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Genetic Background May Contribute to PAM50 Gene
Expression Breast Cancer Subtype Assignments
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Recent advances in genome wide transcriptional analysis have provided greater insights into the etiology and
heterogeneity of breast cancer. Molecular signatures have been developed that stratify the conventional estrogen
receptor positive or negative categories into subtypes that are associated with differing clinical outcomes. It is thought that
the expression patterns of the molecular subtypes primarily reflect cell-of-origin or tumor driver mutations. In this study
however, using a genetically engineered mouse mammary tumor model we demonstrate that the PAM50 subtype signature
of tumors driven by a common oncogenic event can be significantly influenced by the genetic background on which the
tumor arises. These results have important implications for interpretation of “snapshot” expression profiles, as well as
suggesting that incorporation of genetic background effects may allow investigation into phenotypes not initially
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Introduction

The past decades have seen significant advances in our
understanding of and ability to model breast cancer. The advent
of genome-wide expression profiling has led to the development of
prognostic gene signatures [1] and improved molecular subtyping
[2] that can stratify tumors into groups with different clinical
outcomes. These molecular subtypes express signatures similar to
those of different cellular components of the mammary duct,
including both luminal and basal cell types, and are thought to
reflect contributions from the tumor cell type of origin and somatic
mutations. The subtyping tools have also been applied to mouse
models to gain better understanding of the particular class of
breast tumors that the models may represent [3]. Investigators can
thus better focus on appropriate models for further characteriza-
tion or translational studies of breast cancer subtypes of interest.
This improved understanding of breast cancer may also permit
more sophisticated targeting of particular somatic events associ-
ated with the different breast cancer subtypes [4] to the
presumptive cell of origin in future mouse models to further
improve our understanding of this pervasive disease.

In addition to cell of origin and somatic mutation events, studies
over the past 10 years have demonstrated that genetic polymor-
phism can significantly affect gene expression. Studies in a variety
of species have shown that the expression of a significant fraction
of the genome can vary across genetically segregating populations
[5]. Furthermore genectically-driven variation in gene expression
across populations can be observed within tumors with a given
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driver mutation [6], indicating that inherited as well as somatically
acquired changes in gene expression are likely to play an
important role in tumor biology. Efforts from our laboratory have
been consistent with this interpretation. Inherited variation in
individual genes segregating in mouse strains have been associated
with multiple tumor phenotypes including tumor latency [7],
growth rate [8] and metastatic potential [6,9-11].

The investigations in our laboratory have been based on a single
mouse model of metastatic breast cancer, the MMTV-PyMT
transgenic model [12]. Originally characterized on the FVB/N
mouse strain, this transgenic mouse is considered to be a model of
luminal human breast cancer [3], based on hierarchical clustering
of the mouse tumors with human breast cancer cell lines, although
like most mouse mammary tumors, it does not express ER. The
polymorphic genes identified by our earlier work have shown
functional relevance only in ER+ human breast cancer samples
[13], consistent with the luminal assignment of the MMTV-PyMT
model. Unexpectedly, recent results using more genetically diverse
mouse strains and novel genetic mapping tools have revealed
significant associations that are restricted to estrogen receptor-
negative (ER-) human breast cancer. This observation led us to
hypothesize that breast cancer subtype assighment based on gene
expression patterns in the primary tumor may be partially
dependent on genetic background.

To explore this possibility, analysis of the tumor characteristics
of genetic crosses between MMTV-PyMT and NZB/BIN]J, a
common laboratory strain, MOLF/Ei, a wild-derived mouse
strain, and the Diversity Outcross, an outbred population based on
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eight founder strains [14], was performed. Subtype predictions for
the mouse tumors investigated using the PAMS50 classifier [15], a
gene expression signature capable of classifying breast cancers into
classes associated with differing clinical outcomes. Clustering
based on the PAMS50 subtyping signature demonstrated a
distribution of animals across all five human breast cancer
subtypes (luminal A, luminal B, HER2, normal-like, basal).
Genetic mapping in the mouse populations revealed loci
associated with predisposition to PAMS50 subtype assignments,
consistent with an inherited genetic component. Taken together
these results indicate that gene expression based tumor classifiers
like the PAM)0 capture information beyond simple cell-of-origin
and somatic mutational events. Furthermore the results indicate
that mouse models may acquire additional characteristics,
depending on genetic background, which may extend their utility
for modeling human disease.

Materials and Methods

Mice

The NZB backcross has been previously described [16]. MOLF
backcross animals were generated by breeding MMTV-PyMT
male animals to MOLF/Ei] females and subsequently breeding
the PyMT-positive F1 males to FVB/NJ females to generate
PyMT" N2 females. Diversity Outbred (DO Generation 5,
Jackson Laboratory) animals used in this experiment were
generated by breeding MMTV-PyMT males to DO females to
generate PYMT" F1 females. Animals were housed in groups of 3—
5 animals in conventional (MOLF/Ei cross, Fox Chase Cancer
Center) or specific pathogen free conditions (DO, NCI) on shaved
pine bedding. The animals were maintained on a 12 hour light/
dark cycle, with food and water provided ad lbidum. PyMT*
animals were aged to permit tumor development then euthanized
as total tumor burden approached the 10% body weight humane
endpoint. Individual animals in all of the crosses developed tumors
in 6-10 of the mammary glands. Euthanasia was performed by
cervical dislocation after Avertin anesthesia. All experiments were
performed under protocols approved by the Fox Chase Cancer
Center or National Cancer Center Institutional Animal Care and
Use Committees. Tumor and metastatic phenotypes were
collected as previously described [17]. The incidence of metastases
for each of the crosses is indicated in table 1.

Gene Expression Analysis

RNA from mammary tumors was isolated using Trizol,
following manufacturer’s recommended protocol. The NZB
tumors were profiled using Affymetrix MOEA430 v2 chips, as
described [17] and are available through the Gene Expression
Omnibus, accession no. GSE30866. The MOLF and DO tumors
were profiled by the NCI Laboratory of Molecular Technology
using the Mouse Gene 1.0xST chip (GSE48566). Data for the
Rotterdam breast cancer gene expression samples (GSE2034) were
downloaded from the Gene Expression Omnibus (GEO). Expres-

Table 1. Incidence of Pulmonary Metastases in Mouse Samples.
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sion data for the TCGA samples were downloaded from The
Cancer Genome Atlas database (http://cancergenome.nih.gov/).

PAMS50 gene listing was from the data sets of the R package
genefu [18]. The orthologous genes of PAM50 in the two species,
human and mouse were based on the NCBI homology data base.
42 orthologous genes were found to be unambiguously shared in
the data sets. The multiple data sets were simply merged into a
matrix and the normalization of the merged data sets was
performed using R package clusterSim [19]. The range of the
normalized values was from —1 to 1.

The subtype prediction of the mouse samples were estimated by
the sub-clustering analysis. The hierarchical clustering was
performed using the complete linkage algorithm with GSE2034
and one of other 4 data sets. For each hierarchical cluster, the sub-
clusters were constructed by the cut heights given the desired
number from 2 to 20. The proportions of the GSE2034 subtypes
were calculated for each sub-cluster if the number of GSE2034
sample in the sub-cluster is more than 4. The proportion of the
GSE2034 subtypes was treated as the probabilities of the mouse
and TCGA subtypes. The TCGA genefu prediction was used for
algorithm performance analysis.

The normalized data for the PAMS50 classifier for all 5 data sets
was imported into BRB Array Tools [20]. Visualization of the data
was performed using the cluster samples and gene function.

Immunohistochemistry

Immunohistochemistry staining was performed by the Frederick
National Laboratory for Cancer Research Pathology/Histochem-
istry Laboratory.

Results

The PAM50 Intrinsic Subtype Classifier is Significantly
Influenced by Genetic Background

Previous studies using network analysis demonstrated that
conserved network modules exist between human patient samples
and MMTV-PyMT derived mouse tumor samples that are
prognostic for distant metastasis and survival [21]. Interestingly,
conserved modules were identified that were prognostic for either
estrogen receptor positive (ER+) or estrogen receptor negative
(ER—-) human breast cancer patients. The latter was unexpected
since the PyM'T mouse mammary tumor model is thought to be a
model of a luminal human breast cancer [3]. Since all the mouse
tumors were induced by the expression of the same driver event
(the PyMT transgene) the different gene expression patterns and
modules revealed by the genetic crosses are thought to be
significantly influenced by inherited factors that affect gene
expression. This therefore suggests that tumor subtype might also
be significantly affected by the genetic background on which a
tumor arises. In this study we therefore sought to use combined
mouse and human resources to determine whether susceptibility to
PAMS50-defined tumor subtypes might be inherited traits.

Cross Number of animals with metastases Number of metastasis free animals
DO 72 52
MOLF/Ei 76 90
NZB/B1NJ 51 16

doi:10.1371/journal.pone.0072287.t001
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To address this hypothesis, unsupervised hierarchical clustering
of the gene expression data from an NZB backcross was
performed. This backcross expression data set consists of 68
mammary tumors from a genetic mapping backcross performed
between NZB/BINJ and MMTV-PyMT mice [16], arrayed on
the MOE430 v2 chip [21]. The data was filtered for the 42 genes
comprising the PAM50 intrinsic subtype classifier and clustering
performed. As can been observed in figure la, distinct subgroups
within the mouse samples were observed, reminiscent of the
subtypes observed by PAM50 subtyping of the GSE2034 human
breast cancer data (figure 1b) [22] set. These results were therefore
consistent with the possibility that genetic background significantly
contributes to gene expression-based breast cancer subtype
assignments.

Further investigation was performed by expanding both the
mouse and human data sets. In addition to the small NZB
backcross two additional mouse expression data sets were
generated. 134 tumors from the previously described MOLF
mouse backcross [21] and 133 tumors from a cross between
Diversity Outbred (DO) [14,23] and PyMT were arrayed and
included in the analysis. These crosses represent increasing genetic
diversity (NZB<MOLF<DO) due to the presence of wild mouse-
derived polymorphisms in the MOLF and DO crosses, with the
DO cross approximating the degree of polymorphism observed in
humans. In addition the 286 human tumor samples from the
GSE2034 data set were supplemented by the addition of the
TCGA (The Cancer Genome Atlas; N =466) expression data.
Expression data from each of the array platforms (MOE430 v2,
Mouse Gene 1.0xST, U133A, Illumina) were normalized, filtered
for the genes comprising the PAMD50 subtype signature and
unsupervised hierarchical clustering performed. As can be
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observed in figure 2, mouse tumors from all three data sets
distributed across all of the human subtypes, consistent with the
possibility that tumor subtype classification by PAMS0 signature
might be significantly influenced by inherited polymorphism.

Susceptibility Loci Exist for PAM50 Gene Expression
Subtypes

The clustering results are consistent with the presence of
inherited loci that contribute to subtype gene expression signa-
tures. If true, this suggests that it should be possible to map
inherited loci that predispose tumors to assignment to specific
intrinsic subtypes. Genotyping of the MOLF and DO mouse
populations was therefore performed to attempt to map subtype
susceptibility genes. Due to the relatively small number of samples
in the NZB cross this data set was not included in this analysis.
Genotyping was performed using spleen DNA on either the
Illumina Mouse Medium Density Linkage Panel (MOLF, CIDR
Genotyping Service) or high density MUGA SNP chip (DO;
Genseck Inc.). The genotype data was then screened for SNPs that
showed significant associations with subtype assighments based on
the unsupervised hierarchical clustering analysis. A single locus on
mouse chromosome 1 (53.8-61.9 mb; figure 3) in the MOLF cross
was found to be significantly associated with the basal subtype
(p=10.0002, FDR =0.033). Haplotype-based analysis of the DO
cross was performed to identify both regions of the genome
associated with subtype assighment and the probably strain of
origin of the significant alleles. As can be observed in figure 4 six
loci were associated with the HER2/Luminal B assignment in the
DO samples as indicated by peaks exceeding the genome-wide
significance threshold depicted by the dotted line (Chrs 1, 2, 9, 12,
16, 19; p=6.39x10°—1.79x10 °, FDR =0.04-0.0073). The
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Figure 1. PAMS50 clustering. A) NZB cross samples after unsupervised hierarchical clustered using the mouse orthologs of the PAM50 signature. B)
The human breast cancer U133A gene expression data set after PAM50 subtype clustering using the Genefu R subtyping algorithm. Subtype

classifications are indicated along the top of the heatmap.
doi:10.1371/journal.pone.0072287.9001
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doi:10.1371/journal.pone.0072287.g003

different colors of the peaks indicated that multiple DO progenitor 8. Basal cytokeratin 5 staining was restricted to the basal cells in

strains contributed to the overall HER2/Luminal B susceptibility the normal ducts, with occasional positive cells observed within
in this cross. tumor masses (figure 5A) in all tumors. Heterogeneity of luminal

cytokeratin 8 was seen in all tumors, with focal regions of high
Mouse PAM50 Classification is Independent of expression observed in all tumors (figure 5B). Ki67 and Her2
Conventional Immunohistochemical Markers staining was observed throughout all of the samples regardless of

subtype prediction. As anticipated from previous studies, no ER or
PR staining was observed in any of the tumor samples (data not
shown).

To determine whether the genetic background of the tumors
influenced the expression of standard clinical immunohistochem-
ical markers as well as PAM50-defined intrinsic subtypes staining
of tumors was performed. Three representative tumors clustering
with human basal or luminal A subtypes from the MOLF cross
were stained for estrogen or progesterone receptor, Ki67, Her2,
the basal cytokeratin marker keratin 5 and the luminal cytokeratin
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dashed lines. The strain origin for haplotypes is indicated by color.
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PLOS ONE | www.plosone.org 5 August 2013 | Volume 8 | Issue 8 | e72287



Y
)
\

fJ,.\V ~.‘ N
- e N #Y ¢
™
% S
N ! P
\ P '
e T S kK ,
2 . -, o
e PR s b
® 3 “\, e
SN
A 3
2w, e
100 um e ) el

Genetic Background Influences PAM50 Subtypes

Figure 5. Cytokeratin staining of a representative MOLF basal-like tumors. A) Keratin 5 staining. Positive cells were observed in normal
ducts (black arrow) but only occasionally within the tumor mass (red arrow). B) Keratin 8 staining demonstrated heterogeneous staining across tumor

samples.
doi:10.1371/journal.pone.0072287.g005

PAM50 Classification is Independent of Metastasis
Susceptibility

The PAMS50 classifier has been investigated as a tool to improve
standard histopathological methods for subdividing breast cancer
patients into classes with differing clinical outcomes. Outcome for
most epithelial cancers are related to the development of
metastatic disease and one might anticipate metastatic tumors
would cluster in those subtypes with worst overall outcome.
Outcome in human disease however is linked to many different
factors, including tumor subtype, age of diagnosis, treatment
selection, response to treatment etc. which could obscure potential
assoclation between subtype classification and metastatic suscep-
tibility.

To investigate this possibility the association between PAMb50
subtypes and distant metastasis free survival was investigated for
the GSE2034 human breast cancer data set as well as the mouse
samples. The GSE2034 data set consists of lymph node negative
breast cancer patients whose tumors were resected but not treated
with adjuvant therapy and thus represent the natural history of the
disease without systemic therapy. The mouse populations were not
subject to any therapeutic intervention and therefore represent the
natural course of the disease. As can be observed in figure 2, no
clustering of metastasis was observed for either the human or
mouse samples (P =0.56), indicating that the inherited suscepti-
bility for the PAM50-defined tumor subtypes is independent of the
inherited susceptibility of developing distant metastatic disease.

Discussion

Diagnostic and prognostic gene signatures have great potential
to improve the ability to stratify patients into appropriate
treatment regimens. Improved stratification will enable clinicians
to select the most efficacious treatment as first-line therapy which
likely will significantly improve patient response and long term
outcome. Just as importantly, clinicians would be able to avoid
those therapeutic options that would be less effective, sparing
patients unnecessary morbidities and toxicities. With these
significant advantages it is understandable that a great deal of
effort has been spent in developing and validating molecular
signatures for clinical use (exs [24-26]).

PLOS ONE | www.plosone.org

One issue regarding these signatures however is their signifi-
cance in regard to molecular and cellular origins of the
transcriptional profiles. In general, these gene expression profiles
are generated by supervised analysis of one set of patient samples,
followed by validation in an independent set of samples. The
signatures are therefore based on correlations with clinical data or
outcomes rather than on molecular events. Any mechanistic basis
ascribed to the generation of the signatures is therefore usually by
correlation of the expression patterns to known expression patterns
that provide plausible explanations.

The lack of experimental validation of the molecular basis of
these signatures does not in any way detract from their potential
clinical value. However, comprehensive understanding of what
induces these transcriptional profiles might reveal important
biological insights into disease biology. In this study we have
explored some of the factors that may contribute to one of these
clinically relevant signatures, the PAM50 breast cancer subtype
profiling tool [15]. The conventional interpretation of this
signature has been that subtype specific gene signatures are
produced in tumors based on the cell of origin [2] and subtype
specific mutational events [4]. Unlike human tumors, the mouse
tumors generated in our mouse populations all result from the
expression of polyoma middle T antigen, driven from the mouse
mammary tumor virus enhancer and promoter. In addition,
comparative genome hybridization [27] and spectral karyotyping
[28] indicate that the genome of mouse PyMT tumors are much
more stable than human tumors, likely reducing any contribution
of somatic mutation to the observed expression profiles. Further-
more, while we cannot definitively rule out the possibility that
varying the genetic background of the host might alter the
transcriptional patterns of the transgene, there is no evidence at
present to support this possibility.

Thus, if these results can be extrapolated into human patients,
subtype assignments based on gene expression alone may reflect a
combination of cell of origin, somatic genetic alteration spectrum,
and an inherited predisposition to develop tumors with a
particular subtype signature. The data from this study suggests
that inherited polymorphism may be an additional contributing
factor to the establishment of the PAM50 signatures. Moreover,
the data indicate that pre-disposition for particular classes of breast

August 2013 | Volume 8 | Issue 8 | e72287



cancer likely exist in human populations. Intriguingly, recent
studies in human epidemiology support this interpretation, with
the demonstration of the existence of loci pre-disposing women to
triple negative breast cancer, a subset of basal tumors [29]. Thus
by identifying and characterizing the inherited factors that
contribute to these signatures, additional unrealized potential of
the PAM50 and other clinical profiling tools may be uncovered for
understanding the etiology of breast cancer.

Finally, this study also has important implications for the use of
animal models for cancer research. Current strategies are to
generate individual models based on single or combinations of
mutations with the aim to model a particular breast cancer
subtype. Each of these models is generally explored on a single
genetic background. The results from this study indicate that
varying the genetic background gives the ability to investigate
additional biological questions for a particular genetically
engineered model. This is most clearly evidenced by our ability
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