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Abstract

Background: Neoadjuvant chemotherapy (NAC) induces a pathological complete response (pCR) in ~30% of
patients with breast cancer. However, aberrant DNA methylation alterations are frequent events during breast cancer
progression and acquisition of chemoresistance. We aimed to characterize the inter- and intra-tumor methylation
heterogeneity (MH) in breast cancer following NAC.

Methods: DNA methylation profiles of spatially separated regions of breast tumors before and after NAC treatment
were investigated using high-density methylation microarray. Methylation levels of genes of interest were further
examined using multiplexed MethyLight droplet digital PCR (ddPCR).

Results: We have discovered different levels of intra-tumor MH in breast cancer patients. Moreover, NAC dramatically
altered the methylation profiles and such changes were highly heterogeneous between the patients. Despite the
high inter-patient heterogeneity, we identified that stem cell quiescence-associated genes ALDHTL1, HOPX, WNT5A
and SOX9 were convergently hypomethylated across all the samples after NAC treatment. Furthermore, by using
MethyLight ddPCR, we verified that the methylation levels of these 4 genes were significantly lower in breast tumor
samples after NAC than those before NAC.

Conclusions: Our study has revealed that NAC dramatically alters epigenetic heterogeneity in breast cancer and
induces convergent hypomethylation of stem cell quiescence-associated genes, ALDH1L1, HOPX, WNT5A and SOX9,
which can potentially be developed as therapeutic targets or biomarkers for chemoresistance.
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Background

DNA methylation is a key mechanism for transcriptional
regulation and is the best-studied epigenetic modifica-
tion. Dramatic methylation changes of gene regulatory
regions are associated with gene silencing or expression
in promoters and enhancers. Recent large-scale genomic
studies have shown that perturbations of methylation
patterning are frequent events during breast cancer
(BRCA) progression, and these aberrantly methylated
genes are involved in cell cycle regulation, DNA repair,
transformation, detoxification, adhesion and metasta-
sis, such as BRCA1, CDH1, MGMT etc. [1]. Also, lots
of published studies confirmed the important roles of
DNA methylation modifications in patients’ resistance to
standard chemotherapy treatments of BRCA. For exam-
ple, hypermethylation of BRCA1 could predict the sen-
sitivity to PARP inhibitors and alkylating agents [2, 3];
hypermethylation of GSTP1, ABCB1 and DUSP4 could
predict the sensitivity to doxorubicin [4—6]; and hyper-
methylation of ESR1, CDK10 and PITX2 could predict
the resistance to estrogen inhibitors [7, 8]. It is increas-
ingly recognized that such epimutations can provide
more insights to stratify subpopulations of tumor cells
and evaluate treatment response when there are no well-
known genetic mutations in specific tumors. Moreover, it
is intriguing to consider epimutations as potential targets
since it is less stable compared to genetic mutations and
easier to be modified. Hence, DNA methylation profiling
draws great interests to be used to evaluate chemother-
apy response of BRCA in clinics.

Current availability of high-density DNA methylation
microarray technology has enabled us to profile genome-
wide DNA methylation signatures associated with drug
response more efficiently. Moreover, the high density of
probes also enables us to examine copy number variation
(CNV) in the tumor tissue with comparable sensitivity of
SNP arrays [9, 10]. Furthermore, it is reported that the
arrays are sufficiently sensitive to evaluate the abundance
of tumor-infiltrated lymphocytes (TILs) in BRCA tumors
based on certain methylation signature, which reflects
the strength of antitumor immune response and can
serve as a potential biomarker of survival and response of
chemotherapy [11].

However, intra-tumor heterogeneity may lead to sam-
pling bias and pose a major challenge to biomarker devel-
opment and precision medicine [12]. Generally, there are
two levels of methylation heterogeneity (MH), including
inter- and intra-tumor MH. People often pay more atten-
tion to the former through collecting more and more
samples from different backgrounds [13]. However, there
are growing evidences showing that intra-tumor MH is
more dominant for evaluating the response upon treat-
ment for an individual patient [14]. Despite many studies
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characterizing intra-tumor genetic heterogeneity, epige-
netic heterogeneity of DNA methylation has been less
investigated in BRCA.

In this study, we profiled MH of spatially separated
regions of breast tumors prior to and post neoadjuvant
chemotherapy (NAC) treatment using the high-density
Infinium HumanMethylation450K bead arrays. Overall,
we have discovered different levels of intra-tumor MH
in BRCA patients. Moreover, NAC dramatically altered
the methylation profiles and changes were heterogeneous
between different individuals. Despite the high inter- and
intra-tumor heterogeneity, we identified that stem cell
quiescence-associated genes ALDH1L1, HOPX, WNT5A
and SOX9 were commonly hypomethylated across all the
samples post NAC treatment, which holds the potential
to be developed as therapeutic targets or biomarkers for
chemoresistance.

Methods

Patient materials

This study had obtained the approval of the Ethics Com-
mittee of the Third Affiliated Hospital of Guangzhou
Medical University (2017/056). Patients were enrolled
at the Third Affiliated Hospital of Guangzhou Medical
University (Guangzhou, China) and had signed informed
consents. 3 BRCA patients (Patients 602, 676 and 164)
who received NAC treatments but failed to achieve path-
ologic complete response (pCR) were selected. These
patients underwent core needle biopsy sampling, fol-
lowed by Cyclophosphamide, Epirubicin and Docetaxel
neoadjuvant chemotherapy regimens, and finally surgical
removal of the breast tumors. Each patient derived 3—4
core needle biopsy specimens prior to NAC, and each
post-NAC tumor tissue was spatially dissected into 6-7
sectors (Additional file 1: Figure S5A). Another 5 breast
cancer patients (Patients 161, 486, 168, 533 and 847) were
selected whose breast tumors were surgically removed
without NAC treatment. Each tumor tissue was spatially
dissected into six sectors (Additional file 1: Figure S5B).
DNA of the samples was isolated using the DNeasy Blood
& Tissue Kit (Qiagen) and then bisulfite converted using
the EZ DNA Methylation Kit (ZymoResearch) according
to the manufacturers’ instructions.

DNA methylation profiling

Genome-wide methylation profiling of 47 breast cancer
tissue samples derived from the 8 patients was performed
using the Illumina Infinium HumanMethylation450k
Bead Chip according to the manufacturer’s instruction.
IDAT raw data files were imported for processing using
the R/Bioconductor package methylumi pipeline with the
default parameters [15]. The output of methylumi pipe-
line contains beta values (methylation signal density/total
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signal density) with annotations for the HUGO Gene
Nomenclature Committee (HGNC) gene symbol, chro-
mosome, and genomic coordinate of each CpG/CpH site
(UCSC hgl9). Methylation levels (beta values) were used
for the subsequent analyses.

Copy number alteration analysis

ChAMP [16], an R package available through Biocon-
ductor, was used for evaluating copy number variation
(CNV) with default options, by comparing each sample
with internal 450k blood control samples. Segmentation
was performed by champ. CNA function, which utilized
the intensity values from HumanMethylation450 Bead-
Chip probes to count copy number and determined if
copy number alterations were present. Copy number was
determined using the CopyNumber package. The log2-
ratio value for each segment was calculated by using the
sum of the methylated and unmethylated signal density.
The CNVs for each sample were plotted according to the
log2-ratio from each segment, and classified as amplifica-
tions (>0.08) or deletions (< — 0.08).

Differential methylation analysis and functional
enrichment analysis

DMRcate [17], an R package available through Biocon-
ductor, was employed for detecting differentially meth-
ylated regions (DMR) between samples before and after
NAC for each patient individually. DMRs were defined as
regions with a maximal 1000 bp containing two or more
CpGs. FDR were calculated with Benjamini—Hochberg
procedure, and FDR cutoff 0.05 was used to determine
DMRs. Genomic locations for all DMRs were assigned
by DMRcate to Illumina hgl9 annotation. Genes whose
promoter region overlap with DMRs in all samples were
selected as common DM genes for the downstream anal-
ysis. Functional analysis was performed on DM genes
with DAVID (version 6.8) [18] and KEGG pathways with
enrichment P<0.05 were selected as overrepresented
functions.

MethyLight droplet digital PCR

MethyLight droplet digital PCR (ddPCR) was performed
to validate the methylation levels of the genes of interest
in tumor biopsies derived from additional NAC-treated
breast cancer patients. The ddPCR reaction mixture con-
sisted of the bisulfite-converted DNA sample, ddPCR
Supermix for Probes (BioRad), and locus-specific Meth-
yLight primers and probes in a final volume of 20 puL.
The primer and probe sequences were designed using
Beacon Designer version 8.20 (Premier Biosoft). The
sequences of the primers and probes are listed in Addi-
tional file 1: Table S2. The locations of the primers and
probes are shown in Additional file 1: Figure S11A. A
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multiplexed MethyLight ddPCR assay, as described in
Additional file 1: Figure S11B, was established to simul-
taneously quantified 2 genes of interest (2 gene-specific
FAM-labelled probes adjusted at different concentra-
tions) and the C-LESS-C1 reaction (HEX-labelled probe),
which amplified a DNA strand without any cytosine to
determine the total DNA amounts of each sample [19].
This multiplexed method enabled us to quantify the 4
genes with only 2 reactions. The ddPCR reaction mix-
tures were loaded into sample wells on a DG8 Cartridge
(BioRad). A volume of 70 pL of droplet generation oil
was loaded into adjacent oil wells on the cartridge. Then
the cartridge was loaded into a QX200 Droplet Genera-
tor (BioRad) for droplet generation. The resulting water-
in-oil droplets were gently transferred from the droplet
wells on the cartridge to a 96-well PCR plate (BioRad).
The plate was heat-sealed with PX1TM PCR Plate Sealer
(BioRad), placed on a T100TM Thermal Cycler (BioRad)
and amplified to the endpoint. After PCR amplification,
the plate was loaded into a QX200 Droplet Reader (Bio-
Rad) to determine how many droplets were positive for
the genes of interest, as well as for the control reaction
C-LESS-C1. Data were analyzed using QuantaSoft ver-
sion 1.4.0 (BioRad). The methylation levels of the genes
of interest in each sample were normalized by the total
DNA amounts based on the C-LESS-C1 reaction.

Results

DNA methylation provides independent information

from current BRCA classification systems

It is well known that BRCA has clinical and genomic
heterogeneity. Traditionally, BRCA has been staged by
histopathological criteria that are based on size, lymph
node infiltration and level of invasiveness (TNM), or by
immunohistochemical characterization of cell surface
receptors, including estrogen receptor (ER), progester-
one receptor (PR) and human epidermal growth factor
receptor 2 (HER2) [20]. Recently, gene expression profiles
are employed to expand the molecular classification of
BRCA. One of the most well-known signatures is PAM50,
which is used to distinguish 5 intrinsic subtypes, includ-
ing luminal A, luminal B, HER2-enriched, basal-like and
normal-like [21]. Considering that DNA methylation is
one of the critical regulators of gene expression, we seek
to study if subtypes of BRCA based on current classifica-
tions display consistent DNA methylation changes.

To fulfill this task, we downloaded 450K array data
of 870 patients from the TCGA-BRCA study and per-
formed unsupervised clustering analysis with the most
variable probes (top 1%). Generally, we observed great
inter-patient MH across the whole cohort and no sig-
nificant correlation between certain methylation patterns
and PAM50 subtypes, surface receptors or TNM stages
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was found (Additional file 1: Figures S1-S3). Thus, all
current classification methods, no matter based on gene
expression profiles, surface receptors or histopathologi-
cal criteria, were not significantly correlated with DNA
methylation landscapes. Therefore, it is intriguing to uti-
lize DNA methylation to expand the prediction power to
clinical outcomes of NAC treatment since DNA meth-
ylation can provide independent information from tradi-
tional classifiers.

Primary BRCA tumors display different levels

of intra-tumor MH

To investigate the intra-tumor MH in BRCA patients
and the impact of NAC on it, we have selected 3 BRCA
patients (Patients 602, 676 and 164) who received NAC
treatment but failed to achieve pCR (Additional file 1:
Figure S4, Table S1). Each patient derived 3—4 pre-NAC
biopsies and the post-NAC surgically-excised tumors
were spatially dissected into 6-7 sectors (Additional
file 1: Figure S5A). We also included another 5 patients
(Patients 161, 486, 168, 533 and 847) with their tumor
surgically excised without any NAC treatment (Addi-
tional file 1: Figure S4, Table S1). Each tumor tissue was
spatially dissected into 6 sectors (Additional file 1: Figure
S5B). Samples with successful DNA exaction were used
for DNA methylation array assays.

Firstly, we characterized the DNA methylation profiles
of pre-NAC samples with top 1% most variable CpGs
cross all the samples. As expected, we observed high lev-
els of inter-patient MH, which was consistent with our
conclusions from the TCGA cohort (Fig. 1, top panel).
By comparing different samples in each patient individ-
ually, we observed different levels of intra-tumor MH.
Some patients had relatively lower levels of intra-tumor
MH, such as Patients 161, 602, 676 and 164. All the sam-
ples from the same patient shared very similar methyla-
tion profiles. Some patients had relatively higher levels
of intra-tumor MH, such as Patients 486, 168 and 847.
In these patients, samples from the same patient show
different methylation profiles in partial CpGs. However,
these samples were still clustered together by individuals,
which indicated such intra-tumor MH level was lower
than inter-patient MH. For patient 533, one of the sam-
ples was quite different from the others. These results
indicated that primary BRCA patients had different levels
of intra-tumor MH. Besides the overall analysis based on
all samples, we also performed the unsupervised cluster-
ing on samples from each patient individually. The top 1%
most variable CpGs from each patient showed very dif-
ferent profiles, which indicated that each patient carried
distinct MH patterns (Additional file 1: Figure S6).
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Leveraging the power of high-density probes of 450K
array, we also evaluated the genetic heterogeneity of
CNV at the same time. Similar with methylation profiles,
we observed high levels of inter-patient genetic heteroge-
neity, and different patients had different levels of CNVs
and different focal CNVs in almost every chromosome
(Fig. 1, bottom panel). However, we found the levels of
intra-tumor genetic heterogeneity were not correlated
to those of intra-tumor MH. For example, Patient 161
had almost homogeneous methylation profiles but quite
diverse CNV landscapes, especially on chromosomes 5,
6 and 13; Patient 847 had high levels of both genetic and
epigenetic intra-tumor heterogeneities.

To further examine the effects of intra-tumor MH on
detecting known methylation-based biomarkers, we per-
formed unsupervised clustering analysis on the 450K
array probes mapped to 7 reported chemotherapy-resist-
ant genes that were epigenetically regulated, including
DUSP4, GSTP1, ABCB1, PTEN, FOXC1, TGM2 and
ETS1 [4-6, 22]. We observed that most samples were
clustered by individuals. However, samples from Patients
486, 847 and 533, who had relatively higher intra-tumor
MH, were fallen into two different clusters (Additional
file 1: Figure S7). We also tested another 5-probe meth-
ylation signature of TIL (MeTIL) that was reported to
reflect TIL abundance and predict chemotherapy out-
comes [11]. Similarly, we observed that the samples from
Patients 168, 847 and 533, whose intra-tumor MHs were
relatively higher, were even separated into three differ-
ent clusters (Additional file 1: Figure S8). These observa-
tions indicated that higher intra-tumor MH might cause
higher inter-sample variance of the methylation markers,
thus leading to sampling bias. Therefore, intra-tumor
MH needs to be taken into consideration when we strat-
ify BRCA patients and perform personalized medicine.

BRCA tumors exhibit heterogeneous DNA methylation
changes in response to NAC

To investigate how NAC changes DNA methylation pro-
files in BRCA patients, we applied unsupervised clus-
tering analysis to the 3 NAC-treated patients. As the
result, we observed that NAC treatment changed meth-
ylation profiles dramatically in all the 3 patients (Fig. 2,
top panel). Surprisingly, the top 1% variable CpGs were
altered very differently across the patients, indicating
that NAC changed methylation profiles in divergent
ways. In Patients 602 and 676, the majority of top vari-
able CpGs were hypo-methylated after NAC. However,
in Patient 164, the methylation changes were almost bal-
anced, with nearly half of CpGs hyper-methylated and
the others hypo-methylated after NAC. Taken together,
these results provided the evidence that NAC could sig-
nificantly alter the overall methylation profiles and cause
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Fig. 1 Differences of genetic and epigenetic profiles between baseline samples from different patients. Top panel: unsupervised clustering of top
1% most variable probes of 450K data from baseline samples prior to NAC; Bottom panel: copy number plots of corresponding samples

heterogeneous methylation changes in different BRCA
patients.

In terms of CNVs, we also observed heterogeneous
changes induced by NAC in different patients (Fig. 2,
bottom panel). In Patients 244676 and 248164, post-
NAC samples gained more CNVs compared to pre-NAC
samples. In Patient 602, the opposite CNV change was

observed. Even more interestingly, in Patients 676 and
164, the post-NAC samples actually gained CNVs to dif-
ferent extends, indicating increased intra-tumor genetic
heterogeneity caused by NAC treatment. All these obser-
vations proposed that BRCA patients would exhibit het-
erogeneous responses to NAC treatment at both genetic
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clustering of top 1% most variable probes of 450K data for each patient who participated chemotherapy separately; Bottom panel: copy number
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and epigenetic levels, and DNA methylation changes
were independent with CNV changes.

Heterogeneous epigenetic regulations on cancer-related
pathways by NAC

To investigate the genes involved in NAC-induced DNA
methylation alterations, we performed supervised analy-
sis on the DNA methylation levels of CpGs and defined
DMRs between samples prior to and post NAC for each
patient. Thus, we detected 9348, 3685 and 9034 DMRs for
Patients 164, 676 and 602, respectively (Fig. 3a). Finally,
2257 common DMRs were found among all the 3 patients
and these DMRs were assigned to the nearest genes with
hgl9 annotation. This indicated that NAC could pro-
foundly lead to the robust epigenetic changes on a group
of genes regardless of patients’ genomic and epigenetic
variances. To better understand the underlying mecha-
nism of these regulations, pathway enrichment analy-
sis was performed on above differentially methylated
(DM) genes. Interestingly, as the most prominent func-
tional categories of DM genes, a group of cancer-related

pathways were significantly altered by NAC, including
cAMP signaling pathway, PI3K-AKT signaling pathway,
ECM-receptor interaction etc. (Fig. 3b). A closer look
at the cAMP signaling pathway showed that although
many genes in the pathway were differentially methyl-
ated across all the 3 patients (Fig. 3c), most of them were
altered in divergent ways (Additional file 1: Figure S9).
For instance, in Patient 676, most of the DM genes were
hypomethylated; while the other 2 patients displayed
the opposite. A further look at the other cancer-related
pathways in each patient showed that different pathways
were regulated in divergent ways as well, which implied
that breast tumors in different patients might gain NAC
resistance via different molecular mechanisms (Addi-
tional file 1: Figure S10).

Four stem cell quiescence-associated genes were
convergently hypomethylated by NAC

Despite the high inter- and intra-tumor heterogeneity,
we hypothesize that there might be a small but com-
mon methylation signature for NAC resistance in which
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selective pressure by chemotherapy converges at specific
genes. We looked into the top DM genes and found that 4
genes, ALDHI1L1, HOPX, WNT5A and SOX9, were con-
vergently hypomethylated across all the post-NAC sam-
ples (Fig. 4). From the literature, the functions of these 4
genes are associated with stem cell quiescence [23-27].
We further examined the methylation status of these 4
genes in additional 24 NAC-treated BRCA using multi-
plexed MethyLight droplet digital PCR (ddPCR) assays
(Additional file 1: Figure S11). At least 3 pieces of spatially
separated pre- and post-NAC tumor biopsies were col-
lected from each patient. The results confirmed that these
4 genes are significantly less methylated in post-NAC
tumor samples (Fig. 5). We also looked into the alteration
in intra-tumor MH of these 4 genes under NAC pressure.
All genes except SOX9 displayed decreased intra-tumor
variance of methylation levels after NAC treatment, indi-
cating most of them were subjected to convergent selec-
tion pressure by NAC (Fig. 5). The pre-NAC intra-tumor
variance of SOX9 was already much lower than those of
the other 3 genes, so it was reasonable that the post-NAC
variance did not lower more (Fig. 5). Further, we looked
into the alteration in inter-tumor MH of these 4 genes
under NAC pressure. Among the 4 genes, ALDHI1L1
and HOPX exhibited decreased inter-tumor variance
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of methylation levels after NAC treatment; meanwhile,
WNT5A and SOX9 showed increased inter-tumor vari-
ance (Fig. 5). This indicated that there might be higher
selection pressure on ALDH1L1 and HOPX by NAC
treatment. In summary, the convergent hypomethylation
of these 4 genes in tumor biopsies after NAC was vali-
dated by MethyLight ddPCR assays.

Discussion

Although as one of most well-studied cancer types,
BRCA has been classified to distinct subtypes according
to the different criteria for determining the treatment
strategy [20], it is still not robust to predict progno-
sis or therapeutic response with either pathological
or immunochemical characterization due to the het-
erogeneity of the disease. Recent large-scale genomic
studies have shown that mutations in the epigenetic
machinery and concomitant perturbation of epig-
enomic patterning are frequent events in BRCA [28].
The best-studied epigenetic modification is DNA meth-
ylation, hyper- or hypo-methylation of gene regulatory
regions is associated with gene silence or activation.
For example, methylation of the pl6 tumor suppres-
sor gene was a potential early biomarker for detection
of BRCA [29]. Tumor DNA methylation has two levels
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of heterogeneity, one is inter-patient MH and the other
one is intra-tumor MH. Currently, lots of studies were
focusing on inter-tumor MH, and lots of data were gen-
erated by large-scale projects, such as TCGA. However,
studies focusing on intra-tumor MH patients are very
limited so far due to limitations of technologies and
cost. It has been reported that intra-tumor MH is pre-
dictive to tumor progression in many types of tumors
especially in lymphomas [30]. Nevertheless, the intra-
tumor MH in BRCA and its potential impact on breast
cancer progression and acquisition of drug resistance
are less studied. Our study firstly addresses the intra-
tumor MH in primary breast tumors in a genome-wide
manner and in the context of NAC.

Our results indicated that primary BRCA tumors had
great inter-tumor MH and different levels of intra-tumor
MH. Hence, if we want to use methylation-based bio-
markers to predict clinical outcomes, intra-tumor MH
is one of the most important features to be considered.
For heterogeneous patients, we need to evaluate different
regions of the tumors and make predictions taking such
variable information into consideration.

Moreover, we observed that the patients exhibited
heterogeneous DNA methylation and CNV changes in

response to NAC, suggesting that even the same regime
might affect different patients in divergent ways at both
genetic and epigenetic levels.

Furthermore, we observed heterogeneous epigenetic
regulation on cancer-related pathways by NAC, includ-
ing cAMP signaling pathway, PI3K-AKT signaling path-
way, ECM-receptor interaction etc. It is reported that
the cAMP signaling pathway has both pro- and anti-
apoptotic roles in cancers [31]. Some studies showed that
anti-cancer drugs such as cisplatin, ABT-737 and thy-
mogquinone induced cancer cell apoptosis via the cAMP/
PKA axis [32, 33]. Some other studies demonstrated that
hyperactivation of the cAMP/PKA axis conferred mul-
tidrug resistance in ovarian cancer [34, 35]. Considering
the other cancer-related pathways were also heteroge-
neously regulated in our study, we hypothesize that the
cAMP signaling pathway functions in BRCA in a context-
dependent manner. Hence, our results indicated that it
is important to gain genome-wide information when we
perform precision medicine for BRCA patients.

In spite of the high inter-patient heterogeneity, we
identified that 4 stem cell quiescence-associated genes,
ALDHI1L1, HOPX, WNT5A and SOX9, were conver-
gently hypomethylated in all the post-NAC samples.
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ALDHIL1 is a key enzyme that negatively regulate the
one-carbon metabolism to limit cell proliferation [36,
37] and is a marker for quiescent neuron stem cells [23].
WNT5A is a non-canonical Wnt ligand and functions to
maintain the quiescent state of multiple adult stem cells,
such as hematopoietic stem cells [24] and neural stem
cells [25]. HOPX is a transcription factor that negatively
regulates cell proliferation and is expressed in multiple
quiescent adult stem and progenitor cells, such as intes-
tinal stem cells, hair follicle stem cells and cardiac pro-
genitors [26]. Similar with HOPX, SOX9 is transcription
factor that regulates quiescence of intestinal stem cells
and hair follicle stem cells [27]. More interestingly, it is
reported to reprogram tumor cell into dormant status
as well [38]. As NAC is more effective for rapidly pro-
liferating tumor cells, we hypothesize that the hypo-
methylation of these quiescence-associated genes might
enable the tumor cells to escape NAC by driving them
into dormancy. Novel synthetic biology tools, such as the
CRISPR system [39, 40] and the combinatorial transgene
expression system [41, 42], can be used to establish rel-
evant cellular models to further investigate the underly-
ing mechanisms.

Conclusion

In conclusion, our findings have demonstrated that NAC
dramatically alter both inter- and intra-tumor MH in
BRCA tumors. Furthermore, 4 stem cell quiescence-
associated genes ALDH1L1, HOPX, WNT5A and SOX9
are convergently hypomethylated in BRCA tumors after
NAC treatment, which hold the potential to developed as
therapeutic targets or biomarkers for chemoresistance.

Additional file

Additional file 1: Table S1. Clinical Characteristics of Selected Breast
Cancer Patients. Table S2. Primers and probes used in ddPCR MethyLight
assays. Figure S1. Unsupervised clustering of top 1% most variable
probes of all the 870 TCGA-BRCA 450K samples. Figure S2. Unsupervised
clustering of top 1% most variable probes of all the 870 TCGA-BRCA

450K samples with PR/ER/HER2 annotations. Figure S3. Unsupervised
clustering of top 1% most variable probes of all the 870 TCGA-BRCA 450K
samples with TNM annotations. Figure S4. Histopathological analysis

of selected breast cancer patients. Figure S5. Sampling procedures. (A)
Breast cancer patients were selected who underwent core needle biopsy
sampling, followed by CET neoadjuvant chemotherapy regimens, and
finally surgical removal of the breast tumors. Each patient derived 3-4 core
needle biopsy specimens prior to NAC, and each post-NAC tumor tissue
was spatially dissected into 6-7 sectors; (B) Breast cancer patients were
selected whose breast tumors were surgically removed without neoadju-
vant chemotherapy treatment. Each tumor tissue was spatially dissected
into 6 sectors. Figure S6. Unsupervised clustering of top 1% most variable
probes of samples from 5 patients without chemotherapy separately.
Figure S7. Unsupervised clustering of 450K array probes mapped to
known genes associated to chemotherapy resistant: ABCB1, DUSP4, ETST,
FOXC1, GSTP1, PTEN and TGM2. Figure S8. Unsupervised clustering of

Page 10 of 12

MeTIL signature probes of all the samples. Figure S9. DM genes in KEGG
cAMP signaling pathway in the 3 NAC-treated patients. Red color indicates
hypermethylated genes; blue color indicates hypomethylated genes.
Figure $S10. DM genes in KEGG Pathways in Cancer in the 3 NAC-treated
patients. Red color indicates hypermethylated genes; blue color indicates
hypomethylated genes. Figure S11. Establishment of multiplexed
Methylight ddPCR. (A) Locations of CpGs in the MethyLight primers and
probes and the amplicons for methylated loci of interest, and the C-LESS-
C1 assay that amplifies a DNA strand without any cytosine to determine
the total DNA amounts in each sample. Genomic coordinate is referred
to UCSC hg19; (B) The C- LESS-C1 assay is measured by the HEX-labelled
probe, meanwhile 2 genes of interest are measured by the 2 genespecific
FAM-labelled probes adjusted at different concentrations. The accuracy
of ddPCR is sufficient to display the 2 gene-specific FAM-positive droplets
at 2 distinctively separated FAM altitudes, enabling quantification of the 2
genes with 1 fluorescent channel. For the first assay, Gene A = ALDH1L1,
Gene B = SOX9; for the second assay, Gene A = HOPX, Gene B = WNT5A.
Thus, the 4 genes can be measured with only 2 assays.

Abbreviations

BRCA: breast cancer; CNV: copy number variation; ddPCR: digital droplet
polymerase chain reaction; DMR: differentially methylated region; MH: meth-
ylation heterogenetiy; NAC: neoadjuvant chemotherapy; TIL: tumor-infiltrated
lymphocyte.

Authors’ contributions

YL and DZ conceived and designed the experiments; YL, JH, YT, XL, and LG
collected the samples, performed the microarray and ddPCR experiments,
and acquired the data; XSheng, XSun, YC and DZ analyzed the microarray and
ddPCR data; YL and DZ wrote the manuscript. All authors read and approved
the final manuscript.

Author details

! Key Laboratory for Major Obstetric Diseases of Guangdong Province and Key
Laboratory of Reproduction and Genetics of Guangdong Higher Education
Institutes, The Third Affiliated Hospital of Guangzhou Medical University,
Guangzhou 510150, China. 2 Department of General Surgery, The Third Affili-
ated Hospital of Guangzhou Medical University, Guangzhou 510150, China.

3 Department of Genetic Medicine, Weill Cornell Medical College, New York,
NY 10065, USA.

Competing interests
The authors declare that they have no competing interests.

Availability of data and materials
The microarray data from this study have been deposited in the Gene Expres-
sion Omnibus (GEO) under the accession number GSE106360.

Consent for publication
Informed consent for publication was obtained from all participants.

Ethics approval and consent to participate

This study had obtained the approval of the Ethics Committee of the Third
Affiliated Hospital of Guangzhou Medical University (2017/056) and informed
consent was obtained from all the patients involved.

Funding

This work was supported by grants from the Guangzhou City Science, Tech-
nology and Innovation Commission (201804010340), Guangdong Province
Science and Technology Planning Project (2017KTSCX151, A2014315), Liwan
District Science and Technology Planning Project (201804013), National
Natural Science Foundation of China (81401206), Guangzhou City Science
and Technology Planning Project (201504291115520, 201607010169) and The
Third Affiliated Hospital of Guangzhou Medical University Elite Talent Fund
Project (110217103).


https://doi.org/10.1186/s13578-019-0278-y

Luo et al. Cell Biosci (2019) 9:16

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Received: 18 September 2018 Accepted: 28 January 2019
Published online: 07 February 2019

References

1. Heyn H, Esteller M. DNA methylation profiling in the clinic: applications
and challenges. Nat Rev Genet. 2012;13:679-92. https://doi.org/10.1038/
nrg3270.

2. Fong PC, Yap TA, Boss DS, Carden CP, Mergui-Roelvink M, Gourley C, De
Greve J, Lubinski J, Shanley S, Messiou C, AHern R, Tutt A, Ashworth
A, Stone J, Carmichael J, Schellens JH, de Bono JS, Kaye SB. Poly(ADP)-
ribose polymerase inhibition: frequent durable responses in BRCA carrier
ovarian cancer correlating with platinum-free interval. J Clin Oncol.
2010;28:2512-9. https://doi.org/10.1200/JC0.2009.26.9589.

3. Dejeux E, Ronneberg JA, Solvang H, Bukholm |, Geisler S, Aas T, Gut IG,
Borresen-Dale AL, Lonning PE, Kristensen VN, Tost J. DNA methylation
profiling in doxorubicin treated primary locally advanced breast tumours
identifies novel genes associated with survival and treatment response.
Mol Cancer. 2010;9:68. https://doi.org/10.1186/1476-4598-9-68.

4. Chekhun VF, Kulik GI, Yurchenko OV, Tryndyak VP, Todor IN, Luniv LS,
Tregubova NA, Pryzimirska TV, Montgomery B, Rusetskaya NV, Pogribny
IP. Role of DNA hypomethylation in the development of the resistance to
doxorubicin in human MCF-7 breast adenocarcinoma cells. Cancer Lett.
2006;231:87-93. https://doi.org/10.1016/j.canlet.2005.01.038.

5. AiL Kim WJ, Demircan B, Dyer LM, Bray KJ, Skehan RR, Massoll NA, Brown
KD. The transglutaminase 2 gene (TGM2), a potential molecular marker
for chemotherapeutic drug sensitivity, is epigenetically silenced in breast
cancer. Carcinogenesis. 2008;29:510-8. https://doi.org/10.1093/carcin/
bgm?280.

6. Balko JM, Cook RS, Vaught DB, Kuba MG, Miller TW, Bhola NE, Sanders ME,
Granja-Ingram NM, Smith JJ, Meszoely IM, Salter J, Dowsett M, Stemke-
Hale K, Gonzalez-Angulo AM, Mills GB, Pinto JA, Gomez HL, Arteaga CL.
Profiling of residual breast cancers after neoadjuvant chemotherapy
identifies DUSP4 deficiency as a mechanism of drug resistance. Nat Med.
2012;18:1052-9. https://doi.org/10.1038/nm.2795.

7. Maier S, Nimmrich |, Koenig T, Eppenberger-Castori S, Bohimann |,
Paradiso A, Spyratos F, Thomssen C, Mueller V, Nahrig J, Schittulli F, Kates
R, Lesche R, Schwope |, Kluth A, Marx A, Martens JW, Foekens JA, Schmitt
M, Harbeck N, European Organisation for Research and Treatment of
Cancer (EORTC) PathoBiology group. DNA-methylation of the homeo-
domain transcription factor PITX2 reliably predicts risk of distant disease
recurrence in tamoxifen-treated, node-negative breast cancer patients—
Technical and clinical validation in a multi-centre setting in collaboration
with the European Organisation for Research and Treatment of Cancer
(EORTC) PathoBiology group. Eur J Cancer. 2007;43:1679-86. https://doi.
org/10.1016/j.ejca.2007.04.025.

8. lorns E, Turner NG, Elliott R, Syed N, Garrone O, Gasco M, Tutt AN, Crook T,
Lord CJ, Ashworth A. Identification of CDK10 as an important determi-
nant of resistance to endocrine therapy for breast cancer. Cancer Cell.
2008;13:91-104. https://doi.org/10.1016/j.ccr.2008.01.001.

9. Brocks D, Assenov Y, Minner S, Bogatyrova O, Simon R, Koop C, Oakes
C, Zucknick M, Lipka DB, Weischenfeldt J, Feuerbach L, Cowper-Sal Lari
R, Lupien M, Brors B, Korbel J, Schlomm T, Tanay A, Sauter G, Gerhauser
C, Plass C, ICGC Early Onset Prostate Cancer Project. Intratumor DNA
methylation heterogeneity reflects clonal evolution in aggressive
prostate cancer. Cell Rep. 2014,8:798-806. https://doi.org/10.1016/j.celre
p.2014.06.053.

10. LuoY,LiJ, Zhu D, FanY, LiS, Sun X. High-resolution chromosomal
microarray analysis of early-stage human embryonic stem cells reveals
an association between X chromosome instability and skewed X inactiva-
tion. Cell Biosci 2014;4(1):74.

11. Jeschke J, Bizet M, Desmedt C, Calonne E, Dedeurwaerder S, Garaud S,
Koch A, Larsimont D, Salgado R, Van den Eynden G, Willard Gallo K, Bon-
tempi G, Defrance M, Sotiriou C, Fuks F. DNA methylation-based immune

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Page 11 of 12

response signature improves patient diagnosis in multiple cancers. J Clin
Invest. 2017;127:3090-102. https://doi.org/10.1172/JCI91095.

Sandhu R, Roll JD, Rivenbark AG, Coleman WB. Dysregulation of the
epigenome in human breast cancer: contributions of gene-specific

DNA hypermethylation to breast cancer pathobiology and target-

ing the breast cancer methylome for improved therapy. Am J Pathol.
2015;185:282-92. https://doi.org/10.1016/j.ajpath.2014.12.003.

Witte T, Plass C, Gerhauser C. Pan-cancer patterns of DNA methylation.
Genome Med. 2014;6:66. https://doi.org/10.1186/513073-014-0066-6.
Moelans CB, de Groot JS, Pan X, van der Wall E, van Diest PJ. Clonal intra-
tumor heterogeneity of promoter hypermethylation in breast cancer by
MS-MLPA. Mod Pathol. 2014;27:869-74. https://doi.org/10.1038/modpa
thol.2013.207.

Pidsley R, Wong CC, Volta M, Lunnon K, Mill J, Schalkwyk LC. A data-driven
approach to preprocessing lllumina 450K methylation array data. BMC
Genomics. 2013;14:293. https://doi.org/10.1186/1471-2164-14-293.
Morris TJ, Butcher LM, Feber A, Teschendorff AE, Chakravarthy AR,
Wojdacz TK, Beck S. ChAMP: 450k chip analysis methylation pipeline.
Bioinformatics. 2014;30:428-30. https://doi.org/10.1093/bioinformatics/
btt684.

Peters TJ, Buckley MJ, Statham AL, Pidsley R, Samaras K, Lord RV, Clark SJ,
Molloy PL. De novo identification of differentially methylated regions

in the human genome. Epigenet Chromatin. 2015;8:6. https://doi.
0rg/10.1186/1756-8935-8-6.

Huang DW, Sherman BT, Lempicki RA. Systematic and integrative analysis
of large gene lists using DAVID bioinformatics resources. Nat Protoc.
2009;4:44-57. https://doi.org/10.1038/nprot.2008.211.

Weisenberger DJ, Trinh BN, Campan M, Sharma S, Long Tl, Ananthnarayan
S, Liang G, Esteva FJ, Hortobagyi GN, McCormick F, Jones PA, Laird PW.
DNA methylation analysis by digital bisulfite genomic sequencing and
digital MethyLight. Nucleic Acids Res. 2015;36:4689-98. https://doi.
0rg/10.1093/nar/gkn455.

Szyf M. DNA methylation signatures for breast cancer classification and
prognosis. Genome Med. 2012;4:26. https://doi.org/10.1186/gm325.
Parker JS, Mullins M, Cheang MC, Leung S, Voduc D, Vickery T, Davies S,
Fauron C, He X, Hu Z, Quackenbush JF, Stijleman 1J, Palazzo J, Marron JS,
Nobel AB, Mardis E, Nielsen TO, Ellis MJ, Perou CM, Bernard PS. Supervised
risk predictor of breast cancer based on intrinsic subtypes. J Clin Oncol.
2009;27:1160-7. https://doi.org/10.1200/JC0O.2008.18.1370.

He DX, Gu XT, Jiang L, Jin J, Ma X. A methylation-based regulatory net-
work for microRNA 320a in chemoresistant breast cancer. Mol Pharmacol.
2014;86:536-47. https://doi.org/10.1124/mol.114.092759.

Foo LC, Dougherty JD. Aldh1L1 is expressed by postnatal neural stem
cells in vivo. Glia. 2013;61:1533-41. https://doi.org/10.1002/glia.22539.
Mariotto A, Pavlova O, Park HS, Huber M, Hohl D. HOPX: the unusual
homeodomain-containing protein. J Invest Dermatol. 2016;136:905-11.
https://doi.org/10.1016/},id.2016.01.032.

Nemeth MJ, Topol L, Anderson SM, Yang Y, Bodine DM. Wnt5a inhibits
canonical Wnt signaling in hematopoietic stem cells and enhances
repopulation. Proc Natl Acad Sci USA. 2007;104:15436-41. https://doi.
org/10.1073/pnas.0704747104.

Chavali M, Klingener M, Kokkosis AG, Garkun'Y, Felong S, Maffei A, Aguirre
A. Non-canonical Wnt signaling regulates neural stem cell quiescence
during homeostasis and after demyelination. Nat Commun. 2018;9:36.
https://doi.org/10.1038/s41467-017-02440-0.

Richmond CA, Shah MS, Carlone DL, Breault DT. Factors regulating
quiescent stem cells: insights from the intestine and other self-renewing
tissues. J Physiol. 2016,594:4805-13. https://doi.org/10.1113/JP271653.
Dickinson RE, Dallol A, Bieche |, Krex D, Morton D, Maher ER, Latif . Epige-
netic inactivation of SLIT3 and SLIT1 genes in human cancers. Br J Cancer.
2004;91:2071-8. https://doi.org/10.1038/s].bjc.6602222.

Berman H, Zhang J, Crawford YG, Gauthier ML, Fordyce CA, McDermott
KM, Sigaroudinia M, Kozakiewicz K, TIsty TD. Genetic and epigenetic
changes in mammary epithelial cells identify a subpopulation of cells
involved in early carcinogenesis. Cold Spring Harb Symp Quant Biol.
2005;70:317-27. https://doi.org/10.1101/59b.2005.70.051.

Pan H, Jiang Y, Boi M, Tabbo F, Redmond D, Nie K, Ladetto M, Chiappella
A, Cerchietti L, Shaknovich R, Melnick AM, Inghirami GG, Tam W, Elemento
O. Epigenomic evolution in diffuse large B-cell lymphomas. Nat Com-
mun. 2015;6:6921. https://doi.org/10.1038/ncomms7921.


https://doi.org/10.1038/nrg3270
https://doi.org/10.1038/nrg3270
https://doi.org/10.1200/JCO.2009.26.9589
https://doi.org/10.1186/1476-4598-9-68
https://doi.org/10.1016/j.canlet.2005.01.038
https://doi.org/10.1093/carcin/bgm280
https://doi.org/10.1093/carcin/bgm280
https://doi.org/10.1038/nm.2795
https://doi.org/10.1016/j.ejca.2007.04.025
https://doi.org/10.1016/j.ejca.2007.04.025
https://doi.org/10.1016/j.ccr.2008.01.001
https://doi.org/10.1016/j.celrep.2014.06.053
https://doi.org/10.1016/j.celrep.2014.06.053
https://doi.org/10.1172/JCI91095
https://doi.org/10.1016/j.ajpath.2014.12.003
https://doi.org/10.1186/s13073-014-0066-6
https://doi.org/10.1038/modpathol.2013.207
https://doi.org/10.1038/modpathol.2013.207
https://doi.org/10.1186/1471-2164-14-293
https://doi.org/10.1093/bioinformatics/btt684
https://doi.org/10.1093/bioinformatics/btt684
https://doi.org/10.1186/1756-8935-8-6
https://doi.org/10.1186/1756-8935-8-6
https://doi.org/10.1038/nprot.2008.211
https://doi.org/10.1093/nar/gkn455
https://doi.org/10.1093/nar/gkn455
https://doi.org/10.1186/gm325
https://doi.org/10.1200/JCO.2008.18.1370
https://doi.org/10.1124/mol.114.092759
https://doi.org/10.1002/glia.22539
https://doi.org/10.1016/j.jid.2016.01.032
https://doi.org/10.1073/pnas.0704747104
https://doi.org/10.1073/pnas.0704747104
https://doi.org/10.1038/s41467-017-02440-0
https://doi.org/10.1113/JP271653
https://doi.org/10.1038/sj.bjc.6602222
https://doi.org/10.1101/sqb.2005.70.051
https://doi.org/10.1038/ncomms7921

Luo et al. Cell Biosci

31.

32.

33

34.

35.

36.

(2019) 9:16

Insel PA, Zhang L, Murray F, Yokouchi H, Zambon AC. Cyclic AMP is both a
pro-apoptotic and anti-apoptotic second messenger. Acta Physiol (Oxf).
2012;204:277-87. https://doi.org/10.1111/j.1748-1716.2011.02273 X.

Lin H, Lin Q, Liu M, Lin Y, Wang X, Chen H, Xia Z, Lu B, Ding F, Wu Q, Wang
HR. PKA/Smurf1 signaling-mediated stabilization of Nur77 is required for
anticancer drug cisplatin-induced apoptosis. Oncogene. 2014;33:1629—
39. https://doi.org/10.1038/onc.2013.116.

Rukoyatkina N, Butt E, Subramanian H, Nikolaev VO, Mindukshev |, Walter
U, Gambaryan S, Benz PM. Protein kinase A activation by the anti-cancer
drugs ABT-737 and thymogquinone is caspase-3-dependent and corre-
lates with platelet inhibition and apoptosis. Cell Death Dis. 2017,8:22898.
https://doi.org/10.1038/cddis.2017.290.

Dimitrova N, Nagaraj AB, Razi A, Singh S, Kamalakaran S, Banerjee N,
Joseph P, Mankovich A, Mittal P, DiFeo A, Varadan V. InFlo: a novel systems
biology framework identifies CAMP-CREB1 axis as a key modulator of
platinum resistance in ovarian cancer. Oncogene. 2017;36:2472-82. https
://doi.org/10.1038/0nc.2016.398.

YuT,Yang G, Hou Y, Tang X, Wu C, Wu XA, Guo L, Zhu Q, Luo H, Du YE,
Wen 'S, Xu L, Yin J, Tu G, Liu M. Cytoplasmic GPER translocation in cancer-
associated fibroblasts mediates cCAMP/PKA/CREB/glycolytic axis to confer
tumor cells with multidrug resistance. Oncogene. 2017;36:2131-45. https
://doi.org/10.1038/0nc.2016.370.

Ducker GS, Rabinowitz JD. One-carbon metabolism in health and disease.

Cell Metab. 2017;25:27-42. https://doi.org/10.1016/j.cmet.2016.08.009.

37.

38.

39.

40.

41.

42.

Page 12 of 12

Zhu D, Zhao Z, Cui G, Chang S, Hu L, See YX, Lim MGL, Guo D, Chen X,
Robson P, Luo Y, Cheung E. Single-cell transcriptome analysis reveals
estrogen signaling coordinately augments one-carbon, polyamine, and
purine synthesis in breast cancer. Cell Rep. 2018;25:2285-98. https://doi.
org/10.1016/j.celrep.2018.10.093.

Sosa MS, Parikh F, Maia AG, Estrada Y, Bosch A, Bragado P, Ekpin E, George
A, Zheng Y, Lam HM, Morrissey C, Chung CY, Farias EF, Bernstein E,
Aguirre-Ghiso JA. NR2F1 controls tumour cell dormancy via SOX9- and
RARB-driven quiescence programmes. Nat Commun. 2015;6:6170. https
;//doi.org/10.1038/ncomms7170.

LuoY, Xu X, An X, Sun X, Wang S, Zhu D. Targeted inhibition of the miR-
199a/214 cluster by CRISPR interference augments the tumor tropism of
human induced pluripotent stem cell-derived neural stem cells under
hypoxic condition. Stem Cells Int 2016;2016:1-8.

LuoY, Zhu D, Zhang Z, Chen'Y, Sun X. Integrative analysis of CRISPR/Cas9
target sites in the human gene. BioMed Res Int 2015;2015:1-9.

LuoY, Zhu D, Lam DH, Huang J, Tang Y, Luo X, Wang S. A double-switch
cell fusion-inducible transgene expression system for neural stem cell-
based antiglioma gene therapy. Stem Cells Int 2015;2015:1-8.

Luo Y, Zhu D. Combinatorial control of transgene expression by hypoxia-
responsive promoter and microRNA regulation for neural stem cell-based
cancer therapy. BioMed Res Int 2014;2014:1-9.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1111/j.1748-1716.2011.02273.x
https://doi.org/10.1038/onc.2013.116
https://doi.org/10.1038/cddis.2017.290
https://doi.org/10.1038/onc.2016.398
https://doi.org/10.1038/onc.2016.398
https://doi.org/10.1038/onc.2016.370
https://doi.org/10.1038/onc.2016.370
https://doi.org/10.1016/j.cmet.2016.08.009
https://doi.org/10.1016/j.celrep.2018.10.093
https://doi.org/10.1016/j.celrep.2018.10.093
https://doi.org/10.1038/ncomms7170
https://doi.org/10.1038/ncomms7170

	Regional methylome profiling reveals dynamic epigenetic heterogeneity and convergent hypomethylation of stem cell quiescence-associated genes in breast cancer following neoadjuvant chemotherapy
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Patient materials
	DNA methylation profiling
	Copy number alteration analysis
	Differential methylation analysis and functional enrichment analysis
	MethyLight droplet digital PCR

	Results
	DNA methylation provides independent information from current BRCA classification systems
	Primary BRCA tumors display different levels of intra-tumor MH
	BRCA tumors exhibit heterogeneous DNA methylation changes in response to NAC
	Heterogeneous epigenetic regulations on cancer-related pathways by NAC
	Four stem cell quiescence-associated genes were convergently hypomethylated by NAC

	Discussion
	Conclusion
	Authors’ contributions
	References




