetic background,

we apply an unsupervised, statistical approach to uncover correlated genetic, spatial, and

transcriptomic features. We further investigated hallmark RNA expression pathways to rank

genetic and spatial contributions to biologically-relevant heterogeneity. We find evidence that

cell-intrinsic (genetic) features explain a unique component of the variability in the expres-

sion of genes related to cell division, metabolism, inflammation, and hormonal signaling. We
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Figure 4.8: Comparison of genetic and spatial contribution through variance
partitioning. A. Variance partitioning was used to identify unique and shared variation
explained by genetic and spatial predictors for all candidate pathways identified from CCA
(Figures 4.6 and 4.7). For this analysis components derived from PCA on VAFs were used
for genetic predictors and MEMs selected to explain the maximum variance for each pathway
were input as spatial predictors. B. Variance partitioning results for all candidate pathways
(a subset of MSigDB hallmark gene sets) ranked by total (unique + combined) variance ex-
plained by genetic features. asterisks mark significance for unique genetic variance explained.
C. Variance partitioning results for all candidate pathways ranked by unique variance ex-
plained by spatial predictors.
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further link the higher expression of cell cycle-related genes this to more recently diverged

genetic clones, connecting genetic and RNA expression ITH to the reconstructed spatiotem-

poral tumor dynamics and providing further evidence for ongoing subclonal evolution.

Although we found evidence of genetic contributions to several hallmark pathways, most

pathways had unique variances explained by both spatial and genetic features. It is not

unexpected that cancer-related signaling and expression profiles could vary based on cell-

extrinsic and cell-intrinsic factors. For example, cancer cells often alter their metabolism by

switching from oxidative phosphorylation to glycolysis (237). These are both pathways where

the unique genetic contribution was statistically significant and this fits with past evidence

that these traits are associated with driver mutations (238). At the same time, cells will also

switch to glycolysis in hypoxic conditions. In these examples, we were able to detect these

separate components. However, in cases where spatial and genetic features are extensively

correlated, their individual effects cannot be estimated. In some ways, we encounter many of

the same complexities as in an observational ecological study for which variance partitioning

was originally designed (235, 236). Relying on statistical tools developed to address these

challenges, we were able to disentangle the effects of spatial and genetic features, however,

there are likely masked co-correlated effects that could not be detected. Tumor purity (Figure

3.6D) is another potential confounding factor, however, we attempt to correct for these effects

by incorporating tumor purity as a batch effect.

We further note that we are limited to understanding the genetic, spatial, and tran-

scriptomic interactions in a single patient. We do not comment on specific genetic features

or drivers, but instead, focus on the overall heritability of these traits. Alternatively, we

highlight that extensive multi-region sampling of a single tumor is uniquely useful in inves-

tigating the differential genetic and spatial contributions to transcriptomic variability that

likely would have been harder to determine while accounting for inter-patient heterogeneity.

Further investigation could expand on this study design for more tumors to better test the
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generalizability of the dynamics observed here.

4.4 Methods

4.4.1 Bulk RNA sequencing

RNAseq libraries were generated using the Illumina TruSeq Stranded mRNA kit from 1ug

RNA per replicate, where replicates are independent RNAseq library preparations from RNA

isolated from the same punch biopsy (Figure 3.5). Technical replicates were generally well

correlated (Figure 4.9E). Tapestation was used to calculate RINe scores for each RNA sample.

4.4.2 RNAseq analysis

The R package DESeq2 (239) was used to normalize count matrices and for downstream

differential expression (DE) analysis. Tumor purity as esitmated with TITAN was included

in the design as potential confounding variable. For all analyses, both replicates of C1 4

were excluded due to low cellularity.

4.4.3 Statistical analysis of spatial, genetic, and transcriptomic ITH

For the genetic dataset, VAFs were normalized by tumor purity. Canonical correlation

analysis was implemented using the R package PMA (240). We analyzed the first three

canonical pairs for each genetic and spatial analysis. We used the R package fgsea (241) to

run a gene set enrichment analysis (GSEA) on the RNAseq genes weighted by coefficients in

each canonical vector for hallmark gene sets. Significantly enriched pathways in either the

genetic or spatial CCAs were defined as candidate pathways to which we applied Variance

Partitioning (235). We performed the Variance Partitioning using the vegan R package.

We selected the first 18 principle components that explained 95% of the genetic variance as

genetic features to avoid problems co-linearity. For each pathway, we also selected MEMs

(242) as spatial predictors based on maximizing the adjusted R-squared. Prior to analysis,
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we used the R package limma (243) to remove variation explained by tumor purity. We

applied the Benjamini-Hochberg procedure (FDR < 0.05) to correct for multiple hypothesis

testing.

4.4.4 Data and code availability

Code and data required to reproduce analyses are available at https://github.com/blab/

primary_prostate_spatial, and all other R packages used are open source.
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Figure 4.9: RNAseq library quality and consistency. A. Histogram of total gene
counts for each bulk RNAseq library (most punches had two replicates). B. Volcano plot
of differential expression analysis of tumor compared to pathologically normal punches. C.
PCA plot of global RNAseq variability including separation between normal (green) and
tumor (orange) punches, with replicates plotted. D. PCA of only tumor punches representing
intra-tumor variability, showing low variability of technical replicates as compared to between
punch biopsies (indicated by opacity). E. Scatter plot showing the correlation between the
RNAseq technical replicates along the first principal component.
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Chapter

CONCLUSION

In previous chapters, I have demonstrated a diverse set of phylodynamic and statistical

approaches to elucidate evolutionary dynamics underlying the development of intra-tumor

heterogeneity. It is clear from these results that both spatial and genetic features play im-

portant roles. In Chapter 2, we detected signals of boundary-driven modes of growth in

two hepatocellular carcinomas. At the same time, the original study (34) found that ob-

served spatial distribution was also likely influenced by selection of a center subclone. The

same interplay between spatial and genetic features was seen in our case study of prostate

cancer. In Chapter 3, we found that the distribution of subclones could be explained by

diffusion and local expansion of tumor cells. Although these findings could be attributed

completely by neutral, spatially-constrained growth, we then found evidence of genetically-

linked proliferation-related signaling in Chapter 4. Here, the interaction of spatial and genetic

features in spatiotemporal dynamics were further highlighted when almost all hallmark path-

ways investigated in Chapter 4 with a significant genetic partition also had some amount of

variance uniquely explained by spatial factors. Taken together, these results confirm that

the factors that determine clonal success and intra-tumor heterogeneity are multi-faceted

and complex.

5.1 Understanding spatial evolutionary dynamics with the goal of improving
therapy

From an evolutionary perspective, if drug resistance exists in the tumor population, treat-

ment provides a large fitness advantage to the resistant cells and will lead to outgrowth of the
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resistant population (244). Multi-drug therapy, also commonly used in antibiotic strategies

(245), statistically decreases the chance that a single cell will resistance to all drugs used

(246). However, once a cell has acquired resistance, selection for this clone is likely just as

strong, and unfortunately, acquisition of resistance in cancer is quite common. Unlike in bac-

teria, which are evolutionary distant from their hosts and can be targeted more specifically,

cancer cells are only slightly genetically and phenotypically different from their host cells.

Therefore, therapeutic dose is often limited by off-target effects and toxicity, so phenotypic

variability is often enough to allowed continued viability (247).

Evolutionary-informed therapy tries to take these selective dynamics into account (248).

For example, clinical trials in prostate cancer have demonstrated that resistance can be

delayed by periodically pausing treatment and allowing sensitive cells to compete with resis-

tant cells (249, 250). However, these approaches require understanding the complexities of

cell-to-cell competition and selection in cancer, as this will determine where cells fall on the

tumor fitness landscape. In this respect, understanding and incorporating spatial dynamics

into predictive cancer evolution models is critical. Consider the two extremes of spatial dy-

namics that could exist. In a tumors driven by selection and with high turnover, new driver

mutations will rapidly sweep the population. In this case, changing forces of selection (i.e.

drug treatment) will have a predictable and strong impact. On the other hand, if growth is

extremely spatially constrained, for example, in the center of a tumor with limited turnover,

cells would primarily compete locally, and relative fitness advantage will be more important

than the global fitness landscape (251). The hepatocellular and prostate tumors investigated

in Chapters 2 and 3, respectively, both appeared to be closer to the latter extreme. There-

fore, if patients with similar tumors were to be treated with evolutionary-informed therapy,

spatial constraints should certainly be taken into account.
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5.2 How predictable is cancer evolution?

Although the complexity of cancer evolution is one major roadblock to controlling disease,

there is another, more fundamental challenge. Evolutionary-informed therapy (252, 253, 250)

relies on the ideology that if we knew enough about the underlying evolutionary processes,

we could trap the cancer cells into a desired trajectory. However, even if we knew every

possible characteristic about a tumor population, we still may reach a limit of predictability

due to stochastic forces or the sheer number of interacting forces. This is reminiscent of

evolutionary biologist Stephen Jay Gould’s famously posed question: if we rewound the

“tape of life” would we still be in the same world (254)? However, unlike Earth as a whole,

in which we can only observe one outcome, we can watch the “tape” of cancer evolution

replay many times over many different, slightly varying, contexts.

The results presented in this dissertation largely fall within the more optimistic perspec-

tive of this debate. The study design in Chapters 3 and 4 is unique in that is extensively

sampled variation within a single environment instead of finding common effects across many

tumors (41, 88). Therefore, while this design was not set up to find specific features, such

as driver mutations, that predicted transcriptomic variability, it was more powered to detect

if heterogeneity was predictable. That we were able to explain variance in several signaling

pathways through genetic and spatial features is encouraging. For while the specific effect

of a mutation may be harder to predict given that every context is slightly different, cancer

phenotypes (25) or fitness (255) could be quantified and used to manipulate the evolutionary

outcome (253).

5.3 The potential of phylodynamics in studying cancer evolution

The efforts presented in this dissertation are among the first to adapt phylodynamic models

to cancer evolution (147) and highlight the potential insights to be gained by more broadly

applying phylodynamic approaches. I focused on modeling spatial traits (i.e. edge and
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center, and XYZ coordinates) in prostate and liver cancer, but both discrete and continuous

trait evolution models could be applied much more broadly. Morphology or grade, metastatic

potential, transcriptomic profiles, or mutational signatures are just a few examples of traits

that could be modeled. In addition, a wide variety of population models have applied to

study pathogen evolution that would also be useful in cancer, including estimating change in

effective population size over time or enforcing population structure (perhaps as in stem-cell

models of cancer evolution) (256).

A major challenge to enabling wide-spread use of phylodynamics is developing cancer-

specific models or adaptations to allow application of cancer data. For example, in Chapter

2 we developed a novel state-dependent sequence evolution model that effectively linked

increased birth with mutation, and this is essential for detecting boundary-driven growth in

tumors. In Chapter 3, a continuous trait evolution model could not be immediately applied

to clone trees, so augmented the sampled data into a set of representative tips that could

be input into this model appropriately. These problems could be alleviated as single-cell

data becomes more available and gains genetic resolution, but also overcome by specifically

incorporating cancer-specific processes in in phylodynamic models. With the wide-spread

adoption of genomic sequencing of viral outbreaks, phylodynamics has become a central tool

in pathogen surveillance (118). Once these models have been adapted to cancer and the data

becomes available, it could be similarly applied to track cancer evolution in clinical tumors.

Therefore, future work could both apply methods adapted in this study to more tumors and

cancer types, but it should also continue to push forward and expand phylodynamic methods

in cancer.
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Vázquez-Garćıa, Kerstin Haase, Lara Jerman, Subhajit Sengupta, Geoff Macintyre,

Salem Malikic, Nilgun Donmez, Dimitri G. Livitz, Marek Cmero, Jonas Demeule-

meester, Steven Schumacher, Yu Fan, Xiaotong Yao, Juhee Lee, Matthias Schlesner,

Paul C. Boutros, David D. Bowtell, Hongtu Zhu, Gad Getz, Marcin Imielinski, Rameen

Beroukhim, S. Cenk Sahinalp, Yuan Ji, Martin Peifer, Florian Markowetz, Ville Mus-

tonen, Ke Yuan, Wenyi Wang, Quaid D. Morris, Stefan C. Dentro, Amit G. Deshwar,

David J. Adams, Paul C. Boutros, David D. Bowtell, Peter J. Campbell, Shaolong Cao,

Elizabeth L. Christie, Yupeng Cun, Kevin J. Dawson, Ruben M. Drews, Roland Eils,

Matthew Fittall, Dale W. Garsed, Gavin Ha, Henry Lee-Six, Dimitri G. Livitz, Inigo

Martincorena, Thomas J. Mitchell, Layla Oesper, Myron Peto, Benjamin J. Raphael,

S. Cenk Sahinalp, Adriana Salcedo, Ruian Shi, Seung Jun Shin, Oliver Spiro, Lin-

coln D. Stein, Shankar Vembu, David A. Wheeler, Tsun-Po Yang, Quaid D. Morris,

Paul T. Spellman, David C. Wedge, Peter Van Loo, Paul T. Spellman, David C.

Wedge, PCAWG Evolution & Heterogeneity Working Group, and PCAWG Consor-

tium. The evolutionary history of 2,658 cancers. Nature, 578(7793):122–128, 2020. doi:

10.1038/s41586-019-1907-7. URL https://doi.org/10.1038/s41586-019-1907-7.

[90] Shinichi Yachida, Siân Jones, Ivana Bozic, Tibor Antal, Rebecca Leary, Baojin Fu, Mi-

hoko Kamiyama, Ralph H. Hruban, James R. Eshleman, Martin A. Nowak, Victor E.

Velculescu, Kenneth W. Kinzler, Bert Vogelstein, and Christine A. Iacobuzio-Donahue.

Distant metastasis occurs late during the genetic evolution of pancreatic cancer. Na-

ture, 467(7319):1114–1117, 2010.

[91] Raymond H Thomlinson and Louis H Gray. The histological structure of some human

lung cancers and the possible implications for radiotherapy. British journal of cancer,

9(4):539, 1955.

110

https://doi.org/10.1038/s41586-019-1907-7


[92] Charles S. Parkins, John L. Darling, Steven S. Gill, Thomas Revesz, and David G.

Thomas. Cell proliferation in serial biopsies through human malignant brain tumours:

Measurement using ki67 antibody labelling. British Journal of Neurosurgery, 5(3):

289–298, 01 1991. doi: 10.3109/02688699109005189. URL https://doi.org/10.

3109/02688699109005189.

[93] A.J.M. Connor, S.E. Pinder, C.W. Elston, J.A. Bell, P. Wencyk, J.F.R. Robertson,

R.W. Blarney, R.I. Nicholson, and I.O. Ellis. Intratumoural heterogeneity of prolifera-

tion in invasive breast carcinoma evaluated with mibi antibody. The Breast, 6(4):171–

176, 1997. ISSN 0960-9776. doi: https://doi.org/10.1016/S0960-9776(97)90568-3. URL

https://www.sciencedirect.com/science/article/pii/S0960977697905683.

[94] Wolfgang Mueller-Klieser. Multicellular spheroids. Journal of Cancer Research and

Clinical Oncology, 113(2):101–122, 1987.

[95] Stefan Florian, Yoshiko Iwamoto, Margaret Coughlin, Ralph Weissleder, and Timo-

thy J Mitchison. A human organoid system that self-organizes to recapitulate growth

and differentiation of a benign mammary tumor. Proceedings of the National Academy

of Sciences, 116(23):11444–11453, 2019.
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[192] Juan M. Jiménez-Vacas, Vicente Herrero-Aguayo, Antonio J. Montero-Hidalgo, En-
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