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ABSTRACT
Background: Triple-negative breast cancer (TNBC) is a heterogeneous disease defined by ER-, PR- and HER2negative phenotype and in most cases, a relatively aggressive clinical behaviour. The lack of specific targeted
therapies and low efficiency of currently available chemotherapies spurred several clinical trials in the last few years.
Despite encouraging results, TNBC still remains a major unmet medical need that prompted us to explore the role of
863 epigenetic modulators in TNBC cell survival.
Methods: A comprehensive siRNA library was screened to explore the role of known epigenetic modulators in
TNBC cell viability and growth. The knock-down effect was evaluated for 863 epigenetic genes using 4 siRNAs/gene
in two TNBC and a non-TNBC cell lines using ATP-based luminescence and nuclei count image-based assays.
Considering siRNA off-target effects, four analysis methods including a classical threshold-based analysis and three
ranking methods were applied to determine on-target hits for each screen readout. Hit genes common to both
phenotypic readouts highlighted strong epigenetic players involved in TNBC cell survival.
Results: Overall, knock-down of many epigenetic modulator genes mitigates cell survival in TNBC and a non-TNBC
cell lines depicted from both phenotypic readouts. Interestingly, ranking-based analysis confirmed hit genes identified
in threshold-based analysis and also revealed additional hits enabling us to confirm CDK1 and KMT5A as important
regulators in TNBC cell viability and growth. Surprisingly, CHAF1A appeared as a new candidate gene involved in
TNBC cell survival.
Conclusions: Taken together, siRNA epigenetic screening results identified CHAF1A as a novel regulator of TNBC
cell survival.
Keywords: TNBC, Epigenetics, siRNA, High-throughput screening

INTRODUCTION
Breast cancer is the most prevalent malignancy in women
worldwide. Therapeutic progresses enable 70-80% of
patients with early-stage, non-metastatic disease to be
successfully treated today.1 However, advanced cancers

with distant organ metastases and specific forms of breast
cancers still display poor prognosis. Although luminal
(Estrogen receptor (ER) and/or progesterone receptor
(PR) positive) and human epidermal growth factor
receptor 2 (HER2) overexpressing tumors benefit from a
rather favourable prognostic with hormone or targeted
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therapies, respectively, TNBC representing 15-20% of all
breast cancers, remains a significant unmet medical need.

line was validated through short tandem repeat (STR)
profiling (Table 1).

Aggressiveness of TNBC relates to highest rates of
metastasis with aberrant epithelial-to-mesenchymal
transition (EMT) and stem cell signalling pathway
activities characterized by aberrant activity of epigenetic
mechanisms, which in turn triggered strong interest in the
discovery of small molecules targeting specific epigenetic
modulators.2-5 FDA-approved drugs already target DNA
methyltransferases (DNMT), histone acetyltransferases
(HAT), histone deacetyltransferase (HDAC) and protein
methyltransferases (PMT).6 Among ongoing clinical
trials evaluating epigenetic drug candidates, valproic acid
(VPA) was described as a potent HDAC inhibitor able to
reprogram both ER-positive and-negative malignant
mammary epithelial cells to a more differentiated and
physiologic phenotype that may improve the sensitivity
to endocrine therapy and/or chemotherapy in breast
cancer patients.7 More recently, Entinostat, another
HDAC inhibitor initially shown to be able to reverse the
EMT phenotype through reversal of epigenetic repression
of E-cadherin, was demonstrated to reduce the percentage
of tumor-initiating cells from TNBC cells.8,9 Given that
TNBC tumors are enriched in CSCs, and epigenetic
processes control multiple critical aspects of TNBC cell
biology, we investigated a large collection of siRNA
targeting epigenetic modulators on TNBC and nonTNBC cell viability aiming at identifying epigenetic
modulators mitigating TNBC cell survival.10-12 We used
two different TNBC cell lines, MDA-MB-468 and MDAMB-231, and the HCT116 colorectal cancer cell line on
two distinct cell viability assays: (i) the ATP-based
luminescence cell viability readout and (ii) the imagebased nuclei count assay upon nuclear staining. Finally,
we undertook a comprehensive data analysis pipeline
using four different methods: threshold-based, and three
ranking-based algorithms-Redundant siRNA Activity
(RSA), double-hit, and triple-hit methods-specially
designed for siRNAs screening analysis, ultimately only
considering hits identified through at least three of them.
Our investigations confirmed several epigenetic
modulators previously identified as targets of interest for
TNBC and identified new candidate gene involved in
TNBC cell survival.

Table 1: Short tandem repeat (STR) profiling for
MDA-MB-231, MDA-MB-468 and HCT116 cell lines.

METHODS
Cell lines
MDA-MB-468 (HTB-132, ATCC) and MDA-MB-231
(HTB-26, ATCC) TNBC cell lines and HCT116 (CCL247, ATCC) colorectal cancer cell line were cultured in
RPMI 1640 media supplemented with GlutaMAX
(61870, Life technologies), 10% fetal Bovine serum
(Lonza) and 1% HEPES 1M (H0887, ThermoFisher), in a
humidified atmosphere containing 5% CO2 at 37°C. In
these culture conditions, MDA-MB-468, MDA-MB-231
and HCT116 cell lines have doubling times equal to
roughly 28, 36 and 18 hours (h), respectively. Each cell

Short tandem
repeat
Amelogenin
CSF1PO
D12S391
D13S317
D16S539
D18S51
D19S433
D1S1656
D21S11
D2S1338
D3S1358
D5S818
D6S1043
D7S820
D8S1179
FGA
Penta D
Penta E
TH01
TPOX
vWA

MDAMB-231
X, X
12, 13
17, 18
13, 13
12, 12
11, 16
11, 14
15, 17
30, 33.2
20, 21
16, 16
12, 12
18, 18
8, 9
9, 13
22, 23
11, 14
11, 11
7, 9.3
8, 9
15, 18

MDAMB-468
X, X
12, 12
18, 18
12, 12
9, 9
17, 17
12, 13
11, 14
27, 28
17, 25
15, 15
12, 12
13, 23
8, 8
13, 13
23, 23
8, 10
5, 5
7, 7
8, 9
18, 18

HCT116
X, Y
7, 10
NA
10, 12
11, 13
17
NA
NA
29, 30
NA
12, 19
10, 11
NA
11, 12
12, 14
18, 23
9, 13
13, 14
8, 9
8
17, 22

Epigenetic siRNA library
The siRNA library was purchased from Dharmacon (GU006107-E2-01 further completed with siRNA reagents
targeting additional genes). The library includes 863
epigenetic modulators, each one being targeted by four
individual siRNAs. The 3,452 siRNAs were split into 13
384-well plates. 7 PLK1 siRNAs and 7 non-targeting
control siRNAs were used as controls distributed in all
plates.
siRNAs were screened through reverse transfection at
12.5 nM final concentration in 80 µL final volume per
well. 200 nL of each siRNA were spotted in 384-well
screening plates (6057300, Perkin Elmer) before adding
the transfection agent and the cells. To avoid position
effects, for each gene, the 4 siRNAs were randomly
scattered across different plates at different well
positions.
siRNA transfection
Real time cell confluence monitoring
Cell seeding density was optimized to reach 60 to 80%
confluence after 96h incubation. Real-time cell
confluence monitoring was performed using the Incucyte
platform (Essen BioScience) acquiring cell images every
2 h for 96 h. Cell confluence was determined at every
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time point for every well on the screening plates, using
IncucyteZOOM analysis software.

calculating the z’ factor between the negative (nontargeting control siRNA) and positive (PLK1 siRNA)
control values as follows:

CellTiterGLO assay
Transfection conditions were optimized using an siRNA
targeting the gene polo-like kinase 1 (PLK1) (D-00329008-0005, Dharmacon) and the non-targeting control
siRNA (D-001210-02-05, Dharmacon) designed to target
no known genes in human, mouse or rat. The optimum
transfection conditions were identified based on the
maximal and minimal impact of PLK1 siRNA (positive
control) and non-targeting control (negative control)
siRNA on cell viability, respectively, compared to the
non-transfected cells condition. Cell viability was
assessed by quantifying ATP levels after 96 h treatment
using the CellTiterGLO (CTG) assay (Promega).
Luminescence signal was acquired on PheraSTAR
(Cysbio) reader, resulting in relative luminescence units
(RLU) value per well. The different cell lines were
transfected by lipofection using the DharmaFECT 4 lipid
(T-2004-02, Dharmacon). MDA-MB-468, MDA-MB-231
and HCT116 cell lines were transfected using 0.04, 0.05
and 0.03 µL of DharmaFECT 4, diluted in 20 µL of OptiMEM (11058-021, Gibco) and added to 200 nL of
siRNAs, respectively. After 15 minutes (mn) incubation,
60 µL of cell suspension containing 2000 MDA-MB-468
or MDA-MB-231 or 500 HCT116 cells were added per
well. Cells were then incubated in a humidified
atmosphere containing 5% CO2 at 37°C for 96 h,
replacing 40 µL of medium with fresh medium 24 h after
transfection.
Fluorescence-based nuclei count
Cell count per well was determined 96h following siRNA
transfection, using an automated fluorescence-based
nuclear staining assay followed by image acquisition and
automated cell count analysis. Cells were washed one
time with PBS (14190, Gibco) and incubated in 40 µL
4% PFA (18814, Tebu-bio) solution for 15 mn. After one
wash, 40 µL NH4Cl 1M (A9434, sigma-Aldrich) per well
were used to quench the PFA. Cells were then washed
one more time and incubated with 40 µL 1% BSA
(A7979, sigma-Aldrich)/PBS solution for 15 mn. Cells
were then incubated for 1h in 30 µL 1/1000 Hoechst
(H3570, Invitrogen)/ 1% BSA/PBS. After three final
washes, cells were then stored in 40 µL 1% PFA/PBS
solution at 4°C away from light. Cell images were then
acquired on the high-content platform Opera Phenix
(Perkin Elmer) at 10X magnification. Following image
acquisition, images were exported in Columbus (Perkin
Elmer) to detect and count nuclei.
Data analyses
RLU and nuclei count values were analyzed using the
open-source software HCS Analyzer.13 First, a qualitycontrol was applied to each plate to validate the controls
before analyzing siRNA values. This step consisted in

Z′ = 1 −

3 σ NC + 3 σ PC
|µ NC − µ PC|

Where σ means the standard deviation, NC means
negative controls, PC means positive controls, and µ
means arithmetic mean.
Plates with z’<0 were removed from the subsequent data
analysis.
Subsequently, raw data were normalized into z-score for
each plate using samples and calculated according to the
following formula:
zscore =

Xi − Xp
σp

Where X means the value of the sample 𝑖, or the mean of
all plate sample values p, excluding the controls.
Threshold-based and Ranking-based approaches were
then used for hits identification.
Threshold-based approach
A threshold was determined as follows:
T = µ 𝑃𝐶 + 3 𝜎 𝑃𝐶
If z score<T, the siRNA sample was considered as a
potential hit. Then, genes were grouped depending on the
number of siRNA hits. A gene is identified as a hit if 2 or
more out of 4 siRNAs were siRNA hits.
Ranking approaches
Ranking approaches consisted in ranking genes by order
in which they are on-target hits depending on the
algorithm used. For each of the six screening data sets,
we worked with 3 different algorithms resulting in 3
distinct rankings.
The first ranking approach is the redundant siRNA
activity (RSA) analysis based on the hypergeometric
distribution. First, all z scores values from the 3452
siRNAs assayed are ranked in ascending order (low is
good). In this way, each gene is represented at 4 different
positions in the list. Then, at each position, RSA tests the
probability of finding the given on-target siRNAs (from 1
to 4) in the current list. Therefore, a p-value is assigned to
each siRNA, so that there are 4 p values per gene.
Finally, the lowest of the 4 p values is assigned to the
gene, enabling to rank all 863 genes by ascending order.
Here, RSA enables to rank genes by enrichment of their
siRNAs towards the top of the ranked list.
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Considering that ranking-based siRNA analysis regards
the top 30 genes as true-positive, we focused on the top
30 genes for each of the 3 ranking methods.
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For each screen, 4 hit lists were obtained: 1 list composed
of threshold-based hit genes and 3 lists composed of the
top 30 genes ranked by the 3 different ranking-based
algorithms. For each gene in each list, hit genes were
ultimately considered if they were identified in at least 2
independent hit lists.

The final analysis step focused on removing non-specific
hit genes involved in broader cell toxicity. Our final hit
list includes epigenetic modulators mitigating both TNBC
cells, MDA-MB-468 and MDA-MB-231, but not
HCT116 cell line.
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The other two algorithms, developed by siTOOLs
biotech, are based on a multi-hit analysis, ranking genes
by order in which they become double- or triple-hits.
First, similarly to RSA, all z score values from the 3452
siRNAs are ranked by ascending order. For the double-hit
ranking, once a second siRNA appears in the list, the
corresponding ranking position is assigned to the targeted
gene. This way, each of the 863 genes have a value,
which is used to rank genes by ascending order in which
they become double-hits. For the triple-hit ranking, the
third siRNA ranking position was considered.
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These results suggest major differences between the two
readouts, and between cell lines when using Nuclei count
as a viability readout compared to CellTiterGLO readout.
Indeed, CellTiterGLO and Nuclei count are two different
cell viability assays, one measuring a homogeneous
signal, and the other one detecting signal from individual
cells, resulting in more homogeneous and heterogeneous
results, respectively (Figure 2).
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Experimental conditions were first optimized for MDAMB-468, MDA-MB-231 and HCT116 cell lines (Figure
1). Our extended epigenetic siRNA library, targeting 863
epigenetic modulators using 4 different siRNAs per gene,
was used to screen MDA-MB-468 (Figure 2: A, B and
C), MDA-MB-231 (Figure 2: D, E and F) and HCT116
(Figure 2: G, H and I) cell lines for two independent
readouts, CellTiterGLO and nuclei count. Ultimately,
results from the six screens were processed according to
the z-score normalization method. The distribution of
normalized z-scores for each siRNA, including controls,
are presented Figure 2 for each readout.
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Figure 1: siRNA transfection optimization for the
different cell lines. Cell confluence over time for
MDA-MB-468 (A), MDA-MB-231 (B) and HCT116
(C) cell lines seeded at different cell density in 384well plate. Cell viability for MDA-MB-468 (D), MDAMB-231 (E) and HCT116 (F) cell lines after 96 h
treatment with various amounts of DharmaFECT4.
Cells were exposed to non-targeting control siRNA,
PLK1 siRNA or media alone as non-transfected
condition. Cell viability was expressed as relative
luminescence units (RLU) based on the CellTiterGLO
readout.
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Figure 3: Number of genes identified based on the
number of siRNA hits using the threshold method for
each cell line screen. For the MDA-MB-231 nuclei
count readout, no genes were identified with at least 2
siRNA hits. CTG: CellTiterGLO; NC: nuclei count.
RSA analysis

CTG z-scores

Figure 2: Epigenetic siRNA library screening results
using two independent cell viability readouts.
Screening data for the MDA-MB-468 (A, B and C),
MDA-MB-231 (D, E and F) and HCT116 (G, H and I)
cell lines using CellTiterGLO readout (A, D and G) or
Nuclei count based on nuclear fluorescent staining
readout (B, E and H). Correlation between the two
readouts for MDA-MB-468 (C), MDA-MB-231 (F)
and HCT116 (I). Z score results for siRNAs targeting
epigenetic modulator are shown in dark grey, while z
score results for positive and negative controls are
shown in red and blue, respectively. Hits selection
thresholds are visualized by a bar for each cell line
and readout.
siRNA hits identification
Threshold analysis
Threshold values were calculated for each cell line and
readout (Figure 3). siRNAs with normalized z-scores
lower than the threshold were considered as siRNA hits.
Only siRNAs targeting the intended genes by at least 2
out of the 4 siRNAs were considered for the subsequent
data analysis. Figure 3 shows the number of genes in
which 2 to 4 siRNAs were identified as hits using the
threshold method. Ultimately, 5 to 27 genes were
identified in all screens, while MDA-MB-231 Nuclei
count screening did not reveal any 2 out of 4 siRNAs hit
genes using the threshold analysis.

In this approach, the correlation between normalized z
scores for siRNAs randomly paired by genes was
investigated for viability screens performed on MDAMB-468, MDA-MB-231 and HCT116 either using the
CellTiterGLO or the nuclei count readouts (Figure 4).
CellTiterGLO or nuclei count normalized z scores for
randomly paired siRNAs targeting the same genes are
overall not correlated, highlighting the impact of the offtarget effect previously described for siRNA.
Likewise, scrambled data p-values were also calculated
based on a random pairing of the siRNA sequences to zscore values. Finally, all the gene p values were then
ranked by ascending order (Figure 5) for both real and
scrambled screening data sets, for CellTiterGLO (Figure
5A) and Nuclei count (Figure 5B) readouts performed in
MDA-MB-468, MDA-MB-231, and HCT116 cells.
Based on these rankings, the real and scrambled p value
screening data sets diverge at different ranking positions
depending on the cell line and the readouts. This
representation demonstrates that genes with the lowest
real p values, inferior to scrambled p-values, are truly
active in our screens. In these conditions, the top 30 RSA
genes were analyzed based on their CellTiterGLO
(Figure 6A) and nuclei count (Figure 6B) RSA p values
and individual z score values for each of the four siRNAs
targeting these genes in the MDA-MB-468, MDA-MB231 and HCT116 cell lines. As expected, genes with the
lowest RSA p values, such as PRPF31 for MDA-MB468, also have the lowest CellTiterGLO and Nuclei count
z scores and the tightest data distribution between the
four siRNAs per gene.
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Figure 4: Data correlation for randomly paired
siRNAs targeting the same genes in MDA-MB-468,
MDA-MB-231 and HCT116. (A) Correlation between
CellTiterGLO z-score values for randomly paired
siRNAs targeting the same genes. (B) Correlation
between Nuclei count z score values for randomly
paired siRNAs targeting the same genes.
A
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Figure 6: Hit’s identification based on RSA ranking.
Top 30 genes ranked by RSA p values (log10) for
MDA-MB-468, MDA-MB-231 and HCT116 screens
using CellTiterGLO (A) and nuclei staining (B)
readouts, including individual siRNA z score values
for the four siRNAs.

RSA p-values (log10)

RSA p-values (log10)

RSA p-values (log10)

MDA-MB-468

Multi-hit analysis

Figure 5: Top 300 RSA real gene p values ranked by
ascending order compared to scrambled p values
calculated for CellTiterGLO (A) and nuclei count (B)
readouts performed in MDA-MB-468, MDA-MB-231,
and HCT116 cells.

As for the RSA ranking, CellTiterGLO and Nuclei count
z-scores were ranked in ascending order for the multi-hit
analyses. Ranking based on real data was then compared
to the one obtained when the siRNAs were randomly
paired to z score values (scrambled data). The cumulative
number of double-hit genes at every position for the top
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500 siRNAs compared to scrambled data is presented for
the CellTiterGLO and nuclei count readouts Figure 7 (A
and B), respectively. As for the RSA analysis, the
HCT116 cell line displays the largest separation between
real and scrambled data double-hits curves for both
CellTiterGLO and Nuclei count readouts. Real and
scrambled data sets are slightly less separated for MDAMB-468, merging near the top 350 and 500 siRNAs for
CellTiterGLO and Nuclei count data sets, respectively.
For the MDA-MB-231, the real and scrambled data
double-hits curves almost overlap for both readouts, with
an enrichment in real data further in the siRNA ranking,
for the nuclei count readout.
Relevant genes identification based on the different
screening readouts and data analysis methods
To identify epigenetic modulators critical for TNBC cell
lines viability, hit genes were compared between the two
implemented readouts and the four methods considered to
analyze the data. The latter were first compared to
determine hit genes that were identified by at least three
analysis methods, considering hit genes defined as at
least 2 out 4 siRNA hits for the Threshold approach and
being in the top 30 genes for the ranking algorithms
(Figure 8).
Interestingly, the RSA ranking method identified the
same hit genes than the double-hit ranking approach
regardless of the cell line, for both readouts. Globally,
most hit genes identified were commonly identified
across the data analysis methods employed. This is the
case for 12 hit genes in MDA-MB-468 using
CellTiterGLO and 14 hit genes using the nuclei count
readout. In MDA-MB-231, 3 hit genes were common to
the four methods using CellTiterGLO readout while all
methods, except for the threshold analysis, generated 13
hit genes using the nuclei count readout. Twelve hit genes
were common to the four methods in the HCT116 cell
line using CellTiterGLO and 17 hit genes using the nuclei
count readout. Only one gene, SF3B1, was identified
through the four methods for all screens regardless of the
cell line or the readout, except in the MDA-MB-231
nuclei count that did not generate any hit genes through
the Threshold approach. Interestingly, SF3B3 was
identified as a hit gene by threshold in MDA-MB-468
using both readouts, and in HCT116 using CellTiterGLO,
while it was identified by all ranking methods in all
screens. These results indicate that ranking approaches
confirm and further complement data from the threshold
analysis.
The ranking analysis systematically identified more
common hit genes than the threshold method, regardless
of the readout or the cell line. As expected, the triple-hit
ranking method identified slightly fewer hit genes than
the double-hit ranking method regardless of the readout
and the cell line, except for the HCT116 cell line with the
CellTiterGLO where the two methods performed
similarly. Ultimately, between 9 and 22 genes were

identified as potential hits depending on the cell line and
the readout considered.
Subsequently, our analysis consisted in highlighting
common hit genes across the two readouts for each cell
line, and ultimately, identifying common hit genes across
the three cell lines. As shown in Figure 9, genes
identified by threshold or ranking (Figure 9A) are either
common to both cell viability readouts, either specific to
CellTiterGLO or nuclei count. Globally, numerous hit
genes are common to the two readouts, except for MDAMB-231, for which only 3 genes were common to both
readouts. As MDA-MB-231 cells display the slowest
doubling time (36 h) among the three cell types, cell
incubation for 96 h was probably not sufficient to allow
complete biological modulation in response to siRNA
and identification of key genes in cell viability.
Moreover, for all three cell lines, number of hit genes are
slightly higher in nuclei count compared to CellTiterGLO
assay, suggesting that more hits are cytostatic. Among hit
genes common to both readouts, genes common to both
threshold and ranking analyses were identified (Figure
9B). Six are common to the MDA-MB-468 and HCT116
cell lines, five are specific to HCT116, and six are
specific of the MDA-MB-468 cell line. Identified through
both readout assays and both data analysis approaches,
these genes are supposed to be strong candidates involved
in cell viability.
Finally, hit genes were analyzed across the different cell
lines (Figure 9C), regardless of the readouts or the data
analysis methods used to identify them. A total of 46
genes were identified as impacting cell viability of the
different cell lines investigated. Amongst these genes, 10,
8 and 11 were specific for the MDA-MB-468, MDAMB-231 and HCT116 cell lines, respectively. Ultimately,
3 hit genes were identified as being specific for the two
TNBC cell lines, MDA-MB-468 and MDA-MB-231:
CDK1, CHAF1A and KMT5A.
The role of CDK1 in the TNBC cell viability was
highlighted in both readouts for the MDA-MB-468 cell
line. Indeed, CDK1 was identified by at least 3 analysis
methods using CellTiterGLO. Using the Nuclei count, it
is a 3 out of 4 siRNAs hit using the Threshold method
and, even though it was not confirmed by at least two
ranking approaches, CDK1 was identified in the top 30
double-hit analysis and at the position 32 in the RSA
rank. In the MDA-MB-231, CDK1 was identified by the
three ranking methods using the nuclei count readout. For
CHAF1A and KMT5A, both genes were identified with
the four analysis methods in the MDA-MB-468 cell line
using both readouts. Both hit genes were also identified
with the three ranking approaches in the MBA-MB-231
cell line using the nuclei count readout and as 3 out of 4
and 2 out of 4 siRNAs hit for CHAF1A and 2 out of 4
and 3 out of 4 siRNAs hit for KMT5A with the threshold
analysis using the CellTiterGLO and the nuclei count
readouts, respectively.
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HCT116

HCT116

Figure 9: Genes identified in each cell line common to
both CellTiterGLO and nuclei count readouts (A) and
to both threshold and ranking analyses (B), and
finally hit genes identified for each cell line regardless
of the readout (C).
DISCUSSION

Figure 7: Double-hit enrichment at every siRNA
ranking position based on ascending CellTiterGLO
(A) and nuclei count (B) z scores or scrambled data
for MDA-MB-468, MDA-MB-231 and HCT116 cell
lines.

Figure 8: Hit genes identified through each analysis
method across each of the three cell lines using either
CellTiterGLO (A) or nuclei count (B) readouts.

Among breast cancers, the triple-negative form displays
the poorest prognosis and remains the most aggressive
and heterogeneous disease, urgently requiring novel
therapeutic modalities. Although TNBC is more sensitive
to chemotherapy compared to non-TNBC breast cancers
about 70% of patients display recurrent disease and all
TNBC-diagnosed patients will die from the disease.14,15
Consequently, numerous clinical trials are ongoing using
various emerging therapeutics including PARP inhibitors,
PI3K/mTOR signaling inhibitors and HDAC inhibitors.16
Although the latter provide encouraging results, driven by
the fact that TNBC progression like many other cancers
is driven by gene expression deregulation in key
signaling pathways, we undertook screening a
comprehensive epigenetic modulator siRNAs library.17,18
Ultimately, our results highlight the role of three
epigenetic genes in regulating TNBC cell viability and
growth: CDK1, CHAF1A, and KMT5A.
Recent studies highlighted the link between the
overexpression of the transcription factor Myc and the
sensitivity to CDK1 inhibition in TNBC. Horiuchi et al
demonstrated that mice bearing overexpressing c-Myc
TNBC cells were significantly more sensitive to
Dinaciclib, a small molecule inhibitor of CDK 1, 2, 5 and
9, whereas most of the receptor-positive cell lines showed
resistance to such treatment.19 Another study performed
by Liu et al obtained similar results through delivery of a
CDK1 siRNA with a nanoparticule carrier.20 Finally,
CDK1 inhibition was also investigated through various
combination treatments, including MYC and PARP
inhibition.21,22 Studies also highlighted the role of
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KMT5A-mediated H4K20me1 promoting the EMT in
triple-negative breast cancer. As an example, Yang et al
demonstrated that, in addition to physically interact with
TWIST, a key player in EMT, KMT5A is also recruited
on the promoters of two TWIST target genes, N-cadherin
and E-cadherin, in MDA-MB-231 TNBC cells.23
KMT5A acts as a coactivator and a corepressor in
mesenchymal N-cadherin and epithelial E-cadherin
markers transcription, respectively, suggesting that
KMT5A could be a potential therapeutic target to prevent
EMT and metastasis in non-or triple-negative breast
cancer. The results of our screen are perfectly aligned
with previous published data demonstrating the role of
CDK1 and KMT5A in the viability and proliferation of
cancers cells and reinforce the rationale suggesting the
interest of this substrates phosphorylase and this H4K20
methyltransferase, respectively, specifically in the
context of TNBC tumors.
Although CDK1 and KMT5A were previously described
as being involved in cancers including TNBC, hence
strengthening our screening results, the role of CHAF1A
was never highlighted before in the context of TNBC.
As a core component of CAF-1, CHAF1A (CAF p150)
plays an essential role in many biological processes, such
as chromatin assembly during DNA replication or after
DNA repair.24-26 CHAF1A epigenetically regulates gene
expression through interaction with heterochromatin
protein 1 (HP1) or with methyl-CpG binding domain
protein 1 (MDB1).27,28 Recent studies associated
CHAF1A with the development and progression of solid
tumors.29-31 The importance of CHAF1A as a cancer
driver gene is supported by the finding that its
overexpression has been linked to tumor progression,
cancer susceptibility, and more recently, epigenetic
silencing.32-34 CHAF1A was found overexpressed in
gastric cancer cell lines and tissue samples and its high
expression was predictive of poor outcome.35 Functional
in vitro studies demonstrated that CHAF1A expression
promoted gastric cancer cell proliferation by enhancing
transcriptional activation of c-MYC and CCND1 genes,
through direct binding to their promoter regions. This
activation was achieved in concert with TCF4, a mediator
of Wnt signalling pathway, suggesting that CHAF1A
may act as a co-activator of this important pathway.
CHAF1A was also found to be involved in epithelial
ovarian cancer (EOC) cell proliferation and cell apoptosis
inhibition. Xia et al found that the positive staining of
CHAF1A in EOC was higher than that in normal tissues
and overexpression of CHAF1A was strongly associated
with cancer stage and lymph node metastasis.36 Knock
down of CHAF1A by siRNA in EOC inhibited cell
proliferation, reduced colony formation, caused G0/G1
phase arrest and promoted cell apoptosis. Taken together,
these studies correlate with our screening data supporting
the role for CHAF1A in cell proliferation and survival.
The role of CHAF1A was also investigated in non-small
cell lung cancer (NSCLC). Cai et al demonstrated that
CHAF1A is a direct target of miR-520b and decreased

expression of CHAF1A resulting from the up-regulation
of miR-520b could decelerate the proliferation, invasion
and migration of lung cancer cells.37 Interestingly,
miR520b is among the miRNAs that have been shown to
be down-regulated in triple-negative breast cancer.38
Interestingly, Montes de Oca et al performed
unsupervised hierarchical clustering using some
published transcriptome dataset of 1127 breast cancer
patients and found several chromatin regulators,
including two CAF1 subunits CHAF1A (p150) and p60,
to be part of a gene cluster with high expression in triple
negative, HER2+ and luminal B breast cancer subtypes
and low expression in the luminal A subtype.39
Ultimately, the specific role of CHAF1A in breast cancer
remains to be uncovered but its role in the regulation of
H3K9 trimethylation of key target genes regulating
proliferation, survival, and differentiation might be
compatible with a specific role in TNBC as suggested by
our siRNA screening results. Our data allow to drift from
the previous correlation between CHAF1A expression
and cancer to a more causative importance for CHAF1A
to support cancer cell growth/viability.
Interestingly, the expression of the three epigenetic genes
CDK1, CHAF1A and KMT5A identified here as key
genes in specific TNBC cell viability is correlated to cMyc expression, a Wnt/β-catenin signalling pathway
target gene. Given that aberrant activity of Wnt/β-catenin
signaling pathway occurs in cancer stem cells (CSC) and
that TNBC MDA-MB-231 cell line expresses elevated cMyc levels, these findings are of interest since TNBC
tumors are enriched in CSC, conferring chemo-resistance,
EMT and metastasis. Our data support the rationale of
targeting epigenetics in TNBC to eradicate tumors,
sensitize cells and prevent metastases. In our study,
MDA-MB-468 and MDA-MB-231 were selected as
TNBC cell lines of interest. Among TNBC intrinsic
molecular subtypes, MDA-MB-468 belongs to basal-like
1 and MDA-MB-231 to Mesenchymal. Further
investigations will be necessary to uncover CDK1,
CHAF1A, and KMT5A roles in additional TNBC
subtypes such as immunomodulatory and luminal
androgen receptor (LAR), supposing that their inhibition
could potentially overcome the TNBC heterogeneity.
CONCLUSION
Our investigation of a large collection of siRNA targeting
epigenetic modulators on TNBC and non-TNBC cell
lines using two distinct cell viability assays combined
with a comprehensive data analysis pipeline using four
different methods enabled us to confirm CDK1 and
KMT5A as important regulators in TNBC cell viability
and growth and to identify CHAF1A as a novel regulator
of TNBC cell survival.
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