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Applied Mathematics

Cancer can result from a series of driver mutations, alterations in the genome sequence

that confer a fitness advantage to cells containing them, resulting in their net proliferation.

Mutations that have a neutral fitness effect (“passenger mutations”) also accumulate in

cancer cells, contributing to the significant heterogeneity observed in tumors. The genetically

distinct subpopulations of cancer cells—or subclones—can have different levels of fitness

and treatment sensitivity. Study of the individual subclones facilitates understanding the

whole tumor’s dynamics, treatment resistance, and potential for relapse. In this thesis I

discuss several projects that employ mathematical and computational models to investigate

subclonal evolution in longitudinal studies of leukemia. First, I discuss work that employs

branching processes to reconstruct the evolutionary history of cancers, including when cancer

was initiated and when subsequent driver mutations occurred. Next, I present a pipeline

I developed in collaboration with a team of physician-scientists and clinical researchers to

enable monitoring and interactive visualization of clonal evolution and cancer relapse in the

clinic, by clustering mutations and inferring the inter-clonal architecture and relationships. I

show several examples of this pipeline applied to data from a clinical trial of hematopoietic

cell transplantation to treat acute myeloid leukemia patients. Last, I analyze the evolution of

resistance in response to a new targeted therapy for chronic lymphocytic leukemia. Using the



high resolution afforded by ultra-deep sequencing data, we show that resistance mutations

are present at very low frequencies pre-treatment and expand upon initiation of treatment,

with key implications for cancer monitoring and resistance.
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Chapter 1

INTRODUCTION

Cancer is the end result of a complex multi-stage process driven by a sequence of genetic

alterrations [4, 5], as well as a variety of microenvironmental, epigenetic, and transcriptional

factors [6]. The rise of genome sequencing technologies in the past several decades has revealed

the complex genomic landscape shaped by carcinogenesis [7–9]. In particular, it has identified

key genetic events occurring over the course of the cancer’s lifetime, from a normal tissue to

a premalignant state to a malignant tumor [10–12]. In this work we focus on modeling the

different genetically distinct cancer cell subpopulations—or subclones—which are determined

by the set of mutations—or alterations in the genome sequence—they possess.

Of the mutations detected in a given cancer, some will have a causative role in carcino-

genesis, while others will have a neutral effect on fitness or cancer progression [13]. “Driver”

mutations confer a fitness advantage relative to neighboring cells, which can result in the

increased proliferation of cells containing the driver. Most tumors contain multiple driver mu-

tations, ranging from a few to dozens, depending on the cancer type [11]. Neutral mutations,

which don’t have an effect on fitness, are often referred to as “passenger” mutations, due to

their ability to reach a large enough frequency to be detected by sequencing in a tumor by

“hitchhiking” along with a driver mutation in an expanding subclone [14,15]. Alternatively,

neutral mutations can also reach observable frequency due to random chance [16–18]. When

individual cancers are sequenced, it reveals the presence of many passenger mutations, with

anywhere from tens to thousands of passengers per tumor [9, 19].

The specific structure of the different populations, or clones, comprising a cancer has

an effect on the individual clones, as well as the overall properties of the tumor [16]. The
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specific genotype (the genetic composition) of a clone influences its phenotypic properties (the

higher level observable features), such as an increased growth capacity, metastatic potential,

or drug resistance [16]. In this thesis, I discuss several projects that use mathematical and

computational models of clonal evolution to investigate different cancer behaviors. The work

presented here makes use of longitudinal cancer studies of liquid cancers, where multiple

samples are collected from the same patient over time. Longitudinal studies allow examination

of the temporal dynamics of cancer, and how they change in response to anti-cancer therapies.

Additionally, a necessary first step of any quantitative analysis of clonal evolution is inferring

the clonal structure, often by clustering of mutations into clones and identifying the ancestral

relationships between them [20–23]. These relationships are often visualized as a phylogenetic

tree, where each clone is represented by a node, and edges connect each clone to its parental

clone. The existing clustering and tree inference methods for cancer sequencing data struggle

to build a consensus tree for a single time point, but can take advantage of serial samples to

better determine the structure [23]. Studies of liquid cancers like leukemias often provide

longitudinal samples, due to the relative ease of collecting peripheral blood samples, compared

to more invasive biopsies of solid cancers.

In Chapter 2 I discuss work with Ivana Bozic from our published paper “Inferring

parameters of cancer evolution in chronic lymphocytic leukemia” [1], where we use stochastic

process models of carcinogenesis to reconstruct the evolutionary history of individual liquid

cancers. Next, in Chapter 3 I discuss soon-to-be-submitted work from a collaboration with

Ivana Bozic, the Risques Lab at UW Medicine, and several groups at Fred Hutchinson Cancer

Center, where we use ultra-deep sequencing data to investigate the evolution of resistance

in response to targeted leukemia therapies. Chapter 4 includes work from a collaboration

with Ivana Bozic and physician-scientists and clinical researchers at Fred Hutchinson Cancer

Center, where we develop a pipeline to build an interactive data visualization platform for

the oncologists to use to explore impact that different treatments have on a cancer’s clonal

evolution. We apply this pipeline to study data from a clinical trial of stem cell transplantation

to treat an aggressive form of leukemia. Lastly, I present work with Sasha Aravkin and Ivana
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Bozic on making use of population-level information to predict cancer progression.

All these projects share the theme of using mathematical, statistical, and computational

models to quantify the evolutionary and temporal dynamics of tumors. We make use of

simulations of cancer growth and sequencing data to better understand the complexities

of carcinogenesis. However, simulations are ultimately idealizations of this messy process.

Each chapter focuses on applying our methods to clinical data and addressing challenges

encountered when using this often noisy data.

Additionally, each of these projects allows one to examine the characteristics and driving

forces behind an individual patient’s cancer evolution. For example, in Chapter 2 we infer

the age when a patient’s cancer was initiated, in Chapter 3 we study the genetic mechanisms

of resistance to chemotherapy, in Chapter 4 we investigate the evolutionary patterns of

cancer recurrence, and in Chapter 5 we model the growth dynamics of cancer progression

pre-treatment. Such insights are key for developing treatment personalized to the unique

features of each patient’s cancer.
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Chapter 2

INFERRING PARAMETERS OF CANCER EVOLUTION IN
CHRONIC LYMPHOCYTIC LEUKEMIA

2.1 Abstract

As a cancer develops, its cells accrue new mutations, resulting in a heterogeneous, complex

genomic profile. We make use of this heterogeneity to derive simple, analytic estimates of

parameters driving carcinogenesis and reconstruct the timeline of selective events following

initiation of an individual cancer, where two longitudinal samples are available for sequencing.

Using stochastic computer simulations of cancer growth, we show that we can accurately

estimate mutation rate, time before and after a driver event occurred, and growth rates of

both initiated cancer cells and subsequently appearing subclones. We demonstrate that in

order to obtain accurate estimates of mutation rate and timing of events, observed mutation

counts should be corrected to account for clonal mutations that occurred after the founding of

the tumor, as well as sequencing coverage. Chronic lymphocytic leukemia (CLL), which often

does not require treatment for years after diagnosis, presents an optimal system to study the

untreated, natural evolution of cancer cell populations. When we apply our methodology to

reconstruct the individual evolutionary histories of CLL patients, we find that the parental

leukemic clone typically appears within the first fifteen years of life.

2.2 Introduction

When a cell accrues a sequence of driver mutations—genetic alterations that provide a

proliferative advantage relative to surrounding cells—it can begin to divide uncontrollably

and eventually develop the complex features of a cancer [5,6,24]. Thousands of specific driver

mutations have been implicated in carcinogenesis, with individual tumors harboring from
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few to dozens of drivers, depending on the cancer type [11]. Mutations that don’t have a

significant effect on cellular fitness also arise, both before and after tumor initiation [13].

These neutral mutations, or “passengers”, can reach detectable frequencies by random genetic

drift or the positive selection of a driver mutation in the same cell [14, 15, 17, 18]. Mutational

burden detectable by bulk sequencing reveals tens to thousands of passengers per tumor [9,19].

Genome sequencing technologies have revealed the heterogeneous, informative genetic

profiles produced by the evolutionary process driving carcinogenesis [25,26]. These genetic

profiles have been used to obtain insight into specific features of the carcinogenic process

operating in individual patients. For example, the molecular clock feature of passenger

mutations has been employed to measure timing of early events in tumor formation, as well

as identify stages of tumorigenesis and metastasis [27–35]. Other studies have estimated

mutation rates [13, 36, 37], selective growth advantages of cancer subclones [2, 38–40], and

the effect of spatial structure on cancer evolution [41–43]. We note that previous approaches

typically only estimate one or a few parameters of cancer evolution. In addition, many

state-of-the-art methods make use of computationally expensive approaches [37, 42, 44] or

simplifying assumptions, such as approximating tumor expansion as deterministic or ignoring

cell death [2, 44]. Our approach relies on analytic formulas and sampling, which for realistic

numbers of subclones and time points is efficient, and does not require simulation of tumor

growth or computationally expensive model fitting.

Mathematical models of cancer progression, especially when used in conjunction with

experimental and clinical data, can provide important insights into the evolutionary history

of cancer [15,32,45–49]. Branching processes—a type of a stochastic process—can be used to

model how different populations of dividing, dying, and mutating cells in a tumor evolve over

time [50]. Their theory and applications have been well developed to model the multistage

nature of cancer development [38,41,47,50–52]. Here we use a branching process model of

carcinogenesis to derive a comprehensive reconstruction of an individual tumor’s evolution.

Tumors can grow for many years, even decades, before they reach detectable size [29].

Typically, tumor samples used for sequencing would be obtained at the end of the tumor’s
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natural, untreated progression. More recently, longitudinal sequencing, where a tumor is

sequenced at multiple times during its development, has provided better resolution of tumor

growth dynamics and evolution in various cancer types [2, 3, 53–55]. Chronic lymphocytic

leukemia (CLL) is an ideal system for studying cancer evolution because it can be monitored,

via peripheral blood samples, without treatment until disease progression [56].

We establish that two longitudinal bulk sequencing and tumor size measurements are

sufficient to reconstruct virtually all parameters (mutation rate, growth rates, times of

appearance of driver mutations, and time since the driver mutation) of cancer evolution

in individual patients. Our analytic approach yields simple formulas for the parameters;

thus, estimation of the parameters governing cancer growth is not computationally intensive,

regardless of tumor size. Our framework makes possible a personalized, high-resolution

reconstruction of a cancer’s timeline of selective events and quantitative characterization of

the evolutionary dynamics of the subclones making up the cancer cell population.

2.3 Results

Model

We consider a multi-type branching process of tumor expansion (Fig 2.1A). Tumor growth is

started with a single initiated cell at time 0. Initiated tumor cells divide with rate b and die

with rate d. These cells already have the driver mutations necessary for expansion, so we

assume b > d. The population of initiated cells can go extinct due to stochastic fluctuations,

or survive stochastic drift and start growing (on average) exponentially with net growth rate

r = b− d. We will focus only on those populations that survived stochastic drift.

At some time t1 > 0 a new driver mutation occurs in a single initiated tumor cell, starting

a new independent birth-death process, with birth rate b1 and death rate d1 (Fig 2.1B). Net

growth rate of cells with the new driver is r1 = b1 − d1. The new driver increases the rate of

growth, i.e., r1 > r. We define the driver’s selective growth advantage by g = (r1/r − 1). In

addition, both populations of cells (with and without the driver) accrue passenger mutations
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with rate u (Fig 2.1C).

After the driver mutation occurs, an additional time t passes before the tumor is observed.

Type-0 cells are original initiated tumor and type-1 cells contain the driver mutation. In

Materials and Methods we also analyze the more general case of two nested or sibling driver

mutations, as well as the fully generalized case of any clonal structure that might arise during

tumor expansion.

Parameter estimates from two longitudinal measurements

We demonstrate that with two longitudinal bulk sequencing measurements, it is possible to

accurately estimate net growth rates, time of appearance of a driver mutation, time between

a driver mutation and observation, and mutation rate in the tumor. The tumor is first

sequenced at time of observation, t1 + t, where both time of driver mutation, t1, and time

from driver mutation to observation, t, are yet unknown (Fig 2.1B). A second bulk sequencing

is performed at t1 + t+ ∆, a known ∆ time units after the tumor is first observed (Fig 2.1B).

Later, we apply our method to the CLL data from Ref. [2], where the average size of ∆ for

all the pre-treatment samples sequenced is 1.8 years (0.6-4.9 years). In general, we expect

that in the case of smaller ∆ values measurement errors would have a larger effect on the

estimated growth rates, due to an expected smaller change in cancer cell count and subclonal

structure during a smaller time interval. From the bulk sequencing data, the fraction of

cells carrying the driver mutation, α1 and α2, can be measured at the time points t1 + t

and t1 + t+ ∆, respectively. We denote total number of cells in the tumor at the two bulk

sequencing time points as M1 and M2. For liquid cancers, cell counts of the relevant cancer

cell population serve as indicators of cancer progression. In the case of CLL, white blood cell

(WBC) count is useful as a measure of tumor burden in peripheral blood, as it is routinely

taken and includes the cancerous cell population. More precise estimates of tumor burden

would include absolute lymphocyte count (ALC) and number of B lymphocytes. Both ALC

and WBC counts can suffer from inaccuracies due to the prevalence of smudge cells in CLL,
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Figure 2.1: Stochastic branching process model of tumor evolution. (a) Stochastic

branching process model for tumor expansion. Initiated tumor cells (blue) divide with birth

rate b, die with death rate d, and accrue passenger mutations with mutation rate u. Type-1

cells, which carry the driver mutation, divide with birth rate b1, die with death rate d1, and

accrue passenger mutations with mutation rate u. (b) The initiated tumor, or type-0, (blue)

population growth is initiated from a single cell. A driver mutation occurs in a single type-0

cell at time t1, starting the type-1 population (red). The tumor sample is collected and bulk

sequenced at times t1 + t and t1 + t+ ∆, where the driver fraction is α1 and α2, respectively.

Tumor size (in number of cells) is M1 and M2 at first and second sample collection dates. (c)

By the time the tumor is observed, it has a high level of genetic heterogeneity due to the

mutations that have accrued in both type-0 (blue) and type-1 populations (red). Each yellow

star represents a different passenger mutation.
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often resulting in an underestimate of these counts [57].

Equating expected values of the sizes of the type-0 and type-1 population at the two bulk

sequencing time points with the measured numbers of cells present in clones 0 and 1, we

obtain estimates of the net growth rates of the two subclones:

r =
1

∆
log
((1− α2)M2

(1− α1)M1

)
(2.1)

r1 =
1

∆
log
(α2M2

α1M1

)
. (2.2)

From the growth rate estimates and subclone sizes, we can approximate the expected

value of the time a population in a branching process takes to reach an observed size [50].

This yields an estimate of the time t from the appearance of driver mutation until observation:

t =
1

r1

log(M1α1). (2.3)

Using the bulk sequencing data from the second time point, γ, the number of subclonal

passengers between the specified frequencies f1 and f2, can be measured. Using results from

previous work [58], we derive the expected value of γ (Materials and Methods), which can be

used to estimate the mutation rate u:

u =
f1f2rr1γ

(f2 − f1)(α2r + r1(1− α2))
. (2.4)

The m passenger mutations that were present in the original type-1 cell when the driver

mutation occurred (Fig 2.1C) are present in all type-1 cells. m can be estimated from bulk

sequencing data and used to estimate time of appearance of the driver. We maximize the

likelihood function P (m|t1) with respect to time of appearance of the driver, t1, (see Materials

and Methods) to obtain the maximum likelihood estimate

t1 =
m

u
. (2.5)
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Using formulas (2.4) and (2.5), we can now estimate t1.

Estimates verified in simulated tumors

To assess the accuracy of the parameter estimates for several modes of tumor evolution, we

simulate tumor growth by performing a Monte Carlo simulation, which simulates the birth,

death, and accumulation of mutations in the individual cells that make up a tumor. This

simulation generates the mutation frequency and tumor size data used by the estimates (see

Methods section for details of simulation). We simulate three different types of tumors (slow

growing, fast growing, and no cell death), with a high and a low mutation rate for each (Table

2.3).

In a simulation of a fast-growing tumor with a single subclonal driver mutation that

confers a strong selective growth advantage of 100%, we can accurately estimate growth rates,

mutation rate, time of driver event, and time since driver event (Fig 2.2AB). Growth rates of

both initiated tumor and driver subclones can be estimated with a high degree of accuracy,

achieving mean percentage error (MPE) of 0.03% and -0.07% for the lower mutation rate

(u = 1) scenario. The mutation rate u and estimates for time of driver appearance, t1, and

time since driver, t, can also be estimated accurately, with MPEs of -0.9%, 3.8%, and -0.4%,

respectively. Estimates for u, t1, and t have a somewhat greater degree of variation compared

to the growth rate estimates, due to the inherent randomness of the number of mutations

and time to reach the observed size that occur in each realization of the stochastic process.

For the parameter regime with no cell death and the regime for a slow-growing tumor,

we again achieve high accuracies for the net growth rates (Fig. 2.3AB, Fig. 2.4AB). In the

lower mutation rate (u = 1) scenario, parameter estimates for the mutation rate u and time

of driver appearance t1 can be accurately estimated for both regimes, with MPEs of -1.3%

and 4.9% for the no cell death case, and MPEs of -3% and 3.7% for the slow-growing tumor.

We note that the estimator for t (time since driver event) is biased, with the extent

depending on the ratio of birth rate to net growth rate, and the tumor size. The underlying

cause of the bias is due to a simplifying assumption in the estimator’s derivation (see Methods,
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“Derivation of estimates of evolutionary parameters”), and this bias decreases as tumor size

increases and as the ratio of growth and division rate gets closer to 1. For the three main

modes of growth in our study, we performed additional Monte Carlo simulations to precisely

quantify the effect of death:birth ratio and tumor size on the estimator’s accuracy (Fig.

2.5). For all three modes of growth, we observe a monotonic decrease in error as tumor size

increases to more clinically realistic sizes. For a tumor size of 109, all modes of growth have a

MPE of less than 4%, so for a clinically realistic cancer size—1011 for the CLL dataset—we

expect an even better accuracy.

We also perform Monte Carlo simulations for the more complex cases of two nested and

two sibling driver subclones (see Methods for derivations of estimators) for the same three

modes of cancer growth used for the single driver subclone case above: fast growth (Fig.

2.2CD), no cell death (Fig. 2.3CD), and slow growth (Fig. 2.4CD). For two nested driver

subclones, the second driver subclone also carries its parental subclone’s driver mutation

(Fig. 2.6A). For two sibling driver subclones, the drivers occur in separate subclones (Fig.

2.6B). The growth rate estimates show good agreement with the ground truth values, with

MPEs close to 0. The mutation rate estimates also have good accuracy, with the absolute

values of their MPEs all ≤ 4%. As for the single subclone cases already discussed, the

time estimates for the nested and sibling subclone simulations have a greater variance. The

estimate for t—time between the last driver mutation and diagnosis—shows good accuracy

for the fast-growing tumors, but larger errors for the no cell death and slow growth cases.

For both the nested and sibling simulations, the estimates for the times of driver mutations 1

and 2 (t1 and t2, respectively) have MPEs less than 6%.

Correcting mutation counts observed from genome sequencing data

We note that in our estimate for the time of appearance of the driver, t1 (see formula (2.5)),

used for comparison to simulated data, we employed a correction to m, the number of

mutations that were present in the founder type-1 cell at t1. From sequencing data, these m

mutations are indistinguishable (Fig 2.7A) from mutations that occurred after t1 in type-1
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cells and reached fixation in the type-1 population [58]. Thus, the value of m observed from

sequencing data, mobs, will overestimate the true m. In Materials and Methods we show that

the expected value of the number of passengers that occurred after t1 and reached fixation in

the type-1 population is u/r1. We subtract this correction factor from mobs:

m = mobs − u/r1. (2.6)

The correction for the m mutations present in the original type-1 cell (2.6) at time t1

improves the accuracy of the estimate for time of appearance of driver mutation t1. For the

fast-growing tumor with mutation rate u = 1 (Fig. 2.8A), the correction lowers the mean

percent error (MPE) of the t1 estimate from 14.0% to 3.8%. For the slow-growing tumor with

mutation rate u = 5 (Fig 2.7B), the correction lowers the MPE of the t1 estimate from 22.0%

to 5.7% (Fig 2.7B).

Another issue arises from obtaining mutation count γ, number of mutations with frequency

between f1 and f2, from genome sequencing data. When sequencing data is post-processed

by filtering out mutations with L or fewer variant reads, low-frequency mutations will be

difficult to detect [47] (Fig 2.7C). For a sample with average sequencing coverage of R and

tumor purity p, mutations with mutant allele frequency below L/(pR) will typically not be

observable. As a result, since mutations with frequencies between f1 and f2 count towards γ,

if f1 ≤ 2L/(pR), the observed number of subclonal mutations between frequencies f1 and

f2, γobs, will underestimate the true value, γ. For cancers with low mutational burden, such

as CLL, we set a relatively low f1 (1%) to have sufficient resolution to infer mutation rate.

Consequently, some mutations with frequency above f1 will likely be filtered out, and we

account for this by correcting for the expected number of such subclonal mutations present

at cancer cell frequencies (CCFs) between f1 and 2L/(pR) (see Materials and Methods):

γ = γobs

( 1
f1
− 1

f2
pR
2L
− 1

f2

)
. (2.7)
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Figure 2.2: Accuracy of parameter inferences from simulated data. We simulated

tumor growth by performing a Monte Carlo simulation, which simulates the birth, death,

and accumulation of mutations in the individual cells that make up a tumor, and generates

the mutation frequency and tumor size data used by the estimates. Simulations are of

fast-growing tumors with (a) single driver subclone and mutation rate u = 1, (b) single driver

subclone and u = 3, (c) two nested driver subclones with u = 1, and (d) two sibling driver

subclones with u = 1. Mean percent errors (MPEs) of estimates are shown in black above the

plots, and mean absolute percent errors (MAPEs) are shown in gray. Boxes contain 25th-75th

quartiles, with median indicated by thick horizontal black line. Whiskers of boxplots indicate

2.5 and 97.5 percentiles. Violins are smoothed density estimates of the percent error data

points. Complete parameter values and number of runs are included in Table 2.3.
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Figure 2.3: Percent errors (PEs) for case with no death. Accuracy of parameter

inferences for Monte Carlo simulation of tumor with no cell death for (a) single driver

subclone with mutation rate u = 1, (b) single driver subclone with u = 10, (c) two nested

subclones with u = 1, and (d) two sibling subclones with u = 1. Mean percent error (MPEs)

are the black numbers above the plots, and mean absolute percent errors (MAPEs) are the

grey numbers below the MPEs. Boxes contain 25th-75th quartiles, with median indicated by

thick horizontal black line. Whiskers of boxplots indicate 2.5 and 97.5 percentiles. Violins

are smoothed density estimates of the percent error datapoints. Complete parameter values

and number of runs are included in Table 2.3.
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Figure 2.4: Percent errors (PEs) for slow-growing tumor. Accuracy of parameter

inferences for surviving Monte Carlo simulation runs of slow-growing tumor for (a) single

subclone with mutation rate u = 1, (b) single subclone with u = 5, (c) two nested subclones

with u = 1, and (d) two sibling subclones with u = 1. Mean percent error (MPEs) are the

black numbers above the plots, and mean absolute percent errors (MAPEs) are the grey

numbers below the MPEs. Boxes contain 25th-75th quartiles, with median indicated by thick

horizontal black line. Whiskers of boxplots indicate 2.5 and 97.5 percentiles. Violins are

smoothed density estimates of the percent error data points. Complete parameter values and

number of runs are included in Table 2.3.
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Figure 2.5: Accuracy for t estimate increases with tumor size. A Monte Carlo

simulation of a birth-death process was performed for (a) fast-growing, (b) slow-growing, and

(c) no cell death parameter regimes. For each of the 100 surviving simulated tumors, the

percent error of the t estimate (Eq. (2.3)) was calculated when the tumor first reached the

specified tumor sizes. Means are indicated by red points and lines, ± one standard deviation

is shown by the red region, and individual data points for each simulation run are shown as

the grey points (with horizontal jitter for visibility).
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Figure 2.6: Model for tumor expansion with two driver mutations. (a) Two nested

driver subclones. Initiated tumor (type-0) cells in blue, cells with driver 1 (type-1) in red,

and cells with both drivers (type-2) in orange. A driver mutation occurs in a type-0 cell at

t1. A second driver mutation occurs in a type-1 cell at t1 + t′2. Tumor is bulk sequenced at

t1 + t′2 + t and t1 + t′2 + t+ ∆. (b) Two sibling driver subclones. Type-0 cells (in blue). A

driver mutation occurs in a type-0 cell at t1. A second driver mutation occurs in a different

type-0 cell at t2. Tumor is bulk sequenced at t1 + τ1 (or, equivalently t2 + τ2) and t1 + τ1 + ∆

(equivalently t2 + τ2 + ∆).
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Figure 2.7: Corrections for observed mutation counts. (a) If passenger mutations

(circles with stars) that occur after the driver reach fixation in the driver population (red),

then they are indistinguishable from the passengers that were present in the first cell with

the driver, which accrued in the type-0 population (blue). The estimate of when the driver

occurred needs to account for these mutations (circled). In (b), we compare percent errors of

parameter estimates for time from tumor initiation until appearance of a driver subclone, t1,

with and without this correction (Eq. (2.6)). Errors for estimate with correction are shown

in blue, and for estimate without correction (Eq. (2.5)) in orange. Errors are plotted as a

kernel density estimate for Monte Carlo simulations of slow-growing tumor with mutation rate

u = 5. Mean percent errors (MPEs) and mean absolute percent errors (MAPEs) are listed.

(c) Mutations present on two or fewer variant reads (red) are filtered out in post-processing.

Mutations with more than two variant reads (black) are included. The number of subclonal

mutations between frequencies f1 and f2, γ, which is used in the mutation rate estimate, must

be corrected for mutations that are filtered out. In (d), the percent errors for the observed

(orange) and corrected (blue) γ (Eq. (2.7)) are plotted as kernel density estimates. Observed

mutations are those that passed post-processing, i.e. those that have more than L = 2 mutant

reads. True mutation frequencies were generated from 135 surviving runs of a Monte Carlo

simulation of a fast-growing tumor with mutation rate u = 1, from which sequencing reads

were simulated with 200x average coverage (see Materials and Methods). Percent errors are

calculated relative to the true γ measured from the true mutation frequencies.
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Figure 2.8: Corrections for observed mutation counts. (a) We compare percent errors

of parameter estimates for time from tumor initiating until appearance of a driver subclone,

t1, with and without the correction for passengers that occur after the driver and reach

fixation in the driver population (Eq. (2.6)). Errors for estimate with correction are shown

in blue, and for estimate without correction ((2.5)) in orange. Errors are plotted as a kernel

density estimate for Monte Carlo simulations of fast-growing tumor with mutation rate u = 1.

Mean percent errors (MPEs) and mean absolute percent errors (MAPEs) are listed. (b) The

percent errors for the observed (orange) and corrected (blue) number of subclonal mutations

between frequencies f1 and f2, γ, (Eq. (2.7)) are plotted as kernel density estimates. Observed

mutations are those that passed post-processing, i.e. those that have more than L = 2 mutant

reads. True mutation frequencies were generated from 135 surviving runs of a Monte Carlo

simulation of a fast-growing tumor with mutation rate u = 1, from which sequencing reads

were simulated with 100x average coverage (see Materials and Methods). Percent errors are

calculated relative to the true γ measured from the true mutation frequencies.
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Before applying our methodology to patient sequencing data, we estimated the validity

of the above correction applied to observed simulated mutation counts. When we simulate

sequencing reads from simulated mutation frequencies (see Materials and Methods) and

post-process by removing mutations with L = 2 or fewer variant reads, the adjustment we

derived for mutation count γ (2.7) is critical, even for average sequencing coverage of 200x

(Fig 2.7D). Without any correction, the observed γ has MPE of -53.3% compared to true γ,

but with the correction, the computed γ has MPE of -1.4%. When average coverage is 100x,

this correction becomes even more important, as many of the low-frequency mutations are

discarded (Fig. 2.8B). Without any correction, the observed γ has MPE of -79.7%. With the

correction the computed γ has MPE of -3.4%. The accuracy of the γ measurement affects

our estimate of the mutation rate (2.4).

Estimating parameters for individual patients with CLL

We use our formulas to infer the patient-specific parameters of cancer evolution for four

patients with CLL whose growth patterns and clonal dynamics were analyzed in [2]. These

CLLs had peripheral WBC counts measured and whole exome sequencing (WES) performed

at least twice before treatment. We consider patients whose WBC counts were classified

as having an exponential-like growth pattern, with average γobs > 2, and with 3 or fewer

macroscopic subclones (i.e. subclones with cancer cell fractions of 20% or greater for at least

one pre-treatment time point). Our framework is designed specifically to study naturally

evolving cancer dynamics, unperturbed by treatment, which will drastically alter the cancer’s

dynamics and size. For calculation of the γobs mutations between frequencies f1 and f2, we

set f1 = 1% due to the difficulty of detecting low frequency variants < 1% [59,60]. We set f2

to 20% to minimize overlap with potential driver mutations of the macroscopic subclones.

The average γobs for the four analyzed patients ranges from 2.5 to 19.3, with a median of 5.2.

As in Ref. [2], we perform subclonal reconstruction for each patient using PhylogicNDT [3].

To obtain confidence intervals for our parameter estimates, we utilize a sampling procedure

to account for model and measurement uncertainties, including uncertainties in subclone
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frequencies, fitted growth curves, and the Poisson process for mutation accumulation (see

Materials and Methods). For each patient’s tumor, we compute estimates of the growth

rate of each clone, exome mutation rate, the times that each subclone arose, and how long

each subclone expanded before the tumor was detected (Table 2.1). We also estimate what

time the cancer was clinically detectable, by sampling from the distribution of fitted growth

parameters and solving the resulting root-finding problem for time to reach detectable size

under our growth model (see Materials and Methods). For CLL specifically, we compute time

of leukocytosis—an abnormally high WBC count. We reconstruct these histories for tumors

with various clonal structures.

Table 2.1: Inferred parameters for CLL patients with exponential growth patterns, for which

there are at least two longitudinal bulk sequencing measurements before treatment. Estimates

are computed from tumor size measurements and mutation frequencies from whole exome

sequencing. Mutation rates are for the exome only. The time estimates are in terms of the

patient’s age in years.

Parameter Pt. 3 Pt. 6 Pt. 9 Pt. 21

r (/yr) 0.51 0.68 0.28 0.79

r1 (/yr) 0.85 0.41 -0.40 1.52

r2 (/yr) 0.46 0.67

r3 (/yr) 1.09 0.63

u (mut/yr) 0.48 0.15 0.36 0.20

MRCA (yr) 14.6 2.8 4.9 6.4

t1 (yr) 33.5 35.4 18.8 19.6

t2 (yr) 46.7 21.3

t3 (yr) 45.9 24.8

age at diagnosis (yr) 63 58 54 35

age at leukocytosis (yr) 61.9 65.7 51.8 34.4
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Table 2.2: Confidence intervals for inferred parameters for CLL patients with exponential

growth patterns, for which there are at least two longitudinal bulk sequencing measurements

before treatment. Estimates are computed from tumor size measurements and mutation

frequencies from whole exome sequencing. Mutation rates are for the exome only. The time

estimates are in terms of the patient’s age in years.

Parameter Pt. 3 Pt. 6 Pt. 9 Pt. 21

r (/yr) [0.20, 0.85] [0.15, 1.30] [0.17, 0.42] [0.30, 1.14]

r1 (/yr) [0.65, 1.04] [0.08, 0.73] [-0.45, -0.19] [1.01, 2.04]

r2 (/yr) [0.08, 0.85] [0.49, 0.94]

r3 (/yr) [0.65, 1.78] [0.39, 0.86]

u (mut/yr) [0.39, 0.59] [0.12, 0.19] [0.35, 0.37] [0.19, 0.23]

MRCA (yr) [1.4, 26.8] [0.1, 13.2] [1.2, 10.8] [0.3, 16.7]

t1 (yr) [24.1, 39.2] [21.7, 46.1] [8.8, 35.1] [10.8, 24.0]

t2 (yr) [25.6, 57.5] [7.7, 31.7]

t3 (yr) [31.3, 54.6] [10.3, 37.6]

age at leukocytosis (yr) [60.3, 62.4] [64.2, 67.1] [51.6,51.9] [32.8,34.6]

Patients 3 and 21 are examples of a CLL with a single subclone (Fig 2.9). For Patient 3,

Clone 0, the most recent common ancestor (MRCA) of this patient’s CLL, was initiated when

the patient was 14.6 [1.4, 26.8] years old (median and [95% confidence interval] of estimate).

Clone 0 grew with a net growth rate of 0.51 [0.20, 0.85] per year. Approximately two decades

later, Clone 1 was initiated when the patient was 33.5 [24.1, 39.2] years old. Clone 1 expanded

with a growth rate of 0.85 [0.65, 1.04] per year (corresponding to a selective growth advantage

of 68.7% over Clone 0), and the patient was diagnosed approximately three decades later at

age 63.

For patient 21, we estimate that the parental clone (MRCA, Clone 0) of this patient’s
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CLL was initiated when the patient was 6.4 [0.3, 16.7] years old, and grew with a net growth

rate of 0.79 [0.30, 1.14] per year. Clone 1 appeared when the patient was 19.6 [10.8, 24.0]

years old, and grew more quickly than Clone 0, with a selective growth advantage of ∼90%

over Clone 0). Clone 1 contained a FGFR1 mutation, which might have been acting as a

driver of the increased net proliferation. Clone 1 then grew for ∼15 years before the patient

was diagnosed at age 35.

Patients 6 and 9 present more complex clonal structures (Fig. 2.9). Clone 0, the parental

clone of the CLL of Patient 9, arose when the patient was 4.9 [1.2, 10.8] years old, and had

a growth rate of 0.28 [0.17, 0.42] per year. Clone 1 arose when the patient was 18.8 [8.8,

35.1] years old. Interestingly, during clinical observation between diagnosis and treatment,

Clone 1 was declining in size, with a growth rate of -0.40 [-0.45, -0.19] per year. In line with

recent findings [61], we found that sometimes the estimated growth rate during the period of

observation, such as the negative growth rate of Clone 1, is smaller than the minimal possible

growth rate necessary to reach the observed clone size. In that case, for calculating mutation

rate, time of the driver(s), time of detectability, and time between driver(s) and diagnosis

we use the minimal growth rate. Clone 2, containing a KRAS mutation, had the largest

net growth rate of the three clones (0.67 [0.49, 0.94] per year), corresponding to a selective

growth advantage of 140.9% over the parental clone. Clone 2 arose when the patient was

21.3 [7.7, 31.7] years old.

We estimate that the CLL of Patient 6 was initiated when the patient was 2.8 [0.1, 13.2]

years old. The leukemic parental clone, Clone 0, then grew at a rate of 0.68 [0.15, 1.30] per

year. Approximately 33 years after the appearance of Clone 0, when the patient was 35.4

[21.7, 46.1] years old, the first subclone, Clone 1 appeared. Clone 3 arose from within Clone

1 when the patient was 45.9 [31.3, 54.6] years old. Clone 3 harbored a driver mutation in

ASXL1 and had selective growth advantage of 60.8% over Clone 0. The patient was diagnosed

at age 58, eventually needing treatment 12.0 years after diagnosis.

The average mutation rate in the four CLL patients we analyze is 0.30 mutations/year.

This rate is over the exome, which accounts for ∼ 1% of the human genome. Our average
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estimated mutation rate in CLL exomes is similar to the measured rate of accumulation of

mutations in human tissues of 40 mutations per year over the entire genome [62]. Other

recent work has estimated a mutation rate of 17 mutations per year in human haematopoietic

stem cell/multipotent progenitors [63]. Our estimated mutation rates during CLL progression

are on par or higher than the recent estimates in healthy hematopoietic cells [63], in line

with the expectation that mutation rates may be increased in cancer. The estimated times of

appearance of CLL subclones are very long, on the order of 10 years or more. This finding is in

agreement with results from Gruber et al. [2], who find few new CLL subclones over years to

a decade of evolution. We observe that CLL initiation occurred early in most patients, within

the first fifteen years of their lives, consistent with recent work in other cancer types [32, 48].

We find that CLL patients reach leukocytosis an average of 1.5 years before the first timepoint

at which cancer genome sequencing was performed. For three of the patients, our estimated

time of leukocytosis was before diagnosis, on average 1.3 years prior to diagnosis.

2.4 Discussion

We use a stochastic branching process model to reconstruct the timing of driver events and

quantify the evolutionary dynamics of different subclonal populations of cancer cells. We

estimate growth rates of tumor subclones, selective growth advantage of individual driver

mutations, mutation rate in the tumor, time between tumor initiation and appearance of

a subclonal driver mutation, and time between driver mutation and tumor observation.

Together, this allows us to estimate the age of the patient at tumor initiation, as well as the

age at appearance of a subclonal driver.

Previous work has computed relative order of driver events [31,34,64], while other studies

have given estimates for scaled mutation rates and time of events [37,44]. However, we present

estimates for absolute, unscaled mutation rates and times, which are easily interpretable

and don’t implicitly depend on unknown parameters. We assume that mutations accrue

with time, which simplifies derivations and is supported by recent experimental data that

shows that non-dividing cells may accrue mutations at a similar rate as dividing cells [7].
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Figure 2.9: Reconstructing the timeline of CLL evolution in patients. We applied our

methodology to estimate subclonal growth rates, mutation rates and evolutionary timelines in

CLL tumors from Ref. [2]. Vertical height of a clone represents its log10-scaled size. Mutations

were clustered into clones and phylogenetic trees were inferred using PhylogicNDT [3]. Tree

edges are colored by clone number and are labeled with driver mutations, if any. For each

patient, we show estimates for patient age at CLL initiation and times of appearance of CLL

subclones. Dashed white line indicates when the patient was diagnosed. Solid black arrows

indicate times of bulk sequencing measurements.



26

Other potential assumptions regarding mutation accumulation include mutations occurring

at cell division [65] or assuming mutation rate is proportional to the copy number state [66].

For example, recent work reported that some mutational signatures in human cancers are

generated during mitosis [65]. Other work has shown that the rate of accumulation of somatic

single nucleotide variants is proportional to copy number [66]. We further assume that all

cancer subpopulations have the same passenger mutation rate. In the case that mutations

occur predominantly at cell division, assuming that the rate of cell division is comparable

across all tumor subclones, our estimates would still be valid. In the case of a subclone that

has an elevated mutation rate (e.g. due to a chromosomal amplification, mutation in a DNA

repair pathway gene or an increased cell division rate), we would underestimate the mutation

rate and overestimate the time of driver mutation(s) in that subclone. In the other subclones,

the opposite would be true.

For individual CLLs that underwent bulk sequencing at two time points [2], we infer

growth rates of individual subclones, mutation rate in the tumor, the times when cancer

subclones began growing, the time between driver mutations and the patient’s diagnosis, and

time when the cancer is clinically observable. Our inferences are limited by the relatively

low number of mutations present in CLL, as well as sequencing coverage [2], so we set a

minimum passenger mutation count when selecting specific cases to analyze. The accuracy of

estimates presented here is expected to be higher with whole genome sequencing available,

with higher sequencing coverage, or in cancer types with more mutations, with some important

limitations. Exponential growth—the mean behavior of our branching process model—has

been well documented in vivo [2, 67–69], but tumors can also often exhibit sigmoidal growth

(e.g. logistic, Gompertz models), where initial exponential growth is followed by a deceleration

in growth [68, 70–73]. Our estimators should only be used for cancers exhibiting exponential

growth; for other modes of growth, such as the logistic-growing class of CLL patients in

Ref. [2], the parameter estimates would have to be derived specifically for the particular mode

of growth observed. Exponential growth is the simplest common cancer growth pattern, and

yet, estimating the exponential growth rates requires at least two longitudinal timepoints. To
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fit all parameters for patients with more complex growth dynamics, additional longitudinal

samples will be needed; this type of analysis would be further limited due to the scarcity of

longitudinal pre-treatment samples in many cancer types. In the case of solid tumors, the

number of cells can be estimated from measurements of tumor volume [74], however multiple

biopsies would potentially be needed to fully account for the existing genetic heterogeneity.

Furthermore, a solid tumor’s spatial structure, mode of evolution, and biopsy collection

influence how well selection and mutation spectra can be observed [42, 43, 75]. Recent

modeling and computational work, in combination with careful multi-region sequencing and

single cell sequencing, have begun to disentangle these confounding factors [39, 41,42].

Our model and derivations assume a fixed mutation rate u after transformation and fixed

growth rates of cancer subclones, similar to previous approaches [37, 42, 47]. Some individual

cancer subclones (such as Clone 1 from Pt. 9) not only do not grow exponentially, they

actually decline in absolute cell numbers, even if the overall tumor is undergoing expansion.

This phenomenon has been previously observed [2, 76], and could be caused by the declining

subclone getting outcompeted by more fit subclones. Sudden genomic instability events, or a

change in cancer mutation and/or growth rate over time could also introduce errors into our

parameter inferences. Recent sequencing data points to mutational processes that change

over time during cancer evolution [33, 77]; incorporating possible changes in the mutation

and/or growth rate into the model would require much higher density of sequencing and

clinical data [49], as would employing a more complex growth model (e.g. boundary-driven

or sigmoidal growth).

2.5 Materials and methods

Branching process model of tumor evolution

We employ a continuous, multi-type branching process model of cancer evolution. For the

case of a single driver subclone, there are two cell types, type-0 and type-1. Tumor expansion

is initiated by a single type-0, or initiated tumor cell. Type-0 cells divide with rate b and
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die with rate d, yielding a net growth rate of r = b− d. At time t1, a single driver mutation

is introduced into a randomly selected cell in the type-0 population, founding a new type-1

population of cells. This type-1 population undergoes its own independent branching process.

They divide with rate b1, die with rate d1, and have net growth rate r1 = b1 − d1. If the

driver mutation gives type-1 cells a selective growth advantage over the type-0 population,

then r1 > r. With the ratios of the growth rates denoted as s = r1/r, the growth advantage

can be quantified as g = (s− 1) · 100%. In the case of neutral evolution, g = 0. If there is

a selective advantage, g > 0. Neutral mutations, or passengers, have no effect on the cell’s

fitness, and accrue according to a Poisson process with rate u. We assume an infinite alleles

model such that there is no back mutation and an infinite sites model such that every new

passenger mutation is unique. Only surviving populations are considered. All derivations

below will condition on survival. The type-0 and type-1 populations at time t will be denoted

as X0(t) and X1(t), respectively.

Measurements sufficient to determine evolutionary history

Here we derive estimates for parameters describing the carcinogenic process for a single driver

subclone, using measurements taken from two time points late in the tumor’s development.

We require sequencing of the tumor at the two time points, when the tumor is first observed at

the unknown time t1 + t and a specified ∆ later, at t1 + t+∆. From these two bulk sequencing

measurements, we obtain measurements of α1 and α2, the fraction of cells carrying the driver

mutation at t1 + t and t1 + t + ∆, respectively. In addition, from the bulk sequencing at

t1 + t+ ∆, we obtain measurements of m, the number of mutations present in the founder

type-1 cell, as well as γ, the number of mutations with frequency between the specified f1

and f2. The total population size at these times, M1 and M2, is also measured.
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Expected value of γ, number subclonal mutations

For a population consisting of a single clone with birth and death rates b and d, the expected

number of subclonal mutations present at a frequency larger than f is shown to be [58]

ū(1− f)

(1− δ)f
(2.8)

where δ = d/b and ū is the probability that a daughter cell gains a new passenger mutation

at cell division. In this paper, we allow mutations to occur at any point in time and consider

the absolute mutation rate per cell, u, which is equal to ūb. Then the expected number of

subclonal mutations between f1 and f2, Eγ, is

Eγ =
u(1− f1)

b(1− δ)f1

− u(1− f2)

b(1− δ)f2

(2.9)

=
u

r
(1/f1 − 1/f2) (2.10)

where r = b− d > 0.

Now we derive Eγ in the case of clones 0 through k, each clone with growth rate ri > 0

and fraction αci . Each clone i has αci
u
ri

(1/f1 − 1/f2) expected subclonal passengers between

frequencies f1 and f2. Thus, the total expected number of passengers with frequencies between

f1 and f2 is

Eγ = (1/f1 − 1/f2)
k∑
i=0

uαci
ri
. (2.11)

For the simplest case we consider, a tumor with a single driver mutation occurring in the

initiated tumor population, there is a type-0 population with growth rate r and a type-1

population with growth rate r1. Equation (2.11) reduces to

Eγ =

(
uα

r1

+
u(1− α)

r

)(
1

f1

− 1

f2

)
(2.12)

where α is the fraction of cells having the driver mutation.
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Derivation of estimates of evolutionary parameters for single driver subclone

With the cancer bulk sequenced at the two time points t1 + t and t1 + t+ ∆, we are able to

derive estimates for t1, t, r, r1, and u. First we solve for r and r1, based on the estimated cell

counts at t1 + t and t1 + t+∆. The observed type-i cell count is equated to the expected value

of the type-i population size, conditioned on survival. For a birth-death process started with

a single type-i cell at time 0, we have E[Xi(t)] = erit. That process has extinction probability

di/bi [50]. Then,

E[Xi(t)] = E[E[Xi(t)|IXi(t)>0]] (2.13)

≈ E[Xi(t)|Xi(t) = 0](di/bi) + E[Xi(t)|Xi(t) > 0](1− di/bi) (2.14)

= E[Xi(t)|Xi(t) > 0](1− di/bi) (2.15)

where IXi(t)>0 is a random variable and indicator function defined as

IXi(t)>0 =

0 if Xi(t) = 0

1 if Xi(t) > 0

.

Thus, from (2.15), for large enough time t,

E[Xi(t)|Xi(t) > 0] ≈ 1

1− di/bi
erit =

bi
ri
erit. (2.16)

It then follows that for the type-0 population,

E[X0(t1 + t)|X0(t1 + t) > 0] =
b

r
er(t1+t) = (1− α1)M1 (2.17)

E[X0(t1 + t+ ∆)|X0(t1 + t+ ∆) > 0] =
b

r
er(t1+t+∆) = (1− α2)M2. (2.18)

Proceeding similarly for the type-1 population, we obtain

r1 =
1

∆
log
(α2M2

α1M1

)
(2.19)

r =
1

∆
log
((1− α2)M2

(1− α1)M1

)
. (2.20)
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The expected value of the first time a population of type-1 cells in a branching process reaches

the observed size α1M1 is [50]

Et =
1

r1

log
(α1M1r1

b1

)
− 1

r1

∫ ∞
0

e−z log zdz (2.21)

=
1

r1

log
(α1M1r1

b1

)
+

0.5772

r1

(2.22)

=
1

r1

(
log(α1M1) + log(r1/b1) + 0.5772

)
(2.23)

≈ 1

r1

log(α1M1). (2.24)

The last approximation is justified because for realistic cell counts, the first term in

(2.23) dominates the other two, which is also evident in simulation studies (Fig. 2.5). For

example, if r1 = 1
2
b1, then the second term log(r1/b1) = −0.69, compared to the first term

log(α1M1) = 19.11. Even if r1 is as low as 0.1b1, the second term is -2.30. In this case, the

percent error of the approximation (2.24) is 7.3%. In general, the accuracy increases with

increased tumor size.

With the measurement of γ, the number of subclonal passengers with frequency between

f1 and f2, we can estimate the mutation rate u. In the previous section we derive the expected

value of γ as

Eγ =

(
uα

r1

+
u(1− α)

r

)(
1

f1

− 1

f2

)
. (2.25)

Using the estimates of r and r1 from (2.19) and (2.20), and the measured value of γ from the

second bulk sequencing, equation (2.25) can be solved for the mutation rate u,

u =
f1f2rr1γ

(f2 − f1)(α2r + r1(1− α2))
. (2.26)

When estimating mutation rate for the CLL patients from Ref. [2], for which there is bulk

sequencing at two or more time points, we average the mutation rate calculated at each

of these time points. (2.26) is applied for each time point with the respective CCFs and

observed γ values for each time point.
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To derive the maximum likelihood estimates of t1, we consider the likelihood function

P (m|t1). The number of passenger mutations present in the founder type-1 cell that appeared

at time t1 is a Poisson process with rate u. Thus,

P
(
m|t1

)
∝ (ut1)me−ut1

m!
. (2.27)

Maximizing the logarithm of the likelihood function with respect to t1 yields a MLE for t1 in

terms of estimated or measured quantities:

t1 = m/u. (2.28)

Estimating number of unobserved subclonal mutations from sequencing data

When sequencing data is post-processed by filtering out any mutations with L or fewer

variant reads, the number of mutations between f1 and f2 will likely be underestimated if

2L/(Rp) > f1, where R is average sequencing coverage and p is tumor purity. Define γobs as

the observed number of mutations between frequencies f1 and f2, after post-processing has

been performed that filtered out any mutations with L or fewer variant reads. The expected

number of subclonal mutations between frequencies f1 and x is given by

γ(x) = c(1/f1 − 1/x) (2.29)

where c is a constant that will vary depending on the patient and sample. It can be fit on

the sequencing data by noting

γobs = γ(f2)− γ(2L/(Rp)) (2.30)

= c(Rp/(2L)− 1/f2). (2.31)

Therefore, c can be estimated from the sequencing data as

c =
γobs

Rp/(2L)− 1/f2

. (2.32)

Then, we can estimate γ as

γ = γobs

( 1
f1
− 1

f2
Rp
2L
− 1

f2

)
. (2.33)
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Number of passengers reaching fixation after t1

We estimate the number of passengers that occurred after t1 and reached fixation in the type-1

population in order to adjust the mobs mutation count. From [58], when mutations occur at

cell division, the expected number of clonal passengers is δū/(1 − δ). ū is the probability

that a daughter cell gains a new passenger mutation at cell division, so the mutation rate is

u = ūb1. For the type-1 population, δ = d1/b1 < 1. When mutations accrue over time, and

not only at divisions, the expected number of clonal passengers is thus

ū/(1− δ) = u/r1. (2.34)

Similarly, for a clone i, the expected number of passengers that occur after time ti and reach

fixation is

u/ri (2.35)

where ri = bi − di > 0.

Simulation of tumor evolution and sequencing data

To assess the accuracy of the analytic results, we perform a continuous time Monte Carlo

simulation to model tumor evolution and collection of sequencing data with an implementation

of the Gillespie algorithm [78]. Simulations are written in C/C++.

The type-j population has division rate bj , death rate dj , and mutation rate u. Mutations

can occur at any point of the cell cycle, not just during division. zn is the number of type-j

cells with passenger n as their most recent passenger mutation. The type-0 population is

initiated with a single cell at time 0, and the type-j population for k ≥ j > 0 is initiated with

a single cell at time tj . Let a be the vector recording the ancestor of new mutations. Element

ai is the subclonal ancestor of the ith passenger mutation. For each j ∈ 0, 1, . . . , k, repeat

1-4 while time is less than tk + t+ ∆.

1) Set Γ = Nj(bj + dj + u). Time increment to next event time is randomly sampled from

Exp[Γ].
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• If j < k, if time is greater than or equal to tj+1 for first time, randomly select

type-j subclone i to have driver mutation, remove one cell from type-j population

count, and set Nj+1 = 1. Record the true value of mj+1, the number of passenger

mutations present in the founder type-(j + 1) cell.

2) Randomly select cell, with most recent passenger mutation i, to have the event.

3) Determine which type of event and update population and mutation frequencies. Sample

Y from Uniform[0,Γ] to determine event type:

i) y ∈ (0, bj)→ birth. Nj += 1, zi += 1.

ii) y ∈ (bj, bj + dj)→ death. Nj −= 1, zi −= 1.

iii) y ∈ (bj + dj, bj + dj + u)→ passenger mutation. Suppose it’s the pth passenger,

zi −= 1, zp = 1. Update ancestor: ap = i.

4) For j = 0, if time is less than t1 and population goes extinct, restart simulation. For

j ≥ 1, if time is greater than tj and population goes extinct, restart type-j simulation

at tj with a single cell.

5) Reindex to remove extinct passenger mutations, and traverse back through ancestor

vector a to sum total number of cells with each passenger.

Measurements are taken at bulk sequencing times tk + t and tk + t+ ∆. If time is greater

than or equal to tk + t, we measure M1 =
∑k

j=0 Nj and CCF of clone j as Nj/M1. Then

an additional bulk sequencing measurement is taken at the final time tk + t+ ∆, where we

measure M2 =
∑k

j=0Nj and the CCF of clone j as Nj/M2. At tk + t+ ∆, we measure γ, the

number of mutations with frequency between f1 and f2.

To measure mj,obs, the observed number of passengers in the founder type-j cell, we count

the number of passengers present in all type-j cells. We also save the true value of mj.
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For when we calculate a percent error of corrected and observed γ values in Fig. 2.7D and

Fig. 2.8B, we simulate sequencing data by sampling from the mutation frequencies obtained

in the Monte Carlo simulation, outlined above, using the approach of [47]. Define average

sequencing coverage as R, number of cells at time of sequencing as M , Zi as the number of

cells with mutation i, Ri as read coverage, and χi as the true mutation frequency from Monte

Carlo simulation. For each saved Monte Carlo simulation run, repeat the following 100 times:

1) Generate read coverage: Ri ∼ Binomial[M,R/M ].

2) Generate number of cells carrying mutation i: Zi ∼ Binomial[Ri, χi/2].

3) Post-processing. If there are L = 2 or fewer variant reads, discard mutation.

4) Measure γobs, the observed number of subclonal mutations between frequencies f1 and

f2: γobs =
∑

i I(f1 ≤ 2Zi/R ≤ f2, Zi > L).

5) Calculate the truth, γtrue, from the true mutation frequencies: γtrue =
∑

i I(f1 ≤ χi ≤

f2).

Parameter values for simulations

For the simulations we consider three parameter sets corresponding to three modes of tumor

evolution: a fast-growing tumor, slow-growing tumor, and tumor with no cell death, each

with multiple mutation rates. We simulate three clonal structures: single driver subclone, two

nested driver subclones, and two sibling driver subclones. All parameter values are listed in

Table 2.3. Mutation rate parameter values lie within observed genome wide point mutation

rates per day [79]. For simulation of parental clone and subclone, the fast-growing tumor

dynamics are from [46]. The slower growing tumor parameter regime has a reduced net

growth of r = 0.025, compared to the fast-growing tumor’s net growth rate of r = 0.07.
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Subclonal reconstruction of CLL sequencing data

The sequencing data from all CLLs analyzed is from Ref. [2], Supplementary Tables 2-4. As

in that publication, we use PhylogicNDT [3] to perform subclonal reconstruction. We run

the Cluster and BuildTree modules of PhylogicNDT on the longitudinal mutation data from

Supplementary Table 3 of [2], using mutation alternate/reference counts, copy number, and

tumor purity at all pre-treatment time points. Then for each patient, PhylogicNDT outputs

a clonal reconstruction, which includes a phylogenetic tree of the subclones and posterior

distributions of subclone CCFs. Additionally, it clusters mutations and assigns them to clones.

We directly use subclone assignments and posteriors generated from PhylogicNDT. In our

analysis we focus on estimating timing and growth rates of macroscopic subclones whose

CCFs are greater than 20% for at least one pre-treatment time point.

Accounting for uncertainties in subclone frequencies and growth rates

Our estimates for parameters of cancer evolution require as input the information on the

number of subclonal populations in the tumor, their CCFs and their phylogenetic relationships.

In order to obtain this information, we use PhylogicNDT [3], which performs subclonal

reconstruction of longitudinal cancer sequencing data. The uncertainty in subclone CCFs

reported by PhylogicNDT affects our estimates for subclone growth rates, which in turn

affect the estimates of mutation rate and time t between driver(s) and diagnosis. We account

for this uncertainty by drawing from the CCF posterior distributions that are output by

PhylogicNDT. Using these sampled CCF values, we then calculate growth rates, mutation

rate u, and time t between driver(s) and diagnosis, thereby generating confidence intervals

for these parameters due to CCF uncertainty.

To estimate subclonal growth rates, we fit an exponential growth curve to subclonal sizes

measured at two or more time points. This regression yields fitted values for each clone’s

growth rate and age. To account for uncertainty in the curve fit (in the case of more than

two longitudinal samples), we sample the growth rates and age of clone from a bivariate
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normal distribution with mean equal to the fitted parameters and variance equal to the

covariance matrix of the fitted parameters. When the estimated growth rate during the

period of observation—including negative growth rates—is smaller than the minimal possible

growth rate necessary to reach the observed clone size, we use the minimal growth rate for

calculating mutation rate, time of the driver(s), time between driver(s) and diagnosis, and

time of detectability.

Estimating time of cancer detectability

The time a cancer is detectable is the time at which the cancer exceeds the minimum

observable size. For the CLL data, we estimate the time that the patients first exhibited an

abnormally high WBC count, or leukocytosis, characterized by a WBC count of 11,500/µL [80],

or approximately 5.75 x 1010 total WBCs, assuming a total blood volume of 5 L. In the

previous section, we describe how we fit the growth dynamics for the CLL data and obtain a

distribution of the fitted growth parameters. Here, we sample from the distribution of the

fitted parameters 10,000 times (using the minimal growth rate in the case of a growth rate

too low to give rise to the observed WBC count), and numerically solve for the time at which

the total WBC count was equal to 5.75 x 1010. i.e., we numerically find the root with respect

to ti of

f(θ̂i, ti)− 5.75 x 1010 = 0 (2.36)

where ti is the ith estimated time out of 10,000 estimates, f(·) is the exponential function

describing the mean cancer growth, and θ̂i is the ith random sample from the fitted growth

parameters (intercept and growth rate).

Accounting for model uncertainty

The largest source of model uncertainty is the Poisson process for how mutations accumulate,

which is used to estimate the time t1 of the driver mutation. In the fast-growing tumor

simulation experiments, the time t1 had the largest error and variation (Fig 2.2). The estimate



38

for t1 depends on the m mutations present in all cells in the driver subclone. The observed

m is a single random sample from a Poisson distribution. To account for the uncertainty

in t1 arising from m in the CLLs analyzed, we sample t1 from the posterior distributions

P (t1|m). This source of model uncertainty due to the Poisson process will be most significant

for cancers like CLL with a smaller number of mutations.

The time t between driver mutation and diagnosis is a random variable due to the

stochasticity of cancer cell growth, and will naturally have a certain amount of variation. Time

between driver event and diagnosis in a branching process follows a Gumbel distribution [50]

and will have a constant variance. The mean, however, will increase with the logarithm of

the cancer cell counts, which for the CLLs analyzed are ∼ 1011. The simulations of cancer

evolution grow to smaller tumor sizes (∼ 105) and, as a result, the estimate for t has a

significant amount of uncertainty (Fig 2.2). However, for time scales necessary to generate a

tumor, the estimate for t will be quite accurate. For commonly observed tumor sizes, the

stochastic fluctuations in the time for the cancer to reach that size will be smaller relative to

the magnitude of the time. For a cancer with cell count ∼ 1011, the standard deviation of the

time t will be less than 5% of its expected value.

Tumor with two nested driver subclones

Here we consider the case where there are two nested driver subclones (Fig. 2.6A). “Nested”

means that all cells carrying the second driver mutation also carry the first. Type-0, or

initiated tumor, cells have birth rate b0, death rate d0, and net growth rate r0 = b0 − d0.

Type-1 cells, which only have the first driver, have birth rate b1, death rate d1, and net growth

rate r1 = b1 − d1. Type-2 cells, which carry both drivers, have birth rate b2, death rate d2,

and net growth rate r2 = b2 − d2. The first driver occurred in a type-0 cell at time t1. The

second driver occurred in a type-1 cell at t2 = t1 + t′2. The mutation rate u is the same for all

subclones.

At times t1 + t′2 + t and t1 + t′2 + t+ ∆, the tumor is bulk sequenced. The bulk sequencing

allows the measurement of the fraction of cells with driver 1 at time t1 + t′2 + t, α1; the fraction
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of cells with driver 2 at t1 + t′2 + t, α2; fraction of cells with driver 1 at time t1 + t′2 + t+ ∆,

β1; the fraction of cells with driver 2 at t1 + t′2 + t + ∆, β2; and the observed number of

subclonal passenger mutations between frequencies f1 and f2, γobs. Note that the fraction of

the population that is a type-1 cell at the two times is α1 − α2 and β1 − β2. The fraction of

type-0 cells at the two bulk sequencing time points are 1− α1 and 1− β1. The total number

of cells at bulk sequencing time points are M1 and M2. We then equate the estimated cell

counts to the expected value of the type-i population size Xi, conditioned on survival.

E
[
Xi

(
t1 + t′2 + t

)∣∣∣Xi

(
t1 + t′2 + t

)
> 0] =


b0
r0
er0(t1+t′2+t) i = 0

b1
r1
er1(t′2+t) i = 1

b2
r2
er2t i = 2

(2.37)

=


(1− α1)M1 i = 0

(α1 − α2)M1 i = 1

α2M1 i = 2

(2.38)

E
[
Xi

(
t1 + t′2 + t+ ∆

)∣∣∣Xi

(
t1 + t′2 + t+ ∆

)
> 0
]

=


b0
r0
er0(t1+t′2+t+∆) i = 0

b1
r1
er1(t′2+t+∆) i = 1

b2
r2
er2(t+∆) i = 2

(2.39)

=


(1− β1)M2 i = 0

(β1 − β2)M2 i = 1

β2M2 i = 2

(2.40)
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Solving the above equations for ri, we obtain the growth rate estimates:

r0 =
1

∆
log
( (1− β1)M2

(1− α1)M1

)
(2.41)

r1 =
1

∆
log
( (β1 − β2)M2

(α1 − α2)M1

)
(2.42)

r2 =
1

∆
log
(β2M2

α2M1

)
. (2.43)

The expected value of the first time a population of type-2 cells in a branching process reaches

the observed size α2M1 [50],

Et =
1

r2

log(
α2M1r2

b2

)− 1

r2

∫ ∞
0

e−z log zdz (2.44)

=
1

r2

log(
α2M1r2

b2

) +
0.5772

r2

(2.45)

≈ 1

r2

log(α2M1) (2.46)

where the approximation in (2.46) is justified as for (2.24). By (2.11),

Eγ = u

(
1− β1

r0

+
β1 − β2

r1

+
β2

r2

)(
1

f1

− 1

f2

)
. (2.47)

Using the estimates for r0, r1, and r2 from (2.41)-(2.43), and setting (2.47) equal to the value

of γ obtained from (2.33) and the second bulk sequencing, u can be estimated:

u =
f1f2γ

(f2 − f1)(1−β1
r0

+ β1−β2
r1

+ β2
r2

)
. (2.48)

When estimating mutation rate for the CLL patients from Ref. [2], for which there is bulk

sequencing at two or more time points, we average the mutation rate calculated at each

of these time points. (2.48) is applied for each time point with the respective CCFs and

observed γ values for each time point.

Every type-1 cell carries the m1 passenger mutations that were present in the original

type-1 cell when the first driver mutation occurred at t1. Similarly, every type-2 cell carries the

m2 passengers that were present in the founder type-2 cell when the second driver mutation
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occurred at t2. Note, none of the m1 mutations are counted towards m2. Now we consider

the likelihood function

P (m1,m2|t1, t′2). (2.49)

P (m1,m2|t1, t′2) ∝ P (m1|t1)P (m2|t′2) (2.50)

∝ (ut1)m1e−ut1

m1!

(ut′2)m2e−ut
′
2

m2!
(2.51)

Now, maximizing the logarithm of (2.51) with respect to t1 and t′2,

t1 =
m1

u
(2.52)

t′2 =
m2

u
. (2.53)

The number of passengers present in the founder type-i cell cannot be directly observed,

but we can measure mi obs, the number of passengers present in all type-i cells. An expected

u/r1 passengers occurring after t1 in type-1 cells and reaching fixation in the type-1 subclone

will be incorrectly included in m1 obs, rather than in m2 obs (see Methods). Similarly, an

expected u/r2 passengers occurring after t2 in type-2 cells and reaching fixation in the type-2

subclone will be incorrectly included in m2 obs. Thus,

m1 = m1 obs − u/r1 (2.54)

m2 = m2 obs − u/r2 + u/r1. (2.55)

Tumor with two sibling driver subclones

Here we consider a tumor with two “sibling” driver mutations (Fig. 2.6B). Sibling driver

mutations are drivers that occur in separate subclones. In this case, cells are either initiated

tumor cell (type-0), carry driver 1 (type-1), or carry driver 2 (type-2). No cells contain both

drivers. Driver 1 occurred in a type-0 cell at time t1. Driver 2 occurred in a type-0 cell at

t2. Type-0 cells have birth rate b0, death rate d0, and net growth rate r0 = b0 − d0. Type-1
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cells, which carry driver 1, have birth rate b1, death rate d1, and net growth rate r1 = b1− d1.

Type-2 cells, which carry driver 2, have birth rate b2, death rate d2, and net growth rate

r2 = b2 − d2. The mutation rate u is the same for all subclones.

Suppose time τi elapses between driver mutation i and tumor observation. Bulk sequencing

of the tumor is performed at t1 + τ1 (or equivalently t2 + τ2), and a known ∆ later. Sequencing

the tumor allows the measurement of the fraction of cells with driver 1 at the first sequencing,

α1; the fraction of cells with driver 2 at the first sequencing, α2; fraction of cells with driver

1 at the second sequencing, β1; the fraction of cells with driver 2 at the second sequencing,

β2; and the number of subclonal passenger mutations between frequencies f1 and f2, γ. The

fraction of type-0 cells at the two bulk sequencing time points are 1−α1−α2 and 1−β1−β2.

The total number of cells at the two sequencing time points are M1 and M2.

We then equate the estimated cell counts to the expected value of the type-i population

size Xi, conditioned on survival.

E
[
Xi

(
ti + τi

)∣∣∣Xi

(
ti + τi

)
> 0
]

=


b0
r0
er0(t1+τ1) i = 0

bi
ri
eri(τi) i = 1, 2

(2.56)

=

(1− α1 − α2)M1 i = 0

αiM1 i = 1, 2

(2.57)

E
[
Xi

(
ti + τi + ∆

)∣∣∣Xi

(
ti + τi + ∆

)
> 0
]

=


bi
ri
eri(t1+τ1+∆) i = 0

bi
ri
eri(τi+∆) i = 1, 2

(2.58)

=

(1− β1 − β2)M2 i = 0

βiM2 i = 1, 2

(2.59)

Solving the above equations for ri, we obtain

r0 =
1

∆
log
( (1− β1 − β2)M2

(1− α1 − α2)M1

)
(2.60)

ri =
1

∆
log
(βiM2

αiM1

)
i = 1, 2 (2.61)
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The expected value of the first time a population of type-i cells in a branching process reaches

the observed size αiM1 is [50]

Eτi =
1

ri
log
(αiM1ri

bi

)
− 1

ri

∫ ∞
0

e−z log zdz (2.62)

=
1

ri
log
(αiM1ri

bi

)
+

0.5772

ri
(2.63)

≈ 1

ri
log(αiM1) i = 1, 2 (2.64)

where the approximation in (2.64) is justified as for (2.24). By (2.11),

Eγ = u

(
1− β1 − β2

r0

+
β1

r1

+
β2

r2

)(
1

f1

− 1

f2

)
(2.65)

Using the estimates for r0, r1, and r2 from (2.60) and (2.61), and setting (2.65) equal to the

value of γ obtained from (2.33) and the second bulk sequencing, u can be estimated.

u =
f1f2γ

(f2 − f1)(1−β1−β2
r0

+ β1
r1

+ β2
r2

)
(2.66)

When estimating mutation rate for the CLL patients from Ref. [2], for which there is bulk

sequencing at two or more time points, we average the mutation rate calculated at each

of these time points. (2.66) is applied for each time point with the respective CCFs and

observed γ values for each time point.

Every type-1 cell carries the m1 passenger mutations that were present in the original

type-1 cell when the first driver mutation occurred at t1. Similarly, every type-2 cell carries the

m2 passengers that were present in the founder type-2 cell when the second driver mutation

occurred at t2. We assume that m1 and m2 don’t contain any shared mutations. In the CLL

dataset we use, this is true. We consider the likelihood function P (m1,m2|t1, t2)

P (m1,m2|t1, t2) ∝ P (m1|t1)P (m2|t2) (2.67)

∝ (ut1)m1e−ut1

m1!

(ut2)m2e−ut2

m2!
. (2.68)

Maximizing the logarithm of (2.68) with respect to t1 and t2 yields the maximum likelihood
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estimates:

t1 =
m1

u
(2.69)

t2 =
m2

u
. (2.70)

Using the same approach as in the case of a single driver, we obtain the corrections for the

observed number of mutations present in all cells of each subclone:

m1 = m1 obs − u/r1 (2.71)

m2 = m2 obs − u/r2. (2.72)

Fully generalized estimates for any phylogeny of k drivers

Here we derive estimates for a completely general tumor phylogeny. Suppose a tumor has

k driver mutations. In this general case, define a type-i cell as a cell where its most recent

driver mutation was driver i. Note that a type-i cell can have between 0 and k − 1 other

driver mutations. A phylogenetic reconstruction of the k driver mutations is necessary for

the completely general case. From this phylogenetic tree, the ancestor of each subclone can

be obtained. Define the function a(i) as the ancestor of the type-i population. That is, if

all driver mutations contained in the type-i population are ordered, a(i) gives the driver

mutation that occurred prior to i. Define ti as the time between when driver i occurred and

when the type-i cells’ previous driver mutation occurred. At time of observation, assume the

type-i population has κi total driver mutations, where 1 ≤ κi ≤ k for all 1 ≤ i ≤ k. Denote

the time between the type-i’s κi, or last, driver mutation and when the tumor is observed

as τi. This is the time between the founder type-i cell’s birth and tumor observation. Then

the tumor is first observed and bulk sequenced at T1 ≡ (
∑κi−1

j=0 taj(i)) + τi (equivalently τ0 for

i = 0), where we denote aj as the jth iterate of the function a:

a0(i) ≡ i (2.73)

aj(i) ≡ a(aj−1(i)) ∀j ≥ 1. (2.74)
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The tumor is also bulk sequenced at T2 ≡ (
∑κi−1

j=0 taj(i)) + τi + ∆ (equivalently τ0 + ∆ for

i = 0). These assumptions allow for any subclone phylogeny, including combinations of the

previously discussed sibling and nested subclone types.

The bulk sequencing allows the measurement of the fraction of cells with driver i at T1,

αi; the fraction of cells with driver i at time T2, βi; and the number of subclonal passenger

mutations between frequencies f1 and f2, γ. Again, the total number of cells at measurement

times T1 and T2 are M1 and M2. To write the type-i frequencies, αci and βci , in terms of the

driver frequencies, we subtract the fraction of cells descending from type-i cells but gaining

additional driver mutation(s) after i, from the fraction of cells containing driver i:

αci =

αi −
∑k

j=1 δi,a(j)αj 1 ≤ i ≤ k

1−
∑k

j=1 α
c
j i = 0

(2.75)

βci =

βi −
∑k

j=1 δi,a(j)βj 1 ≤ i ≤ k

1−
∑k

j=1 β
c
j i = 0

(2.76)

where δi,a(j) is the Kronecker delta, defined as

δi,a(j) =

0 if i 6= a(j)

1 if i = a(j)

.

We equate the estimated cell counts at the first bulk sequencing time point to the expected

value of the type-i population size Xi, conditioned on survival.

E[Xi(T1)|Xi(T1) > 0] =
bi
ri
eriτi

= αciM1 (2.77)

And similarly, at the second bulk sequencing time point,

E[Xi(T2)|Xi(T2) > 0] =
bi
ri
eri(τi+∆) (2.78)

= βciM2. (2.79)
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Solving the above equations for ri, we obtain

ri =
1

∆
log
(βciM2

αciM1

)
∀i = 0, 1, . . . , k. (2.80)

By (2.11)

Eγ =

(
u

k∑
i=0

βci
ri

)(
1

f1

− 1

f2

)
. (2.81)

Now, using the growth rate estimates ri and the subclone sizes, we can estimate each τi. The

expected value of the first time a population of type-i cells in a branching process reaches the

observed size αciM1 is [50]

Eτi =
1

ri
log
(αciM1ri

bi

)
− 1

ri

∫ ∞
0

e−z log zdz (2.82)

=
1

ri
log
(αciM1ri

bi

)
+

0.5772

ri
(2.83)

≈ 1

ri
log(αciM1) (2.84)

where the approximation in (2.84) is justified as for (2.24).

Using the (k + 1) ri estimates from (2.80), and setting (2.81) equal to the value of γ

obtained at the second bulk sequencing from (2.33), u can be estimated:

u =
f1f2γ

(f2 − f1)(
∑k

i=0
βc
i

ri
)
. (2.85)

When estimating mutation rate for the CLL patients from Ref. [2], for which there is bulk

sequencing at two or more time points, we average the mutation rate calculated at each

of these time points. (2.85) is applied for each time point with the respective CCFs and

observed γ values for each time point.

The number of passengers present in the original type i founder cell cannot be directly

observed, but we can measure mi, the number of clonal passengers present in the type i

population, only including passengers not present in other clones. We will assume that the

mi don’t contain any shared mutations, which is true for the CLL dataset we consider. The
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likelihood function P (m1, . . . ,mk|t1, . . . , tk) is proportional to

k∏
i=1

P (mi|ti) ∝
k∏
i=1

(uti)
mie−uti

mi!
. (2.86)

Then, maximizing the logarithm of (2.86) with respect to t1, t2, . . . , tk,

ti =
mi

u
∀i = 1, . . . , k. (2.87)

The observed clonal passengers in the founder type-i cell will incorrectly include passengers

that reached fixation in the type-i population after driver mutation i occurred, instead of

correctly being counted toward the descendant of clone i. As a result, we again correct for

the expected number of these passengers, u/ri. That is,

mi = mi, obs − u/ri + u/ra(i) ∀i = 1, . . . , k. (2.88)

2.6 Supplementary Materials

Supplementary Tables

Table 2.3: Parameter values. Parameter values and number of surviving runs for Monte

Carlo simulations. For all simulations f1 = 0.01, f2 = 0.20, L = 2. Table (.xlsx file) can be

downloaded from: https://doi.org/10.1371/journal.pcbi.1010677.s006

https://doi.org/10.1371/journal.pcbi.1010677.s006
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Supplementary Methods. Unbiasedness of growth rate for Chapter 2.

Denote our estimator for growth rate of the type-i clone r̂i, with true parameter value ri.

The type-i population has size Xi(t) at time t. Then,

bias(r̂i) = E(r̂i)− ri (2.89)

=
1

∆
E log

(Xi(tdx + ∆)

Xi(tdx)

)
− ri (2.90)

≈ 1

∆

(
ri∆ + E log U − E log V

)
− ri (2.91)

=
1

∆
(ri∆ + (γ + log ri)− (γ + log ri))− ri (2.92)

= 0 (2.93)

where U and V are i.i.d. Exp(ri/bi), and tdx is the time of diagnosis.
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Chapter 3

ULTRA-DEEP MUTATIONAL LANDSCAPE IN CHRONIC
LYMPHOCYTIC LEUKEMIA PATIENTS UNCOVERS

CLONAL DYNAMICS OF RESISTANCE TO TARGETED
THERAPIES.

This chapter is from a paper which will soon be submitted, entitled “Ultra-deep mutational

landscape in chronic lymphocytic leukemia patients uncovers clonal dynamics of resistance

to targeted therapies” and on which I am a co-first author. The complete list of authors is:

David Woolstona*, Elena Latorre-Estevesb*,Nathan Leeb*, Mazyar Shadmanab , Xin Ray Tee,

Jeanne Fredricksonb , Brendan F. Kohrnb , Olga Sala-Torraa , Chaitra Ujjaniabc, Ashley Eckelb ,

Brian Tillabc, Min Fangabc, Jerald Radichabc, Ivana Bozicb†, Rosa Ana Risquesb†, Cecilia CS

Yeungabc†

aFred Hutchinson Cancer Center

bUniversity of Washington

cSeattle Cancer Care Alliance
*Co-first authors
†Co-last authors

3.1 Introduction

Chronic lymphocytic leukemia/lymphoma (CLL) is one of the most common leukemias/lymphomas

in adult patients with approximately 21,000 new CLL diagnoses reported in 2021 and its

global incidence has risen over the past 30 years [81]. Its presentation ranges from indolent

to aggressive, with aggressive CLL portending overall survival of 12 months after a Richter’s

transformation [82, 83]. Therapies for CLL now utilize Bruton’s tyrosine kinase inhibitors

(BTKi) such as the irreversible covalently binding ibrutinib with or without rituximab [84,85].

First- and second-line BTK inhibitors irreversibly inhibit BTK activity by covalently binding
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the cysteine residue C481 in BTK’s ATP-binding site and demonstrated excellent patient

outcomes (progression-free survival of 75% after 26 months of treatment) [85–87]. BTK is a

key component of different B cell receptor pathways including P13K, MAPK, and NF-κB and

regulates proliferation and differentiation of B cells [88,89]. Although 80-90% of CLL patients

respond to targeted therapy, nearly half will relapse by 5 years [90] and most (70-90%) will

eventually develop resistance and relapse [91]. Strikingly, 85% of the resistance seen in first

line BTKi can be attributed to mutations in BTK or phospholipase C, γ 2 (PLCG2) [92, 93].

When patients with CLL who have been treated with BTKi relapse, 85% have been

reported to develop resistance mutations either at the BTK drug binding site after 24 to

48 months of treatment [92,94,95] or activating mutations in PLCG2 either in isolation or

in combination with mutations in BTK12. These mutations allow for BTK-independent

activation pathways, thus enabling tumor cells to be less reliant on BTK [93,96]. Development

of resistance is common under treatment with first and second generation BTKi; ibrutinib as

the first in class reports 11-38% acquired primary resistance in CLL patients [97–99] whereas

acalabrutinib reports 15% acquired primary resistance [100]. Resistance mutations altering

the binding site on BTK or its immediate downstream effector PLCG2 have been discovered

in a significant portion of cases demonstrating progression on BTKi [92,98–100]. Reversible

BTK inhibitors were developed to overcome the toxicity profiles of the earlier BTKi [101].

Pirtobrutinib (LOXO-305), a reversible selective BTK inhibitor which inhibits Y223

autophosphorylation of active BTK mutants at position 481 that cause resistance, has shown

efficacy in studies in treating both ibrutinib naive and ibrutinib resistant CLL patients

[101–103]. Early phase 1 and phase 2 studies reported pirtobrutinib as safe and effective

for CLL treatment [104]. The success of BTK inhibitors and the availability of multiple

second-, third-, and fourth-line therapies [85, 105] also changed the paradigm of disease

monitoring and data now show that demonstration of measurable residual disease (MRD) is

an important prognostic indicator in CLL [106,107]. Discovery of ultra-low levels of resistance

mutations and ability to track the growth patterns of such clones could be an essential

element of CLL management and care during treatment with BTK inhibitors. Laboratory
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methods for detecting MRD in CLL are increasingly important and a routine part in guiding

patient management decisions [108]. Demonstration of undetectable MRD at the end of

treatment serves as an independent indicator of prognosis correlating with favorable outcomes

for patients [109]. Most common laboratory methods used to date for MRD detection in

CLL have been flow cytometry, although some studies have implemented allele specific

oligonucleotide PCR [109].

Duplex sequencing is one of the most accurate sequencing methods to date and as such

has been used for MRD detection in Ph+ALL [110], as well as for detection of resistance

mutations in acute and chronic myeloid leukemias and acute lymphoblastic leukemia [110–112].

During library preparation, both strands of the targeted DNA region are tagged with a unique

and complementary double-stranded nucleotide “barcode”, which enables independent error

correction in each DNA strand as well as duplex error correction by comparing both strands.

This 3-layer correction method provides unprecedented resolution for the identification of

mutant variants (< 1/10, 000) [113–116] which could change the paradigm for the early

identification of therapy resistance and MRD in CLL. However, this method has not been

used in CLL.

In this study, we follow the complex clinical course of two patients who have developed

resistance to CLL therapies and where we were able to study the molecular and cytogenetic

clonal evolution of their CLL disease. We employed duplex sequencing to screen for mutations

in TP53, BTK, BAX, PLCG2, and BCL2 at ultra-low allelic frequencies in serial marrow and

blood samples from these two patients with CLL and investigated the mutational profiles

that emerged when their disease progressed through pirtobrutinib therapy.

3.2 Methods

3.2.1 Patients and samples

This study features two patients who were originally consented and enrolled into a separate

study for pirtobrutinib treatment of refractory CLL. When patients demonstrated resistance
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to treatment with pirtobrutinib, they were consented under a Fred Hutch IRB approved

CLL biorepository protocol to have their archival tissues and an additional sample obtained

for this study for tumor banking, and resistance mutation profiling. Post-pirtobrutinib

specimens were collected, and archival specimens were retrieved from as many timepoints

as possible from the following clinical laboratories: flow cytometry, cytogenetic, molecular,

and histology laboratories. For the first patient (R001), we analyzed 6 samples (A to F),

which included 4 peripheral blood (PB) samples and 2 bone marrow (BM) samples. For the

second patient (R002), we analyzed 5 samples (A to E), which included 1 PB sample and

4 BM samples. Archival DNA samples (n=8) required no further extraction. From fresh

PB or BM samples (n=3), mononuclear cells were isolated using Ficoll-Paque media and

density gradient centrifugation, then suspended in fetal bovine serum with 10% DMSO and

cryopreserved in liquid nitrogen until DNA extraction. Cryopreserved cells were thawed,

their DNA was immediately extracted using the Gentra Puregene Blood Kit (Qiagen) and

DNA was quantified using the Qubit dsDNA HS Assay kit (ThermoFisher Scientific) per

manufacture protocol. Clinical archival specimens were extracted according to CLIA/CAP

clinical standard operating procedures (SOP)s per the specific originating laboratory.

3.2.2 DNA Duplex Sequencing library preparation

DNA from each sample (500ng) was prepared into libraries for Duplex sequencing according to

published protocols [113,115] and using commercially available kits (TwinStrand Biosciences,

Seattle, WA). Library preparation consisted sequentially of sonication, end-repair, A-tailing,

ligation to duplex adapters, fragment amplification, hybridization capture with biotinylated

probes, and library amplification. The capture panel was designed to target TP53 mutations

and other cancer mutations that have been identified in drug resistance and relapse in

CLL [92–95]. The panel included 56 probes covering the coding region of TP53 as well as

known hotspot areas for BCL2, BAX, BTK, and PLCG2, for a total size of 4843bp. Given

the small size of the panel, two rounds of hybridization capture were performed to increase

efficiency [117]. Proper library fragment size was confirmed by Agilent 4200 High Sensitivity
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TapeStation. Indexed libraries were quantified using the Qubit dsDNA HS Assay kit, diluted,

and pooled for sequencing. Libraries were sequenced using 150 PE reads on a NovaSeq

Illumina platform on site or HiSeq at Genewiz (South Plainfield, NJ), allocating ∼11 million

reads per sample.

3.2.3 Duplex Sequencing analysis

Sequencing reads were analyzed using pipeline v2.1.2 available at https://github.com/

Kennedy-Lab-UW/Duplex-Seq-Pipeline. First, raw reads were demultiplexed and grouped

using the double stranded molecular tag included in the duplex adapters. Reads sharing

the same tag were used to produce consensus Single-Strand Consensus Sequence (SSCS)

reads. Then, SSCS reads with complementary tags were compared to produce a single,

highly accurate Duplex Consensus Sequence (DCS) or “duplex read”. Duplex reads were

aligned to the human genome reference hg38 (GRCh38), end-trimmed (15bp at 5’, 5bp at 3’),

and overlap-trimmed. Variants were called using VarDict Java, and output VCF files were

converted to MAF files using the Vcf2Maf script (https://github.com/mskcc/vcf2maf)

with VEP version 104 [118]. Masking was performed for TP53 areas prone to sequencing

artifacts.

3.2.4 Mutational analysis

R scripts were used to process MAF files using R version 4.2.1 including the tidyverse

library [119]. Variants were discarded if they had depth < 50 reads or were in masked areas.

Variants were annotated based on their classification in the MAF file as missense, nonsense,

silent, indel, splice, UTR or intronic. Intronic mutations, mutations in UTRs, and mutations

in intronic splice regions were considered non-coding. All other mutations were considered

coding.

Variant allele frequencies (VAF) were calculated by dividing the number of mutant duplex

reads (alternative counts) by the duplex depth at the mutated position. Variants that were

present in all the samples from a given patient at VAF> 0.9 (homozygous) or VAF between

https://github.com/Kennedy-Lab-UW/Duplex-Seq-Pipeline
https://github.com/Kennedy-Lab-UW/Duplex-Seq-Pipeline
https://github.com/mskcc/vcf2maf
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0.4 and 0.6 (heterozygous) and had a dbSNP identifier were considered single nucleotide

polymorphisms (SNP)s. Variants that had a dbSNP identifier, were present in all samples,

and had a difference in VAF across samples (maximum minus minimum VAF) > 0.2, were

considered SNP-loss of heterozygosity (SNP-LOH). All variants that were not SNP or SNP-

LOH and had depth > 1000 were considered mutations. For each sample, mutation frequency

(MF) was calculated independently for coding and non-coding regions as the number of mutant

positions divided by the total number of duplex nucleotides sequenced in the corresponding

regions.

3.2.5 Calculation of cancer cell fraction (CCF)

To study clonal evolution of CLL under therapy, we converted the VAF of each mutation to

its CCF, the fraction of cancer cells containing the mutation. The calculation of the variant

CCF incorporates tumor purity of the sample and the ploidy at the genomic location, as

explained in the section “Variant CCF of heterozygous mutations in a diploid scenario”. In

Duplex sequencing, every Duplex read corresponds to an original DNA molecule. While

mutations in a single molecule are reliably detected, they are subjected to higher sampling

error. Thus, we only focused on mutations detected in two or more molecules in a given

sample to increase precision in CCF calculations. In patient R001, we analyzed the four

PB samples but not the two BM samples because they were collected on the same day and

within days of the third PB sample. In patient R002, the CCF could not be calculated for

the sample with 0% tumor purity, resulting in the analysis of 4 samples total: one PB and

three BM samples.

3.2.6 Variant CCF of heterozygous mutations in a diploid scenario

Let r be the total number of reads for mutation i occurring in a diploid region of the genome,

with v being the number of variant reads. Then V AFi = v/r. The population of cells in the

sample will be a mixture of normal cells and cancer cells. The tumor purity of a sample, p, is

the fraction of cancer cells in the sample. Thus r(1− p) reads are expected to correspond to
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normal cells, and rp reads are expected to come from cancer cells. Furthermore, a somatic

mutation in a diploid region is typically expected to be present in only one allele of a gene in

question. In other words, the fraction of cancer cells containing mutation i is given by:

CCFi =
2v

pr
=

2V AFi
p

(3.1)

3.2.7 SNP-LOH frequency and CCF

We use VAF of heterozygous SNPs to determine the frequency of SNP-LOH affecting a gene

of interest. As described above, variants that had a dbSNP identifier, were present in all

samples, and had a difference in VAF across samples (maximum minus minimum VAF) > 0.2

were considered SNP-loss of heterozygosity (SNP-LOH). The VAF of these SNPs was used

to infer the frequency of cells with SNP-LOH in the sample. To describe the methodology

in more detail, we consider the case of two SNPs on the opposite alleles of the same gene,

SNP-A and SNP-B. There is a SNP-LOH in an unknown fraction of cells, x, in the sample,

resulting in the loss of the allele containing SNPa. Let the measured VAFs of the two SNPs

be denoted by V AFa and V AFb. Since SNPa is only present in cells without SNP-LOH, it

follows:

V AFa =
1− x

2(1− x) + x
=

1− x
2− x

(3.2)

Note that V AFa < 0.5 in this scenario, indicating that SNPa is present in the allele affected

by SNP-LOH. Since SNPb is present in all cells, we have

V AFb =
1

2− x
(3.3)

Similarly, V AFb > 0.5, indicating that SNPb is present in the allele not affected by LOH.

The frequency of cells with SNP-LOH in the sample, x, can be calculated from any of the two

equations above. To calculate the frequency of cancer cells (CCF) with SNP-LOH, we note

that SNP-LOH should only be present in the cancer cell population. Thus, the SNP-LOH

CCF is x/p, where p is the sample purity.
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To validate the SNP-LOH CCF estimates, we cross referenced with clinical cytogenetic

data from a combination of karyotype, FISH, and chromosomal genomic array testing (CGAT)

on the same samples used for duplex sequencing or, when this was not available, at timepoints

near duplex testing timepoint. Patient R001 had no cytogenetic alterations affecting BAX,

PLCG2, and BTK confirming the presence of heterozygous SNPs at a VAF of ∼ 50% in all

samples. Patient R001 had two heterozygous SNPs (c.1101-375G>A and c.97-6C>T) that

indicate SNP-LOH in TP53, at a CCF ranging from 0.51 to 0.91. This finding is corroborated

with cytogenetic data including CGAT that confirms deletion of 17p in this CLL in two

timepoints prior to treatment with pirtobrutinib. In patient R002, although other cytogenetic

abnormalities were noted, no SNP-LOH was identified in the target gene region of our duplex

sequencing assay to alter CCF calculations and thus a copy number of 2 was used.

3.2.8 Variant CCF in the presence of LOH

To calculate the CCF of a variant located in a gene affected by LOH, we first need to

determine x, the fraction of cells with LOH in the sample, using the methodology described

in the previous section. Let p be the tumor purity of the sample. If mutation j is present in

a fraction f of cancer cells with LOH and in a fraction g of cancer cells without LOH, then

V AFj =
fx+ g(p− x)

2− x
(3.4)

CCFj =
fx+ g(p− x)

p
(3.5)

Combining the two equations, it follows that

CCFj =
V AFj(2− x)

p
(3.6)

3.3 Results

3.3.1 Patients and specimens

Patient R001: A 67-year-old woman who had received a diagnosis of CLL with cytogenetic

abnormalities including 11q and 17p rearrangements. She started treatment 2 years after
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Figure 3.1: Patient R001 CLL mutation evolution and treatment history. Colored

regions correspond to different treatment regimens. The WBC count (blue dotted line) can

be used as an indicator of tumor burden and progression. Key resistance mutations are in

bold in the legend.
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diagnosis receiving bendamustine and rituximab, then ibrutinib for 7 months (stopped due

to multiple soft tissue infections, arthralgia, and myalgia), and then switched to venetoclax

for 17 months and stopped because of progressive disease (PD). During treatment with

venetoclax, FISH and CGAT performed on a PD sample confirmed deletion 17p with loss of

TP53, prompting several trials of combination therapies prior to an investigational CD19-

targeted chimeric antigen receptor (CAR)-T cell therapy without response. She received

acalabrutinib for 9 months (discontinued because of arthralgia and myalgia), and then

switched to zanubrutinib for 9.25 months (discontinued due to PD). Patient was then treated

with pirtobrutinib for 4 months until she was found to have PD. Subsequent treatment was

duvelisib for 1.5 months without response. Patient died 2 months after stopping pirtobrutinib

due to complications of CLL. Six total samples were available for study spanning over 3 years

of follow up including both PB and BMs (Fig. 3.1, Fig. 3.4A).

Patient R002: A 73-year-old man with CLL for over 10 years prior to coming to our

institution for treatment of relapse disease. This patient was initially treated with fludarabine,

cyclophosphamide and rituximab, achieved a remission, and did not require treatment for

7 years. Upon arrival re-workup of his CLL showed several cytogenetic abnormalities such

as gain of 1q41qter-, 3q26qter+, 7pterp21-, 8q13qter+, and deletion of 9p21 including copy-

neutral LOH (cnLOH) of 9pterp13 but demonstrated no del 17p or alterations to TP53.

Upon progression, he was treated with ibrutinib for 3 years until demonstrating PD, when

he was switched to venetoclax for 2 years until further PD. He was placed on acalabrutinib

when combination ibrutinib/venetoclax trial for 2 months caused atrial fibrillation. He did

receive an experimental CD19-targeted CAR-T cell therapy but had a mixed response. He

restarted acalabrutinib and had controlled disease for 9 months until his disease progressed

again. Then he was treated with pirtobrutinib on a clinical trial for 2.5 months but showed

PD. Subsequent treatments included: duvelisib (10 days, stopped due to gastrointestinal

intolerance), an experimental bispecific anti CD20/CD3 antibody (PD after 1 dose), high-

dose corticosteroids and palliative bendamustine. Patient died 2 months after stopping

pirtobrutinib from complications of CLL. A single PB specimen was available for study from
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Figure 3.2: Patient R002 CLL mutation evolution and treatment history. Colored

regions correspond to different treatment regimens. The WBC count (blue dotted line) can

be used as an indicator of tumor burden and progression. Key resistance mutations are in

bold in the legend.
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this patient after demonstrating resistance to LOXO305, approximately 2 weeks before his

death. 4 BM samples were available: 2 pre-pirtobrutinib treatment and 2 post-pirtobrutinib

treatment (Fig. 3.2, Fig. 3.4A).

3.3.2 Targeted CLL drug resistance mutation testing by duplex sequencing

A total of 11 samples (6 from patient R001 and 5 from patient R002) were duplex sequenced

with a panel including the most common CLL resistance genes (BAX, BCL2, BTK, PLCG2,

and TP53). The average depth of sequencing across samples was 9,708x (min 7,812x, max

11,170x) (Fig. 3.4A). Both patients showed the highest number of mutations at the latest

datapoint, with also corresponded to the highest percentage of disease (95%). In the latest

sample from patient R001, tumor burden increased slightly from 82.7% to 95%, but coding

mutation frequency (MF) nearly doubled from 1.2x106 to 2.0x106. In patient R002, after

sequencing data was collected, electronic medical record (EMR) review revealed < 1% disease

in sample R002-B (collected 294 days before initiating pirtobrutinib) by ClonoSeq. This

indicates a mutational background in the absence of disease in this sample. Samples R002-D

and R002-E, which were collected 82 and 127 days post-pirtobrutinib, more than doubled the

MF of the sample without detectable disease. (Fig. 3.4B).

3.3.3 Using CCF to Study Clonal Dynamics During the Course of Disease

To determine clonal dynamics during the course of disease, for all mutations with 2 or more

duplex reads in at least one of the samples analyzed, we transformed the VAF into CCF,

taking into consideration the percentage of disease in the sample and the estimated LOH by

SNP duplex sequencing data and cytogenetics (see Methods). The CCF values are plotted in

Figure 3.1 (patient R001) and Figure 3.2 (patient R002).

For patient R001, CCF analysis revealed multiple mutations exhibiting putative resistance

to pirtobrutinib, as noted by their significant increase in CCF in the resistant CLL (Fig.

3.1). Strikingly, even though pirtobrutinib treatment was able to suppress the pre-existing

BTK C481S mutation, which was present at 5% CCF pre-pirtobrutinib and decreased to 1%
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CCF post treatment, another BTK mutation, L528W, increased in CCF by three orders of

magnitude following pirtobrutinib, from 0.0002 to 0.35. The BTK L528W mutation, being

present in a third of CLL cells post-treatment, is thus potentially a significant driver of

pirtobrutinib resistance in this patient. We detected this mutation at a very low VAF in a

pre-pirtobrutinib sample using ultra-sensitive Duplex sequencing, demonstrating that it was

pre-existing and did not arise de novo during pirtobrutinib treatment.

We also detected multiple PLCG2 mutations whose CCF increased significantly fol-

lowing pirtobrutinib. Most notably, the L845F mutation increased in CCF from 0.002

pre-pirtobrutinib to 0.09 post-pirtobrutinib. The majority of PLCG2 mutations detected

in the resistant CLL were also detected at lower frequencies at the pre-treatment sample,

indicating that they are pre-existing. We also found that most TP53 mutations decreased

in frequency following pirtobrutinib. One notable exception is the H178D mutation, which

was first detected at 0.2 CCF about a year prior to the start of pirtobrutinib treatment and

remained fairly steady at a CCF of 0.32 post-treatment. The TP53 mutations occurred on

the background of TP53 LOH/deletion, which was present at 80-100% CCF at all sequenced

samples.

In both patients the first sequencing sample is close to cessation of BCL-2 inhibitor

venetoclax. At this point, both patients had several TP53 mutations, and no mutations in

either BTK or PLCG2. Patient R001 also had multiple BCL-2 mutations, whereas Patient

R002 had multiple BAX mutations.

The second sequencing timepoint for both patients is collected after treatment with

BTK inhibitor acalabrutinib. In Patient R002, multiple BTK mutations appeared following

acalabrutinib, including known resistance mutations p.C481R, p.T474I and p.C481S, as well

as two PLCG2 mutations. In parallel, TP53 mutant clones decreased in frequency.

In contrast, in Patient R001 no new mutations appeared following acalabrutinib, however

multiple mutations in both BTK and PLCG2 appeared following subsequent treatment

with BTK-inhibitor zanubrutinib, including known BTK resistance mutations p.L528W and

p.C481S.
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Pirtobrutinib was able to suppress p.C481S mutation in both patients, but other resistance

mutations increased dramatically during pirtobrutinib treatment. Most notably, p.L528W

in R001 increased in frequency more than 1000-fold (from 0.02% to 35%), and p.T474I in

R002 increased in frequency from 0.06% to 8.5% (more than 100-fold). Mutations in PLCG2

also typically increased in frequency following pirtobrutinib treatment in both patients. In

addition, for both patients, new BTK and PLCG2 mutations appeared after pirtobrutinib

treatment. In patient 1, pirtobrutinib treatment suppressed minor clones with mutations in

BAX, BCL2 and TP53 but enabled the expansion of the TP53 mutant clone p.H178D, which

had appeared after acalabrutinib treatment. In patient 2, TP53 mutant clones were suppressed

with acalabrutinib treatment and remained suppressed during pirtobrutinib treatment.

3.3.4 Biological and technical reproducibility of Duplex assay

Samples R001-D and R001-E were two technical replicates of the same BM sample collected

6 days prior to pirtobrutinib initiation. Despite sample R001-D being sequenced at slightly

lower mean Duplex Depth than sample R001-E (7812x vs 10236x, Fig. 3.4A), both samples

showed comparable VAF, which closely resembled those identified in the matching blood

sample. All mutations with 3 or more reads per replicate were also detected in the second

replicate with highly correlated VAFs (Spearman’s rank correlation rho=0.89, p<2.2e-16,

Fig. 3.5). Mutations identified in one or two reads are expected to be missed in replicate

samples given their low abundance, random chance of selection, and lower depth in one of

the replicates.

For a subset of samples, NGS data was available and was compared with duplex sequencing

data (Fig. 3.3). NGS only identified one BTK mutation (p.C481S, c.1442G>C) and one

TP53 mutation (p.H178D, c.532C>G) in Patient R001 and one BTK mutation (p.T474I,

c.1421C>T) in Patient R002. All the mutations identified by NGS were also identified in the

same samples by duplex-seq at a similar VAF. Importantly, however, for patient R002, Duplex

sequencing identified the BTK p.T474I, C.1421C>T resistance mutation in an earlier sample

that was missed by NGS (Sample R002-C). This resistance mutation clonally expanded after
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pirtobrutinib treatment and at that point (sample R002-D) both methods could detect it.

The fact that Duplex sequencing identified this preexisting resistance mutation at very low

VAF (0.03%) prior to the treatment indicates the high sensitivity of the assay and its potential

clinical utility to rule out resistance mutations prior to treatment.

Figure 3.3: Comparison of Duplex and NGS VAFs. Variants detected with standard

NGS are detected at similar frequencies with Duplex sequencing.

3.4 Discussion

We report mutation analysis of targeted DNA Duplex sequencing on serial PB and BM

samples from two patients whose CLL demonstrated clinical resistance to pirtobrutinib.

Our data highlighted the resistance mutations that complicate pirtobrutinib therapy and,

more importantly, demonstrate the temporal alterations to the CCF and how the resistance

mutations evolved under therapeutic pressure from different targeted therapies. We tracked

both previously published resistance mutations seen in BTK, BAX, BCL2, PLCG2 [95,100,
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120, 121] in addition to known mutations in the coding regions as well as mutation in the

non-coding regions. Our first patient has a more aggressive CLL disease with primary disease

demonstrating 17p and 11q deletion. This patient’s disease was treated within 2 years of

initial diagnosis with different targeted agents including BTK inhibitors and CAR-T cells but

progressed prior to enrollment into the pirtobrutinib clinical trial. Despite treatment with

pirtobrutinib this patient had a BTK C481R resistance mutation which progressed from day

0 through 421 with a trend of increasing VAF/CCF. In contrast, our second patient had a

long-standing history of CLL (over a decade) prior to starting a series of targeted therapies

to which the CLL developed resistance, including BTK and BCL2 inhibitors, CAR-T cell

therapy, and a novel bispecific antibody, before being enrolled into a clinical trial for treatment

with pirtobrutinib. For both patients, we retrospectively obtained all available samples from

our clinical laboratories and performed duplex sequencing for a panel of CLL resistance

mutations along with TP53 mutations to track clonal trends over the course of their disease

under treatment with different targeted agents, including pirtobrutinib, to assess how these

treatments effect clonal evolution.

Duplex sequencing improved sensitivity for ultra-low levels of mutations which were likely

undetectable by standard NGS. Orthogonal confirmation demonstrated in patient R002

sample C for variant BTK p.T474I, C.1421C>T where NGS showed 0% of this variant,

and Duplex showed a very low level of mutation at 0.03%. Wang et al. describes the first

9 patients from the phase 1-2 BRUIN study, who showed resistance to pirtobrutinib and

the types of mutations they noted by standard targeted NGS with a detection limit for

variant allele frequency of > 1% [122]. In contrast to this study, our work utilizes duplex

sequencing where all but one sample achieved over 9,000 duplex depth of coverage (range

7,812x-11,170x), and allows for a much more sensitive assessment of mutations in the samples.

Duplex sequencing allows further error correction with Duplex tags that uniquely identify the

DNA molecules. Because of this, we could detect ultra-low allelic frequencies of mutations

down to a limit of detection of 1 in 10,000 duplexes or a VAF of 0.0001.

Pirtobrutinib, an oral, third generation non-covalent BTK inhibitor was developed to
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target both wild type CLL and CLLs with BTK resistance mutations, such as C481 [104].

Initial reports from phase 1/2 trials show great promise, with high tolerability and overall

response rates of 86% in patients who stay on the course of therapy [123]. Both of our

patients with post-pirtobrutinib relapse demonstrated clonal expansion of resistant mutations

and increased mutation in PLCG2 and BTK, with persistent mutations in TP53. Our

first patient had additional expansion of BTK L528 variant while their BTK C481 variant

clone diminished, along with a LOH in TP53. Although pirtobrutinib has been specifically

developed to overcome mutations in the C481 residue, both patients carried persistent low

level BTK C481 mutations during and after pirtobrutinib treatment suggesting alternative

evasion mechanisms. These BTK C481 mutations coincided with a concomitant increase

in PLCG2 mutations, which is observed in both patients with the addition of pirtobrutinib

treatment. This observation is similar to those seen in the first 55 patients treated in Wang

et al. who described 9 patients with pirtobrutinib-resistant disease, of whom 7 patients

acquired mutations in the kinase domain of BTK and 9 developed PLCG2 mutations [122].

In contrast to the observations in the Wang et al. study, our two patients carry a greater

variety of low-VAF PLCG2 mutations, with the highest VAF at 4%, while patient R001

showed a high VAF for resistance mutation BTK L528 at 16% at the last time point. More

recently, Naeem et al. analyzed in vitro ibrutinib resistance models and primary CLL cells

from initially pirtobrutinib-responding CLL patients and demonstrated that, at progression,

CLL cells showed increasing resistance to pirtobrutinib [124]. The BAX frameshift mutation

p.E41Gfs*33 was observed at high frequency in patient R002, and expanded over the course

of acalabrutinib and pirtobrutinib treatment. Similar mutations were observed in half of the

colorectal adenocarcinomas examined in Rampino et al. [125], and were recently implicated

as a venetoclax resistance mechanism in CLL [126,127] and acute myeloid leukemia [128].

The presence of TP53 mutations has important prognostic implications, even at low allelic

burdens (10%). Patients with TP53 VAFs of greater 10% have lower overall survival [129].

Other groups also observed preexistent or emergent resistance mutations persisting at low

allelic frequencies prior to relapse or progression [92,130]. However, these studies are typically
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a snapshot of a single timepoint or a comparison of the diagnosis sample to a relapse sample,

without serial samples to follow the trends of a growing clone. In our study, most of the

TP53 mutations were seen at a relatively low burden, although patient R001 did have one

high burden TP53 H178 mutation demonstrating clonal expansion over the serial timepoints.

R001 also demonstrated a more aggressive clinical course with significantly shorter survival

than patient R002. Others have noted associations with shorter overall survivals and TP53

mutations [129]. We currently postulate that spurious TP53 mutations that are seen at

one timepoint but show no increasing VAF (having a minimum of 2 clonal reads and in

consecutive serial samples) in subsequent timepoints are not of clinical significance; however,

additional patients and more serial studies are needed to understand the implications of

temporal trends of TP53 mutations.

3.5 Supplemental Materials

3.5.1 Supplementary Figures
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Figure 3.4: Characterization of mutations identified pre- and post-pirtobrutinib

treatment. (A) Description of samples collected over time for both patients R001

(A,B,C,D,E,F) and R002 (A,B,C,D,E). Sample types include bone marrow and periph-

eral blood. Values for percent disease, days pre/post pirtobrutinib treatment, and mean

coding depth for duplex sequencing are shown for each sample. (B) Mutation Frequency

for coding and non-coding mutations for each sample collected over time. (C) Number of

coding mutations found in genes associated with drug resistance in CLL for each sample.

Genes associated with CLL resistance and covered by duplex sequencing probes include BAX,

BCL2, BTK, PLCG2, and TP53. Each sample is represented by a single column; mutated

genes are color-coded and represented as a fraction within the column. (D) Number of coding

mutations found in genes associated with drug resistance in CLL for each sample collected

over time.
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ρ = 0.89, p < 2.2e−16
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Figure 3.5: Reproducibility of duplex sequencing data. Two bone marrow samples

collected the same day from patient R001 were independently processed for duplex sequencing.

Variant allele frequencies (VAF) were calculated by dividing the number of mutant duplex

reads (alternative counts) by the duplex depth at the mutated position. Black dots represent

the mutations found in 2 separate samples collected the same day for the same patient (R001).

Spearman’s rank correlation coefficient is used to measure the degree of association between

two variables (ρ = 0.89), showing high reproducibility of measurements.
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Chapter 4

TRACKING CLONAL EVOLUTION IN A COHORT OF
POST-TRANSPLANT ACUTE MYELOID LEUKEMIA

PATIENTS

This chapter is from a collaboration with a team of physician-scientists and clinical researchers

at Fred Hutch: Elizabeth Krakowabc, Isaac Jenkinsa , Olga Sala-Torraa , Lan Beppua , Jerald

Radichabc, Ivana Bozicb , Cecilia CS Yeungabc

aFred Hutchinson Cancer Center

bUniversity of Washington

cSeattle Cancer Care Alliance

4.1 Introduction

4.1.1 Acute myeloid leukemia and myelodysplastic syndromes

Myelodysplastic syndromes (MDS) are a broad class of clonal hematopoietic disorders that

are characterized by the bone marrow not producing enough healthy blood cells. Instead, an

increased number of immature blood cells called blasts are produced. Clinical features of

MDS include cytopenias—that is, low blood cell counts—and abnormal—or dysplastic—bone

marrow [131]. Depending on the patient’s risk level, treatment options for MDS can range

from observation for low-risk patients, to chemotherapy regimens and hematopoietic stem cell

transplants for high-risk patients [132]. Traditionally, when patients have more than 20% bone

marrow or peripheral blood blasts, they are considered to have progressed to acute myeloid

leukemia (AML), an aggressive neoplasm with annual incidence rate of 4.1 per 100,000 and 5

year survival of 13%1. Myeloid disorders exist on a continuum of clonal evolution, ranging

1The Haematological Malignancy Research Network (HMRN). Factsheets: Acute myeloid leukaemia 2022.
www.hmrn.org/factsheets#acute_myeloid_leukaemia, (accessed 02 December 2022).

www.hmrn.org/factsheets#acute_myeloid_leukaemia
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from clonal haematopoiesis of indeterminate potential (CHIP) to MDS and AML [133]. The

boundary between MDS and AML has shifted over the years and remains ambiguous [131].

The 20% threshold is still widely used [131], including for clinical trial eligibility, originating

from a 2001 World Health Organization classification [134]. Recently, alternative approaches

that rely less on cutoffs for percent blasts and more on likelihood of leukemic progression

have been proposed as more meaningful classifications of disease [131, 135, 136]. A recent

study of more than 2000 AML and MDS patients performed genomic analyses to stratify

patients into risk levels for leukemic progression and found that certain mutations correlated

with survival time and disease progression [137]. Genomic and transcriptomic profiling of

AML/MDS provides valuable insights into timing and type of treatment offered to patients,

even before they are traditionally classified as having AML [133, 138]. Additionally, the

somatic mutations driving AML and MDS have been extensively characterized [133,139].

Allogeneic hematopoietic cell transplantation (HCT) is the only potentially curative

treatment option for many AML/MDS patients [132]. Despite the overall decline in the risk

of transplant-related mortality in the past several decades, the risk of relapse after transplant

has increased [140], with relapse occurring in 30% to 60% of cases [140–143]. This highlights

the need for further investigation of the clonal dynamics of post-transplant relapse and how

monitoring clonal evolution in tandem with clinical indicators could improve treatment.

Single-cell genomic and transcriptomic profiling of blood and bone marrow provides one

avenue for the construction of clonal phylogenies in AML. Studies have described the genetics

of single cells in AML and characterized clonal architecture [144], as well as clonal evolution

of primary cancer samples [145], allogeneic hematopoietic stem cell transplant recipients [146],

leukemic hematopoiesis and transformation [147], and pre-treatment and paired relapse

samples [148,149]. Despite the strength of single-cell methods for recovering clonal lineages

and genomic profiles, their widespread clinical use is limited by high cost and technical issues

including noisy data and limited sensitivity [150–152].

Bulk sequencing remains the most common approach for performing clonal inference;

though as single-cell methods improve in accurately detecting copy number alterations and
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single nucleotide variants, the combination of single-cell methods with bulk sequencing

will leverage the distinct strengths of each [23, 153, 154]. A wide array of sophisticated

computational tools has been developed for the numerous steps involved in inferring clonal

relationships from raw bulk sequencing data, including variant calling, clustering variants into

clones, and building phylogenetic trees. Making use of such tools, in this work we develop a

software pipeline and visualization platform to provide patient-specific information about

the clonal evolution of their cancer. While our work is applicable to any cancer with serial

samples, we tailor our approach to AML patients receiving HCT, based on the need for such

tools in post-HCT settings, where donor chimerism—that is, the percent of hematopoietic

cells that are derived from the donor—must be accounted for. We apply our methodology to

a cohort of AML patients, from which pre-transplant and post-transplant bone marrow and

peripheral blood samples were collected and sequenced. Our work has important implications

for monitoring for relapse and informing clinicians’ treatment decisions, such as indicating

preemptive treatment for high-risk patients.

4.1.2 Insights into clonal evolution from individual variant allele frequencies

When cancer samples are sequenced, each site on a sequencing read can either have the

reference allele or a variant allele. After sequencing post-processing and variant calling, one

obtains a list of variants detected in the sample, as well as the number of reads the variant

was detected on (alternate count) and the number of reads that the reference allele was

detected on (reference count). From the read counts, it is possible to calculate the variant

allele frequency (VAF), which is the fraction of total reads containing that variant. In the

case of a copy number of two, heterozygous single nucleotide polymorphisms (SNPs) will have

a VAF of approximately 0.5, and homozygous SNPs will have a VAF of approximately 1.0.

Tumors are highly heterogeneous, in part due to the accumulation of mutations in different

genetically distinct subpopulations, or subclones, of the cancer cell population [15]. During

bulk sequencing of the cancer, DNA is extracted from the collected cells, which are a mixture

of cells from (at that point) unknown subclones. To further complicate matters, the sample
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will also contain some normal cells. The percent of the sample consisting of cancer cells is

referred to as “tumor purity.” The single set of detected variants belongs to different subclones.

Examining VAFs of individual variants provides limited insights into clonal evolution, except

in the very unlikely scenario that each variant originates from its own unique subclone.

Plotting VAFs over time shows how variant frequency changes; however, the dynamics of

these variants are not independent, and the frequencies of variants originating from the

same subclone will be correlated. The lineage of the clones is also obscured when observing

individual VAFs. Analysis of individual variant frequencies does not reveal the order of

occurrence of the subclones or their relationships.

All these issues motivate the use case for clustering variants into clones, which in turn

allows the phylogenetic reconstruction for the inferred clones. In many cases it would be

difficult to build a phylogenetic tree of all detected mutations. As I will discuss below, many

tree inference methods struggle as the number of clones increase. As the upper bound on the

number of clones is the number of mutations detected, it would not be feasible to use many

of these methods to construct the mutational phylogeny. The clonal structure of cancers also

has several key clinical implications. Clonal structure and heterogeneity have a fundamental

connection to treatment resistance. Suppose a major and minor subclone in a tumor contain

different oncogenic mutations. If the major subclone is eliminated via targeted therapy

and the minor subclone survives, then it might expand and quickly become the dominant

clone; whereas, if the two oncogenic mutations occurred in the same clone, they both would

have been eliminated by the targeted therapy. Ideally treatment would be evaluated for its

potential to select for certain high-risk pre-existing clones. Significant work has gone into

identifying sets of mutations that are more likely to occur in mutually exclusive lineages or

the same clone [155–162]. The co-occurrence of certain mutations can have a cooperative

intrinsic fitness effect not possible with the individual mutations [163–166]. In the past decade,

evidence has emerged that clones are not independent, non-interacting groups, and can in

fact directly cooperate and compete in a non-autonomous manner [167–169]. As I discuss
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in my review paper2, clonal interactions can lead to cancer progression, tumor suppression,

treatment resistance, and metastasis [168,170,171].

4.2 Methods

4.2.1 AML patient cohort

A cohort of 44 AML patients in remission were treated with HCT in a phase I/II trial.

Conditioning consisting of clofarabine and low-dose (2 Gy) total body irradiation preceded

HCT [172]. 43/44 patients received transplants from HLA-matched related or unrelated

donors. 29 patients had serial bone marrow or blood samples collected for at least one pre-

transplant and post-transplant timepoint. Variable numbers of post-transplant samples were

sequenced for each patient, but for samples that were sequenced, collection generally occurred

28 days, 56 days, 100 days, 6 months, 1 year, and in one year intervals post-transplant, as well

as at relapse. The 2-year relapse incidence was 17% and 49% for low and high-risk groups,

respectively. Further details about the cohort of patients can be found in Krakow et al. [172].

4.2.2 DNA Sequencing

DNA extraction, sequencing, and sequencing data post-processing were performed by the

Radich Lab at the Fred Hutch Cancer Center, by Lan Beppu and Dr. Olga Sala-Torra.

Archer Analysis 6.0 was used to analyze single nucleotide variants and insertions/deletions.

Variants and specific mutations of interest used for subsequent analysis were supplied to the

Archer platform as Targeted Mutation Files so that reference read counts were obtained for

all timepoints, even if the variant read wasn’t detected at that time point. This is relevant

for cases where a variant passes filtering because it is present at > 5% allele frequency at

one timepoint, but not detected at other time points. This avoids the need to impute the

reference read count for downstream analysis (specifically the Pairtree algorithm). The single

2Lee, Kaveh, Bozic, “Clonal interactions in cancer: integrating quantitative models with experimental
and clinical data,” under review.
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nucleotide polymorphisms (SNPs), multiple nucleotide polymorphisms (MNPs), insertions,

and deletions generated from the Archer analysis were compiled as Variant Call Format

(VCF) files.

4.2.3 Variant filtering

Variants identified from the Archer analysis were then filtered to remove likely sequencing

errors. Additionally, variants were selected based on their clinical relevance. The following 8

filtering criteria were used:

1. Variants must map uniquely to their genomic position. In other words, if multiple

variants are detected at the same position, then these variants are removed. Such cases

are often seen in hard-to-sequence regions, such as homopolymer regions (multiple

repeated nucleotides in a row), which frequently produce sequencing errors.

2. At one or more timepoints, variant must meet allele frequency threshold,

alternate observations

alternate observations + reference observations
≥ 5%

3. Variant must have dbSNP ID and/or COSMIC ID. That is, the variant must be in the

Catalogue Of Somatic Mutations In Cancer (COSMIC) and/or the Single Nucleotide

Polymorphism Database (dbSNP). COSMIC is a comprehensive database of millions

of somatic mutations in cancers, curated from tens of thousands of papers, as well as

open-access databases (e.g., TCGA and ICGC) [173]. dbSNP is NCBI’s large public

database of small variants (e.g., SNPs, short insertions and deletions).

4. The allele fraction (AF) outlier p-value must be less than 1% at one or more timepoints.

The allele fraction outlier p-value output by the Archer analysis is the probability that

the mutation was due to background noise.

5. Remove any variants with sample strand bias. That is, remove variants with a sample

strand bias p-value of ≤ 0.05.
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6. Only variants on autosomes were used for subclonal reconstruction.

7. The PTEN mutation (dbSNP ID rs550122918) is present at similar subclonal frequencies

pre- and post-transplant in 3/4 of the patients under consideration. It is unlikely that

this variant, rare in the general population, would be present at a similar frequency

both pre- and post-transplant when post-transplant chimerism is close to 100% in these

patients. Thus we consider it a likely sequencing artifact and do not include it for

subclonal reconstruction.

8. In the occasional case that the Archer analysis gives both missing reference and alternate

read counts at some timepoints for variants that have been observed at other timepoints,

we exclude these variants from the analysis.

4.2.4 Clustering variants into clones

There are a wide variety of options for inferring clonal structure from genomic data, including

PhyloWGS [174], QuantumClone [175], EXPANDS [176], SciClone [177], FastClone [178],

Ccube [179], cloneHD [180], LICHEe [181], Clomial [182], Canopy [183], PASTRI [184], and

Sclust [185]. A recent alternative to these largely data-driven and statistical approaches

is MOBSTER [186], which combines population genetics theoretical models with machine

learning. We use PyClone-VI (https://github.com/Roth-Lab/pyclone-vi), a Bayesian

statistical method for inferring the clonal structure of cancers [187], due to its accuracy,

computational efficiency, and extensive benchmarking and usage. In benchmarking studies of

different variant clustering methods (comparing PyClone, PyClone-VI, PhyloWGS, Sclust,

Ccube, QuantumClone, and FastClone), in most cases PyClone-VI has an accuracy that

is superior or similar (statistically insignificant differences) to the other methods [187,188].

PyClone-VI has significant advantages in computational efficiency, especially runtime [187].

We run PyClone-VI with the beta-binomial distribution, 10 random restarts, and an

initialization of 40 clusters. We input the variants that passed the previous filtering steps,

https://github.com/Roth-Lab/pyclone-vi
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specifying their alternate and reference counts and copy number. The results presented

here make use of several assumptions that will be addressed in future work: (1) assume the

samples are diploid and (2) minor and major copy number of the segment overlapping the

mutation are each 1, since only mutations on autosomes are being considered.

4.2.5 Phylogenetic reconstruction

With the filtered variants assigned to clones by PyClone-VI, the lineages of each clone and

their relationships to one other are yet to be determined. The subclonal relationships can be

represented by a phylogenetic tree, where each node represents a clone, and edges connect

parental clones to their nested offspring subclones. For a single sample it is rare to be

able to infer a single consensus tree, with multiple clones possible for the data [23]. With

additional samples the space of possible trees becomes more constrained. SubMARine was

developed to better quantify the space of possible clone trees for the given input data, and

how these possible trees depend on the error in subclonal frequencies [34]. SubMARine finds

the approximate Maximally-Constrained Ancestral Reconstruction (MAR), which represents

all pairwise ancestral relationships possible given the input data.

A variety of methods have been developed in the past decade to build phylogenetic

trees of the subclonal structure of tumors. The optimal tree inference method to use will

depend on the modeling assumptions, the setting that the method was originally intended

for, and the statistical and computational tools used in the algorithms. Some methods were

optimized for multi-region sequencing (PICTograph [189], Canopy [183]), longitudinal cancer

bulk sequencing data (CALDER [55], Canopy [183], Pairtree [190]), deep sequencing (CITUP

[191,192]), and joint inference of many samples from the same patient (PhylogicNDT [3]).

Computational approaches used range from integer programming (CITUP [191], CALDER [55],

AncesTree [193], parsimony methods [192]), Markov Chain Monte Carlo (MCMC) sampling

(PhyloWGS [174], PhyloSub [194], PhylogicNDT [3], Canopy [183], Pairtree [190]), searching

for spanning trees of directed graphs (PICTograph [189], LICHEe [181]), and importance

sampling (PASTRI [184]).
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Many of the early methods for subclonal reconstruction struggle to scale with increasing

number of mutations and subclones. We use Pairtree (https://github.com/morrislab/

pairtree) for the tree inference of clones identified first with PyClone. Pairtree reliably

reconstructs complex trees from multiple serial samples. Briefly, Pairtree builds a “pairs

tensor” that specifies the probability of all possible pairwise relationships between clones. An

initial tree is constructed from this tensor. Trees are sampled using MCMC, and tree edges

with low probability in the pairs tensor are rearranged. Acceptance or rejection of the tree is

determined by the likelihood that it corresponds to the observed VAFs [190]. We use Pairtree,

as it performs reliably and accurately for the metrics most important to the datasets we are

studying. In particular, many of the above methods fail to produce trees, especially in cases

of more than 10 subclones, whereas Pairtree reliably finds a tree. In their benchmarking

of Pairtree, it generally had better accuracy than other state-of-the-art methods for 30 or

fewer subclones, in terms of estimated subclonal VAFs and tree structure [190]. Unlike the

other methods they tested, Pairtree was the only one that improved with increased number of

samples [190]. This is a valuable feature for long-term longitudinal studies of liquid cancers,

like the cohort of AML patients we apply our pipeline to. Pairtree also reports the uncertainty

of the consensus tree and other possible trees.

The VCF files output by Archer analysis are converted into the simple somatic mutation

(SSM) file required by Pairtree. It contains alternate and total read counts and variant

read probabilities determined by the copy number. As noted for PyClone, currently we

assume diploid loci. Cluster membership output by PyClone is specified by converting to

the .params.json input file. As mentioned in the “DNA Sequencing” Methods section, with

the parameters we use to run the Archer Analysis, we can avoid the need to impute missing

reference read counts in most cases. However, in the occasional case that the Archer analysis

gives both missing reference and alternate read counts at some timepoints for variants that

have been observed at other timepoints, we exclude these variants from the analysis. The files

for further analysis are saved using Pairtree’s plottree module, specifying the --tree-json

option.

https://github.com/morrislab/pairtree
https://github.com/morrislab/pairtree
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4.2.6 Visualization of clonal evolution

Last, we visualize the clonal evolution using a fishplot. Fishplots show the prevalence of

clones over time, like a stacked area plot, but preserve the phylogenetic structure of the clones.

Thus, it shows the nested subclones arising from within their parental clones, and sibling (or

branching) clones arise in separate regions. There are several existing fishplot visualization

packages (timescape3, EvoFreq4 [195], fishplot5 [196], ggmuller6, pyfish7), but none exactly

met our needs. Isaac Jenkins created a custom interactive fishplot software tailored to our

specific needs: ease of aligning the fishplots with the clinical history and integrating their

interactive features, making the time axis properly scaled, and reliable, robust automated

visualization of many different fishplots.

4.3 Results

4.3.1 Pipeline to visualize longitudinal clonal evolution

We develop a pipeline to visualize clonal evolution of longitudinal cancer samples. After

variants are called, we apply several post-processing steps to remove likely sequencing artifacts

or errors (see Methods). Variants showing sequence strand bias, originating from background

noise, non-uniquely mapping to the same positions as others, mapping to sex chromosomes,

or missing both alternate and reference read counts are removed. Additionally, we focus on

variants that are clinically relevant, by only including variants in the Catalogue Of Somatic

Mutations In Cancer (COSMIC) and/or the Single Nucleotide Polymorphism Database

(dbSNP), as well as requiring that variants are present at allele frequency of more than 5% at

one or more timepoints. Variants remaining after filtering were clustered and assigned to

subclones using PyClone-VI [187]. The ancestral relationships between the subclones were

3https://github.com/shahcompbio/timescape

4https://github.com/MathOnco/EvoFreq

5https://github.com/chrisamiller/fishplot

6https://CRAN.R-project.org/package=ggmuller

7https://bitbucket.org/schwarzlab/pyfish
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inferred using Pairtree, which generates the most likely phylogenetic tree (as well as other

possible trees) [190]. We then plot this data as a fishplot, which shows the clonal prevalence

over time—like a stacked area plot—while portraying the clonal structure of nested clones

arising within their parental clones and sibling or branched clones arising in a parallel manner.

We align the fishplots with clinical indicators, biomarkers, and treatment regimens. This

visualization includes interactive features, such as viewing mutations present in each clone

and hovering over features to view tooltips.

4.3.2 The clonal evolution of relapse for four post-transplant AML patients

Here I present the preliminary analysis of four patients from the cohort of 29 AML patients

who received hematopoietic stem cell transplants and had serial bone marrow and blood

samples sequenced at pre- and post-transplant timepoints [172].

Patient 1

Patient 1 had bone marrow samples collected 21 days pre-transplant and 27 and 56 days

post-transplant. The 3 samples had a total of 26 variants that passed filtering, which were

clustered into 3 clones, consisting of two branched lineages (Fig. 4.2). The subclonal dynamics

reflect the patient’s transplant procedure. Clone 1, likely corresponding to variants from

the patient, was the main clone at the pre-transplant timepoint 14 days before HCT. The

patient received HCT at day 0, and by the first post-transplant timepoint, clone 1 significantly

decreased to become a minor subclone. The other “sibling” lineage consisting of clone 2 likely

corresponds to the donor variants, as it only emerges after transplant, and quickly becomes

the dominant clone. The patient developed grade 2 graft versus host disease by day +27.

They eventually relapsed (69 days post-transplant) and required two courses of azacitidine.
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Figure 4.1: Software pipeline for interactive visualization of clonal evolution in

the clinic. Variants called from Archer analysis are compiled as a variant call format (VCF)

file. Variants are filtered based on clinical relevance and sequencing quality. PyClone-VI is

used to cluster the filtered variants into clones. Pairtree is used to infer the phylogenetic

trees describing the relationships between clones. The inferred subclonal frequencies are used

to build fishplots visualizing clonal evolution. Figure created in part with BioRender.com.

Patient 9

Patient 9 had one pre-transplant peripheral blood sample collected 14 days pre-transplant,

and 3 post-transplant bone marrow samples collected at 28, 61, and 84 days post-transplant

and sequenced. After filtering, 10 variants remained. Patient 9 has the same phylogenetic

tree as patient 1, and shows a similar change in clonal dynamics post-transplant (Fig. 4.3).

BioRender.com
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Figure 4.2: Patient 1 clonal evolution. Clinical and biomarker data are aligned with

the fishplot showing inferred clonal structure and dynamics. The right side of the clinical

data provides a general category, and the left label provides the specific category. The top

level shows HCT date, second level shows when the patient had grade 2 acute graft-vs-host

disease, level 3 shows detection of relapse, level 4 shows treatment received, and the bottom

level shows when the patient was deceased. The biomarkers panel shows key information on

transplant success and disease state, including percent blasts and chimerism. Colors in the

clinical panel don’t have any connection to the colors in the bottom clonal evolution panel.
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Figure 4.3: Patient 9 clonal evolution. Clinical and biomarker data are aligned with the

fishplot showing inferred clonal structure and dynamics. The top level of the clinical data

show HCT date, second level shows the date of complete remission (CR) and measurable

residual disease (MRD), the third level show treatment given, and the bottom level shows

when the patient had moderate chronic GvHD. The biomarkers panel shows key information

on transplant success and disease state, including percent blasts and chimerism. Colors in the

clinical panel don’t have any connection to the colors in the bottom clonal evolution panel.
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The dominant clone pre-transplant (clone 2) corresponds to one of the branched lineages and

becomes a minor clone post-transplant. The other lineage (clone 1) is observed by the first

post-transplant timepoint, at which point it is the dominant subclone. Clone 2 does persist

at low frequencies in the post-transplant timepoints. This patient had measurable residual

disease MRD relapses at +20 and +504 days, as well as a morphologic relapse at +517. The

patient received azacitidine after the first relapse and decitabine-MEC after the last. After

both treatments the patient achieved complete remission.

Patient 17

Patient 17 offers a longer-term view of AML evolution, with post-transplant timepoints at

+28 and +790 days. There were 36 variants remaining after filtering, which were clustered into

4 clones. Despite the greater number of clones, there are some key similarities with patients 1

and 9. The extra clone arises as an additional nested subclone. The two branching lineages

likely correspond to donor and recipient variants. Again we observe the major pre-transplant

subclone (clone 3) largely vanish after the HCT. The other lineage contains clones 1 and 2,

which are only observed at significant frequencies post-transplant, by which point they have

become the primary subclones. Morphological relapse was noted at days +481, +641, +711,

+756, and +759.

Patient 22

Patient 22 again clearly demonstrates the binary pattern of clonal evolution, with two

contrasting states existing pre- and post-transplant. This patient had 6 samples sequenced:

one pre-transplant and 5 post-transplant samples (+29, +61, +82, +124, +181). All samples

are bone marrow, except for the last, which is peripheral blood. There are 16 variants

remaining after filtering. Clones 3 and 1 correspond to the patient’s pre-transplant lineage,

and clone 2 likely corresponds to the donor’s variant. Clone 2 is the primary clone by day 29

and later.
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Figure 4.4: Patient 17 clonal evolution. Clinical and biomarker data are aligned with the

fishplot showing inferred clonal structure and dynamics. In top to bottom order, the clinical

panel shows transplant date, GvHD, staging results (CR = complete remission), G-CLAM

treatment, and when the patient was deceased. The biomarkers panel shows key information

on transplant success and disease state, including percent blasts and chimerism. Colors in the

clinical panel don’t have any connection to the colors in the bottom clonal evolution panel.



85

−50 0 50 100 150 200

−50 0 50 100 150 200

HCT

Grade 2

Morphologic Extramedullary

Day

Clinical

HCT

Acute GVH

Staging

−50 0 50 100 150 200

0

25

50

75

100

−50 0 50 100 150 200

Blasts CD3 CD33 CD56 Total Variants Whole Marrow

Biomarkers

−50 0 50 100 150 200

−62 124 18129 61 82
Day

Clone ID 0 2 3 1

Clonal Prevalence Clonal Phylogeny

Figure 4.5: Patient 22 clonal evolution. Clinical and biomarker data are aligned with

the fishplot showing inferred clonal structure and dynamics. In top to bottom order, the

clinical panel shows HCT date, GvHD and its grade, and date of morphologic relapse. The

biomarkers panel shows key information on transplant success and disease state, including

percent blasts and chimerism. Colors in the clinical panel don’t have any connection to the

colors in the bottom clonal evolution panel.
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4.4 Discussion and Future Work

We develop a pipeline to study the clinically relevant subclones detected in longitudinal

studies of cancer. We use PyClone-VI [187] and Pairtree [190] for variant clustering and

clonal phylogeny inference, respectively. Our approach is specifically created to apply to the

setting of hematopoietic stem cell transplant patients, though our approach is applicable to

any serially collected samples. In the HCT setting, at least one sample is collected before

transplant alters the mutational landscape, as donor SNPs are more likely to be observed

than the patient’s once engraftment takes place. This likely accounts for the post-transplant

clonal dynamics we observe in the four patients shown here, where the dominant clones

pre-transplant decline post-transplant, at which point new clones arise and expand, likely

corresponding to donor clones. Donor samples are going to be sequenced in the near future,

after which it will be possible to identify which variants correspond to donor or patient. Then,

the reemergence of any pre-transplant clones will be more easily observable. For cases where

donor samples are not sequenced, additional care will have to be taken in interpreting the

fishplots.

The infinite sites assumption (ISA)—that each mutation occurs only once—and the infinite

alleles assumptions—that mutations do not revert back—is implicitly assumed for most

variant clustering and tree inference methods, including PyClone and Pairtree [20,23,190,197].

Pairtree does provide a module that can identify variants that are possible violations of the

ISA, allowing them to be removed before tree building. Violations to the ISA have been shown

to occur in cancer, with identical mutations arising more than once and some mutations being

lost [198–200]. Mostly in single-cell sequencing settings, some phylogeny inference methods

have relaxed or altogether removed these assumptions [201–207], and will be most important

for studies of small numbers of mutations [23].

The similarity of the clonal evolution and phylogenies of these four patients’ cancers is

striking. All 4 have a truncal clone 0 that is clonal throughout all the samples. This clone

0 likely corresponds to common SNPs that are present in both patient and donor. The 4
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patients also all have 2 branching lineages that arise from clone 0, which correspond to the

dominant clones pre- and post-transplant. Further analysis of the remaining patients will

examine whether these conserved patterns are seen more generally. Future work that will

need to be carried out includes accounting for copy number alterations before performing

the variant clustering and tree inference, identifying variants originating from the donor, and

determining what factors predict relapse. There is particular interest in determining if relapse

corresponds to a reemergence of pre-transplant clones, and if so, to what frequencies do the

pre-transplant clones expand.
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Chapter 5

USING POPULATION INFORMATION TO PREDICT
CHRONIC LYMPHOCYTIC LEUKEMIA PROGRESSION

5.1 Introduction

A tumor’s growth curve is the macromolecular result of all the individual cellular and

microscopic processes occurring within a population of cancer cells. The simplest growth

model - exponential growth - is characterized by rapid, uncontrolled growth. With exponential

growth, the tumor size increases at a rate proportional to its current size. It has long

been known that if observed over a long enough period of time, a tumor’s growth will

slow [71,72,208–211], because of nutrient or spatial constraints, for example. This leveling off

of growth can be modeled by a logistic or a Gompertz model, both of which are commonly

used to model cancer growth curves [2,70,72,73,209,212–218]. Gompertz growth results from

replacing the growth rate in an exponential model with a time dependent growth rate that

decays exponentially. Similarly, logistic growth has a growth rate that decreases linearly with

the size (Fig. 5.2A).

Modeling the growth curve of a patient’s tumor can provide many useful clinical insights,

such as optimal cancer screening timing [219], how the tumor will respond to treatment

[220, 221], and estimated tumor size at a certain time [222, 223]. Some work has focused

on the backward prediction problem of how long a tumor has been growing [223], while

other work has focused on the forward prediction problem of how large a tumor will be at a

future time [222]. When using only a few available measurements of a tumor’s size, it can

be difficult to fit the tumor’s growth curve, which will be very sensitive to noise. However,

the limited amount of data available for a single patient can be augmented by population

information obtained from other patients’ tumor growth measurements. A mixed effects
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model combines individual-level data with population-wide information [224]. The mixed

effects approach has been most commonly used in pharmaceutical studies of a drug’s effect on

a tumor [225–237]. Reasonably so, there is a more limited body of work using this population

approach in unperturbed cancers (i.e. naturally growing, without any chemotherapy or

radiation). There are some examples of mixed effects models used to study laboratory animal

models of unperturbed tumor growth [73,222,238].

With most human cancers, treatment is applied soon after diagnosis, making long term

study of natural cancer progression rare. Chronic lymphocytic leukemia (CLL), however,

can often be monitored without treatment from several months to many years until a more

“active” disease state is reached [56]. Measurements of tumor growth can be obtained from

white blood cell (WBC) counts obtained from blood samples. As a result, CLL provides a

key opportunity to study time series of cancer progression.

In this chapter I present an analysis of the overall cancer growth dynamics for the leukemic

cell population detected in the peripheral blood of individual CLL patients. In this work, I

show the suitability of a population approach to modeling the CLL time series data from

ref. [2] with a Gompertz fit. I propose using a nonlinear mixed effects model with a Gompertz

growth curve to capture the within-patient and within-population variation in growth curves.

The goal of this work is to perform a forward-in-time prediction of a CLL patient’s WBC

times series from a few measurements taken early in the patient’s disease course. This forward

prediction could better inform clinical decisions about treatment and disease progression.

Additionally, since many quantitative approaches for studying cancer genomics and evolution

include implicit and explicit assumptions about the underlying cancer growth dynamics, it

will be insiteful to assess the goodness-of-fit of the most commonly used models for cancer

growth.
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5.2 Results

I consider three commonly used growth curves: logistic, Gompertz, and a reduced Gompertz.

The logistic is given in its differential equation form as

dy

dt
= ry(1− y/K) (5.1)

y(0) = y0 (5.2)

with solution

y(t) =
ertKy0

K − y0 + erty0

(5.3)

The Gompertz model is described by the differential equation with initial value,

dy

dt
=
(
α− β log(

y

y0

)
)
y (5.4)

y(t0) = y0 (5.5)

with solution

y(t) = y0 exp((α− α exp(−βt))/β) (5.6)

It has been reported that the parameters α and β are highly correlated in many tumors

[73,209,213–216]. If the parameters are linearly correlated, then a linear regression of fitted

α and β parameters can allow a simpler model that only depends on β, by writing

α = kβ + c (5.7)

where k is the slope of the line of best fit, and c is the fitted intercept [73].

When the logistic curve (Eq. 5.3) is fit to each patient using nonlinear least squares

for all the patients, two distinct clusters are observed (Fig. 5.1). This reflects what was

observed in ref. [2], where patients’ WBC counts showed both exponential and finite carrying

capacity growth curves. The two clusters are separated by the carrying capacity parameter

K. The distribution of the fitted K values is bimodal (Fig. 5.1d). The rate and initial value
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parameters do not appear to contribute to the formation of the two main clusters, but some

smaller clusters seem to exist in these two dimensions (Fig. 5.1b,c). The distribution of fitted

growth rates r has a heavy tailed, unimodal distribution (Fig. 5.1e) and the initial value y0

is more concentrated (Fig. 5.1f).

When a Gompertz function (Eq. 5.6) is fit for each patient using nonlinear least-squares,

there is not as strong of a linear correlation as observed in [73] (Fig. 5.2B,C). The correlation

is 0.49, with an R2 value of 0.242. When an intercept parameter is also fit, in addition to the

α and β parameters, the correlation is 0.41, with an R2 value of 0.1684.

I assess the goodness-of-fit of these three commonly used functions for modeling tumor

growth curves that can accommodate a slowing of growth after an initial period of fast growth

(logistic, Gompertz, and reduced Gompertz) (Fig. 5.3). In Figure 5.2D-F I show examples of

these fits for 3 patients. Using the Gompertz model with a fitted intercept has the lowest

mean absolute percentage error (MAPE) and Akaike information criterion (AIC). AIC, a

measure of goodness-of-fit that accounts for model complexity, is given by [239]

AIC = 2k − 2 log(L̂) (5.8)

where k is the number of estimated parameters and L̂ is the maximum value of the model’s

likelihood function. The Gompertz function can account for both the exponential behavior

and eventual slowing down of growth (carrying capacity) that is commonly observed in

tumors.

We would now like to assess whether a population approach to modeling these growth

curves would allow a better fit. The motivation for a population approach is two-fold. First,

it could provide additional insights into the behavior of each patient’s growth curve, and how

the growth curves vary within the population. Second, using population information can

help predict forward in time, when only a few measurements are available, early on in the

disease course. With the nonlinear nature of these growth curves, it is difficult to predict

future values of the time series from only a few early time points of a single patient. The

information from the population data can serve as a prior for an individual patient’s growth
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curve. Fitting a growth curve to patient WBC counts is sensitive to noise in the beginning of

the time series when only a few measurements are available. However, using the population

information helps reduce the sensitivity of the curve fit to that noise.

Now, I will briefly introduce the mixed effects model, treated more thoroughly in refs.

[224,240,241]. Suppose there are n patients in the population. For each patient i, there is a

time series of mi WBC count measurements {yi1, . . . , yimi
} taken at times {ti1, . . . , timi

}. For

patient i (i = 1, . . . , n) at the jth observation (j = 1, . . . ,mi), we assume the following model

yij = f(tij;θ
i) + εij (5.9)

where f(tij ;θ
i) is the growth curve function (e.g. exponential, logistic, or Gompertz) evaluated

at time tij, θ
i is the parameter vector for patient i, εij is the residual error. The patient i

parameters θi depend on fixed effects µ and a random effect νi. The fixed effects are fixed

across the entire population, and the random effects are unique to each individual. There are

many ways to combine the fixed and random effects, but the simplest is

θi = µ + νi (5.10)

To implement this nonlinear mixed effects method, the R package nlme is used. For the

preliminary results, the simplest parameter choice was made (Eq. 5.10), but more sophisticated

models may be considered in the future if necessary. The utility of considering population

data when predicting WBC counts is evident in the simulation experiment shown in Figure

5.4. To keep the experiment simple, I used the simplest growth curve model - exponential

growth. I sampled random effects from a normal distribution and added a Gaussian error

term to the WBC count time series. Figure 5.4 shows (for a single patient i) the comparison

between an exponential curve fit using nonlinear least squares and a nonlinear mixed effects

model. In each panel, I increase the number of WBC counts measured for patient i, ranging

from 3 to the full time series. However, the mixed effects model also uses the other 19 patients’

full time series to train its model for patient i. Thus, the mixed effect model has a much

more accurate curve fit when fewer measurements are available soon after their disease began
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being monitored. When using population information, the curve fit isn’t as sensitive to noise

in the first several points. As more of the full time series for patient i becomes available, the

two methods become more similar.

I then fit a mixed effects model with the 3 parameter Gompertz growth curve (α, β,

intercept) as f(·) in Equation 5.9. The model is fit with data from all the other patients’

WBC time series, as well as the first 12 time points of the patient under consideration. Figure

5.5E,F shows examples from two patients where using population data is advantageous. G

and H show examples where a simple curve fit using just that patient’s first 12 WBC count

measurements is sufficient.

5.3 Discussion

It can be difficult to achieve computational convergence when fitting a mixed effects model,

especially when only a few points are used for the patient under consideration. Good

initializations of these methods are critical for convergence. The data is fairly noisy, and some

patients’ WBC counts clearly don’t behave like any standard growth curve (e.g. an initial

increase, and then a decay). Other functions could be considered for the growth curve, such as

a generalized ordinary differential equation model that allows for an increase and a decrease, or

splines. However, this will require the fitting of additional parameters. Increasing the degrees

of freedom in the model risks overfitting, especially since most longitudinal cancer datasets

contain few timepoints. This CLL dataset has more tumor burden timepoints available than

most other available datasets. Liquid cancers—like CLL—will have more samples available

due to the relative ease of measuring tumor burden via peripheral blood draws. Nevertheless,

even with this higher sample coverage, I show here that it still remains difficult to consistently

perform forward prediction of cancer cell count. Thus, in many common clinical scenarios,

forward prediction of cancer progression using tumor size alone will be difficult to apply,

especially in solid tumors where serial cancer samples are rare.

Despite these caveats and challenges, the broader problem of forward-in-time predictions

about cancer progression remain promising. As we showed, prediction of tumor size can
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be signifantly improved by taking population information into consideration. Outside of

the scope of this work focused on tumor growth functions, an even greater improvement in

prediction can likely be obtained by using cancer datasets with additional features relevant

to cancer progression, such as genetic risk factors, more detailed blood count tests, and other

clinical indicators.
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Figure 5.1: All patients fit to a logistic growth curve. As observed in ref [2], the

patients fall into two classes: finite carrying capacity and exponential growth. (A-C) Log-log

plots of the fitted logistic parameter values. (D-F) Distributions of the parameters. K is

bimodal, r is unimodal with some long tails, and y0 is more concentrated.
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Figure 5.2: Comparison of growth curve functions. (A) Comparison of exponential,

logistic, and Gompertz growth curves. (B) Correlation and linear regression of the α and

β parameters in the Gompertz fits (C) Correlation and linear regression of the α and β

parameters in the Gompertz model with a fitted intercept parameter. (D-F) For 3 patients,

comparison of the Gompertz, logistic, and reduced Gompertz models. Dashed and solid

lines indicate a model with and without an additional fitted parameter for the intercept,

respectively.
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Figure 5.3: Metrics for goodness of fit of different models for the growth curve.

Mean absolute percentage error (A), mean percentage error (B), and Akaike information

criterion (C) of the fit for each patients are evaluated, where the fit for each patient is

represented by a single point. The following growth curves functions were fit by nonlinear

least squares, with parameters fit in parentheses: Gompertz (α, β), Gompertz with a y-

intercept parameter (α, β, y0), logistic (r, K), logistic with an intercept parameter (r, K,

y0), reduced Gompertz model (β), and reduced Gompertz model with intercept parameter

(β, y0). The mean is displayed at the top and indicated by the red line.
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Figure 5.4: Benefits of using population data for prediction with few measurements

in simple simulated example. Exponential phase of WBC growth curve was simulated

for 20 patients. All panels shows the fitted curves for a single patient. Left to right, top

to bottom, more points are added to the training set used to fit the model (black points).

Blue points are not used to train the model. Training set is black points for patient under

consideration, and the rest of the populations’ time series. A curve fit is performed using

nonlinear mixed effects (solid green line) and nonlinear least squares (dashed red line).
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Figure 5.5: Nonlinear mixed-effects model of Gompertz growth curve. (A) Fixed

effects curve (black solid line) for all the patients fitted with a 3 parameter Gompertz model

(α, β, and intercept). All other lines are the growth curves of all the patient WBC counts.

(B-D) Random effects for all the patients fitted with a 3 parameter Gompertz model. (E-H)

Examples from 4 patients where the first 12 points of WBC count time series (black points)

for patient under consideration are fit to 3 parameter Gompertz model using nonlinear

least-squares (blue line) and nonlinear mixed effects (gray line). The mixed effects model

makes use of WBC time series from the other patients. Red triangular point indicates first

measurement > 2 years after last measurement used to fit the model.
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