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Abstract
Purpose  In post-menopausal women, high body mass index (BMI) is an established breast cancer risk factor and is associated 
with worse breast cancer prognosis. We assessed the associations between BMI and gene expression of both breast tumor 
and adjacent tissue in estrogen receptor-positive (ER+) and estrogen receptor-negative (ER−) diseases to help elucidate 
the mechanisms linking obesity with breast cancer biology in 519 post-menopausal women from the Nurses’ Health Study 
(NHS) and NHSII.
Methods  Differential gene expression was analyzed separately in ER+ and ER− disease both comparing overweight 
(BMI ≥ 25 to < 30) or obese (BMI ≥ 30) women to women with normal BMI (BMI < 25), and per 5 kg/m2 increase in BMI. 
Analyses controlled for age and year of diagnosis, physical activity, alcohol consumption, and hormone therapy use. Gene 
set enrichment analyses were performed and validated among a subset of post-menopausal cases in The Cancer Genome 
Atlas (for tumor) and Polish Breast Cancer Study (for tumor-adjacent).
Results  No gene was differentially expressed by BMI (FDR < 0.05). BMI was significantly associated with increased cellular 
proliferation pathways, particularly in ER+ tumors, and increased inflammation pathways in ER− tumor and ER− tumor-
adjacent tissues (FDR < 0.05). High BMI was associated with upregulation of genes involved in epithelial-mesenchymal 
transition in ER+ tumor-adjacent tissues.
Conclusions  This study provides insights into molecular mechanisms of BMI influencing post-menopausal breast cancer 
biology. Tumor and tumor-adjacent tissues provide independent information about potential mechanisms.

Keywords  Breast cancer · Obesity · Gene expression · The cancer genome atlas · Nurses’ health study · Polish breast 
cancer study

Introduction

High body mass index (BMI) after menopause is an estab-
lished breast cancer risk factor [1, 2]. Obese post-menopau-
sal women (BMI ≥ 30 kg/m2) have about a 70% increased 
risk of estrogen receptor-positive (ER+) breast cancer com-
pared to lean women, while there is less evidence suggesting 
BMI is associated with ER− disease [3–6]. Additionally, 
being overweight (BMI 25–29.9 kg/m2) or obese is also 
associated with worse prognosis in ER+ disease, but not in 
ER− [7–10].

Multiple biological mechanisms may underlie the link 
between high BMI with ER+ breast cancer risk. One 
well-supported mechanism is the increased estradiol 

Susan E. Hankinson and Andrew H. Beck are the co-senior 
authors.

Electronic supplementary material  The online version of this 
article (https​://doi.org/10.1007/s1054​9-018-5034-1) contains 
supplementary material, which is available to authorized users.

 *	 Yujing J. Heng 
	 yheng@bidmc.harvard.edu

Extended author information available on the last page of the article

http://orcid.org/0000-0002-8930-817X
http://crossmark.crossref.org/dialog/?doi=10.1007/s10549-018-5034-1&domain=pdf
https://doi.org/10.1007/s10549-018-5034-1


668	 Breast Cancer Research and Treatment (2019) 173:667–677

1 3

concentrations produced by adipose tissue in overweight 
or obese post-menopausal women [11]. Exposure of estro-
gen-sensitive breast tissues to high estrogen levels leads to 
increased cellular proliferation and initiates mutation and 
development of breast cancer [12, 13]. Other obesity-related 
effects such as insulin resistance [14], impaired adipokine 
production by adipocytes [15, 16], and low-grade local 
inflammation [17] also may contribute to the proliferation 
of mammary cells and breast tumorigenesis [18–20]. On the 
other hand, recent investigations have identified the effect of 
insulin on AKT/mTOR signaling and glycolysis; obesity-
mediated tissue inflammatory cytokines (e.g., leptin); and 
obese tissue microenvironment as plausible mechanistic 
links between obesity and triple-negative breast cancer (i.e., 
an ER− disease) [21]. Given potential crosstalk between 
these pathways, it is important to understand the complex 
biology that underlies how BMI influences breast tumor 
growth. Previous studies have investigated tumor molecular 
pathways associated with obesity in breast cancer patients 
[16, 22–25], but did not stratify their study population by 
menopausal status [16] or tumor ER status [24] due to small 
sample sizes.

With rising obesity rates [26], it is important to gain 
insights into the molecular mechanisms of BMI driving 
breast cancer etiology to aid screening and prevention rec-
ommendations, and identify therapeutic targets for obese 
patients. The overarching aim of our work was to elucidate 
mechanisms linking obesity with breast cancer biology 
in post-menopausal women. Specifically, we assessed the 
associations between BMI and tissue gene expression in 
ER+ and ER− post-menopausal breast tumors, and tumor-
adjacent tissues, from the Nurses’ Health Study (NHS) and 
NHSII. Lastly, we validated our findings by using The Can-
cer Genome Atlas (TCGA) for tumors [27–29] and the Pol-
ish Breast Cancer Study (PBCS) for tumor-adjacent tissues 
[30, 31].

Materials and methods

Study population

The Committee on the Use of Human Subjects in Research 
at Brigham and Women’s Hospital, Boston, MA approved 
this study (Protocol Number: 2010P001641). The NHS and 
NHSII are ongoing prospective studies. The NHS was estab-
lished in 1976 with 121,701 female registered nurses, aged 
30–55 years, and the NHSII was established in 1989 with 
116,429 female registered nurses, aged 25–42 years. The 
cohorts have been followed biennially by questionnaires to 
query exposures and ascertain newly diagnosed diseases. 
Participants provide information on a range of breast can-
cer risk factors, including dietary, lifestyle and reproductive 

factors, anthropometric measures, medication use, and 
health outcomes.

Breast cancer diagnoses were reported on biennial ques-
tionnaires or identified through death records. Written per-
mission was obtained from participants diagnosed with 
breast cancer, or their next of kin, to review medical records 
to confirm diagnosis and extract relevant cancer information. 
Formalin-fixed paraffin-embedded (FFPE) breast cancer tis-
sue blocks were requested from treating hospitals [32]. Post-
menopausal women with confirmed invasive breast cancer 
from NHS and NHSII and tissue blocks were selected for 
this study (n = 577).

Body mass index and other covariates

Weight and height were reported on study questionnaires; 
self-reported weight and height were previously validated 
in the NHSII [33]. Height was obtained at enrollment while 
weight was updated every 2 years, starting from 1976 (NHS) 
or 1991 (NHSII). BMI was calculated using self-reported 
weight from the participant’s last available questionnaire 
before breast cancer diagnosis (i.e., within 2–4 years of 
diagnosis). Other covariates such as race, BMI at age 18, 
age at first birth, parity, age at diagnosis, year of diagnosis, 
menopausal status, recent post-menopausal hormone therapy 
(HT), smoking, cumulative average physical activity (meta-
bolic equivalent hours/week) [34], and cumulative average 
alcohol consumption (grams/day) [28, 35] were retrieved 
from baseline, subsequent, or most recent NHS/NHSII ques-
tionnaires. Tumor characteristics were extracted from medi-
cal pathology reports. Immunohistochemical statuses of ER, 
progesterone receptor (PR), and HER2 were obtained from 
central review of breast tissue microarrays [32]. Differences 
in demographic, clinical, and other covariates across BMI 
categories were analyzed using Kruskal–Wallis, Fisher’s 
exact, or Chi-squared test (R, version 3.2.1). Statistical sig-
nificance was considered as p < 0.05.

RNA extraction and microarray

Multiple tissue cores of 1 or 1.5 mm were obtained from 
tumor and/or histologically normal tumor-adjacent tissue. 
Tumor-adjacent tissue was obtained greater than one cen-
timeter from the invasive carcinoma whenever possible; 
a minimum of 2 mm between tumor and tumor-adjacent 
was permitted. Total RNA was extracted from 577 FFPE 
blocks for 1154 tumor and tumor-adjacent tissues. RNA 
samples with at least 50 ng (n = 1027) were sent for micro-
array using the Glue Grant Human Transcriptome Array 
3.0 pre-release version (Affymetrix, Santa Clara, CA) [36]; 
127 samples comprising 10 tumors and 117 tumor-adjacent 
samples were excluded due to insufficient RNA. Gene 
expression was normalized, summarized into Log2 values 
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using Robust Multi-array Average (Affymetrix Power Tools 
(APT) v1.18.0), and annotated [36, 37]. Data quality was 
first evaluated using APT probeset summarization-based 
metrics; samples should ideally have a receiver operator 
characteristic (ROC) curve of > 0.8 [38]. Due to the nature 
of FFPE samples, we retained 888 samples with ROC AUC 
of > 0.55 and performed a second round of quality control 
using arrayQualityMetrics v3.24.0 [39]. There were 850 
final microarray files comprising 478 tumor and 372 tumor-
adjacent tissues from 519 women.

Gene expression data were further processed by removing 
195 probes associated with the Y chromosome, removing 
unannotated probes, selecting the most variable probe for 
genes that were represented by multiple probes, correcting 
for batch effects using a surrogate variable analysis (SVA) R 
package, ComBat [40], and excluding low expressing genes 
(< 25th percentile). The final dataset consisted of 15,369 
annotated probesets of coding and non-coding RNAs. All 
microarray and annotation data are available at the National 
Center for Biotechnology Information Gene Expression 
Omnibus (accession number: GSE115577).

Differential gene expression

Figure 1 summarizes our analyses and results of workflow 
and presentation. Differential gene expression was analyzed 
using multivariable linear regression (limma R package), 
controlling for age at diagnosis, year of diagnosis, physi-
cal activity, alcohol consumption, and HT use. Since only 
44 (9.6%) women were current or recent smokers and this 
percentage was similar across BMI categories (10.9% in 
normal, 8.1% in overweight, and 7.3% in obese groups), we 
did not control for smoking in our differential gene expres-
sion analyses. Inferences were stabilized for correlated gene 
structures using an empirical Bayes method and corrected 
for multiple hypothesis testing [41]. We performed dif-
ferential gene expression in ER+ or ER− disease between 
overweight (BMI ≥ 25 to < 30) or obese (BMI ≥ 30) women 
versus women with normal BMI (BMI < 25), as well as 
differential gene expression per 5 kg/m2 increase in BMI. 
Tumor and tumor-adjacent tissues were analyzed separately. 
Statistical significance for differential gene expression was 
achieved when false discovery rate (FDR) < 0.05. There 
were four underweight women (BMI < 18.5) and their exclu-
sion did not affect our results, and thus they were retained in 
the normal BMI group (data not shown).

Gene set enrichment

Gene set enrichment was conducted using 50 Hallmark 
gene sets (version 6.1; Broad Institute, Molecular Signature 
Database) [42] with Camera, a competitive gene set test-
ing method which accounts for inter-gene correlation [43]. 

Statistical significance for gene set enrichment was achieved 
when FDR < 0.05.

Validation of gene expression and gene set 
enrichment

We validated our results with a subset of TCGA post-men-
opausal women with invasive breast cancer cases (n = 120; 
Supplementary File 1) for tumor tissues [28] and a subset 
of post-menopausal participants in the PBCS (n = 108) for 
tumor-adjacent tissues [30, 44, 45]. Gene expression was 
considered validated if the gene was differentially expressed 
in the same direction with FDR < 0.05 in the TCGA or 
PBCS cohorts. Gene sets were considered validated when 
they were significantly enriched in the same direction (i.e., 
up- or down-regulated; FDR < 0.05). Our gene set enrich-
ment results focused on validated gene sets associated with 
every 5 kg/m2 increase in BMI for maximum power.

Identification of driver genes in enriched gene sets

To identify important genes contributing to the enrichment 
of several gene sets, we first identified common genes within 
biologically related gene sets (e.g., genes in both interferon 
(IFN) gamma response and IFN alpha response). Next, we 
looked at the standard gene wise differential expression of 
these common genes (i.e., the limma analyses). An arbitrary 
cut-off of p < 0.10 was applied to identify genes that were 
most likely contributing to the enrichment of gene sets.

Please refer to Supplementary Methods for additional 
methodology details.

Results

Demographic, epidemiologic, and tumor 
characteristics of participants

The NHS/NHSII participants were mostly white with aver-
age BMI of 26.4. Of the participants with tumor samples 
(n = 478), paired tumor-adjacent tissues were available on 
331 (69%). The characteristics of women with tumor-adja-
cent samples were similar to those with tumor specimens 
(Table 1). ER data were missing for four tumor and three 
tumor-adjacent tissues. Most of our post-menopausal cases 
had ER+ breast cancer (80%). Obese participants had higher 
BMI at age 18, lower levels of physical activity, drank less 
alcohol, and were least likely to use HT compared to nor-
mal and overweight participants (p < 0.05; Table 1). Women 
across BMI groups had comparable tumor size, clinical 
grade, and lymph node status. ER− tumors were predomi-
nately clinical grades II and III, and were PR− (99%; Sup-
plementary Table 1).
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Comparison of NHS/NHSII participants to validation 
cohorts

Supplementary Tables 2 and 3 show characteristics of the 
previously published post-menopausal participants from 
TCGA [28] and PBCS. Most participants were also white 
females. Compared to NHS/NHSII, TCGA participants 
were more recently diagnosed, had higher BMI when 
obese (TCGA obese group BMI mean 36.0 vs. 33.9 in 
NHS/NHSII), and had more advanced disease (stages II/

III: TCGA 71% and NHS/NHSII 37%; stage I: TCGA 29% 
and NHS/NHSII 62%). TCGA participants were also less 
likely to use HT and tumors were less likely to be HER2 
positive. PBCS post-menopausal women were younger, 
were diagnosed between 1999 and 2003, drank less alco-
hol, were less likely to use HT, were less likely to be 
HER2 positive, and had more advanced disease (36% of 
PBCS were stage I, 64% were stages II/III) compared to 
NHS/NHSII.

Differential gene expression (single probeset) using limma
Analyses:

1. Overweight (BMI ≥25 to <30) vs. Normal BMI (BMI <25)
2. Obese (BMI ≥30) vs. Normal BMI
3. Every 5 kg/m  increase in BMI

Gene set/pathway enrichment using CAMERA

Report probesets 
with FDR <0.05

Nurses’ Health Study (NHS) and NHSII Cohorts
519 post-menopausal women

Tumor Tissues (n=478) Tumor-Adjacent Tissues (n=372)

ER+     ER- ER+     ER-

Tumor validation using 
The Cancer Genome Atlas 
(TCGA)
120 post-menopausal women
ER+ n=100, ER- n=20

Report validated gene sets 
with FDR <0.05

NHS/NHSII enriched gene sets 
with FDR<0.05

Common NHS/NHSII and TCGA gene sets
with same direction of change 

and FDR<0.05

NHS/NHSII enriched gene sets 
with FDR<0.05

Common NHS/NHSII and PBCS gene sets
with same direction of change 

and FDR<0.05

Tumor-adjacent validation using
Polish Breast Cancer Study

(PBCS)
108 post-menopausal women

ER+ n=88, ER- n=20

n=378 n=96 n=305 n=64

2

Tumor with no ER data (n=4)
Tumor-adjacent with no ER data (n=3)

Fig. 1   Schematic workflow of data analyses using the Nurses’ Health Study (NHS), The Cancer Genome Atlas (TCGA), and Polish Breast Can-
cer Study (PBCS)
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Table 1   Demographic, lifestyle, and tumor characteristics of post-menopausal women from the Nurses’ Health Study (NHS)/NHSII

Tumor Tumor-adjacent

Normal Overweight Obese p value Normal Overweight Obese p value

BMI, mean (SD) 22.4 (1.6) 27.2 (1.5) 33.9 (3.7) 22.4 (1.6) 27.2 (1.4) 34.3 (4.0)
Women demographics
 n 220 148 110 176 117 79
 Nurses’ Health Study Cohort, n (%) 0.77 0.42
  NHS 196 (89.1) 130 (87.8) 95 (86.4) 154 (87.5) 97 (82.9) 65 (82.3)
  NHSII 24 (10.9) 18 (12.2) 15 (13.6) 22 (12.5) 20 (17.1) 14 (17.7)

 Race, n (%) 0.16 0.02
  White 215 (97.7) 140 (94.6) 108 (98.2) 172 (97.7) 108 (92.3) 78 (98.7)
  Others 5 (2.3) 8 (5.4) 2 (1.8) 4 (2.3) 9 (7.7) 1 (1.3)

 Age at diagnosis, mean (SD) 63.5 (7.6) 63.6 (7.2) 64.1 (8.0) 0.65 63.0 (7.6) 64.0 (7.7) 63.9 (8.4) 0.49
 Year of diagnosis, n (%) 0.59 0.35
  1989–1993 57 (25.9) 31 (20.9) 21 (19.1) 44 (25.0) 19 (16.2) 14 (17.7)
  1994–1998 80 (36.4) 52 (35.1) 41 (37.3) 57 (32.4) 36 (30.8) 29 (36.7)
  1999–2003 65 (29.5) 50 (33.8) 33 (30.0) 58 (33.0) 47 (40.2) 24 (30.4)
  2004–2008 18 (8.2) 15 (10.1) 15 (13.6) 17 (9.7) 15 (12.8) 12 (15.2)

 Age at first child birth, mean (SD) 25.8 (3.4) 25.7 (3.7) 25.9 (4.3) 0.73 25.7 (3.6) 25.9 (3.6) 26.1 (4.6) 0.90
 Number of children, mean (SD) 2.6 (1.9) 2.8 (1.7) 2.8 (1.9) 0.42 2.5 (1.8) 2.8 (1.9) 2.8 (2.0) 0.45

Lifestyle factors
 BMI at 18 years of age, mean (SD) 20.4 (2.4) 21.0 (2.3) 22.5 (3.1) < 0.01 20.3 (2.3) 21.0 (2.3) 22.5 (3.2) < 0.01
 Physical activity, mean mets-h/week (SD) 19.9 (17.8) 16.1 (14.6) 14.4 (12.8) 0.01 20.7 (18.2) 16.2 (13.4) 14.7 (13.0) < 0.01
 Alcohol intake, mean g/day (SD) 8.3 (11.1) 6.5 (9.2) 4.6 (8.9) < 0.01 8.2 (11.1) 6.7 (9.3) 4.5 (8.0) < 0.01
 Recent hormone therapy use, n (%) < 0.01 < 0.01
  Yes 141 (64.1) 78 (52.7) 47 (42.7) 116 (65.9) 61 (52.1) 34 (43.0)
  No 77 (35.0) 67 (45.3) 57 (51.8) 58 (33.0) 53 (45.3) 42 (53.2)
  Unknown 2 (0.9) 3 (2.0) 6 (5.5) 2 (1.1) 3 (2.6) 3 (3.8)

Tumor characteristics
 Tumor size, n (%)
  ≤ 2 cm 161 (75.2) 112 (78.3) 76 (71.0) 0.24 – – –
  > 2 to ≤ 4 cm 36 (16.8) 27 (18.9) 24 (22.4) – – –
  > 4 cm 17 (7.9) 4 (2.8) 7 (6.5) – – –

 Tumor Grade, n (%)
  Well differentiated 69 (32.7) 32 (23.0) 22 (20.4) 0.10 – – –
  Moderately differentiated 107 (50.7) 78 (56.1) 60 (55.6) – – –
  Poorly differentiated 35 (16.6) 29 (20.9) 26 (24.1) – – –

 Lymph node status, n (%)
  No nodes involved 154 (75.1) 101 (73.2) 72 (70.6) 0.78 – – –
  1–3 nodes 35 (17.1) 25 (18.1) 20 (19.6) – – –
  4–9 nodes 12 (5.9) 7 (5.1) 6 (5.9) – – –
  10+ nodes 2 (1.0) 5 (3.6) 3 (2.9) – – –
  Metastasis at diagnosis 2 (1.0) 0 (0.0) 1 (1.0) – – –

 Stage 0.52
  I 141 (64.1) 96 (64.9) 61 (55.5) – – –
  II 61 (27.7) 37 (25.0) 37 (33.6) – – –
  III 16 (7.3) 15 (10.1) 11 (10.0) – – –
  IV 2 (0.9) 0 (0.0) 1 (0.9) – – –

 Estrogen receptora, n (%) 0.15
  Positive 170 (78.0) 125 (85.0) 83 (76.1) – – –
  Negative 48 (22.0) 22 (15.0) 26 (23.9) – – –
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Differential gene expression in NHS/NHSII cohorts

In both ER+ and ER− tumor and tumor-adjacent tissues, 
there was no significant differentially expressed gene associ-
ated with overweight or obese women compared to normal 
weight women (FDR > 0.05; Supplementary File 2). When 
BMI was analyzed as a continuous variable, there was no 
differentially expressed gene in ER+ and ER− tumors, and 
ER+ tumor-adjacent tissues (FDR > 0.05; Supplementary 
File 2). Cytokine receptor like factor 3 (CRLF3) expression 
was 20% higher per 5 kg/m2 increase in BMI in the tumor-
adjacent tissues of ER− women (FDR < 0.05), but this result 
was not replicated in PBCS (Supplementary File 2).

Gene set enrichment

In general, enriched gene sets, including multiple obesity-
related pathways regulating insulin receptor signaling and 
inflammation, were observed in NHS/NHSII, but only a 
subset was validated in TCGA or PBCS (Fig. 2). For exam-
ple, as BMI increased, the early estrogen response pathway 
was significantly upregulated in NHS/NHSII ER+ tumors 
and downregulated in NHS/NHSII ER− tumors, but these 
observations were not replicated.

Focusing on validated gene sets associated with increas-
ing BMI that were common to both ER+ and ER− tumors, 
the E2F TARGETS pathway was significantly upregulated 
(FDR < 0.05; Fig. 2). No driver gene was common to both 
diseases. In ER+ tumors, higher BMI was associated with 
upregulation of two additional proliferation pathways 
(G2M CHECKPOINT and MYC TARGETS V1) and genes 
involved in DNA repair; a set of genes was significantly 
downregulated by KRAS activation (Fig. 2). Two common 
driver genes, HNRNPD and SYNCRIP, contributed to the 
three proliferation pathways in ER+ tumors (p < 0.10; Sup-
plementary Fig. 1A). In addition to E2F TARGETS, higher 
BMI was associated with increased expression of genes 
associated with IFN alpha and gamma response and acti-
vated mTORC1 complex (Fig. 2) among ER− tumors. Three 

common driver genes, CASP8, RTP4, and IFIT3, contrib-
uted to the IFN pathways in ER− tumors (Supplementary 
Fig. 1B).

Among tumor-adjacent tissues, BMI was associated 
with increased expression of genes linked to cell death and 
the assembly of mitotic spindles in women with ER+ and 
ER− diseases (Fig. 2), but no common driver genes were 
identified. There were four other validated gene sets in 
ER+ tumor-adjacent tissues associated with higher BMI: 
epithelial-mesenchymal transition, tumor necrosis fac-
tor (TNF) alpha signaling via NFKB, angiogenesis, and 
transforming growth factor (TGF) beta signaling (Fig. 2). 
GADD45B and SAT1 contributed to the enrichment of epi-
thelial-mesenchymal transition, TNF alpha signaling via 
NFKB, and apoptosis, while LUM was the driver gene for 
both apoptosis and angiogenesis pathways (Supplementary 
Fig. 1C). Tumor-adjacent tissues in ER− disease displayed 
activated inflammation pathways including interleukin (IL) 
6 and IFN gamma with increasing BMI (Fig. 2). STAT1, 
STAT2, STAT3, PTPN1, PTPN2, MYD88, IRF1, and CXCL9 
were the common driver genes for these two pathways (Sup-
plementary Fig. 1D).

ER− women with higher BMI expressed elevated IFN 
gamma response with eight common driver genes in both 
tumor and tumor-adjacent tissues (HLA-DQA1, NCOA3, 
CXCL9, LCP2, GZMA, SPPL2A, STAT1, and CASP4). 
Secondary analyses were conducted in NHS/NHSII among 
ER+ stage I versus stage II/III tumors, by HT use (ever/
never) among ER+ women, by excluding women with 
BMI ≥ 38, and by accounting for HER2 status (assessed by 
immunohistochemistry) in the analysis. Overall results were 
similar (data not shown).

Discussion

In this large study of post-menopausal women, we char-
acterized the gene expression profiles of both breast 
tumor and tumor-adjacent tissues associated with higher 

Table 1   (continued)

Tumor Tumor-adjacent

Normal Overweight Obese p value Normal Overweight Obese p value

 Progesterone Receptora, n (%) 0.26
  Positive 166 (76.1) 121 (82.9) 83 (76.1) – – –
  Negative 52 (23.9) 25 (17.1) 26 (23.9) – – –

 HER2a, n (%) 0.22
  Positive 60 (30.9) 54 (40.0) 37 (37.0) – – –
  Negative 134 (69.1) 81 (60.0) 63 (63.0) – – –

a Immunohistochemistry for estrogen receptor, progesterone receptor, and HER2 were centrally reviewed using tissue microarrays. If missing, 
data were extracted from medical records
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pre-diagnosis BMI, and used two independent cohorts to 
validate our results in silico. No individual gene was differ-
entially expressed by level of BMI in either the NHS/NHSII 
or the replication data sets. However, women with higher 
BMI, particularly those with ER+ tumors, had upregulation 
of proliferation-related gene sets. Gene sets associated with 
high cellular turn over were associated with higher BMI in 
tumor-adjacent tissues. Breast tissues of ER− women dis-
played elevated inflammation with increasing BMI. Our 
work provides further insight into the link between adipos-
ity and breast cancer biology.

Overall, higher BMI was associated with increased 
cellular proliferation in breast cancer. Proliferation was 

particularly prominent in ER+ tumors. While there was 
no common driver gene identified in E2F TARGETS for 
ER+ and ER− tumors, synaptotagmin binding cytoplasmic 
RNA interacting protein (SYNCRIP) was one of the driver 
genes identified in ER+ tumors. SYNCRIP is a heterogene-
ous nuclear ribonucleoprotein involved in endocrine resistant 
and breast tumorigenesis [46]. Specifically in ER+ tumors, 
genes associated with KRAS activation were downregulated 
among women with higher BMI, providing indirect evidence 
that KRAS signaling is activated. The five validated gene 
sets in ER+ tumors collectively suggest that higher BMI in 
ER+ disease can lead to greater genomic instability as indi-
cated by elevated proliferation and KRAS signaling, and in 
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Fig. 2   Heatmap displaying the enrichment of 50 Hallmark gene sets 
(FDR < 0.05) with every 5 kg/m2 increase in BMI in estrogen recep-
tor-positive (ER+) or estrogen receptor-negative (ER−) post-men-
opausal women from the Nurses’ Health Study (NHS) and the vali-

dation cohorts (The Cancer Genome Atlas (TCGA) for tumors and 
Polish Breast Cancer Study (PBCS) for tumor-adjacent). Upregulated 
gene sets are in red; downregulated gene sets are in blue; validated 
gene sets are highlighted using black outlines



674	 Breast Cancer Research and Treatment (2019) 173:667–677

1 3

response, genes involved in DNA repair may be upregulated. 
ER− tumors were characterized by other obesity hallmarks 
such as inflammation [17] and mTORC1 activation [47, 48]. 
In sum, our data reinforce that ER+ and ER− tumors are sep-
arate diseases with distinct biology, thus supporting previous 
studies that excess adiposity enhances cellular proliferation 
of breast tumors [16, 49, 50] and pointing to several poten-
tial mechanisms whereby being overweight or obese could 
be associated with worse prognosis in ER+ disease [7–10].

There was little overlap in gene sets between ER+ tumor 
and tumor-adjacent tissues. This may be attributed to dif-
ferences in cellular composition between adjacent normal 
and tumor tissues, as well as changes induced by the carci-
nogenic process. Previous studies reported that tumor and 
normal breast tissues differ in their association with risk fac-
tor exposures [44]. In our study, the epithelial-mesenchymal 
transition gene set was enriched specifically in ER+ tumor-
adjacent tissues, but not in ER+ tumor tissue as reported by 
Fuentes-Mattei et al. [16]. Since TNF alpha signaling can 
influence the breast epithelial-mesenchymal transition [51], 
one source of TNF may be obesity-related local inflamma-
tion [52]. Our work provides some insights into the “etio-
logic field effect” of BMI on ER+ tumor-adjacent tissues 
[53].

Tumor characteristics are reflected in tumor-adjacent 
tissue; in particular, inflammation is present in both tumor 
and tumor-adjacent normal surrounding basal-like cancers 
[54]. We found that genes involved in inflammation were 
upregulated in both tumor and tumor-adjacent tissues of 
ER− women, with eight common genes driving the IFN 
gamma response pathway in both tissue types. This sug-
gests that inflammation associated with BMI was more evi-
dent and robust in tissue among women with ER− disease. 
Collectively, obesity-related inflammation in both ER+ and 
ER− tumor-adjacent tissues/microenvironment may pro-
mote breast cancer aggressiveness via elevated aromatase, 
metabolic dysfunction, and extracellular matrix substances 
secreted by adipose tissues (e.g., matrix metalloproteases, 
chemokines, and pro-inflammatory cytokines including IL6) 
[55–58].

Since estrogen levels in blood and breast tissues are posi-
tively correlated with BMI [11, 59], we expected to observe 
a BMI/estrogen-related pathway association in ER+ tumors. 
Although the estrogen pathway was significantly upregulated 
in the NHS/NHSII cohort, this observation was not repli-
cated. An obesity gene signature developed by Creighton 
et al. also did not contain ER, PR, or other estrogen-regu-
lated genes [24]. We did, however, observe increases in a 
number of proliferation-related pathways (for both ER+ and 
ER− tumors) and in DNA repair (ER+ tumors), which can 
be caused by ER signaling and estrogen metabolites [60, 61]. 
Clearly, the relationship between tissue estrogen signaling 
pathways and adiposity requires further investigation.

Fuentes-Mattei and colleagues [16] also reported that 
obesity accelerates ER+ breast cancer progression via adi-
pogenesis and PI3K/AKT/mTOR signaling [16]. The PI3K/
AKT/mTOR pathway in tumors was upregulated in both 
NHS/NHSII and TCGA but was only statistically significant 
in NHS/NHSII. The smaller sample sizes and differences in 
ER and/or HER2 status (less ER− and/or HER2-positive 
cases) of the validation cohorts compared to NHS/NHSII; 
different tissue types (fresh frozen versus FFPE); and gene 
expression platforms may contribute to our inability to vali-
date certain pathways. Our findings were generally robust 
in sub-analyses that made the NHS/NHSII and validation 
cohorts more comparable (e.g., among stage I tumors only). 
Overall, these differences also highlight the challenges in 
obtaining large, comparable, independent datasets for gene 
expression and pathway validation.

The strengths of our study include leveraging the large 
well-characterized NHS/NHSII cohorts which collected 
detailed epidemiologic data prior to diagnosis and we were 
able to control for well-known risk factors. Further, all breast 
cancer cases were pathologically confirmed and ER status 
was centrally reviewed. Given that the validation data sets 
had distinct population characteristics and used different 
technical platforms, replication represents gene sets that are 
likely to be robust across a range of populations and across 
methods.

Limitations of our study include the use of FFPE samples 
for microarray in NHS/NHSII, and small sample sizes for 
ER− cases, particularly in the validation datasets. Our FFPE 
samples were processed by various institutions and some 
FFPE blocks were over 20 years old. This resulted in lower 
quality RNA yield and microarray CEL files. We addressed 
this by performing two quality control steps and demon-
strated high correlations between ESR1, PGR, and ERBB2 
expression with ER, PR, and HER2 immunohistochemistry 
staining [28]. We were underpowered to stratify our samples 
by ER and HER2 simultaneously to better understand the 
biological effect of BMI on tumors by HER2 status. We 
attempted to address the imbalance in HER2 status between 
NHS/NHSII and the validation cohorts by accounting for 
HER2 in our secondary analyses. Future studies with more 
cases of ER− tumors and HER2 status are warranted to 
investigate the biological effects of ER and HER2 with BMI. 
Another limitation was the unknown germline BRCA1/2 sta-
tus of our cases. We were unable to assess if BRCA1/2 muta-
tion influences the association between BMI and DNA repair 
pathways. Our study consisted of mostly white females. 
Hence, replication in other ethnically diverse cohorts is war-
ranted. Lastly, we were unable to evaluate prognostic genes 
associated with BMI due to limited breast cancer-specific 
survival events in this study population.

In summary, this study presents the largest post-meno-
pausal breast tumor and tumor-adjacent dataset and analyses 
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to date, and our data were independently replicated. Higher 
BMI was associated with higher expression of cellular pro-
liferation pathways in breast cancer. In ER− disease, higher 
BMI was associated with  IFN gamma pathway. Future work 
can include mechanistic studies to investigate how BMI-
associated pathways influence post-menopausal breast etiol-
ogy and identifying prognostic breast cancer genes or gene 
sets associated with high BMI.
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