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A histone-centric multi-omics study shows
that increased H3K4 methylation sustains
triple-negative breast cancer phenotypes

Roberta Noberini 1,8 , Giulia Robusti 1,8, Alessandro Vai1,8,
Evelyn Oliva Savoia 1, Maria Giovanna Jodice1, Giovanni Bertalot 1,6,7,
Betül Çat 1, Isabella Pallavicini1, Giuseppina Bonizzi2, Maria Capra2,
Claudia Anna Sangalli3, Federico Zambelli 4, Nicola Fusco2,5, Salvatore Pece1,5,
Giulio Pavesi4, Saverio Minucci1,5 & Tiziana Bonaldi 1,5

Altered histone post-translationalmodifications are frequently associatedwith
cancer. Here, we apply mass-spectrometry to study the epigenetic landscapes
of breast cancer subtypes, with a particular focus on triple-negative breast
cancers (TNBCs), a heterogeneous group lacking well-defined molecular tar-
gets and effective therapies. The analysis of over 200 tumors reveals epige-
netic signatures that discriminate TNBCs from the other BC subtypes, and that
distinguish TNBC patients with different prognoses. Employing amulti-OMICs
approach integrating epigenomics, transcriptomics, and proteomics data, we
investigate the mechanistic role of increased H3K4 methylation in TNBCs,
demonstrating thatH3K4me2 sustains the expression of genes associatedwith
the TNBC phenotype. Through CRISPR-mediated editing, we establish a causal
relationship between H3K4me2 and gene expression for several targets. Fur-
thermore, treatment with H3K4methyltransferase inhibitors reduce TNBC cell
growth in vitro and in vivo. Collectively, our results unravel a novel epigenetic
pathway implicated in TNBC pathogenesis and suggest new opportunities for
targeted therapy.

Breast cancer (BC) is the most common cancer in women worldwide.
Despite a significant improvement in patient survival over the last
decades, 40% of BC patients experience relapse, eventually suc-
cumbing to their disease. BC therefore remains the first cause of
cancer-related death in women. BC subtypes are typically defined
based on the immunoreactivity of hormone receptors (Estrogen
Receptor-ER, or Progesteron Receptor - PGR), the HER2 receptor and
the proliferation marker Ki-67. The main breast cancer molecular
subtypes include: Luminal A, Luminal B, HER2-positive and triple
negative. Among BC subtypes, triple negative breast cancers (TNBCs),

which represent 15–20% of all breast cancers, are more aggressive and
have a worse clinical outcome compared to other subtypes of breast
tumors. Treatment of TNBC patients has been challenging due to the
heterogeneity of the disease and the absence ofmolecular targets, and
unlike ER-positive and HER2-positive breast cancer, there is no
approved targeted therapy for TNBC. Recently, a step towards this
goal was achieved through gene expression analysis of TNBCs, which
suggested the existence of six subtypes – which were then revised to
four – displaying unique gene expressions and ontologies and distinct
responses to different chemotherapeutic agents1,2.
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Cancer arises as the result of the accumulation of genetic defects
such as mutations and copy number changes3,4. However, striking
evidence has now shown how epigenetic changes, including histone
post-translational modifications (PTMs), also play a crucial role in
cancer initiation and progression, also in the context of adaptation to
drug treatment5,6. Histone PTMs represent a vast catalog of combina-
torial events that occur on the tail of histone proteins, the critical unit
of chromatin, and that contribute to gene regulation and phenotypic
identities. Histone PTM alterations are often linked with cancer.
Indeed, after the landmark discoveries of the loss of acetylation onH4-
lysine 16 (H4K16ac) and of H4-lysine 20 trimethylation (H4K20me3) in
cancer7, and the prognostic value of histone PTMs in various types of
cancers8,9, manymore histonemarks have been recognized as possible
cancer biomarkers10. In breast cancer, a significant correlation has
been shown between aberrant histone PTM pattern, tumor biomarker
phenotype and clinical outcome by immunohistochemistry11. By using
state-of-the-art mass spectrometry (MS)-based approaches, which
allow an unbiased, comprehensive and quantitative analysis of histone
PTMs12, wealso identified severalmarksdistinguishingBC fromnormal
tissue, as well as different molecular subtypes, in pilot studies13–16.

Global alterations of histone marks observed in cancer are often
caused by aberrations in the activity or expression of histone mod-
ifying enzymes17. Since epigenetic changes, unlike genetic ones, are
intrinsically reversible and can be overturned, targeting epigenetic
enzymes for therapeutic use has emerged as a promising avenue in
translational research1,18,19. Therefore, profiling histone modifications
in disease can not only help to uncover possible epigenetic mechan-
isms underlying different pathologies but also suggest novel epige-
netic pathways targetable for therapy.

In this study, we perform an epi-proteomics analysis of large
cohorts (n = 202 total samples) of BC patient samples belonging to
different subtypes. We find that TN samples are characterized by a
specific epigenetic profile that distinguishes them from the other
subtypes, and that changes in a few histonemarks, particularly histone
H3K4methylation, are associatedwith TNBC prognosis. To investigate
this further, we employ a multi-OMICs approach integrating epige-
nomics, transcriptomics, and proteomics data from BC clinical sam-
ples, and we observe that H3K4me2 drives the expression of multiple
genes associated with the TNBC phenotype. Importantly, we
mechanistically prove this causal link for a subset of genes, by mod-
ulating H3K4me2 levels through CRISPR-mediated epigenome editing.
In addition, we show that pharmacologically reducing H3K4 methyla-
tion levels decreases TNBC cell line growth in vitro and tumor growth
in a xenograft in vivo model, unraveling a potential novel therapeutic
avenue for the treatment of this tumor.

Results
Mass spectrometry-based profiling of BC clinical samples iden-
tifies a histone PTM signature of triple negative breast cancer
Liquid chromatography coupled with MS has emerged as the most
powerful tool for the analysis of histone PTMs and variants. During the
last years we have developed various bottom-up MS-based methods
that allow profiling up to 100 differentially modified peptides from
formalin-fixed paraffin embedded (FFPE) and frozen patient
tissues13–15,20,21. We applied these methods to profile histone PTMs in a
cohort of 120 breast cancer patient tissues comprising 22 Luminal-A
like (LuA), 23 Luminal-B like, 19 HER-positive (HER+) and 56 triple
negative (TN) samples (Supplementary Fig. 1 and Supplementary
Dataset 1). We also included in the analysis 21 normal breast tissues
adjacent to tumor tissue, some of which were matched to the tumors
analyzed, from previous studies14,16. Histone H3 was processed with an
in-gel digestion protocol involving the derivatization of lysines with
deuterated acetic anhydride15, while histone H4 was digested in solu-
tion with the Arg-C protease16 (Fig. 1a), which were the most efficient
approaches to comprehensively profile histone acetylations and

methylations on histones H3 and H4 at the time these experiments
were carried out. Because the amount of tissue necessary to complete
both digestions was not available for all the samples, histone H4
modificationswereprofiled in 60 samples (9 LuA, 8 LuB, 6HER+ and 37
TN). Heavy-isotope labeled histones were added as a spike-in standard
to each of the samples prior to digestion and used as an internal
standard, to improve quantitation accuracy22,23.

The heatmap in Fig. 1b summarizes the results from our epige-
netic profiling and highlights several significant differences among the
sample groups. In particular, 40 of the 45 total differentially modified
peptides quantified in this cohort showed at least one significant dif-
ference in the group comparison (the right panel in Fig. 1b shows the
results for the comparisons involving the TN subtype), highlighting
substantial differences in the epigenetic landscape of different BC
subtypes. The principal component analysis (PCA, Fig. 1c) shows that
LuA samples are themost similar tonormal tissue andoverlapwith LuB
samples. HER+ tumors partially overlap with all the other subtypes.
The TN group constitutes the most divergent group compared to
normal tissue, and clusters separately from luminal samples. TN
tumors are also the most epigenetically heterogeneous, in agreement
with the known heterogeneity of this subtype24. Changes in histone
PTMs compared with normal breast tissues are generally few andmild
in LuA samples, and are progressively more marked in LuB, HER+ and
TN tumors (Fig. 1d, Supplementary Fig.2). Interestingly, H4K20me3
and H4K16ac, whose decrease has already been reported as a general
hallmark of cancer7, progressively decrease in BC tumors, with more
marked fold changes in TN. The decrease of H4K20me3 was paralleled
by amarked increase of unmodifiedH4K20, while themild decrease of
H4K16ac is paralleled by an increase of the hyperacetylated forms of
the histone H4 tail (H4K5K8K12K16-4ac). Overall, the “epigenetic sig-
nature” of the TN subtype is characterized by an increase of
H3K4methylations (H3K4me1/me2), H3K9me3, H3K36 methylation
(H3K36me1/me2) and of histone H4 hyper-acetylation. Conversely,
H3K27me3-containing peptides, H3K79 methylation (H3K79me1/
me2), H4K16ac and H4K20me3 decrease in TNBCs.

These results represent the first comprehensive and systematic
profiling of histone PTMs in breast cancer clinical samples, and reveal
specific epigenetic profiles associatedwith different subtypes, with TN
samples showing the most divergent profiles.

Epigenetic profiling of a validation cohort comprising LuA and
TN samples
To validate the findings from our epigenetic profiling, we gathered an
independent cohort of 31 fresh-frozen samples, comprising 15 LuA and
16 TN cases (Supplementary Fig. 1 and Supplementary Dataset 1). The
LuA subtype was chosen as the most divergent subtype - not only in
terms of epigenetic profiles, but also clinical and survival features-
compared to TN tumors. In this case, histones were proteolytically
digested with an optimized in-gel digestion protocol involving a dou-
ble derivatization of histone peptides25. This protocol allows the con-
comitant profiling of histone H3 and H4 PTMs from lower starting
amount of tissue, and improves the detection of short and hydrophilic
peptides, such as H3K4me3, which could not be reliably measured in
the previous sample set25. This protocol also allows the analysis of
several histone H2A PTMs. The results from our validation cohort are
remarkably similar to those obtained from the comparison of LuA and
TN samples from our first set of samples, as most of the differences
observed in Cohort 1 were also present in Cohort 2 (Fig. 2a, Supple-
mentary Fig. 3). In addition, in Cohort 2 we were able to detect an
increase in the TN subtype of H3K4me3 and H2AXK5ac|K9ac, two
modified peptides that were not detectable in Cohort 1.

Because histone PTM abundances have been shown to change
during the cell cycle26,27, we tested whether the differences observed
in BC samples could be influenced by the different proliferation rates
of the subtypes. We analyzed histone PTM levels in MDA-MB-231 TN
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cells expressing the FUCCI system, which enables the isolation of
cells in different cell cycle states based on the expression of specific
fluorophores28 (Fig. 2b and Supplementary Fig. 3c). The comparison
of G2/M cells with unsorted cells showed that most of the histone
PTMs changes identified in TNBCs, including H3K4me2/me3,
H3K9me3, H3K79me1/me2, and H4K20me3 are independent from

the specific cell cycle phase (Fig. 2b), ruling out that the observed
difference among subtypes could be explainedmerely by differences
in proliferation rates. On the contrary, H3K27me3, H3K36me1/me2,
and H4K16ac displayed in G2/M cells a change similar to that
observed in TN, suggesting that increased proliferation may at least
partially account for the difference observed in TN samples.
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As an additional control, for a subset of samples (4 LuA and 12 TN
tissues, Supplementary Fig. 1), we carried out an MS-based profiling of
homogeneous tumor populations obtained by laser microdissection,
to verify that the changes observed between subtypes are due to
changes in tumor cells and not to the contribution of normal cells or of
tumor microenvironment (Fig. 2a, right panel). Despite the limited
number of samples profiled, the most pronounced and significant
differences found in the previous experiments were confirmed also in

lasermicrodissected samples. These include the increase ofH3K4me2/
me3 and H3K9me3, and the decrease of H4K20me3. Due to the low
amount of material, which limits the number of measurable mod-
ifications, PTMs on histone H3 K27, K36 and K79 could not be mea-
sured. Nevertheless, we have shown changes of H3K27 and H3K36
methylations in TN vs LuA samples in homogeneous laser micro-
dissected population in a previous study13. Altogether, these results
confirm the combinatorial epigenetic differences distinguishing TN

Fig. 1 | Mass spectrometry-based histone PTM profiling of breast cancer
molecular subtypes. a Pipeline of the MS-based experiment showing histone
extraction, histone derivatization, mixing with an internal standard, histone
digestion (lysine acylation followed by in-gel trypsin digestion for histone H3, and
in-solution Arg-C digestion for histone H4), and LC–MS/MS acquisition and quan-
tification of histone PTMs levels in patient-derived tissues. Histone H3 PTMs were
analyzed in 21 normal breast and 22 luminal-A-like (LuA), 23 luminal-B-like (LuB), 19
HER-positive (HER+) and 56 triple-negative samples. Histone H4 PTMs were ana-
lyzed in 9 normal breast and 9 LuA, 8 LuB, 6 HER+ and 37 TN samples. Breast and
breast cancer cartoons were provided by ServierMedical Art (https://smart.servier.
com/), licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
b Heatmap display of the log2(L/H ratios) obtained for histone PTMs in normal
breast or breast tumors belonging to different molecular subtypes. L/H (light/
heavy) relative abundance ratios were obtained using a spike-in strategy (light
channel: sample, heavy channel: spike-in standard), and were normalized to the

average ratios across samples. The storage method, grade, ER/PGR status, HER
status andKi67 index are indicated. The grey color indicates peptides thatwere not
quantified. Pearson’s correlation distance and average linkagewere employed both
for rows and columns clustering. The right panel highlights significant changes
(p <0.05 by two-tailed limma pairwise comparisons) for the comparison of the
different groups to the TNBC subtype. Red indicates a significant increase, blue a
significant decrease in TNBC, and white no significant changes. c Principal com-
ponent analysis (PCA) based on histone PTM data obtained from the samples
shown in b. Patients with a complete absence of values for histone H4 peptides
were excluded.Missing valueswere replacedwith 0.d Log2(L/H ratios) for selected
histone PTMs from the patient samples shown in b. The mean is indicated for each
group. Bar: p <0.05 by two-tailed limma pairwise comparisons. The number of
samples analyzed for each modification and the exact p-values are reported in
Dataset S2. The symbol “|” indicates that the modification is present on only one of
the indicated residues.
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from LuA BC samples and indicate that they are due –for the major
part– to changes that are independent from the proliferation rate and
occur in the tumor cells and not in the tumor microenvironment.

Epigenetic marks show prognostic value in TNBC
We next focused on the TN subtype and asked whether histone PTM
levels can stratify patients based on their survival. The comparison of
the epigenetic profiles of TNBC primary tumors from patients with or
without relapse 3 years after chemotherapy showed few significant/
close to significant changes in histone PTMs (Fig. 3a and Supplemen-
tary Fig. 4a). Interestingly, the most marked and reproducible altera-
tion in relapsing patients was an increase of H3K4me2, which was
found significantly different in all the dataset tested, includingCohorts
1 and 2, and –remarkably– also in the laser microdissected sample
group (Fig. 3a, b). In addition, H3K4me1 and me3 were increased in
Cohort 2, and H3K4me1 also in the LMD set.

Additionally, we analyzed the association between histone PTMs
and the probability of survival in a total of 107 TNBCs comprising 56
samples from Cohort 1, 16 from Cohort 2 and additional 35 samples
(Cohort 3, Supplementary Fig. 1). H3K4me2 displayed once again the

most significant association with both overall survival and disease-free
survival (Fig. 3c and Supplementary Fig. 5), thus emerging as an
attractive potential prognosticmarker in TNBC. Importantly, H3K4me2-
high and H3K4me2-low tumors did not show differences in Ki67 levels
(Fig. 3d and Supplementary Fig. 5), further suggesting that the changes
observed in this PTM are not merely a reflection of proliferation chan-
ges. Interestingly, clustering of TNBC samples based on histone H3
PTMs (which was performed separately for Cohort 1 and Cohorts 2 + 3)
defined two clusters that were characterized by similar histone PTM
levels (Supplementary Fig. 4b), possibly suggesting that specific histone
PTM patterns could characterize TNBC subgroups. One of the two
clusters showed significantly higherH3K4me2, whichwas accompanied
by higher levels of H3K4me1, H3K36 methylations, H3K18acK23ac, and
lower levels of H3K27 methylations (Supplementary Fig. 4c).

A multi-OMICs approach to dissect the downstream effects of
increased H3K4me2 levels in TNBC
H3K4me2 is typically associated with positive regulation of transcrip-
tion and has been shown to localize at cis-regulatory regions, such as
promoters and enhancers29. To study the downstream effects of

a

0
0.

5
1

1.
5

2

H3K27me2

H3K4me2

H3K4me1
H3K27me1K36me3

H3K27me3

H3K4me3
H3K36me1

-0.5 0 0.5 1 1.5
log2(TN rel/TN no rel)

TN no rel TN rel

0
0.

5
1

H3K4me2

H3K4me1

H3K18ac|K23ac

H3K18acK23ac

0 0.5 1
log2(TN rel/TN no rel)

TN no rel TN rel
0

0.
5

1
H3K4me2

H3K9me3
H3K36me2

H3K36me1

-0.2 0 0.2 0.4
log2(TN rel/TN no rel)

-lo
g1

0(
p 

va
lu

e)
TN no rel TN rel

Cohort 1 Cohort 2 LMD samples
lo

g2
(L

/H
ra

tio
)

-2

-1

0

1

2

H3K4me2 
Cohort 1

-0.5

0.0

0.5

H3K4me2
Cohort 2

LuA no rel  rel
TN

0.8

1.0

1.2

1.4

1.6

1.8

H3K4me2
LMD samples

LuA no rel  rel
TN

LuA no rel  rel
TN

b

+
++++++++ + ++ ++ + +++ +++

+
+
+ + ++++++++++++++++++++++++ +++++

p = 0.0067

0.00

0.25

0.50

0.75

1.00

0 1000 2000 3000 4000 5000 6000
Days

D
FS

 P
ro

ba
bi

lit
y

+ H3K4me2-high

+ H3K4me2-Low

H3K4me2c d

0

25

50

75

100

high low
H3K4me2

Ki
67

 (%
)

Fig. 3 | The H3K4me2 mark is associated with worse prognosis in TNBC.
a Volcano plots showing histone PTM changes versus P values in TNBCs with
relapse (rel) versus TNBCs without relapse (no rel) three years after chemotherapy
in Cohort 1 (29 no rel, 11 rel), Cohort 2 (11 no rel, 5 rel) and in a subset of laser
microdissected (LMD) samples (6 no rel, 6 rel). The horizontal line represents the
threshold of statistical significance (p <0.05by two-tailed limmamoderated t-test).
Unmodified peptides are not labeled. The symbol “|” indicates that themodification
is present on only one of the indicated residues.b Log2(L/H ratios) for H3K4me2 in
Cohorts 1 and 2, and in laser microdissected samples. Bar: p <0.05 by two-tailed
limmamoderated t-test. Themean is shown for each group. Cohort 1: 22 LuA, 29TN

no rel, 11 TNrel. Cohort 2: 15 LuA, 11 TNno rel, 5 TNrel. LMD samples: 4 LuA, 6 TNno
rel, 6 TN rel. exact p values are reported in Dataset S2. c Kaplan-Meier curve dis-
playing the estimated disease-free survival (DFS) probability for two groups of
TNBCs defined based on the level of H3K4me2. The analysis was performed in
TNBCpatients comprising Cohort 1 (n = 56), Cohort 2 (n = 16) and Cohort 3 (n = 35).
The log-rank test indicates a significant difference between the survival curves.
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H3K4me2 higher levels in TNBC and its effects on gene expression, we
integratedourMSquantitative datawith epigenomics, transcriptomics
and proteomics data in a histone-focused multi-OMICs
approach (Fig. 4a).

We performed H3K4me2 ChIP-seq in 7 LuA and 8 TN clinical
breast cancer samples (Supplementary Fig. 6a). The overall H3K4me2

enrichment at promoters and distal regions clearly separates the two
subtypes by multi-dimensional scaling (MDS) (Fig. 4b), with a more
pronounced separation when H3K4me2 is localized at distal regions.
We then used H3K4me2 ChIP-seq data to define ‘common peaks’,
namely enriched regions present in both subtypes, and ‘unique peaks’,
namely enriched regions identified only in TN tumors but not in LuA
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samples (n = 5083), and vice versa (n = 2936) (Fig. 4c). The majority of
commonpeaks (approximately41%) localized topromoter regions and
transcription start sites, as previously described30. Instead, H3K4me2
peaks unique to the TN or LuA subtypes were mostly localized in gene
bodies and intergenic regions (Fig. 4d), suggesting that enhancersmay
play a more important role in defining BC subtypes, through the
modulation of subtype-specific gene expression.

In order to verify whether the presence of a H3K4me2-unique
peak correlates with increased transcript levels, we integrated the
ChIP-seq data with LuA and TN transcriptomic data from The Cancer
Genome Atlas Program (TCGA). This analysis unraveled a clear cor-
relation between H3K4me2 presence at promoters and enhancers
(retrieved from31) and the estimated transcript levels of the corre-
sponding genes (Fig. 4e). Most of the common H3K4me2 peaks
corresponded to genes with similar expression in the two subtypes,
while unique peaks were more frequently associated to genes with
higher expression in the respective subtype, both when we inter-
rogated transcriptomics data from TCGA (Fig. 4e) and the RNA-seq
data acquired from 9 samples matching those used for the ChIP-seq
experiments (Supplementary Fig. 6b). Interestingly, we observed a
more marked increase in expression when H3K4me2 localized at
enhancers, particularly in the case of matched ChIP-seq/RNA-seq
data, in agreement with the reported role of enhancers in boosting
gene expression32. The intersection of genes with H3K4me2 TN
specific gains with genes up-regulated at the RNA level in TN com-
pared to LuA samples yielded 237 genes whose expression is puta-
tively regulated by H3K4me2 (Fig. 4f). Notably, the functional
categories associated with this set of genes that emerged from an
over-representation analysis revealed terms related to the basal
features and “core” phenotype of TNBCs (Fig. 4g). We also added to
our analysis the layer of protein expression, by using the Clinical
Proteomic Tumor Analysis Consortium (CPTAC) breast cancer
dataset33. The functional analysis of genes with a H3K4me2 peak
unique to TN and upregulated both at the transcript and protein
levels confirmed the enrichment of the same terms (Fig. 4g), which
were also found by 2D annotation enrichment analysis34 of matched
samples for which we acquired transcriptomes and proteomes
(Supplementary Fig. 6a, c).

Taken together, the intersection of ChIP-seq and transcriptomics/
proteomics data revealed thatH3K4me2 potentially regulatesmultiple
genes related with the TNBC phenotype.

H3K4me2 regulates the expression of genes linked with the
TNBC phenotype
To mechanistically prove the causal link between the presence of
H3K4me2 and the expression of genes associated with the TNBC

phenotype that emerged from our multi-OMICs analysis, we took
advantage of the CRISPR interference (CRISPRi) technology, which
allows epigenetic editing and targeting of specific genomic regions
of interest by using protein domains specific for histone PTMs
removal or deposition35. Here we employed a previously reported
CRISPRi system that is particularly well suited for our needs36, as it
involves a deactivated d-Cas9 fused with LSD1, which is a deme-
thylase specific for H3K4me2. We focused on six representative
genes, three of which present TN-specific H3K4me2 peaks at pro-
moters (PLA2G4A, IGF2BP3, AIM2) and three at enhancers (GLS,
GLIPR2, PLCG2). The selection of these genes satisfied several cri-
teria: (1) high expression fold change in TN compared with LuA
samples at both the gene and protein levels (Figs. 5a), (2) the pre-
sence of a peak with a strong enrichment to be targeted by CRISPRi
(Fig. 5b and Supplementary Fig. 7), and (3) a reported implication in
the development or progression of cancer. PLA2G4A is a phos-
pholipid metabolizing enzyme overexpressed in BC that releases
free fatty acids and that contributes to the development of the
tumor microenvironment, promoting immune evasion, angiogen-
esis, tumor growth, and invasiveness37. IGF2BP3 (Insulin-like
Growth Factor 2 mRNA-Binding Protein 3) is an RNA-binding pro-
tein that has been described to contribute to the aggressive beha-
vior of TNBCs and to BC chemo-resistance38. AIM2 promotes tumor
growth by fostering a pro-inflammatory tumormicroenvironment39

and has been proposed as a negative prognostic marker for TNBC
with brain metastases40. GLS encodes glutaminase, a metabolic
enzymes upregulated in highly proliferative tumors like TNBC41.
GLIPR2 (GLI pathogenesis-related 2) has been associated with
positive regulation of epithelial cell migration and with epithelial to
mesenchymal transition42. Finally, PLCG2 is involved in inflamma-
tion and immune response, and its overexpression is linked to
increased migration and invasion in vitro, and higher metastatic
potential in vivo43.

We engineered theMDA-MB-231 cell line to stably express d-Cas9,
which was tagged with the mCherry fluorescent marker, and fused to
the effector domain of LSD1 (dCas9LSD1) (Supplementary Fig. 8). We
designed two guide RNAs (sgRNAs) for each target gene (Supple-
mentary Table 1) in order to target the promoter or the enhancer
region occupied by H3K4me2. A ChIP-PCR analysis showed decreased
levels of H3K4me2 at all the targeted regions, with an effect that was
more pronounced when the dCas9-LSD1 system was directed at
enhancers (Fig. 5c). The decrease of H3K4me2 was paralleled by a
significant reduction in gene expression upon the epigenetic mod-
ulation of all the genes tested, mechanistically proving that the pre-
sence of H3K4me2 at these regions directly regulated their
expression (Fig. 5d).

Fig. 4 | Amulti-OMICs approach to dissect the downstreameffects of increased
H3K4me2 levels in TNBC. a Multi-OMICs analysis was performed in a small set of
LuA and TN fresh frozen samples. ChIP-seq data from7 LuA and 8 TN samples were
integrated with RNA-seq from matched samples or TCGA data (shown) and pro-
teomics data from matched samples/CPTAC data. b Multidimensional scaling
(MDS) based on H3K4me2 read density at promoters and distal regions of LuA and
TN samples. The distance betweenpoints indicates the leading fold-change (logFC)
of the corresponding samples. The leading logFC is defined as the root-mean-
square of the top 500 largest log2 fold changes between each pair of samples.
c Plots of the mean read density of TN (black) and LuA (light blue) in TN unique
(n = 5083), common (n = 21253) and LuAunique (n = 2936) regions. Solid lines show
the mean density. Shaded area depicts the 95% confidence interval of the mean.
RPGC: Reads per Genomic Content. d Peak annotation of TN unique, common and
LuA unique peaks, which was performed at base pair level. e Distribution of RNA
quantification values for genes that harbor H3K4me2 peaks in promoters and
enhancers only in TN, both in LuA and TN and only in LuA samples. Box plots show

the median (center line), the 25th and 75th percentiles (box edges), and whiskers
that extend to the most extreme values within 1.5× the interquartile range. Outlier
values are not displayed. TPM: transcripts per million. P values by two-tailed Wil-
coxon rank-sum test: TN only promoters: 0.00068; TN only enhancers: 1.9e−10;
LuA only promoter: 0.002; LuA only enhancer: 3.53e−13; Common promoter: 1.6e-
05; Common enhancer: 1.9e−05. f Volcano plot showing TCGA gene expression
comparison of TN and LuA tumor samples. Differentially expressed genes har-
boringH3K4me2peaks only in LuA or only in TNare colored in light blue andblack,
respectively. Dark gray colored points depict differentially expressed genes that do
not harbor peaks unique to either subtype. The DESeq2 two-tailed Wald test was
used to identify differentially expressed genes (FDR <0.05, log2FoldChange > |1|).
g Over-representation analysis of genes with TN-unique H3K4me2 peaks and
overexpressed in the same subtype. A one-sided hypergeometric test, imple-
mented in the R package clusterProfiler, was used for enrichment analysis. Dn:
down. P.adjust: p-value adjusted for multiple comparisons using the Benjamini-
Hochberg correction.
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InhibitingH3K4methyltransferases reducesTNBCcell growth in
vitro and in vivo
Our results showed that H3K4me2 is increased in TNBCs compared
with normal tissues and tumors belonging to other BC molecular

subtypes, and that the increase in this epigenetic mark is associated
with worse overall and disease-free survival in TNBCs. In addition, we
found that the increase in H3K4me2 at specific genomic regions in
TNBC favors the expression of a set of genes that may drive the TNBC
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Fig. 5 | H3K4me2 regulates the expression of genes linked with the TNBC
aggressive phenotype. a Heatmap showing the gene expression levels (from
TCGAdata, left panel) and protein expression levels (fromCPTACdata, right panel)
of six genes selected for CRISPRi. For column clustering, Pearson’s correlation
distance and average linkage were used. AIM2 was absent in the CPTAC dataset.
b Representative genomic tracks of H3K4me2 ChIP-seq for two genes selected for
CRISPRi. Left panel: IGF2BP3, peak at TSS. Right panel: GLS, peak at enhancer. The
promoter region is highlighted in yellow. The region highlighted in red represents
the distal genomic region found in TN samples but not in LuA samples and

confirmed in the MDA-MB-231 cell line. c H3K4me2 ChIP-qPCR profiling of pro-
moters or enhancers in genes targeted by sgRNA (n = 2 biological replicates). Data
are displayed as percentage of enrichment relative to the input. dQuantitative PCR
analysis of gene expression levels inMDA-MB-231 cells infectedwith sgRNAs for the
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ANOVA followed by Dunnett’s test. Exact p-values are reported in the Source Data
file. The cells were induced for 72 h by adding 1 µg/ml Doxycycline to the culture
medium.
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aggressive phenotype. Interestingly, one of the methyltransferases
responsible for the deposition of this PTM, KMT2B (also known as
MLL2) is increased in TNBC compared with all the other BC subtypes
(Fig. 6a and Supplementary Fig. 9). Therefore, we reasoned that
decreasing the levels ofH3K4me2bypharmacological treatment could
reduce the expression ofmultiple genes linked to theTNBCphenotype
and therefore may represent a novel therapeutic strategy for the
treatment of this tumor. Several inhibitors have been developed to
target the methyltransferases responsible for the deposition of H3K4
methylation44. Here, we tested the compounds OICR-9429, MI-136, MI-
463, and MI-503. OICR-9429 functions as an antagonist of the WDR5
domain, competing with the interaction between WDR5 and K4-
specificmethyltransferases MLL (including KMT2B) and thus resulting
in the inhibition of histone H3K4 methylation. OICR-9429 has been
proposed for treatment in a range of cancer types, including tumors of
hematological origin, such as non-MLL-rearranged leukemia, and solid

tumors, and has already been used in vivo44,45. MI-136, MI-463 and MI-
503 are instead inhibitors of the menin-MLL interaction46,47.

In MDA-MB-231 cells, treatment for 72 hours with OICR-9429
reduced the level of H3K4me2 in a dose-dependent manner, as
assessed by MS (Fig. 6b), immunoblot (Fig. 6c and Supplementary Fig.
10a) and ChIP-seq analysis (Fig. 6d). We then used H3K4me2 ChIP-seq
data to assess the effect of OICR-9429 on a small set of genes asso-
ciated with tumor aggressiveness, which were identified through our
multi-OMICs analysis. They included the genes analyzed in Fig. 5 and
CHRM3, GABRE, TMEM71 and TRVP448–51. OICR-9429-treated cells
showed a decreasing trend in H3K4me2 levels and a corresponding
reduced gene expression in 8 of the 10 genes tested (Supplementary
Fig. 10b, c). OICR-9429 reduced cell viabilitywith an IC50 of80μMafter
72 hours of treatment (Fig. 6e).While themenin inhibitors appeared to
be more potent (IC50 values comprised between 3 and 6 μM), they
showed a significant reduction of H3K4me2 levels only at doses that
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y-axis shows the mean average signal across both conditions. 17415 regions out of

51921 (34%) were significantly downregulated. Regions that are significantly
(FDR<0.05 by DESeq2 two-tailedWald test) differentially bound are highlighted in
pink. e Viability dose-response curve for MDA-MB-231 cells treated with increasing
concentrations of OICR-9429. f Percentage of viable MDA-MD-231 cells after
treatment with OICR-9429 and doxorubicin. The data were normalized to the
untreated condition. g Colony formation assay in MDA-MB-231 cells treated with
DMSO (control) or 50 μM OICR-9429 for 72 hours. The cells were stained with
crystal violet. *p =0.018 by two tailed paired t-test (n = 3). h IC50 values from
the viability assays performed in TN cells lines in the presence of OICR-9429.
i Tumor growth curves for mice subcutaneously injected with 5×105 MDA-MB-231
cells and treatedwith vehicle (n = 6) orOICR-9429 30mg/kg (n = 7). Data are shown
asmean ± s.e.m. **p =0.0064 by two-wayANOVA. In b, c, e-h the data are presented
as mean values +/− s.e.m. from n = 3 biological replicates (cells treated and col-
lected in independent experiments).
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exceeded the inhibitor IC50 values determined in cell viability assays
(Supplementary Fig. 11a, b).

We therefore focused on OICR-9429, which we further char-
acterized at the phenotypic level. OICR-9429 inhibited the growth of
MDA-MB-231 cells in combination with doxorubicin, showing an
additive effect (Bliss synergy score= −2.55, Fig. 6f), and dramatically
reduced the cell colony forming ability (Fig. 6g and Supplementary Fig.
10d). Furthermore, OICR-9429 reduced cell viability in three additional
TN cell line models (MDA-MB-436, MDA-MB-468 and Hs 578 T, Fig. 6h
and Supplementary Fig. 11c), as well as colony formation and cell via-
bility in combination with chemotherapy in Hs 578T cells (Supple-
mentary Fig. 12). Finally, treatment with OICR-9429 significantly
reduced tumor growth in a MDA-MB-231 mouse xenograft
model (Fig. 6i).

Discussion
Our epi-proteomics analysis of BC subtypes revealed a TNBC-specific
histone PTM profile, which showed differences compared with other
subtypes that were reproducible across different independent patient
tissue cohorts. This first comprehensive and quantitative description
of the epigenomics landscapes of BC subtypes was made possible
thanks to MS-based approaches, which enabled us to profile all the
best-characterized histone marks at once, in a highly quantitative
manner. This represents a major advancement compared to antibody-
based methods, such as immunohistochemistry, which are more
commonly employed to study histone PTMs in clinical samples, but
suffer from a number of limitations, including cross reactivity, antigen
masking, poor quantitative accuracy and a limited number of simul-
taneously analyzable epigenetic marks. Our analysis primarily focused
on methylations and acetylations on histone H3 and H4, which have
been extensively characterized and can be associatedwith a functional
outcome on gene expression. However, modifications localized on
other histones or uncommon and less characterized PTMs may also
contribute to the distinct epigenetic landscapes of breast cancer
subtypes.

TNBCs are characterized by loss ofH4K20me3,which is paralleled
by an increase of unmodified H4K20, compared with all the other
subtypes except the HER+. H4K20me3 is generally localized at repe-
titive regions and is associated with transcriptional repression52. It has
been defined to be a hallmark of cancer7 and was found to associate
with lower disease-free survival in breast cancer samples53. Despite the
widespread changes observed in cancer, its role has not yet been
clearly characterized, possibly due to its peculiar localization in repe-
titive regions that are difficult to sequence with standardmethods. TN
samples also show a consistent increase of H3K9me3 and H3K36
methylations and a decrease of H3K27me3 and H3K79 methylations.
These results confirm and expand previous findings obtained by our
group in proof-of-concept studies involving histone H3 profiling of
small patient cohorts13,15. In addition, higher H3K9me3 levels were
observed in multiple tumors compared to their normal counterparts,
including TNBCs14. Loss of H3K27me3 has been previously reported to
be a predictor of poor outcome in breast cancer and other cancer
types54, and has been recently associated with chemo-resistance in
TNBC55. However, a decrease in H3K27me3 levels in TNBC might
depend at least partially on the high proliferation rates that char-
acterize TNBC tumors, as we foundH3K27me3 to be decreased in cells
in the G2/M phase. This aspect has been previously investigated with
discordant results, showing either a decrease26 or a slight increase27 of
global acetylation andH3K27/K36methylation during theG2/Mphase.

Despite our follow-upwork focused in particular on dissecting the
downstream consequences of H3K4me2 increase in TNBC, our epige-
netic profiling highlighted several other changes worth of further
investigation, both as potential biomarkers and as the starting point
for mechanistic investigations aimed at identifying novel therapeutic
avenues. Histone PTM changes in cancer are determined by multiple

factors, but -in the simplest scenario- they are the consequence of
alterations in the levels of the histone modifying enzymes responsible
for their deposition and removal, which can be targeted for ther-
apeutic intervention with epigenetic drugs. When searching for pos-
sible associations between the gene expression of histone modifying
enzymes and the changes observed in the levels of histone PTMs in the
TNBC subtype (Supplementary Fig. 9), we found a remarkable
correlation between the increase of H3K9me3 and the levels of its
methyltransferases and demethylases. Indeed, the H3K9me3 methyl-
transferases SUV39H1, SUV39H2, and SETDB1 were increased in TNBC,
while the H3K9-specific demethylases KDM3B and PHF2 decreased.
The increase of H3K36 methylation in TNBC was also paralleled by an
increase of the H3K36-specific methyltransferase SMYD2. On the con-
trary, H3K27-methyltransferase EZH2 increased in TNBCs, oppositely
from the decrease in H3K27me3 levels. As previously mentioned,
H3K27me3 could be influenced by the proliferative status of the cells.
Additionally, in other tumor types non-enzymatic reactions driven by
the metabolic condition of the tumor cells have been shown to cause
lower levels of H3K27me356. An additional factor concurring to the
level of histone PTMs includes the inter-dependence of histone PTM
and DNA methylation levels57–59. This contribution may be particularly
relevant in the case of H4K20me3, whose loss in cancer has been
associated with DNA hypomethylation in repetitive sequences7.
Because the decrease of H4K20me3 in TNBC is not paralleled by a
concordant change of its specific histone modifying enzymes, it is
possible that is influenced by DNA methylation, which would be
interesting to study in this context as a future perspective.

Among the histone PTMs emerging from our BC profiling,
H3K4me2 stood out as the most interesting mark. Indeed, H3K4me2
was increased in TNBC compared with all the other BC subtypes, was
consistently identified in all the cohorts analyzed, including laser
microdissected samples, and was associated with diminished disease-
free survival in TNBC. Consistent with the higher levels of H3K4me2 in
TN tumors, the H3K4-specific KMT2B methyltransferase is also
increased in this subtype. While increased KMT2B expression may
contribute to the aberrant regulation of H3K4 methylation in TNBC,
the specific mechanisms remain to be elucidated, and likely involve
complex regulatory networks and multiple contributing factors. For
instance, we recently found that a truncated and catalytically inactive
isoform of the KDM5B demethylase accumulates in breast cancer cells
and leads to increased bulk H3K4 methylation60, which could also
influence H3K4me2 levels.

To investigate the downstream effects of the changes observed in
H3K4me2 levels, we exploited the complementarity of epi-proteomic
data, which provides quantitative but bulk histone PTM levels, with
more conventional epi-genomic and transcriptomicmethods, in order
to study H3K4me2 genomic localization and its effects at the gene
expression level. The multi-OMICs analysis of a small set of clinical
samples that we carried out showed that genes displaying H3K4me2
peaks uniquely in TN samples presented higher expression levels in
this subtype. While this applies to both promoters or enhancers, it
appears like the differences between the TN and LuA samples based on
peak distribution (MDS in Fig. 4b) and gene expression (Fig. 4e) are
more marked when considering enhancers. This is consistent with the
notion that enhancers play a critical role in driving the upregulation of
cancer driver genes across various cancer types, including breast
cancer, and contribute to the definition of subtype-specific
characteristics61. In our study, we proved a direct, causative link
between the expression of representative genes involved in TNBC
phenotype and the presence of H3K4me2 at their promoters or
enhancers by using a CRISPRi system.

Because our data suggests that reducing the levels of H3K4me2
could reduce the expression of several pro-disease genes, we tested
several inhibitors targeting the interaction of MLL methyltransferases
with WDR5 or menin. While menin inhibitors were more potent in
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phenotypic assays, they did not elicit significant changes in H3K4me2
levels at IC50 concentrations. This may be explained by recent findings
showing that themenin–MLL complex occupies fewer than 200 active
promoters in leukemia cells, with only a subset of these being affected
by menin inhibitors62, potentially accounting for the absence of a
measurable global change in H3K4me2. Alternatively, the observed
effects on cell viability may result from off-target mechanisms. On the
contrary, while displaying substantially higher IC50 values, OICR-9429
induced a marked reduction in bulk H3K4me2 levels and decreased
34% of H3K4me2 peaks at concentrations comparable to those
affecting cell viability, thus representing a better candidate to globally
decrease this histone modification. OICR-9429 was able to reduce the
viability of different TN cell lines in vitro, both as a single agent and in
combination with chemotherapy, and inhibited tumor growth in vivo.
Of note, OICR-9429 also inhibited cell growth in LuA andHER+ cell line
models (Supplementary Fig. 11d, e), potentially suggesting that inhi-
biting H3K4 methyltransferases may be beneficial in other BC sub-
types. We are aware that these inhibitors do not selectively target
H3K4me2, but also H3K4me3. However, we found that H3K4me3 is
also significantly increased in TN compared with LuA in both Cohort 2
and the laser-microdissected samples, and showed increased levels in
TNBCs with worse prognosis in Cohort 2. Therefore, inhibiting the
deposition of both methylation states may actually be beneficial,
rather than detrimental. Because the levels of H3K4me2 are rather
heterogeneous within the TNBC group, and higher levels associate
with worse prognosis, we envision that stratifying tumors based on
H3K4 methylation levels may aid the identification of patients that
couldparticularly benefit from treatmentwith this type of inhibitors. It
must be noted that OICR-9429 requires relatively high concentrations
to elicit measurable effects, which limits its potential for therapeutic
applications. Additional, more potent inhibitors with broad effects on
H3K4 methylation may be tested, also in combination with standard
therapies.

Overall, our MS-based profiling integrated with a multi-OMIC
analysis of clinical samples identified H3K4me2 as a potential epige-
netic driver of TNBC, suggesting strategies to reduce its levels as a
therapeutic avenue for the treatment of this tumor. In particular, the
inhibitor OICR-9429, which reduces H3K4 methylation levels and has
been shown in our study to inhibit tumor growth in a xenograftmodel,
may warrant further investigation in preclinical and clinical settings.

Methods
Ethical statement
The research described complies with all relevant ethical regulations.
Breast cancer and normal breast samples were obtained from patients
undergoing surgery at the European Institute of Oncology (Milan). The
patients provided informed consent and this study was approved by
the Ethical Committee of the European Institute of Oncology (Study
UID 2550).

The animal experiments were approved by the Italian Ministry of
Health (Project no. 679/20 and 485/2025), conducted in accordance
with Italian law and under the control of institutional (European
Institute of Oncology) local animal welfare (Cogentech Organismo
Preposto al Benessere degli Animali (OPBA)) and ethical committees.

Tissue specimens
The levels of hormone receptors, HER-2, and Ki-67 of tumor samples
were ascertained by immunohistochemistry, and breast cancer sub-
types were defined in accordance to the ASCO/CAP guidelines. Sam-
ples with infiltrating carcinoma were selected to have a tumor
cellularity of at least 40% for histone PTM analysis, as assessed by
hematoxylin and eosin (H&E) staining. The samples subjected to the
multi-OMICs analysis had a minimum tumor cellularity of 60%. Speci-
mens with in situ carcinoma areas, large necrosis areas, and massive
flogistic infiltrate were discarded. For storage, samples were collected

and snap frozen in liquid nitrogen, frozen in optimal cutting tem-
perature compound (OCT) or fixed overnight in 4% formalin and
embedded in paraffin. In some cases, homogenous tumor populations
were isolated from fresh-frozen tissue sections by laser capture
microdissection (25000-100000 cells were collected per sample)25.
The list of patient samples analyzed in this study, and the storage
method used are summarized in Supplementary Dataset 1.

Sample preparation for MS analysis
Histones were enriched from tissue samples through the PAT-H-MS
method21, and from cell lines through nuclei isolation21. Prior to
digestion, histone samples were mixed with a heavy-labeled histone
super-stable isotope labeling by amino acids in cell culture (SILAC)
mix, which was used as an internal standard for quantification15,22. The
super-SILAC mix was generated from a mix of heavy isotope-labeled
breast cancer cell lines22 or a mix of cancer cell lines23 (for micro-
dissected samples and treated cell lines). About 3μg of histones per
run per sample were mixed with an approximately equal amount of
super-SILACmix and separated on a 17% SDS-PAGE gel. In case of laser
microdissected tissues, the whole protein extract was loaded on the
gel together with 1.5μg of super-SILAC mix. For in-gel digestions, a
band corresponding to the histone octamer was excised, chemically
acylated, and digestedwith trypsin. Chemical acylationwas performed
with deuterated acetic anhydride15 for Cohort 1, and with propionic
anhydride for the other samples analyzed. After elution, the samples
derivatized with propionic anhydride were also derivatized with phe-
nyl isocyanate (PIC)25. The samples were desalted on handmade
StageTips15. A subset of samples (Supplementary Fig. 6A) was also
digested in solution using the iST Sample Preparation Kit (PreOmics),
for total proteome analysis. The digestion was performed following
the manufacturer guidelines, starting from 100 μg of protein extracts.

LC-MS/MS analysis
Peptide mixtures were separated by reversed-phase chromatography
on an EASY-nLC 1200 high performance liquid chromatography
(HPLC) system through an EASY-Spray column (Thermo Fisher Scien-
tific), 25-cm long (inner diameter 75 µm, PepMap C18, 2 µm particles),
which was connected online to a Q Exactive Plus or HF (Thermo Fisher
Scientific) instrument through an EASY-Spray™ Ion Source (Thermo
Fisher Scientific). Solvent A was 0.1% formic acid (FA) in ddH2O and
solvent B was 80% ACN plus 0.1% FA. Histone samples were injected in
an aqueous 1% TFA solution at a flow rate of 500nl/min and were
separated with a 50-min linear gradient of 0–35% solvent B for samples
derivatized with deuterated acetic anhydride, or a 50-min linear gra-
dient of 10–45% for PRO-PIC digested samples. The Q Exactive instru-
mentswereoperated in thedata-dependent acquisition (DDA)mode to
automatically switch between full scan MS and MS/MS acquisition.
Survey full scan MS spectra (m/z 300–1350) were analyzed in the
Orbitrapdetectorwith a resolution of 60,000–70,000 atm/z 200. The
10–12most intense peptide ionswith charge states comprisedbetween
2 and 4 were sequentially isolated to a target value for MS1 of 3 × 106

and fragmented by HCD with a normalized collision energy setting of
28%. Themaximumallowed ion accumulation timeswere 20ms for full
scans and80ms forMS/MS, and the target value forMS/MSwas set to 1
× 105. The dynamic exclusion time was set to 10 sec, and the standard
mass spectrometric conditions for all experiments were as follows:
spray voltage of 1.8 kV, no sheath and auxiliary gas flow. The samples
for whole proteome analysis were acquired as described63.

MS data analysis
The acquired histone RAW data were analyzed using EpiProfile 2.064,
selecting the SILAC option, or manually15. For the manual analysis, the
RAW data were analyzed using the integrated MaxQuant software
v.1.6.2.10, against the UniProt human proteome UP000005640,
downloaded on 15/02, filtered to retain only histone sequences15.
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Identifications, retention times and elution patterns were used to
guide the manual quantification of each modified peptide using
QualBrowser version 2.0.7 (Thermo Fisher Scientific). For each
histone-modified peptide, the % relative abundance (%RA) was esti-
mated by dividing the area under the curve (AUC) of each modified
peptide for the sum of the areas corresponding to all the observed
forms of that peptide andmultiplying by 100. Light/Heavy (L/H) ratios
of %RA were then calculated. The AUC values for all the samples ana-
lyzed are reported in Supplementary Dataset 2. Data from our pre-
viously published pilot studies were also included in the analysis
(Supplementary Dataset 3). Heatmap displays were generated using
the R package ComplexHeatmap65 from mean-centered L/H ratios.
Outliers were identified using the boxplot method and subsequently
removed. Statistical testing was carried out via the R package limma66,
specifying the parameter robust = TRUE to the eBayes function.Whole
proteome data were analyzed usingMaxQuant and the UniProt human
proteome UP000005640 comprising canonical and isoform sequen-
ces, downloaded on 22/06. The TN and LuA proteome data were
retrieved from Proteomics Data Common (https://proteomic.
datacommons.cancer.gov/pdc) with PDC Study ID PDC000173. A
Two-component normalization of iTRAQ ratios was carried out as
described in the original publication33. Differential expression analysis
wasperformedvia theRpackageDEqMS67 using the normalized iTRAQ
ratios and PSM count tables as input. Overexpressed proteins in TN
samples were identified after applying a spectral count-adjusted p-
value cut-off of 0.05 and log2 fold change greater than 1.

Chromatin Immunoprecipitation (ChIP) and ChIP-PCR
The chromatin was prepared from 1-5 x 107 cells, or 25–30mg of fresh
frozen tissues. The tissues were homogenized in PBS with protease
inhibitors (0.5mM PMSF, 5μM Leupeptin, 5μM Aprotinin, 5mM Na-
butyrate) using a Dounce homogenizer. The samples were fixed in 1%
v/v formaldehyde (Sigma, F8775) at room temperature for 10minutes,
followedby the addition of 125mMGlycine (Serva, SE39004) for 5min.
The samples were washed twice in PBS and then resuspended in ChIP
SDS lysis buffer (100mMNaCl, 50mMTris-Cl pH 8.1, 5mMEDTApH8,
0.2%NaN3, and0.5% SDS). Nuclei werepelleted for 6minutes at 16000
rcf rpm at 4 °C. The samples were resuspended in 3ml (cell lines) or
1ml (fresh frozen tissues) ice-cold IP buffer (100mM Tris-Cl pH 8.6,
100mM NaCl, 5mM EDTA pH 8.0, 0.2 % NaN3, 5% (v/v) Triton 100X)
and sonicated with a Branson Digital Sonifier 250, with a 3mm
microtip for fresh frozen samples or a large tip for cell lines (30%
amplitude, 15 second on/15 second off), in order to obtain a DNA
length of 200–300 bp. 200–400 µg of proteins were incubated over-
night at4 °Cwith ananti-H3K4me2antibody (ab7766, Abcam, 1:100) or
an IgG control (normal rabbit IgG, Merck Life Science S.R.L.), followed
by a 3 hour incubationwithDynabeads ProteinG (Invitrogen, 10004D).
When indicated, a 5% Drosophila spike-in (generated as described68)
was added before the incubation with antibodies. The samples were
washed twice with ChIP wash buffer 150mM (1% Triton 100, 0.1% SDS,
150mM NaCl, 2mM EDTA pH8.0, 20mM Tris-Cl pH 8.0), once with
wash buffer 500mM (1% Triton 100, 0.1% SDS, 500mM NaCl, 2mM
EDTA pH8.0, 20mM Tris-Cl pH 8.0), and once in TE 1x. The DNA was
eluted and de-crosslinked in SDS 2% in TE 1x and Proteinase K (Merck
Life Science S.R.L.), overnight at 65 °C. DNA fragments were purified
with the Qiagen PCR purification kit (Qiagen, 28106). ChIP-PCRs were
performed in two biological replicates and quantitative PCR amplifi-
cations were carried out in the Viia7 PCR machine (BioRad). The IP
enrichment compared to the input was calculated as % of input x 2^(ΔCt)

whereΔCt =Ct input- Ct IP. The primers used for ChIP-PCR are listed in
Supplementary Table 2.

ChIP Sequencing (ChIP-seq) and ChIP-seq analysis
DNA librarieswere prepared from5–10 ngof input and IPDNA through
an in-house protocol69 and sequenced on a NovaSeq 6000 (Illumina)

instrument with a read length of 50–60bp PE (Paired End) and a
sequencing depth of 50million reads per sample. Reads were mapped
to the hg38 version of the reference human genome assembly using
Bowtie70, keeping only uniquely mapping reads and allowing for no
more than twomismatches per read. The options “—best” and “–strata”
were enabled. The maximum insert size for valid paired-end align-
ments was set to 700 bp. To identify H3K4me2 enriched regions,
MACS2was employed71, enabling the –BROADoption and setting both
the q-value and the BROAD-CUTOFF parameter to 0.001. LuA-only
peaks were defined as those peaks overlapping in four or more LuA
samples and with no overlap with any of the TN samples. Analogously,
TN-only peaks were peaks overlapping in four ormore TN samples and
with no overlap with any of the LuA samples. Common peaks were
peaks found in at least four LuA samples and in at least four TN sam-
ples. These overlaps were performed using BEDOPS72. Genomic
annotations of peaks were performed at base pair level using
bedtools73 and using the RefSeqCurated (hg38, release date: 2021-05-
28) genome annotation. Peaks were associated to gene promoter
regions if overlapping in awindowof 3 kb centered around theTSSof a
gene. Distal peaks were associated to genes according to the TCGA-
BRCA ATAC-seq peak-to-gene links retrieved from31. To identify dif-
ferences in the reads density distribution either at promoters or at
distal regions (peaks not falling in the interval TSS ± 3 kb), we counted
mapped reads to the common peaks set using featureCounts74, and
counts were normalized as CPM (counts permillion). Regions with low
counts were removed with the edgeR75 function filterByExpr with
default parameters. Remaining regions were used as input for the
multi-dimensional scaling (MDS) plot, produced with the plotMDS
function implemented in edgeR.

For the analysis of ChIP-seq data from MDA-MB-231 cells treated
with OICR-9429 with the Drosophila spike-in, the SpikeFlow pipeline
was employed76. Scaling factors were computed by dividing the ratio
of reads mapped to the human genome in the IP and reads mapped to
Drosophila in the IP by the ratio of readsmapped to human in the input
and reads mapped to Drosophila in the input77. The inverse of the
scaling factors was supplied to DESeq278 as size factors for the iden-
tification of differentially bound regions. To this aim, featureCounts
was used to count reads mapped to the list of peaks called from the
untreated MDA-MB-231, and the obtained count matrix was supplied
to DESeq2. Regions with an FDR <0.05 were deemed as differentially
bound regions.

Visualization of genomic tracks
BigWig enrichment tracks were generated starting from BAM files with
the bamCoverage function of deepTools79 with the following para-
meters: --ignoreDuplicates --centerReads –bin-size 10bp --normal-
izeUsing RPGC (reads per genomic content) --effectiveGenomeSize
2701495761. Density plots were generated starting from a data matrix
obtained through computeMatrix with parameters –scale-regions -a
1000 -b 100080. TrackdisplayswereproducedusingpyGenomeTracks80

RNA extraction, RT-qPCR analysis and RNA sequencing
Total RNA was extracted from 0.5–1 x 106 cells or 25–30mg of frozen
tissue samples (which were quickly homogenized by passing the sus-
pension in RNA lysis buffer through a 18 gauge needle) using theQuick
RNA miniprep kit (Zymo Research). 1 μg of RNA was reverse-
transcribed using the OneScript Plus cDNA synthesis kit (Applied
Biological Materials Inc, Cat. No. G236). Quantitative real-time PCRs
were carried out with the Fast SYBR Green PCR kit (Applied Biosys-
tems, Thermo Fisher Scientific) in a Viia7 PCR machine (BioRad).
Relative expression levels were calculated with the 2^[−ΔΔCt] method
by normalization on the geomean of housekeeping genes (GAPDH and
βACTIN) or on the CT values of 18S ribosomal RNA and was expressed
as a “fold change” relative to the control sample. Primers used for RT-
qPCR are listed in Supplementary Table 2. Libraries for RNA
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sequencing were prepared with the TruSeq RNA Sample Preparation
v2 kit (RS-122-2002, Illumina), starting from 100ng of total RNA for
clinical samples. Sequencing was performed using a NovaSeq 6000
(Illumina) instrument with a read length of 150bp PE and a sequencing
depth of 80 million reads per sample for breast clinical samples.

RNA-seq analysis
For TN vs LuA comparison, the harmonized HTSeq count table was
retrieved from TCGA on the Gencode 22 gene annotation. Short non-
coding RNA and mitochondrial genes were removed from the count
table prior to further processing. Sampleswere assigned toLuAandTN
subtype according to Table S3 of ref. 2. Differentially expressed genes
were identified using the R package DESeq2. ComBat-seq81 was
employed to correct for batch effects retrieved from (http://
bioinformatics.mdanderson.org/tcgambatch/). Genes were con-
sidered differentially expressed when presenting an absolute log2 fold
change equal to or greater than 1 and an adjusted p-value lower than
0.05. TPMs were calculated starting from FPKM values obtained
through theDESeq2with the option robust=TRUE. For the comparison
of the four BC subtypes, data from the TCGA-BRCA project were
retrieved with the help of the GDCquery function from the R package
TCGAbiolinks82, with the following parameters: data.category = “

Transcriptome Profiling”, data.type = “Gene Expression Quantifica-
tion”, workflow.type = “STAR - Counts”, sample.type = “Primary
Tumor”. The information stored in “paper_BRCA_Subtype_PAM50”was
used to annotate patients to corresponding BC subtype. For internally
acquired data, the BBduk program from the BBtools suite tools
(sourceforge.net/projects/bbmap/) was used to perform adapter
removal and read trimming with the following parameters: ‘ktrim=r
k = 23 mink = 11 hdist = 1 tpe tbo’. STAR83 was used to map and count
reads against the hg38 assembly of the human genome, providing the
RefSeqCurated annotation (release date: 2021-05-28) as GTF file. For
TPM calculations, the top 50 genes with the highest difference
between the samplewith themaximumTPMvalue and the samplewith
the minimum TPM value were discarded, and TPM values were
recomputed without considering these genes.

Over-representation and survival analyses
For the over-representation analysis the R package clusterProfiler84

was used, using the curated gene sets (C2) fromMSigDB85 provided in
the R package msigdbr. The 2D annotation enrichment analysis was
performed in Perseus v2.0.7.0. Survival analyses were carried out
with the help of the R package survival and Kaplan-Meier plotted
using the R package survminer. For each histone PTM, patients were
stratified based on the median value, computed for each cohort
separately. Significant difference in the survival of the two groups
was assessed through the log-rank test. Time for overall survival was
defined as the time elapsing between the date of surgery and the date
of death or date of last follow-up. Time for disease-free survival was
defined as the time elapsing between the date of surgery and the date
of relapse, if the patient experienced the event, or the time of last
follow-up.

Cell lines and cell culture
A list of the breast cancer cell lines used and their growth media is
provided in Supplementary Table 3. The tFucci(CA)2/pCSII-EF vector
was provided by the RIKEN BRC through the National BioResource
Project of the MEXT, Japan (cat. RDB15446)28 and used to generate a
stable MDA-MB-231 FUCCI cell line. The media were supplemented
with penicillin (100 U/ml) and streptomycin (100mg/ml), and the cells
were grown at 37 °C in a 5% CO2 humidified atmosphere.

CRISPRi: generation of stable cell line expressing dCas9
Lentiviral transductions were performed in a Biosafety level 2 labora-
tory (BSL-2). Lentiviral constructs were transiently transfected in HEK-

293T cells by using the calcium phosphate transfection method
together with the packaging plasmid pCMV-DR8.91 and the envelope
plasmidpMD2G-VSVG.One 10 cmplate ofHEK-293Twasused to infect
a well of a 6-well plate of MDA-MB-231. After 12 hours of transfection,
the supernatant was removed, and 6ml of fresh medium was added.
After 48 and 72 hours from transfection, the supernatant containing
the virus was harvested and used to infect MDA-MB-231 with the
addition of Polybrene 1x. To generate a CRISPRi stable cell line, MDA-
MB-231 cells were transduced with a lentivirus expressing Tet-On 3G
rtTA transactivator with Blasticidin resistance (pLVX-Tet3G Blasticidin,
Addgene, #128061) and selected for 10 days with the addition of
10 µg/µl Blasticidin to the cell media. Next, the cells were transduced
with dCas9-LSD1_mCherry (pHR_TRE3G-LSD1-dCas9-P2A-mCherry,
Addgene #138462). The cells were grown in culture medium with the
addition of tetracycline-free serum (Tetraclyine free Serum, Euroclone
Spa, ECS0182L) and 1 µg/ml doxycycline (Thermo Fisher Scientific) was
added following infection. Cells expressing mCherry were isolated by
FACS sorting.

CRISPRi: sgRNA design and vector cloning
Target regions for sgRNAswere chosen by selecting two regionswithin
the signal of H3K4me2 in the promoter or enhancer region (Supple-
mentary Table 1). SgRNA sequences were designed with the CRISPOR
Tool86, taking into account the specificity and off-target scores.
sgRNAs were cloned into the Addgene Vector pKLV2-U6gRNA5(BbsI)-
PGKpuro2ABFP-W (Addgene, #67974), which carries the BFP marker.
The list of oligos for sgRNA synthesis is provided in Supplementary
Table 1. The negative control sgScramble was previously published87.
MDA-MB-231 dCas9-LSD1mCherry cellswereplated at 0.5x 106 perwell
in 6well plate. 24-48 hours after plating, eachwell was transducedwith
lentiviruses containing sgRNAs, which were packaged in HEK-293T
cells as described above. To maximize dCas9 and sgRNA expression,
doxycycline was added to induce expression of dCas9 and cells
expressing higher fluorescence for both mCherry and BFP were
FACS sorted 72 hours post-induction. The expression of the sgRNA
and dCas9 system was assessed both by FACS analysis and by acqui-
sition of images for the BFP and mCherry signal (Supplementary
Figs. 13, 14).

Immunoblot analysis
MDA-MB-231 cells treatedwithmethyltransferase inhibitorswere lysed
in nuclei isolation buffer as described above. 1μg of protein was
separated on a 4-12% PAA pre-cast gel, transferred onto a PVDF
(Immobilon, Merck Life Science S.R.L.) membrane and probed by
immunoblotting with primary antibodies (Anti-CRISPR-Cas9 antibody
[7A9-3A3] (ab191468, Abcam, 1 μg/ml), H3K4me2 antibody (ab7766,
Abcam, 1 μg/ml), anti-histone H3 Antibody (ab1791, Abcam, 1:5000)),
followed by secondary peroxidase-conjugated antibodies (Thermo
Scientific). Images were acquired on a ChemiDoc XRS instrument
(Biorad) and quantified using the Image Lab software (Version 6.1).

Flow cytometry and cell sorting
Flow cytometry analyses were performed using a FACSCelesta
and the FACSDiva Software v8.01.1, and were analyzed using the
FlowJo 9.3 Software. For the analysis of CRISPRi cells, 0.5-1 x 106 cells
were induced with doxycycline for 72 hours, fixed with formaldehyde
1% in PBS and resuspended in 500μl of PBS. Cell sorting was per-
formed on sorterMelody and FACSAria. Prior to sorting, cells were re-
suspended in sorting medium at 5 x 106 cells/ml. Then the cells were
filteredwith a 100μmcell strainer and dispensed in sterile FACS tubes.
CRISPRi cells were collected in collection medium (Medium + 33%
FBS + 3% P/S +0.3% Gentamicin) and kept in culture. MDA-MB-231
FUCCI cells were sorted based on fluorescent markers (G1: mCherry-
positive; G2/M: mCherry/mVenus-positive), collected in PBS, and pel-
leted prior to analysis.
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Cell treatment and phenotypic assays
OICR-9429waspurchased fromMedChemExpress and TargetMol.MI-
136, MI-463, and MI-503 were purchased from MedChemExpress. All
drugs were resuspended in DMSO for in vitro experiments. Doxor-
ubicin was purchased from Pfizer. Cell viability was assessed with the
Cell Titer Glo (Promega) assay following themanufacturer instructions
and was performed in 96 well plate after seeding 2000 cells/well.
Breast cancer cell lineswere treatedwith either DMSOorOICR-9429 at
25-50μM, alone or in combination with different doses of Doxorubicin
for 72 hours. The luminescence was measured with Glomax Explorer.
IC50 values were calculated on GraphPad Prism (9.3.1). The synergy
between OICR-9429 and Doxorubicin was evaluated using Sinergy
Finder88 and Bliss score. Clonogenic assays were performed as
described in89. 4000 cells were seeded in p60, treated for 72 hours and
grown for up to 8 days with the addition of fresh medium. Cells were
fixed in methanol and stained with a crystal violet solution (V5265,
Merck Life Science S.R.L.). Images were acquired with a Nikon Eclipse
Ti2 at a 4x magnification and were analyzed using Fiji Image J (Version
2.14.0/1.54 f).

In vivo animal experiments
Mice were purchased from Charles River Italia and bred and housed
under pathogen-free conditions in the animal facilities at the European
Institute of Oncology–Italian Foundation for Cancer Research (FIRC)
Institute of Molecular Oncology (IEO–IFOM, Milan, Italy) campus.
Animals were housed at constant temperature (23 ± 2 °C) and
approximately 66% humidity in 12 hour light/dark cycles. Prior to
injection, tumor cells MDA-MB-231 were trypsin detached, washed,
and resuspended in medium to a final concentration of 500000 cells/
10μL. The cell suspension was then mixed with 10-μL growth
factor–reducedMatrigel (Corning 356231) and maintained on ice until
injection. Female NOD SCID IL2RGnull mice (NSG from Charles River,
Italy, 8 weeks old) were anesthetized with isoflurane and injected with
20 μL of cell suspension in Matrigel directly in the right fourth mam-
mary fad pad with a Hamilton syringe. Tumor growth was monitored
twice a week, by bi-dimensional measurements using a caliper, and
the tumor volume was calculated according to the formula: L ×W2/2 =
mm3, where “w” and “W” are “minor side” and “major side” (in mm),
respectively. When the major side of the tumor reached 15mm,
the mice were sacrificed. After the tumors appeared as established
palpable masses (~20 days after cell injection), the mice were rando-
mized in different groups. OIRC-9429, at 30mg/kg dissolved in 10%
DMSO+ 40% PEG300 + 5% Tween 80 + 45% physiological solution, was
administered three times a week via intraperitoneal injection, for
3 weeks

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The MS proteomics data have been deposited to the Proteo-
meXchange Consortium via the PRIDE90 partner repository with the
dataset identifiers PXD057150 and PXD064421. The ChIP-seq data
relative to MDA-MB-231 treated with OICR-9429 have been deposited
in NCBI’s Gene Expression Omnibus91 and are accessible through GEO
Series accession numberGSE283103. The patient ChIP-seq data are not
publicly available due to privacy concerns and restrictions related to
the protection ofparticipant confidentiality. The datawill be shared on
a reasonable request to the corresponding author. Source data are
provided with this paper.

Code availability
The code used in this study has been deposited on GitHub (https://
github.com/alessandro-vai/BC-H3K4me2)92.
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