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Genetic heterogeneity within a tumor arises by clonal evolution, and patients with highly heterogeneous
tumors are more likely to be resistant to therapy and have reduced survival. Clonal evolution also occurs
when a subset of cells leave the primary tumor to form metastases, which leads to reduced genetic
heterogeneity at the metastatic site. Although this process has been observed in human cancer, experi-
mental models which recapitulate this process are lacking. Patient-derived tumor xenografts (PDX) have
been shown to recapitulate the patient’s original tumor’s intra-tumor genetic heterogeneity, as well as its
genomics and response to treatment, but whether they can be used to model clonal evolution in the
metastatic process is currently unknown. Here, we address this question by following genetic changes
in two breast cancer PDX models during metastasis. First, we discovered that mouse stroma can be a con-
founding factor in assessing intra-tumor heterogeneity by whole exome sequencing, thus we developed a
new bioinformatic approach to correct for this. Finally, in a spontaneous, but not experimental (tail-vein)
metastasis model we observed a loss of heterogeneity in PDX metastases compared to their orthotopic
‘‘primary” tumors, confirming that PDX models can faithfully mimic the clonal evolution process under-
gone in human patients during metastatic spreading.

� 2020 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Patient-derived tumor xenograft (PDX) models, in which tumor
cells from a human patient are implanted into an immunocompro-
mised mouse, can resemble the original patient tumor in many
ways (reviewed in [1,2]). PDX models’ similarities to patient
tumors make them uniquely well-suited for studying phenomena
like metastasis and intra-tumor clonal heterogeneity.
Intra-tumor genetic heterogeneity reflects the underlying clonal
evolution that occurs within tumors, encompassing competition,
cooperation, microenvironment, spatial structure, tumor size, and
historical contingency [3–10]. Genetic heterogeneity within
tumors has been widely observed [11–14] and can lead to negative
outcomes like resistance to therapy [15–18], and progression or
reduced patient survival [12,13,19,20]. The heterogeneity in
patient tumors and their matched PDX models suggest that the
original tumor’s heterogeneity can be recapitulated [21], although
it can change during xenoplantation [17,22–25], evolve over time
[24–26], or reflect adaptation to the mouse environment [25].

Metastasis is also an evolutionary process in which one or more
clones from a primary tumor seed a new tumor at a distant site
[27]. How metastasis affects genetic heterogeneity depends on
the whether a distant tumor was seeded by one or several clones.
When a clone from a heterogeneous primary tumor seeds a distant
metastasis, heterogeneity can decrease due to a so-called ‘popula-
tion bottleneck’. Metastases that are seeded by multiple clones can
instead result in unchanged or increased heterogeneity, depending
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on the clonal composition of the metastasis sample. Heterogeneity
can also increase in an initially clonal metastasis given enough
time for new mutations to accumulate. Most studies of patients
have shown reduced heterogeneity or monoclonality in metas-
tases, for example in breast, renal, and ovarian cancer [28–30].
Nevertheless, metastases may also be seeded by more than one
clone [30–32] and increased heterogeneity has been observed in
rare cases, for example in metastases from small intestine neu-
roendocrine tumors [33].

Whether PDX models can be used to study how genetic hetero-
geneity changes during metastasis is an open question. To answer
this question, we focused on triple negative breast cancer (TNBC)
for two reasons. First, TNBC primary tumors in patients are hetero-
geneous [34–36]. Second, PDX models of breast cancer and TNBC
are well-studied [37–44], and can reflect the heterogeneity
[23,24] and important biology of patient TNBC tumors (reviewed
in [42,45–47]).

Here, the genetic heterogeneity of two PDX models of triple
negative breast cancer (TNBC) and their metastases was evaluated.
Two commonly used methods to generate PDX metastases in mice
were employed [48,49]: 1) PDX fragments implanted in the mam-
Fig. 1. (A) Two common approaches were used to obtain either spontaneous (top) or exp
patient-derived tumor xenograft was implanted in the mammary fat pad of a mouse t
divided into five fragments for sequencing. Spontaneous metastases are any metastases
metastases that arose in a mouse after the tail vein injection of a patient-derived tumor x
cancer (B1 and B2) using the spontaneous and experimental approaches with 10 mice
experiments and all metastases were collected. Large tumors were dissected into severa
mary fat pad were allowed to develop metastases spontaneously;
and 2) suspensions of PDX cells were injected in the tail vein to
seed experimental metastases. We found that the level of hetero-
geneity in PDX tumors depends on whether metastases were gen-
erated by the spontaneous or experimental metastases method
and is sensitive to the amount of mouse stromal cells in the tumor.
After controlling for these factors, we observed a loss of hetero-
geneity in PDX metastases compared to their orthotopic ‘primary’
tumors, consistent with a population bottleneck.
2. Methods

More detailed methods are available in the Supplementary
Methods and an overview of the study design is provided in
Fig. 1. Two established and characterized TNBC primary tumor
models were selected: B1 (1004-HBRX) and B2 (1921-HBRX)
[41]. Model B1 was obtained from a Grade III primary TNBC with
lymph node metastases and B2 was obtained from a Grade III pri-
mary TNBC with no evidence of metastases. We used two common
approaches to obtain either ‘spontaneous’ or ‘experimental’ metas-
erimental (bottom) metastases. For spontaneous metastasis (top), a fragment of the
o generate the ‘primary orthotopic’ tumor. This primary tumor was removed, and
that subsequently arose in the mouse. Experimental metastases (bottom) are any
enograft cell solution. (B) Metastases were obtained from two PDX models of breast
per condition. The primary tumors from the mice in the spontaneous metastasis
l pieces and sequenced.
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tases (Fig. 1A, Fig. S1, Supplementary Methods). To collect sponta-
neous metastases, a PDX tumor was dissected into fragments that
were implanted orthotopically into the mammary fat pad of 10
untreated NOG mice (NOD.Cg-Prkdcscid il2rgtm1Sug/JicTac, Taco-
nic). The resulting primary tumors were resected and the mice
Fig. 2. (A, B) The number of tumor samples sequenced for each of the 40 mice (rows) imp
experimental (panel B) approaches. An empty box indicates that no metastasis was foun
lungs or lymph nodes, but five samples from its primary tumor and one spontaneously-a
survive the implantation procedure (e.g., B118, B119, B120). (C) Primary orthotopic tum
dissected into five pieces for sequencing, as depicted in a representative image from mo
The lungs often contained multiple metastases that were dissected into multiple piec
sequenced PDX tumor samples for the orthotopic primary tumors (mammary gland) and
sequencing reads that uniquely mapped to the mouse and human genomes. (For interpr
web version of this article.)
were monitored for development of spontaneous metastases
(Fig. 2A, Fig. S2A). To generate experimental metastases a mixture
of dissociated cells from five (B1) or seven (B2) PDX tumors were
injected into the tail veins of NOG mice that were monitored for
development of experimental metastases. In total, 10 NOG mice
lanted with B1 (blue) or B2 (red) PDX tissue using the spontaneous (panel A) or the
d in that mouse’s organ. For example in mouse B11, no metastases were found in its
rising metastasis from its liver was sequenced. Dashes indicate that a mouse did not
ors were collected from 20 mice (10 B1 and 10 B2), and each primary tumor was
use B25. (D) Large metastases were also divided into smaller pieces for sequencing.
es for sequencing, as shown here for mouse B219. (E) The mouse content for all
the metastases for models B1 (blue) and B2 (red) was estimated from the number of
etation of the references to colour in this figure legend, the reader is referred to the
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were monitored for metastasis per approach and model (Fig. 1B),
which resulted in eight mice with spontaneous metastases and
14 mice with experimental metastases (and three mice did not sur-
vive the implantation, Fig. 2B, Fig. S2B). The resected orthotopic
primary tumors were dissected into five fragments and large
metastases into several fragments for whole exome sequencing
(Fig. 2C, D, and Supplementary Methods). We have matched pri-
mary tumors and metastases from the same mice for the sponta-
neous approach experiments. However, we do not have matched
primary tumor and metastasis samples for the experimental
approach because the experimental metastases originated from
the cells injected in the tail vein.
3. Results

3.1. Generation of orthotopic primary tumors and metastases from
TNBC PDX models

We used two PDX models in this study: B1 and B2. For each
model, one tumor was resected and divided into 10 fragments of
approximately 5 mm3, which were implanted in the mammary
fat pad of 10 immunocompromised NOG mice (one fragment per
mouse). Each of these fragments generated a primary tumor, which
was further resected and collected for sequencing. Mice were mon-
itored after resection of the primary tumor for the development of
spontaneous metastases. Only model B1 generated spontaneous
metastases (B1: 80%, 8 of 10; B2: 0%, 0 of 10), which were found
most commonly in the liver but also in the lymph nodes
(Fig. 2A). Experimental metastases were generated by injecting
approximately 1 million cells of a cell suspension into the tail veins
of 10 NOG mice per model. The cell suspensions were created by
combining several resected tumors (B1: 5 tumors, B2: 7 tumors),
dissociating the cells, and filtering for human cells. Most mice
injected with cells from the B1 or B2 model developed experimen-
tal metastases (B1: 57%, 4 of 7; B2: 100%, 10 of 10), which were pri-
marily found in the lungs (Fig. 2B).
3.2. Assessment of tumor purity

One common confounding factor for studying heterogeneity is
tumor purity because differences in tumor purity can cause biased
heterogeneity estimates. Tumor purity decreases when the tumor
samples also contain non-tumor cells, typically from the patient’s
surrounding normal tissue [50]. Bulk samples from PDX models
can contain cells that originate from the mouse host that can affect
the calculation of heterogeneity. We assessed the purity of our
samples bioinformatically by estimating their mouse content from
whole exome sequencing data, and validated our approach on a
subset of nine samples by comparing our bioinformatic estimates
to those obtained from qPCR experiments (Fig. S3). While the
bioinformatic approach found less mouse content than we mea-
sured experimentally, the estimates were well correlated between
the two methods (Spearman’s rank correlation q: 0.88, p = 0.003,
n = 9) and we thus used the bioinformatic approach to estimate
the mouse content in all sequenced samples.

The mouse content in our samples differed depending on the
tissue from which the sample was obtained (Fig. 2E). We found
high levels of mouse content in the liver and lung metastases (me-
dian 39% liver and 27% lung; n = 10 and 30 respectively) and lower
levels in the primary orthotopic tumors and lymph node metas-
tases (median 3% mammary gland and 16% lymph nodes;
n = 100 and 6, respectively). The difference in mouse content
between the primary orthotopic tumors and most metastases is
important, because it can lead to incorrect biological conclusions
when comparing primary tumors and metastases that could simply
be an artifact of the systematic differences in mouse content.

3.3. Estimation of genetic heterogeneity

Care must be taken when estimating the heterogeneity within a
tumor because such an estimate can reflect experimental artifacts
rather than biological variation [51]. Better heterogeneity esti-
mates can be obtained by using standard variant callers to call
somatic mutations and their allele frequencies from matched
tumor-normal samples sequenced to high read depth [51]. PDX
samples present two main challenges to the standard approach
that we addressed in our analyses: matched normal samples are
often not available, and PDX samples contain cells from the host
(as shown in Fig. 2E). Fortunately, conducting PDX experiments
allowed us a unique opportunity to address these challenges with
PDX-derived tumor sequence data in two ways. First, we increased
our ability to detect genomic positions with heterogeneity by col-
lecting multiple biological replicates for each PDX model; we
obtained 10 primary orthotopic tumors per model, and sequenced
five samples from each tumor (50 sequenced samples from pri-
mary tumors per model). We used these samples to identify
heterogeneous genomic positions with at least 100-fold coverage
in which an alternative allele is found in at least five samples. Sec-
ond, we controlled for mouse content in our PDX samples by
sequencing four host mouse control samples that we used to select
human-specific and eliminate mouse-biased genomic regions. In
doing so, we identified 4641 (model B1) and 587 (model B2)
human-specific heterogeneous genomic positions distributed
across the genome (Fig. 3A and B, Fig. S4). We used these positions
to estimate the genetic heterogeneity of each sample as the aver-
age minor allele frequency of the heterogeneous genomic positions
(Fig. S5, Supplementary Methods). Importantly, our method for
estimating genetic heterogeneity is not correlated with mouse con-
tent, such that we have minimized the bias that can arise from
increased mouse content (Fig. 3C, D, Spearman’s rank correlation;
B1: q = 0.013, p = 0.93; B2: q = 0.25, p = 0.08; n = 50 primary sam-
ples per model).

3.4. Consistency of genetic heterogeneity in primary orthotopic tumors

We were interested in determining the extent to which hetero-
geneity is consistent between replicated primary tumors of the
same PDX model, and regionally within each primary orthotopic
tumor. We first compared whether primary tumors from the same
model have similar levels of genetic heterogeneity. Heterogeneity
was relatively consistent between the 10 different B1 primary
tumors, but much more variable between the 10 B2 primary
tumors (Fig. 4A top panel). We found only two B1 primary tumors
with statistically different heterogeneity from the other B1 pri-
mary tumors (resected from mice B13 and B14), but most B2 pri-
mary tumors were different from each other (Mann-Whitney test
for all primary tumor pairs).

Next, we looked at the regional differences in genetic hetero-
geneity within each primary orthotopic tumor by measuring the
heterogeneity of five spatially-distinct subsamples. We observed a
broad range of genetic heterogeneity within most B2 primary
tumors, consistent with both regional variation and the high vari-
ability between B2 primary tumors. In contrast, we found few regio-
nal differences within B1 primary tumors with a notable exception
in the tumor resected from mouse B14. Strikingly, there appear to
be two subclones within primary tumor B14, and the heterogeneity
of those subclones is consistentwith the two levels of heterogeneity
found across all B1 primary tumors. Specifically, two regional sam-
ples within the B14 primary tumor had higher levels of heterogene-
ity similar to those found in the primary tumor from mouse B13,



Fig. 3. (A) Sequenced samples from PDX models contain sequences from the host mouse that can bias heterogeneity estimates. Unbiased genomic positions were selected
using the steps outlined in the boxes. Each step is described in full detail in the Supplementary Methods. The number of genomic positions remaining for model B1 and model
B2 after each step are indicated in the blue and red bars. (B) The distribution of the unbiased genomic positions across the genome for models B1 (blue) and B2 (red). The
heterogeneity for each (C) model B1 and (D) model B2 sample was estimated using the unbiased genomic positions selected for each model (vertical axes) and plotted against
the amount of mouse contamination in the sample (horizontal axes). Heterogeneity and mouse contamination are uncorrelated for the primary samples depicted in the inset
panels (Spearman’s rank correlation; B1: q = 0.013, p = 0.93, n = 50; B2: q = 0.25, p = 0.08, n = 50). However, heterogeneity increased with mouse content for samples with
more than 55% mouse content; therefore, these samples were removed from downstream analyses. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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while the other three regional samples had lower levels similar to
those found in the primary tumors of the other B1 mice (Fig. 4A,
top left panel). This pattern is consistentwith the transfer of regional
genetic heterogeneity from the expanded precursor B1 tumor to the
mammary fat pads of mice B11 - B110. Indeed, spatial heterogeneity
in the originating tissue has been previously observed to have such
an effect in one PDX model of colon cancer [52].

3.5. Changes in genetic heterogeneity during metastasis

To understand the effect of metastasis on genetic heterogeneity,
we next compared the primary tumor and metastasis samples.
Because we found inherent differences in heterogeneity between
primary orthotopic tumors (Fig. 4A top panels), we focused on
comparing the heterogeneity between pairs of primary tumors
and the spontaneous metastases they formed (Fig. 4B, B1: 6 mice
with a primary tumor and spontaneous metastases, B2: 0 mice).
We found a significant decrease in heterogeneity in the B1 sponta-
neous metastasis samples (linear mixed effects analysis,
Χ2(1) = 6.2, p = 0.013, n = 38; primary: 0.0386 ± 0.0003, metastasis:
0.0379 ± 0.0004, heterogeneity ± standard error, Supplementary
Methods) which is consistent with previous observations in
patients [28–30]. Thus, orthotopic implantation of PDX tissue to
generate spontaneous mutations can provide a biologically consis-
tent model of changing heterogeneity during metastasis.

As described above, model B2 only formsmetastases by tail vein
injection, not spontaneous metastases (Fig. 2A, B). We wondered
whether experimental metastases could also be used to model
heterogeneity. We compared the experimental metastasis samples
to the primary tumors using a Mann-Whitney test for unpaired
data (Fig. 4A, Supplementary Methods), and found that they either
showed no difference (B1, Mann-Whitney, p = 0.95) or that they
unexpectedly increased (B2, Mann-Whitney, p = 0.010). Thus, in
the models described herein, experimental metastases obtained
by tail vein injection do not provide a biologically consistent model
of reduced heterogeneity during metastasis.



Fig. 4. The heterogeneity score (horizontal axes) of the samples obtained from each mouse (vertical axes) for PDX model B1 (blue) and B2 (red). Five samples were collected
from each primary tumor (one solid circle is shown for each of the five sequenced regions from a primary tumor), in addition to metastases from the liver (triangles), lungs
(diamonds), and lymph nodes (squares). (A) The primary tumors collected during the spontaneous metastasis experiments are depicted in the top panels, while the
metastases collected during the experimental metastasis experiments are depicted in the bottom panels. Comparing heterogeneity between primary tumors and
experimental metastases was inconclusive for model B1 (primary tumors B11 to B110 vs. experimental metastases B111 to B113, Mann-Whitney, p = 0.95) and increased for
model B2 (primary tumors B21 to B210 vs. experimental metastases B211 to B220, Mann-Whitney, p = 0.01). (B) Primary tumors and their metastases collected during
spontaneous metastasis experiments. Heterogeneity decreased in the mice (B11 to B16) when comparing matched primary tumors and spontaneous metastases (linear mixed
effects analysis, ??2(1) = 6.2, p = 0.013, n = 38). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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4. Discussion

We present here the first study of how genetic heterogeneity
changes during metastasis in two patient-derived tumor xenograft
models of triple-negative breast cancer. To this end, we generated
metastases using two approaches. In the first, we obtained sponta-
neously arising metastases and matching primary tumor samples
by orthotopically implanting patient-derived tumor samples into
the mammary fat pads of 10 mice. In the second approach, we
obtained experimentally generated metastases that arose after
injecting cells from patient-derived tumor samples into the tail
veins of 10 mice. We isolated the DNA from these samples,
sequenced their exomes, and computed the genetic heterogeneity
of each sample. From our data, we concluded that spontaneously-
arising metastases are a more realistic method to study changes in
heterogeneity during metastasis than experimental metastases
obtained from tail-vein injections.

Presence of mouse host stroma in human xenograft tumors is
required for tumor growth and may mimic some aspects of the
human tumor microenvironment, despite its reduced immune con-
text (discussed in [46,47,53]. Additionally, different tumor
microenvironments can influence the clonal evolution of the tumor
by exerting different selective pressures (for example [54,55]).
However, our study focuses on the genetic heterogeneity of the
patient-derived tumor itself. In this context, stromal cells can bias
genetic heterogeneity estimates because the sequenced samples
are a mixture of human tumor cells and mouse stromal cells.
Regions of the mouse genome that are homologous with the
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human genome can falsely overinflate heterogeneity measures
from bulk sequenced samples of mixed human tumor and mouse
cells. The potential scope of the problem is large as 80% of mouse
genes have an orthologue in the human genome [56], and between
0.9% and 97.5% of each of our PDX tumor samples consisted of
mouse-specific DNA. A variety of experimental and computational
approaches to handle mouse contamination have been developed
[50,57], but can still leave a small fraction of false positives from
the host mouse [50]. Additionally, several methods to measure
intra-tumor heterogeneity or reconstruct the subclonal phylogeny
have been developed that can account for tumor cellularity from
the surrounding normal tissue [13,58–62], but they do not explic-
itly address the issues faced with data from PDX models and some
measures may be insufficient to describe evolutionary dynamics
[20]. We thus developed a bioinformatics approach to mitigate
the bias in heterogeneity that can arise from contamination with
the mouse by estimating each sample’s heterogeneity using only
unbiased genomic positions (Fig. 3A). There are two consequences
of our approach to removing mouse bias. First, the remaining unbi-
ased genomic positions are not suitable to use to identify driver
mutations – many functionally important regions (like cancer dri-
vers) have high homology with the mouse genome, and so are
removed from our analysis. Second, our heterogeneity scores can
only be used to compare samples within a given model (e.g., all
of the B1 model tumors) because different unbiased and heteroge-
neous sites are identified for each model. Thus, we cannot compare
heterogeneity across models unless we explicitly set out to do so.

Heterogeneity is a reflection of clonal evolution within a tumor,
and it can differ within a tumor based on how the tumor evolved
and grew [63]. Because of this, we wondered to what extent clonal
evolution affected the heterogeneity of replicates from the same
model. We used the heterogeneity score for each sample to evalu-
ate to what extent heterogeneity is consistent between replicate
tumors of the same model. Model B1 had relatively consistent
heterogeneity both within and between primary tumors, though
we did find that our samples formed two distinct groups with
higher and lower heterogeneity. An intriguing explanation consis-
tent with finding two distinct groups is that regional genetic
heterogeneity from the expanded precursor B1 tumor was trans-
ferred to the mammary fat pads of mice B11 - B110. Indeed, regional
differences in genetic variation is unsurprising [64]; for example, a
previous observation showed that tumor cells originating from
nearby regions within a colon cancer tumor were more similar to
each other than those found further away [65]. On the other hand,
model B2 showed less consistency both within and between pri-
mary tumors. Model B2’s higher variability in heterogeneity could
either be inherent to the patient’s tumor itself, or because its
heterogeneity score is derived from fewer genomic positions than
that of model B1. Regardless, the variability between tumors for
both models suggests that we should strive to evaluate changes
in heterogeneity during metastasis relative to the primary tumor
from the same mouse.

In addition, we looked at the effect of metastasis on heterogene-
ity in our PDX models. Metastasis is an evolutionary process [27]
and a successful metastasis requires that cells undergo several
steps [66–69] each of which can generate a population bottleneck
and reduce heterogeneity. Indeed, current evidence from patients
and PDX models suggest that metastases are formed by a single
clone or small cluster of cells from the primary tumor [22,28,70–
72]. While we therefore expected genetic heterogeneity to
decrease during metastasis, we did not know whether this would
be the case in PDX models.

The two approaches we used to generate metastases (sponta-
neous and experimental) present different selective pressures on
the primary tumor cells. Spontaneous metastases would need to
escape from the primary tumor, and then both survive the trip to
the distant organ and successfully colonize it [66–69]. Because
experimental metastases are generated by tail vein injection of
tumor cells, they would only need to survive and colonize after
injection. However, these cells must also survive the experimental
steps necessary for the injection, namely generating a cell solution
by tumor cell dissociation and mouse cell depletion. Thus, it is pos-
sible that the same model may have a different propensity to
metastasize spontaneously and experimentally. Indeed, we
observed such differences in our two models – model B1 was rel-
atively poor at forming experimental metastases, while model B2
was incapable of forming spontaneous metastases, consistent with
the lack of metastases in the patient from which it was derived.
Despite differences in selective pressures, a previous study showed
no gene expression differences between metastases obtained by
orthotopic implantation and tail vein injection of a breast cancer
cell line (but they did show differences in morphology) [73]. The
locations of the metastases can also depend on the model. Sponta-
neous metastases in previous studies were found in the mouse
lung in one study [39], or the lymphatics, lung, and peritoneum
in another [37], while the B1 model spontaneously metastasized
to the liver and lymph nodes.

Finally, we looked at how heterogeneity changed during
spontaneous and experimental metastasis and found differences
between the two methods. Heterogeneity decreased as expected
during a population bottleneck in spontaneous mutations, but
either showed no change or an unexpected increase in experi-
mental metastases. The increased heterogeneity could arise from
a combination of several factors. First, the sample itself could
contain many small experimental metastases as shown in
Fig. 1D, where the lung was split into several pieces, each of
which contains multiple experimental metastases. Second, there
could be more heterogeneity in the cell solution injected in the
mouse tail veins because it is comprised of cells from multiple
tumors. Third, individual cells injected into the tail-vein could
have a higher propensity to aggregate into a multi-clonal metas-
tasis than cells from spontaneous metastases. Indeed, this expla-
nation is consistent with recent observations in PDX breast
cancer models of metastasis [32]. Measuring the original hetero-
geneity from the PDX tumors that were implanted in the mam-
mary fat pad or injected into the tail vein could help to
distinguish between these options, however we unfortunately
do not have these samples. Regardless, we found that the
method for generating metastases is important and that sponta-
neous metastases show a reduction in heterogeneity consistent
with a population bottleneck.

Our study suggests that the method to generate metastases is
important when studying heterogeneity using PDX models. For
the two PDX models we studied here, the expected changes in
heterogeneity during metastasis were obtained by implanting
PDX tissue in the mammary fat pads and waiting for sponta-
neous metastases. However, the spontaneous approach has
drawbacks – not every PDX model is capable of generating
metastases in this way (only one of our two PDX models
worked), and it generates fewer metastases (between 0 and 2
per mouse). When we generated experimental metastases by
injecting patient-derived tumor cells in the tail vein of mice,
both PDX models generated metastases, but showed unrealisti-
cally high levels of heterogeneity. We therefore recommend
using spontaneously-generated metastases for studies involving
genetic heterogeneity and clonal evolution.
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