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Background: Histone deacetylase (HDAC) family can remove acetyl groups from histone lysine residues, and their
high expression is closely related to the poor prognosis of hepatocellular carcinoma (HCC) patients. Recently, it
has been reported to play an immunosuppressive role in the microenvironment, but little is known about the
mechanism.

Methods: Through machine learning, we trained and verified the prognostic model composed of HDACs.
CIBERSORT was used to calculate the percentage of immune cells in the microenvironment. Based on co-
expression network, potential targets of HDACs were screened. After that, gqRT-PCR was employed to evaluate
the expression of downstream genes of HDACs, while HPLC-CAD analysis was applied to detect the concentration
of arachidonic acid (AA). Finally, Flow cytometry, WB and IHC experiments were used to detect CD86 expression
in RAW246.7.

Results: We constructed a great prognostic model composed of HDAC1 and HDAC11 that was significantly
associated with overall survival. These HDACs were related to the abundance of macrophages, which might be
attributed to their regulation of fatty-acid-metabolism related genes. In vitro experiments, the mRNA expression
of ACSM2A, ADH1B, CYP2C8, CYP4F2 and SLC27A5 in HCC-LM3 was significantly down-regulated, and specific
inhibitors of HDAC1 and HDAC11 significantly promoted the expression of these genes. HDAC inhibitors can
promote the metabolism of AA, which may relieve the effect of AA on the polarization of M1 macrophages.
Conclusions: Our study revealed the blocking effect of HDAC1 and HDAC11 on the polarization of macrophages
M1 in the microenvironment by inhibiting fatty acid metabolism.

nucleus), classes II, IIl and IV HDACs tend to shuttle between the nucleus
and cytoplasm [1]. High expression of HDACs was found in hepatocel-

Introduction

Histone deacetylase (HDAC) family is a group of enzymes that con-
trol the balanced acetylation of lysines in the tails of the core histones,
which is one of the most extensively studied epigenetic modifications.
There are 18 HDACs identified to date, which can be divided into four
classes based on their homology to the respective yeast orthologues [1,
2]. Classes I (HDACI1, 2, 3, and 8), II (HDAC4, 5, 6, 7, 9 and 10) and IV
(HDAC11) are Zn2+-dependent enzymes, while Class III (SIRT1-7) is
NAD"-dependent [2,3]. Unlike class I HDACs (usually present in the

lular carcinoma (HCC) patients and was significantly associated with
poor prognosis [4-6]. It has been reported that the expression of HDACs
could reduce the sensitivity of sorafenib [6] and was closely related to
metabolic reprogramming and immune response [7-9], making them
attractive targets in cancer research.

With the deepening of investigation, the role of HDACs in HCC has
been highlighted. Silencing HDAC2 could significantly block the PPARy
signaling pathway, thereby reducing fat synthesis and treating HCC
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[10]. In addition, our previous research suggested that the loss of
HDAC11 could inhibit glycolysis and tumor growth, which was attrib-
uted to its activation of LKB1 / AMPK pathway [9]. Despite promising
preclinical results, the clinical studies of HDAC inhibitors (HDACi) in
patients with solid tumors had furnished disappointing outcomes [11].
The intrinsic or acquired drug resistance of single HDACi may be due to
cross talk and compensation among HDACs [12], therefore further study
of HDACs would bring to fruition that the therapeutic potential of
HDACI. All in all, HDACs play an important role in HCC therapy, and the
way HDACs work is urgently required.

HDACs have been widely reported to play an important role in im-
munity. They were found to drive the increase of regulatory T cell (Treg)
levels in myeloid leukemia patients [13]. Furthermore, acetylation of
Forkhead Box P3 (FOXP3) mediated by class II HDACs, especially
HDAC9, helped to enhance Treg function and prevented the develop-
ment of colitis [14,15]. HDAC1, HDAC3 and HDAC11 could reduce
expression of IFN-y, indicating that the loss of IFN-y was an important
approach for HDACs to take effect [16]. It is worth mentioning that class
IIa HDACs can inhibit the differentiation of macrophages, which may
also be related to its regulation of IFN-y [17]. T cells are one of the main
sources of IFN-y, and the chromatin reprogramming of CD4™ T cells by
HDACI could reverse its inactivation [18]. Moreover, inhibition of
HDACS6 expression was beneficial to the proliferation and activation of T
cells in the microenvironment [19]. In conclusion, HDACs could pro-
mote tumor development by inhibiting the immune response, but its
mechanism still needs to be further studied. The aim of this study is to
explore the role of HDACs in microenvironment, so as to provide a new
perspective for their application in the treatment of HCC.

Materials and methods
Data acquisition

In this study, we downloaded the gene expression profiles of 357
tumor tissues and 49 normal tissues from TCGA (https://cancergenome.
nih.gov/) database. Then, we employed the hold-out method to divide
HCC samples into the Training Set and the Validation Set (7:3). Non-
TCGA cohort data were acquired from ICGC (https://daco.icgc.org/),
Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/)
and ArrayExpress (https://www.ebi.ac.uk/arrayexpress/) databases
and were used as test sets (test cohort one: 260 HCC tissues from ICGC;
test cohort two: 221 HCC tissues from GSE14520 [20], test cohort three:
39 HCC tissues from ArrayExpress). The clinical information of patients
in these datasets was shown in Table. S1. In addition, we obtained the
GSE109211 [21] from GEO database to explore the effect of HDACs on
sorafenib.

Differential expression gene analysis

Before the differential expression gene (DEG) analysis, we first
standardized the sequencing data by log2(TPM + 1). Then, the "limma"
package of R software (version 3.6.1, https://www.r-project.org) was
used to calculate the difference of gene expression between tumor and
normal tissues, and HDACs with false discovery rate (FDR) less than 0.05
were considered to have significant changes.

Survival analysis and multivariate Cox regression analysis

Based on the Kaplan-Meier (KM) algorithm, HDACs that significantly
(p < 0.1) affected OS from the training set (n = 250) were identified.
Then, we employed least absolute shrinkage and selection operator
(LASSO) Cox regression analysis to select these HDACs, which were
independent prognostic factors for HCC patients. The "survival" package
was used to screen the variables that accorded with the proportional
hazards (PH) assumption. Finally, in order to solve the problem of
multicollinearity in the model, the correlation coefficient between
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variables and the square root of variance inflation factor (VIF) were
required to be less than 0.5 and 2 respectively.

Evaluation of multivariate Cox regression model

The risk score was calculated by the following formula: risk score =

> 1(Coef; + Expr;) (Coef; was Cox regression coefficients and Expr;

was gene expression value). We evaluated the model with time-

dependent Receiver Operating Characteristic (ROC) curve in the vali-

dation set (n = 107) and tested the model in three non-TCGA sets (n =
260 / 221 / 39).

Construction and validation of prognostic nomogram

Forward selection method was utilized for further integrating the
clinical information into the multivariate Cox regression model and
constructing the prognostic nomogram. Moreover, the calibration plot
and ROC curve were used to evaluate the efficiency of nomogram.

Evaluation of immune score and immune cell type

“CIBERSORT” and “xCell” were mainly employed to calculate the
percentages of immune cells. Unlike the Nonnegative Matrix Factor-
ization (NMF) algorithm used by CIBERSORT, xCell was based on
deconvolution.

Enrichment analysis and Gene Set Variation Analysis

FDR < 0.05 was considered as the cut-off criterion of the result of
Gene Set Enrichment Analysis (GSEA). As for Gene Ontology (GO) and
Kyoto Encyclopedia of Genome and Genome (KEGG) enrichment ana-
lyses, we would prefer to screen results that were significantly enriched
according to p < 0.05. We also performed Gene Set Variation Analysis
(GSVA) derived from risk score. After that, the “limma” package was
further used to identify the KEGG pathways with significant differences
(|log2FC| > 0.3 & FDR < 0.05).

Establishment of co-expression network of HDACs

The genes that were highly negatively correlated (r < -0.5 & p <
0.05) with the expression of HADCs and significantly down-regulated in
HCC patients (log2FC < -1 & FDR < 0.05) were speculated to be regu-
lated by HDACs. Then, the mutation information of these genes was
obtained from cBioPortal (https://www.cbioportal.org/) and 380 HCC
samples were brought into this study. And the results of immunohisto-
chemistry from The Human Protein Atlas (https://www.proteinatlas.
org/) database were employed to verify the changes in protein
expression. Finally, we established a co-expression network of HDACs
through Cytoscape (version 3.6.0, https://cytoscape.org) based on pre-
vious results.

Cell lines and cell culture

The human normal liver cell line (HL-7702), human hepatoma cell
lines (BEL-7402, HepaRG and SMMC-7721) and RAW246.7 were ob-
tained from the Shanghai Institute of Biochemistry and Cell Biology.
Human liver cancer cell lines (HCC-LM3, HepaRG and HuH-7) were
purchased from Jiangsu Key GEN Bio TECH Corp. All these cell lines
were cultured in DMEM medium supplemented with 10% FBS and 1%
PS and maintained in a humid atmosphere with 5% CO2 at 37°C.

Quantitative Real-Time PCR (qRT-PCR)

The primer sequences used in the qRT-PCR reaction were shown in
Table. S2. Total RNA was extracted from HL-7702 and liver cancer cell
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Fig. 1. The result of Cox regression analysis of HCC patients in training set. A. DEG analyses of HDACs. B-H. Survival analyses of HDAC1, HDAC4, HDAC5, HDAC?7,
HDAC10, HDAC11 and SIRT6. I, J. LASSO Cox regression analyses of HDACs. K. Correlation analysis of HDAC1 and HDAC11. L, M. Survival analysis of Cox
regression model. N. Time-dependent ROC analyses of Cox regression model at 1-, 3- and 5-year.

lines with RNAiso plus reagent. Then, cDNA was converted from the
total RNA and was further used for amplification in the qRT-PCR system
(Applied Biosystems, Foster City, CA, USA) with SYBR Green and
primers. Finally, the 2722 method was employed to calculate the
result. Two inhibitors were used in the experiment. Pyroxamide (specific
HDAC]1 inhibitor) [22] was obtained from MedMol (Shanghai, China),
while garcionl (specific HDAC11 inhibitor) [23] was bought from
GlpBio (California, USA).

HPLC-CAD analysis

HCC cells were treated with HDAC inhibitors for 24 h and then
incubated with culture medium containing Arachidonic acid (AA,
0.5mM), which was purchased from Solarbio (Beijing, China). After 24
hours, the cell supernatant was collected and added with equal volume
of methanol. The samples were centrifuged and filtered before being
tested in the machine. HPLC-CAD analysis was performed on a Dionex
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A

Fig. 2. The result of Cox regression analyses of HCC patients in the validation set and test sets. A, B. Survival analysis of Cox regression model in the validation set. C.
Time-dependent ROC analyses of Cox regression model at 1-, 3- and 5-year in validation set. D-F. Survival analyses of Cox regression model in ICGC, GEO and
ArrayExpress test sets. G. Correlation analysis of risk score and pathologic T-stage in TCGA dataset. H. The nomogram for OS in TCGA dataset. I. Survival analysis of
nomogram model in TCGA dataset. J-L. Calibration plots of nomogram model at 1-, 3- and 5-year. M. Time-dependent ROC analyses of nomogram model at 1-, 3- and

5-year.

UltiMate 3000 HPLC (Thermo Fisher Scientific, USA) with the mobile
phase consisting of pure water (A) — methanol (B) at a flow rate of 0.5 mL
/min (0 ~ 5min, 50% B; 5 ~ 10 min, 70% B; 10 ~ 15 min, 85% B; 15 ~
20 min, 85% B; 20 ~ 30 min, 50% B). A Dionex Acclaim 120 C;g column
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37°C. The conditions of the CAD detector were as follows: sampling
frequency 10 Hz, filer constant 5.0 s and power rate 1.00. Finally, the
concentration of AA in each sample was calculated according to the
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Fig. 3. Evaluation of immune cells in high-risk and low-risk groups of HCC patients in TCGA dataset. A. Proportion of immune cells in high-risk and low-risk groups.
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Survival analysis

Flow cytometry

of “NK cells activated”.

were washed with PBS and resuspended for detection by flow cytometry.

RAW246.7 were placed into a 24-well plate and cultured under

standard conditions for one day. LPS (Beyotime, Shanghai, China) and

Western blot

different concentrations of AA were added into the supernatant. After 24

hours, the digested cells were resuspended with precooled PBS (con-
taining 1% BSA). Then, the cells were incubated with PE-labeled CD86
(Elabscience, Wuhan, China) at 4°C for 30 min. Thereafter, the samples

The treated-RAW246.7 cells were extracted on ice with RIPA lysis
buffer containing PMSF and protease inhibitor. According to the stan-
dard curve, the protein concentrations of the samples were measured

with BCA protein assay kit. The protein samples were isolated by SDS-
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PAGE and then transferred to PVDF membrane. After sealing, the PVDF
membranes were incubated with the primary antibody against CD86
(ABclonal, Wuhan, China) overnight, which was diluted according to
1:1000. Then, the membranes were washed with TBST for 3 times and
incubated with secondary antibody (1:8000) at room temperature for 1
hour. Finally, the film was cleaned again with TBST and imaged with
ECL. The result was analyzed by Image J software according to optical
density (OD) value.

Immunohistochemistry staining (IHC)

As shown in Fig. S1, cell co-culture was carried out in 24-well plates.
IHC staining was performed using cell climbing sheets obtained from co-
culture. The cells were fixed (4% paraformaldehyde), permeabilized
(0.3% Triton X-100), peroxidase eliminated (3% hydrogen peroxide)
and sealed (5% BSA) in turn. After that, the samples were placed in the
primary antibody against CD86 (1:200) overnight and then incubated
with the secondary antibody purchased from Absin (Shanghai, China).
Finally, the antibody was developed with DAB kit from Solarbio (Bei-
jing, China) and the result was evaluated by Image J software according

to mean density (mean density = }fr)g)-

Statistical analysis

Statistical analysis was performed using R and GraphPad Prism 8.0
software. Student’s t-test test and one-way analysis of variance
(ANOVA) were used when variance was homogeneous, while Wilcoxon
rank sum test was used when variance was not homogeneous. A p-value
< 0.05 was considered a significant difference.

Results
Prognostic-related HDACs in HCC

We found 15 of 18 HDACs (except HDAC2, HDAC3 and SIRT2) that
were significantly differentially expressed between tumor tissues and
normal tissues by DEG analysis (Fig. 1A). As shown in Fig. 1B-H, seven
HDACs (HDAC1, HDAC4, HDAC5, HDAC7, HDAC10, HDAC11 and
SIRT6) were significantly associated with the prognosis of patients. High
expression of all seven HDACs was accompanied by short overall sur-
vival (OS), which suggested that these HDACs might play a role in
promoting the development of HCC.

HDACI and HDAC11 synergistically promote HCC progression

The result of LASSO Cox regression analysis was shown in Fig. 1I-J,
HDAC1, HADC4, HADC5 and HDAC11 were considered to be charac-
teristic variables. HDAC4 did not fit the PH hypothesis, while HDAC5
was highly correlated with HDAC1 (correlation coefficient > 0.5). As a
result, they were removed from the model. As shown in Fig. 1K, HDAC1
and HDAC11 were finally included in the model and the formula of risk
score was as follows: risk score = 0.524 * expression of HDAC1 + 0.177 *
expression of HDAC11. The coefficients of these two HDACs in the
model were both positive numbers, suggesting a possible synergistic role
of HDAC1 and HDAC11 in promoting HCC. As expected, the risk score
was significantly (p = 0.006) correlated with the prognosis of HCC
(Fig. 1L-M). In addition, the area under curve (AUC) values of 1-, 3- and
5-year were 0.680, 0.662 and 0.633, respectively (Fig. 1N), which
indicated that risk score could be used to predict the survival status of
HCC patients.

The performance of the model on the validation set showed basically
the same result (Fig. 2A-B). The AUC values of 1-, 3- and 5-year were
0.731, 0.710 and 0.641, respectively (Fig. 2C). In addition, we further
tested the model in HCC patients from different regions (Japan, the
United States and France). As shown in Fig. 2D-F, risk score was
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significantly (p = 0.017) associated with the OS of HCC patients in test
set one (Japan cohort), while the OS of patients in test set two (the
United States cohort) and test set three (France cohort) were not sig-
nificant (p = 0.095 and p = 0.39). This unexpected result could be
attributed to the differences in data measurement and standardization
between microarray and RNA-seq. HDAC1 and HDAC11 were not
identified as independent prognostic features in test set two and test set
three (Fig. S2), and the proportion of sorafenib responders in low-risk
group was much higher than that in high-risk group (Fig. S3),
implying the synergistic role of these two HDACs in HCC progression.

Risk score and pathologic T are independent prognostic factors in
nomogram

First, univariate Cox regression analyses were performed on eleven
clinical factors to screen for meaningful independent prognostic factors.
As shown in Table. S3, three factors including pathologic M (p = 0.020),
pathologic T (p = 1.954e-08) and pathologic stage (p = 8.364e-07) were
found significantly associated with OS. Then, risk score and pathologic T
were brought into the nomogram by forward selection, and multi-
collinearity among variables was excluded (Fig. 2G-H). Through the
survival analysis (Fig. 2I), we found that the point of nomogram had a
more significant (p = 4.224e-09) impact on the prognosis of patients
compared with the risk score. Moreover, calibration plots and time-
dependent ROC curves (1-, 3- and 5-year correspond to 0.739, 0.754
and 0.723 respectively) also showed a good predictive accuracy of the
nomogram points (Fig. 2J-M), indicating potential clinical application of
the risk score calculated from HDACs.

Immune cells affected by the expression of HDAC1 and HDAC11

Research showed that HDAC1 and HDAC11 were related to the
infiltration of many kinds of immune cells. They could facilitate the
polarization of Treg and block the secretion of IFN-y [16,24]. To
investigate whether HDAC1 and HDAC11 could jointly promote HCC by
regulating anti-tumor immune response, we tried to explore the immune
cells implicated with them. As shown in Fig. 3A, the proportions of six
kinds of immune cells were significantly different between high-risk
group and low-risk group. Compared with the high-risk group, the ra-
tios of “macrophages M1” (p = 0.011) and “mast cells resting” (p =
9.415e-04) in the low-risk group were significantly reduced, while the
ratios of “B cells memory” (p = 0.014), “T follicular helper (TFH) cells”
(p = 0.004), “T cells regulatory” (p = 0.011) and “macrophages MO (p
= 8.768e-04) were significantly increased. Among the 22 types of
immune cells, “macrophages M0 had the highest correlation coefficient
(r = 0.276) with risk score, and was closely related to poor prognosis
(Fig. 3B-C). The correlation coefficient between “mast cells resting” and
risk score was -0.201, and a high proportion of “mast cells resting”
indicated a good prognosis (Fig. 3D-E). The third highest correlation
coefficient with risk score was “T cells follicular helper” (r = 0.183),
which might be negatively correlated with OS (Fig. 3F-G). Although
there was a correlation between “T cells regulatory” and risk score (r =
0.181), the effect of “T cells regulatory” on OS was not significant (p =
0.068, Fig. 3H-I). Different from “T cells regulatory”, “NK cells acti-
vated” and risk score were negatively correlated (r = -0.165, Fig. 3J). As
shown in Fig. 3K, patients with high levels of “NK cells activated” had a
poor prognosis, but there was no significant difference in OS be-
tween the two groups (p = 0.37). In conclusion, HDAC1 and HDAC11
might play an immunosuppressive role by affecting the abundance of
immune cells, resulting in a poor prognosis for HCC patients.

Immune-related pathways regulated by HDAC1 and HDAC11
To further understand the mechanism of anti-tumor immunity

regulated by HDACs in HCC, we performed GSVA analysis to identify the
pathways affected by HDAC1 and HDAC11 expression. Low-risk group
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Fig. 5. HDACs can inhibit the expression of fatty acid metabolism related genes, which is significantly associated with the level of immune cells. A. Correlation
analysis of fatty acid metabolism related genes and immune cells. B. Mantel test of fatty acid metabolism related genes and lymphoid cells and myeloid cells. C. T

2

test of the proportion of “Macrophages MO0”, “Mast cells resting”, “T follicular helper cells” and “T cells regulatory” in high- and low-expression groups of fatty acid
metabolism related genes. D. The expression of HDAC1 in normal liver and HCC cell lines (n = 3). E. The expression of HDAC11 in normal liver and HCC cell lines (n
= 3). F. The expression of ACSM2A, ADH1B, CYP2C8, CYP4F2 and SLC27A5 in HCC-LM3 (n = 3). G. The expression of ACSM2A, ADH1B, CYP2C8, CYP4F2 and

got higher enrichment scores (ES) than high-risk group in “glycine,
serine and threonine metabolism”, “fatty acid degradation” and “buta-
noate metabolism” related pathways (Fig. 4A). These three pathways
were included in the 38 pathways with significant differences between
high-risk and low-risk groups (Fig. 4B and Table. S4). The result of GSEA
analysis of DEGs in tumor tissues compared with normal tissues also
showed that the three pathways were enriched at the bottom, indicating
that normal tissues were better than tumor tissues in metabolizing fatty
acid and butanoate (Fig. 4C). As the essential regulatory effects of non-
essential amino acids (glycine and serine), fatty acid and butanoate have
been reported on tumor immunity [25-27], so we speculated that
HDACI1 and HDAC11 might inhibit immune response by affecting the
metabolism of these metabolites.

Co-expression network of HDAC1 and HDAC11

In order to predict the genes regulated by HDACs, a co-expression
network was established. Firstly, we preliminarily screened out 86
genes that might be inhibited by HDAC1 and HDAC11. The top five
genes negatively correlated with these HDACs were HP, GYS2,
SLC10A1, SLC27A5, and CYPBI1 (Fig. S4). As shown in Table. S5, all 86
genes were down-regulated in high-risk group (78 genes with significant
differences). What’s more, the average mutation frequency of 86 genes
was 0.37% (Fig. S5), suggesting these genes might be affected by epi-
genetics. Accordingly, co-expression network of HDAC1 and HDAC11
was established as shown in Fig. 4D, and the five genes (F9, C8A, C6,
TAT and PCK1) located in the center of the network were the key nodes.
The enrichment analysis showed that three biochemical reactions
related to fatty acid were significantly enriched (Fig. 4E). A total of 11
genes were involved in fatty-acid-metabolism, including ACSL1,
ACSM2A, ADH1B, ADH4, ALDH2, CYP1A2, CYP2B6, CYP2C8, CYP4F2,
GSTZ1 and SLC27A5. Furthermore, immunohistochemical results
showed that, except for ALDH2, ten fatty-acid-metabolism related pro-
teins were down-regulated in HCC patients (Fig. S6). Therefore, the
fatty-acid-metabolism related genes might be transcriptionally inhibited
by HDAC1 and HDAC11 to play an immunosuppressive role.

Immune cells affected by fatty-acid-metabolism related genes

As shown in Fig. 5A, “Macrophages MO0”, “TFH” and “Tregs” were
negatively correlated with ten fatty-acid-metabolism related genes,
while “Macrophages M1” and “Mast cells resting” were positively
correlated with these genes. Moreover, we also calculated the propor-
tion of immune cells in ICGC dataset (LIRI-JP), and the result was in line
with that in TCGA (Fig. S7). Then, the result of the Mantel test showed
that five genes (ACSM2A, ADH1B, CYP2C8, CYP4F2 and SLC27A5) were
significantly (Mantel’'s r > 0.1 & p < 0.05) correlated with lymphoid
cells or myeloid cells (Fig. 5B). As shown in Fig. 5C, the proportion of
“Macrophages M0” and “Treg” in the low-expression groups of these five
genes increased significantly (p < 0.05), whereas the ratio of “Macro-
phages M1” and “Mast cells resting” in the low-expression groups was
significantly (p < 0.05) lower than that in the high-expression groups. It
has been reported that the high abundance of non-activated macro-
phages and Tregs are associated with a poor prognosis in HCC patients
[21], while macrophages M1 can significantly inhibit tumor growth
[28]. Activated mast cells may inhibit the progression of HCC [21], but
the relationship between the level of total mast cells and tumor immu-
nity is still unclear. Collectively, fatty-acid-metabolism related genes

were regulated by HDAC1 and HDAC11 might change the relative
abundance of macrophages and Tregs in the tumor microenvironment.

The expression of fatty-acid-metabolism related genes is regulated by
HDACs

As shown in Fig. 5D, the expression of HDAC1 in HepG2, HepaRG
and HCC-LM3 was significantly (p < 0.05) increased, while its expres-
sion in BEL-7402 and SMMC-7721 was significantly (p < 0.05)
decreased. As for HDAC11, its endogenous expression of four HCC cell
lines (HepG2, HCC-LM3, SMMC-7721 and HuH-7) was significantly (p <
0.05) higher than that of normal liver cell line (Fig. 5E). Unsurprisingly,
the expression of ACSM2A, ADH1B, CYP2C8, CYP4F2 and SLC27A5 was
decreased significantly (p < 0.05) in HCC-LM3 (Fig. 5F), which had high
levels of HDAC1 and HDAC11. Then, specific inhibitors of HDAC1 and
HDAC11 were used to further verify their regulatory effects on genes
related to fatty-acid-metabolism, and the results were shown in Fig. 5G.
Compared with the control group, the expression of these genes was
significantly increased in both pyroxamide (HDAC1 inhibitor) and gar-
cionl (HDACI11 inhibitor) groups. Altogether, the results were consistent
with bioinformatics predictions, suggesting that HDAC1 and HDAC11
could down regulate the expression of fatty-acid-metabolism related
genes.

HDAC inhibitors may affect macrophage polarization by promoting
arachidonic acid metabolism

The result of Ingenuity Pathway Analysis (IPA) showed that
ACSM2A, ADH1B, CYP2C8, CYP4F2 and SLC27A5 were considered to
directly participate in fatty acid metabolism, especially arachidonic acid
(Fig. 6A). As shown in Fig. 6B and Fig. S8, the result of HPLC-CAD
analysis showed that the AA concentration in garcionl group and com-
bination group was significantly lower than that in the control group,
suggesting that HDACs could inhibit the metabolism of AA. In addition,
compared with HDACI11 inhibitor group, the content of AA in the
combination group was significantly (p < 0.05) reduced. The experi-
mental results of flow cytometry (Fig. 6C), WB (Fig. 6D) and IHC
(Fig. 6E-F) all contributed to the conclusion that AA (0.5mM) could
significantly inhibit RAW246.7 polarization to M1 macrophages. As
shown in Fig. 6E-F, the expression of CD86 of RAW246.7 was not
affected by HCC-LM3 without HDAC inhibitor treatment in the co-
culture system. Further results showed that HCC-LM3 pre-treated with
HDAC11 inhibitor significantly increased CD86 expression of
RAW246.7. Although there was no significant difference in CD86
expression of RAW246.7 in the HDACI inhibitor group compared with
the control group, the expression of CD86 in the combination group was
significantly higher than that in HDAC11 group. Our results provide
preliminary evidence that HDACs may be involved in regulating anti-
tumor immune response through AA-mediated macrophage polariza-
tion (Fig. 6G).

Discussion

HDAC1 and HDAC11 are closely related to the development of HCC.
The expression of the retinoblastoma-interacting zinc finger (RIZ1) gene
in HCC, affected by HDAC1-mediated acetylation of histone H3 lysine 9
(H3K9), was significantly lower than that in normal liver tissues [29].
The decreased acetylation level of H3K9 is also accompanied by
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overexpression of HDAC11, promoting HCC by affecting the transcrip-
tion of LKB1 [9]. Both HDAC1 and HDAC11 could form complexes with
a variety of proteins, suggesting that they might have similar biological
functions [30]. Consistently, the multivariate Cox regression model
comprising HDAC1 and HDAC11 was demonstrated to have a good
predictive performance, implying a potential synergistic role of these
two HDACs in the development of HCC.

Macrophages, mast cells and Tregs may be important approaches by
which HDACs exert immunosuppressive effects. It has been reported
that HDAC1 and HDAC11 can inhibit the expression of IFN-y [16,24].
Non-activated macrophages would polarize to M1 macrophages when
they were exposed to IFN-y [31]. Similarly, our data showed that high
expression of HDAC1 and HDAC11 resulted in aggregation of macro-
phages MO and deficiency of macrophages M1. Increased levels of
activated mast cells were associated with a good prognosis in HCC pa-
tients [21], which was in line with our observations in GSE109211
dataset. However, a research on gastric cancer has shown that inacti-
vated mast cells can inhibit the accumulation of macrophages MO,
thereby reducing the proliferation and angiogenesis of tumor cells [32].
The role of mast cells in tumor immunity may be context-dependent, but
there is no doubt that further research on the role of mast cells in the
tumor microenvironment might help to understand the carcinogenic
mechanism of HDACs. Furthermore, HDAC1 and HDAC11 could pro-
mote the production of Tregs [33,34], which may be due to the accu-
mulation of fatty acids in the tumor microenvironment [35]. In
conclusion, our results are consistent with previous reports that HDAC1
and HDAC11 may be able to influence the microenvironment.

HDACs can participate in metabolic reprogramming by inhibiting
fatty acid degradation [36]. Increased level of fatty acids, regulated by
mammalian target of rapamycin (mTOR), could promote the develop-
ment of HCC [37]. HDAC inhibitors could significantly down regulate
the phosphorylation level of Akt, which was the upstream protein of
mTOR [38]. Therefore, PI3K / Akt / mTOR activation might be a po-
tential mechanism for HDACs to increase fatty acid levels. The accu-
mulation of fatty acids led to the loss of CD4" T cells and CD8™ T cells
functions, which might be related to its oxidative damage to mito-
chondria [26]. In addition, by participating in palmitoylation of trans-
ducer and activator of transcription 3 (STAT3), fatty acids have been
shown to promote the activation of STAT3 signaling pathway before
tumorigenesis [35]. Conditional knockout of STAT3 in hematopoietic
cells caused the decrease of IL-23 secretion in tumor-associated macro-
phages, which inhibited the activation of Tregs and reduced the
expression of IL-10 [39]. STAT3 played an important role in inflam-
mation and immune response. It could not only induce inflammation to
promote tumorigenesis, but also activate Tregs to weaken anti-tumor
immunity [39]. This special mechanism may explain the reason why
the accumulation of fatty acids is always conducive to the occurrence
and development of HCC, suggesting that the level of of fatty acids is
related to the microenvironment.

Our results showed that ACSM2A, ADH1B, CYP2C8, CYP4F2 and
SLC27A5 are downstream targets of HDACs. ACSM2A and ADH1B play
an important part in fatty acid oxidation and lipid synthesis respectively
[40,41]. Both CYP4F2 and CYP2C8 are cytochrome P450, which have
been widely reported as key enzymes of arachidonic acid (AA) [42,43].
Studies have shown that AA present at certain high concentrations in
the tumor microenvironment [44] and can inhibit the polarization of
macrophages M1 [45], suggesting that the HDACs-mediated decreased
expression of CYP2C8 and CYP4F2 may inhibit anti-tumor immunity by
affecting macrophage activation (Fig. 6G). Little is known about the role
of these fatty-acid-metabolism related genes in HCC, especially, in
tumor immunity. However, it is undeniable that in-depth study of these
genes may help to further understand the changes in anti-tumor im-
munity mediated by fatty-acid-metabolism in HCC.

In summary, we found that HDAC1 and HDAC11 might play a syn-
ergistic immunosuppressive role in HCC progression. Down regulated
fatty-acid-metabolism related genes modulated by HDACs might
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contribute to the obstacle of macrophage M1 polarization, which needs
to be validated in our future in vivo and in vitro studies with specific
knockout cell lines and animal models.

Conclusion

In conclusion, high expression of HDAC1 and HDAC11 together lead
to poor prognosis of HCC patients. They may play an important role in
the inhibition of macrophages M1 polarization by regulating fatty-acid-
metabolism related genes (ACSM2A. ADH1B, CYP2C8, CYP4F2 and
SLC27A5). Our results suggest that HDACs-metabolism-immunity axis is
a potential immunotherapeutic pathway for HCC, which provides a new
insight for future research.
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