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Abstract:

Background: Endocrine therapy is highly effective in blocking the estrogen receptor pathway
in HR+/HER2- early breast cancer (EBC). However, up to 40% of patients experience relapse
during or after adjuvant endocrine therapy. Here, we investigate molecular mechanisms

associated with primary resistance to endocrine therapy and develop predictive models.

Patients and Methods: In the WSG-ADAPT trial (NCT01779206), HR+/HER2- EBC patients
underwent pre-operative short-term endocrine therapy (pET). Treatment response was
determined by immunohistochemical in-situ labeling of cycling cells (G1 to M-phase) with
Ki67 before and after pET. We performed targeted next generation sequencing and Infinium
MethylationEPIC-based DNA methylation analysis post-pET in a discovery cohort (n=364,
responder (R) and non-responder (NR) pairs matched for clinicopathologic features) and a
validation cohort (n=270, unmatched). Predictive indices of endocrine resistance under both
treatments were constructed using lasso penalized logistic regression. A subset of breast
cancers from ‘The Cancer Genome Atlas’ project (TCGA-BRCA) was used for external

validation.

Results: TP53 mutations were prominently associated with primary resistance to both
tamoxifen (TAM) and aromatase inhibitors (Al), with Al non-responders exhibiting resistance
in up to 32% of cases. Additionally, we identified distinct DNA methylation patterns in TAM
and Al non-responders, with TAM non-responders showing global DNA methylation loss,
associated with KRAS signaling, apical junctions and epithelial-mesenchymal transition (EMT).
Conversely, we observed methylation gain in Al non-responders affecting developmental
transcription factors, hypoxia and estrogen signaling. TAM or Al resistance was associated

with increased methylation-inferred proportions of immune cells and decreased proportions
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of endothelial cells. Based on these findings and patient age, we developed the Predictive
Endocrine ResistanCe Index (PERCI). PERCI stratified NR and R cases in both treatment groups
and cohorts with high accuracy (ROC AUC TAM discovery 93.9%, validation 83%; Al discovery
98.6%, validation 76.9%). A simplified PERCI efficiently predicted progression-free survival in
the TCGA-BRCA sub-cohort (Kaplan-Meier log-rank p-value = 0.03 between low and high

PERCI groups).

Conclusions: We identified genomic and epigenomic features associated with primary
resistance to TMA and Al. By combining information on genomic alterations, patient age,
differential methylation and tumor microenvironment (TME) composition, we developed
PERCI TAM and PERCI Al as novel predictors of primary resistance, with potential additional
prognostic value. Applying PERCI in a clinical setting may allow patient-specific drug selection

to overcome resistance.

WSG-ADAPT, NCT01779206, Registered 2013-01-25, retrospectively registered.
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Background

Endocrine therapy is a highly effective treatment blocking the estrogen receptor pathway in
breast cancer (BC). However, up to 40% of patients diagnosed with operable ER and/or PR-
positive (i.e. luminal) tumors relapse during or after adjuvant endocrine therapy [1]. Clinically,
two patterns of resistance to endocrine therapy are recognized: primary, intrinsic resistance
and secondary, acquired resistance. Acquired resistance is often attributed to activating
mutations in the estrogen receptor (ESR1), whereas the mechanisms of intrinsic resistance
are not fully understood [2—4]. In addition, the drug-specific effect of hormone therapy is an
unresolved issue. Recent in vitro studies suggest that epigenomic mechanisms, including
genome-wide reprogramming of the chromatin landscape and DNA methylation changes,

contribute to the development of resistance to endocrine therapy [5-8].

Neoadjuvant therapy trials or window trials with short-term endocrine treatment prior to
surgery can help to study endocrine resistance. Effective endocrine therapy results in tumor
cell growth arrest as evidenced by a decrease in the Ki67 labeling index [9—-11]. Persistently
high Ki67 expression despite hormone blockade identifies estrogen-independent

proliferation, which is associated with an increased risk of disease recurrence and death.

The WSG-ADAPT trial, which enrolled to date more than 5600 patients with luminal BC, 2290
of whom in the endocrine-therapy subtrial, provides a novel approach to investigate
endocrine resistance [12]. More than 70% of patients in the ADAPT trial responded to short-
term endocrine therapy with either tamoxifen or aromatase inhibitors. Non-responding
tumors maintain their original growth rate despite hormone blockade, making them ideal

candidates to study the mechanisms of primary endocrine resistance.
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Fig. 1: Concept of the study. (a) In the WSG-ADAPT trial, patients with ER+ luminal BC were randomized to
receive three weeks of preoperative endocrine therapy (pET) with tamoxifen (TAM) or aromatase inhibitors (Al).
Treatment response was estimated by Ki67 staining post-pET compared to baseline staining. (b) In this study,
we aimed to develop models to predict response to endocrine therapy. We selected patients for a discovery and
a validation cohort and collected clinico-pathologic data, mutation status of selected cancer driver genes, and
DNA methylation data at baseline and/or post-pET. For external validation, we used a subset of the TCGA-BRCA
cohort that matched the selection criteria for our cohorts. (c) Flowchart of the sample selection for the discovery
cohort (left, matched sample design) and the validation cohort (right, un-matched design). The numbers reflect
the case selection for molecular examinations as of the beginning of the study. At this time, patients were still
being recruited in ADAPT. Figure designed using BioRender.



In this study, a discovery and validation cohort of endocrine therapy responsive and non-
responsive patients was sub-sampled from the WSG-ADAPT trial (summarized in Fig. 1). We
aimed to identify molecular mechanisms associated with the resistant phenotype and
common pathways recurrently affected by different aberrations using targeted next-
generation sequencing and Infinium MethylationEPIC BeadChip-based DNA methylation
analysis. We hypothesized that knowledge of the genetic and epigenetic aberrations in BC
that are associated with endocrine resistance could provide biomarkers for the aggressive
subtype of hormone receptor-positive luminal breast cancer and allow the development of
predictive models for the response to endocrine therapy. As an external validation cohort, we
planned to use a subset of the TCGA-BRCA cohort that was clinically matched to patients in
our cohorts. The results of this study provide insight into the mechanisms of resistance to
tamoxifen and aromatase inhibitors, and thus suggest a way to overcome resistance by

switching to the drug that is not affected.

Methods

Study design and sample collection

The ADAPT trial (NCT01779206 [12,13]) was a phase Il, multicenter, controlled, nonblinded,
randomly assigned, investigator-initiated trial performed in the framework of WSG-ADAPT
umbrella protocol and at the Institute of Pathology, Hannover Medical School (MHH). We
selected patients with early breast cancer who had ER-positive and/or progesterone receptor
(PR)-positive, human epidermal growth factor receptor 2 (HER2)-negative tumors. The
patients had received three weeks of preoperative endocrine therapy (pET) (tamoxifen (TAM)
in premenopausal women and aromatase inhibitor (Al) in postmenopausal women). Baseline

and post-pET tumor biopsies were obtained from all patients, and formalin-fixed, paraffin-


https://paperpile.com/c/1OvF9r/DuNiO+MvFSp

embedded (FFPE) specimens were prepared. The Oncotype DX Recurrence Score (RS) of the
baseline samples was determined at the Genomic Health Inc. laboratory, and all baseline and
post-pET FFPE samples were submitted to immunohistochemistry at the ADAPT Study Central
Reference pathology at Hannover Medical School (MHH). The expression of ER, PR, HER2, and
the Ki67 cell proliferation marker were assessed using standardized methods as previously
described [12]. Tumors with baseline Ki67 < 35% and of PR > 20% were classified as luminal
A, whereas tumors with baseline Ki67 > 35% and PR < 20% were designated as luminal B

subtypes.

Response to endocrine therapy was determined by post-pET Ki67 and Ki67 decrease from
baseline. In the discovery cohort (n=364) patients with post-pET Ki67 <10% and a relative
decrease 2 70% were considered responders (R), and those with post-pET Ki67 > 20% and a
relative decrease < 20% were considered non-responders (NR). The discovery cohort was
divided into TAM (n=214) and Al treatment groups (n= 150), each with R and NR patients
matched for histopathologic features, pT, pN, ER, PR, HER2 status and RS score at baseline.
Tumors (R/NR) were also balanced for WSG central histologic grade. We included all sample
pairs that met our selection criteria (flowchart in Fig. 1c, Supp. Table S1a). For the validation
cohort (n= 270), we relaxed the selection criteria to allow inclusion of additional patients.
Responders were defined as post-pET Ki67 <10%, and non-reponders had post-pET Ki67 =
20%. The response groups were not matched with respect to histopathologic features, RS
score, or histologic grade. We included 75 TAM responders and 80 non-responders, and 67 Al
responders and 48 non-responders (Fig. 1c, Supp. Table S1b). The TCGA-BRCA sub-cohort (n
= 269) was sub-sampled from the TCGA-BRCA cohort to provide external validation of the

prediction models. Selection criteria included ER status positive, HER2 status non-positive,
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distant metastasis free (MO0), no prior neoadjuvant therapy, and progression-free survival
(PFS) information available (Supp. Table $2). Samples were divided into two groups based on
menopausal status: TAM-like for premenopausal patients (n = 75) and Al-like for
postmenopausal patients (n = 194). Histologic grade was determined using WHO criteria

(information on tubule formation, pleomorphism, and cell proliferation from [14]).

Statistical analyses

In the discovery cohort, McNemar's test for symmetry was used to compare R and NR patients
for clinical variables. In the validation cohort, the chi-squared test for trends was used to
compare Ki67 at baseline and Ki67 post-pET, and Fisher's exact test was used for all other
comparisons. The relationship between clinical variables and TAM and Al prediction scores

was calculated using Spearman's rank correlation coefficient.

Next generation target sequencing and variant calling

After manual microdissection to enrich for invasive tumor cells, DNA was extracted from FFPE
tissue using the Maxwell RSC DNA FFPE kit on a Maxwell RSC instrument (Promega). Quality
control tests were performed to ensure that the DNA samples (n=362 from the discovery
cohort and n=222 from the validation cohort) met the required criteria. Next-generation
sequencing (NGS) was performed at the MHH using a S5 prime instrument (ThermoFisher
Scientific). Two NGS panels were used to cover the complete protein coding regions of known
driver genes and genes associated with endocrine resistance, as described previously [15].
The first panel was the Oncomine Comprehensive v3 assay (ThermoFisher Scientific), which
included 161 genes and had the ability to also detect copy number variations. The second

panel was a custom-made panel including the full-coding sequence of 17 genes (ABCA13,
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CBFB, CDH1, ERBB2, ERCC2, ESR1, FAT1, FAT2, FAT3, GATA3, MAP3K1, MUTYH, PIK3CA,
RUNX1, RYR2, TBX3, TP53) to add regions of genes which are frequently mutated in BC and
missing in the Oncomine Comprehensive v3 assay. Variant calling and functional annotation
were performed using ANNOVAR software

(http://annovar.openbioinformatics.org/en/latest/). Gene deletions were selected using a

copy number cutoff < 0.6 (upper Cl £ 0.75). Gene amplifications were selected using a copy
number cutoff > 5.0 (lower Cl > 3.5). The results were manually curated to exclude FFPE-
related genetic artifacts. Statistical analysis was performed using Fisher's exact test to
compare frequencies of recurrent genomic alterations (RGA) between responders and non-
responders in each treatment group. Only genes with a RGA frequency of at least 7.5% in one
of the subgroups (TAM, Al, NR, R in the discovery or validation cohorts) were included in the
analysis.

DNA methylation pre-processing and cell type deconvolution

DNA (range 84-1400 ng) was submitted to the DKFZ Genome and Proteome core facility for
DNA methylation analysis using HumanMethylationEPIC (EPIC) BeadChips (lllumina, CA, USA),
including an additional restore step for FFPE material. We downloaded reference datasets
from GEO, including data for six immune cell types from six healthy subjects (GSE110554),
human mammary fibroblast, human mammary epithelial cells, human mammary endothelial
cells (GSE74877) [16], and human breast cancer cells (MCF7, GSE68379)[17]. Raw data were
preprocessed using the RnBeads R package version 2.15.1 [18,19], with beta-mixture quantile
normalization and no background correction. We filtered out probes with a SNP overlapping
with the C nucleotide of the CpG site and a MAF > 0.01 (dbSNP 150), as well as probes with
the last 3 bases in their target sequence overlap with a SNP (MAF > 0.05). We also removed

cross-hybridizing probes [20,21] and non-CpG probes. We estimated the cell type
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composition using the Houseman algorithm [22] implemented in RnBeads, using the settings
inference.max.cell.type.markers = 100000, inference.top.cell.type.markers = 500, and
adjusted the results proportionally to a sum of 100%. For differential methylation analyses,
raw data were preprocessed using the SeSAMe package [23] with linear dye-bias correction
(dyeBiasCorr) and background subtraction using “noobsb”. We performed differential
methylation analyses using “limma”, with age and sample processing (bulk or
macrodissection) used as covariables. We defined differentially methylated CpG sites (DMS)
as having a methylation difference > 10% and p-value < 0.005. To annotate DMS to genes, we
developed a pipeline to map CpG sites represented on the EPIC array to the next transcription
start site (TSS) using hg19 transcript information from the R package “EnsDb.Hsapiens.v75”

[24]. The pipeline is available on Github at https://github.com/gk-

zhang/InfiniumEPICMethylation.hg19/tree/main. We performed gene set

overrepresentation analyses using Molecular Signatures Database (MSigDB) hallmark gene
sets [25]. DMS were annotated with chromatin states using published ChromHMM
classification for MCF7 cells [26]. A consensus list of partially methylated domains (PMDs) in
human breast cancer was constructed from Brinkman et al. [27], with occurrence in 29 of 30
tumors and a size > 100kb (n= 2538 regions). We calculated MeTIL scores as described in [28].
For the TCGA-BRCA cohort, we downloaded Illumina HumanMethylation450 data from GDC
(Genomic Data Commons Data Portal, https://portal.gdc.cancer.gov) and preprocessed the
data with RnBeads using SeSAMe-adapted settings with scaling.internal for normalization and
background subtraction using noobsb. We selected CpG sites overlapping between the EPIC
and the 450k datasets and further preprocessed the data as described above. We built the

450k models using the overlapping CpG sites.
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The gene regulatory potential of our DMS was tested in the TCGA-BRCA sub-cohort matching
our samples (n = 269) and DMS covered on the 450k array. Gene expression HTSeq FPKM-UQ
guantification data were downloaded with the function GDCquery of R package TCGAbiolinks
(version: 2.22.1) and used to compute Pearson and Spearman correlations between DMS beta

values and log2 expression values.

Building of the ‘Predictive Endocrine ResistanCe Index’ PERCI

Predictive indices of endocrine resistance under either treatment were constructed within
both discovery cohorts using lasso penalized logistic regression with the R package “glmnet”
(version 4.1-3). Internal cross-validation was used to determine model hyperparameters [29]
based on optimizing the quality of out-of-sample-prediction in terms of discrimination by
ROC-AUC [30]. Only the samples with complete data for all characteristics were included (as
shown in Supplementary Table S3). For each treatment group, the classifier was built using
the beta values of the DMS with a minimum mean methylation difference of 10% between
the responder and non-responder groups. In addition, we used the RGA (set as 0 for wild-type
and 1 for detected alterations) with significantly different alteration frequencies (p<0.025)
between the response groups. Other candidate predictor variables included patient age and
cell type information, which was obtained from the methylation data. The prediction outcome
was defined as the endocrine resistance outcome with a binary classification of R and NR.
Different prediction models were developed by applying different cut-off p-values for
differential methylation for the TAM and Al groups, respectively. The performance of the
prediction models was evaluated by calculating the area under the receiver-operating curve

(AUC) between the known classification result and the prediction scores (described below) by
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using the R package pROC (version: 1.18.0). The final models were selected based on the best

AUGCs in the validation cohort data of the TAM and Al groups, respectively.

Each model is composed of predictors and coefficients. PERCI TAM and Al scores were
calculated as the weighted sum of the predictor values multiplied by the model coefficients.
The prediction scores were scaled to the range [0, 1] by dividing the original score by the
difference between the theoretical maximum score and the theoretical minimum score. The
theoretical maximum/minimum score was obtained by assigning a (beta) value of 1/0 to CpG
sites or mutated genes with positive coefficients and 0/1 to those with negative coefficients.
For patient age and cell type information, the median values of the discovery cohort data

were used for the calculation of both theoretical maximum and minimum score.

Accuracy, precision (= positive predictive value PPV) and recall from the output of the R
package pROC were used as metrics to evaluate the performance of the prediction models.
As a cutoff we defined the scaled PERCI score with the highest accuracy. F1 score was
calculated as 2xprecisionxrecall/(precision+recall). In the confusion matrix, responders are

defined as controls and non-responders as cases.

Constructing PERCI 450k

To ensure wider applicability to publicly available lllumina 450k methylation datasets, we
developed additional classifiers specifically tailored to this platform, limiting the input to CpG
sites covered on the 450k array. We included methylation data from CpG sites with a
minimum mean methylation difference of 5% between the responder and non-responder
groups and p-values for differential methylation of p < 0.05 to p < 0.00005. We also added
patient age as a variable to the model. The same approach as described above was used to

construct PERCI 450k models and produce the scaled scores.
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Performance of the PERCI 450k models was tested in patients from the TCGA-BRCA sub-
cohort, subdivided in TAM- and Al-like groups. As endocrine treatment and response
information was not available, the models were evaluated based on their ability to predict
tumor progression-free survival (PFS) using the prediction scores. Survival analyses were

I”

performed using the R package “survival” (version 3.5-0), using the information of time to
event (progression or censoring), limited to a follow-up time of 120 months. PERCI TAM 450k
and PERCI Al 450k scores were used to classify the patients into low and high groups. The
cutoffs were chosen by minimizing the p-value of the log-rank test. Fisher’s exact test was

used to test the significant difference of clinic-pathological variables between the PERCI 450k

score high and low groups (Supp. Table S2).

Results

Histologic grade changes correlate with Ki67 staining in response to preoperative endocrine

therapy (pET)

The response groups in the discovery cohort were well matched for clinico-pathologic
characteristics at baseline (Suppl. Table S1a, S3). Cases treated with TAM tended to be of
lower grade than those treated with Al. Response to short-term pET was reflected by changes
in histologic grade from baseline to post-pET (Fig. 2a). In both treatment groups, >40% of
responders decreased in grade, while many non-responders had a higher grade after pET
(Supp. Fig. Sl1a). For both the TAM and Al groups, Spearman's rank correlation analysis
confirmed high correlation between histologic grade and Ki67 staining at baseline and after
PET (TAM baseline p=0.54, TAM post-pET p=0.69; Al baseline p=0.61, Al post-pET p=0.79, fdr-

corrected p-values < 0.01) (Supp. Fig. S2a). In the Al group, we observed a
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Fig.2: Descriptive statistics of the cohorts. (a — f) Description of the discovery cohort (n =364, TAM = 214, Al =
150), (g - 1) description of the validation cohort (n = 270, TAM = 155, Al = 115). Distribution of patients (R =
responder, NR = non-responder) before (baseline) and after anti-hormone (post-pET) treatment according to:
(a, g) tumor grade; (b, h) histology type; (c, i) progesterone receptor (PR ) status; (d, j) luminal subtype; (f, 1)
percentage of Ki67 positive staining in IHC. (e, k) Distribution of patients before endocrine therapy according to
recurrence score (RS). Statistical differences of numerical variables between matched pairs as well as for
baseline and post-pET comparisons were tested using paired Wilcoxon tests. All other comparisons of numerical
variables were analyzed using non-paired Wilcoxon tests. Statistical differences of categorical variables between
matched pairs as well as for baseline and post-pET comparisons were analyzed using McNemar test. All other
comparisons of categorical variables were analyzed using Fisher’s exact test. For all statistical tests, asterisks *,
*k kA EX** indicate p-values < 0.05, 0.01, 0.001, 0.0001.
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significant reduction in PR staining after pET compared to baseline (Al responders p = 2.54e-
08, Al non-responders p=5.32e-04) (Fig. 2c). Combining Ki67 and PR staining information, we
divided the patients into luminal A and B subtypes (Supp. Table S1a, $3). Over 40% of Al cases,
but only 10% (R) and 19% (NR) of the TAM cases were categorized as LumB (Fig. 2d). Similar
differences were also reflected in the OncotypeDX RS group distribution. Patients in the TAM
group were predominantly in RS group 1 (28%) and RS group 2 (64%), whereas 48% of the Al-
treated cases were in RS group 2 and 40% in RS group 3 (Fig. 2e). Consequently, we observed
a positive correlation with luminal subtypes (Kendall rank correlation test, TAM t=0.33; Al t
=0.51, fdr-corrected p-value < 0.01)(Supp. Fig. S2c). In the TAM group, RS group annotations
were weakly negatively correlated with hormone receptor staining at baseline (ER, p =-0.31;
PR, p = -0.33, fdr-corrected p-values < 0.01). For the Al-treated cases, anti-correlation of RS
score and PR staining was even more pronounced (baseline, p = -0.46; post-pET p =-0.47, fdr-
corrected p-values < 0.01)(Supp. Fig. S2a).

As no matching protocol was used to select cases for the validation cohort, significant
differences between responders and non-responders were observed in both treatment
groups (TAM: histology, pT, grade, baseline Ki67, luminal subtype, RS group; Al: grade,
baseline PR and Ki67 staining, luminal subtype, RS group) (Supp. Table S1b, S3). pET
responders had consistently lower grades at baseline than non-responders in both treatment
groups (TAM p=7.48e-04, Al p=1.67e-03)(Fig. 2g). Again, changes in histologic grading from
baseline to post-pET reflected response or resistance to pET (Supp. Fig S1b). Grade and Ki67
staining were highly correlated at baseline and post-pET in both treatment groups (TAM
baseline p=0.67, TAM post-pET p=0.74; Al baseline p=0.70, Al post-pET p=0.77, fdr-corrected
p-values <0.01) (Supp. Fig. S2b), confirming our findings in the discovery cohort. We observed

a significantly higher proportion of invasive lobular breast cancer (ILBC) in TAM responders
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than in non-responders (R 29%, NR 3%), but not in Al-treated cases, with 15% ILBC in both
response groups (Fig. 2h). Due to the unpaired selection protocol in the validation cohort,
significantly (p=0.015) more Al non-responder than responders had weak PR staining (PR <
10%) prior to pET. We confirmed the decrease in PR staining after Al treatment in both
response groups (Al-R p=1.06e-07, AI-NR p=6.33e-05) (Fig. 2i). In both treatment groups, non-
responders were significantly more often annotated as LumB subtype (Fisher’s exact test TAM
p=6.2e-03, Al = 2.1e-06) (Fig. 2j) and had higher baseline RS scores than responders (Fisher’s
exact test TAM p=1.9e-08, Al p= 2.1e-12) (Fig. 2k, and Supp. Table S1b). RS scores of TAM-
treated cases were positively correlated with grade at baseline and post-pET (p= 0.41 and
0.41, fdr-corrected p-values < 0.01), and the latter observation was even stronger in Al-
treated cases (p=0.56, fdr-corrected p-value < 0.01). In addition, RS scores in Al-treated cases
showed a strong negative correlation with baseline PR staining (p =-0.5, fdr-corrected p-value
<0.01) (Supp. Fig. S2b). Finally, in both treatment groups, Ki67 staining at baseline was higher
in non-responders than in responders (TAM p=1.18e-07, Al p=2.05e-05) (Fig. 21, Supp. Tables
S1b).

In summary, TAM cases had lower grade and RS scores than Al cases in both cohorts. pET
resulted in consistent changes in grade in both treatment groups, with responders lowering
grade and non-responders changing to a higher grade. Grade was highly correlated with Ki67
staining at both baseline and post-pET. PR staining was consistently lower post-pET than at
baseline in Al responders and non-responders in both cohorts.

Recurrent TP53 mutations in luminal BC promote resistance to pET

We performed NGS panel sequencing to identify recurrent genomic alterations (RGA) that
might indicate pET resistance (Supp. Table S4). Mutations of PIK3CA, GATA3, MAP3K1, and

amplifications of CCND1, FGF3 and FGF19 on chr11g13.3 were most frequently detected in
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both cohorts (Fig. 3a,b), confirming previously published observations [31-34]. None of these
RGA were found to be significantly altered between R and NR cases in either TAM or Al
treatment groups. The tumor/invasion suppressor gene E-cadherin (CDH1) is mutated in the
majority of ILBC cases [33,35]. We detected frameshift and splice-site mutations in 10% and
16% of the patients in the discovery and validation cohort, respectively, and confirmed
significant enrichment of CDH1 mutations in ILBC (discovery cohort p=8.5e-11, validation
cohort p<2.2e-16), with strong positive correlation with histology type (Kendall rank
correlation T = 0.61 to 0.81, fdr-corrected p-value < 0.01, Supp. Fig. 2c,d). CDH1 mutations
were strongly anti-correlated with E-cadherin protein expression at baseline and post-pET in
both treatment groups and cohorts (t =-0.59 to -0.91, fdr-corrected p-value < 0.01, Supp. Fig.

2¢,d).

In the discovery cohort, we detected point mutations in the ATP-binding cassette transporter
13 (ABCA13) gene significantly more often in the TAM R group than in the TAM NR group
(12.2% vs. 3.7%, p=0.024) (Fig. 3c). CBFB mutations were also significantly enriched in the
TAM R group (17.7% vs. 5.6%, p=0.006) (Fig. 3c). This finding was confirmed in the validation
cohort (TAM R 22.2%, TAM NR 6.4%, p=0.008) (Fig. 3d) and positively correlated with GATA3
alterations (Kendall rank correlation, discovery cohort t=0.3, validation cohort t=0.3, fdr-

corrected p-value < 0.01) (Supp. Fig. S2c).
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Fig. 3. Recurrent genomic alterations (RGA) in the (a) discovery cohort, and (b) validation cohort. Legend for (b)
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In the Al discovery cohort, but not the validation cohort, we observed significantly more ESR1
alterations in non-responders than in responders (12% vs. 0%, p=0.003) (Fig. 3c). Also, FGFR2
amplifications were detected more frequently in the AI-NR group than in the Al-R group (9.3%
vs. 0%, p=0.014) (Fig. 3c) and were positively correlated with histologic grade and Ki67 status
(t=0.29 and t=0.27, fdr-corrected p-values <0.01) after treatment, as well as with TP53
mutations (t=0.31, fdr-corrected p-value <0.01)(Supp. Fig. S2c). As recently described by our
group, TP53 mutations are significantly associated with therapy resistance to pET in both
TAM- and Al-treated cases [15,36]. Consistent with these reports, significant enrichment of
TP53 mutations in non-responding patients of both treatment groups in the discovery cohort
(TAM p=0.032, Al p=0.011)(Fig. 3c) was confirmed in the validation cohort (TAM p=0.0008,

fdr=0.099; Al p=0.00015, fdr=0.019)(Fig. 3d).

In the validation cohort, TAM non-responders harbored significantly more alterations in AKT1
(NR 9.0% vs. R 0%, p=0.014) and amplifications of FGF19 (NR 12.8% vs. R 2.8%, p=0.033) than
TAM responders (Fig. 3d). Conversely, we detected significantly more TBX3 mutations in TAM
responders (9.7%) than in non-responders (0%, p=0.005) (Fig. 3d). These significant
differences were not observed in the discovery cohort. In TAM-treated cases, amplifications
of CCND1, FGF3, and FGF19 on chr11g13.3 were positively correlated with grade (t= 0.28 to
0.34, fdr-corrected p-values < 0.01), Luminal Subtype (1= 0.27 to 0.34, fdr-corrected p-values

< 0.01) and baseline Ki67 (t= 0.32 to 0.36, fdr-corrected p-values < 0.01) (Supp. Fig. S2d).

To summarize, we found several significant differences in the incidence of RGA between
responding and non-responding cases. TAM responders had consistently more CBFB
mutations than non-responders in both cohorts. Amplifications of ESR1 and FGFR2 were

selective for the Al NR group. With a frequency of up to 32% in Al NR cases, TP53 mutations
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were most frequently associated with the development of resistance to endocrine therapy

with TAM and Al.

Different alterations in the DNA methylome and tumor microenvironment contribute to

resistance to pET with TAM and Al

Previous studies have reported that endocrine therapy resistance in breast cancer cell lines
leads to adaptations in chromatin structure and DNA methylome [5-7]. In addition to our
mutation screen, we performed methylation analyses on tumor tissue obtained post-pET
using EPIC arrays covering 850.000 CpG sites. In the discovery cohort, we detected 472
significantly (p<0.005) differentially methylated CpG sites (DMS) with > 10% mean
methylation difference between TAM NR and R groups, and 435 DMS between Al NR and R
(Supp. Fig. S3a, DMS highlighted in red, Supp. Table S5). Nearly 70% of the TAM-DMS and
40% of the AI-DMS were also differentially methylated in the validation cohort (Supp. Fig.

S3b).

Notably, we observed distinct methylation changes in the two treatment groups. In TAM-
treated cases, 90% of DMS were less methylated in non-responders compared to responders
(Fig. 4a, NR<R indicated in dark blue on the right). Global loss of methylation has been
associated with accelerated cell proliferation and the inability of a cell to re-methylate DNA
in late-replicating regions after DNA doubling. This leads to the formation of ‘partially
methylated domains’ (PMDs) in the nuclear periphery [37]. Using consensus PMD information
from a recent breast cancer study [27], we confirmed that nearly 70% of all TAM DMS are
located in PMDs (Fig. 4a, shown in dark green on the right). We further annotated the DMS

with chromatin regions using information from the ER-positive MCF7
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21



cell line [26]. We found that 80% of TAM DMS were located in tightly packed heterochromatin
and repressed regions, which overlapped strongly with PMD regions (Fig. 4a, Supp. Fig. S3c,

upper panel).

In contrast to the TAM group, approximately 80% of DMS were higher methylated in Al NR
vs. Al R cases (Fig. 4b, NR>R shown in yellow on the right). The majority of Al DMS were
located outside of PMDs, suggesting a gene-regulatory function. Indeed, about 40% of the
DMS were located in enhancer and promoter regions or overlapped with insulator protein
CTCF binding or transcribed regions (Supp. Fig. S3c, lower panel). Gene set
overrepresentation analysis using MSigDB hallmark gene sets suggested that resistance to
TAM pET may be associated with KRAS signaling, apical cell-cell junctions and epithelial-

mesenchymal transition (Supp. Fig. 3d).

We used data for the TCGA-BRCA sub-cohort as a surrogate to calculate correlation
coefficients for correlations between methylation and gene expression for the subset of DMS
represented on Illumina 450k arrays (Supp. Table S5). Although most of the Al DMS had
higher methylation levels in NR vs. R, indicating gene silencing, we identified a group of
developmental transcription factors with positive correlations between methylation and gene
expression, indicating gene upregulation. In addition, Al-DMS-associated genes were

enriched in gene sets related to hypoxia and estrogen response (Supp. Fig. 3d).

Several lines of evidence suggest that the tumor microenvironment (TME) is involved in the
development of resistance to TMA and Al treatment [38]. We used publicly available
reference methylation datasets for various cell types (Methods) to estimate the composition
of the TME in our samples. In pET-resistant patients, we consistently computed higher

immune cell proportions, accompanied by reduced proportions of fibroblasts and endothelial
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cells (Fig. 4c,d). The percentage of stromal tumor-infiltrating lymphocytes in pathologic tissue
sections (PaTILs) significantly correlated with TIL levels derived from methylation data
(MeTILs) (discovery cohort, p = 0.555, p < 2.2e-16; validation cohort p = 0.464, p = 3.2e-13,
Supp. Fig. S3e). Our MeTIL percentages also highly correlated with MeTIL scores calculated
according to [28] (discovery cohort, p = 0.638, p < 2.2e-16; validation cohort p = 0.697, p <
2.2e-16). When stratified according to immune cell type, CD4+ cells were most abundant, but
increased immune cell infiltration in pET-resistant tumors was not linked to any particular

immune cell type (Supp. Fig. S3f,g).

Overall, differential methylation analysis revealed distinct profiles of methylation changes in
breast cancer patients treated with TAM and those treated with Al. TAM DMS were often less
methylated in the NR vs. R group and were associated with PMDs. Conversely, Al DMS were
more highly methylated in the NR vs. R group, located in gene regulatory regions and
associated with developmental transcription factors, hypoxia and estrogen signaling. In both
treatment groups, we computed changes in TME cell composition with increased immune cell
infiltration and decreased fibroblast and endothelial cell proportions associated with

treatment resistance.

Developing the ‘Predictive Endocrine ResistanCe Index’ PERCI

After identifying significant differences between responders and non-responders in the
discovery cohort, we used lasso penalized logistic regression on these features to train
classifiers for TAM and Al resistance, which we named ‘Predictive Endocrine ResistanCe Index’
(PERCI) (Fig. 5a). PERCI TAM consists of age information, endothelial cell content, ABCA13
mutations, and methylation data for 29 TAM DMS with different weights (Fig. 5b, left panel).

Most of the predictive CpG sites were hypomethylated in the non-responder
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groups, and about half of them were located in heterochromatic regions (Supp. Tables S3,
S5). Five selected CpG sites (cgl15042080, cgl6766325, cg04286030, cgl18396984,
cg15332750) had higher methylation in non-responders than in responders. The inverse
correlation of cg16766325 methylation, located in the SPRY2 promoter, with gene expression
in the TCGA-BRCA sub-cohort (Pearson correlation r = -0.423, fdr-adjusted p-value = 4.11E-
12) may indicate functional relevance in gene regulation. The individual predictors achieved
an area under the receiver operating characteristic curve (ROC AUC) of 54.8 (for ABCA13
mutations) to 72% (for cg01838965) in the discovery cohort (Supp. Fig. S4). By combining all
features, PERCI TAM stratified responders and non-responders with a ROC AUC of 93.9%, (Fig.
5¢, left panel), with very good accuracy and positive predictive value (PPV) (Table 1). Strong
performance was confirmed in the validation cohort, with a ROC AUC of 83%. Testing
frequencies of correctly and incorrectly annotated cases in a confusion matrix suggests that

the PERCI TAM is better at predicting NR than R in both cohorts.

Table 1: Performance of PERCI and PERCI 450k in the discovery and validation cohorts

Discovery cohort Validation cohort

PERCI TAM? PERCI AI® PERCI TAM PERCI Al
ROC AUC 93.9% 98.6% 83.0% 76.9%
Accuracy 0.856 0.946 0.750 0.719
Recall 0.827 0.919 0.661 0.792
Positive predictive value (PPV) 0.878 0.971 0.765 0.717
Negative predictive value (NPV) 0.838 0.923 0.740 0.722
F1 score 0.851 0.944 0.709 0.752

PERCI TAM PERCI Al 450k® PERCI TAM 450k PERCI Al 450k

450k

ROC AUC 95.7% 97.1% 80.2% 85.5%
Accuracy 0.885 0.926 0.734 0.787
Recall 0.923 0.946 0.746 0.896
Positive predictive value (PPV) 0.857 0.909 0.698 0.754
Negative predictive value (NPV) 0.918 0.943 0.769 0.844
F1 score 0.889 0.927 0.721 0.819

a: using a cutoff of 0.423 for the scaled PERCI TAM and a cutoff of 0.403 for the scaled PERCI Al
b: using a cutoff of 0.409 for the scaled PERCI TAM 450k and a cutoff of 0.379 for the scaled PERCI Al 450k
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PERCI Al includes patient age, ESR1, FGFR2, and TP53 genomic alterations, normal and tumor
epithelial, endothelial and immune cell proportions, and methylation information for 17 Al
DMS, most of which gained methylation in the Al non-responder group (Fig. 5b, right).
Hypermethylated cg18922524, located in the promoter region of the homeobox transcription
factor HOXC4, was exceptional as it was the CpG site with the strongest positive correlation
with HOXC4 mRNA levels (pearson correlation r =0.475, fdr-corrected p-value = 1.13E-15) out
of 12 Al DMS associated with the same gene (Supp. Table S3, S5), indicating increased gene
expression. The individual CpG sites selected for PERCI Al reached ROC AUC values of 67.1 to
74.4% (Supp. Fig. S5), and all features combined stratified the NR and R groups with an AUC
of 98.6% and excellent accuracy and true positive rate (PPV) (Fig. 5¢, right panel; Table 1). As
with PERCI TAM, the specificity of correctly annotating NR was higher than the sensitivity. In
the validation cohort, we obtained an AUC of 76.9%. In this cohort, PERCI Al was better at

correctly predicting the responder group.

Both PERCI TAM and PERCI Al correlated strongly with post-pET histology grade and Ki67
staining, with Spearman correlation coefficients p ranging from 0.55 to 0.78 in the discovery
cohort (fdr-corrected p-values < 0.01) (Supp. Fig. S2a) and from 0.42 to 0.64 in the validation
cohort (fdr-adjusted p-values < 0.01) (Supp Fig. S2b). Of note, in the discovery cohort, PERCI

TAM and PERCI Al did not correlate with the Oncotype DX recurrence score (Suppl. Fig. S2a).

In summary, our novel predictors of resistance to TAM and Al therapy, PERCI TAM and PERCI
Al, combine information on genomic alterations, patient age, TME composition and
differential methylation, and with ROC AUCs of 83% for TAM and 76.9% for Al showed very

good performance in the validation cohort.
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Adapting PERCI to the lllumina 450k platform and validation in the TCGA-BRCA cohort

The multi-criteria nature of PERCI may limit its applicability in clinical settings where not all
data modalities may be readily available. For this reason, we trained a more streamlined
version of PERCI, following the same approach as described above, but using only methylation
data and age as input. In view of the widely available 450k Illumina array data, we restricted
CpG sites to those that overlapped between EPIC and 450k arrays, with mean methylation
differences between the R and NR groups in the ADAPT discovery cohorts of at least 5% and
various significance thresholds (Methods). PERCI TAM 450k contains age and methylation
information for 41 CpG sites, most of which were again hypomethylated in the TAM-NR group
(Supp. Fig. S6a). Although the feature selection was independent, ten CpGs overlapped with
PERCI TAM features. For PERCI Al 450k, in addition to age, 19 predominantly hypermethylated
CpG sites were selected, eight of which overlapped with PERCI Al features (Supp. Fig. S6b).
Both 450k-compatible versions of PERCI performed as well as or better than PERCI in the
ADAPT cohorts, with ROC AUC >95% in the discovery and >80% in the validation cohorts

(Table 1, Supp. Fig. S6c).

To test these classifiers in an external cohort, we used published TCGA-BRCA data and
selected 296 cases with methylation data available and matching our cohort selection criteria
(Methods). Patients were stratified by menopausal status in a TAM-like cohort (n=75) and an
Al-like cohort (n=194) (clinico-pathologic characteristics in Supp. Table S2, S6). We divided
each cohort into PERCI 450k high and low groups, using progression-free survival within 10
years as a surrogate for information on response to endocrine therapy. The group with high

PERCI TAM 450k had 49 cases, whereas the low group had 26 cases (Fig. 6a, left
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Fig. 6. PERCI 450k predicts progression-free survival in the TCGA-BRCA sub-cohort. (a) Heatmap of selected
features to construct PERCI TAM 450k (left panel) and PERCI Al 450k (right panel) in the TCGA-BRCA sub-cohort.
(b) Kaplan-Meier curves of progression-free survival in the TCGA-BRCA sub-cohort on the basis of PERCI TAM
450k (upper) and PERCI Al 450k scores (lower). Cases were divided into high and low groups (blue: low, good
prognosis, red: high, poor prognosis) using a cutoff of 0.424 for the scaled PERCI TAM 450k and a cutoff of 0.4011
for the scaled PERCI Al 450k. P values were calculated using the log-rank test. Hazard Ratios (HR) and their 95%
Cls were estimated by an univariate proportional hazards regression. (c) Comparative clinical pathology of PERCI
450k low and high groups in the TCGA-BRCA sub-cohort. Statistical differences of variables were analyzed using
Fisher’s exact test with *, ** p-value < 0.05, 0.01.
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panel). A Kaplan-Meier plot exhibited excellent stratification of these subgroups of treatment-
naive cases. Patients in the PERCI TAM 450k low group had a favorable prognosis, as there
were no instances of disease progression within the span of 10 years (log-rank p value = 0.03,
Fig. 6b, upper panel). In addition, the PERCI TAM 450k low group had a significantly higher
number of cases with the ILBC subtype compared to the PERCI TAM 450k high group (p=0.032,

Fig. 6¢, Supp. Table S2, S6), confirming our observations in the validation cohort (Fig. 2h).

The PERCI Al 450k high group (Fig. 6a, right panel) consisted of 51 cases with a significantly
worse prognosis than low group, with a hazard ratio of 3.27 for disease progression (log-rank
p=0.038, Fig. 6b, lower panel). Cases in the PERCI Al 450k high group were younger (p=1.9e-
03) and had higher stages (p=0.026) and histologic grades (p=0.026) compared to the PERCI

Al 450k low group (Fig. 6c, Supp. Table S2, S6).

In conclusion, these data suggest that PERCI may not only be a predictor of primary endocrine

resistance but may also have prognostic value.

Discussion

The clinical definition of endocrine resistance implies progression or relapse of BC during
endocrine therapy over a period of six months to two years [39]. If a test for primary
endocrine resistance were available prior to initiation of endocrine therapy, inadequate
therapy could be avoided or substituted. Consequently, this study aimed to characterize and
compare molecular alterations associated with primary resistance to tamoxifen and
aromatase inhibitor treatment and to use these features to develop classifiers for predicting

treatment response and resistance.
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Biologically, primary endocrine resistance can be assessed by a diminished or absent
proliferative response of breast cancers to short-term preoperative endocrine therapy, as
evidenced by in situ detection of the strictly proliferation-associated nuclear Ki67 antigen
[9,12,40]. The considerable heterogeneity of luminal BC requires the analysis of a large
number of cases. Our study included a total of 634 patients and had greater power to detect
significant differences between response groups than earlier smaller studies using a similar
approach [41,42]. Our study design was unique as it used tumor tissue from a unique
prospective clinical trial (ADAPT) and different selection criteria for a discovery and a
validation cohort. More specifically, the discovery cohort included equal numbers of
responders and non-responders to pET, contrary to previous studies in this field [32,41]. In
addition, responders and non-responders were precisely matched for several
clinicopathologic characteristics to exclude confounding effects related to differences in
baseline tumor characteristics between responders and non-responders. For example, both
responders and non-responders had equal proportions of G3-differentiated BCs (Fig. 2a,
Supp. Table S1a). Thus, subsequent molecular analyses were informative of pET response
determinants and were not biased by dominant molecular features associated with G3
differentiation. In addition, the criteria for endocrine response and non-response were
particularly stringent (see selection criteria). In contrast, the validation cohort had more
relaxed selection criteria and was more representative of the patient populations
encountered in clinical practice (Fig. 2g-l, Supp. Table S1b). Therefore, in combination, our
study design was well suited for the identification of informative markers of pre-operative
treatment failure in the discovery cohort and their validation under representative clinical

conditions in the validation cohort.
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The mechanisms driving the development of primary endocrine therapy resistance can be
diverse [43]. To develop our Predictive Endocrine Resistance Indices (PERCI), we combined
clinico-pathologic data with data on significant recurrent genomic alterations and epigenetic
changes associated with pET resistance after three weeks of TAM or Al treatment. To select
the most informative features, we used a machine learning approach based on lasso
penalized logistic regression [44] (Fig. 5). For PERCI Al, the algorithm selected genomic
alterations in ERS1, FGFR2 and TP53, key cancer driver genes that were enriched in Al non-
responders, while PERCI TAM was based on a higher mutation frequency of ABCA13 in TAM

responders.

Somatic mutations linked with primary resistance are commonly detected through their
prevalence in metastatic lesions when compared to primary breast cancer [45]. Considerable
progress was achieved by the discovery of ESR1 mutations, which are only rarely found in
primary luminal cancers (<1%) but are enriched in up to 15%-30% of cases in metastatic
luminal cancers during adjuvant anti-endocrine therapy and lead to ligand-independent
autocrine growth of tumor cells. In our discovery cohort, we detected ESR1 mutations and
amplifications in 12% of Al non-responders, but in none of Al responders. Consistently,
Ferrando et al. detected ESR1 amplifications enriched in metastatic lesions of BC cases as
compared to primary tumors exclusively in patients treated with adjuvant Al, but not in TAM-
treated patients [46]. FGFR2 amplifications were also enriched predominantly in Al non-
responders. Mao et al. previously reported an increase in FGFR2 amplification in post-
resistance biopsies treated with ER-targeted therapy [47]. Enrichment in metastatic luminal
BC has also been demonstrated for TP53 mutations, with an incidence of more than 25% in

metastases [45]. As reported recently by us [15], our method to identify primary resistance
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by evaluating the lack of proliferative response of breast cancer to short-term endocrine
therapy revealed TP53 to be the most commonly mutated gene associated with therapy
failure in the discovery cohort (avg. mutation rate of 15%)(Fig. 3c). These findings were
confirmed for both treatment regimens in the validation cohort (Fig. 3d). These results
suggest that the two approaches to assessing mechanisms of endocrine resistance yield
overlapping information and support the relevance of these RGA as features in PERCI. In line
with this, Gellert et al. reported reduced suppression of Ki67 within the poor responder group
for TP53 mutant tumors in ER-positive BC treated with Al for 2 weeks [41]. As TP53 mutations
lead to aberrant nuclear accumulation of the mutant p53 protein [48], p53 IHC may

potentially be used as a surrogate marker for endocrine resistance in a clinical setting [36].

In contrast to the genomic alterations included in PERCI Al, mutations in ABCA13 (ATP Binding
Cassette Subfamily A Member 13), which were included as a feature in PERCI TAM, indicated
better response to treatment (Fig. 3c). ABC transporters, such as ABCA13, contribute to the
development of therapy resistance by ATP-dependent drug efflux [49]. Therefore,
inactivation through point mutations could potentially enhance therapy response. Gellert et
al. reported a slightly elevated (but statistically insignificant) prevalence of ABCA13 mutations

in patients responsive to Al treatment [41].

Another interesting gene with mutations enriched in the TAM responder group, which was
not included in PERCI TAM, is CBFB (Core-Binding Factor Subunit Beta) (Fig. 3c,d). The CBFB
gene encodes the RUNX transcriptional coregulator CBF, which has an important function in
transcriptional and translational regulation [32,50]. With a frequency of 17.9% and 22.2% of
CBFB mutations in the discovery and validation cohorts, our results showed a significant

increase in splicing and frameshift mutations compared to TAM non-responders (Fig. 3c,d).
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Consistently, a recent analysis of CBFB mutation patterns in two large breast cancer cohorts
(METABRIC, TCGA-BRCA) concluded that CBFB mutations are associated with improved
survival in HR+/HER2- patients [51], although the underlying mechanisms are not completely

understood [52].

In addition to genomic alterations and age, PERCI TAM and PERCI Al included DNA
methylation differences between responders and non-responders and epigenetically
informed cell type composition (Fig. 4,5). CpG sites selected for PERCI TAM were mainly lower
methylated in TAM non-responders. Global methylation loss in large regions of
heterochromatin represents one of the hallmarks of cancer epigenomes and is mediated by
increased cell proliferation [27,37]. In contrast, cg16766325 in the SPRY2 promoter region
was hypermethylated in TAM non-responders, indicative of SPRY2 downregulation (Supp.
Table S5). SPRY2 inhibits cell proliferation by acting as a feedback inhibitor of the RAS-MAPK
pathway downstream of FGF/FGFR [53], and loss of SPRY2 expression was recently shown to
promote cancer-associated fibroblast activation and BC progression [54]. In line with these
findings, KRAS signaling, apical cell-cell junctions, and epithelial-mesenchymal transition
(EMT) were identified as the most enriched gene sets associated with differential methylation

in the TAM group (Supp. Fig. S3) and might promote TAM resistance [43,55,56].

The DNA methylome associated with Al resistance was characterized by a predominant gain
in methylation, in contrast to the prominent loss of methylation observed in TAM non-
responders. Accordingly, Al DMS included as features in PERCI Al were mostly
hypermethylated in Al non-responders. Interestingly, for a subset of these hypermethylated
genes methylation positively correlated with gene expression. Many of these

hypermethylated, upregulated genes belonged to the family of developmental transcription
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factors [57] and have been previously implicated in breast cancer etiology and the
development of endocrine resistance [58], including GATA2 [59], HOXC4 [60], HOXB13 [61],
HOXC13 [62], MNX1 [63], OTX1 [64], PAX7, SOX2 [65] and WT1 [66]. Notably, one of the 12
Al DMSs associated with HOXC4 was included in both Al models. Consistent with our findings,
HOXC4 hypermethylation was identified as a biomarker of endocrine resistance in a study
analyzing a small subset of 31 TCGA-BRCA cases that had received endocrine therapy [67]. In
addition, the authors identified epithelial-stromal interaction 1 (EPSTI1) promoter
hypermethylation associated with endocrine resistance, and two Al DMSs (cg01536987,
€g22905097) overlapped with the differentially methylated region identified in this previous
study. EPSTI1 is overexpressed in aggressive breast cancer and may confer breast
stem/progenitor cell properties [68]. In our study, we detected weak inverse correlation of
cg01536987 methylation with gene expression in the TCGA-BRCA sub-cohort (Supp. Table

S5).

Gene set overrepresentation analyses indicated that Al-DMS-associated genes were enriched
in gene sets related to hypoxia [69] and estrogen response (Supp. Fig. S3d). These findings
suggest that resistance to Al therapy may be due to an altered response to hypoxic conditions.
In a previous report by Oshi et al., three months of neoadjuvant Al was shown to reduce
expression of hypoxia-inducible factor-1 (HIF-1), a master regulator of oxygen homeostasis
[70]. Oshi et al. also linked low expression of early estrogen response genes to a reduced
response to endocrine therapy [70]. Consistent with these findings, Jeong et al. demonstrated
that re-expression of the epigenetically silenced early estrogen response gene ELOVL2
rescued its downstream signaling and TAM sensitivity in TAM-resistant MCF7 cells and in a

xenograft mouse model [71]. In our study, cg14153064 located in the promoter region of
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ELOV2 was significantly hypermethylated in Al non-responders (Supp. Table S5).

Given that DNA methylation is a stable epigenetic mark of cellular identity [72], we used
reference DNA methylomes to infer bulk tumor and tumor microenvironment composition.
As experimental validation, we observed high correlation of bioinformatically-estimated
tumor-infiltrating lymphocytes (TIL) proportions with pathologically-determined TIL levels in
both cohorts (Supp. Fig. S3). Proportions of normal and tumor epithelial cells, immune cells,
and endothelial cells, were selected as features of PERCI Al. The proportions of normal and
tumor epithelial and immune cells did not differ between responders and non-responders
and had only minor contributions to the model. However, because bulk methylation values
are affected by tumor purity and tumor purity thus indirectly affected PERCI scores, samples
with high normal and tumor epithelial cell content (and conversely low immune cell content)
had the lowest and highest PERCI Al scores in the responder and non-responder groups,
respectively. We also noticed that samples with TP53 mutations seemed to be enriched in

immune cells, indicating that there might be some interaction between features.

A limitation to the use of our classifiers in clinical settings may be sample size, quality of DNA
from FFPE tissue, or instrumentation and budget constraints that limit the generation of high-
qguality NGS data to identify mutation status for the genes included in the classifiers [73]. To
circumvent this potential limitation, we generated a simplified version of PERCI, PERCI 450k,
based only on DNA methylation and age (Supp. Figure $6). The feasibility of using DNA
methylation as a cost-effective classifier in clinical samples has been demonstrated in brain
tumors [74], where methylation-based profiling has now been incorporated into the WHO
classification of central nervous system tumors [75]. In our cohorts, PERCI 450k performed as

well as or better than PERCI in stratifying responders and non-responders, with ROC AUCs
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above 80% even in the validation cohort (Table 1). In addition, PERCI 450k showed promise

as a prognostic marker in predicting progression-free survival in the TCGA-BRCA sub-cohort

(Fig. 6).

Conclusions

This study has shown that the cellular pathways of endocrine resistance to TAM and Al are

affected by distinct genetic and epigenetic alterations. The delineation of differences

between the mechanisms of endocrine resistance between the two mainstays of standard

endocrine therapy in BC opens the perspective of overcoming it by switching from one drug

to the other. PERCI as a biomarker of endocrine resistance can be readily used for risk

stratification in future therapeutic trials in BC.
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Supplementary Fig. S1. Endocrine therapy-induced changes in histologic grade from baseline to post-pET in the
discovery (a) and validation cohort (b). Statistical differences tested using Chi-squared test with p-value **** <
0.0001.
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Supplementary Fig. S2. Correlations of clinical features with TME components, PERCI scores and mutations.
Spearman correlation coefficients were calculated between selected features in the discovery (a) and validation
cohort (b) for the TAM and Al groups. Correlations are indicated by a color gradient from purple (rho = -1) to
green (rho = 1). (c,d) Kendall correlation for ordinal clinical data and mutation counts in the (c) discovery cohort,
(d) validation cohort for the TAM and Al groups. Only results with statistically significant differences between
response groups are shown (two-tailed test of significance which compares the observed value of correlation
coefficient to its expected value under the null hypothesis (no correlation between the two variables), fdr-
corrected p-value < 0.01).
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Supp. Fig. S3: pET resistance-related alterations in the methylome and tumor microenvironment. (a) Density
plots of mean methylation beta values of responder vs. non-responder groups (blue dots) for TAM- (upper panel)
and Al-treated cases (lower panel) in the discovery cohort. Differentially methylated CpG sites (DMS) with a 10%
methylation difference between R and NR (p < 0.005, limma) are highlighted in red (TAM: n=472 DMS, Al: n=435
DMS). Numbers of DMS with loss (NR < R) and gain in methylation in the NR group (NR > R) are indicated in the
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corners. (b) Density plots of mean methylation beta values of R vs. NR groups (blue dots) for TAM- (upper panel)
and Al-treated cases (lower panel) in the validation cohort. DMS from (a) with a 5% methylation difference
between R and NR (p < 0.05, limma) are highlighted in red (TAM: n=328 DMS, Al: n=174 DMS). (c) Percentage of
DMS, split in hypo- and hypermethylated in NR, overlapping with chromatin regions derived from ChromHMM
analyses of MCF7 cells (upper: TAM, lower: Al). (d) GSEA overrepresentation analysis of genes associated with
TAM-DMS (upper) and AI-DMS (lower) in MSigDB hallmark gene sets. (e) Scatter plot depicting percentage of
stromal TILs quantified by visual assessment on routine hematoxylin and eosin (H&E)-stained slides (PaTILs) vs.
percentage of methylation-derived TILs (MeTILs, sum of CD4+, CD8+, B cell and NK cell percentages). Spearman's
rank correlation coefficient rho and p-value for the correlation between both methods is indicated. (f,g) Boxplots
of major immune cell fractions calculated from methylation data using the reference-based Houseman algorithm
(Methods) in the discovery (f) and validation cohort (g). R and NR groups per pET were compared using Wilcoxon
test with *, ** *** fdr-adjusted p-value < 0.05, 0.01, 0.001.

46



Sensitivity (%)
0 20 40 60 80 100

Sensitivity (%)
0 20 40 60 80 100

Sensitivity (%)
0 20 40 60 80 100

Sensitivity (%)
0 20 40 60 80 100

Sensitivity (%)
20 40 60 80 100

Sensitivity (%)

Sensitivity (%)
0 20 40 60 80 100

0

20 40 60 80 100

0

cg04286030 cg16177573
g
SE
29
= o
=
g s
f=
$ R
o AUC: 65.7% & AUC: 68.1%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 O
Specificity (%) Specificity (%)
€g09228095 o 914226755

8
g8
; (=]
= o
=
g
=
L o
S8
AUC: 71.2% - AUC: 70.0%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 O
Specificity (%) Specificity (%)
€g21184216 5 ¢g06129427

8
ISE:
>0
i — -]
=
g
f =
3 <
AUC: 67.3% & AUC: 68.0%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 O
Specificity (%) Specificity (%)
¢g01838965 cg17256711

g
£8
238
=
g
=4
$ R
AUC: 72.0% ° AUC: 68.9%

T T T T T T T T T T T T
100 80 60 40 20 0 100 80 60 40 20 O
Specificity (%) Specificity (%)
cg15042080 o cg02323003

8
IS
238
=
[=4
$ 8
AUC: 67.1% g AUC: 70.8%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 O
Specificity (%) Specificity (%)
cg18396984 cg01719405

g
£s8
28
=
3 S
=
$ R
n AUC: 63.2% el AUC: 66.0%
T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 O
Specificity (%) Specificity (%)
Age Endothelial cells
§
IS
238
=
ge
=
3R
AUC: 61.6% ° AUC: 61.6%

T4 L I T

100 80 60 40 20
Specificity (%)

=]

T T T T T T
100 80 60 40 20 O
Specificity (%)

Sensitivity (%) Sensitivity (%) Sensitivity (%) Sensitivity (%)
0 20 40 60 80 100

0 20 40 60 80 100

Sensitivity (%)
20 40 60 80 100

Sensitivity (%)

20 40 60 80 100

0

20 40 60 80 100

0

0

20 40 60 80 100

0

€g05444966

| AUC: 67.3%
T T

T T
100 80 60 40 20
Specificity (%)

€g23192683

T
0

AUC: 66.3%

T T T T T
100 80 60 40 20

Specificity (%)
©g19843353

T
0

AUC: 65.4%

T L
100 80 60 40 20

Specificity (%)
¢g03889993

T
0

AUC: 65.4%

T T T T T
100 80 60 40 20
Specificity (%)

cg07761546

T
0

AUC: 67.3%

T T T T T
100 80 60 40 20

Specificity (%)
€g21285193

T
0

! AUC: 69.0%
T T T T T

100 80 60 40 20
Specificity (%)

T
0

Sensitivity (%) Sensitivity (%) Sensitivity (%) Sensitivity (%)
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100

Sensitivity (%)

Sensitivity (%)

20 40 60 80 100

0

20 40 60 80 100

0

20 40 60 80 100

0

0

cg17329648 ¢g01555579
g
gs
> 9
= o
=
g
| =
3R
A AUC: 65.7% & AUC: 66.3%

T T T T T T T T T ] T T
100 80 60 40 20 O 100 80 60 40 20 O
Specificity (%) Specificity (%)
¢g06673130 o €g10068219

8
£s
; (=1
= o
=
g
(=4
SR
B AUC: 69.3% ° AUC: 66.0%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 0
Specificity (%) Specificity (%)
cg13767447 cg15332750

§
£s
>0
b -]
=
G 9
c
$ =
AUC: 66.8% % AUC: 68.5%

T T T T T T ¥ T T T T T
100 80 60 40 20 O 100 80 60 40 20 0
Specificity (%) Specificity (%)
924889122 €g12188528

§
gs
28
2
G 9
c
L o
S8
AUC: 67.7% ° AUC: 66.4%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 0
Specificity (%) Specificity (%)
€g23752828 cg16766325

§
gs
>0
=l
=
%
|
38
AUC: 66.7% 5 AUC: 67.6%

T T T T T T T T T T T T
100 80 60 40 20 O 100 80 60 40 20 0
Specificity (%) Specificity (%)
©g23494319 ABCA13

§
S
28
2
G 9
=4
L o
&8
AUC: 65.5% AUC: 54.8%

T T T T T
100 80 60 40 20

Specificity (%)

T
0

T L L

100 80 60 40 20 0
Specificity (%)

Supp. Fig. S4: ROC AUC of all predictors of PERCI TAM. Area under the receiver operating characteristic curve
(AUC) of the full model (upper left) and the individual predictors of PERCI TAM in the TAM discovery cohort. The

x-axis shows the specificity, while the y-axis shows the sensitivity.
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Supp. Fig. S5: ROC AUC of all predictors of PERCI Al. Area under the receiver operating characteristic curve
(AUC) of the full model (upper left) and the individual predictors of PERCI Al in the Al discovery cohort. The x-
axis shows the specificity, while the y-axis shows the sensitivity.
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Supp. Fig. S6: Performance of PERCI TAM 450k and PERCI Al 450k in the discovery and validation cohorts. (a)
Heatmap of methylation z-scores of age and selected CpG sites to build PERCI TAM 450k (left panel) and PERCI
Al 450k (right panel). (b) Analysis of the performance of PERCI 450ks in the discovery and validation cohorts by
area under the receiver operating characteristic curve (AUC). The x-axis shows specificity and the y-axis shows
sensitivity. AUC with 95% confidence intervals.
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Supplementary Table S1a. Clinico-pathologic characteristics of the discovery cohort

age
<50
50-59
> 60

histology, baseline

NST
ILBC

pT stage
pT1
pT2
pT3
pT4

pN stage
pNO
pN1+

grade, baseline
G1
G2
G3

grade, post-pET
G1
G2
G3

ER, baseline
> 10%
<10%
n.a.

ER, post-pET
> 10%
<10%

PR, baseline
>10%
<10%

PR, post-pET
>10%
<10%

HER2, baseline
IHC 0/1+

IHC 2+, FISH-neg
IHC 2+, FISH-n.a.
IHC 2+, FISH-pos©

IHC 3+¢
HER2, post-pET
IHC 0/1+

IHC 2+, FISH-neg
IHC 2+, FISH-n.a.
IHC 2+, FISH-pos©
IHC 3+¢

All

n=364
n (%)

116 (32%)
133 (36%)
115 (32%)

324 (89%)
40 (11%)

244 (67%)
118 (32%)
2 (1%)

0

342 (94%)
22 (6%)

20 (6%)
198 (54%)
146 (40%)

36 (10%)
214 (59%)
114 (31%)

358 (98%)
4 (1%)
2 (1%)

358 (98%)
6 (2%)

305 (84%)
59 (16%)

246 (68%)
118 (32%)

311 (85%)
49 (13%)
1(0%)

3 (1%)

0

268 (74%)
95 (26%)
0

0

1(0%)

TAM
. Non-

Responder e
n=107 n=107
n (%) n (%)
49 (46%) 62 (58)
47 (44%) 43 (40%)
11 (10%) 2 (2%)
92 (86%) 92 (86%)
15 (14%) 15 (14%)
71 (66%) 71 (66%)
35 (33%) 35 (33%)
1(1%) 1(1%)
0 0

102 (95%) 102 (95%)

5 (5%) 5 (5%)
7 (7%) 7 (7%)
73 (68%) 73 (68%)
27 (25%) 27 (25%)

23 (21%) 0

84 (79%) 46 (46%)
0 61 (57%)
106 (99%) 107 (100%)
1 (1%) 0

0 0

106 (99%) 107 (100%)
1 (1%) 0

101 (94%) 96 (90%)
6 (6%) 11 (10%)
95 (89%) 95 (89%)
12 (11%) 12 (11%)
92 (86%) 90 (84%)
14 (13%) 15 (14%)
0 1 (1%)

1 (1%) 1 (1%)

0 0

83 (78%) 77 (72%)
24 (22%) 29 (27%)
0 0

0

0 1 (1%)

Al

. Non-
Responder e
n=75 n=75
n (%) n (%)
0 5 (7%)
9 (12%) 34 (45%)
66 (88%) 36 (48%)
70 (93%) 70 (93%)
5 (7%) 5 (7%)
51 (68%) 51 (68%)
24 (32%) 24 (32%)
0 0
0 0
69 (92%) 69 (92%)
6 (8%) 6 (8%)
2 (3%) 2 (3%)
27 (36%) 27 (36%)
46 (61%) 46 (61%)
13 (17%) 0
62 (83%) 22 (29%)
0 53 (71%)
74 (99%) 71 (95%)
0 3 (4%)
1 (1%) 1 (1%)
75 (100%) 70 (93%)
0 5 (7%)
57 (76%) 51 (68%)
18 (24%) 24 (32%)
24 (32%) 32 (43%)
51 (68%) 43 (57%)
66 (88%) 63 (84%)
8 (11%) 12 (16%)
0 0
1(1%) 0
0 0
49 (65%) 59 (79%)
26 (35%) 16 (21%)
0 0
0 0
0 0

Pram Pai

0.023 1.6e-05

0.566 1

0.137 NA

1.6e-15 9.6e-13

1 0.134
1 0.074
0.302 0.377
1 0.201
1d 0.502¢
0.551¢ 0.144¢
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E-cadherin, baseline 0.855¢ 1¢

pos. 317 (87%) 90 (84%) 90 (84%) 68 (91%) 69 (92%)
neg. 44 (12%) 17 (16%) 15 (14%) 6 (8%) 6 (8%)
n.a. 3 (1%) 0 2 (2%) 1(1%) 0
E-cadherin, post-pET 0.855¢ 0.724¢
poS. 314 (86%) 90 (84%) 89 (83%) 67 (89%) 68 (91%)
neg. 44 (12%) 17 (16%) 15 (14%) 5 (7%) 7 (9%)
n.a. 6 (2%) 0 3 (3%) 3 (4%) 0
Ki67, baseline 0.495 NA
0% - 9% 21 (6%) 10 (9%) 7 (7%) 2 (3%) 2 (3%)
10% - 19% 101 (28%)  31(29%) 42 (39%) 15 (20%) 13 (17%)
20% - 34% 205 (56%)  61(57%) 51 (47%) 44 (58%) 49 (65%)
35% - 100% 37 (10%) 5 (5%) 7 (7%) 14 (19%) 11 (15%)
Ki67, post-pET 3.6e-05 2.2e-05
0% - 9% 182 (50%) 107 (100%) O 75(100%) O
10% - 19% 0 0 0 0 0
20% - 34% 143 (39%) 0 88 (82%) 0 55 (73%)
35% - 100% 39 (11%) 0 19 (18%) 0 20 (27%)
Luminal Subtype¢, baseline 0.2 1
LumA 268 (74%) 96 (90%) 87 (81%) 42 (57%) 42 (56%)
LumB 96 (26%) 11 (10%) 20 (19%) 32 (43%) 33 (44%)
Oncotype DX RS Group, baseline 0.3 NA
1(0-11) 78 (21%) 30(28%) 30 (28%) 9 (12%) 9 (12%)
2 (12 -25) 208 (57%) 68 (64%) 68 (64%) 36 (48%) 36 (48%)
3 (26 - 100) 78 (21%) 9 (8%) 9 (8%) 30 (40%) 30 (40%)

Unless otherwise stated, the values are given in the format n (%), with n corresponding to the number of patients. The
McNemar's chi-squared test for symmetry were used for statistical analysis between the matched pairs of Responder and
Non-Responder. Significant differences are highlighted in bold. “NA” for the exact matched pairs therefore the p value is
not available.

n.a. not available, ER estrogen receptor, PR progesterone receptor, pET preoperative endocrine therapy, RS recurrence
score, TAM tamoxifen, Al aromatase inhibitors.

Case selection of the discovery cohort was done in a way that responders and non-responders were balanced for pT, pN,
grade (baseline), histological type (baseline and post-pET), and RS group (“matching” to exclude confounding effects by
dissimilar histological grades in R and NR).

a: Responder was defined as post-pET Ki67 < 10% and relative Ki67 decrease of > 70% from baseline to post-pET.

b: Non-reponder was defined as post-pET Ki67 of > 20% and relative Ki67 decrease of > 20% from baseline to post-pET.
c: HER2-positivity in a minor subclone of <10% of tumor cells; not HER2-positive according to ASCO/CAP-Guidelines [76].
d: Comparison only between the first two category groups.

e: Luminal A: Ki67 baseline < 35% and PR baseline > 20%, Luminal B: Ki67 baseline > 35% and PR baseline < 20%

51


https://paperpile.com/c/1OvF9r/zfYyl

Supplementary Table S1b. Clinico-pathologic characteristics of the validation cohort

All TAM Al
Non- Non-
Responder?® e Responder?® ST
n=270 n=75 n=80 n=67 n=48 Pram Pai
n (%) n (%) n (%) n (%) n (%)
age 2.4e-03 0.692
<50 97 (36%) 35 (47%) 59 (74%) 2 (3%) 1(2%)
50-59 83 (31%) 34 (45%) 18 (22%) 16 (24%) 15 (31%)
260 90 (33%) 6 (8%) 3 (4%) 49 (73%) 32 (67%)
histology, baseline 3.0e-07 0.666
NST 222 (82%) 48 (64%) 77 (96%) 57 (85%) 40 (85%)
ILBC 41 (15%) 22 (29%) 2 (3%) 10 (15%) 7 (15%)
Others® 7 (3%) 5 (7%) 1(1%) 0 1(2%)
pT stage 0.017 0.816
pT1 145 (54%) 43 (57%) 39 (49%) 38 (57%) 25 (52%)
pT2 113 (42%) 27 (36%) 40 (50%) 26 (39%) 20 (42%)
pT3 8 (3%) 5 (7%) 0 2 (3%) 1 (2%)
pT4 4 (1%) 0 1(1%) 1(1%) 2 (4%)
pN stage 0.390 0.206
pNO 226 (84%) 60 (80%) 69 (86%) 59 (88%) 38 (79%)
pN1+ 44 (16%) 15 (20%) 11 (14%) 8 (12%) 10 (21%)
grade, baseline 7.5e-04 1.7e-03
G1 22 (8%) 14 (19%) 4 (5%) 3 (4%) 0
G2 143 (53%) 51 (68%) 48 (60%) 33 (49%) 11 (23%)
G3 106 (39%) 10 (13%) 28 (35%) 31 (47%) 37 (77%)
grade, post-pET 5.2e-23 3.2e-17
G1 33 (12%) 16(21%) 0 17 (25%) 0
G2 146 (54%) 58 (77%) 24 (30%) 49 (73%) 15 (31%)
G3 91 (34%) 1(1%) 56 (70%) 1(2%) 33 (69%)
ER, baseline 0.497 1
>10 266 (99%) 75 (100%) 78 (98%) 66 (99%) 47 (98%)
<10 4 (1%) 0 2 (2%) 1(1%) 1(2%)
ER, post-pET 0.611 1
>10 266 (99%) 73 (97%) 79 (99%) 66 (99%) 48 (100%)
<10 4 (1%) 2 (3%) 1 (1%) 1 (1%) 0
PR, baseline 0.133 0.012
>10 227 (84%) 72 (96%) 71 (89%) 55 (82%) 29 (60%)
<10 43 (12%) 3 (4%) 9 (11%) 12 (18%) 19 (40%)
PR, post-pET
>10 167 (62%) 67 (89%) 69 (86%) 23 (34%) 8 (17%) 0.629 0.054
<10 103 (38%) 8 (11%) 11 (14%) 44 (66%) 40 (83%)
HER2, baseline
IHC 0/1+ 242 (90%) 68 (91%) 72 (90%) 59 (88%) 43 (90%) 1¢ 1¢
IHC 2+, FISH-neg 28 (10%) 7 (9%) 8 (10%) 8 (12%) 5 (10%)
IHC 2+, FISH-n.a. 0 0 0 0 0
IHC 2+, FISH-pos? 0 0 0 0 0
IHC 3+¢ 0 0 0 0 0
HER2, post-pET 0.573¢ 0.371¢
IHC 0/1+ 208 (77%) 56 (75%) 63 (79%) 54 (81%) 35 (73%)
IHC 2+, FISH-neg 62 (23%) 19 (25%) 17 (21%) 13 (19%) 13 (27%)
IHC 2+, FISH-n.a. 0 0 0 0 0
IHC 2+, FISH-pos® 0 0 0 0 0
IHC 3+¢ 0 0 0 0 0
E-cadherin, baseline 1.2e-05¢ 0.761°¢
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pos. 218 (81%)

neg. 44 (16%)

n.a. 8 (3%)
E-cadherin, post-pET

pos. 218 (81%)

neg. 49 (18%)

n.a. 3 (1%)
Ki67, baseline

0-9 22 (8%)

10-19 103 (38%)

20-34 83 (31%)

35-100 63 (23%)

Ki67, post-pET

0-9 142 (53%)

10-19 0

20-34 87 (32%)

35-100 41 (15%)

Luminal Subtypef, baseline

LumA 175 (65%)

LumB 95 (35%)
Oncotype DX RS Group, baseline

1(0-11) 57 (21%)

2 (12 -25) 156 (58%)

3 (26 — 100) 57 (21%)

50 (67%)
22 (29%)
3 (4%)

50 (67%)
24 (32%)
1(1%)

12 (16%)
52 (69%)
10 (13%)
1(1%)

75 (100%)
0
0
0

70 (93%)
5(7%)

31 (41%)
41 (55%)
3 (4%)

73 (94%)
6 (4%)
1(2%)

73 (91%)
6 (8%)
1 (1%)

0
36 (45%)
35 (44%)
9 (11%)

0
0
46 (58%)
34 (42%)

62 (78%)
18 (22%)

5 (6%)
56 (70%)
19 (24%)

55 (82%)
11 (16%)
1(2%)

53 (79%)
13 (19%)
1(2%)

10 (15%)
13 (19%)
25 (37%)
19 (28%)

67 (100%)
0
0
0

37 (55%)
30 (44%)

20 (30%)
43 (64%)
4 (6%)

38 (79%)
8 (17%)
2 (4%)

42 (88%)
6 (12%)
0

0
2 (4%)
12 (25%)
34 (71%)

0

0

41 (85%)
7 (15%)

6 (13%)
42 (87%)

1(2%)
16 (33%)
31 (65%)

1.7e-04¢

1.2e-07

NA

6.2e-03

1.9e-08

0.516¢

2.1e-05

NA

2.1e-06

2.1e-12

Unless otherwise stated, the values are given in the format n (%), with n corresponding to the number of patients. For the
statistical analysis between the Responder and Non-Responder groups, Fisher's exact test was used. Significant differences

are highlighted in bold. “NA” indicates data with clear separation therefore the p value is not available.

n.a. not available, ER estrogen receptor, PR progesterone receptor, pET preoperative endocrine therapy, RS recurrence
score, TAM tamoxifen, Al aromatase inhibitors.
Case selection criteria in the validation cohort were made less strict and no matching between NR and R.
a: Responder was defined as post-pET Ki67 <10%.

b: Non-reponder was defined as post-pET Ki67 of > 20%.
c: Others: Tubulary, Medullary, Mucinous.

d: HER2-positivity in a subclone <10% of tumor cells. not HER2-positive according to ASCO/CAP-Guidelines [76]
e: Comparison only between the first two category groups.
f: Luminal A: Ki67 baseline < 35% and PR baseline > 20%, Luminal B: Ki67 baseline 2 35% and PR baseline < 20%
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Supplementary Table S2. Clinico-pathologic features of the TCGA-BRCA sub-cohort
Al-like

Age
<50
50-59
> 60
Menopause
Pre
Post
Histology
NST
ILBC
pT Stage
pT1l
pT2
pT3
pT4
pN Stage
pNO
pN1+
Grade
Gl
G2
G3
NA
ER
Positive
Negative
PR
Positive
Negative
Indeterminate
HER2
Negative
Equivocal®
Positive

All

n=269
n (%)

73 (26%)
78 (30%)
118 (44%)

75 (28%)
194 (72%)

190 (71%)
79 (29%)

77 (29%)
156 (58%)
35 (13%)
1 (0%)

126 (47%)
143 (53%)

74 (27%)
123 (46%)
57 (21%)
15 (6%)

269 (100%)
0

228 (85%)
40 (15%)
1 (0%)

193 (72%)
76 (28%)
0

TAM-like
PERCI PERCI
TAM 450k TAM 450k
low high
n=26 n=49
n (%) n (%)
19 (73%) 42 (86%)
7 (27%) 7 (14%)
0 0

26 (100%)
0

15 (58%)
11 (42%)

3 (12%)
17 (65%)
6 (23%)
0

12 (46%)
14 (54%)

8 (31%)
15 (58%)
3 (11%)
0

26 (100%)
0

22 (85%)
4 (15%)
0

17 (65%)
9 (35%)
0

Progression-free survival (PFS) status®

0
1

247 (92%)
22 (8%)

26 (100%)
0

49 (100%)
0

40 (82%)
9 (18%)

10 (21%)
32 (65%)
7 (24%)
0

17 (35%)
32 (65%)

10 (21%)
24 (49%)
13 (26%)
2 (4%)

49 (100%)
0

42 (86%)
7 (14%)
0

37 (76%)
12 (24%)
0

39 (80%)
10 (20%)

PERCI
Al 450k
low
n=143
n (%)

6 (4%)
40 (28%)
97 (68%)

0
143 (100%)

96 (67%)
47 (33%)

55 (38%)
72 (50%)
15 (11%)
1(1%)

71 (50%)
72 (50%)

49 (34%)
59 (41%)
27 (19%)
8 (6%)

143 (100%)
0

123 (86%)
19 (13%)
1 (1%)

107 (75%)
36 (25%)
0

137 (96%)
6 (4%)

PERCI
Al 450k
high
n=51

n (%)

Pramiike  Pailiike

0.22 1.9e-03
6 (12%)

24 (47%)

21 (41%)

0
51 (100%)
0.032 0.287
39 (76%)
12 (24%)
0.458 0.026
9 (18%)
35 (68%)
7 (14%)
0

26 (51%)
25 (49%)
0.314 0.026
7 (14%)
25 (49%)
14 (28%)
5 (10%)

51 (100%)
0
1 0.528
41 (80%)
10 (20%)
0
0.421° 0.107°
32 (63%)
19 (37%)
0
0.012 0.084
45 (88%)
6 (12%)

Unless otherwise stated, the values are given in the format n (%), with n corresponding to the number of patients. For

statistical analysis between the PERCI TAM/AI low and PERCI TAM/AI high, Fisher’s exact test (FET) was used. Significant
differences are highlighted in bold.
ER estrogen receptor, PR progesterone receptor, PFS progression-free survival.
a: Her2 equivocal was defined in TCGA either with scores of 2+ in the immunohistochemistry (IHC) assay or with a
HER2/CEP17 ratio between 1.8 and 2.2 in Fluorescence in situ hybridization (FISH).
b: Comparison only between the first two category groups.
c: O censored, 1 progression

54



References

1.

10.

11.

Normanno N, Di Maio M, De Maio E, De Luca A, de Matteis A, Giordano A, et al.
Mechanisms of endocrine resistance and novel therapeutic strategies in breast cancer.
Endocr Relat Cancer. 2005;12: 721-747. doi:10.1677/erc.1.00857

Toy W, Shen Y, Won H, Green B, Sakr RA, Will M, et al. ESR1 ligand-binding domain
mutations in hormone-resistant breast cancer. Nat Genet. 2013;45: 1439-1445.
doi:10.1038/ng.2822

Schiavon G, Hrebien S, Garcia-Murillas |, Cutts RJ, Pearson A, Tarazona N, et al. Analysis
of ESR1 mutation in circulating tumor DNA demonstrates evolution during therapy for
metastatic breast cancer. Sci Transl Med. 2015;7: 313ral82.
doi:10.1126/scitranslmed.aac7551

Bartels S, Christgen M, Luft A, Persing S, Jodecke K, Lehmann U, et al. Estrogen receptor
(ESR1) mutation in bone metastases from breast cancer. Mod Pathol. 2018;31: 56—61.
doi:10.1038/modpathol.2017.95

Fan M, Yan PS, Hartman-Frey C, Chen L, Paik H, Oyer SL, et al. Diverse gene expression
and DNA methylation profiles correlate with differential adaptation of breast cancer cells
to the antiestrogens tamoxifen and fulvestrant. Cancer Res. 2006;66: 11954-11966.
doi:10.1158/0008-5472.CAN-06-1666

Magnani L, Stoeck A, Zhang X, Lanczky A, Mirabella AC, Wang T-L, et al. Genome-wide
reprogramming of the chromatin landscape underlies endocrine therapy resistance in
breast cancer. Proc Natl Acad Sci U S A. 2013;110: E1490-9.
doi:10.1073/pnas.1219992110

Stone A, Zotenko E, Locke WJ, Korbie D, Millar EK, Pidsley R, et al. DNA methylation of
oestrogen-regulated enhancers defines endocrine sensitivity in breast cancer. Nat
Commun. 2015;6: 7758. doi:10.1038/ncomms8758

Wang N, Ma T, Yu B. Targeting epigenetic regulators to overcome drug resistance in
cancers. Signal Transduct Target Ther. 2023;8: 69. doi:10.1038/s41392-023-01341-7

Kreipe H, Harbeck N, Christgen M. Clinical validity and clinical utility of Ki67 in early breast
cancer. Ther Adv Med Oncol. 2022;14: 17588359221122725.
doi:10.1177/17588359221122725

Ellis MJ, Suman VJ, Hoog J, Goncalves R, Sanati S, Creighton CJ, et al. Ki67 Proliferation
Index as a Tool for Chemotherapy Decisions During and After Neoadjuvant Aromatase
Inhibitor Treatment of Breast Cancer: Results From the American College of Surgeons
Oncology Group Z1031 Trial (Alliance). J Clin Oncol. 2017;35: 1061-1069.
d0i:10.1200/JC0.2016.69.4406

Dowsett M, Smith IE, Ebbs SR, Dixon JM, Skene A, A’'Hern R, et al. Prognostic value of Ki67
expression after short-term presurgical endocrine therapy for primary breast cancer. J
Natl Cancer Inst. 2007;99: 167—-170. doi:10.1093/jnci/djk020

55


http://paperpile.com/b/1OvF9r/kMHNV
http://paperpile.com/b/1OvF9r/kMHNV
http://paperpile.com/b/1OvF9r/kMHNV
http://dx.doi.org/10.1677/erc.1.00857
http://paperpile.com/b/1OvF9r/FjfKe
http://paperpile.com/b/1OvF9r/FjfKe
http://paperpile.com/b/1OvF9r/FjfKe
http://dx.doi.org/10.1038/ng.2822
http://paperpile.com/b/1OvF9r/iqByk
http://paperpile.com/b/1OvF9r/iqByk
http://paperpile.com/b/1OvF9r/iqByk
http://paperpile.com/b/1OvF9r/iqByk
http://dx.doi.org/10.1126/scitranslmed.aac7551
http://paperpile.com/b/1OvF9r/jPA7b
http://paperpile.com/b/1OvF9r/jPA7b
http://paperpile.com/b/1OvF9r/jPA7b
http://dx.doi.org/10.1038/modpathol.2017.95
http://paperpile.com/b/1OvF9r/C1vRB
http://paperpile.com/b/1OvF9r/C1vRB
http://paperpile.com/b/1OvF9r/C1vRB
http://paperpile.com/b/1OvF9r/C1vRB
http://dx.doi.org/10.1158/0008-5472.CAN-06-1666
http://paperpile.com/b/1OvF9r/dXmRb
http://paperpile.com/b/1OvF9r/dXmRb
http://paperpile.com/b/1OvF9r/dXmRb
http://paperpile.com/b/1OvF9r/dXmRb
http://dx.doi.org/10.1073/pnas.1219992110
http://paperpile.com/b/1OvF9r/986xt
http://paperpile.com/b/1OvF9r/986xt
http://paperpile.com/b/1OvF9r/986xt
http://dx.doi.org/10.1038/ncomms8758
http://paperpile.com/b/1OvF9r/6F8iw
http://paperpile.com/b/1OvF9r/6F8iw
http://dx.doi.org/10.1038/s41392-023-01341-7
http://paperpile.com/b/1OvF9r/lMY2b
http://paperpile.com/b/1OvF9r/lMY2b
http://paperpile.com/b/1OvF9r/lMY2b
http://dx.doi.org/10.1177/17588359221122725
http://paperpile.com/b/1OvF9r/F8JAF
http://paperpile.com/b/1OvF9r/F8JAF
http://paperpile.com/b/1OvF9r/F8JAF
http://paperpile.com/b/1OvF9r/F8JAF
http://paperpile.com/b/1OvF9r/F8JAF
http://dx.doi.org/10.1200/JCO.2016.69.4406
http://paperpile.com/b/1OvF9r/Zhj1M
http://paperpile.com/b/1OvF9r/Zhj1M
http://paperpile.com/b/1OvF9r/Zhj1M
http://dx.doi.org/10.1093/jnci/djk020

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Nitz UA, Gluz O, Kummel S, Christgen M, Braun M, Aktas B, et al. Endocrine Therapy
Response and 21-Gene Expression Assay for Therapy Guidance in HR+/HER2- Early Breast
Cancer. J Clin Oncol. 2022;40: 2557-2567. d0i:10.1200/JC0.21.02759

Hofmann D, Nitz U, Gluz O, Kates RE, Schinkoethe T, Staib P, et al. WSG ADAPT - adjuvant
dynamic marker-adjusted personalized therapy trial optimizing risk assessment and
therapy response prediction in early breast cancer: study protocol for a prospective,
multi-center, controlled, non-blinded, randomized, investigator initiated phase II/Ill trial.
Trials. 2013;14: 261. d0i:10.1186/1745-6215-14-261

Thennavan A, Beca F, Xia Y, Recio SG, Allison K, Collins LC, et al. Molecular analysis of
TCGA breast cancer histologic types. Cell Genom. 2021;1.
doi:10.1016/j.xgen.2021.100067

Grote |, Bartels S, Kandt L, Bollmann L, Christgen H, Gronewold M, et al. TP53 mutations
are associated with primary endocrine resistance in luminal early breast cancer. Cancer
Med. 2021;10: 8581-8594. d0i:10.1002/cam4.4376

Holm K, Staaf J, Lauss M, Aine M, Lindgren D, Bendahl PO, et al. An integrated genomics
analysis of epigenetic subtypes in human breast tumors links DNA methylation patterns
to chromatin states in normal mammary cells. Breast Cancer Res. 2016;18: 27.
do0i:10.1186/s13058-016-0685-5

lorio F, Knijnenburg TA, Vis DJ, Bignell GR, Menden MP, Schubert M, et al. A Landscape
of Pharmacogenomic Interactions in Cancer. Cell. 2016;166: 740-754.
doi:10.1016/j.cell.2016.06.017

Assenov Y, Muller F, Lutsik P, Walter J, Lengauer T, Bock C. Comprehensive analysis of
DNA methylation data with RnBeads. Nat Methods. 2014;11: 1138-1140.
doi:10.1038/nmeth.3115

Muller F, Scherer M, Assenov Y, Lutsik P, Walter J, Lengauer T, et al. RnBeads 2.0:
comprehensive analysis of DNA methylation data. Genome Biol. 2019;20: 55.
do0i:10.1186/s13059-019-1664-9

Chen YA, Lemire M, Choufani S, Butcher DT, Grafodatskaya D, Zanke BW, et al. Discovery
of cross-reactive probes and polymorphic CpGs in the Illumina Infinium
HumanMethylation450 microarray. Epigenetics. 2013;8: 203-209.
doi:10.4161/epi.23470

Pidsley R, Zotenko E, Peters TJ, Lawrence MG, Risbridger GP, Molloy P, et al. Critical
evaluation of the Illumina MethylationEPIC BeadChip microarray for whole-genome DNA
methylation profiling. Genome Biol. 2016;17: 208. do0i:10.1186/s13059-016-1066-1

Houseman EA, Accomando WP, Koestler DC, Christensen BC, Marsit CJ, Nelson HH, et al.
DNA methylation arrays as surrogate measures of cell mixture distribution. BMC
Bioinformatics. 2012;13: 86. doi:10.1186/1471-2105-13-86

Zhou W, Triche TJ Jr, Laird PW, Shen H. SeSAMe: reducing artifactual detection of DNA
methylation by Infinium BeadChips in genomic deletions. Nucleic Acids Res. 2018;46:

56


http://paperpile.com/b/1OvF9r/MvFSp
http://paperpile.com/b/1OvF9r/MvFSp
http://paperpile.com/b/1OvF9r/MvFSp
http://dx.doi.org/10.1200/JCO.21.02759
http://paperpile.com/b/1OvF9r/DuNiO
http://paperpile.com/b/1OvF9r/DuNiO
http://paperpile.com/b/1OvF9r/DuNiO
http://paperpile.com/b/1OvF9r/DuNiO
http://paperpile.com/b/1OvF9r/DuNiO
http://dx.doi.org/10.1186/1745-6215-14-261
http://paperpile.com/b/1OvF9r/uy6nI
http://paperpile.com/b/1OvF9r/uy6nI
http://paperpile.com/b/1OvF9r/uy6nI
http://dx.doi.org/10.1016/j.xgen.2021.100067
http://paperpile.com/b/1OvF9r/5ZQoL
http://paperpile.com/b/1OvF9r/5ZQoL
http://paperpile.com/b/1OvF9r/5ZQoL
http://dx.doi.org/10.1002/cam4.4376
http://paperpile.com/b/1OvF9r/Eadf2
http://paperpile.com/b/1OvF9r/Eadf2
http://paperpile.com/b/1OvF9r/Eadf2
http://paperpile.com/b/1OvF9r/Eadf2
http://dx.doi.org/10.1186/s13058-016-0685-5
http://paperpile.com/b/1OvF9r/PdBhv
http://paperpile.com/b/1OvF9r/PdBhv
http://paperpile.com/b/1OvF9r/PdBhv
http://dx.doi.org/10.1016/j.cell.2016.06.017
http://paperpile.com/b/1OvF9r/wHPg0
http://paperpile.com/b/1OvF9r/wHPg0
http://paperpile.com/b/1OvF9r/wHPg0
http://dx.doi.org/10.1038/nmeth.3115
http://paperpile.com/b/1OvF9r/luQKB
http://paperpile.com/b/1OvF9r/luQKB
http://paperpile.com/b/1OvF9r/luQKB
http://dx.doi.org/10.1186/s13059-019-1664-9
http://paperpile.com/b/1OvF9r/TFCAn
http://paperpile.com/b/1OvF9r/TFCAn
http://paperpile.com/b/1OvF9r/TFCAn
http://paperpile.com/b/1OvF9r/TFCAn
http://dx.doi.org/10.4161/epi.23470
http://paperpile.com/b/1OvF9r/7dBeq
http://paperpile.com/b/1OvF9r/7dBeq
http://paperpile.com/b/1OvF9r/7dBeq
http://dx.doi.org/10.1186/s13059-016-1066-1
http://paperpile.com/b/1OvF9r/6J25m
http://paperpile.com/b/1OvF9r/6J25m
http://paperpile.com/b/1OvF9r/6J25m
http://dx.doi.org/10.1186/1471-2105-13-86
http://paperpile.com/b/1OvF9r/3glbo
http://paperpile.com/b/1OvF9r/3glbo

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

e123. doi:10.1093/nar/gky691

Rainer J. EnsDb.Hsapiens.v75. Bioconductor; 2017.
do0i:10.18129/B9.BIOC.ENSDB.HSAPIENS.V75

Liberzon A, Birger C, Thorvaldsdéttir H, Ghandi M, Mesirov JP, Tamayo P. The Molecular
Signatures Database (MSigDB) hallmark gene set collection. Cell Syst. 2015;1: 417-425.
d0i:10.1016/j.cels.2015.12.004

Taberlay PC, Statham AL, Kelly TK, Clark SJ, Jones PA. Reconfiguration of nucleosome-
depleted regions at distal regulatory elements accompanies DNA methylation of
enhancers and insulators in cancer. Genome Res. 2014;24: 1421-1432.
doi:10.1101/gr.163485.113

Brinkman AB, Nik-Zainal S, Simmer F, Rodriguez-Gonzalez FG, Smid M, Alexandrov LB, et
al. Partially methylated domains are hypervariable in breast cancer and fuel widespread
CpG island hypermethylation. Nat Commun. 2019;10: 1749. doi:10.1038/s41467-019-
09828-0

Jeschke J, Bizet M, Desmedt C, Calonne E, Dedeurwaerder S, Garaud S, et al. DNA
methylation—based immune response signature improves patient diagnosis in multiple
cancers. J Clin Invest. 8 2017;127: 3090-3102. doi:10.1172/JCI91095

Zou H, Hastie T. Regularization and variable selection via the elastic net. J R Stat Soc Series
B Stat Methodol. 2005;67: 301-320. d0i:10.1111/j.1467-9868.2005.00503.x

Powers D. Evaluation: from precision, recall and f-factor to roc, informedness,
markedness andamp; correlation. J Mach Learn Technol. 2011;2: 37-63.
doi:10.9735/2229-3981

Karlsson E, Waltersson MA, Bostner J, Perez-Tenorio G, Olsson B, Hallbeck AL, et al. High-
resolution genomic analysis of the 11g13 amplicon in breast cancers identifies synergy
with 8p12 amplification, involving the mTOR targets S6K2 and 4EBP1. Genes
Chromosomes Cancer. 2011;50: 775-787. doi:10.1002/gcc.20900

Ellis MJ, Ding L, Shen D, Luo J, Suman VJ, Wallis JW, et al. Whole-genome analysis informs
breast cancer response to aromatase inhibition. Nature. 2012;486: 353-360.
doi:10.1038/nature11143

Ciriello G, Gatza ML, Beck AH, Wilkerson MD, Rhie SK, Pastore A, et al. Comprehensive
Molecular Portraits of Invasive Lobular Breast Cancer. Cell. 2015;163: 506-519.
doi:10.1016/j.cell.2015.09.033

Hanker AB, Sudhan DR, Arteaga CL. Overcoming Endocrine Resistance in Breast Cancer.
Cancer Cell. 2020;37: 496-513. d0i:10.1016/j.ccell.2020.03.009

Berx G, Cleton-Jansen AM, Nollet F, de Leeuw W/, van de Vijver M, Cornelisse C, et al. E-
cadherin is a tumour/invasion suppressor gene mutated in human lobular breast cancers.
EMBO J. 1995;14: 6107-6115. d0i:10.1002/j.1460-2075.1995.tb00301.x

57


http://paperpile.com/b/1OvF9r/3glbo
http://dx.doi.org/10.1093/nar/gky691
http://paperpile.com/b/1OvF9r/Rm4ZR
http://paperpile.com/b/1OvF9r/Rm4ZR
http://dx.doi.org/10.18129/B9.BIOC.ENSDB.HSAPIENS.V75
http://paperpile.com/b/1OvF9r/TI5pJ
http://paperpile.com/b/1OvF9r/TI5pJ
http://paperpile.com/b/1OvF9r/TI5pJ
http://dx.doi.org/10.1016/j.cels.2015.12.004
http://paperpile.com/b/1OvF9r/zc0wx
http://paperpile.com/b/1OvF9r/zc0wx
http://paperpile.com/b/1OvF9r/zc0wx
http://paperpile.com/b/1OvF9r/zc0wx
http://dx.doi.org/10.1101/gr.163485.113
http://paperpile.com/b/1OvF9r/fH95u
http://paperpile.com/b/1OvF9r/fH95u
http://paperpile.com/b/1OvF9r/fH95u
http://dx.doi.org/10.1038/s41467-019-09828-0
http://dx.doi.org/10.1038/s41467-019-09828-0
http://paperpile.com/b/1OvF9r/jfWeA
http://paperpile.com/b/1OvF9r/jfWeA
http://paperpile.com/b/1OvF9r/jfWeA
http://dx.doi.org/10.1172/JCI91095
http://paperpile.com/b/1OvF9r/arHLi
http://paperpile.com/b/1OvF9r/arHLi
http://dx.doi.org/10.1111/j.1467-9868.2005.00503.x
http://paperpile.com/b/1OvF9r/wKxpK
http://paperpile.com/b/1OvF9r/wKxpK
http://paperpile.com/b/1OvF9r/wKxpK
http://dx.doi.org/10.9735/2229-3981
http://paperpile.com/b/1OvF9r/auzPC
http://paperpile.com/b/1OvF9r/auzPC
http://paperpile.com/b/1OvF9r/auzPC
http://paperpile.com/b/1OvF9r/auzPC
http://dx.doi.org/10.1002/gcc.20900
http://paperpile.com/b/1OvF9r/2JPT9
http://paperpile.com/b/1OvF9r/2JPT9
http://paperpile.com/b/1OvF9r/2JPT9
http://dx.doi.org/10.1038/nature11143
http://paperpile.com/b/1OvF9r/zB2au
http://paperpile.com/b/1OvF9r/zB2au
http://paperpile.com/b/1OvF9r/zB2au
http://dx.doi.org/10.1016/j.cell.2015.09.033
http://paperpile.com/b/1OvF9r/3K4tk
http://paperpile.com/b/1OvF9r/3K4tk
http://dx.doi.org/10.1016/j.ccell.2020.03.009
http://paperpile.com/b/1OvF9r/HBupG
http://paperpile.com/b/1OvF9r/HBupG
http://paperpile.com/b/1OvF9r/HBupG
http://dx.doi.org/10.1002/j.1460-2075.1995.tb00301.x

36.

37.

38.

39.

40.

41.

42.

43,

44,

45.

46.

47.

48.

Mueller S, Grote |, Bartels S, Kandt L, Christgen H, Lehmann U, et al. p53 Expression in
Luminal Breast Cancer Correlates With TP53 Mutation and Primary Endocrine Resistance.
Mod Pathol. 2023;36: 100100. doi:10.1016/j.modpat.2023.100100

Zhou W, Dinh HQ, Ramjan Z, Weisenberger DJ, Nicolet CM, Shen H, et al. DNA
methylation loss in late-replicating domains is linked to mitotic cell division. Nat Genet.
2018;50: 591-602. doi:10.1038/s41588-018-0073-4

Diaz Bessone MI, Gattas MJ, Laporte T, Tanaka M, Simian M. The Tumor
Microenvironment as a Regulator of Endocrine Resistance in Breast Cancer. Front
Endocrinol . 2019;10: 547. doi:10.3389/fendo.2019.00547

Hartkopf AD, Grischke E-M, Brucker SY. Endocrine-Resistant Breast Cancer: Mechanisms
and Treatment. Breast Care . 2020;15: 347-354. d0i:10.1159/000508675

Dowsett M, Smith |, Robertson J, Robison L, Pinhel |, Johnson L, et al. Endocrine therapy,
new biologicals, and new study designs for presurgical studies in breast cancer. J Natl
Cancer Inst Monogr. 2011;2011: 120-123. doi:10.1093/jncimonographs/Igr034

Gellert P, Segal CV, Gao Q, Lopez-Knowles E, Martin LA, Dodson A, et al. Impact of
mutational profiles on response of primary oestrogen receptor-positive breast cancers
to oestrogen deprivation. Nat Commun. 2016;7: 13294. doi:10.1038/ncomms13294

Giltnane JM, Hutchinson KE, Stricker TP, Formisano L, Young CD, Estrada MV, et al.
Genomic profiling of ER+ breast cancers after short-term estrogen suppression reveals
alterations associated with endocrine resistance. Sci Transl Med. 2017;9.
doi:10.1126/scitranslmed.aai7993

Dixon JM. Endocrine Resistance in Breast Cancer. New Journal of Science. 2014;2014.
doi:10.1155/2014/390618

Tibshirani R. Regression Shrinkage and Selection via the Lasso. J R Stat Soc Series B Stat
Methodol. 1996;58: 267—288. Available: http://www.jstor.org/stable/2346178

Razavi P, Chang MT, Xu G, Bandlamudi C, Ross DS, Vasan N, et al. The Genomic Landscape
of Endocrine-Resistant Advanced Breast Cancers. Cancer Cell. 2018;34: 427-438 e6.
do0i:10.1016/j.ccell.2018.08.008

Ferrando L, Vingiani A, Garuti A, Vernieri C, Belfiore A, Agnelli L, et al. ESR1 gene
amplification and MAP3K mutations are selected during adjuvant endocrine therapies in
relapsing Hormone Receptor-positive, HER2-negative breast cancer (HR+ HER2- BC). PLoS
Genet. 2023;19: e1010563. doi:10.1371/journal.pgen.1010563

Mao P, Cohen O, Kowalski KJ, Kusiel JG, Buendia-Buendia JE, Cuoco MS, et al. Acquired
FGFR and FGF Alterations Confer Resistance to Estrogen Receptor (ER) Targeted Therapy
in  ER(+) Metastatic Breast Cancer. Clin Cancer Res. 2020;26: 5974-5989.
d0i:10.1158/1078-0432.CCR-19-3958

Allred DC, Clark GM, Elledge R, Fuqua SA, Brown RW, Chamness GC, et al. Association of
p53 protein expression with tumor cell proliferation rate and clinical outcome in node-

58


http://paperpile.com/b/1OvF9r/UfEuZ
http://paperpile.com/b/1OvF9r/UfEuZ
http://paperpile.com/b/1OvF9r/UfEuZ
http://dx.doi.org/10.1016/j.modpat.2023.100100
http://paperpile.com/b/1OvF9r/0u4kK
http://paperpile.com/b/1OvF9r/0u4kK
http://paperpile.com/b/1OvF9r/0u4kK
http://dx.doi.org/10.1038/s41588-018-0073-4
http://paperpile.com/b/1OvF9r/BGxij
http://paperpile.com/b/1OvF9r/BGxij
http://paperpile.com/b/1OvF9r/BGxij
http://dx.doi.org/10.3389/fendo.2019.00547
http://paperpile.com/b/1OvF9r/s2ao
http://paperpile.com/b/1OvF9r/s2ao
http://dx.doi.org/10.1159/000508675
http://paperpile.com/b/1OvF9r/h2U7b
http://paperpile.com/b/1OvF9r/h2U7b
http://paperpile.com/b/1OvF9r/h2U7b
http://dx.doi.org/10.1093/jncimonographs/lgr034
http://paperpile.com/b/1OvF9r/qZEBz
http://paperpile.com/b/1OvF9r/qZEBz
http://paperpile.com/b/1OvF9r/qZEBz
http://dx.doi.org/10.1038/ncomms13294
http://paperpile.com/b/1OvF9r/5EIyn
http://paperpile.com/b/1OvF9r/5EIyn
http://paperpile.com/b/1OvF9r/5EIyn
http://paperpile.com/b/1OvF9r/5EIyn
http://dx.doi.org/10.1126/scitranslmed.aai7993
http://paperpile.com/b/1OvF9r/1YrfV
http://paperpile.com/b/1OvF9r/1YrfV
http://dx.doi.org/10.1155/2014/390618
http://paperpile.com/b/1OvF9r/X3wMC
http://paperpile.com/b/1OvF9r/X3wMC
http://www.jstor.org/stable/2346178
http://paperpile.com/b/1OvF9r/fv3NU
http://paperpile.com/b/1OvF9r/fv3NU
http://paperpile.com/b/1OvF9r/fv3NU
http://dx.doi.org/10.1016/j.ccell.2018.08.008
http://paperpile.com/b/1OvF9r/JBqhU
http://paperpile.com/b/1OvF9r/JBqhU
http://paperpile.com/b/1OvF9r/JBqhU
http://paperpile.com/b/1OvF9r/JBqhU
http://dx.doi.org/10.1371/journal.pgen.1010563
http://paperpile.com/b/1OvF9r/hvnZR
http://paperpile.com/b/1OvF9r/hvnZR
http://paperpile.com/b/1OvF9r/hvnZR
http://paperpile.com/b/1OvF9r/hvnZR
http://dx.doi.org/10.1158/1078-0432.CCR-19-3958
http://paperpile.com/b/1OvF9r/RJpBJ
http://paperpile.com/b/1OvF9r/RJpBJ

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

negative breast cancer. J Natl Cancer Inst. 1993;85: 200—206. do0i:10.1093/jnci/85.3.200

Hlavac V, Brynychova V, Vaclavikova R, Ehrlichova M, Vrana D, Pecha V, et al. The
expression profile of ATP-binding cassette transporter genes in breast carcinoma.
Pharmacogenomics. 2013;14: 515-529. doi:10.2217/pgs.13.26

Malik N, Yan H, Moshkovich N, Palangat M, Yang H, Sanchez V, et al. The transcription
factor CBFB suppresses breast cancer through orchestrating translation and
transcription. Nat Commun. 2019;10: 2071. doi:10.1038/s41467-019-10102-6

Guo L, Chen B, Zhang G, Wang Y, Cao L, Ren C, et al. The transcription factor CBFB
mutations indicate an improved survival in HR+/HER2- breast cancer. Gene. 2020;759:
144970. doi:10.1016/j.gene.2020.144970

Khan AS, Campbell KJ, Cameron ER, Blyth K. The RUNX/CBFB Complex in Breast Cancer:
A Conundrum of Context. Cells. 2023;12. doi:10.3390/cells12040641

Masoumi-Moghaddam S, Amini A, Morris DL. The developing story of Sprouty and cancer.
Cancer Metastasis Rev. 2014;33: 695-720. d0i:10.1007/s10555-014-9497-1

Dai H, Xu W, Wang L, Li X, Sheng X, Zhu L, et al. Loss of SPRY2 contributes to cancer-
associated fibroblasts activation and promotes breast cancer development. Breast
Cancer Res. 2023;25: 90. doi:10.1186/s13058-023-01683-8

Murray JI, West NR, Murphy LC, Watson PH. Intratumoural inflammation and endocrine
resistance in breast cancer. Endocr Relat Cancer. 2015;22: R51-67. doi:10.1530/ERC-14-
0096

De Las Rivas J, Brozovic A, lzraely S, Casas-Pais A, Witz IP, Figueroa A. Cancer drug
resistance induced by EMT: novel therapeutic strategies. Arch Toxicol. 2021;95: 2279—
2297. doi:10.1007/s00204-021-03063-7

Bernhart SH, Kretzmer H, Holdt LM, Jihling F, Ammerpohl O, Bergmann AK, et al. Changes
of bivalent chromatin coincide with increased expression of developmental genes in
cancer. Sci Rep. 2016;6: 37393. doi:10.1038/srep37393

Jansen MPHM, Knijnenburg T, Reijm EA, Simon |, Kerkhoven R, Droog M, et al. Hallmarks
of aromatase inhibitor drug resistance revealed by epigenetic profiling in breast cancer.
Cancer Res. 2013;73: 6632-6641. doi:10.1158/0008-5472.CAN-13-0704

Wang Y, He X, Ngeow J, Eng C. GATA2 negatively regulates PTEN by preventing nuclear
translocation of androgen receptor and by androgen-independent suppression of PTEN
transcription in  breast cancer. Hum Mol Genet. 2012;21: 569-576.
d0i:10.1093/hmg/ddr491

Morgan R, Hunter K, Pandha HS. Downstream of the HOX genes: Explaining conflicting
tumour suppressor and oncogenic functions in cancer. Int J Cancer. 2022;150: 1919-
1932. d0i:10.1002/ijc.33949

Shah N, Jin K, Cruz LA, Park S, Sadik H, Cho S, et al. HOXB13 mediates tamoxifen resistance

59


http://paperpile.com/b/1OvF9r/RJpBJ
http://dx.doi.org/10.1093/jnci/85.3.200
http://paperpile.com/b/1OvF9r/XZ78Q
http://paperpile.com/b/1OvF9r/XZ78Q
http://paperpile.com/b/1OvF9r/XZ78Q
http://dx.doi.org/10.2217/pgs.13.26
http://paperpile.com/b/1OvF9r/UgWBF
http://paperpile.com/b/1OvF9r/UgWBF
http://paperpile.com/b/1OvF9r/UgWBF
http://dx.doi.org/10.1038/s41467-019-10102-6
http://paperpile.com/b/1OvF9r/gK1Ke
http://paperpile.com/b/1OvF9r/gK1Ke
http://paperpile.com/b/1OvF9r/gK1Ke
http://dx.doi.org/10.1016/j.gene.2020.144970
http://paperpile.com/b/1OvF9r/aW2Zp
http://paperpile.com/b/1OvF9r/aW2Zp
http://dx.doi.org/10.3390/cells12040641
http://paperpile.com/b/1OvF9r/3jCmA
http://paperpile.com/b/1OvF9r/3jCmA
http://dx.doi.org/10.1007/s10555-014-9497-1
http://paperpile.com/b/1OvF9r/k0Xmn
http://paperpile.com/b/1OvF9r/k0Xmn
http://paperpile.com/b/1OvF9r/k0Xmn
http://dx.doi.org/10.1186/s13058-023-01683-8
http://paperpile.com/b/1OvF9r/T2KRI
http://paperpile.com/b/1OvF9r/T2KRI
http://dx.doi.org/10.1530/ERC-14-0096
http://dx.doi.org/10.1530/ERC-14-0096
http://paperpile.com/b/1OvF9r/g8YNR
http://paperpile.com/b/1OvF9r/g8YNR
http://paperpile.com/b/1OvF9r/g8YNR
http://dx.doi.org/10.1007/s00204-021-03063-7
http://paperpile.com/b/1OvF9r/0i2Nr
http://paperpile.com/b/1OvF9r/0i2Nr
http://paperpile.com/b/1OvF9r/0i2Nr
http://dx.doi.org/10.1038/srep37393
http://paperpile.com/b/1OvF9r/XcagJ
http://paperpile.com/b/1OvF9r/XcagJ
http://paperpile.com/b/1OvF9r/XcagJ
http://dx.doi.org/10.1158/0008-5472.CAN-13-0704
http://paperpile.com/b/1OvF9r/3ZrBE
http://paperpile.com/b/1OvF9r/3ZrBE
http://paperpile.com/b/1OvF9r/3ZrBE
http://paperpile.com/b/1OvF9r/3ZrBE
http://dx.doi.org/10.1093/hmg/ddr491
http://paperpile.com/b/1OvF9r/QMKvw
http://paperpile.com/b/1OvF9r/QMKvw
http://paperpile.com/b/1OvF9r/QMKvw
http://dx.doi.org/10.1002/ijc.33949
http://paperpile.com/b/1OvF9r/VPB3T

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

and invasiveness in human breast cancer by suppressing ERalpha and inducing IL-6
expression. Cancer Res. 2013;73: 5449-5458. doi:10.1158/0008-5472.CAN-13-1178

Li H, Gao P, Chen H, Zhao J, Zhang X, Li G, et al. HOXC13 promotes cell proliferation,
metastasis and glycolysis in breast cancer by regulating DNMT3A. Exp Ther Med. 2023;26:
439. doi:10.3892/etm.2023.12138

Tian T, Wang M, Zhu Y, Zhu W, Yang T, Li H, et al. Expression, Clinical Significance, and
Functional Prediction of MNX1 in Breast Cancer. Mol Ther Nucleic Acids. 2018;13: 399—
406. doi:10.1016/j.0mtn.2018.09.014

Pagani IS, Terrinoni A, Marenghi L, Zucchi I, Chiaravalli AM, Serra V, et al. The mammary
gland and the homeobox gene Otxl. Breast J. 2010;16 Suppl 1: S53-6.
d0i:10.1111/j.1524-4741.2010.01006.x

Rodriguez D, Ramkairsingh M, Lin X, Kapoor A, Major P, Tang D. The Central Contributions
of Breast Cancer Stem Cells in Developing Resistance to Endocrine Therapy in Estrogen
Receptor (ER)-Positive Breast Cancer. Cancers . 2019;11. doi:10.3390/cancers11071028

HanY, Yang L, Suarez-Saiz F, San-Marina S, Cui J, Minden MD. Wilms’ tumor 1 suppressor
gene mediates antiestrogen resistance via down-regulation of estrogen receptor-alpha
expression in breast cancer cells. Mol Cancer Res. 2008;6: 1347-1355. doi:10.1158/1541-
7786.MCR-07-2179

Zhang F, Cui Y. Dysregulation of DNA methylation patterns may identify patients with
breast cancer resistant to endocrine therapy: A predictive classifier based on
differentially methylated regions. Oncol Lett. 2019;18: 1287-1303.
do0i:10.3892/01.2019.10405

de Neergaard M, Kim J, Villadsen R, Fridriksdottir AJ, Rank F, Timmermans-Wielenga V,
et al. Epithelial-stromal interaction 1 (EPSTI1) substitutes for peritumoral fibroblasts in
the tumor  microenvironment. Am ] Pathol. 2010;176: 1229-1240.
doi:10.2353/ajpath.2010.090648

Yang J, AlTahan A, Jones DT, Buffa FM, Bridges E, Interiano RB, et al. Estrogen receptor-a
directly regulates the hypoxia-inducible factor 1 pathway associated with antiestrogen
response in breast cancer. Proc Natl Acad Sci U S A. 2015;112: 15172-15177.
doi:10.1073/pnas.1422015112

Oshi M, Tokumaru Y, Angarita FA, Yan L, Matsuyama R, Endo |, et al. Degree of Early
Estrogen Response Predict Survival after Endocrine Therapy in Primary and Metastatic
ER-Positive Breast Cancer. Cancers . 2020;12. doi:10.3390/cancers12123557

Jeong D, Ham J, Kim HW, Kim H, Ji HW, Yun SH, et al. ELOVL2: a novel tumor suppressor
attenuating tamoxifen resistance in breast cancer. Am J Cancer Res. 2021;11: 2568—-2589.
Available: https://www.ncbi.nlm.nih.gov/pubmed/34249416

Loyfer N, Magenheim J, Peretz A, Cann G, Bredno J, Klochendler A, et al. A DNA
methylation atlas of normal human cell types. Nature. 2023;613: 355-364.
doi:10.1038/s41586-022-05580-6

60


http://paperpile.com/b/1OvF9r/VPB3T
http://paperpile.com/b/1OvF9r/VPB3T
http://dx.doi.org/10.1158/0008-5472.CAN-13-1178
http://paperpile.com/b/1OvF9r/qpait
http://paperpile.com/b/1OvF9r/qpait
http://paperpile.com/b/1OvF9r/qpait
http://dx.doi.org/10.3892/etm.2023.12138
http://paperpile.com/b/1OvF9r/BKgq4
http://paperpile.com/b/1OvF9r/BKgq4
http://paperpile.com/b/1OvF9r/BKgq4
http://dx.doi.org/10.1016/j.omtn.2018.09.014
http://paperpile.com/b/1OvF9r/XatbW
http://paperpile.com/b/1OvF9r/XatbW
http://paperpile.com/b/1OvF9r/XatbW
http://dx.doi.org/10.1111/j.1524-4741.2010.01006.x
http://paperpile.com/b/1OvF9r/Xcvq9
http://paperpile.com/b/1OvF9r/Xcvq9
http://paperpile.com/b/1OvF9r/Xcvq9
http://dx.doi.org/10.3390/cancers11071028
http://paperpile.com/b/1OvF9r/Dm33I
http://paperpile.com/b/1OvF9r/Dm33I
http://paperpile.com/b/1OvF9r/Dm33I
http://dx.doi.org/10.1158/1541-7786.MCR-07-2179
http://dx.doi.org/10.1158/1541-7786.MCR-07-2179
http://paperpile.com/b/1OvF9r/Tq8Rd
http://paperpile.com/b/1OvF9r/Tq8Rd
http://paperpile.com/b/1OvF9r/Tq8Rd
http://paperpile.com/b/1OvF9r/Tq8Rd
http://dx.doi.org/10.3892/ol.2019.10405
http://paperpile.com/b/1OvF9r/I9smD
http://paperpile.com/b/1OvF9r/I9smD
http://paperpile.com/b/1OvF9r/I9smD
http://paperpile.com/b/1OvF9r/I9smD
http://dx.doi.org/10.2353/ajpath.2010.090648
http://paperpile.com/b/1OvF9r/X3OI0
http://paperpile.com/b/1OvF9r/X3OI0
http://paperpile.com/b/1OvF9r/X3OI0
http://paperpile.com/b/1OvF9r/X3OI0
http://dx.doi.org/10.1073/pnas.1422015112
http://paperpile.com/b/1OvF9r/KXDSi
http://paperpile.com/b/1OvF9r/KXDSi
http://paperpile.com/b/1OvF9r/KXDSi
http://dx.doi.org/10.3390/cancers12123557
http://paperpile.com/b/1OvF9r/JpzOw
http://paperpile.com/b/1OvF9r/JpzOw
http://paperpile.com/b/1OvF9r/JpzOw
https://www.ncbi.nlm.nih.gov/pubmed/34249416
http://paperpile.com/b/1OvF9r/RZLEC
http://paperpile.com/b/1OvF9r/RZLEC
http://paperpile.com/b/1OvF9r/RZLEC
http://dx.doi.org/10.1038/s41586-022-05580-6

73.

74.

75.

76.

Sah S, Chen L, Houghton J, Kemppainen J, Marko AC, Zeigler R, et al. Functional DNA
quantification guides accurate next-generation sequencing mutation detection in
formalin-fixed, paraffin-embedded tumor biopsies. Genome Med. 2013;5: 77.
doi:10.1186/gm481

Capper D, Jones DTW, Sill M, Hovestadt V, Schrimpf D, Sturm D, et al. DNA methylation-
based classification of central nervous system tumours. Nature. 2018;555: 469-474.
doi:10.1038/nature26000

Louis DN, Perry A, Wesseling P, Brat DJ, Cree IA, Figarella-Branger D, et al. The 2021 WHO
Classification of Tumors of the Central Nervous System: a summary. Neuro Oncol.
2021;23:1231-1251. doi:10.1093/neuonc/noab106

Wolff AC, Hommond MEH, Allison KH, Harvey BE, Mangu PB, Bartlett JMS, et al. Human
Epidermal Growth Factor Receptor 2 Testing in Breast Cancer: American Society of
Clinical Oncology/College of American Pathologists Clinical Practice Guideline Focused
Update. J Clin Oncol. 2018;36: 2105-2122. do0i:10.1200/JC0.2018.77.8738

61


http://paperpile.com/b/1OvF9r/nTzLF
http://paperpile.com/b/1OvF9r/nTzLF
http://paperpile.com/b/1OvF9r/nTzLF
http://paperpile.com/b/1OvF9r/nTzLF
http://dx.doi.org/10.1186/gm481
http://paperpile.com/b/1OvF9r/hnFPG
http://paperpile.com/b/1OvF9r/hnFPG
http://paperpile.com/b/1OvF9r/hnFPG
http://dx.doi.org/10.1038/nature26000
http://paperpile.com/b/1OvF9r/W9p9J
http://paperpile.com/b/1OvF9r/W9p9J
http://paperpile.com/b/1OvF9r/W9p9J
http://dx.doi.org/10.1093/neuonc/noab106
http://paperpile.com/b/1OvF9r/zfYyl
http://paperpile.com/b/1OvF9r/zfYyl
http://paperpile.com/b/1OvF9r/zfYyl
http://paperpile.com/b/1OvF9r/zfYyl
http://dx.doi.org/10.1200/JCO.2018.77.8738

