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SUMMARY

Cancer progression is an evolutionary process driven by the selection of cells adapted to gain growth advan-
tage. We present a formal study on the adaptation of gene expression in subclonal evolution. We model
evolutionary changes in gene expression as stochastic Ornstein-Uhlenbeck processes, jointly leveraging
the evolutionary history of subclones and single-cell expression data. Applying our model to sublines derived
from single cells of a mouse melanoma revealed that sublines with distinct phenotypes are underlined by
different patterns of gene expression adaptation, indicating non-genetic mechanisms of cancer evolution.
Sublines previously observed to be resistant to anti-CTLA4 treatment showed adaptive expression of genes
related to invasion and non-canonical Wnt signaling, whereas sublines that responded to treatment showed
adaptive expression of genes related to proliferation and canonical Wnt signaling. Our results suggest that
clonal phenotypes emerge as the result of specific adaptivity patterns of gene expression. A record of this
paper’s transparent peer review process is included in the supplemental information.

INTRODUCTION

Cancer refers to a spectrum of diseases in which cells acquire
the ability to evade normal mechanisms that control cell growth,
differentiation, and movement. It is generally assumed that can-
cer originates from a single cell (or a small number of cells) and
progresses through a branched evolutionary process during
which cells can acquire new mutations, undergo epigenetic re-
programming, and differentiate into distinct heterogeneous sub-
populations, referred to as subclones. This clonal evolutionary
process is generally assumed to be driven by the selection of
cells exhibiting properties related to growth advantage, like im-
munoevasion, evasion of cell death, and cell growth.“3 Under-
standing these selective forces is important, yet studies investi-
gating them have been limited and mutation-centric.”> While
mutations are fundamental to many aspects of cancer studies,

their impact on cell function is often indirect, and cancer evolu-
tion also proceeds by epigenetic changes.®® A more direct
way to uncover selective trends in tumor evolution due to the
combined effect of genetic and non-genetic factors is to study
adaptive changes in gene expression because changes in
gene expression mostly cause direct alteration of cell functions.
Studying the evolutionary pressures acting on gene expression
in light of clonal evolution can provide critical insights into the
molecular changes that confer fitness advantage. Molecular
changes caused by gene expression adaptation also impact
response to specific therapies that modulate the gene expres-
sion, and thus the functions, of cells. Knowledge of the evolution
of gene expression can then enable the design of more effective
treatment protocols.

Until recently, the ability to investigate such selective pro-
cesses has been limited because of the use of bulk sequencing,
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Figure 1. Summary of approach
A heterogeneous melanoma cell line (A) is used to

obtain single-cell-derived sublines (B). Single-cell
gene expression data, a mutation-based phyloge-
netic tree, and phenotypic features of the tumors
derived from the sublines (C) are used to identify
genes with adaptive expression associated with
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the cancer phenotypes (D). The genes with adap-
tive expression are subjected to functional analysis
(E). For additional validation, tumors seeded from
the parental line are subjected to anti-CTLA4
treatment. Overlap between genes with adaptive
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which cannot differentiate between cell-level selection and
expression changes due to changes in cell populations. Single-
cell RNA sequencing, on the other hand, gives us the opportunity
to study gene expression evolution both within and across sub-
clones, which otherwise is obfuscated when using bulk data.
Single-cell RNA sequencing has been increasingly utilized to
study dynamical changes in cell populations. Methods taking
advantage of single-cell RNA sequencing include pseudotime
analysis methods, which order cells along a trajectory based
on similarities in their expression patterns (reviewed in Saelens
et al.?), and RNA velocity approaches, which employ splicing in-
formation to infer directed cellular changes.'® Single-cell data
have also been used with Ornstein-Uhlenbeck (OU) processes
in order to investigate gene expression changes throughout
cellular differentiation.’’ These methods are key in understand-
ing the cellular differentiation process, but they do not investi-
gate changes at extended evolutionary scales.

Other methods that examine longer time frames use gene
expression to identify clusters of tumor cells that comprise
different subclones. They then perform differential expression
analysis between the clusters to identify genes with expression
that vary between the subclones.'~'* However, not only are re-
lationships between such clusters and tumor subclones often
complex,15 but differential expression methods give no informa-
tion about whether the difference in gene expression is due to
selective pressures or neutral evolution over diversifying evolu-
tionary distances.'®

Here, we perform a formal study directly modeling evolu-
tionary shifts on gene expression caused by selective pressures
within the tumor microenvironment. Specifically, we leverage
single-cell full-length RNA sequencing data to investigate the
role of selection on gene expression and function in the subclo-
nal evolution of cancer. We model clonal gene expression evolu-
tion using stochastic OU processes, which have been previously
applied in the context of species evolution'®'"~2? and cellular dif-
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ferentiation,”’ but have not been utilized
in studies on subclonal evolution. Our
use of OU processes allows us to model
changes in subclone-specific expression
along trajectories defined by the evolu-
tionary history of the subclones. Utilizing the evolutionary history
enables us to evaluate whether gene expression is shifting
because it is subject to adaptive evolution as opposed to shifting
due to random changes caused by neutral evolution. Further, us-
ing single-cell data allows us to distinguish between subclonal
growth and adaptive evolution, which is critical to understanding
selective pressures in cancer and is not possible with differential
expression analysis, even when clusters accurately reflect
subclones.

To evaluate the capabilities and limitations of the OU pro-
cesses, we first evaluated the performance of the models on
realistic simulations of single-cell RNA tumor evolution data.
We then used the OU processes to model the evolution of
the M4 melanoma,’ which exhibited intratumoral heterogene-
ity>® (Figure 1). Specifically, we applied these stochastic pro-
cesses on multiple “clonal sublines” of an M4 melanoma cell
line (known as B2905)° (Figures 1A and 1B). In our analysis,
we incorporated knowledge of the evolutionary history of the
sublines based on their mutations and their phenotypes, such
as aggressiveness and immunogenicity (Figure 1C), and identi-
fied genes with adaptive expression related to these pheno-
types (Figure 1D). We found that different phenotypes were
associated with adaptation of gene expression for distinct
genes and pathways. Included in these pathways were alterna-
tive Wnt signaling pathways, implying an association between
clonal selection for alternative Wnt signaling and immune
response (Figure 1E). By subjecting the parental M4 melanoma
to anti-CTLA4 treatment, we further found that genes with
adaptive expression in the treatment-resistant sublines
captured by our analysis display expression in post-treatment
tumors consistent with immunotherapy response (Figure 1F).

Our study provides evidence that evolution of distinct pheno-
types in cancer is driven by selection of subclones based on
gene expression. We use single-cell RNA sequencing, a muta-
tion-based phylogeny, and phenotypic information for evaluating
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Figure 2. Experimental data of subclonal
evolution in a mouse melanoma
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(B) Consensus mutation-based phylogenetic tree
estimated by Trisicell, growth kinetics, and Pcna
expression of the clonal sublines.'® The branches
are labeled with the number of expressed muta-
tions along that branch, which are used as the
branch lengths of the phylogeny. Sublines are
colored based on their phenotypes: HA-R sublines
(C11, C15, C16, and C18) are blue, SA-S
sublines (C1, C4, and C22) are orange, and MA-S
sublines (C3, C10, and C14) are brown. Growth
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evolutionary selective forces acting on gene expression. Such
analysis could inform targeted treatment for tumors exhibiting
different phenotypes to increase the efficacy of the treatment
and decrease the chance of tumor recurrence.

RESULTS

Gene expression adaptation of clonal evolution in
cancer can be modeled with OU processes applied to
single-cell RNA (scRNA) data

Experimental setting

To study gene expression evolution in cancer, we analyze data
that were previously generated in Gruen et al.,* and here, we
briefly review the data generation protocol. When implanted in
syngeneic C57BL/6 mice, B2905 melanoma cells form tumors
that exhibit heterogeneous responses to immune checkpoint
blockade (ICB) therapies among individual hosts.?* To recon-
struct the subclonal evolutionary history of the melanoma, 24
single cells were first isolated from the parental B2905 cell line
and expanded to become individual clonal sublines, C1 to C24
(Figure 2A; box 1), as described previously.” The sublines repre-
sent subclones derived from the melanoma cell of common
origin. The sublines were then subjected to bulk whole-exome

line shows the Z score of the log, expression of
Pcna. The Z score has the same distribution as the
expression but centers the mean at zero for easier
comparison. Positive values mean the subline has
higher expression of Pcna than the mean, and
negative values mean the subline has lower
expression than the mean.

sequencing (bWES) (Figure 2A; box 3). Mutations were called
from the exome data and used to build a phylogeny of the sub-
lines. Next, for each subline, eight cells were isolated for full-
length single-cell RNA sequencing (Figure 2A; box 2). Cells
were filtered based on quality control measures (see STAR
Methods), leaving one to eight gene expression measurement
replicates per subline. Subline C2 is excluded from further anal-
ysis due to technical reasons,'” leaving 23 sublines for analysis.
Mutations were also called from the single-cell RNA data and
used to build a second phylogeny of the sublines. A consensus
tree was constructed between the DNA and RNA mutation-
based phylogenies as described in Rashidi Mehrabadi et al.,'®
and this tree is what is used in this study (Figure 2B).

Cells from the individual sublines were then implanted into
distinct but genetically identical mice, and in vivo growth infor-
mation was recorded (Figure 2A; box 4). In their original analysis
of the data, Rashidi Mehrabadi et al."® found that sublines of ma-
jor clades in the phylogeny exhibited distinct growth kinetics
in vivo (measured by the survival time of the hosts following im-
plantation of the cells to grow tumors; Figure 2B) and/or putative
sensitivity to ICB treatment.

We identify two groups of sublines that have particularly fast
growth rates: C11, C15, C16, and C18, which have the fastest
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Figure 3. Simulated identification of genes with adaptive expression by OU process

(A) Examples of possible evolutionary trajectories of gene expression along the phylogeny. On the left is the phylogeny that was used to simulate the data. For
neutral (box 1) and constrained (box 2) evolution, no phenotypic feature is used, and all sublines are considered to have the same dynamics (solid black branches).
In adaptive evolution (box 3), some sublines have different evolutionary dynamics (dashed red branches). Each box shows a simulated example evolutionary
trajectory of expression for the different sublines as well as the resulting expression distribution that would be observed and used as input to the model. Optima

values () used to simulate the data are indicated where applicable.

(B) Adaptivity and differential expression predictions on data simulated under a negative binomial distribution. Right: percentage of adaptively simulated genes
for each of the 135 parameter combinations correctly identified to be adaptive or differentially expressed across all simulations. Left: percentage of neutrally
simulated genes for each of the 9 parameter combinations incorrectly identified to be adaptive or differentially expressed across all simulations (difference is
statistically significant with independent t test p value < 0.01). Results from EvoGeneX are shown in yellow; results from differential expression are shown in teal.

See STAR Methods for details on simulation simulations.

growth rates, and C1, C22, and C4, which have the second
fastest growth rates, consistent with the classifications in Ra-
shidi Mehrabadi et al.'® We categorize these two groups as
highly aggressive and secondarily aggressive. Secondly, we
examine the expression of Pcna, which is a well-recognized
marker of cellular proliferation.?® We found that cellular prolif-
eration in vitro is the lowest in the highly aggressive sublines
and highest in the secondarily aggressive sublines. Since tu-
mor growth in vivo is determined by the counteraction be-
tween proliferation and immunogenicity of cancer cells,?® we
expect that the less aggressive, more highly proliferative
phenotype (e.g., subline C1) is more immunogenic and there-
fore more likely to respond to ICB treatment. By contrast, the
more aggressive, less proliferative phenotype (e.g., subline
C11) suggests lower immunogenicity and resistance to ICB
treatment. Indeed, in preclinical studies where tumors of sub-
lines C1, C11, C14, and C15 underwent anti-CTLA4 treatment,
tumors of C1 and C14 were sensitive to treatment, with C1
showing markedly higher sensitivity than those of C14, and tu-
mors of C11 and C15 were resistant.”* Based on the observed
phenotypes (growth rate, Pcna expression, and preclinical
treatment studies on a subset of the sublines) and the putative
treatment sensitivity implied by these phenotypes, we call the
sublines C11, C15, C16, and C18 highly aggressive and resis-
tant (HA-R) and sublines C1, C4, and C22 secondarily aggres-
sive and sensitive (SA-S). We test for adaptation of gene
expression in these two subline groups in order to identify
genes with expression associated with the differences in phe-
notypes. As a control, we also test for adaptation within sub-
lines C3, C10, and C14, which show mixed aggression, vary-
ing expression of Pcna, and C14 was shown to be sensitive to
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anti-CTLA4 treatment. We call this group mixed aggression
and sensitive (MA-S).
Model
To understand how gene expression in different sublines shifts
due to selective pressures, we use stochastic models to esti-
mate such shifts for each of the phenotypically distinct groups
of sublines. Finding genes that adapt differently between the
sublines will give insight into how the sublines have adapted to
exhibit contrasting growth rates and resistance to ICB therapies.
Our approach to modeling clonal gene expression evolution
builds upon OU processes that are often used to study the evo-
lution of gene expression across species.'’**°?2?7:28 |nstead of
species, we apply our method to the sublines evolved from a cell
of common origin. We assume that the evolution of gene expres-
sion in a tumor is a stochastic process that follows one of three
alternative evolutionary models: neutral (no selection), con-
strained (putative negative selection), or adaptive (expression
shift consistent with clone(s) adaptation) evolution. Neutral evo-
lution is expected to occur when there are no selective pressures
on the expression. We model neutral evolution with a Brownian
motion (BM) process, where changes to gene expression occur
randomly at each time step (Figure 3A; box 1). Constrained evo-
lution is expected when there is a selective pressure against a
divergence from a common optimal value acting on all sublines.
We model constrained evolution with an OU process with a sin-
gle optimum: the gene expression for all sublines converges to-
ward a common value, 6y (Figure 3A; box 2). Adaptive evolution
is expected to occur when selective pressures cause the sub-
lines to adapt (shift expression) to different values (Figure 3A;
box 3). We model adaptive evolution as an OU process with
two optima,3 6o and 6. In order to evaluate adaptive evolution,
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the sublines must be partitioned into groups expected to have
different optima values; this partitioning is called a “regime.” In
this setting, one set of the sublines is the group of interest, here-
after called the “chosen” sublines, and the rest of the sublines
are considered as “background.” In species evolution, such
adaptation might be a result of differing environments. For
example, fruit flies have shown adaptation of gene expression
based on feeding patterns, which could result from selective
pressures based on the type of food available.'” In clonal evolu-
tion, selective pressures would come from the tumor microenvi-
ronment. The selective pressures of the microenvironment could
vary across different cells, for example, because of their location
within the tumor. Adaptation can also occur when there is a sin-
gle selective pressure, but the species/cells change in different
ways to fill different niches in the environment. For example, cells
may develop different methods for escaping immune response.
Further details of BM and OU processes can be found in the
STAR Methods.

To detect constrained and adaptive evolution of gene expres-
sion from single-cell RNA sequence data of the sublines, we use
EvoGeneX, a recently introduced software.'” EvoGeneX takes
as input the phylogenetic tree, the expression data for the
gene under evaluation, and the regime for the adaptive evolution
model; it outputs whether the gene can be considered to be con-
strained or adaptive. We evaluate three regimes of interest
based on the groups of sublines sharing phenotypic properties
described above: highly aggressive and resistant (HA-R),
secondarily aggressive and sensitive (SA-S), and mixed aggres-
sion and sensitive (MA-S). The internal nodes are assigned op-
tima based on the shared ancestry of the phylogeny built from
bWES data'® of the chosen sublines in that regime (Figure 2B).
We run EvoGeneX on each regime independently. For each
regime, all sublines not in the group under evaluation are used
as the background for comparison.

EvoGeneX detects adaptation for each gene as follows. First,
it uses maximum likelihood to estimate the model parameters
and calculate a likelihood value for each of the three models
(BM, OU with one optimum, and OU with two optima). The sto-
chastic processes are computed down the branches of the
tree, with the number of steps of each process proportional to
the branch lengths, and lineages sharing internal branches
sharing the same values. Second, it calculates a p value by using
likelihood ratio tests to determine if neutral evolution can be re-
jected for constrained or adaptive evolution. After running
EvoGeneX for all genes, we calculate g values by correcting
the p values for multiple hypothesis testing using the
Benjamini-Hochberg false discovery rate (BH-FDR) method.
Genes are labeled as constrained or adaptive if the g value
from the likelihood ratio test against neutral evolution is less
than 0.05.

Because EvoGeneX estimates the parameter values of each
model, the adaptive genes can be considered to be adaptively
upregulated or adaptively downregulated by comparing the esti-
mated optima values of the chosen sublines in the regime of in-
terest and the background: if the chosen sublines have a higher
estimated optimum than the background, the genes are consid-
ered to be adaptively upregulated, and if they have a lower
estimated optimum, they are considered to be adaptively
downregulated.
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EvoGeneX utilizes biological replicates to estimate within-spe-
cies expression variability. The use of replicates is vital when
using OU processes to reduce false positive results.'”?>?° |n
the case of species, the biological replicates are different individ-
uals of the same species. In our setting, the individual cells
sequenced for each subline serve as these biological replicates.
Accounting for such within-subline variation decreases potential
false positives that could result from high variation within each
subline as well as from the noise inherent in single-cell data.
Applicability of the OU-based model for single-cell
cancer data and validation with simulations
Previous studies inferring gene expression evolution of species
with OU models utilized bulk data from tissues, organs, or
even whole organisms.'”'%2® However, bulk data represent
the average expression across all the cell types in the population.
Because of this aggregation, when the composition of the
cellular population changes, the bulk expression value also
changes. Such settings do not allow for differentiating expres-
sion shift driven by evolution within specific cell types from shift
driven by evolution of tissue composition.?® Distinguishing
evolutionary changes from compositional changes is particularly
relevant in the context of cancer, where subclonal growth and
selection change the cellular composition of the tumor. Howev-
er, single-cell data come with unique challenges, especially high
noise. To confirm that OU-based modeling is effective for such
data, we perform simulation studies.

In our simulation studies, we generated expression data using
an OU process on the evolutionary tree inferred for our data (Fig-
ure 2B)'° under different modes of evolution. Adaptive evolution
was simulated under the HA-R regime. For the constrained and
adaptive simulations, we varied the parameters to reflect both
strong and weak signals of adaptation. We added varying levels
of noise to reflect the nature of single-cell measurements, aiming
to obtain similar expression patterns as in the experimental data.
To do this, we simulate replicates as being pulled from a negative
binomial distribution. The negative binomial distribution includes
a parameter to tune the within-species variation, increasing the
noise to be similar to single-cell data (details on simulated data
generation can be found in the STAR Methods). We then evalu-
ated whether our approach using EvoGeneX could correctly infer
the evolutionary model used to generate the data. Our simulation
studies confirmed that in this setting EvoGeneX can uncover
expression adaptation, with the accuracy depending on the
model parameters: the distance between the optima, the pull to-
ward the optima, and the within- and between-subclone varia-
tion. Depending on these parameters, EvoGeneX correctly iden-
tified up to 95% of genes simulated to have adaptive expression
as adaptive (identifying 42% across all parameter combinations).
It also had a low false positive rate: of all neutrally evolving exper-
iments, a total of only 3.4% genes were predicted to be adaptive
(Figure 3B). However, in this setting, EvoGeneX could not reliably
distinguish constrained evolution from neutral evolution. Thus, in
the remainder of the paper, we focus on inferring adaptation only.

Finally, we used the simulation study to test if OU-based
models provide an advantage over differential expression anal-
ysis as a basis to infer adaptation. We performed differential
expression (using an independent t test on the simulated expres-
sion data with Benjamini-Hochberg FDR corrected g value <
0.05.) between the genes simulated in the chosen sublines and
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background sublines. In real data, the groups are unknown, and
clustering methods are used to identify them. We use the known
divisions rather than a clustering step to better compare differen-
tial expression analysis and EvoGeneX.

More adaptive genes were detected to be differentially ex-
pressed than were identified by EvoGeneX to be adaptive
(across all simulations 46% of genes are differentially expressed
compared with 42% being predicted as adaptive by EvoGeneX),
though the difference is not statistically significant (Figure 3B).
However, differential expression had a much higher false posi-
tive rate of adaptive predictions: 26.3% of neutrally simulated
genes were identified as differentially expressed compared
with 3.4% identified as adaptive by EvoGeneX (statistically sig-
nificant [p < 0.01]; Figure 3B). Although differential expression
can sometimes identify more adaptive genes than are predicted
by EvoGeneX, the high false positive rate demonstrates that our
method using EvoGeneX is applicable to single-cell RNA
sequence data and is more useful for identifying potential adap-
tation in this setting than differential expression analysis alone.
Details of how each simulation parameter influences the results
of EvoGeneX and differential expression can be found in
Figures S1 and S2.

Gene expression adaptivity is distinctly contrastive in
subclones with different phenotypes

Given the distinct subclonal phenotypes observed, our goal was
to identify genes with expression under adaptive evolution
driving the properties of the HA-R and SA-S subline groups. To
address this question, we used EvoGeneX to identify genes
with expression patterns consistent with adaptive evolution for
each regime as described in the previous section. We also eval-
uate the MA-S subline group as a control to tell how many genes
could have adaptive expression when sharing ancestry but not
phenotype.

The single-cell RNA sequencing captured 55,401 genes that
were measured in at least one cell.'® We used only the 8,363
genes that had at least one non-zero expression value for every
subline. Of these 8,363 genes analyzed, we identified 812 (9.7 %)
genes with adaptive expression in HA-R (496 adaptively upregu-
lated and 316 adaptively downregulated), 1,277 (15.3%) genes
with adaptive expression in SA-S (201 adaptively upregulated
and 1,076 adaptively downregulated), and 616 (7.4%) genes
with adaptive expression in MA-S (288 adaptively upregulated
and 328 adaptively downregulated). Full results are reported in
Tables S1-S3. Consistent with our simulation studies, we found
no constrained genes. As expected, there are more genes with
adaptive expression predicted in the HA-R and SA-S subline
groups that share phenotypes than in MA-S, which has mixed
phenotypes. We further confirm that the genes with adaptive
expression identified in HA-R and SA-S are not due to noise,
by running EvoGeneX over randomly selected subline groups.
We found that random groups generally result in fewer genes
with adaptive expression than HA-R and SA-S and about the
same number as MA-S (Figure S3). Additionally, we compare
the results of clustering the sublines based on the expression
of all the genes or only the genes with adaptive expression in
at least one chosen subline group. We find that using the genes
with adaptive expression results in better clustering of sublines
with shared phenotypes (Figure S4).

6 Cell Systems 16, 101156, January 15, 2025

Cell Systems

We performed enrichment analysis on KEGG pathway data-
base to investigate the functions of the genes with adaptive
expression in each regime. Because we expect that the genes
with adaptively upregulated and adaptively downregulated
expression will have different functions, we run enrichment anal-
ysis on them separately. The genes with adaptively downregu-
lated expression in HA-R and adaptively upregulated expression
in SA-S are enriched for “ribosome.”* Ribosomal pathways are
involved in cell growth, so this contrasting enrichment is consis-
tent with the phenotypes of the sublines. The genes with adap-
tively downregulated expression in SA-S are enriched for
“Rap1 signaling pathway” and “bacterial invasion of epithelial
cells.” Upregulation of Rap1 signaling pathway has been shown
to be associated with cellular migration,®® which was not
observed in SA-S but was in HA-R (see section “functional impli-
cations of genes with adaptive expression patterns in mela-
noma”), again showing consistency with the subline pheno-
types. The genes with adaptively upregulated expression in
MA-S are enriched for “pathways of neurodegeneration.” The
genes in pathways of neurodegeneration are mostly mitochon-
drial and related genes. There is no significant enrichment for
KEGG pathways for the genes with adaptively upregulated
expression in HA-R or adaptively downregulated expression in
MA-S. The pathway enrichment for each regime is shown in Fig-
ure 4A, and the specific genes involved in each enrichment are
listed in Table S4.

We performed k-means clustering on the genes with adaptive
gene expression in at least one of the regimes (see STAR
Methods for details) and present the results in a heatmap (Fig-
ure 4B; Table S5). As can be seen, there are large clusters of
genes that are largely only adaptive in one regime (e.g., clusters
0, 3, and 6), but there is also distinct overlap between the re-
gimes. For example, genes in clusters 1 and 2 have adaptively
upregulated expression in HA-R but adaptively downregulated
expression in SA-S, while genes in clusters 7 and 8 have the
opposite adaptive expression pattern between these two re-
gimes. In parallel, genes in clusters 1 and 4 have adaptively up-
regulated expression in MA-S but adaptively downregulated
expression in SA-S.

We then investigated how the genes associated with enriched
pathways were distributed across clusters. Clusters 1, 2, and 3,
which are composed of genes with adaptively downregulated
expression in SA-S, contain the genes that are in the enriched
pathways “Rap1 signaling” and “bacterial invasion of epithelial
cells.” Many of these genes also have adaptively upregulated
expression in HA-R (clusters 1 and 2). By contrast, clusters 7, 8,
and 9, which are composed of genes with adaptively upregulated
expression in SA-S, contain the genes that are in the enriched
“ribosome” pathway, and many also have adaptively downregu-
lated expression in the HA-R sublines (clusters 7 and 8).
Together, these results suggest that the sublines with contrasting
phenotypes evolved to have distinct transcriptional states.

Functional implications of genes with adaptive
expression patterns in melanoma

In this section, we provide more detailed biological interpretation
of the adaptivity profiles between the sublines. Specifically, we
analyze the genes within the clusters with adaptively upregulated
expression in the HA-R and SA-S subline groups.
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Figure 4. Pathway enrichment and clus-
tering analysis of genes with adaptive
expression

(A) KEGG enrichment of genes with adaptive
expression. Enrichment analysis was performed on
the genes with adaptively upregulated and adap-
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(B) Heatmap of genes with adaptive expression,
grouped into 12 clusters, and example genes in
each cluster. Each row is a gene that has adaptive
expression in at least one of the subline groups.
Colors are based on the log of the g value for each
gene, with adaptively upregulated expression
shown in red and adaptively downregulated

Polr2b

expression shown in blue. Genes with expression that are not adaptive in a subline group are shown in white. Clusters labeled in blue have adaptively upregulated
expression in the HA-R and/or adaptively downregulated expression in the SA-S sublines (but not adaptively downregulated expression in both). Clusters labeled
in orange have adaptively upregulated expression in the SA-S sublines and/or adaptively downregulated expression in the HA-R sublines (but not adaptively
downregulated expression in both). See the STAR Methods for clustering methods.

We first consider the genes with adaptively upregulated
expression in HA-R (clusters 0, 1, and 2). We found many genes
involved in G protein-coupled receptor (GPCR) signaling and cell
invasion. They include G protein signaling (Gnaq, Gnas, and
Rab5b), their direct downstream effectors such as phosphodies-
terases (Pde10a and Pde4d), protein kinase G (PKG) (Prkg2),
protein kinase C (PKC) (Prkca), and the further downstream cal-
cineurin genes (Ppp3r1 and Ppp3ca). These suggest their
involvement in GPCR signaling, which regulates cell invasion,
mesenchymal transition, formation of polarity, etc. In these clus-
ters, we also find cytoskeleton and cell adhesion-associated
proteins (Actr2, Actr3, Arhgef2, Arhgap17, etc.) and membrane
receptor downstream effectors (Rac1, Map2k2, etc.). These
genes are relevant to the function of cell migration, adhesion,
and survival. Many of the genes included in the enrichment for
the Rap1 signaling pathway and bacterial invasion of epithelial
cells in the SA-S sublines also have adaptively upregulated
expression in HA-R (e.g., Gnaq, Gnas, Prkca, Actr2, and
Actr3). Both of these pathways are involved in tumor cell migra-
tion, invasion, and metastasis, and have many genes shared with
the non-canonical Wnt signaling pathway,’ which has been
known to drive the “invasive” phenotype of melanoma.®?

Next, we examined the genes with adaptively upregulated
expression in SA-S (clusters 7, 8, and 9). In addition to the enrich-
ment in ribosomal genes uncovered by KEGG analysis, we also
find mitochondrial-related genes in these clusters, including
Atp5g2 and Sem1. Ribosomal and mitochondrial genes are up-
regulated in MITF-high (proliferative) melanoma,*® which is asso-
ciated with the canonical Wnt signaling pathway.** Since these
genes are important for cellular growth, we also examined other
genes with adaptive expression in SA-S and found that cellular
growth genes, including nucleotide metabolism gene Tk7, RNA
polimerase subunits (Polr2j and Polr1d), and cell cycle gene

(Pcna), in these
sublines.

The KEGG enrichment analysis and the functional analysis of
genes with adaptive expression jointly suggest that the HA-R
and SA-S sublines are related to the classic invasive and “prolif-
erative” phenotypes of melanoma, respectively. Developmen-
tally, the former is associated with a more undifferentiated,
mesenchymal state, and the latter with a differentiated, melano-
cytic state.®* During tumor growth, the proliferative subtype has
advantages over the invasive subtype. However, under the ther-
apy-induced stress, the invasive subtype gains advantages over
the proliferative subtype.®” It has been proposed that these two
phenotypes of melanoma are controlled by two distinct Wnt®
pathways. The proliferative phenotype is controlled by the ca-
nonical Wnt pathway, which is mediated through g -catenin to
activate Mitf expression, resulting in the induction of genes
for cell growth and proliferation.>*** The invasive melanoma
phenotype is controlled by non-canonical Wnt signaling, which
activates PKC/Ca?* signaling to promote cell migration and
invasion.

Therefore, we examined if the genes with adaptive expression
are involved in the Wnt signaling pathways in a subline-group-
dependent way. As summarized in Figure 5, proliferation-associ-
ated genes in clusters 7 to 9, where the SA-S sublines have
adaptively upregulated expression (e.g., ribosomal and mito-
chondrial genes; cell cycle and RNA polymerase genes) are
involved in the canonical Wnt signaling pathway. By contrast, in-
vasion-associated genes in clusters 0, 1, and 2, where the HA-R
sublines have adaptively upregulated expression (e.g., G protein
subunits, phospholipase C [PLC] genes, protein kinase C [PKC]
genes, protein kinase G [PKG] genes, calcineurin genes, and
actin remodeling genes), are involved in the non-canonical Wnt
signaling.

have adaptively upregulated expression
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Figure 5. Adaptively expressed genes asso-
ciated with WNT signaling in melanoma
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receptor, LRP and frizzled (FZD), resulting in the
inhibition of GSK33 and activation of g -catenine
(CTNNB1). CTNNB1 activates MITF, which in-
duces the expression of PGC1«, ribosomal genes,
and melanocytic differentiation genes such as

DCT, tyrosinase (TYR), TRP1, etc. PGC1« drives the biogenesis of mitochondria. The overall effect is to promote cell differentiation, growth, and proliferation.
(Right) Non-canonical WNT signaling. The WNT ligand (e.g., WNT5A and WNT11B) binds to the composite receptor, ROR and FZD, resulting in the activation of
calcium signaling through G proteins, phosphodiesterase (PDE), and protein kinase G (PKG), or through disheveled (DSH) and phospholipase C (PLC). The
released calcium (Ca®*) will bind to and activate calcineurin, resulting in the activation of NFAT, a transcription factor that control cellular differentiation.*® The PLC
signaling may also activate protein kinase C (PKC), which in turn promotes cell migration and invasion though CDC42 and cytoskeleton reorganizing genes. The
overall effect is to promote epithelial-mesenchymal transition (EMT), cell migration, and invasion.

We also found histone modification enzyme genes with adap-
tively upregulated expression in HA-R and adaptively downregu-
lated expression/no selection in SA-S, including Kdm1a, Ezh1
(cluster 0), Kdmba, Smyd4 (cluster 1), Kdm4b, Smyd2 (cluster
2), and Smyd3 (cluster 10). Since histone modification can deter-
mine the activation or inactivation of transcription,®’ these genes
may serve as a “switch” of specific gene modules and therefore
have expression undergoing selection. In fact, Siah and Kdm
genes have been shown to switch cells from canonical to non-
canonical WNT signaling.®® Gsk38, which has adaptively upre-
gulated expression in HA-R, can also act as a switch between
the two signaling pathways by inhibiting canonical Wnt signaling
(Figure 5, left panel).

In summary, the genes with adaptively upregulated expres-
sion in the HA-R sublines are associated with cell invasion and
non-canonical Wnt signaling. By contrast, the genes with adap-
tively upregulated expression in the SA-S sublines are associ-
ated with cell proliferation and canonical Wnt signaling. Taken
together, these results imply that gene modules controlling spe-
cific functions and transcriptional states of the cells are subject
to selection during melanoma subclonal evolution.

Genes with adaptively evolving expression underline
therapeutic responses
In the above analysis, we identified genes with adaptive expres-
sion in two different groups of sublines that represent subclones
displaying contrasting phenotypes. Presumably, the expression
of these genes was selected for by the tumor microenvironment,
such as immune response and competition for nutrients. These
selective pressures gave rise to the distinct phenotypes of the
sublines, particularly in vivo growth rate and response to immu-
nity, in a process of adaptation.

However, the 23 sublines isolated and analyzed in these ex-
periments are expected to be only a small sample of all sub-
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clones present in the parental line B2905. We validate that our re-
sults are representative of other subclones that display similar
phenotypes as the analyzed sublines. Specifically, we analyzed
genes differentially expressed in B2905-derived tumors sensitive
and resistant to ICB treatment and examined how they are asso-
ciated with genes exhibiting adaptive expression based on our
evolutionary analysis of the sublines.

The response of tumors derived from the parental B2905 cell
line to ICB treatment was determined in a preclinical study
described previously.® Briefly, mice bearing tumors grown
from implanted parental B2905 cells were subjected to anti-
CTLA4 or isotype control immunoglobulin G (IgG) treatment. Af-
ter the completion of the dosing, tumors that continuously
increased or decreased/remained stable in size for a pre-defined
period of time were identified as non-responder and responder
tumors, respectively (Figure 6B), and harvested for bulk RNA
sequencing. We use a total of 25 mice (14 responders, 6 non-re-
sponders, and 5 control).

Tumors that effectively respond to ICB treatment are expected
to exhibit higher levels of therapy-induced immunity, reducing the
cellular population to resistant subclones after treatment (Figure
6A). To test if the post-treatment responder tumors are indeed
dominated by resistant subclones, we evaluated the melanocytic
plasticity signature (MPS) score and CD8 expression of the
treated tumors (Figure 6C). A high MPS score indicates higher un-
differentiated state that is associated with resistance to immuno-
therapy”® and has been used in previous studies to examine
treatment resistance.'® The CD8 score (the average of CD8a
and CD8b gene expression) has been used to quantify the infiltra-
tion of effector T cells into tumors, indicating the degree of inflam-
matory responses.*’ As compared with the post-treatment non-
responder tumors, the responder tumors have significantly
higher MPS scores (independent t test p value < 0.001) as well
as higher (though not significant) CD8 scores, suggesting
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therapy-induced effective inflammatory response. This confirms
that effective immune response reduces the responder tumors to
more undifferentiated, resistant subclones.

The resistant subclones that persist after immune treatment
are likely to include a broader set of subclones than just those
isolated for the single-cell analysis. This provides an opportunity
for testing whether genes identified as having adaptive expres-
sion using the representative set of sublines are more broadly
related to immunotherapy response. If the identified adaptivity
is characteristic of immunotherapy response, then the post-
treatment responder tumors should be enriched in genes with
adaptive expression in the HA-R sublines because of the domi-
nance of resistant subclones in those tumors. Specifically, when
a gene has high expression in the post-treatment responder tu-
mors, that gene is expected to have adaptively upregulated
expression in HA-R sublines, and when a gene has low expres-
sion in the responder tumors, that gene is expected to have
adaptively downregulated expression in HA-R sublines.

To investigate the enrichment of genes with adaptive expres-
sion in the clonal sublines, we first performed differentially ex-
pressed gene (DEG) analysis between post-treatment responder
and non-responder tumors using DESeq2.*" Of the 2,268 DEGs
that are also in the single-cell dataset used to test for adaptivity,
642 and 1,626 have higher relative mean expression in the post-

downregulated of sublines. Each subline group is separated into

genes with adaptively upregulated (red, left) and
adaptively downregulated expression (blue, right).

treatment responder and non-responder tumors, respectively.
Full results are reported in Table S6.

We then examined the enrichment of genes with adaptive
expression within the DEGs by calculating the percentage of
adaptively expressed genes in the DEGs (Figure 5D). As ex-
pected, the DEGs that are more highly expressed in the post-
treatment responder tumors are preferentially enriched with
genes with adaptively upregulated expression in the HA-R sub-
lines relative to those with adaptively downregulated expression
(7.2% versus 1.6%). By contrast, DEGs more highly expressed in
post-treatment non-responder tumors are preferentially en-
riched with genes with adaptively downregulated expression in
the HA-R sublines relative to those with adaptively upregulated
expression (6.1% versus 5.4%), although this trend is less
distinct. The differences between these enrichment patterns
are statistically significant (chi-squared p value < 0.0001). These
patterns demonstrate that the genes identified as having adap-
tive expression in the HA-R sublines are indeed more highly ex-
pressed in the post-treatment responder tumors that experi-
enced effective treatment and represent a resistant population
of cells not restricted to the tested sublines.

Next, we analyzed the genes with adaptive expression in the
SA-S sublines. The DEGs with higher expression in the post-
treatment responder tumors are preferentially enriched with
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genes with adaptively downregulated expression relative to
those with adaptively upregulated expression (12.6% versus
1.1%). The genes with higher expression in the post-treatment
non-responder tumors also have higher enrichment with genes
with adaptively downregulated expression relative genes with
adaptively upregulated expression (12.7% versus 2.6%).
This trend may be because of the likely heterogeneity of the
post-treatment non-responder tumors (Figure 5A). These enrich-
ment differences are statistically significant (chi-squared p
value < 0.05). Genes with adaptive expression in the MA-S sub-
lines do not show significant preferential enrichment. This sug-
gests that the enrichment shown by HA-R and SA-S is associ-
ated with their phenotypes.

These analyses further support the view that genes identified
to have adaptively upregulated expression in HA-R are broadly
related to the invasive and ICB-resistant tumor phenotype.
Notably, signaling that drives melanoma cells toward invasive/
migratory/epithelial-mesenchymal transition (EMT) phenotype
similar to HA-R has been shown to associate with resistance
to immunotherapies.***?

DISCUSSION

Summary

In this study, we utilized BM and OU processes to model adap-
tive evolution of gene expression in mouse melanoma tumors.
By running our method on clonal sublines derived from a mouse
melanoma model exhibiting distinct phenotypic properties, we
were able to identify genes with adaptive expression within
groups of sublines. Specifically, we focused on sublines that var-
ied in their growth rate and response to anti-CTLA4 immuno-
therapy treatment when implanted individually into distinct but
genetically identical mice.

We found that about 9%-15% of the genes have expression
that can be considered to be adaptive within the subline groups
sharing phenotypes. The genes with adaptive expression in
sublines that were highly aggressive and resistant to ICB ther-
apy (HA-R) are associated with cell invasion, cell migration,
adhesion, and survival. By contrast, the genes with adaptive
expression in the sublines that were secondarily aggressive
and sensitive to ICB therapy (SA-S) are associated with ribo-
somal and mitochondrial processes, indicating cell growth.
These two groups of genes represent the known binary inva-
sive and proliferative phenotypes of melanoma. Additionally,
the genes with adaptively upregulated expression in the HA-R
sublines are associated with non-canonical Wnt signaling, while
the genes with adaptively upregulated expression in the SA-S
sublines are associated with canonical Wnt signaling, further
supporting the link with the binary phenotypes in melanoma.**

We also evaluated the genes with adaptive expression in tu-
mors derived from the parental line and treated with anti-
CTLA4 immunotherapy. We found that tumors with therapy-
induced immunity were enriched with genes with adaptive
expression in HA-R. This is consistent with a previous study
showing that resistance of melanoma to ICB is associated with
the precursor states.”® Our results suggest that genes in func-
tional modules are subjected to selection together. Such gene
modules are usually involved in the developmental process.*’
For example, we identify selection on gene expression related
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to non-canonical and canonical Wnt signaling genes. These
genes are involved in the migration and maturation phase of me-
lanocyte precursors.** Our findings also indicate that selection of
gene modules could be achieved by the adaptively upregulated
expression of histone modification enzyme genes, which can
serve as genetic switches of gene groups.

Stochastic models of gene expression expand on
traditional mutation- and sequence-based methods

In contrast to previous tumor evolution analyses that focus on
mutations, our analysis focuses on the evolution of gene expres-
sion. The insights from expression-based evolutionary analysis
using a mutation-based phylogeny are complementary to ana-
lyses using mutations alone. In particular, we found that mutated
genes are not more likely to have adaptive expression: the per-
centage of mutated genes that have adaptive expressionis nearly
equal to the percentage of all analyzed genes that have adaptive
expression. This suggests that our results would not be identifi-
able if solely using mutations. This may imply the distinct roles
of genetic and non-genetic drivers of subclonal evolution. In addi-
tion, we performed analysis with traditional dN/dS methods,
which are used to determine adaptivity in the context of sequence
evolution. dN/dS analysis across the entire genome and all sub-
lines found a signal consistent with weak positive selection (1.63).
Performing dN/dS on the chosen subline groups separately, we
also mostly found signal consistent with weak positive selection
(1.32, 1.80, and 1.46 for HA-R, SA-S, and MA-S, respectively).
This is consistent with previous studies that found slight positive
selection in cancer tumors.*® However, the sparsity of mutational
data did not allow for detailed gene-wise analysis. Details of the
dN/dS analysis can be found in the STAR Methods. Thus, the
modeling of gene expression evolution in cancer provides unique
insights into tumor evolution that an analysis based on mutations
alone would miss.

Limitations of the study
There are limitations of our study that open possibilities for future
work. First, because of the noise in single-cell data, our method,
like differential expression and sequence-based dN/dS
methods, is unable to distinguish weak signals of constrained
evolution from neutral evolution, as shown in our simulation
studies. This makes it unsurprising that we do not identify any
genes with constrained expression evolution in the biological
data. However, we cannot rule out the possibility that tumors
evolve with limited constrained evolution. This question could
be further investigated by leveraging bulk RNA sequencing,
which has less noise, in conjunction with single-cell data.
Second, when analyzing sublines from one regime (e.g.,
HA-R), the sublines in the other regimes (e.g., SA-S and MA-S)
are considered as part of the background. Our results then
must be considered comparatively. This could result in genes
that are only in fact adaptively upregulated in one regime being
also labeled as adaptively downregulated in the others. To help
avoid comparative results, OU models allow for more than two
optima to be estimated. In order to address whether using only
two optima impacted our results, we ran experiments with
such further divisions, considering the case where the HA-R,
the SA-S, and the rest of the sublines all have separate optima.
The results of this three-regime experiment were similar to the
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two-regime results, giving us increased confidence that our re-
sults using two optima can be generalized. Using more optima
increases the number of parameters to estimate and reduces
the power of the stochastic methods, resulting in fewer genes
being properly estimated. Designing new methods that can bet-
ter optimize over additional optima would allow us to further sup-
port our results and enable future studies examining multiple
groups of sublines.

Further, previous studies in species evolution have suggested
that the size and branch length of the evolutionary tree can
impact the results of BM and OU methods, where increasing
the number of leaves and lengths of branches improved model
performance.’”*>*® While our tree has 23 leaves, more than
other studies of species evolution,'”?"?% it is possible that add-
ing more sublines could provide even further insights.

Our model does not address the mechanisms altering the
expression of the genes. Adaptation of gene expression can
be mediated by many different mechanisms, including genetic,
epigenetic, and metabolic alterations. Changes in these
mechanisms may not impact the gene expression directly but
rather promote indirect changes, like epistatic interactions. For
example, we have shown that genes with adaptive expression
in the HA-R sublines include epigenetic control genes, specif-
ically histone modification enzymes (section “functional implica-
tions of genes with adaptive expression patterns in melanoma”).
This result suggests epigenetic changes contribute to the evolu-
tion of gene expression. Independent of the regulatory mecha-
nisms mediating the gene expression changes, adaptation of
gene expression indicates regulation of activities of genes and
pathways directly impacting phenotypes of interest such as
growth, proliferation, and immunotherapy resistance. Informa-
tion of gene expression adaptation provides a window for under-
standing selective forces in cancer evolution and can guide effi-
cient approaches to therapy.

Despite these limitations, our method was able to identify
genes with adaptive expression, and our subsequent analysis re-
veals that these adaptive genes were associated with specific
pathways directly linked to the subline phenotype. We were un-
able to identify these genes from dN/dS analyses or mutations
alone, demonstrating the benefits of gene expression evolution
analyses for studying subclonal evolution and response to treat-
ment. Examining adaptation of gene expression can be used
in many further applications. For example, comparing gene
expression adaptation between cancer types and patients of
different sex and/or age can reveal further understanding of
both general adaptation trends in cancer as well as differences
based on specific microenvironments of individuals.

Conclusions

In conclusion, our study demonstrates the efficacy of using sto-
chastic processes for modeling gene expression evolution of
tumor sublines in the context of uncovering clone-specific
adaptation. Applying our methodology to mouse melanoma
sublines revealed adaptive evolution patterns consistent with
the subline phenotype and response to treatment. Specifically,
sublines that were resistant or sensitive to treatment had
phenotype-specific profiles of genes with adaptive expression.
This finding led us to discover pathways undergoing selection,
specifically Wnt signaling, that vary between the sublines with
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contrasting phenotypes. Subsequent gene expression analysis
of tumors grown from the parental line and subjected to anti-
CTLA4 treatment showed that the genes identified to have
adaptive expression based on our analysis of isolated sublines
are broadly associated with the corresponding phenotype. Our
methodology for analyzing clonal sublines identified pheno-
type-switching signaling that could not be revealed by muta-
tions only.

Our results demonstrate that analysis of single-cell sequencing
data using stochastic models can identify genes and functional
modules with expression undergoing adaptation, which is key in-
formation in tumor evolution and heterogeneity. Knowledge of
the functions of subclones selected by specific microenviron-
ments can further allow for the design of effective treatment
protocols.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse anti-mouse CTLA-4 (Clone 9D9) Bio X Cell Cat# BE0164; RRID: AB_10949609
Mouse IgG2b (Clone MPC-11) Bio X Cell Cat# BE0086; RRID: AB_1107791
Deposited data

Single-cell RNA data of clonal sublines This paper GEO: GSE215963

Gene expression of mouse melanoma after This paper GEO: GSE255484

anti-CTLA-4 treatment

Experimental models: Cell lines

B2905 mouse melanoma cell line

Clonal subline of B2905, C1-C24

Dr. Glenn Merlino (Also available in ATCC)

Dr. Glenn Merlino

B2905 (ATCC cat# CRL-3476); RRID:
CVCL_BOCG

B2905 C1 to C24

Software and algorithms

Python version 3
R version 4
EvoGeneX
clusterProfiler

DESeq2

Trisicell
Analysis code

Python Software Foundation
The R Foundation

Pal et al.”

Wu et al.*”

Love et al.*’

Rashidi Mehrabadi et al."®
This paper

https://www.python.org
https://www.r-project.org/
https://github.com/ncbi/EvoGeneX

https://bioconductor.org/packages/
release/bioc/html/clusterProfiler.html

https://www.bioconductor.org/packages/
release/bioc/html/DESeqg2.html

https://trisicell.readthedocs.io/
https://github.com/ncbi/nongenomic-

evolution-of-tumor-subclones

EXPERIMENTAL MODEL AND SUBJECT DETAILS

For M4 melanoma model, pups of hepatocyte growth factor (HGF)-transgenic C57BL/6 mice received UV irradiation at postnatal day
3, and melanoma would emerge in 6 — 8 months. A melanoma was harvested from a male mouse to make B2905 cell line.*® B2905
melanoma carries spontaneous hotspot mutations in Kras, Gnag, and Sf3b7.%° The M4 melanoma model for preclinical study was
built by implanting B2905 cells into C57BL/6 mice subcutaneously.

The development of the 24 clonal sublines was described previously.?* In brief, 24 single cells were randomly selected and isolated
from the parental B2905 mouse melanoma line, which was generated®® and cultured in our laboratory, by cell sorting without any
labeling. They were expanded in culture to become individual clonal sublines, C1 to C24. Cells were considered low quality and
removed from the dataset if they had fewer than 500,000 reads, fewer than 1,000 genes detected, or if over 20% of the genes de-
tected were mitrochondrial genes.“r’ We further remove the cells that were missing data for any of the sublines, keeping only those
that had at least one non-zero replicate for every subline. Analyses of whole exome, whole transcriptomics, and single-cell full tran-
scripts were also described by.?*

For the preclinical study of B2905 melanoma response to anti-CTLA-4 (“Genes with adaptively evolving expression underline ther-
apeutic responses”), wildtype female C57BL/6 at the age of 6-8 weeks old were purchased from The Charles River at NCI Frederick.
Mice at Laboratory Animal Science Program, National Frederick Laboratory for Cancer Research were housed in micro-isolator and
individually ventilated cages supplied with acidified water and fed 5053 Irradiated Picolab Rodent Diet 20 lab diet. Temperature for
laboratory mice in our facility is maintained between 18-23° C with 40-60% humidity. All animal procedures are conducted in laminar
flow hoods. All personnel are required to wear scrubs and lab coat, mask, hair net, shoe covers, and disposable gloves upon entering
the animal rooms. A 12 light/12 dark cycle was used for the mice. The animal study protocol (16-007) was approved by the Animal
Care and Use Committee at NCI Frederick.

In all, 1.0x108 B2905 cells were implanted into the flank of 40 female C57BI/6 mice, aged 6 — 8 weeks. The tumor size was
measured twice a week. When tumors reached 75 mm? of size by average, mice were randomized into three groups to receive treat-
ment of anti-CTLA-4 (Bio X Cell Cat.No. BE0164, clone 9D9; 30 mice), IgG2b isotype control (Bio X Cell Cat.No. BP0086, clone MPC-
11; 5 mice), or left untreated (5 mice). The antibody was given to mice at 10 mg/kg i.v., twice a week for two consecutive weeks. After
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the completion of antibody dosing, tumors with size approximately unchanged or decreasing at the next three measurements were
identified as stable disease or responder tumors, respectively, and harvested. For those with size continuously increasing at the next
three measurements, they were identified as non-responder and harvested at designated size. In any group, when the tumor reached
2000 mm?® or ulcerated, or mice showed behavior of sickness, the endpoint was achieved, the mice would be euthanized by trained
personnel with carbon dioxide inhalation in a euthanasia chamber, following the procedure in our animal study protocol. 25 tumors
were harvested before reaching the endpoint and subjected to RNA sequencing. The rest were allowed to reach the endpoint
for observing therapeutic efficacy. After euthanization, the tumor would be harvested for flash freezing in liquid nitrogen or fixation
in paraformaldehyde, and the mouse would be examined by necropsy. The flash-frozen tumor would be processed for RNA
sequencing.

METHOD DETAILS

Determining adaptive genes with Brownian motion and Ornstein-Uhlenbeck models

We use three stochastic models to determine adaptivity: a Brownian motion model, an Ornstein-Uhlenbeck model with a single op-
timum, and an Ornstein-Uhlenbeck model with two optima. These models describe the change of expression for a gene for a subline
over time. There is no assumption of interaction or admixing among the “species.” Brownian motion describes a stochastic process
where the gene expression values change by a random value from a normal distribution at each time step t:

dXi(t) ~ N'(0,%)

where X; is the expression value of species /, and ¢ is the standard deviation of the normal distribution.
The Ornstein-Uhlenbeck model is a generalization of Brownian motion that includes a pull to an “optimum” value at each time step:

dXi(t) = a(f; — Xi(t))dt + odB(t)

where 6; is the optimum value for species i, « is the influence of the optimum on the change, and dB(t) is change from Brownian mo-
tion. When « = 0, this model simplifies to Brownian motion.
We extend this to include multiple replicate values for each gene. To model this, we add a noise term to the species value:

dY,ﬁk(t) = X,(t) + €&k

where Y is the replicate value for species i, replicate k, & ~ N'(0, 702) is a Gaussian variable with mean 0 and variance ys?, which
represents the within-species variability.

Parameters g, «, 6;, and y are estimated using the maximum likelihood procedure described in the original EvoGeneX study.w7 Initial
values of the parameters « and v were set to 0.1 and 0.01, respectively, as they are shown to work well in the original study.'”
Although this method assumes that replicates of a species are normally distributed, we show using simulation studies that it can still
be used to predict adaptivity of single-cell data, which is known not to be normally distributed.

Simulation studies

We perform simulation experiments in order to show that EvoGeneX'” is appropriate for single-cell cancer data. We do this by simu-
lating expression data under neutral, constrained, and adaptive models with high levels of noise that resemble the single-cell RNA
sequence data we analyze.

In order to simulate single-cell data undergoing different modes of evolution, we first simulate the mean value of each species by
running a Brownian motion (BM) or Ornstein-Uhlenbeck (OU) process down the tree with the root value fixed. We use the R library
OUwie to model BM and OU processes. Rather than create replicates using a normal distribution as previously used to simulate bulk
data,'” we draw replicates from either a Poisson or a negative binomial distribution, which are more appropriate to simulate single-
cell RNA sequence data.“*®™>" The Poisson distribution has both mean and variance equal to the species value, giving the expression
value of species i, replicate k at time t as

Yik(t) ~ Pois(Xi(t)).

Where X;(t) is the mean expression value of that species simulated by the BM or OU process.

The variance represents the within-species variation (here, within-subline variation). The Poisson distribution does not have a
parameter to control the variance separately from the mean, so using this distribution we cannot determine how the within-species
variation affects the results. The negative binomial distribution introduces a dispersion parameter r, which affects the variance along
with the mean. The expression value of species j, replicate k at time t is

Yik(t) ~ NB(X;(t),r).

2
The variance of the negative binomial is X;(t) +& So as r increases, the within-subline variation decreases. The variance of the

negative binomial distribution will always be greater than that of the Poisson distribution. This increase in noise in the data suggests
that the genes with adaptive expression under the negative binomial model will be harder to predict.
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We run simulations over the mutation tree from the 23 subline experiments with the highly aggressive and resistant (HA-R) regime
and use parameter values estimated from the data. We set the expression level at the root to be 150, approximately equal to the mean
of the expression values of all the replicates in the single-cell dataset. We vary o> between 0.1%, 1%, and 10% of the expression at
the root (0.15, 1.5, and 15) and « between 0.125, 1, and 8, which were chosen based on the simulations in Pal et al.'” High o2 values
represent high between-subline variation, and high « values represent a strong pull to the optimum value. We vary 6+/6, between
1.02, 1.04, 1.06, 1.08, and 1.1. The 6 values are equidistant from the root value and 6, is higher and 6, is lower than the root value,
respectively. Low 61 /6, values represent instances where the optima values are very similar, making the different harder to detect.
For the negative binomial distribution, we vary r between 100, 150, and 200, where increasing values corresponds to decreasing
within-subline variation.

We generate three types of data: 1) neutral data using BM (9 parameter combinations), 2) constrained data using an OU process
with a single optimum (27 parameter combinations), and 3) adaptive data using an OU process with two optima using the HA-R
regime (135 parameter combinations). For each combination of parameters, we simulate 100 genes, each with at most eight repli-
cates with each having a 10% chance of drop-out to resemble the missing data in the real dataset.

Over every dataset, we run EvoGeneX with BM, OU with one optima, and OU with two optima. Running OU processes over the
neutral data demonstrates the false positive rate. Running an OU process with a single optimum over data simulated as constrained
and an OU process with two optima over the data simulated as adaptive demonstrates the true positive rate.

Random control runs

We test how many genes are predicted as adaptive when sublines are selected at random in order to confirm that our results are due
to adaptive signal and not noise. In order to do this, we ran EvoGeneX over 50 randomly selected groups of three sublines, excluding
the sublines in HA-R and SA-S, as we expect those sublines to have strong adaptive signals. We show the resulting distribution of the
number of genes predicted to have adaptive expression in the random runs in Figure S3.

Clustering of genes with adaptive expression

We perform k-means clustering on the genes with adaptive expression in at least one of the three subline groups we analyzed. In
order to do this, we assign each gene a value for each group based on the g-value for that regime, resulting in a set of three values
for each gene. Specifically, for each regime r, a gene is assigned the following value:

llog, q| if adaptively upregulated in r
v, =< —|log, q| if adaptively downregulated inr
if not adaptive inr

The genes are clustered based on these triplet values (i.e., the vector [vyaR, Vsa-s, Vma-s]. We ran k-means clustering with 2 to 20
clusters and chose to use 12 clusters because it had the lowest silhouette score.

QUANTIFICATION AND STATISTICAL ANALYSIS

Function and pathway enrichment analysis

We use clusterProfiler'” in R to determine enrichment of KEGG terms in genes using over-representation analysis. In the single-cell
analysis, we determine enrichment of the genes with adaptive expression for each of the regimes. The background gene set for this
analysis is all the genes in the single-cell data. In the bulk validation analysis, we use the genes that appear both in the single-cell data
and the bulk data for the background set. We calculate g-values by correcting p-values with using Benjamini-Hochberg false discov-
ery rate correction and consider pathways with a corrected g-value < 0.05 as significant.

Differential expression analysis

We used DESeq2*' to perform differential expression analysis between post-treatment responder and non-responder tumors. We
used as input the count matrix of the gene expression and ran DESeqg2 with the default parameters. g-values were calculating by
correcting p-values for multiple hypothesis testing using the Benjamini-Hochberg false discovery rate method and genes with
g-values <0.05 were considered significant.

dN/dS calculations

We estimate dN/dS on the bulk whole exome sequence data with a counting method. Because of the sparsity of gene-wise data, we
only calculate dN/dS ratios over the entire genome. We calculate dN/dS for all sublines and the chosen sublines of each regime sepa-
rately. We count the number of synonymous and nonsynonymous mutations across all genes in the chosen sublines. We then
normalize these values by the expected number of synonymous and nonsynonymous sites in the data (1/3 of the sites are expected
to be synonymous and 2/3 of the sites are expected to be nonsynonymous) and divide the proportion of nonsynonymous sites by the
proportion of synonymous sites.

1. The M4 mouse melanoma model represents RAS-mutated human melanoma with a transitory differentiation subtype. See
Methods for detailed description.
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2. Each clonal subline was grown from a single cell isolated from the B2905 cell line.**

3. While partitioning the tree to have more than two optima is possible, the addition of optima values to estimate reduces the po-
wer of the method, so here we only consider two optima.

4. SA-S was also enriched in the new Coronavirus pathway (hsa05171), but we found that this is caused by the enrichment in
ribosomal genes®® that constitute 89 out of 232 genes in this pathway so we do not include this pathway in the discussion.

5. In accordance with organism-specific formatting guidelines (https://www.ncbi.nlm.nih.gov/genbank/eukaryotic_genome_
submission_annotation/), the mouse gene symbol begins with an uppercase letter, followed by lowercase letters, and human
gene symbol uses all uppercase letters.
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