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Abstract

Background Adrenocortical carcinoma is rare and aggressive endocrine cancer of the adrenal gland. Within
adrenocortical carcinoma, a recently described subtype characterized by a CpG island methylator phenotype (CIMP)
has been associated with an especially poor prognosis. However, the drivers of CIMP remain unknown. Furthermore,
the functional relation between CIMP and poor clinical outcomes of patients with adrenocortical carcinoma stays
elusive.

Results Here, we show that CIMP in adrenocortical carcinoma is linked to the increased expression of DNA methyl-
transferases DNMT1 and DNMT3A driven by a gain of gene copy number and cell hyperproliferation. Importantly, we
demonstrate that CIMP contributes to tumor aggressiveness by favoring tumor immune escape. This effect could be
at least partially reversed by treatment with the demethylating agent 5-azacytidine.

Conclusions In sum, our findings suggest that co-treatment with demethylating agents might enhance the efficacy
of immunotherapy and could represent a novel therapeutic approach for patients with high CIMP adrenocortical
carcinoma.
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Introduction

Adrenocortical carcinoma (ACC) is an endocrine cancer
of the adrenal gland with an annual incidence of approx-
imately 1 per million [1]. Albeit rare, ACC is extremely
aggressive characterized by inter-patient heterogeneity
and 16-44% five-year survival rate [2, 3]. Complete surgi-
cal removal of localized tumors represents the only cura-
tive option; nevertheless, the recurrence rate remains
high (30-75%) [1, 4]. Alternatively, unresectable or meta-
static ACCs receive mainly palliative treatments includ-
ing the adrenolytic drug mitotane, chemotherapy, and
radiotherapy [5].
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Substantial recent efforts focused on obtaining a com-
prehensive genomic characterization of ACC, including
The Cancer Genome Atlas (TCGA) Research Network
[6] and the European Network for the Study of Adrenal
Tumors (ENSAT) [7], have provided integrated analy-
sis of multidimensional genomic data to better predict
patient outcomes and help develop new therapeutic
approaches. Genes identified as potential drivers of ACC
tumorigenesis include insulin-like growth factor 2 (highly
expressed in approximately 80% of ACC), as well as
[B-catenin, TP53, ZNRF3, CDKN2A, RB1, MEN1, DAXX,
MEDI2 and TERT (mutated in, respectively, 16, 16, 21,
11,7,7, 6, 5, and 6% of ACC) [6, 7]. However, about 30%
of ACC cases lack such mutations [7]. Additional factors
associated with increased mortality include copy number
alterations, gene expression changes, and aberrant DNA
methylation; specifically, the CpG island methylator phe-
notype (CIMP).

CIMP, first described in colorectal carcinoma [8], is
characterized by hypermethylation of hundreds of CpG
islands surrounding gene promoter regions. CIMP is
observed in numerous cancer types [8—11] with differ-
ing effects on prognosis. In various cancers, but not in
ACC, the contribution of DNA hypermethylation to can-
cer progression and aggressiveness has been linked to
the immune escape [12-15]. Specifically, treatment with
demethylating agents has been shown to improve the
survival of the patients with such cancers, and to increase
the efficiency of immunotherapy [16]. However, despite
the fact that CIMP status is used as a biomarker of
aggressiveness in ACC, we still do not know what drives
the poor survival of CIMP patients and whether their
poor survival is connected to the immune escape in this
particular cancer type.

Moreover, the mechanisms underlying CIMP establish-
ment in ACC are unclear [17]. Particularly, no association
of CIMP with any specific mutation has been observed
neither in the ENSAT cohort nor in the TCGA cohort [6,
7].

In this study, we identified potential molecular driv-
ers of DNA hypermethylation in ACC and demonstrated
its importance in ACC progression and outcome. Our
results provide new insights into the role of DNA meth-
ylation in ACC tumorigenicity and suggest that DNA
demethylating agents may be beneficial for patients with
CIMP, particularly in association with immunotherapy.

Results

CIMP in ACC is associated with increased DNMT1

and DNMT3A expression

To determine factors that are associated with and might
contribute to the establishment of CIMP in ACC, we
analyzed publicly available microarray and RNA-Seq
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data from ENSAT and TCGA [6, 7]. We focused on the
expression levels of genes coding for factors involved in
DNA methylation or demethylation, which were derived
from the EpiFactors database [18], as a function of the
CIMP status (Additional file 2: Table S1). ACC samples
were characterized as low, intermediate, or high CIMP
(ICIMP, iCIMP, hCIMP) as described in Assié et al. [7]
and Zheng et al. [6] for ENSAT and TCGA cohorts,
respectively. Among all genes known to be positively
related to DNA methylation [18], only DNA methyltrans-
ferases DNMT1 and DNMT3A exhibited significantly
higher expression in hCIMP than ICIMP cases in both
TCGA and ENSAT datasets with minimal expression fold
change above 1.4 (Fig. 1a, Additional file 1: Fig. S1, Addi-
tional file 2: Table S1, TCGA cohort p values 9.23e—07,
7.28¢—06 and ENSAT cohort p values 1.62e—04 and
1.23e—02 for DNMT1 and DNMT3A expression changes,
respectively). This suggested that increased expression
of these two factors may contribute to the establish-
ment of the CIMP phenotype. In line, high expression
of these factors was also associated with a poor overall
survival (TCGA dataset: DNMTI Bonferroni adjusted
p value<5.16x10™° and DNMT3A p value<6x107>;
ENSAT dataset: DNMTI p value<1.22x107° and
DNMT3A p value<0.146; Fig. 1b, Additional file 1: Fig.
S1). Additionally, expression of TETI and to a lesser
extent TET3, which code for enzymes involved in DNA
demethylation, was also increased in hCIMP compared
to ICIMP tumors. However, the expression level of these
genes remained low compared to that of DNMT1 and
DNMT3A (Fig. 1a, Additional file 1: Fig. S1).

Copy number aberrations and increased proliferation
together contribute to higher DNMT expression in ACC

To clarify the causes underlying DNMT1 and DNMT3A
overexpression in ACC, we analyzed copy number
alterations in the DNMT loci (Fig. 1c). The frequen-
cies of gains in DNMTI and DNMT3A were increased
in hCIMP tumors compared to those in ICIMP, whereas
fewer DNMT3B gains were observed in hCIMP. Further,
DNMT1 and DNMT3A expression levels significantly
correlated with copy number alterations, the Pearson
correlation coefficients (R) were 0.25 and 0.42, respec-
tively (Fig. 1d). However, as it could be seen from the
correlations, copy number status did not fully explain the
augmented expression of DNMTs, which made us search
for further drivers of increased DNMT expression in the
hCIMP ACC tumors.

We hypothesized that increased cell proliferation
observed in aggressive ACC tumors presenting CIMP
[6] can contribute to the augmented expression of DNA
methyltransferases, independently from the gene copy
number status (Pearson’s correlation on TCGA ACC
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Fig. 1 DNMTT and DNMT3A expression levels are augmented in hCIMP ACC and associated with increased copy numbers. a Expression levels

of DNMTT1, DNMT3A, DNMT3B, TETT, TET2, and TET3 in TCGA patients exhibiting ICIMP (n=32), iCIMP (n=26), and hCIMP (n=21) (two-sided t test,
***1 <0.005). b Kaplan—Meier estimates of overall survival for ACC patients, as a function of DNMT1 or DNMT3A expression (divided as high, medium
and low) for the TCGA dataset. ¢ Pattern of copy number alterations in hCIMP and ICIMP ACC in chromosomes containing DNMT1, DNMT3A,

and DNMT3B genes. d Expression levels of DNMTT and DNMT3A in TCGA patients according to copy number status of the genes

samples between the CIMP score and proliferation
score: R=0.51, p=1.5e—06; between the CIMP score and
mitoses per 50 high-power field: R=0.58, p =3.84e—06).
Indeed, DNMT1 and DNMT3A expression is elevated
during S phase in order to prepare the reproduction of
the methylation profile in the daughter cells [19]. Also,
in prostate cancer and acute myeloid leukemia, DNA
hypermethylation has been shown to be a consequence
of hyperproliferation [20, 21]. To check this hypothesis
in ACC, we compared sample DNMTI and DNMT3A
expression levels with the proliferative status. Because

the mitotic rate was not available for all tumors, we
computed a proliferative score using ROMA [22]. The
correlation between proliferation score and mitotic
rate was high and significant (Spearman p=0.522, p
value < 5.24e—5, n=>54); the deviation from perfect cor-
relation is likely to be explained by facts that the mitotic
rate was counted manually and a proliferation score
based on RNA-seq measurements was calculated from a
slightly different part of the tumor.

Expression levels of DNMTI and DNMT3A were,
respectively, highly and moderately correlated with
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proliferation (Fig. 2a, b, Additional file 1: Fig. S2), corrob-
orating the hypothesis that proliferation could also con-
tribute to the increased expression of DNMT in hCIMP
ACC tumors. As seen from the analysis of partial cor-
relations, the association between cell proliferation and
DNMT expression was statistically independent from
the effect of copy number aberrations documented above
(Fig. 2¢, Additional file 3: Table S2), suggesting increased
proliferation as a putatively independent cause of DNMT
overexpression. Indeed, as mentioned earlier, hypermeth-
ylation has already been described or suggested to be a
consequence of increased proliferation in prostate can-
cer [20] and acute myeloid leukemia [21]. The authors of
the later paper suggested that this mechanism would be
mediated by DNMT3A. In our model, we hypothesized
that, as the DNMTs are regulated during the S phase
[19], the hyperproliferation of ACC cells could drive an
anarchic overexpression of these enzymes which would
be found in excess in cells, inducing the methylation of
portions of the genome that were not methylated in the
parent cells.

To confirm that DNMT expression can be governed
by increased cell proliferation, we treated hCIMP H295R
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and ICIMP MUC-1 ACC cell lines with an inhibitor of
cell proliferation, AZD-5438, downregulating CDK1/2/9.
The CIMP status of the ACC cell lines was established
using the reduced representation bisulfite sequencing
(RRBS) (see Methods). The AZD-5438 treatment nega-
tively affected DNMT3A and DNMT3B expression in the
hCIMP H295R cells; however, no decrease of DNMTI
expression was observed (Fig. 2d, e). In contrast, no
decrease of any DNMT expression following anti-pro-
liferation treatment was observed in the ICIMP MUC-1
cells.

Mathematical modeling (see Methods) also corrobo-
rated our hypothesis that in ACC, DNA hypermethyla-
tion is driven by increased proliferation via augmented
expression of DNMT1 and DNMT3A (Fig. 2f). Indeed,
partial correlations of the CIMP score and expres-
sion of the DNMT genes were significantly strong even
when controlling for the cell proliferation status (corre-
sponding partial correlation coefficients R and p-values:
Rpnmri =029, p=0.01; Rppursa=0.46, p=3.08e—05)
(Additional file 3: Table S2). Moreover, partial correla-
tion of proliferation and CIMP score was not significant
when controlling for the expression values of DNMT1
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Fig. 2 Increased cell proliferation in hCIMP ACC tumors is a likely second driver of augmented DNMTT and DNMT3A expression, along with copy
number aberrations in the DNMT genes. a and b Correlation between DNMTT (a) or DNMT3A (b) expression and cell proliferation; hCIMP samples
(n=21, orange), iICIMP (n= 26, yellow), and ICIMP (n =32, blue). ¢ Modeling of inter-dependencies between genomic copy number status of DNMT
genes, cell proliferation and gene expression using partial correlations for the TCGA data set. R, Stands for the Pearson partial correlation
coefficient calculated when controlling for the third factor. d and e Effect of a 48 h treatment with the proliferation inhibitor AZD-5438 (Azd)

at 1 or5 uM on the expression of DNMT1, DNMT3A, DNMT3B, and the proliferation marker MKI67 in the hCIMP and ICIMP ACC cell lines H295R

(d) and MUC-1 (e). DMSO was used as the vehicle. Data represent the means from at least four independent experiments + SEM (Wilcoxon test,

*$ <005, *p<0.01)
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and DNMT3A (R=0.11, p=0.35); of note, without condi-
tioning for the DNMT expression values, the CIMP score
was highly correlated with the cell proliferation scores
(R=0.51, p=1.5e—06). The observation of such a low
partial correlation excluded the hypothesis that cell pro-
liferation can directly drive hypermethylation without the
intermediation of over-expressed DNMTs and confirmed
our thesis that DNTMs are direct drivers of CIMP.

High and low CIMP tumors exhibit differences

in proliferation and immune response gene expression
signatures

Consistent with several earlier studies highlighting the
aggressiveness of hCIMP ACC tumors [6, 7, 17], we
observed strong associations of the CIMP score with
metastasis (R=0.29, p=0.011), stemness score (R=0.26,
p=0.02), and overall higher Weiss score (R=0.30,
p=0.019) in the TCGA dataset. However, it was unclear
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whether these associations were direct and/or causal, or
whether they were simply induced by the manifestation
of CIMP in aggressive, highly proliferative cells (R=0.51,
p=1.5e—06). Indeed, when controlling for the cell prolif-
eration scores of the ACC tumors, these associations no
longer held statistical significance (partial correlation of
CIMP scores with metastasis R=0.19, p=0.10; stemness
score R=0.21, p=0.07; Weiss score R=0.07, p=0.59).

To identify specific molecular processes and signal-
ing pathways associated with CIMP in ACC, hCIMP
tumors were compared to ICIMP tumors using Gene
Set Enrichment Analysis (GSEA) [23]. Most of the gene
sets enriched in hCIMP tumors were related to prolifera-
tion and/or cell survival, in line with our previous results
(Additional file 1: Fig. S3 and Table 1). Notably, a large
proportion of gene sets detected by GSEA as depleted
in hCIMP compared to ICIMP tumors was associated
with the immune system and immune response (50% of

Table 1 Gene set enrichment analysis (GSEA) results for comparison of hCIMP and ICIMP samples

Name Size ES NES NOM p-val FDR g-val
E2F_TARGETS 193 0.68 3.26 0 0
G2M_CHECKPOINT 194 067 318 0 0
MYC_TARGETS_V1 195 0.55 267 0 0
MYC_TARGETS_V2 58 0.54 2.1 0 0
MITOTIC_SPINDLE 199 042 203 0 0
CHOLESTEROL_HOMEQOSTASIS 74 046 1.88 0 0.0004
DNA_REPAIR 149 0.41 1.84 0 0.0003
MTORC1_SIGNALING 198 035 1.69 0 0.003
PANCREAS_BETA_CELLS 40 045 1.63 0.008 0.005
UV_RESPONSE_UP 158 033 1.54 0.0038 0.011
UNFOLDED_PROTEIN_RESPONSE 113 0.3 1.34 0.039 0.072
SPERMATOGENESIS 135 0.29 131 0.044 0.083
PI3K_AKT_MTOR_SIGNALING 105 0.3 1.29 0.056 0.095
EPITHELIAL_MESENCHYMAL_TRANSITION 199 027 1.29 0.037 0.091
INFLAMMATORY_RESPONSE 200 —0.28 -1.35 0.015 0.069
COAGULATION 138 —0.29 -1.36 0.027 0.065
ESTROGEN_RESPONSE_EARLY 197 -0.28 -137 0.015 0.064
ADIPOGENESIS 200 -0.29 -1.39 0.011 0.062
KRAS_SIGNALING_UP 200 -0.29 -141 0.009 0.054
IL6_JAK_STAT3_SIGNALING 87 -0.33 —1.43 0.019 0.052
COMPLEMENT 200 —0.31 —1.54 0 0.021
PROTEIN_SECRETION 96 -0.38 -1.66 0.002 0.006
BILE_ACID_METABOLISM 112 -0.37 —1.66 0.002 0.008
FATTY_ACID_METABOLISM 156 -037 -173 0 0.004
OXIDATIVE_PHOSPHORYLATION 199 —-0.37 —1.81 0 0.003
INTERFERON_ALPHA_RESPONSE 97 —0.46 —2.03 0 0
ALLOGRAFT_REJECTION 200 —0.46 —-2.21 0 0
INTERFERON_GAMMA_RESPONSE 200 —0.45 —-2.21 0 0

The MSigDB hallmark database was used and only the pathways with FDR < 10% are shown. Pathways with NES > 0 are enriched in hCIMP compared to ICIMP and
pathways with NES <0 are enriched in ICIMP compared to hCIMP. Pathways related to immunity are highlighted in bold. ES Enrichment Score, NES Normalized

Enrichment Score
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pathways with false-discovery rate (FDR) < 10% and nega-
tive normalized enrichment score), in addition to metab-
olism, oxidative phosphorylation, and protein secretion
(Additional file 1: Fig. S3 and Table 1).

To check whether indeed increased DNA methylation
might be responsible for the immune escape, we screened
for molecular processes downstream of CIMP. To iden-
tify genes repressed by DNA methylation in hCIMP, we
selected genes whose expression levels significantly cor-
related with the CIMP status and whose promoters or
gene bodies contained differentially methylated cytosines
(See Methods). A total of 1302 genes were found to be
potentially repressed by methylation in CIMP. A path-
way enrichment analysis was performed on all KEGG
pathways and showed that almost all pathways negatively
influenced by DNA methylation-dependent repression of
transcription were related to immune response or com-
munication with the immune system (Fig. 3a). We there-
fore conclude that CIMP can directly cause inhibition of
immunity-related genes.

hCIMP ACC tumors are characterized by low infiltration

of immune cells

Given the differences uncovered in immune response
gene expression between ICIMP and hCIMP tumors, we
hypothesized that hCIMP tumors could be less infiltrated
by immune cells than ICIMP tumors. To test this hypoth-
esis, abundance of tumor-infiltrating immune cells in
ACC tumors was estimated in silico using MCPcounter
software [24] for both TCGA and ENSAT cohorts. Abun-
dance of the eight assessed immune cell types was signifi-
cantly decreased in hCIMP compared to that in ICIMP
tumors whereas fibroblast abundance was comparable
among the tumor groups (Fig. 3b and Additional file 1:
Fig. S4).

To validate the decrease in tumor infiltrating immune
cells in ACC, we performed immunohistochemis-
try experiments using CD3 as a marker of T cells on 6
hCIMP and 6 ICIMP tumors (Additional file 4: Table S3).
We found that the ICIMP group of tumors contained a
few highly infiltrated samples, while all hCIMP were all
poorly infiltrated (Fig. 3c). In sum, we concluded that
DNA methylation of immune response genes can affect

(See figure on next page.)
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the composition of tumor-infiltrating immune cells in the
hCIMP ACCs.

Treatment of the hCIMP ACC cell line with a DNA
demethylating agent re-activates genes related

to the immune system

Our results led to the hypothesis that DNA methylation
in hCIMP ACC could reduce antitumor immunity. Thus,
reversing this effect of DNA methylation might be ben-
eficial for patients by reintroducing antitumor immunity
and favoring the action of immunotherapy. To test this
hypothesis, we inhibited DNA methylation in ACC cells
by treating the hCIMP H295R and ICIMP MUC-1 cell
lines with the demethylating agent 5-azacytidine (AZA)
(5 uM) and assessed the resulting expression and meth-
ylation profiles using RNA-Seq and RRBS, respectively.
The primary human umbilical vein endothelial cell line
(HUVEC) was used as a non-ACC control. AZA treat-
ment resulted in decreased CpG methylation in all three
cell lines associated with mainly positive changes in gene
expression (Fig. 4a-c and Additional file 5: Table S4).
However, effects of treatment were less marked in
MUC-1 cells in accordance with the global DNA hypo-
methylation of this cell line (Fig. 4b, c). Of note, the
hCIMP H295R cell line was significantly more sensitive
to the AZA treatment than the ICIMP MUC-1 and con-
trol HUVEC cell lines (Additional file 6: Fig. S5).

For each cell line, the ability of AZA to reverse the
methylation-dependent repression of gene expression
was assayed by extracting the genes for which AZA was
able to decrease promoter methylation while inducing
an increase in expression (see Methods). A total of 560,
13, and 48 genes were identified for H295R, MUC-1,
and HUVEC cell lines, respectively (Additional file 5-8:
Tables S4-S7). As previously observed, AZA dependent
decrease in CpG methylation had a larger effect in H295R
cells than in the hypomethylated MUC-1 line. Notably,
treatments of the non-ACC control HUVEC cells with
AZA resulted in the re-expression of approximately four-
fold fewer genes than in H295R cells even though the
former cell line exhibited higher initial DNA methylation
levels.

Interestingly, the 560 genes demethylated and reac-
tivated by AZA in the hCIMP model H295R included

Fig. 3 hCIMP ACC tumors are characterized by lower abundance of tumor-infiltrating immune cells. a Pathway enrichment analysis on genes
repressed by DNA methylation in hCIMP tumors from TCGA dataset. The complete KEGG pathways database was used for the analysis and only the
significantly enriched pathways are depicted on the figure. b Relative abundance of tumor-infiltrating immune and non-immune stromal cell
populations computed using MCP-counter [19] in ICIMP (n=32), iCIMP (n=26), and hCIMP (n=21) samples from TCGA dataset. Comparison

of the relative abundances of each population using the Kruskal-Wallis test followed by Dunn's test with Benjamini-Hochberg corrections.
***n<0.001. ¢ Left: quantification of the percentage of tumor-infiltrating CD3 +T cells. Data represent the means from at least six independent
experiments + SEM. p value of the Mann-Whitney U Test: p=0.12. Right: representative screenshot of a highly infiltrated ICIMP sample and a lowly

infiltrated hCIMP sample
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several genes involved in the interaction of cancer
cells with the tumor microenvironment such as HLA-
E, ICAMI1 and RAPGEF3 (Additional file 6: Table S5).
Pathway enrichment analysis further revealed that 27
pathways were enriched in H295R cells upon DNA
demethylation (FDR<0.1) including several pathways
related to immune response and cell death (Fig. 4d, e).

In comparison, only 0 and 2 pathways were found to be
enriched in the MUC-1 and HUVEC gene sets, respec-
tively, owing to the low number of differentially expressed
genes in these sets (Additional file 9: Table S8).

As these observations suggested that AZA is able, in
the hCIMP cellular model, to induce gene re-expression
through the direct promoter demethylation of genes



Kerdivel et al. Clinical Epigenetics (2023) 15:121

involved in similar immune pathways as the genes
repressed by methylation in hCIMP ACCs, we evalu-
ated the genes that were found in both analyses in further
detail. Overall, 47, 6, and 11 genes were identified both
as genes induced by AZA through promoter demethyla-
tion and those repressed in hCIMP tumors through pro-
moter methylation, respectively, in H295R, MUC-1, and
HUVEC cell lines. A full listing and brief description of
the functions of these genes is provided in Additional
file 10: Table S9. Notably, the list for H295R cells con-
tained not only several genes related to immune system
but also some known or putative tumor suppressor genes
such as ARHGAP10, HCG11, LOXL4, and LRIGI.

Using the same approach, we determined the genes
repressed by promoter hypermethylation in H295R com-
pared to MUC-1 cells in the absence of treatment. Nota-
bly, several pathways enriched for this gene set were also
related to the immune system-associated genes, con-
firming that these two cell lines recapitulate at least par-
tially the molecular phenotypes observed in hCIMP and
ICIMP tumors (Additional file 1: Fig. S6 and Additional
file 11: Table S10). In addition, this observation also sup-
ported the results of our analysis of public datasets dem-
onstrating that in ACC, DNA methylation-dependent
gene repression targets the immune system in hCIMP
compared to ICIMP tumors.

Discussion

In this study, we investigated the role of augmented CpG
island DNA methylation (CIMP) and its driving mecha-
nisms in ACC. It has been known that unlike other cancer
types with CIMP [25, 26], ACCs do not harbor mutations
in DNA methylation-related genes [6, 7]. Our re-analysis
of ENSAT exome sequencing data using a more permis-
sive threshold of mutation confidence (to identify sub-
clonal mutations) has not been able to discover any such
mutations either (data not shown). Here, we proposed
that augmented CpG island DNA methylation in this
cancer type is associated with the increased expression of
DNMT1I1 and DNMT3A, as previously reported in some
other cancer types such as gastric cancer and gliomas [27,
28]. We revealed that increased DNMTI1 and DNMT3A
expression was associated with gains of copy number of
these genes in hCIMP compared to ICIMP tumors along
with higher cell proliferation in hCIMP tumors.

Analysis of TCGA and ENSAT datasets also revealed
a link between DNA methylation and tumor immu-
nity in ACC. Pathway analysis showed that activities
of many pathways linked to immunity were decreased
in hCIMP as compared to ICIMP, in particular, those
linked to inflammation (e.g., inflammatory response,
JAK STAT signaling pathway, and interferon alpha/
gamma) (Table 1). Indeed, it has been well described that
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activation of the JAK STAT pathway leads to the activa-
tion of the expression of the interferons [29]. Interferons
then make the tumor an easier target for the immune
system by activating NK cells and cytotoxic lymphocytes
and enhancing the presentation of tumor-associated anti-
gens [30, 31]. Besides the pathways linked to immune
system, some pathways that had been suspected to be
associated with DNA hypermethylation or DNMT activ-
ity, such as DNA repair, proliferation/cell cycle pathways
and AKT pathways [32], were also enriched in hCIMP as
compared to ICIMP (Table 1). However, in ACC, they do
not seem to be directly regulated by DNA methylation
(Fig. 3a).

Indeed, strikingly, most of the pathways enriched
among genes directly silenced by DNA methylation
were also associated with immunity (Fig. 3a). This list
included “antigen presentation and processing” path-
way on account of methylation-related silencing of many
HLA genes, a mechanism of immune escape shared by
several cancer types [33, 34]. Several pathways involved
in immune cells activation and recruitment were also
detected by GSEA as directly affected by DNA meth-
ylation in hCIMP (e.g., chemokine signaling, cytokine-
cytokine receptor interaction, and natural killer cell
mediated cytotoxicity). These results were further con-
firmed by a deconvolution of immune cell abundance
analysis using expression signatures. And although it
could be interesting in future to perform single cell
RNA-seq to get a more accurate estimation of the tumor
infiltrating immune cells, our immunohistochemistry
experiments have also confirmed the low immune sta-
tus of hCIMP samples. Tumor-infiltrating immune cells
can limit tumor progression, and deficiency of immune
cells has been often observed in aggressive and/or meta-
static tumors [35, 36]. Interestingly, a link between DNA
methylation and tumor infiltration by immune cells has
already been described in several other cancer types,
such as gliomas, colorectal cancers and ependymomas
[14, 37, 38].

Our treatment of ACC cells with AZA resulted in a
partial reversion of the methylation-dependent silencing
of immune gene expression in the hCIMP H295R cells. In
particular, HLA-E, which was repressed by methylation
in hCIMP tumors, was significantly induced by AZA.
HLA-E was found to contain a differentially methylated
region (DMR) hypomethylated under AZA treatment.
Our observations fit into the context of several other
cancer studies. For example, it has been shown that the
expression of HLA genes is lost in several cancer types
and this loss contributes to the aggressiveness and the
immune evasion of these tumors [13, 39]. Moreover, loss
of HLA gene expression has been associated with pro-
moter hypermethylation and has been shown in some
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cases to be reversible by AZA or decitabine treatment
(39, 40].

Overall, many genes and pathways involved in immune
cell mobility and chemokine/cytokine production were
re-expressed after treatment upon decreased in promoter
methylation (Additional file 6 and 9: Tables S5 and S8).
Thus, in our suggested model, methylation-dependent
silencing of immune genes, including previously men-
tioned genes involved activation and recruitment of
immune cells, would impair anti-tumor immunity lead-
ing to the observed reduction in tumor-infiltrating
immune cells and this would contribute to the lower
prognosis in high CIMP ACC patients. Even though
further study needs to be conducted, our result on cell
lines strongly suggests that treatment with the demeth-
ylating agent azacytidine could at least partially reverse
this mechanism as it has been shown to induce the re-
expression of genes involved in immune pathways. For
example, are found among these re-expressed genes,
HLA-E mentioned in the previous paragraph but also
RAPGEF3, whose expression has been correlated with
neutrophil infiltration in uveal melanoma [41], I[CAM]I,
whose down-regulation is a known mechanism of
immune escape during tumorigenesis [42], and RIPKI,
whose methylation dependent silencing increases tumo-
rigenic properties and migration abilities of cancer cells
in head and neck squamous cell carcinoma [43]. Of
note, gene expression changes following the AZA treat-
ment were also observed in the healthy control cell line
HUVEC and in the ICIMP ACC cell line MUC-1, albeit at
a significantly lower scale compared to the hCIMP ACC
cell line H295R (254, 125 and 5242 significantly deregu-
lated genes, respectively) (Fig. 4a). We also observed a
much higher sensitivity of the hCIMP H295R cell line to
the AZA treatment than the ICIMP MUC-1 and the non-
cancerous HUVEC cell lines. However, given the fact that
MUC-1 is generally much more resistant to most types of
treatment than H295R, one should not extrapolate these
findings on AZA sensitivity in cell lines to ACC tumors
broadly [44—46].

Several clinical trials have been carried out to assess the
effectiveness of immunotherapies in treating ACC [47].
However, none of the trials combined immunotherapy
with DNA demethylating agents, and all tested agents
have shown modest clinical activity so far. Based on our
findings, it would be interesting in future to design a
clinical trial combining the two mechanisms to treat the
aggressive hCIMP ACC tumors.

Strikingly, the expression of CD274 (encoding the
major immune checkpoint protein PD-L1) was also
enhanced under AZA treatment in ACC even though no
DMRs were identified (fold change 1.77, FDR 0.0389);
the latter may be due to the low number of RRBS reads
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mapping to the CD274 promoter. Several studies have
suggested that DNMT inhibitors, such as AZA, could be
used to enhance the clinical success of immunotherapy,
e.g., the efficacy of PD-L1 inhibitors [48]. Notably, re-
expression of CD274 following AZA treatment has been
shown to sensitize patients with non-small cell lung can-
cer to immune checkpoint inhibitors [49, 50]. The results
of our study thus strongly support the use of DNMT
inhibitors in combination with immunotherapy in the
context of ACC, especially in the case of patients with
hCIMP. Indeed, this combination of treatments could
help overcome the limited results obtained by different
studies and clinical trials that have evaluated the effect of
immunotherapy in ACC [51-53].

In addition to DNA methylation, posttranslational his-
tone modifications are known to have a critical role in
chromatin stability in cancer [54]. However, our recent
study of histone modification landscape in ACC did not
show any strong association between the locally pre-
sent histone modifications (H3K27ac, H3K27me3, and
H3K4me3) and DNA methylation [55]. Our analysis of
super-enhancer landscape did not identify any super-
enhancer elements in DNMT genes in ACC, which could
explain DNMT over-expression in CIMP cases. Neither
could we link the CIMP pattern and global variation in
H3K27ac or H3K27me3 in ACC tumors. The only signifi-
cant association was observed between the ACC CIMP
and broad H3K4me3 regions, suggesting avenues for fur-
ther studies.

In addition to the increased expression of DNMT1I
and DNMT3A in the hCIMP tumors, we reported sig-
nificantly higher expression of the TETI1 gene, which
codes for a protein involved in DNA demethylation.
Although we do not have a clear explanation for this phe-
nomenon, we hypothesize an existence of a controlling
feedback loop between the expression of genes linked
to DNA methylation and demethylation. This hypoth-
esis is in line with the strong correlation values observed
in the pan-cancer TCGA dataset (TETI vs. DNMTI,
R=0.228, p=4.76e—55; TET1 vs. DNMT3A, R=0.443,
p=>5.14e—-218). We, however, argue that increased TET1
expression in hCIMP cases is unlikely to compensate
for the increased expression of DNMTs given expres-
sion levels of these genes (mean expression in hCIMP
tumors of TCGA (RPKM values): DNMTI=1664;
DNMT3A=1345; TET1=93).

A limitation of our study is that we made use of only
two cell lines as ACC cellular models: H295R and
MUCI1. However, only a very small number of ACC
cell lines is currently available owing to the difficul-
ties of cell line establishment for this cancer. Never-
theless, the chosen cell lines, H295R and MUCI, well
recapitulate ICIMP and hCIMP. Another limitation of
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our study is linked to the scarcity of the tumor mate-
rial we could obtain to quantify immune cell infiltration
in ACC. Indeed, we could only evaluate proportions of
infiltrating T cells (expressing the CD3 marker) in 12
ACC patients without distinguishing T cell subtypes. In
future, it will be valuable to experimentally assess the
immune infiltration levels for a larger number of ACC
tumors using such markers as CD4, CD8, FOXP3 for
subtypes of T cells and other markers for different pop-
ulations of immune cells.
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To the best of our knowledge, this is the first study
that attempts to decipher the causes and consequences
of CIMP in ACC. Taken together, our results shed light
on mechanisms involved in establishment of this pheno-
type; i.e., increased expression of DNMT1 and DNMT3A
as a consequence of augmented gene copy number and
hyperproliferation. Furthermore, we showed that CIMP
has a direct effect on the aggressiveness of tumors
through favoring the tumor immune escape (Fig. 5). We
also showed that this effect could be at least partially
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Fig. 5 Suggested model of the establishment of the high CIMP in ACC. Augmented expression of DNA methyltransferases DNMT1 and DNMT3A,
driven by genomic aberrations and hyperproliferation, results in an increase of promoter DNA methylation of hundreds of genes; consequently,
methylation-dependent silencing of genes related to immune response leads to lower infiltration of the tumor by immune cells
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reversed by treatment with the demethylating agent
AZA. Together, our results strongly suggest that the
co-treatment of patients with hCIMP ACC with DNA
demethylating agents and immunotherapy drugs may
positively affect patient survival.

Methods
Public data analysis
We used two independent cohorts of ACC tumors: 40
ACC samples from ENSAT characterized by transcrip-
tomic microarrays (Gene Expression Omnibus (GEO)
dataset GSE49278) and Illumina Infinium HumanMeth-
ylation27k assays (GEO dataset GSE49277); 79 ACC sam-
ples from TCGA (https://portal.gdc.cancer.gov/) cohort
including mRNA sequencing data and Illumina Infinium
HumanMethylation450k assays. In both cohorts, the
authors identified subgroups of patients with low, inter-
mediate, and high CIMP (ICIMP, iCIMP and hCIMP,
respectively). Patients from the two cohorts assigned to
similar DNA methylation groups shared other molecular
characteristics such as patterns of copy number altera-
tions, point mutations and gene expression profiles.
Clinical and demographics data of the tumors/patients
included in this study are available in Additional file 12
and 13: Tables S11 and S12 and more exhaustive informa-
tion can be found in the corresponding papers [6, 7].
GSEA [23] was performed on expression data using
the signal-to-noise ratio ranking method and the hall-
mark gene sets from the Molecular Signatures Database
(MsigDB v6.2) [56]. Pathway enrichment analysis using
unranked gene lists was performed using ACSNmineR
(v0.16.8.25) [57].

Computation of the “CIMP score”

For subsequent analysis, we obtained a quantitative value
of “CIMPness,” the CIMP score, based on DNA meth-
ylation assays from TCGA. First, CpG probes located
in promoters of genes were extracted (“I'SS200” in the
[lumina Infinijum HumanMethylation annotation file).
Probes that were found to differ significantly between
ICIMP, iCIMP, and hCIMP (as defined in [6]) with a delta
B-value>0.2 between ICIMP and iCIMP samples and
between iCIMP and hCIMP were selected as CIMP sig-
nature probes. The score was then calculated as the sum
of the -values of these probes.

Estimation of the abundance of immune cell populations

For TCGA dataset, RSEM normalized read counts were
first log scaled (log2(x+1)) and then processed to esti-
mate the population of ten immune cell populations
using the R package MCP-counter [24]. These ten popu-
lations included T cells, CD8+T cells, cytotoxic lympho-
cytes, NK cells, B lineage, monocytic lineage, myeloid
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dendritic cells, neutrophils, endothelial cells, and fibro-
blasts. The relative abundance of each population was
compared between CIMP groups. Statistical significance
values of the observed differences in abundance were
evaluated using the Kruskal-Wallis test, followed by the
Dunn tests with FDR corrections.

Stemness score calculation

We calculated the stemness score as a mean gene expres-
sion value for the previously reported stemness-related
marker genes: OCT4/POUSF1, SOX2, KLF4, C-MYC,
NANOG, SALL4 [58].

Modeling the link between DNA methylation, expression
of DNMT1 and DNMT3A and cell proliferation

We observed strong positive correlation between the
expression of DNMT1, DNMT3A, the CIMP status and
cell proliferation (Fig. 2a-b). Analysis of partial correla-
tions was employed to decipher connections between
these covariates. In this analysis, the CIMP score was
corrected for tumor purity values; however, this qualita-
tively did not change the results.

Analysis of partial correlations can identify associations
induced by the third factor. We applied this approach to
prove the consistency of the model that in ACC cell pro-
liferation causes the increase in expression of DNMTs,
which in turn results in augmented DNA methylation
(i.e., increased CIMP score). First, significant partial
correlation of the CIMP status with DNTM expression
when controlling for cell proliferation excluded the pos-
sibility that cell proliferation is a common cause for both
increased DNMT expression and CIMP (Additional
file 3: Table S2). Therefore, we assumed that DNMTs
cause CIMP independently from cell proliferation.

Second, we tested the model that cell proliferation
drives CIMP through augmenting expression of DNTMs
by calculating partial correlation between cell prolifera-
tion and CIMP score when controlling for the DNMT1
and DNMT3A expression. Observed partial correlation
between cell proliferation and CIMP score was small and
not significant (Additional file 3: Table S2), which showed
the consistency of the proposed model. We concluded
that the TCGA ACC data confirmed the model that
increased cell proliferation causes augmented expres-
sion of DNMTs, which in turn cause an increase in DNA
methylation at CpG islands (CIMP).

Tumor samples

Tumor samples for immunohistochemistry were col-
lected between 2008 and 2015 in the Cochin hospital
(Paris, France), snap-frozen, and stored as previously
reported [7]. Signed informed consent was obtained
from all patients and the study was approved by the local
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institutional review board (Comité de protection des per-
sonnes Ile de France 1, application #13311).

Cell lines and treatments

Human H295R cells were cultured in Dulbecco’s modi-
fied Eagle medium (DMEM)/F12 with 15 mM HEPES
and sodium bicarbonate, without L-glutamine (Sigma-
Aldrich, St. Louis, MO, USA), supplemented with 2%
NU-serum (Corning, Chorges, France), 1% insulin, trans-
ferrin, and selenium (100 U/mL; Gibco, Gaithersburg,
MD, USA), penicillin/streptomycin (100 U/mL; Gibco),
and 1 mL plasmocin (2.5 mg/mL, Invivogen, San Diego,
CA, USA). The cells were grown in humidified 5% CO,
at 37 °C. Human MUC-1 [44] cells were cultured in
Advanced DMEM/F12 Medium (GIBCO) supplemented
with 10% fetal bovine serum and 1% penicillin/strepto-
mycin and grown in humidified 5% CO, at 37 °C. Human
HUVECs were cultured in DMEM with glutamax, 4.5 g
D-glucose, and pyruvate (Gibco) supplemented with 10%
fetal bovine serum and penicillin/streptomycin (100 U/
mL; Gibco) in a humidified incubator containing 5% CO,
at 37 °C. H295R and HUVEC cell lines were purchased
from the ATCC. MUC-1 cells were obtained from Con-
stanze Hantel (UniversitatsSpital Ziirich, Zurich, Switzer-
land). Whole genome sequencing revealed that H295R
exhibits some driver genes mutations often seen in ACCs
(CTNNBI1, ZNRF3, RB1 and TERT) as well as some
characteristic copy number variations including ampli-
fications in the 9q, 19q and 12p regions and loss in the
22q region. The MUC-1 cell line did not carry any of the
common mutations in ACC but exhibited a copy num-
ber profile typically described as chromosomal with gains
and losses of large chromosomal regions, including full
arms or chromosomes.

The proliferation inhibitor AZD-5438 (Cliniscience,
Nanterre, France) and the demethylating agent AZA
were used at different doses and times depending on the
experiments. The solvent (DMSO) was used as a control.

Characterization of the methylation status of cell lines

The CpG methylation levels of all cell lines were assayed
by RRBS (see below). Methylation levels were found to
be relatively similar between H295R cells and HUVECs,
whereas MUC-1 cells [44] were characterized by global
DNA hypomethylation (Fig. 4b, c). In particular, CpGs
within promoter CpG Islands were strongly hypomethyl-
ated in MUC-1 cells as compared to H295R cells, lead-
ing us to consider MUC-1 cells as an ICIMP model and
H295R cells as hCIMPs (Fig. 4b, c).

RNA extraction
Total RNAs extractions were performed using TRIzol®
Reagent (Invitrogen, Carlsbad, CA, USA) according to
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manufacturer’s protocol. Extracted RNAs were then
treated with DNAse (TURBO DNA-free"" kit, Invivogen)
following provider’s instructions. MRNA were then used
for RT-qPCR analysis or RNA-Seq.

Quantitative reverse transcription polymerase chain
reaction (RT-qPCR)

Reverse transcription was carried out from 2.5 pg of
total RNA, first mixed with ANTP (2 pL, 10 mM, Invitro-
gen) and random primers (1 pL, 50 uM, Invitrogen) and
incubated at 65 °C for 5 min. After hybridization, sam-
ples were held on ice prior to the addition of 1 pL. DEPC-
treated H,O (Ambion, Austin, TX, USA), 1 uL 0.1 M
dithiothreitol (Invitrogen), and 4 pL 5X buffer (Invitro-
gen). RNAse inhibitors (1 uL), RNAse out (40 U/uL, Inv-
itrogen), and reverse transcriptase (1 uL, SuperScript IV,
Invitrogen) were added and the reaction was incubated
at 25 °C for 10 min, followed by an incubation at 42 °C
for 40 min. qPCR experiments were performed using the
SensiFAST™ SYBR® No-ROX Kit (Bioline) with a Light-
Cycler480 apparatus (Roche, Roswell, GA, USA).

Choice of the normalizing genes for RT-qPCR analysis
Normfinder [59] was used to find the normalizing genes
ACTGI and GAPDH. The sequences of primers used
are available upon request. Relative gene expression was
determined by normalizing raw data for the control gene
and the control sample using the DDCt method.

RNA Sequencing (RNA-seq)

For experiments on cell lines, approximately 3x 10° cells
were used, treatments were performed in triplicate, and
RNA-Seq experiments were performed at least in dupli-
cate. Total RNA was extracted and treated with DNAse
as described in the RT-qPCR section. Quality controls
were performed using a Bioanalyzer (Agilent, Santa
Clara, CA, USA) before and after library preparation and
only RNA samples with RNA Integrity Number >6 were
used for sequencing.

For sequencing library preparation, 1 pg of high-quality
total RNA samples was used except for the AZA treat-
ment experiments, for which 1% ERCC spike-in RNA
(Life Technologies, Carlsbad, CA, USA) was added to
3 pg of high-quality total RNA samples. Notably, AZA
treatment was expected to result in a global increase in
gene expression, thus impairing usage of library size nor-
malization. Sequencing libraries were prepared using
the TruSeq Stranded mRNA kit (Illumina) according to
the manufacturer’s instructions. Briefly, after purifica-
tion of poly-A-containing mRNA molecules, mRNAs
were fragmented and reverse-transcribed using ran-
dom primers. dTTP was replaced by dUTP during the
second strand synthesis to achieve strand specificity.
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Addition of a single A base to the cDNA (dA tailing) was
followed by ligation of Illumina adapters. Libraries were
quantified using the Qubit fluorometer (Life Technolo-
gies) and library profiles were assessed using the DNA
high Sensitivity LabChip kit on an Agilent Bioanalyzer
2100. Libraries were sequenced on an Illumina Nextseq
500 instrument using 75 base-length-read chemistry in
a paired-end mode. After sequencing, primary analysis
based on AOZAN software [60] was applied to demulti-
plex and control the quality of the raw data.

Mapping of the reads to the human reference genome
hg19/GRCh37 was performed using STAR v2.5.3a [61] with
the following parameters: twopassMode, “Basic”; chim-
SegmentMin, 12; chimJunctionOverhangMin, 12; align-
SJDBoverhangMin, 10; alignMatesGapMax, 100,000,000;
alignlntronMax, 200,000; alignSJstitchMismatchNmax,
5 -1 5 5. FeatureCount [62] was used to retrieve the gene-
level raw read counts from aligned reads and DESeq2
[63] was used to normalize the data and find differentially
expressed genes. For spike-in data, raw read counts were
normalized using the function RUVs from the R package
“RUVSeq” (“remove unwanted variation’, v1.16.1) [64] and
then processed with DESeq2 v1.22.2 without size factor
normalization to identify differentially expressed genes.

RRBS experiments
Genomic DNA was extracted using the QIAamp® Fast
DNA Tissue Kit (Qiagen) according to the manufac-
turer’s protocol. RRBS was performed by Integragen SA
(Evry, France) using the Diagenode Premium RRBS kit.
In brief, 100 ng of qualified genomic DNA was digested
with Mspl. After end-repair, A-tailing, and ligation to
methylated and indexed adapters, the size-selected
library fragments were subjected to bisulfite conver-
sion, amplified by PCR, and sequenced on an Illumina
NovaSeq sequencer as Paired End 100 bp reads. Image
analysis and base calling were performed using Illu-
mina Real Time Analysis (3.4.4) with default param-
eters. Base calling was performed using the Real-Time
Analysis software sequence pipeline (3.4.4) with default
parameters. RRBS data were mapped to the Human
genome (hgl9) using BS-Seeker2 v2.1.8 [65]. The fol-
lowing parameters were used: -r (map reads to the
Reduced Representation genome), -¢ C-CGG (Mspl:
sites of restriction enzyme and specifying lengths of
fragments ranging [40, 400 bp]. One mismatch was
allowed in the adaptor sequence. Allowing local/
gapped alignment with Bowtie2 [66] increased the
mappability.

The BS-Seeker2 module bs_seeker2-call_methylation.
py was used to call methylation levels from the mapping
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results with these parameters: -rm-SX (removed reads
that would be considered as not fully converted by
bisulfite) and —rm-overlap (removed one mate if two
mates overlapped). The methylation callings were saved
in the ATCGmap/CGmap format. Cgmaptool v0.1.2 [67]
was used to call DMRs.

Genes for which AZA was able to decrease promoter
methylation while inducing an increase in expression
were retrieved. These were defined as genes (1) hav-
ing at least one DMR within their promoters (defined as
the region including 1000 bp before the TSS and 200 bp
after the TSS) with significant p value (<0.05) and a delta
between control and AZA>0.2 and (2) being signifi-
cantly upregulated by AZA with p value<0.05 and fold
change > 2.

Immunohistochemistry

Immunohistochemistry for CD3 was performed on
paraffin-embedded tissues (6 hCIMP and 6 ICIMP
tumors) in paraffin using a Leica Bond III automat.
Samples were deparaffinized and unmasked at pH 6
and then immunostained using the Bond Polymere
Refine kit (Leica, Wetzlar, Germany). The anti-
body used was anti-CD3 ab16669 (rabbit polyclonal,
Abcam). Slides were scanned with a Lamina slide
scanner (PerkinElmer, Waltham, MA, USA) and Case-
Viewer (3DHISTECH) was used to obtain images.
Number of stained cells and total number of nuclei
in at least 10 different fields per sample were counted
using the GNU Image Manipulation Program (GIMP;
https://www.gimp.org/).

Statistical analysis

All statistical analyses were performed using R (22). Pear-
son and Spearman correlation tests, in addition to Wil-
coxon and Kruskal-Wallis tests, do not need the data to
follow normal distribution nor require homoscedasticity.
When not stated otherwise, p values<0.05 were consid-
ered significant.

Abbreviations

ACC Adrenocortical carcinoma
AZA 5-Azacytidine
CIMP CpG island methylator phenotype

ICIMP, iCIMP, hCIMP Low, intermediate, or high CIMP
FDR False discovery rate

GSEA Gene Set Enrichment Analysis

HUVEC The primary human umbilical vein endothelial cell
line

ENSAT The European Network for the Study of Adrenal
Tumors

RRBS Reduced representation bisulfite sequencing

TCGA The Cancer Genome Atlas
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Additional file 1: Fig. S1. related to content in Fig. 1: DNMT1 and
DNMT3A expression levels are upregulated in high CIMP ACC and are
associated with poor clinical outcome. (a) Expression levels of DNMTT,
DNMT3A, DNMT3B, TET1, TET2 and TET3 in the ENSAT patients exhibit-

ing ICIMP (n=20), iCIMP (n=14) and hCIMP (n=6) (two-sided t test,

**¥p < 0.005). (b) Kaplan-Meier estimates of overall survival for ACC
patients, as a function of DNMT1 or DNMT3A. Fig. S2 related to content of
Fig. 2: DNMT1 and DNMT3A expression is associated with high prolifera-
tion. Correlation between DNMTT and DNMT3A expression and cell pro-
liferation in the ENSAT patients. hCIMP (n=6) samples are represented in
red, iCIMP (n=14) in orange and ICIMP (n=20) in blue. Patients for whom
the CIMP status was not defined are represented in gray. Fig. S3 related
to content of Table 1: Gene Set Enrichment Analysis on TCGA datasets
comparing hCIMP and ICIMP samples. (a) Representative example of gene
sets enriched in hCIMP. (b) Representative example of gene sets enriched
in ICIMP. Fig. S4, related to content of Fig. 3: CIMP in ACC is character-
ized by lower abundance of tumor-infiltrating immune cells Relative
abundance of tumor-infiltrating immune and non-immune stromal

cell populations, computed using MCP-counter, in ICIMP (n=20), iCIMP
(n=14) and hCIMP (n=6) samples from the ENSAT dataset. Comparison of
relative abundances of each population using Kruskal-Wallis test followed
by Dunn’s test with Benjamini-Hochberg corrections. Fig. S5 related to
content of Fig. 4: Impact of demethylating agent on cell proliferation

in ACC cell lines. Effect of a 6-day treatment with the DNA methylation
inhibitor 5-azacytidine (AZA) at 1, 5, or 10 uM in the H295R (n=4), MUC1
(n=5) cell lines and the non-tumor HUVEC cell line (n=5). Cell growth
was estimated by neutral red proliferation assay. p values of the Kruskal-
Wallis test and Dunn’s test for stochastic dominance are reported: *p
value <0.05; **p value < 0.01; ***p value < 0.005. Fig. S6 related to content
of Fig. 4: Gene pathways differentially active in H295R compared to MUC-1
cells due to DNA hypermethylation. Pathway enrichment analysis on
genes that exhibit a significantly hypermethylated DMR in their promoter
and significantly lower expression in H295R than in MUC-1 cells. Pathways
related to the immune response are highlighted in red.

Additional file 2: Table S1 related to content in Fig. 1: Genes coding for
factors known to be involved in DNA methylation or demethylation.

Additional file 3: Table S2 related to content in Methods: Partial
correlation analysis for modeling interactions between increased cell
proliferation, expression of DNMTs and CIMP status (TCGA data set). DNMT
expression is measured in log2(RPKM + 1).

Additional file 4: Table S3 related to content in Fig. 3: Characteristics
of the ACC cohort used to perform immunohistochemistry experiments
using CD3 as a marker of T cells including 6 hCIMP and 6 ICIMP tumors.

Additional file 5: Table S4 related to content in Fig. 4: Differential expres-
sion analysis using DESeq_2 as a result of sample treatment with AZA
(5-azacytidine).

Additional file 6: Table S5 related to content in Fig. 4: Differential expres-
sion and methylation analysis as a result of sample treatment with AZA
(5-azacytidine) in H295R.

Additional file 7: Table S6 related to content in Fig. 4: Differential expres-
sion and methylation analysis as a result of sample treatment with AZA
(5-azacytidine) in MUCT.

Additional file 8: Table S7 related to content in Fig. 4: Differential expres-
sion and methylation analysis as a result of sample treatment with AZA
(5-azacytidine) in HUVEC.

Additional file 9: Table S8 related to content in Fig. 4: Pathways
enrichment analysis on genes exhibiting significantly lower promoter
methylation and significantly higher expression upon 5 uM 5-azacytidine
treatment.
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Additional file 10: Table S9 related to content in Fig. 4: Short description
of genes common between those induced by AZA through promoter
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methylation.

Additional file 11: Table S10 related to content in Fig. 4: Pathways
enrichment analysis on genes exhibiting significantly higher promoter
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Additional file 12: Table S11 related to content in Methods: Demo-
graphic and clinical data of the ACC TCGA cohort.

Additional file 13: Table S12 related to content in Methods: Demo-
graphic and clinical data of the ENSAT TCGA cohort.

Acknowledgements

We thank Mathilde Sibony for providing the ACC slides, along with Fabiola Ely-
Marius, Rachel Onifarasoaniaina, and Maryline Favier from the HistiM core facil-
ity (Histology, Immunostaining, laser Microdissection) of the Cochin Institute
for the immunostaining of these slides. We also thank the Genom'IC platform
of the Cochin Institute for the sequencing of RNA-Seq experiments and the
staff of IntegraGen, especially Marion Weiman, for the RRBS experiments.

Author contributions

GK and VB designed the study and wrote the manuscript. GK, MAC, FC, and
FA carried out the experiments. GK processed and analyzed the data. JH
sequenced ChiIP and RNA samples. GA, CH, and JB contributed to formulating
the hypothesis and editing the manuscript. CH provided the MUC-1 cell line.
All authors read and approved the final manuscript.

Funding

Open access funding provided by Swiss Federal Institute of Technology Zurich
This work was funded through institutional support from Centre National

de la Recherche Scientifique, Institut National de la Santé et de la Recherche
Médicale, ATIP-Avenir and the ARC Foundation (ARC-RACT6002KSA-
R15093KS), the SIRIC CARPEM and the “Who Am I?" Laboratory of Excellence
ANR-11-LABX-0071, funded by the French Government through its Investisse-
ment d”Avenir program, operated by the French National Research Agency
(ANR-11-IDEX-0005-02). The project also received funding from the Uniscientia
Foundation (keyword tumor model), the Deutsche Forschungsgemeinschaft
(project HA8297/1-1), and the CRC/Transregio 205/1 (The Adrenal: Central
Relay in Health and Disease) (to CH).

Availability of data and materials

The authors declare that all data supporting the findings of this study are
available within the article and its Supplemental Data or from the corre-
sponding author upon request. Sequencing data originated from cell lines
are deposited in the Gene Expression Omnibus repository with reference
GSE145560.

Declarations

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

Ethics approval and consent to participate

Signed informed consent was obtained from all patients and the study was
approved by the local institutional review board (Comité de protection des
personnes lle de France 1, application #13311).

Consent for publication

Not applicable.

Received: 1 August 2022 Accepted: 16 July 2023
Published online: 02 August 2023


https://doi.org/10.1186/s13148-023-01534-5
https://doi.org/10.1186/s13148-023-01534-5

Kerdivel et al. Clinical Epigenetics

(2023) 15:121

References

1.

20.

21.

22.

Crona J, Beuschlein F. Adrenocortical carcinoma—towards genomics
guided clinical care. Nat Rev Endocrinol. 2019;15:548-60.

Abiven G, Coste J, Groussin L, Anract P, Tissier F, Legmann P, et al. Clinical
and biological features in the prognosis of adrenocortical cancer: poor
outcome of cortisol-secreting tumors in a series of 202 consecutive
patients. J Clin Endocrinol Metab. 2006;91:2650-5.

Allolio B, Fassnacht M. Clinical review: Adrenocortical carcinoma: clinical
update. J Clin Endocrinol Metab. 2006;91:2027-37.

Fassnacht M, Johanssen S, Fenske W, Weismann D, Agha A, Beuschlein
F, et al. Improved survival in patients with stage Il adrenocortical
carcinoma followed up prospectively by specialized centers. J Clin
Endocrinol Metab. 2010;95:4925-32.

Varghese J, Habra MA. Update on adrenocortical carcinoma manage-
ment and future directions. Curr Opin Endocrinol Diabetes Obes.
2017;24:208-14.

Zheng S, Cherniack AD, Dewal N, Moffitt RA, Danilova L, Murray BA,

et al. Comprehensive pan-genomic characterization of adrenocortical
carcinoma. Cancer Cell. 2016,29:723-36.

Assié G, Letouzé E, Fassnacht M, Jouinot A, Luscap W, Barreau O, et al.
Integrated genomic characterization of adrenocortical carcinoma. Nat
Genet. 2014,46:607-12.

Toyota M, Ahuja N, Ohe-Toyota M, Herman JG, Baylin SB, Issa J-PJ. CpG
island methylator phenotype in colorectal cancer. Proc Natl Acad Sci.
1999;96:8681-6.

Baylin SB, Herman JG, Graff JR, Vertino PM, Issa JP. Alterations in DNA
methylation: a fundamental aspect of neoplasia. Adv Cancer Res.
1998;72:141-96.

. Issa J-P. CpG island methylator phenotype in cancer. Nat Rev Cancer.

2004;4:988-93.

. Suzuki H, Yamamoto E, Maruyama R, Niinuma T, Kai M. Biological sig-

nificance of the CpG island methylator phenotype. Biochem Biophys
Res Commun. 2014;455:35-42.

. Amankulor NM, Kim'Y, Arora S, Kargl J, Szulzewsky F, Hanke M, et al.

Mutant IDH1 regulates the tumor-associated immune system in glio-
mas. Genes Dev. 2017;31:774-86.

. Grasso CS, Giannakis M, Wells DK, Hamada T, Mu XJ, Quist M, et al.

Genetic mechanisms of immune evasion in colorectal cancer. Cancer
Discov. 2018;8:730-49.

. Luoto S, Hermelo |, Vuorinen EM, Hannus P, Kesseli J, Nykter M, et al.

Computational characterization of suppressive immune microenviron-
ments in glioblastoma. Cancer Res. 2018;78:5574-85.

. Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang T-H, et al.

The immune landscape of cancer. Immunity. 2018;48:812-830.e14.

. Chiappinelli KB, Zahnow CA, Ahuja N, Baylin SB. Combining epigenetic

and immunotherapy to combat cancer. Cancer Res. 2016;76:1683-9.

. Barreau O, Assié G, Wilmot-Roussel H, Ragazzon B, Baudry C, Per-

lemoine K, et al. Identification of a CpG island methylator phenotype in
adrenocortical carcinomas. J Clin Endocrinol Metab. 2012;98:E174-84.

. Medvedeva YA, Lennartsson A, Ehsani R, Kulakovskiy IV, Vorontsov IE,

Panahandeh P, et al. EpiFactors: a comprehensive database of human
epigenetic factors and complexes. Database J Biol Databases Curation.
2015 [cited 2016 May 24];2015. http://www.ncbi.nlm.nih.gov/pmc/artic
les/PMC4494013/

. Robertson KD, Keyomarsi K, Gonzales FA, Velicescu M, Jones PA. Dif-

ferential MRNA expression of the human DNA methyltransferases
(DNMTs) 1, 3a and 3b during the G(0)/G(1) to S phase transition in
normal and tumor cells. Nucleic Acids Res. 2000;28:2108-13.

Pellacani D, Kestoras D, Droop AP, Frame FM, Berry PA, Lawrence MG,
et al. DNA hypermethylation in prostate cancer is a consequence of
aberrant epithelial differentiation and hyperproliferation. Cell Death
Differ. 2014;21:761-73.

Spencer DH, Russler-Germain DA, Ketkar-Kulkarni S, Helton NM, Lam-
precht TL, Fulton RS, et al. CpG island hypermethylation mediated by
DNMT3A is a consequence of AML progression. Cell. 2017;168:801-816.
el3.

Martignetti L, Calzone L, Bonnet E, Barillot E, Zinovyev A. ROMA: Repre-
sentation and quantification of module activity from target expression
data. Front Genet. 2016 [cited 2017 Jan 30];7. https://doi.org/10.3389/
fgene.2016.00018/abstract

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Page 16 of 17

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette
MA, et al. Gene set enrichment analysis: a knowledge-based approach
for interpreting genome-wide expression profiles. Proc Natl Acad Sci.
2005;102:15545-50.

Becht E, Giraldo NA, Lacroix L, Buttard B, Elarouci N, Petitprez F, et al. Esti-
mating the population abundance of tissue-infiltrating immune and stro-
mal cell populations using gene expression. Genome Biol. 2016;17:218.
Figueroa ME, Lugthart S, LiY, Erpelinck-Verschueren C, Deng X, Christos
PJ, et al. DNA methylation signatures identify biologically distinct
subtypes in acute myeloid leukemia. Cancer Cell. 2010;17:13-27.
Noushmehr H, Weisenberger DJ, Diefes K, Phillips HS, Pujara K, Berman BP,
et al. Identification of a CpG island methylator phenotype that defines a
distinct subgroup of glioma. Cancer Cell. 2010;17:510-22.

Etoh T, Kanai 'Y, Ushijima S, Nakagawa T, Nakanishi Y, Sasako M, et al.
Increased DNA methyltransferase 1 (DNMTT1) protein expression cor-
relates significantly with poorer tumor differentiation and frequent DNA
hypermethylation of multiple CpG islands in gastric cancers. Am J Pathol.
2004;164:689-99.

Heiland DH, Ferrarese R, Claus R, Dai F, Masilamani AP, Kling E, et al. c-Jun-
N-terminal phosphorylation regulates DNMT1 expression and genome
wide methylation in gliomas. Oncotarget. 2017;8:6940-54.

Owen KL, Brockwell NK; Parker BS. JAK-STAT Signaling: A Double-Edged
Sword of Immune Regulation and Cancer Progression. Cancers. 2019
[cited 2020 Jul 10];11. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC69
66445/

Street D, Kaufmann AM, Vaughan A, Fisher SG, Hunter M, Schrecken-
berger C, et al. Interferon-gamma enhances susceptibility of cervical
cancer cells to lysis by tumor-specific cytotoxic T cells. Gynecol Oncol.
1997,65:265-72.

Martini M, Testi MG, Pasetto M, Picchio MC, Innamorati G, Mazzocco M,

et al. IFN-gamma-mediated upmodulation of MHC class | expression
activates tumor-specific immune response in a mouse model of prostate
cancer. Vaccine. 2010;28:3548-57.

Saghafinia S, Mina M, Riggi N, Hanahan D, Ciriello G. Pan-cancer land-
scape of aberrant DNA methylation across human tumors. Cell Rep.
2018;25:1066-1080.e8.

Nie Y, Yang G, Song Y, Zhao X, So C, Liao J, et al. DNA hypermethylation

is a mechanism for loss of expression of the HLA class I genes in human
esophageal squamous cell carcinomas. Carcinogenesis. 2001;22:1615-23.
Fonsatti E, Sigalotti L, Coral S, Colizzi F, Altomonte M, Maio M. Methyl-
ation-regulated expression of HLA class | antigens in melanoma. Int J
Cancer. 2003;105:430-1 (author reply 432-433).

Takeuchi Y, Nishikawa H. Roles of regulatory T cells in cancer immunity.
Int Immunol. 2016;28:401-9.

Lee HH, Kang H, Cho H. Natural killer cells and tumor metastasis. Arch
Pharm Res. 2017;40:1037-49.

Kim'Y, Wen X, Bae JM, Kim JH, Cho N-Y, Kang GH. The distribution of
intratumoral macrophages correlates with molecular phenotypes

and impacts prognosis in colorectal carcinoma. Histopathology.
2018;73:663-71.

Rogers HA, Kilday J-P, Mayne C, Ward J, Adamowicz-Brice M, Schwalbe EC,
et al. Supratentorial and spinal pediatric ependymomas display a hyper-
methylated phenotype which includes the loss of tumor suppressor
genes involved in the control of cell growth and death. Acta Neuropathol
(Berl). 2012;123:711-25.

Gyorffy B, Bottai G, Fleischer T, Munkdcsy G, Budczies J, Paladini L, et al.
Aberrant DNA methylation impacts gene expression and prognosis in
breast cancer subtypes. Int J Cancer. 2016;138:87-97.

Ye Q, Shen 'Y, Wang X, Yang J, Miao F, Shen C, et al. Hypermethylation of
HLA class | gene is associated with HLA class | down-regulation in human
gastric cancer. Tissue Antigens. 2010;75:30-9.

Luo H, Ma C. Identification of prognostic genes in uveal melanoma
microenvironment. PLoS ONE. 2020;15: €0242263.

Saga K, Park J, Nimura K, Kawamura N, Ishibashi A, Nonomura N, et al.
NANOG helps cancer cells escape NK cell attack by downregulating
ICAM1 during tumorigenesis. J Exp Clin Cancer Res CR. 2019;38:416.
McCormick KD, Ghosh A, Trivedi S, Wang L, Coyne CB, Ferris RL, et al.
Innate immune signaling through differential RIPK1 expression promote
tumor progression in head and neck squamous cell carcinoma. Carcino-
genesis. 2016;37:522-9.


http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4494013/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4494013/
https://doi.org/10.3389/fgene.2016.00018/abstract
https://doi.org/10.3389/fgene.2016.00018/abstract
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6966445/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6966445/

Kerdivel et al. Clinical Epigenetics (2023) 15:121

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Hantel C, Shapiro |, Poli G, Chiapponi C, Bidlingmaier M, Reincke M, et al.
Targeting heterogeneity of adrenocortical carcinoma: evaluation and
extension of preclinical tumor models to improve clinical translation.
Oncotarget. 2016;7:79292-304.

Pinto EM, Kiseljak-Vassiliades K, Hantel C. Contemporary preclinical
human models of adrenocortical carcinoma. Curr Opin Endocr Metab
Res. 2019;8:139-44.

Sigala S, Bothou C, Penton D, Abate A, Peitzsch M, Cosentini D, et al.

A comprehensive investigation of steroidogenic signaling in classical
and new experimental cell models of adrenocortical carcinoma. Cells.
2022;11:1439.

Pegna GJ, Roper N, Kaplan RN, Bergsland E, Kiseljak-Vassiliades K, Habra
MA, et al. The immunotherapy landscape in adrenocortical cancer. Can-
cers. 2021;13:2660.

Saleh MH, Wang L, Goldberg MS. Improving cancer immunotherapy
with DNA methyltransferase inhibitors. Cancer Immunol Immunother CII.
2016,65:787-96.

Wrangle J, Wang W, Koch A, Easwaran H, Mohammad HP, Vendetti F, et al.
Alterations of immune response of Non-Small Cell Lung Cancer with
Azacytidine. Oncotarget. 2013;4:2067-79.

Lai Q Wang H, Li A, Xu Y, Tang L, Chen Q, et al. Decitibine improve the
efficiency of anti-PD-1 therapy via activating the response to IFN/PD-L1
signal of lung cancer cells. Oncogene. 2018;37:2302-12.

Fiorentini C, Grisanti S, Cosentini D, Abate A, Rossini E, Berruti A, et al.
Molecular Drivers of Potential Immunotherapy Failure in Adrenocortical
Carcinoma. J Oncol. 2019 [cited 2020 Jul 10],2019. https://www.ncbi.nlm.
nih.gov/pmc/articles/PMC6463568/

Habra MA, Stephen B, Campbell M, Hess K, Tapia C, Xu M, et al. Phase Il
clinical trial of pembrolizumab efficacy and safety in advanced adreno-
cortical carcinoma. J Immunother Cancer. 2019;7:253.

Head L, Kiseljak-Vassiliades K, Clark TJ, Somerset H, King J, Raeburn C, et al.
Response to immunotherapy in combination with mitotane in patients
with metastatic adrenocortical cancer. J Endocr Soc. 2019;3:2295-304.
Morgan MA, Shilatifard A. Chromatin signatures of cancer. Genes Dev.
2015;29:238-49.

Gunz S, Kerdivel G, Meirer J, Shapiro |, Ragazzon B, Amrouche F, et al. The
super-enhancer landscape reflects molecular subgroups of adrenocorti-
cal carcinoma. bioRxiv; 2023 [cited 2023 Apr 8]. p. 2023.04.05.535576.
https://doi.org/10.1101/2023.04.05.535576v1

Liberzon A, Birger C, Thorvaldsdéttir H, Ghandi M, Mesirov JP, Tamayo P.
The molecular signatures database hallmark gene set collection. Cell Syst.
2015;1:417-25.

Deveau P, Barillot E, Boeva V, Zinovyev A, Bonnet E. Calculating biologi-
cal module enrichment or depletion and visualizing data on large-
scale molecular maps with ACSNMineR and RNaviCell packages. R J.
2016;8:293-306.

Zhao W, LiY, Zhang X. Stemness-related markers in cancer. Cancer Trans!
Med. 2017,3:87-95.

Andersen CL, Jensen JL, @rntoft TF. Normalization of real-time quantita-
tive reverse transcription-PCR data: a model-based variance estimation
approach to identify genes suited for normalization, applied to bladder
and colon cancer data sets. Cancer Res. 2004;64:5245-50.

Perrin S, Firmo C, Lemoine S, Le Crom S, Jourdren L. Aozan: an auto-
mated post-sequencing data-processing pipeline. Bioinforma Oxf Engl.
2017;33:2212-3.

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, et al. STAR:
ultrafast universal RNA-seq aligner. Bioinformatics. 2013;29:15-21.

Liao Y, Smyth GK, Shi W. featureCounts: an efficient general purpose
program for assigning sequence reads to genomic features. Bioinformat-
ics. 2014;30:923-30.

Anders S, Huber W. Differential expression analysis for sequence count
data. Genome Biol. 2010;11:R106.

Risso D, Ngai J, Speed TP, Dudoit S. Normalization of RNA-seq data

using factor analysis of control genes or samples. Nat Biotechnol.
2014;32:896-902.

Guo W, Fiziev P, Yan W, Cokus S, Sun X, Zhang MQ, et al. BS-Seeker2: a
versatile aligning pipeline for bisulfite sequencing data. BMC Genomics.
2013;14:774.

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2.
Nat Methods. 2012 [cited 2012 Mar 14]; http://www.ncbi.nlm.nih.gov/
pubmed/22388286

Page 17 of 17

67. Guo W, Zhu P, Pellegrini M, Zhang MQ, Wang X, Ni Z. CGmapTools
improves the precision of heterozygous SNV calls and supports allele-
specific methylation detection and visualization in bisulfite-sequencing
data. Bioinforma Oxf Engl. 2018;34:381-7.

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

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

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

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

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6463568/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6463568/
https://doi.org/10.1101/2023.04.05.535576v1
http://www.ncbi.nlm.nih.gov/pubmed/22388286
http://www.ncbi.nlm.nih.gov/pubmed/22388286

	DNA hypermethylation driven by DNMT1 and DNMT3A favors tumor immune escape contributing to the aggressiveness of adrenocortical carcinoma
	Abstract 
	Background 
	Results 
	Conclusions 

	Introduction
	Results
	CIMP in ACC is associated with increased DNMT1 and DNMT3A expression
	Copy number aberrations and increased proliferation together contribute to higher DNMT expression in ACC​
	High and low CIMP tumors exhibit differences in proliferation and immune response gene expression signatures
	hCIMP ACC tumors are characterized by low infiltration of immune cells
	Treatment of the hCIMP ACC cell line with a DNA demethylating agent re-activates genes related to the immune system

	Discussion
	Methods
	Public data analysis
	Computation of the “CIMP score”
	Estimation of the abundance of immune cell populations
	Stemness score calculation
	Modeling the link between DNA methylation, expression of DNMT1 and DNMT3A and cell proliferation
	Tumor samples
	Cell lines and treatments
	Characterization of the methylation status of cell lines
	RNA extraction
	Quantitative reverse transcription polymerase chain reaction (RT-qPCR)
	Choice of the normalizing genes for RT-qPCR analysis
	RNA Sequencing (RNA-seq)
	RRBS experiments
	Immunohistochemistry
	Statistical analysis

	Anchor 30
	Acknowledgements
	References


