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Abstract
Cancer progression, including the development of intratumor heterogeneity, is
inherently a spatial process. Mathematical models of tumor evolution may be
a useful starting point for understanding the patterns of heterogeneity that can
emerge in the presence of spatial growth. A commonly studied spatial growth
model assumes that tumor cells occupy sites on a lattice and replicate into neigh-
boring sites. Our R package SITH provides a convenient interface for exploring
this model. Our efficient simulation algorithm allows for users to generate 3D
tumors with millions of cells in under a minute. For the distribution of muta-
tions throughout the tumor, SITH provides interactive graphics and summary
plots. Additionally, SITH can produce synthetic bulk and single-cell DNA-seq
datasets by sampling from the simulated tumor. A streamlined application pro-
gramming interface (API) makes SITH a useful tool for investigating the rela-
tionship between spatial growth and intratumor heterogeneity. SITH is a part of
CRAN and can be installed by running install.packages(“SITH”) from the
R console. See https://CRAN.R-project.org/package=SITH for the user manual
and package vignette.
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1 INTRODUCTION

A comprehensive understanding of how intratumor het-
erogeneity (ITH) develops is critical for effective cancer
diagnosis and treatment [11]. Mathematical models of can-
cer evolution are a promising approach for studying ITH
and are free of the ethical and logistical questions associ-
ated with collecting clinical data [2]. Although the gen-
eral evolutionary dynamics of cancer growth are well-
characterized [8], little is known about the effect of spatial
growth on ITH. Developing an in silico model that cap-
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tures the evolution of a spatially embedded tumor would
be a starting point for investigating this relationship. Such
a model may also be useful for developing novel statistical
methods which can account for samples collected from a
spatially heterogeneous tumor.
A simple model of spatial tumor growth assumes that

cells occupy sites on a lattice and replicate into unoccupied
adjacent sites. Waclaw et al. [12] studied the dynamics of
this model with selective mutations and local migration
and similar models were used by [9] and [3] to study
the effects of spatial heterogeneity on sequencing data.
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Existing software for simulating this model is either too
slow to simulate large tumors, does not allow for 3D sim-
ulation, does not simulate synthetic sequencing datasets,
or is written in a low-level programming language (Sup-
plement A). Our package ‘A Spatial model of Intra-Tumor
Heterogeneity (SITH)’ implements an efficient simulation
algorithm which allows the user to generate tumors
with millions of cells in under a minute, entirely within
R. Additionally, SITH can produce synthetic bulk and
single-cell DNA-seq datasets from the simulated tumor. In
this paper, we describe the core functionality of SITH and
provide two examples to demonstrate its utility.

2 METHODS

2.1 Mathematical model

We model tumor cells as occupying sites on the three-
dimensional integer latticeℤ3with (attempted) replication
and death events occurring at times given by a Poisson pro-
cess with intensity 𝑏 and 𝑑, respectively. We refer to 𝑏 and
𝑑 as the birth rate and death rate. A cell can replicate if at
least one of the six adjacent sites are unoccupied. During
replication, both daughter cells can acquire new genetic
alterations. For each cell, the number of new alterations
is drawn from a Poisson distribution with mutation rate
𝑢. With probability 𝑢𝑑, a genetic alteration is a “driver”
and confers a selective advantage of 𝑠 to the cell. A driver
mutation increases the birth rate by a factor of 𝑠, so that a
cell with 𝑘 driver mutations has a birth rate of 𝑏𝑠𝑘. Since
tumors often begin with a single mutated cell [4], the ini-
tial state of our model is a single cell at the origin with
𝑏 > 𝑑.

2.2 Simulation algorithm

We simulate our model using a Gillespie algorithm [5].
Given a population of 𝑁 cells at time 𝑡, cell 𝑖 is chosen to
replicate with probability 𝑏𝑖∕

∑𝑁

𝑗=1
(𝑏𝑗 + 𝑑𝑗) and die with

probability 𝑑𝑖∕
∑𝑁

𝑗=1
(𝑏𝑗 + 𝑑𝑗). After an event is selected,

the time is updated to be 𝑡 + 𝑋, where 𝑋 follows an expo-
nential distribution:

𝑋 ∼ Expo

(
𝑁∑
𝑗=1

𝑏𝑗 + 𝑑𝑗

)
. (1)

For faster simulation, we approximate the parameter of (1)
with 𝑁𝑝max , where 𝑝max = max𝑗(𝑏𝑗 + 𝑑𝑗). See Section B
of the Supporting information for a full description of the
simulation algorithm.

3 RESULTS

We implement the above model and simulation algorithm
in the R package SITH. The core function of the pack-
age is simulateTumor(), which runs the simulation. The
user can specify cell replication rate, death rate, mutation
rate, and selective advantage conferred to cells with driver
mutations. By default, the infinite sites model is assumed
(so that each model occurs only once), but custom mod-
els of mutation can also be chosen (Supporting informa-
tion C).
In silico tumors produced by SITH can be rendered in

an interactive 3D environment through the RGL package
[1]. As shown in Figure 1A, we have implemented two
modes to visualize the tumor. On the left, each unique
genotype is assigned a distinct color. On the right, cells
are colored by their mutational burden, with blue corre-
sponding to few and red corresponding tomanymutations.
Two-dimensional cross-sections can be visualized with the
function plotSlice().

3.1 Driver mutations are associated
with increased spatial clustering

A crucial unknown is how spatial growth biases the
distribution of genetic diversity within the tumor. SITH
was designed to provide a sandbox for asking ques-
tions about the spatial distribution of mutants within a
tumor. spatialDistribution() produces relevant sum-
maries of spatial heterogeneity, which can be either plot-
ted through SITH (Figure 1B) or output as data for further
study. For example, the function plots the average number
of mutations per cell as a function of radial distance from
the origin. An increasing trend suggests that the mutation
burden is higher in the tumor periphery.
spatialDistribution() also plots a measure of

genetic similarity (Jaccard index [7]) as a function of the
Euclidean distance between cells. In general, we expect
nearby cells to be more similar than cells on opposite sides
of the tumor. SITH allows us to quantify how the amount
of spatial clustering depends on the model parameters.
To demonstrate this, we vary the selective advantage
𝑠 as the other model parameters are fixed at 𝑏 = 0.25,
𝑑 = 0.18, 𝑢 = 0.01, 𝑑𝑢 = 0.003 (standard values, see [12]
or [6]). For each value of 𝑠, we simulate 100 tumors of
size 106 cells and report the average Jaccard similarity
at each distance in Figure 1D. The average similarity
increases as selective advantage increases, with the most
significant difference at smaller distances. This suggests
that increasing the strength of driver mutations can lead to
increased spatial clustering and homogeneous subclones.
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F IGURE 1 The main features of SITH. (A) 3D snapshots of a simulated tumor (106 cells). On the left, each unique genotype is assigned
a color. On the right, regions with high mutation are colored red, while regions with low mutation are colored blue. (B) A plot of average
mutations per cell as a function of Euclidean distance from the origin. (C) A cube is selected from the tumor and sequenced, returning bulk or
single-cell data. (D) Jaccard similarity [7] as a function of Euclidean distance between cells. The genetic similarity between nearby cells
increases as the selective advantage 𝑠 increases. (E) Average bias of simulated bulk sequencing data as the number of cells and number of
samples varies

3.2 Multi-region sequencing leads to a
reduction in bias

SITH is capable of generating synthetic sequencing
datasets from the simulated tumor. Bulk sampling is per-
formed by selecting all cells within an 𝑛 × 𝑛 × 𝑛 cube
(with empty sites corresponding to normal “un-mutated”
cells) and reporting the resultingmutation allele frequency
(MAF). The function bulkSample() allows the user to
select the number and location of samples to draw from
the tumor. Additionally, technological noise can be intro-
duced by decreasing the coverage.
We hypothesized that taking a local sample from a spa-

tially structured tumor population could lead to significant
bias in the estimated MAFs. To test this, we used SITH
to obtain synthetic sequencing data from a tumor under
a variety of sampling strategies. Specifically, we varied the

number of cells per sample (a function of 𝑛) and the num-
ber of samples (cubes centered at spatially distinct loca-
tions).We quantify the accuracy of estimatedMAFs by tak-
ing themean difference between the estimated and ground
truth MAFs. Figure 1E shows that the bulk sequencing
procedure consistently overestimates MAFs. Importantly,
the results suggest that the greatest reduction in bias is
achieved by including more spatially distinct samples as
opposed to increasing the number of cells per sample. Our
results are consistent with a similar study from [9].

4 DISCUSSION

With a straightforward API that can be used entirely
within R, SITH provides a biologically motivated simula-
tion of spatial tumor growth, coupled with methods for
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measuring ITH. Synthetic data generated from SITH can
serve as the ground truth for benchmarking various com-
putational methods. For example, the single-cell data
could be used as input to various phylogenetic tree recon-
struction algorithms, such as those presented by [10]. Addi-
tionally, SITH can be used to test the accuracy of algo-
rithms designed to estimate subclonal composition, since
the true MAF for each mutation is provided.
Additional features of SITH include simulations of

metastatic seeding and treatment. For example, SITH can
be used to simulate targeted therapy with the evolution of
resistant subclones (Supporting information D). Incorpo-
rating simulations of treatment can allow for comparisons
of the cancer recurrence time under a variety of surgical
and therapeutic procedures. By analyzing cells near the
tumor periphery, SITH can also provide insights into the
likely genetic compositions of metastases.
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