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Abstract

Background Hepatocellular carcinoma (HCC) is a common malignancy worldwide with poor outcomes. Therefore, it is
important to identify a valuable prognostic biomarker for HCC. The present study aimed to identify novel prognostic bio-
markers for HCC and evaluate the potential role of hub genes in HCC.

Methods Weighted gene co-expression network analysis and protein—protein interaction analysis were performed to identify
important potential prognostic genes. The expression of hub genes was confirmed by the GEPIA, Oncomine, UALCAN,
and HPA database. Furthermore, survival analysis of hub genes was performed using the Kaplan—Meier plotter database.
Finally, we investigated the association between hub genes and immune factors in HCC through GSEA, the TIMER, and
TISIDB database.

Results HSD17B6 expression was significantly lower in HCC than in normal tissues. Low HSD17B6 expression is associ-
ated with poorer overall survival and progression-free survival in HCC patients, particularly at medium disease stages (stage
II and IIT or grade III). HSD17B6 showed a strong correlation with tumor-infiltrating B cells, CD4 + and CD8 + T cells,
macrophages, neutrophils, and dendritic cells. Somatic copy number alteration might be the main cause of the negative cor-
relation between HSD17B6 expression and immune infiltration. HSD17B6 expression in HCC negatively correlated with
the expression of several immune cell markers, including exhausted T cell markers, PD-1 and CTLA-4, suggesting its role
in regulating tumor immunity.

Conclusions HSD17B6 is a potential prognostic biomarker that determines cancer progression and is correlated with tumor
immune cells infiltration in HCC.
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NES Normalized enrichment score

STRING  Search tool for the retrieval of interacting
genes

Introduction

Hepatocellular carcinoma (HCC) is one of the most common
lethal cancers in the world [1]. Statistically, about 700,000
people die from liver cancer worldwide each year [2], and
most liver cancers occur in cirrhosis [3]. Although the sur-
vival rate of HCC patients has improved in the last decade
because of improved surgical techniques, novel chemothera-
pies, and targeted therapies, the prognosis of HCC patients
remains unsatisfactory. Early recurrence and metastasis are
the leading causes of poor patient outcome [4]; therefore, to
improve HCC outcome, the investigation of novel molecular
mechanisms underlying HCC recurrence and metastasis is
urgently required.

Traditional cancer therapeutic regimens focus more on
the tumor cells themselves, but HCCs, due to the chronic
inflammation and cirrhosis, develop in a highly complex and
dynamic environment [5, 6]. The tumor microenvironment
(TME) consists of tumor cells and tumor-associated stroma.
The tumor stroma consists of tumor-infiltrating lymphocytes
(TILs), fibroblasts, and the extracellular matrix surround-
ing the tumor [7]. Tumor-infiltrating lymphocytes are het-
erogeneous lymphocytes in the TME and are involved in
the antitumor immune response, mainly including T lym-
phocytes (T cells), B lymphocytes (B cells), natural killer
(NK) cells, macrophages, and dendritic cells (DCs) [8]. In
the microenvironment, the interaction between tumor tis-
sues and the immune system often has a bidirectional effect.
For example, the immune system can positively identify and
kill tumors, while tumor cells can form an immunosuppres-
sive microenvironment through the expression of inhibitory
molecules and secretion of tumor-related cytokines on the
surface to mediate the body’s immune tolerance to tumors,
resulting in immune escape. The interaction between tumor
cells and related stroma not only influences the occurrence
and progression of the disease but also is closely related
to patient prognosis [9]. In recent years, the emergence of
nivolumab and pembrolizumab has led HCC therapy into
the immune era [10—12]. Besides, the expression of pro-
grammed cell death protein-1 (PD-1), programmed cell
death ligand 1 (PD-L1), tumor mutational load (TMB), and
TILs have shown some correlation with patients’ response
to immunotherapy [13]. However, less than 30% of patients
currently have a clinical response to immunotherapy [14,
15]. Therefore, the search for new HCC markers and their
interaction mechanisms with immune cells is of great scien-
tific importance. In this way, researchers can remodel TME
to improve the body’s antitumor effect.

In this study, we comprehensively studied the expres-
sion of HSD17B6 and its correlation with the patient’s
clinical outcome in HCC. We also shed light on the role of
HSD17B6 in the HCC microenvironment.

Materials and Methods
Data Source and Preprocessing

We downloaded the standardized expression profile of
GSE14520 (GPL3921, n=445) and associated clinical data
from the Gene Expression Omnibus database (GEO, http://
www.ncbi.nlm.nih.gov/geo/). All probes were converted to
Entrez IDs. But if a probe corresponded to multiple Entrez
IDs, we removed it. If multiple probes corresponded to the
same Entrez ID, we selected the probe with the highest
expression. Finally, we performed the weighted gene co-
expression network analysis (WGCNA) for the tumor sam-
ples (n=221).

Identifying Key Genes by WGCNA Analysis and PPI
Analysis

Unlike previous studies (pre-filtering some genes by dif-
ferential expression analysis), we performed WGCNA on
all genes via the WGCNA R package. Since WGCNA is
an unsupervised analysis method for clustering genes based
on gene expression, this means that differential expression
filtering may lose some important data or even invalidate the
WGCNA analysis.

In this analysis, we first converted the gene expression
profile data into the Pearson correlation matrices for dif-
ferent gene pairs. For gene k and gene j, their Pearson’s
correlation was S kj=| cor (k, j) I. Then, we transformed the
Pearson’s correlation matrix into the connection strength
matrix through the power function U,;= power (Sj;, f)=|
Skjlﬁ. By doing so, we emphasized strong correlations
between genes also exponentially reduced the influence
of weak correlations. Through network topology analysis
(1-20), we obtained the best soft threshold power (). We
then identified gene co-expression modules by hierarchically
clustering the average connectivity between genes, with a
minimum module size of 50 genes. Next, we correlate the
gene modules with clinicopathological information. Here, all
clinicopathological characteristics, including age, sex, HBV
status, ALT, tumor size, multinodular, cirrhosis, AFP, TNM
stage, BCLC stage, survival, and recurrence, were included
in the analysis.

After module identification, we selected key genes based
on the gene significance (GS) and module membership
(MM). GS is the absolute value of the correlation between
genes and traits; MM is the correlation of the module
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eigengenes (the first principal component of a module)
and gene expression profiles. First, gene modules that were
highly correlated with survival information were identi-
fied as target modules. Then, we screened the genes with
GS > 0.3 and MM > 0.8 in the target modules as key genes.
By using the STRING database (https://string-db.org/), we
constructed a protein—protein interaction (PPI) network for
the key genes. Finally, we screened highly related but unre-
ported genes in the PPI network as potential biomarkers.

Functional Enrichment Analysis of Potential
Biomarkers

Relying on the “Metascape” online tool, we further investi-
gated the pathway and process enrichment situation of key
genes. Terms with P <0.01, a minimum count of three, and
an enrichment factor > 1.5 were considered to be important.

Expression Levels of Biomarkers in HCC

To understand whether potential marker expression was
associated with HCC, we analyzed marker expression lev-
els across databases. At the transcriptional level, we counted
the expression levels of key genes in the GSE14520 cohort
by R package limma (10g2FC > [1.5], P <0.001), based
on the GEPIA (http://gepia2.cancer-pku.cn/) database
(log2FC> 111, P <0.001) and the Oncomine (https://www.
oncomine.org/) database (log2FC > 11, P <0.05). We also
confirmed the expression levels of key genes on the TCGA-
LIHC cohort and other cohorts. At the translational level,
based on the Human Protein Atlas (HPA, https://www.prote
inatlas.org/) database, we compared immunohistochemistry
images of key genes in normal liver and HCC tissues.

To further understand whether biomarkers could influ-
ence the progression of hepatocellular carcinoma, we
compared their expression levels on various clinicopatho-
logical groups with the UALCAN (http://ualcan.path.uab.
edu/) database. Besides, we explored the mRNA levels of
biomarkers in different immune subtypes using the TISIDB
(http://cis.hku.hk/TISIDB/) database.

Survival Analysis for Biomarkers

The Kaplan—Meier plotter (http://kmplot.com/analysis/)
database is a web tool that can assess the effects of spe-
cific genes on cancer prognosis. Here, we tested the ability
of biomarkers to predict OS and progression-free survival
(PFS) at 1, 3, and 5 years using the Kaplan—Meier plotter.
We also assessed biomarkers’ ability in predicting prognosis
for different clinicopathological subgroups. We divided the
TCGA-LIHC cohort into two groups based on the biomark-
ers’ median expression. The Kaplan—Meier plotter automati-
cally chooses the log-rank test in the analysis.

@ Springer

Gene Set Enrichment Analysis (GSEA)

We download the GSEA-3.0.jar software and gene sets
(c7.all.v6.2.symbols.gmt [immunologic signatures]) from
the website of Broad Institute and run under the support
of Java 8.0. We divided HCC patients in the GSE14520-
GPL3921 cohort into high and low groups according to
the median of the biomarker. Enriched pathways with
INESI> 1.8, NOM p value <0.01 FDR <0.25 were con-
sidered to be significant terms.

Evaluation of the Inmunological Infiltrate

Tumor Immune Estimation Resource (TIMER) is a publicly
available resource for the systematic analysis of immune
infiltrates across different types of cancer (https://cistrome.
shinyapps.io/timer/). It contains seven modules, including
gene, survival, mutation, somatic copy numbers alteration
(SCNA), differential gene expression, correlation, and esti-
mation. We collected immunologic infiltration data from
the TIMER platform to explore their relationships with bio-
markers. The abundances of six immunes infiltrate (CD4 +T
cells, CD8 + T cells, B cells, neutrophils, macrophages, and
dendritic cells) are estimated by statistical method mining
sequencing data retrieved from TCGA. TIMER displays
the purity-corrected partial Spearman’s correlation with
scatterplots. Based on TIMER, we further conducted the
univariate Cox analysis and multivariate Cox analysis of
HSD17B6 and immune infiltration cells. Cox regression
analysis was fitted by function coxph() from R package sur-
vival, which was built in TIMER. The hazard ratio (HR) and
95% confidence interval (CI) were presented. Copy number
alteration is one of the causes of the inactivation of cancer
suppressor genes. To explore the possible mechanism of
down-regulation of HSD17B6 expression in hepatocellular
carcinoma, we used the cBioPortal (https://www.cbioportal
.org/) website to explore the relationship between the mRNA
expression level of HSD17B6 and copy number alteration in
hepatocellular carcinoma. Next, we analyzed the relationship
between HSD17B6 copy number variation and immune cell
infiltration using the SCNA module in the TIMER database.
SCNAs are divided into five types, namely deep deletion
(—2), arm-level deletion (—1), diploid/normal (0), arm-level
gain (1), and high amplification (2). Boxplots show the dis-
tribution of each immune subset at each copy number sta-
tus in selected types of cancer. The level of infiltration for
each SCNA category is compared with the normal using the
Kruskal-Wallis test.
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Immunomodulators and Chemokines Analysis
Through the TISIDB Database

TISIDB database (http://cis.hku.hk/TISIDB/) integrates
plentiful immunological-related source retrieved from
databases. For probing the hidden function of biomark-
ers in immune therapy, we investigated the relationship
between biomarkers and multiple immunomodulators, and
chemokines.

Statistical Analysis

P value < 0.05 was considered statistically significant, if not
especially noted.

Results

Identification of Key Genes Via WGCNA and PPI
Analysis

p =5 was first chosen to construct the scale-free network
(Fig. la). Then, the hierarchical clustering tree was built
under the dynamic hybrid cutting. Each leaf represents a sin-
gle gene, and genes with similar expression were clustered
into a tree branch, representing a gene module. According to
Zhou et al. [16] and Qi et al. [17], we selected the blue mod-
ule consisting of 1291 genes as the target module since it had
a higher correlation with clinicopathological traits like AFP
(R=-0.43, P=1e—11), TNM stage (R =—-0.33, P=T7e—07),
and survival time (R=0.31, P=2e—06). Based on GS > 0.3
and MM > 0.8, we sorted nineteen highly linked genes from
the blue module as candidate biomarkers (Fig. 1d). Then,
relying on the PPI network analysis (connectivity > 5 nodes),
we identified eight potential key genes (Fig. le), including
ALDH2, ETNPPL (AGXT2L1), CAT (Catalase), DAO
(diamine oxidase), HSD17B6, SULT2A1, SLC27A5, and
SLC10A1 (Table 1).

Function and Disease Enrichment Analyses

Next, we analyzed 19 key genes in terms of pathways, pro-
cesses, and disease enrichment. The results indicate that
most of these genes are involved in drug metabolism and
influence the development of cirrhosis (Table 2).

Expression Level of HSD17B6 in HCC

All key genes were down-regulated in GSE14520-GPL3921
tumor tissues (Table S2). By November 2019, searching with
“gene symbol,” “HCC,” and “survival,” we found that only
SULT2A1, DAO, and HSD17B6 were not reported before.
In the next expression analysis, we found that HSD17B6

showed significant down-regulation not only on the GEPIA
database but also on the Oncomine and HPA databases. In
the two immunohistochemistry images, we could see that
there were many deeply eosinophilic cells, thick fibrous
bands, and large pseudogland on the HCC. These are all
features of cirrhosis that develops from hepatitis. HSD17B6
was highly stained in normal hepatocytes, especially in the
cytoplasm and membranes; however, HSD17B6 was nega-
tive in HCC. This suggests that HSD17B6 might be a poten-
tial biomarker for HCC.

To investigate the relationship between HSD17B6 mRNA
expression and the clinicopathological characteristics of
HCC, we analyzed TCGA data using the UALCAN database.
We found that the normal tissue data were concentrated and
tended to be normally distributed, but the tumor subgroup
data were discrete and tended to be skewed. However, the
expression of HSD17B6 in each tumor subgroup was gener-
ally lower than its expression in normal liver tissue. Moreo-
ver, the expression of HSD17B6 gradually decreased with
tumor progression. Besides, down-regulation of HSD17B6
was also associated with tumor lymph node metastasis.
Among the different immune subgroups, we noted that
HSD17B6 expression was highest in C3 (inflammatory type)
and lowest in C1 (wound healing type) (Fig. 2e). In contrast,
in molecular typing, HSD17B6 was highly expressed in the
iCluster 2 subtype and least expressed in iCluster 1 (Fig. 2f).
This evidence suggests that HSD17B6 is a potential HCC
biomarker, which may be involved in immune responses and
thus influence tumor progression.

HSD17B6 Down-Regulation Suggested the Poor
Survival for HCC Patients

To understand the impact of HSD17B6 expression lev-
els on the prognosis of HCC patients, we explored the
prognostic value of HSD17B6 in the TCGA-LIHC cohort
using the Kaplan—Meier Plotter database. The 1, 3, and
5-year OS analysis and PFS analysis consistently showed
that increased HSD17B6 was a favorable factor for HCC
patients (Fig. 3a, b). Not only that, patients with high
HSD17B6 expression also showed higher prognostic lev-
els in different clinicopathological subgroups (Fig. 3c). In
terms of overall survival, HSD17B6 played a beneficial
role in patients with the following characteristics: male
(HR 0.58 [95% C10.37-0.92], P=0.018), Asian (HR 0.35
[95% CI10.19-0.67], P =0.00082), yes-alcohol consump-
tion (HR 0.53 [95% CI 0.28-1], P=0.047), stage 3 (HR
0. 53 [95% CI1 0.29-0.97], P=0.035), stage 2 and 3 (HR
0.63 [95% C10.39-1], P=0.049), grade 3 (HR 0.49 [95%
CI 0.26-0.9], P=0.018), AJCC T3 (HR 0.49 [95% CI
0.26-0.89], P=0.018). In terms of progression-free sur-
vival, HSD17B6 high expression was still protective to
male patients (HR 0.36 [95% CI 0.2-0.65], P =0.0004),
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Fig.1 Choosing hub genes through WGCNA and PPI analysis. a
Choosing a fit soft threshold power () from 1 to 20. b Clustering
dendrogram of genome-wide genes in hepatocellular carcinoma sam-

Asian (HR 0.44 [95% CI 0.2-0.98], P=0.04), yes-alcohol
consumption (HR 0.51 [95% CI 0.3-0.86], P =0.0098),
but was newly discovered to be beneficial to patients
who with no-alcohol consumption (HR 0.65 [95% CI
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0.34-0.97], P=0.036), no-hepatitis virus (HR 0.63 [95%
CI 0.4-0.97], P=0.034), stage 1 and 2 (HR 0.64 [95%
CI 0.44-0.95], P=0.024) and grade 2 (HR 0.6 [95% CI
0.39-0.94], P =0.023). In conclusion, patients with high
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Table 1 Pathway and process enrichment analysis of top 20 hub genes

GO Category Description Count % Logl0(P) Logl10(q)
GO:0042737 GO Biological Processes drug catabolic process 8 42.11 —13.54 -9.25
hsa04146 KEGG Pathway Peroxisome 5 26.32 —-8.41 —4.73
hsa00630 KEGG Pathway Glyoxylate and dicarboxylate metabolism 3 15.79 -5.69 —2.55
GO0:0008202 GO Biological Processes steroid metabolic process 5 26.32 -5.64 —-2.54
ko00620 KEGG Pathway Pyruvate metabolism 3 15.79 -5.62 —-2.54
G0O:0009069 GO Biological Processes serine family amino acid metabolic process 3 15.79 -5.37 -2.37
ko04976 KEGG Pathway Bile secretion 3 15.79 —-4.83 -2
R-HSA-211859 Reactome Gene Sets Biological oxidations 3 15.79 —-3.36 -0.73
Tablg 2 .Univariate. and Factors Univariate cox analysis Multivariate cox analysis
multivariate analysis of
HSD17B6 and immune HR (95% CI) P value HR (95% CI) P value
infiltration
Age 1.01 (0.997-1.024) 0.139 1.012 (0.997-0.997) 0.124
Purity 2.07 (0.901-4.759) 0.087 3.044 (1.085-8.542) 0.034*
B cell 0.864 (0.053-13.978) 0.918 0(0-0.335) 0.024*
CD8+T cell 0.515 (0.053-5.035) 0.569 0.001 (0-0.057) 0.006%**
CD4+T cell 11.602 (0.483-278.815) 0.131 0.003 (0-2.47) 0.089
Macrophage 22.634 (1.631-314.017) 0.02* 239.078 (1.203-47,517.713) 0.043*
Neutrophil 486.294 (2.269—104,217.1) 0.024* 4.808 (0-326,054.257) 0.782
DC 1.74 (0.54-5.612) 0.354 518.663 (15.315-17,565.379) 0.001%**
HSD17B6 0.908 (0.847-0.973) 0.006%** 0.916 (0.839-0.999) 0.046*

*p < 0.05, ”p < 0.01

Purity tumor purity, DC dendritic cells, HR hazard ratio, CI confidence interval

HSD17B6 usually had better survival outcomes. This
suggested that HSD17B6 might act as a protective factor
against HCC.

Evaluation of Associations Among HSD17B6,
Immune Cells, and Survival

The results of the expression analysis in Fig. 2 suggested
that HSD17B6 might be immune-related (Fig. 2e, f).
Therefore, it was necessary to further explore the associa-
tion between immune status and HSD17B6 expression in
the HCC microenvironment. Our GSEA results showed
that high HSD17B6 expression was associated with down-
regulation of macrophages, CD4 +T cells and DC, but with
the upregulation of NK (Fig. 4a). We then validated the
results using the TIMER database, which disclosed that the
expression of HSD17B6 was not significantly correlated
with tumor purity in HCC (R=0.073, P=0.175). However,
its expression negative correlated (Fig. 4b) with the infil-
tration levels of B cells (R =—0.253, P value=2.07e—06),
CD8+T cells (R =-0.213, P value=7.19¢e—05), CD4+T
cells (R =-0.137, P value=1.08e—02), macrophages
(R =-0.251, P value =2.69e—06), neutrophils (R =—0.183,

P value=6.15e—04), and dendritic cells (R =-0.202, P
value=1.81e—04) in HCC. Our results suggested that
HSD17B6 might affect the infiltration of immune cells,
especially on macrophages, CD4 + T cells, and DC.

To explore immune infiltrates and HSD17B6 expression
on HCC prognosis, we performed univariate and multivari-
ate cox analysis via the TIMER database. Univariate cox
analysis showed that the infiltration level of macrophages
and neutrophils were unfavorable factors (HR > 1, P <0.05)
for HCC patients, while HSD17B6 expression was favorable
(HR <1, P<0.05). Multivariate analysis further confirmed
that HSD17B6 and macrophages were independent prog-
nostic factors. Furthermore, tumor purity, macrophages, and
dendritic cells were unfavorable prognostic factors (HR > 1,
P <0.05), whereas B cells, CD8+T cells, and HSD17B6
were found to be favorable prognostic factors (HR <1,
P <0.05). Thus, these data suggested that HSD17B6 and
macrophages were independent prognostic markers in
immune infiltration.

Compared with the diploid group, the gain group showed
lower HSD17B6 expression levels (Fig. 4c). We then com-
pared tumor infiltration levels between different SCNAs
of HSD17B6 and tumors using TIMER. We found that
HSD17B6 mainly mutated into the arm-level-gain class and
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Fig.2 The expression level of HSD17B6 in HCC. a Validation of
hub genes by LIHC data in GEPIA. b Validation of HSD17B6 at
transcriptional level via Oncomine. ¢ Validation of HSD17B6 at
translational level via HPA. d Clinicopathological subgroups analysis

the infiltration level of immune cells (except CD8+ T cells
and neutrophils) was significantly elevated in the arm-level
gain group (Fig. 4d). These results indicated that the SCNAs
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for HSD17B6 in LIHC. e The expression level of HSD17B6 in differ-
ent immune subtypes. f The expression level of HSD17B6 in differ-
ent molecular subtypes (Student’s 7 test, *, P <0.05, **, P<0.01, ***,
P<0.001, **** P <0.0001)

of HSD17B6 were closely related to the degree of immune
infiltration of HCC.
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«Fig.3 The prognostic value of HSD17B6 in HCC. a 1-year, 3-year
and 5-year OS in LIHC cohort. b 1-year, 3-year and 5-year PFS
in LIHC cohort. ¢ Subgroup analysis for OS and PFS in the LIHC
cohort (log-rank test, *, P<0.05, **, P<0.01, *** P<0.001, ****,
P <0.0001)

Regulation of Inmune Molecules by HSD17B6

The Spearman’s correlations between HSD17B6 expres-
sion and immunomodulators, and chemokines were ana-
lyzed using the TISIDB database (Fig. 5). Figure Sa
shows correlations between HSD17B6 expression lev-
els and immuneinhibitors. The top six immuneinhibi-
tors included KDR (R=0.445, P<2.2e—16), TGFB1
(R =-0.343, P=1.29¢—11), CTLA4 (R =-0.326,
P=1.52e—-10), LGALS9 (R =-0.323, P=1.99¢-10),
PDCD1 (R =-0.321, 2.74e—10), and VTCNI (R =-0.26,
P =3.92e—07). Figure 5b shows correlations between
HSD17B6 expression and immunostimulators, and the
top six immunostimulators included CD276 (R =—-0.367,
P=3.58e—13), TNFSF15 (R =-0.35, P=4.41e—12),
IL6R (R=0.349, P=5.07e—12), TNFRSF18 (R =-0.338,
P=2.56e—11), TNFSF9 (R =-0.302, P=1.3e—09), and
ULBPI1 (R =-0.294, P=8.3e—09). Figure 5c shows cor-
relations between HSD17B6 expression and chemokines,
and the top six chemokines included CCL16 (R=0.526,
P<2.2e-16), CCL14 (R=0.497, P<2.2e—16), CCL20
(R =-0.355, P=2.2e—12), CCL26 (R =-0.324,
P=1.97e—10), CXCL5 (R =-0.312, P=9.18e—10), CCL15
(R =-0.295, P="7.05e—09). Figure 5c shows correlations
between HSD17B6 expression and receptors, and the top
six receptors included CCR6 (R =—0.343, P=1.24e-11),
CXCR4 (R =-0.278, P=5.2e—08), CCR10 (R =-0.222,
P=1.56e—-05), CXCRS5 (R =-0.189, P=0.000255),
CXCR3 (R=-0.164, P=0.00154), and CCRS5 (R =-0.16,
P=0.00197). Therefore, HSD17B6 might regulate the above
immune molecules.

Discussion

HSD17B6 encoded protein functions as oxidoreductase and
epimerase and metabolizes androgen. In disease studies, the
single-nucleotide polymorphism (SNP) of HSD17B6 was
first reported being associated with polycystic ovary syn-
drome (PCOS) [18]. In cancer, HSD17B6 has turned out
to be down-regulated in prostate cancer and was associ-
ated with tumor growth [19] and metastasis [20]. A recent
study also showed that HSD17B6 is a potential prognostic
marker in non-small cell lung cancer and may contribute
to the development of non-small cell lung cancer and drive
tumor progression [21]. HSD17B6 is specifically expressed
in liver tissue, but little is known about the role of HSD17B6
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in liver disease, and the SNP of HSD17B6 is significantly
associated with the risk of hepatic fibrosis [22]. In HCC,
Yang et al. [23] had suggested that HSD17B6 was a potential
tumor suppressor—both CpG hypomethylation and down-
regulation of mRNA expression are associated with HCC
recurrence. However, they did not investigate the detailed
mechanism by which HSD17B6 may affect the prognosis
of liver cancer. Role of HSD17B6 in HCC requires further
clarification. Thus, our study was performed.

We analyzed HSD17B6 expression levels in HCC sam-
ples from the TCGA dataset and found that low levels of
HSD17B6 positively correlated with the higher histological
grade, TNM stage of the tumor (Fig. 2d), which are indi-
cators of greater tumor malignancy. HSD17B6 down-reg-
ulation was also associated with worse survival and poor
recurrence (Fig. 3). Moreover, multivariate Cox regression
analysis further confirmed HSD17B6 as an independent
favorable prognostic factor of HCC (Table 2). Together,
these results demonstrated that HSD17B6 might inhibit the
progression of HCC and be a potential biomarker.

Then, GO and KEGG analysis for HSD17B6 and its co-
expression gene showed that HSD17B6 participated in the
peroxisome pathway (Table 1). And peroxisome-localized
hepatitis Bx protein increases the invasion property of hepa-
tocellular carcinoma cells [24]. Also, disruption of peroxi-
some function leads to metabolic stress, mTOR inhibition,
and lethality in liver cancer cells [25]. Therefore, we specu-
late that HSD17B6 dysfunction promotes HCC development
by regulating the peroxisome signaling pathway. The overall
metabolic state of the organism is now considered to be an
important and long-neglected immune mediator. The peroxi-
some, on the other hand, has recently been identified as a
key regulator of immune function and inflammation during
development and infection [26]. HCC is a highly heteroge-
neous cancer, and tumor heterogeneity is instrumental in
immune evasion [27-29]. Numerous studies have shown that
tumor-infiltrating immune cells are prognostic markers for
cancer progression [30-33]. In contrast, our study showed
that HSD17B6 was significantly differentially expressed
among different immune subgroups (Fig. 2e). The above
evidence suggests that HSD17B6 is likely to be involved in
immune regulation.

Various state-of-the-art algorithms, including TIMER
[34], xCell [35], CIBERSORT [36], MCP-counter [37],
EPIC [38] and quanTIseq [39], have been developed to esti-
mate immune infiltration. But TIMER is the only method
that takes tissue specificity into account when estimating
immune cell populations. Though to date, it only estimates
six immune cell types. Other algorithms, like xCell, can
make estimations on the higher number of different immune
cell types but may fail to detect signals from homogene-
ous samples [34]. Therefore, for this study, we used the
TIMER to make a reliable immune infiltration estimation.
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Fig.5 Correlation between HSD17B6 mRNA expression and
immune-related molecules. a Spearman’s correlation of HSD17B6
with immunoinhibitors in HCC. b Spearman’s correlation of

Accordingly, we found that HSD17B6 expression was nega-
tively correlated with the degree of infiltration of B cells,
CD8+T cells, CD4 +T cells, macrophages, neutrophils, and
dendritic cells (Fig. 4b). GSEA results (Fig. 4a) also cor-
roborated the negative correlation between HSD17B6 and
CD4+T cells, macrophages, and DCs. Copy number altera-
tion (CNA) is genetically important and may interfere with
genes, altering the genetic content leading to phenotypic
differences [40]. Our results revealed that the predominant
CNA type of HSD17B6 was arm-level gain, and this varia-
tion resulted in a down-regulation of the mRNA expression
level of HSD17B6 (Fig. 4c). However, arm-level gain led to
an increase in infiltration of most immune cells (Fig. 4d).
Immune responses to primary and secondary tumor sites
rely on the different types of immune cells that infiltrate into
the tumor microenvironment. The infiltration of different
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HSD17B6 with immunostimulators in HCC. ¢ Spearman’s correlation
of HSD17B6 with chemokines in HCC. d Spearman’s correlation of
HSD17B6 with receptors

types of immune cells is closely regulated by the various
chemokines, which modulate tumor immunity and the bio-
logical phenotype of the tumors, and also influence tumor
progression, therapy, and prognosis [41]. This study also
shows that HSD17B6 expression correlated with the infil-
tration status of immune cells in HCC. In HCC, there was
a strong negative correlation between HSD17B6 expres-
sion with infiltration of B cells, CD4 + and CD8 + T cells,
macrophages, neutrophils, and DCs. This suggests that
HSD17B6 plays a major role in regulating tumor immu-
nity, and therefore influences HCC prognosis. Moreover,
expression of exhausted T cells markers, PDCD1 (PD-1)
and CTLA-4, which are critical inhibitory immune check-
point proteins negatively correlates with HSD17B6 expres-
sion. Most cancers, including HCC, overexpress inhibi-
tory ligands to evade immune response by dampening T
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cell function, thus contributing to cancer progression [42].
The expression of inhibitory immune checkpoint proteins
is altered in the tumor microenvironment [43]. HSD17B6
may bind to chemokine receptors, such as CCR5 and CCR6
(Fig. 5), and regulate activation and migration of different
leukocytes by mobilizing Ca2 +influx [44, 45]. Altered
Ca2 +flux in the T cell subsets promotes cytokine produc-
tion and down-regulates CTLA-4 and PD-1 expression [46].
We postulate that low HSD17B6 expression in the tumor
microenvironment diminishes the Ca2 + influx and upregu-
lates the expression of inhibitory immune checkpoint pro-
teins, PD-1 and CTLA-4 on the exhausted T cells. These
mechanistic changes can alter antitumor function of T cells
and result in the poorer prognosis of HCC. However, this
hypothesis needs to be further investigated. Taken together,
our findings indicate that HSD17B6 plays an important role
in regulating tumor-infiltration of immune cells in HCC.
Besides, the latest research showed the dual anti-PD-1/
VEGFR-2 therapy has a durable vessel fortification effect in
HCC and can overcome treatment resistance to either treat-
ment alone and increase overall survival in both anti-PD-1
therapy-resistant and anti-PD-1 therapy-responsive HCC
models [47]. Here, we found that HSD17B6 was highly
correlated with both PDCD1 (PD-1) and KDR (VEGFR?2).
Therefore, we reasoned that if HSD17B6 expression was
induced in tumors, it might further enhance the therapeu-
tic effect of HCC. In short, HSD17B6, which is associated
with these immune molecules, may provide a new target for
studying the immune evasion of HCC cells and can poten-
tially serve as an immunotherapeutic target for liver cancer.
Our study has a few limitations. Firstly, our investigations
into the role of HSD17B6 in tumors were based on data that
were already reported in the ONCOMINE, Kaplan—Meier
plotter, GEPIA, and TIMER databases. However, we did not
verify these outcomes by testing our own clinical samples.
Secondly, we did not conduct in vitro and animal experiments
to confirm the role of HSD17B6 in the growth and progression
of HCC, and its relationship with the infiltration of immune
cells into the tumor microenvironment. Hence, further studies
are needed to verify the role played by HSD17B6 in HCC.

Conclusions

In summary, our results suggest that HSD17B6 is an inde-
pendent potential prognostic biomarker for HCC that can
be used to evaluate the levels of immune cell infiltration in
the tumor tissues. SCNA may cause the down-regulation of
HSD17B6 expression. Relatively low levels of HSD17B6 in
HCC tissues may indicate greater risk of tumor relapse after
treatment, and close medical supervision will be necessary
for such patients.
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