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Background: Hepatocellular carcinoma (HCC) is a malignant disease with a poor prognosis. Among
the treatment strategies for HCC, tumor immunotherapy (TIT) is a promising research hotspot, in which
identifying novel immune-related biomarkers and selecting suitable patient population are urgent issues to
be solved.

Methods: In this study, an abnormal expression map of HCC cell genes was constructed using public
high-throughput data from 7,384 samples (3,941 HCC vs. 3,443 non-HCC tissues). Through single-
cell RNA sequencing (scRNA-seq) cell trajectory analysis, the genes defined as potential drivers of HCC
cell differentiation and development were selected. By screening for both immune-related genes and
those associated with high differentiation potential in HCC cell development, a series of target genes
were identified. Coexpression analysis was performed using Multiscale Embedded Gene Co-expression
Network Analysis (MEGENA) to find the specific candidate genes involved in similar biological processes.
Subsequently, nonnegative matrix factorization (NMF) was conducted to select patients suitable for HCC
immunotherapy based on the coexpression network of candidate genes.

Results: HSP90AA1, CDK4, HSPAS, HSPH1, and HSPAS were identified as promising biomarkers for
prognosis prediction and immunotherapy of HCC. Through the use of our molecular classification system,
which was based on a function module containing 5 candidate genes, patients with specific characteristics
were found to be suitable candidates for TIT.

Conclusions: These findings provide new insights into the selection of candidate biomarkers and patient
populations for future HCC immunotherapy.
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Introduction and have a poor prognosis. The 5-year overall survival
(OS) rate of HCC is only 10-18% (2). The main treatment

Hepatocellular carcinoma (HCC) is the third leading cause
methods for HCC include surgical resection, liver

of cancer-related death and results in more than 500,000
deaths worldwide each year (1). Most patients with HCC transplantation, transcatheter arterial chemoembolization,
are at the advanced stage of the disease when diagnosed; and radiofrequency ablation, which can be supplemented
thus, they do not have the opportunity to undergo surgery by systemic chemotherapy and targeted drug therapy (3-6).
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However, alternative treatment methods for patients with
unresectable middle and advanced HCC are limited, and
new treatment strategies are urgently needed (7-9).

In recent years, extensive clinical trials have been
conducted to assess the potential of tumor immunotherapy
(TTT), and promising preliminary results have been reported
(10,11). This has led to the investigation of TIT as a
treatment for advanced HCC becoming a research hotspot.
The aim of TIT is to activate the immune system of an
organism to kill tumor cells (12,13). Several immunotherapy
strategies exist for HCC, such as immune checkpoint
inhibitors (ICIs), adoptive cell therapy, tumor vaccines, and
cytokine therapy, among which ICIs [anti-programmed
cell death protein 1 (PD1), anti-programmed death-ligand
1 (PDL1), and anti-cytotoxic T-lymphocyte-associated
(CTLA4) antibodies] have been proven to be an effective
and successful TTT method (14,15). With the development
of TIT, great progress has been made in the treatment
and prognosis of patients with HCC (16,17). However,
due to the problems of drug resistance, side effects,
uncertain efficacy, and patient heterogeneity in TIT (18),
the identification of novel immune-related biomarkers and
the selection of a suitable patient population are urgent
issues to be solved in HCC immunotherapy.

Therefore, the purpose of this study was to identify
new immune-related genes for the therapy and prognosis
prediction of HCC and clusters of patients with HCC

Highlight box

Key findings

® HSP90AAI, CDK4, HSPAS, HSPHI, and HSPAS were identified as
promising biomarkers for prognosis prediction and immunotherapy
of HCC. Based on the coexpression module containing these
5 genes, patients with specific characteristics were selected as

suitable candidates for tumor immunotherapy.

What is known, and what is new?

¢ Tumor immunotherapy is an emerging hotspot for the treatment
of HCC; however, this approach has a few issues, including the
lack of immune-related biomarkers and the difficulty in selecting a
patient population suitable for immunotherapy.

* This study identified 5 immune-related biomarkers and classified
patients with HCC into 3 groups, each with unique clinical,
mutational, immunological, and biological process characteristics.

What is the implication, and what should change now?

® Our study provides new target genes and an appropriate patient
population for HCC immunotherapy. Further experimental and
clinical validations of these findings are needed.
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at the molecular level, which will enable the selection of
appropriate patients for TIT. First, we identified genes
that were overexpressed in HCC tissue and confirmed
the results using global high-throughput datasets that
included 7,384 samples (3,941 HCC vs. 3,443 non-HCC
tissues) from 84 central datasets, as well as 39 platforms.
Next, genes associated with immune response pathways
and expressed by a HCC subpopulation with the most
differentiation potential were identified. Finally, we defined
5 genes responsible for poor prognosis and strong immune
infiltration in patients with HCC as potential immune-
related prognostic biomarkers. Based on the coexpression
module of these 5 genes in HCC tissue samples, we defined
3 clusters of patients with HCC. Each cluster contained
different clinical, mutation, immune, and biological process
characteristics. Thus, our findings provide a theoretical basis
for the identification of immune-related genes with strong
prognostic value and the selection of appropriate patients
for TIT. We present this article in accordance with the
Reporting Recommendations for Tumor Marker Prognostic
Studies (REMARK ) reporting checklist (available at https://
tcr.amegroups.com/article/view/10.21037/ter-22-2304/rc).

Methods

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The graphical
abstract of our study is shown in Figure 1.

Evaluation of significantly upregulated genes in HCC
tissues associated with immune response pathways among
global bigh-throughput datasets

First, genes significantly upregulated in HCC tissues
were collected via integrated analysis. The key term
“hepatocellular carcinoma” was used for data retrieval in
the public databases of The Cancer Genome Atlas (TCGA;
https://www.cancer. gov/tcga), Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/), ArrayExpress
(https://www.ebi.ac.uk/arrayexpress/), Sequence Read
Archive (SRA; https://trace.ncbi.nlm.nih.gov/Traces/
sra/), Oncomine (https://www.oncomine.org/resource/
login.html), the Cancer Cell Line Encyclopedia (CCLE;
https://sites.broadinstitute.org/ccle), the International
Cancer Genome Consortium (ICGC; https://dcc.icge.
org/), Genomic Expression Archive (GEA; https://www.
ddbj.nig.ac.jp/gea/index-e.html), and PubMed. The
inclusion criteria were as follows: messenger RNA (mRNA)
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Identification of immune-related genes with strong prognostic
value and the selection of appropriate HCC patients for TIT
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Figure 1 Graphic summary of this study. ****, P<0.0001. HCC, hepatocellular carcinoma; TIT, tumor immunotherapy; scRNA-seq, single-

cell RNA sequencing; SMD, standardized mean difference; CNV, copy number variation; MHC, major histocompatibility complex; APC,

antigen-presenting cell; MEGENA, Multiscale Embedded Gene Co-expression Network Analysis; NMF, nonnegative matrix factorization.

expression in HCC and adjacent tissues; Homo sapiens
tissue sample collected; no adjuvant treatment, such as
chemotherapy or radiotherapy, for patients with HCC;
and HCC parenchymal tissue but not interstitial cells or
interstitial tissue. When qualified throughput data were
obtained, the data were normalized with log,, and the
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means and standard deviations (SDs) of the genes were
calculated. The standardized mean difference (SMD) of
the high-throughput datasets was counted using Stata
14.0 (StataCorp). When obvious heterogeneity (I'>50%)
was observed, a random effects model was selected.
After exclusion of heterogeneous sources, the analysis

Transl Cancer Res 2023;12(5):1210-1231 | https://dx.doi.org/10.21037/tcr-22-2304



Translational Cancer Research, Vol 12, No 5 May 2023

was integrated, and Begg test was conducted to detect
publication bias. The discrimination ability of genes for
HCC was determined by calculating the sensitivity and
specificity and using a summarized receiver operating
characteristic curve (SROC). Furthermore, true positive
(TP), false positive (FP), false negative (FN), and true
negative (TN) were assigned to summarize the diagnostic
analysis results and calculate sensitivity, specificity, negative
likelihood ratio (NLR), and positive likelihood ratio (PLR).
P values <0.05 were considered statistically significant.

Antigen presentation depends on the following factors:
the mutant sequence can be translated into protein,
the mutant protein can be processed into peptides and
recognized by antigen-presenting cells (APCs), the mutant
peptides have high affinity with the major histocompatibility
complex (MHC) molecules of patients, and the mutant
peptide-MHC complex can be identified with T-cell
receptors. Therefore, the genes of the following 13 gene
sets were extracted from the molecular signatures database
(MSIGDB; https://www.gsea-msigdb.org/gsea/msigdb),
which corresponded to the screening conditions for the
candidate genes: antigen processing and presentation, T-cell
receptor signaling pathway, peptide antigen assembly with
MHC class II protein complex, peptide antigen assembly
with MHC protein complex, positive regulation of MHC
class I biosynthetic process, positive regulation of MHC
class II biosynthetic process, MHC class I peptide loading
complex, MHC class I protein complex, MHC class 11
protein complex, MHC protein complex, MHC class I
receptor activity, MHC class IB receptor activity, and MHC
class II receptor activity.

Use of single-cell RNA sequencing analysis to identify
significant differentiation-driving genes in HCC cells

Recent studies have shown that the cell state changes during
differentiation, producing cell types with stable phenotypes
and immature bodies that change between phenotypes.
This series of changes is mainly controlled by the gene
expression in the cells (19,20). Similarly, during tumor
cell development, the accumulation of early mutations
leads to the production of carcinogenic metabolites, which
increases intracellular genetic instability and genomic
hypermethylation and eventually induces a malignant
phenotype (21). Additionally, high differentiation potential
is one of the characteristics of cancer stem cells (CSCs),
and many studies have shown that the presence of CSCs in
tumor tissues is closely related to poor prognosis (22,23).
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Therefore, specific differentiation-driving molecules active
in the early stage of HCC cell development were explored
via single-cell RNA sequencing (scRNA-seq) analysis.

The GSE112271 (24) dataset of the GEO contains
7 regions extracted from tumor tissues of 2 patients with
HCC (quality control threshold: minimum cells =3,
minimum features =200, percentage of mitochondrial
genes <10%). The canonical correlation analysis (CCA)
function in the “Seurat” package in R software (The R
Foundation for Statistical Computing) was employed to
correct the batch effect. Then, 2,000 genes with a large
coefficient of variation between different cells were selected
for follow-up analysis. The subpopulations of cells were
obtained via linear dimensionality reduction principal
component analysis (PCA) and t-distribution stochastic
neighbor embedding (t-SNE) clustering. By taking the gene
expression matrix as the input, copy number karyotype of
tumors (CopyKAT) (25) was used to calculate the genomic
copy number distribution of single cells through combining
the Bayesian method and hierarchical clustering and to
classify tumor and normal cells according to the aneuploid
copy number. Monocle (26) package in R software was
then applied to construct a cell development trajectory,
and independent component analysis (ICA) was used to
project all cells in low-dimensional space. Next, a minimum
spanning tree (MST) was constructed to connect the main
cell points and form a 1-dimensional ranking of all cells.
This dimension, called pseudotime, was used to represent
the predicted lineage trajectory of sample cells. Since
the pseudotime of the cells in Monocle does not include
sequencing, Cellular Trajectory Reconstruction Analysis
using gene Counts and Expression (CytoTRACE) (27)
package in R software was applied to determine which cells
had the most differentiation potential. This provided a
starting point for MST by regarding the number of genes
expressed per cell as a determinant of their developmental
potential.

Construction of functional gene modules of HCC based
on Multiscale Embedded Gene Co-expression Network
Analysis

Gene coexpression networks can be used to effectively
identify functional gene modules, and Multiscale Embedded
Gene Co-expression Network Analysis (MEGENA) (28)
adopts the network embedding paradigm in the field of
topology. MEGENA comprises the following main steps:
construction of a planar filter network, multiscale cluster
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analysis through the compactness of the network structure,
calculation of subcluster compactness, and identification of
hub genes in subclusters. Notably, the hub gene is defined
as the node with the highest degree in the subcluster.

Verification of candidate gene expression in HCC cells at
the protein level

From the Human Protein Atlas (HPA) database (29) (https://
www.proteinatlas.org/), protein expression data for HCC
and non-HCC cells were obtained. The expression levels
were then evaluated according to the intensity and density
of immunohistochemical (IHC) staining. The intensity
and density scores were multiplied to obtain an aggregate
IHC staining value, and the result was placed on a protein
expression scale of 0 to 9 points.

Classification of patient clusters based on the “c1_12”
module genes and definition of corresponding clinical
features

In recent years, nonnegative matrix factorization (NMF)
has been widely used in gene expression data clustering,
regulation pattern and function module recognition, and
other areas (30). NMF is a valuable tool because it can
recognize the local features of data to a certain extent and
quantitatively describe, partially or wholly, the potential
nonlinear combination relationship (31). In this study,
the molecular cluster model was constructed using the
NMF software package in R software (k =2-10), and the
model with fine clustering stability was selected according
to the clustering effect. Simultaneously, we collected the
clinical data from TCGA-HCC samples, including the
tumor region, TNM stage, and pathological grade. The
v’ test was conducted to evaluate the difference in clinical
characteristics between the clusters. The log-rank test was
then performed using OS to determine whether there were
significant differences in prognosis. P values <0.05 were
considered statistically significant.

As TIT research has progressed, tumor mutation burden
(TMB) has emerged as a new biomarker. TMB is defined
as the total number of somatic gene coding errors (i.e.,
base substitution, gene insertion, or gene deletion errors)
detected per million bases (32). In this study, the whole-
exon somatic mutation data of TCGA was in mutation
annotation format (MAF). The somatic mutation data were
processed using Mutect2 from GATK4 software and was
selected to calculate the TMB and determine whether there

© Translational Cancer Research. All rights reserved.

were significant differences in the TMB of different clusters.
The abnormal expression of immune checkpoint (ICP)
molecules is a tumor immune escape mechanism, and several
ICP pathways have been found to be related to tumor
immune escape (33). Therefore, TMB and the expression
distribution of ICP molecules in the clusters were evaluated
via analysis of variance (ANOVA). The ICP molecules
included tumor necrosis factor receptor superfamily member
14 (INFRSF14), neuropilin 1 (NRP1), lymphocyte-
activating 3 (LAG3), cytotoxic T-lymphocyte—associated
protein 4 (CTLA4), programmed cell death 1 (PDCDI),
CD276 molecule (CD276), programmed cell death 1 ligand
2 (PDCD1LG2), indoleamine 2,3-dioxygenase 1 (IDOL1),
V-set domain—containing T-cell activation inhibitor 1
(VTCN1), indoleamine 2,3-dioxygenase 2 (IDO2), TNF
superfamily member 9 (TNFSF9), T-cell immunoreceptor
with immunoglobin and I'TIM domains (TIGIT), CD274
molecule (CD274), TNF receptor superfamily member 9
(TNFRSF9), and CD40 molecule (CD40).

Analysis of the mutation characteristics of the patient
clusters based on mutation signature and copy number

variation (CNV) level

Driver mutations are causally involved in cancer formation,
which gives cancer cells a growth advantage (34). The
mutation characteristics of HCC were analyzed to explore
its possible etiology and mechanism. The mutation signature
analysis was completed using the “MutationalPatterns”
package in R (35). Bayesian NMF analysis was performed
to examine the mutation categories and process in greater
detail. In the TCGA-LIHC cohort, the mutations were
stratified according to 96 trinucleotide backgrounds.
Bayesian NMF automatically deletes irrelevant components
that are not conducive to explaining the observed mutations
and effectively determines the appropriate number of
signatures and their sample-specific contributions.

CNV is an important source of genetic variation (36) and
involves the repetition of DNA fragments greater than 1 kb.
The number of fragments and type of variation (deletion,
duplication, inversion, and translocation) can differ between
individuals, which greatly enriches genetic diversity (37).
The genomic copy information of the TCGA-LIHC
samples was downloaded. The whole-genome copy
information of the tumor tissue samples was analyzed
using GISTIC 2.0 software on GenePattern (https://cloud.
genepattern.org/gp/pages/login.jsf). The reference genome
was Human_Hg38. UCSC.add_miR.160920.refgene.
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mat. ANOVA analysis was conducted to calculate the
amplification and deletion frequency differences between
the clusters.

Identification of immune infiltration and envichment
analysis of the patient clusters

Immune cells play various roles in tumorigenesis, and
both the composition and characteristics of the immune
cell population differ in different tumors. Therefore, in
studying tumor mechanisms, quantitative examination
of different types of immune cells is necessary. Tumor
immune estimation resource (TIMER; https://cistrome.
shinyapps.io/timer/) is an online database resource for
analyzing immune cell infiltration in various cancers. The
deconvolution method was used to estimate the degree of
infiltration of immune cells into tumor tissues from the
gene expression profiles and to analyze the correlation
between different clusters and the infiltration of immune
cells (B cells, CD8" T lymphocytes, CD4" 'T' lymphocytes,
macrophages, neutrophils, and dendritic cells). The “c2.
cp.kegg.v7.5.1.symbols.gmt” gene set from the MSIGDB
was downloaded as the reference gene set. Gene set
variation analysis (GSVA) was performed on the clusters
using the GSVA package in R software. ANOVA was
conducted to evaluate the variable distribution difference
between the clusters.

Statistical analysis

For data analysis and plotting, Stata 14.0, R software, and
GraphPad Prism 8.0 (GraphPad Software Inc.) were used. A
P value less than 0.05 was considered statistically significant.

Results

Identification of immune-related genes with strong
prognostic value

Definition of 68 genes upregulated in HCC tissue that
were associated with immune response

To confirm the gene expression pattern in HCC tissues, we
collected high-throughput datasets based on 7,384 samples
(3,941 HCC vs. 3,443 non-HCC tissues), 84 central datasets,
and 39 platforms. A P value <0.05 indicated significant
heterogeneity in the included datasets, and a random effects
model was selected for the analysis (Figures S1-S5). A total
of 8,676 genes with SMD greater than 0 were obtained.
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Simultaneously, we also obtained 225 genes related to
13 immune-related pathways from the MSIGDB database.
According to their intersection, 68 candidate genes were then
obtained.

Estimation of cell clusters as the initial step in HCC
cell differentiation

After identifying the genes that were highly expressed in
HCC tissues, we evaluated the expression of these genes in
HCC cells with high differentiation potential. Via t-SNE,
7 integrated samples of GSE112271 were distinguished
into 16 different clusters using an unsupervised clustering
method (Figure 24). In the CopyKAT prediction results,
aneuploidy represents tumor cells with aneuploidy variation,
and diploid represents normal cells. The identification
results were mapped using t-SNE (Figure 2B). In the
CNV heatmap, shown in Figure 2C, each row represents
a cell, each column represents a chromosome position,
and the color represents the degree of change in the copy
number. To understand the differences in the degree of
differentiation between malignant cells with high CNV, we
constructed a pseudotime trajectory of cell differentiation
based on cell regrouping (Figure 2D,2E). Afterward, genes
that were differentially expressed among the malignant cells
were taken as the reference gene set. Ultimately, a pseudo-
temporal algorithm was employed to predict the dynamic
development trajectory of malignant cells, and 4 time
points of cell differentiation were defined (Figure 2E2G).
Then, the differential GeneTest function in Monocle
was used to determine the best 2 clusters based on the
significant driver genes (Figure 3A4). More importantly, the
CytoTRACE score was calculated to predict the trajectory
relationship between 15 clusters of HCC cells, and cluster
9 was estimated to have the highest differentiation potential
(Figure 3B-3E). Moreover, significantly differentially
expressed genes in cluster 9 were found to be enriched
in pathways that included the 2019 coronavirus disease
(COVID-19), ribosome, and complement and coagulation
cascades (Figure 3F). Finally, 13 genes [human leukocyte
antigen, class I, A (HLA-A), TAP binding protein (Z4PBP),
cell division cycle 42 (CDC42), heat shock protein family
A (HSP70) member 1A (HSPA1A4), HSP70 member 8
(HSPAS), HSP70 member 1B (HSPA1B), NFKB inhibitor
epsilon (NFKBIE), HSP70 member 5 (HSPA5), HSP110
member 1 (HSPHI), HSP90 alpha family class A member
1 (HSP90AAI), Ras homolog family member A (RHOA),
cyclinOdependent kinase 4 (CDK4), and HSP90A family
class B member 1 (HSP90ABI)] were screened to meet the

Transi Cancer Res 2023;12(5):1210-1231 | https://dx.doi.org/10.21037/tcr-22-2304


https://cistrome.shinyapps.io/timer/
https://cistrome.shinyapps.io/timer/
https://cdn.amegroups.cn/static/public/TCR-22-2304-Supplementary.pdf

1216

Chen et al. Five biomarkers and patient selection for HCC immunotherapy

) [ ]|
A Cluster -; C Loss Gain CHR:1-23
N L]
o5 I N NN N
30 °4 i = : :
e 5 £
~ £ . 675 :
04 E
- o8 i
2] ’ 9 =
. k3
-30 ° :]‘(1) :[%7 =
° 12 5 =
° 13 Aneuploid- S
T T T T ° 14 P 5 = 55
50 25 0 25 °15 - . £
tSNE_1 @ Aneuploid = =z
B Diploid E
30 | g
C\I‘ 3 -
Y o = =
2] o 2 T s =
Diploid+
-30 P
T T T T
-50 -25 O 25 -
tSNE_1
D * Up highly o
» Down highly co74 ¥ IGFBP7
C10A
05 « Up lowly %
7« Down lowly
O HSPA6 TMgB10
% 2 o PTGR1
5
° 0.0
I S
5 TMSETS,
z 25 4 ¢ cyp2et® GST .
NEAT1,
5.0 - ® MALAT1
E F
e 0 e 3 e 6 e 9 o 12 2
€ .
Seuratclusters © 1 o 4 o 7 o 10 o 13 g 0
Q o
o 2 ¢ 5 o 8 o 11 o 14 € o
3-2
_4 T T
-5 0
Component 1
Pseudotime
G 0.0 2.5 5.0 7.510.012.5
~ 24
€ o
2
o 0
Q
€
5 .
O 24
-50 - T T T T =4 T T
-50 -25 0 25 -5 0
tSNE_1 Component 1

Figure 2 scRNA-seq analysis screening various HCC cell clusters. (A) Sixteen cluster cell types in HCC tissues were identified via
t-SNE distribution. (B) CopyKAT" evaluation was conducted to distinguish aneuploid and diploid cells. (C) CNV heatmap of HCC tissue
representing the CNV level of each cell. (D) Differential expression analysis was conducted on HCC cells to obtain abnormally expressed
genes. Clusters 1-15 are shown in order from left to right. (E) HCC cells were extracted, and dimensionality was reduced via t-SNE. (F)
A 2-dimensional cell trajectory was mapped to 15 HCC clusters and the pseudotime index (G). t-SNE, t-distribution stochastic neighbor
embedding; HCC, hepatocellular carcinoma; CNV, copy number variation; CHR, chromosome; scRNA-seq, single-cell RNA sequencing;

CopyKAT, copy number karyotype of tumors.

© Translational Cancer Research. All rights reserved.

Transl Cancer Res 2023;12(5):1210-1231 | https://dx.doi.org/10.21037/tcr-22-2304



Translational Cancer Research, Vol 12, No 5 May 2023

-
o
|

o
e}
1

o
o
1

o
~
I

o
N
1

o
o

1217

Predicted differentiation potential

© Translational Cancer Research. All rights reserved.

il HULC 3 Cluster
1 APOA2 1 B Phenotype
AHSG 2
APOC3 2
ALB
TTR
ANGPTL3 1
GSTA2
APOM =h 20
GSTA1
DCXR
R APCS N
FGB - =
FGG 2
HP o 0 -
SERPINGT [l 2 g
CFHR2 5
FABP1
CYP2E1 -3 ©
APOA1
RBP4 -20
APOE
 sAA4
APOH
EPHX1
AMBP
T T
-20 0 20
Component 1
C
RPL8
RPL7
RPS2
RPLP1
RPS18
RPL19
RPS14
RPS20 -
° RPL30
c RPL10A
& PBX4
RP3-468B3.2 -
IL2RA
TNK2-AS1
'I-r -
AC004862.6
GNMT
GSTA2
GSTA1
CFHR2 ]
L T T T T
-0.1 0.1 0.3 0.5 0.7
Correlation with cytoTRACE
cytoTRACE
D
Predicted 201
redictes
order 4N_.
1.0 (Less diff) G
0.8 =
06 g 0
0.4 g
0.2 o
0.0 (More diff.) —204
o
5 .
o T T T
-20 0 20
Component 1
5 I
L1
=it IR
% 3
oy
3 . i
T T T T T T T T
6 14 13 2 10 5 7 0
Cluster

Transi Cancer Res 2023;12(5):1210-1231 | https://dx.doi.org/10.21037/tcr-22-2304



1218

LogFC [ = |
-2 3

cascades

I PPAR signaling pathway

M Ribosome

Complement and coagulation

Chen et al. Five biomarkers and patient selection for HCC immunotherapy

[l Coronavirus disease-COVID-19 [l Chemical carcinogenesis-DNA adducts

M Drug metabolism-cytochrome P450

Il Drug metabolism-other enzymes [l Metabolism of xenobiotics by cytochrome P450

B Fluid shear stress and atherosclerosis

M Chemical carcinogenesis-reactive oxygen species

Figure 3 Trajectory and differentiation analysis of HCC cells. (A) The expression pattern of genes defined as potential driving genes

of pseudotime and cluster =2 (red and cyan) had the best clustering effect parameter. (B) The CytoTRACE scores of the 15 clusters of

HCC cells were distributed in t-SNE. (C) Twenty genes were defined as the factors that most correlated with the CytoTRACE scores.

The abscissa represents the correlation coefficient. (D) Predicted differentiation potential was evaluated in 15 clusters of HCC cells. (E)

Cluster 9 cells were estimated as the part with the highest differentiation potential. (F) Pathway enrichment of the differentially expressed

genes in cluster 9 of the HCC cells. CytoTRACE, Cellular Trajectory Reconstruction Analysis using gene Counts and Expression; HCC,

hepatocellular carcinoma; t-SNE, t-distribution stochastic neighbor embedding.

following 4 conditions: upregulated in HCC cells with high
CNV accumulation, a driving factor of early differentiation
of HCC cells, related to the activation of APC function, and
a high affinity for T-cell receptor or MHC molecules.

Identification of 5 genes as hub genes

The coexpression analysis was then conducted with
MEGENA. Among the 13 genes, 5 (HSP90AA1, CDK4,
HSPAS, HSPH1, and HSPAS) were specifically clustered
in the “c1_12” module (Figure 44), suggesting that
these genes are involved in similar biological processes.
Further analysis confirmed that the 5 genes were specific
differentiation driving molecules that are active in the
early stage of HCC (Figure 4B), and the HCC samples
were clustered into 3 groups based on the expression
of these genes (Figure 4C). Indexing of the specificity,
sensitivity, sSROC, and likelihood ratio indicated that
HCC tissues could be discriminated based on these genes
(Figure 5, Figures S6-S10). More importantly, the immune
infiltration and survival analysis results suggested that
these 5 genes were associated with the level of immune
cells and the prognosis of HCC (Figure S11).

Verification of the upregulation of the proteins encoded
by the 5 candidate genes in HCC

After determining the transcription levels of the candidate
genes, we evaluated the associated protein levels. IHC

© Translational Cancer Research. All rights reserved.

staining was conducted to detect the protein expression
associated with the 5 candidate genes in HCC tissue and
hepatocyte samples. Representative IHC staining images
are shown in Figure 6. The results showed that proteins
encoded by these 5 genes were upregulated in HCC cells.
However, due to the small sample size, the differential
expression was not statistically tested and must be verified
in subsequent experiments.

Overall, multiple levels of evidence confirmed that the
genes encoding HSP90AA1, CDK4, HSPA8, HSPH1, and
HSPAS are promising biomarkers both in the prognosis
prediction and immunotherapy of HCC.

Clinical features of patients classified in cluster 2

Based on the above findings, the “cl1_12” module, which
contains 333 genes, was regarded as a function network
related to HCC immune response and prognosis. TCGA-
LIHC samples were then classified according to the
expression of the 333 genes, and clustering stability was
comprehensively determined, with £ =3 presenting the best
effect (Figure 4C; Figure S12). The HCC samples were
divided into 3 clusters, and y’ testing showed that there were
significant differences in the distribution of tumor region,
stage, and pathological grade (Figure 7A-7D). The log-rank
test showed that the prognoses associated with the 3 clusters
were significantly different (P<0.0001; Figure 7E). Although
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Figure 5 The sROC curves and likelihood ratios of candidate genes in HCC samples of global high-throughput datasets. (A) CDK4. (B)
HSP90AAI. (C) HSPAS. (D) HSPAS. (E) HSPHI. sROC, summarized receiver operating characteristic; SENS, sensibility; SPEC, specificity;
AUQG, area under the curve; LR, likelihood ratio; HCC, hepatocellular carcinoma.

no significant difference in TMB was found among the
3 clusters (Figure 7F), the abnormal upregulation of 15
ICP genes (TNFRSF14, NRP1, LAG3, CTLA4, PDCDI,
CD276, PDCDILG2, IDOI1, VTCNI, IDO2, TNFSFY,
TIGIT, CD274, TNFRSF9, CD40) in patients in cluster 2
(Figure 7@) suggested that immune escape was the cause of
the poor prognosis for patients in cluster 2.

Mutation characteristics of the 3 clusters of patients with
HCC

We then attempted to define the mutation differences
between the 3 clusters. Bayesian NMF was used to identify
the mutation characteristics of samples from 91 patients
derived from TCGA-LIHC. Three mutation patterns were
detected in the HCC cell genomes (Figure 84,8B). Two
of the patterns matched DNA damage patterns, namely
adenine damage and guanine damage. The third mutation
feature was T' > C substitutions. Cluster 2 was found to be
characterized by a higher proportion of adenine damage
and a lower proportion of T > C substitutions (Figure 8C).
In Figure 8D, the y-axis indicates 3 values: the number
of mutations of each type in each specific sequence, the
total number of mutations associated with the 3 mutation
characteristics in each Euro-American patient with HCC,
and the relative proportion of mutation types. Whole-
genome CNV analysis of TCGA-LIHC tumor tissue
samples was performed using GISTIC 2.0 software. The
results showed that the amplification frequency in multiple
regions of cluster 2 samples was the highest of all clusters,
especially in regions 10p/q, 12p/q, and 17p/q (Figure SE).

However, there were no obvious differential characteristics
in the focal somatic copy number alteration (SCNA) level of
cluster 2 samples (Figure 8F). The mutation characteristics
of the clusters suggested that different clusters of patients
with HCC had different degrees of immunogenicity.

Immune infiltration and molecular mechanism
characteristics of cluster 2 patients

The 3 clusters of patients were also found to have significant
differences in immune infiltration and biological pathway
activity. We used the TIMER algorithm to calculate the
fraction of infiltrating immune cells. The results showed
that cluster 2 samples had a higher expression of CD8" T
cells, CD4" T cells, and macrophages than did samples
in the other 2 clusters, and the difference was statistically
significant (P<0.05; Figure 94-9D). In addition, the pathway
phenotypes of the 3 clusters were quantified based on
GSVA, and it was found that the main characteristics of
cluster 2 were highly active cell cycle, spliceosome, and
ribosome pathways, and low primary bile acid biosynthesis
(Figure 9E, 9G).

Discussion

In this study, we constructed an abnormal expression map
of HCC cell genes using data from 7,384 samples (3,941
HCC vs. 3,443 non-HCC tissues), 84 central datasets, and
39 platforms. By screening for both immune-related genes
and those associated with high differentiation potential
in HCC cell development, we identified a series of target
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Figure 6 THC staining of 5 candidate genes in HCC and non-HCC cells in the HPA. IHC, immunohistochemistry; HCC, hepatocellular

carcinoma; HPA, Human Protein Atlas.

genes, among which HSP90AAI, CDK4, HSPAS, HSPH1,
and HSPAS were promising biomarkers for HCC prognosis
prediction and immunotherapy. Therefore, these genes
may play a key role in the development and progression of
HCC. Our research approach has the following advantages.
First, our selection strategy was based on gene expression in
HCC tissues and combined evidence-based concepts with
scRINA-seq analysis of HCC cells, which strengthened the
expression pattern specificity of the candidate genes in HCC
cells. Second, through scRNA-seq cell trajectory analysis,
the genes we selected were potential drivers of HCC cell
differentiation and development. They were associated with
malignant phenotypes identified by prognostic analysis.

© Translational Cancer Research. All rights reserved.

Finally, our strategy considered the relationships between
hub genes and multiple immune response pathways, as well
as their correlation with typical immune cells, suggesting
that these genes may play a significant role in tumor
immune escape and immunotherapy of HCC.

Although other studies associated with mining immune-
related prognostic biomarkers have been published,
they tend to lack precision, which impacts the amount
of confidence in the techniques and results (38,39). For
example, screening differentially expressed genes through a
single dataset could cause result bias. In addition, in view of
the complexity of the immune system, the commonly used
classification methods that are based on proven immune-
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related genes may not be suitable. In contrast, we chose
to use the coexpression network module of candidate
genes as the classification feature, which fit the selection
strategy for patients with HCC potentially benefiting from
immunotherapy. Therefore, our data mining method, which
is based on multiple levels of evidence and on the biological
mechanisms of candidates, is worthy of being used for this
and other related research.

Previous studies have also supported the prospect of
incorporating our selected molecules into the biomarkers
of TIT. Four of the candidate genes belong to the HSP
family. HSP is highly expressed when cells are under
stress and plays an important role in protein transport,
folding, and dissociation (40). Its immunological activities
include binding antigen peptides as molecular chaperones,
presenting them to MHC molecules through APCs, and
then inducing specific immunity (41,42). The results of
recent double-blind multicenter phase II and III clinical
trials of renal cell carcinoma and melanoma suggest that
the HSP-antigen peptide complex is safe and effective as a
TIT (43,44).

HSPH1 is a member of the HSP110 family, which has
been demonstrated to be an effective immune adjuvant and
has a strong chaperone function and polypeptide binding
ability (45,46). HSPH1 silencing has been demonstrated to
be parallel to BCL6 transcription repressor (BCL-6) and
MYC proto-oncogene (c-MYC) downregulation in 4 invasive
B-cell non-Hodgkin lymphoma (B-NHL) models (47).
Interestingly, it was also found that HSPHI physically
interacts with ¢-MYC and BCL-6 in Namalwa cells and
primary invasive B-NHL.

Similarly, HSPAS and HSPAS are members of the
HSP70 family (48). HSPAS is mainly located in the
endoplasmic reticulum (49). When the endoplasmic
reticulum is stressed, for example, due to a lack of glucose
or interference with intercellular stored calcium ions,
HSPAS expression rises sharply, which can prevent protein
misfolding, protect protein transport, and maintain cell
homeostasis (50). Other studies have shown that HSPAS
can bind to caspase 7 (CASP7), prevent CASP7-induced
apoptosis, and cause tumor cells to acquire drug resistance
through autophagy (51,52). Many studies have shown that
HSPAS is overexpressed on tumor tissues (53-55). Sirtori
et al. reported that knocking out HSPAS resulted in the
upregulation of tau, superoxide dismutase 1, and a-synuclein
protein levels (56).

HSP90 is another important member of the HSP family,
and it is a highly conserved chaperone protein in eukaryotes
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(57,58). The HSP90a protein is encoded by the HSP90AAI
gene. As a tumor promoter, HSP90 can interact with a
variety of carcinogenic proteins and participate in the
process of malignant tumor transformation (59). Current
research on prostate cancer shows that extracellular HSP90a
can be used in signal transduction to promote tumor-
associated fibroblasts to produce chronic inflammation (60).
This change in the extracellular environment of malignant
tumors can significantly promote the progression of
prostate cancer. Hence, HSP90AAI is involved in the
malignant behavior of tumor cells in both cellular stress and
nonstress responses, and the properties of HSP have been
used to develop anticancer vaccines that induce cytotoxic
reactions against tumors. However, the biological roles
that the 4 genes identified here play in HCC have not yet
been confirmed, emphasizing the groundbreaking nature
of our research and the necessity for subsequent functional
verification.

CDK4 is a key protein in the cell cycle process, and the
upregulation of CDK4 is closely related to the proliferation
of HCC cells (61,62). Concurrently, the upregulation of
CDK4 is a predictor for poor OS in patients with HCC (63).
Importantly, Chaikovsky et al. observed that CDK4/61
enhanced tumor antigen presentation through increased
type III interferon synthesis in breast cancer cell lines
treated with the CDK4/6i abemaciclib (64), which indicated
that CDK4/6i could be applied in patients with HCC with
suppressed immune systems. In brief, we are the first team
to identify these 5 genes as promising HCC biomarkers for
TIT and prognosis prediction.

Since TIT may be beneficial to specific patients
with cancer with specific transcriptome characteristics,
we divided samples from patients with HCC into 3
clusters according to the coexpression network of the
5 candidate genes to select the appropriate population
for immunotherapy. These 3 clusters showed different
molecular, cellular, and clinical characteristics. Among them,
the prognosis of the patients in cluster 2 was significantly
lower than that of patients in the other clusters, indicating
that this molecular classification could be used to predict
the prognosis of patients with HCC. Simultaneously, this
molecular classification could also be used to predict the
treatment effect of TIT. In this study, patients in cluster
2 were found to have higher amplification frequencies,
which may lead to greater reactivity to a tumor vaccine
and higher immunogenicity. It is also worth noting that
the tumor microenvironment may dominate the immune
response to immunotherapy (65). According to the tumor
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microenvironment, HCC can be divided into “immune-
hot” tumors and “immune-cold” tumors, with “immune-
hot” tumors that show a high degree of immune infiltration
being more likely to respond to ICIs (66-68). Thus, we
have described the immune cell populations present in
the different clusters. The cluster 2 samples were found
to have significantly higher quantities of CD8" T cells,
macrophages, and CD4" T cells than did samples from the
other clusters, which suggests they are a suitable population
of patients for TIT.

The current work has some limitations, the discussion
of which may provide ideas for future work. First, the
defined candidate biomarkers must be validated via
in vitro and in vivo experiments. At the in vitro level, the
malignant biological characteristics of the 5 genes in
HCC cells need to be confirmed. At the in vivo level, an
experimental HCC animal model should be developed to
assess the tumor microenvironment status and curative
effect of immunotherapy. Second, there are several types
of TTT, and all these types deserve further research and
analysis. Extensive analysis of tumor microenvironment
and classification based on multiple factors can more
comprehensively guide HCC treatment and improve the
prognosis. For example, the combination of PD-1 and a
tumor vaccine may help overcome the immunotolerant
microenvironment prevalent in HCC and boost the
immunogenicity of vaccines. Our findings show that
patients with the type of HCC classified as “cluster 2”
may benefit the most from such a treatment strategy. The
combination of ICIs and tumor vaccines could also be
investigated in an HCC animal model.

Conclusions

The genes encoding CDK4, HSP90AA1, HSPAS, HSPAS,
and HSPHI were identified as prospective biomarkers for
prognosis prediction and immunotherapy of HCC. Using
our molecular classification system, which is based on a
function module containing 5 candidate genes, patients
with the type of HCC classified as “cluster 2” might be
suitable candidates for TTT. These findings provide new
insights into the selection of candidate genes and patient
populations for future HCC immunotherapy.
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Figure S1 Integrative analysis of CDK4 expression in HCC tissues for external datasets. (A) SMD forest plot of CDK4. (B) No insignificant
publication bias of CDK4 expression was found in the included datasets. SD, standard deviation; SMD, standardized mean difference; CI,

confidence interval; HCC, hepatocellular carcinoma.
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Experimental Control Standardized Mean
Study Total Mean SD Total Mean sD Difference SMD 95%-Cl Weight
E_MTAB_4171 15 16.88 0.7364 15 16.44 0.7661 T 0.57 [-0.16; 1.30] 2.3%
E_MTAB_8887 23 12.03 0.6043 17 11.49 0.4648 = 0.97 [0.30; 1.64] 2.5%
GPL10558 523 7.58 0.4776 403 7.29 0.3425 ; 069 [0.56; 0.83] 3.6%
GPL11154 163 7.26 0.7534 140 6.83 0.6064 B 062 [0.39; 0.86] 3.5%
GPL14951 93 13.77 0.6860 18 13.82 0.8093 . -0.08 [-0.58; 0.43] 2.9%
GPL16043 25 1.651.2132 25 1.59 1.2048 —— 0.05 [-0.50; 0.60] 2.8%
GPL16791 79 857 11979 78 7.96 0.9413 - 0.56 [0.24; 0.87] 3.3%
GPL21047 10 3.48 0.0924 10 3.46 0.0515 —E— 0.23 [-0.65; 1.11] 2.0%
GPL5175 48 3.70 0.0580 48 3.64 0.0427 o 130 [0.86; 1.74] 3.0%
GPL570 844 6.45 0.2247 528 6.29 0.1588 0.79 [0.68; 0.90] 3.6%
GPL571 96 3.61 0.0429 131 3.59 0.0347 - 0.74 [0.46; 1.01] 34%
GPL6244 66 4.50 0.0716 75 4.41 0.0584 = o 137 [1.01; 1.74] 32%
GPL6480 83 3.76 0.0801 82 3.72 0.0761 - 044 [0.13; 0.75] 3.3%
GPL6947 104 2.86 0.4677 97 3.15 04115 § -0.65 [-0.93; -0.37] 3.4%
GPL9052 60 6.51 0.3038 60 6.48 0.2047 - 0.09 [-0.27; 0.45] 3.2%
GSE114783_GPL15491 10 10.06 1.0838 26 10.27 0.9099 — -0.22 [-0.95; 0.51] 2.3%
GSE115018_GPL20115 12 257 0.1507 12 2.49 0.0739 T 064 [-0.19; 1.46] 2.1%
GSE124535_GPL20795 35 8.07 0.7231 35 7.39 0.5915 e 1.01 [0.51; 1.51] 2.9%
GSE125469_GPL20301 3 8.53 0.3438 3 8.02 0.5134 — 0.92 [-0.91; 2.76] 0.8%
GSE128274_GPL18573 4 5386 0.8394 4 568 0.2101 e 0.25 [-1.14; 1.65] 1.2%
GSE14520_GPL3921 225 3.58 0.0587 220 3.50 0.0605 ‘ 140 [1.20; 1.61] 3.5%
GSE166163_GPL23126 3 8.68 0.4868 3 8.29 2.5006 —_— 0.17 [-1.44; 1.78] 1.0%
GSE20140_GPL18461 35 10.81 0.3900 34 10.36 0.3286 — 122 [0.70; 1.74] 2.9%
GSE22058_GPL6793 100 12.03 0.3720 97 11.90 0.2305 L3 042 [0.14; 0.70] 3.4%
GSE25097_GPL10687 268 3.84 0.2485 289 3.87 0.2363 -0.12 [-0.29; 0.05] 3.6%
GSE33294_GPL10999 3 7.18 0.8596 3 6.06 0.5307 —t——— 1.25 [-0.75; 3.25] 0.7%
GSE46408_GPL4133 6 14.87 0.4339 6 14.27 0.4053 s 132 [0.02; 263] 1.3%
GSE46444_GPL13369 88 13.53 0.3067 48 13.65 0.3053 s I -0.39 [-0.74; -0.03] 3.2%
GSE50579_GPL 14550 67 3.87 0.0690 10 3.82 0.0723 —=— 0.74 [0.07; 1.42] 25%
GSE54238_GPL16955 26 10.84 0.6331 30 10.11 0.4200 — 136 [0.77; 1.95] 2.7%
GSE55048_GPL9115 4 7.51 0.5743 4 6.53 0.7033 ———+—— 1.33 [-0.33; 3.00] 0.9%
GSE56545_GPL15433 21 3.86 0.0749 21 3.84 0.0574 = 0.32 [-0.29; 0.93] 2.6%
GSE57555_GPL16699 5 1.36 0.7863 5 1.08 0.3411 — T 0.42 [-0.84; 1.68] 1.4%
GSE59259_GPL18451 8 13.18 0.2010 8 12.93 0.1426 —_—— 137 [0.25; 250] 1.6%
GSE60502_GPL96 18 12.75 0.4928 18 12.08 0.2302 P —— 1.70 [0.93; 248] 22%
GSE63898_GPL13667 228 10.08 0.7614 168 10.14 0.9636 -0.07 [-0.27; 0.12] 3.5%
GSE67764_GPL17077 3 221 0.1385 6 240 01230 —F—— -1.28 [-2.87; 0.31] 1.0%
GSE76311_GPL17586 62 3.34 0.0565 59 3.28 0.0566 - 1.08 [0.70; 1.46] 3.2%
TCGA_GTEXx_liver 371 8.37 0.7124 276 8.13 0.7941 0.32 [0.17; 048] 3.6%
Random effects model 3837 3112 <> 0.57 [0.38; 0.75] 100.0%
Heterogeneity: 1% =90%, = 0.2446, p <0.01 f T T T T !
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Figure S2 Integrative analysis of HSP90AALI expression in HCC tissues for external datasets. (A) SMD forest plot of HSP90AAL. (B) No
insignificant publication bias of HSP90AAI expression was found in the included datasets. SD, standard deviation; SMD, standardized mean

difference; CI, confidence interval; HCC, hepatocellular carcinoma.
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TE

Experimental Control Standardized Mean
Study Total Mean  SD Total Mean  SD Difference SMD 95%-Cl Weight
E_MTAB_4171 15 1343 0.8562 15 13.35 0.5983 - 0.10 [-0.62; 0.82] 2.2%
E_MTAB_8887 23 512 1.1287 17 5.15 0.9850 e -0.02 [-0.65; 0.60] 2.5%
GPL10558 523 6.98 0.5153 403 7.00 0.3768 : -0.05 [-0.18; 0.08] 3.5%
GPL11154 163 6.49 0.7566 140 6.15 0.8307 : 0.43 [0.20; 0.66] 3.3%
GPL14951 93 12.70 0.5184 18 12.55 0.8572 : 0.25 [-0.25; 0.76] 2.7%
GPL16043 25 1.36 1.1361 25 1.32 1.3543 ‘ 0.03 [-0.52; 0.59] 2.6%
GPL16791 79 819 12152 78 7.63 0.9588 ‘ 051 [0.19; 0.83] 3.2%
GPL21047 10 3.52 00871 10 3.52 0.0525 - 0.01 [-0.87; 0.88] 1.9%
GPL5175 48 3.610.0556 48 3.55 0.0492 \ 122 [0.78; 1.65] 2.9%
GPL570 844 566 0.3294 528 553 0.2639 j 041 [0.30; 0.52] 3.5%
GPL571 96 3.60 0.0527 131 3.59 0.0595 0.17 [-0.10; 0.43]  3.3%
GPL6244 66 4.63 0.0725 75 4.55 0.0845 \ 1.05 [0.70; 1.41] 3.1%
GPL6480 83 3.62 0.0757 82 3.60 0.0676 : 0.25 [-0.06; 0.56] 3.2%
GPL6947 104 3.48 0.0919 97 3.45 0.0654 ‘ 0.41 [0.14; 0.69] 3.2%
GPL9052 60 6.36 0.4017 60 6.08 0.6829 0.50 [0.14; 0.86] 3.1%
GSE10143_GPL5474 80 14.65 0.2953 307 13.50 0.5678 \ 220 [1.90; 2.49] 3.2%
GSE114783_GPL15491 10 845 0.9242 26 824 0.9807 = 0.21 [-0.52; 0.94] 2.2%
GSE115018_GPL20115 12 -1.43 0.6040 12 -1.25 0.2279 e -0.38 [-1.19; 0.43]  2.0%
GSE124535_GPL20795 35 7.53 0.6506 35 6.73 0.5968 127 [0.75; 1.78] 2.7%
GSE125469_GPL20301 3 9.82 12947 3 869 0.2749 0.97 [-0.88; 2.82] 0.7%
GSE128274_GPL18573 4 10.80 0.3168 4 9.15 0.1222 ————— 599 [1.64;10.33] 02%
GSE14520_GPL3921 225 3.61 0.0660 220 3.53 0.0812 1.09 [0.89; 1.29] 3.4%
GSE166163_GPL23126 3 9.21 05785 3 8.74 2.2626 —— 0.23 [-1.39; 1.84] 0.9%
GSE20140_GPL18461 35 948 0.5774 34 9.69 0.3818 : -0.42 [-0.89; 0.06] 2.8%
GSE22058_GPL6793 100 12.57 0.2521 97 12.51 0.2590 0.25 [-0.03; 0.53] 3.2%
GSE22405_GPL10553 24 3.37 01737 24 3.24 0.2036 | 0.70 [0.12; 1.28] 2.6%
GSE25097_GPL10687 268 3.72 0.2435 289 3.69 0.1990 0.13 [-0.04; 0.29] 3.4%
GSE33294_GPL10999 3 85005214 3 6.21 0.3470 4.15 [-0.17; 8.46]  0.2%
GSE46408_GPL4133 6 12.19 0.3141 6 11.17 0.3562 —— 282 [1.04; 461] 0.8%
GSE46444_GPL13369 88 11.78 2.3580 48 11.47 2.6018 : 0.13 [-0.23; 0.48] 3.1%
GSE50579_GPL14550 67 3.60 0.1003 10 3.54 0.0860 = 0.59 [-0.08; 1.26] 2.3%
GSE54238_GPL16955 26 10.16 0.7780 30 9.58 0.6874 0.79 [0.25; 1.34] 2.6%
GSE55048_GPL9115 4 71808285 4 6.14 0.4135 1.38 [-0.30; 3.06] 0.9%
GSE56545_GPL15433 21 3.86 0.0721 21 3.86 0.0699 B 0.01 [-0.60; 0.61] 2.5%
GSE57555_GPL16699 5 01102310 5 0.08 0.0951 —— 0.19 [-1.05; 1.44] 1.3%
GSE59259_GPL18451 8 10.27 0.9964 8 10.92 0.4245 -0.81 [-1.84; 0.22] 1.6%
GSE60502_GPL96 18 12.43 0.4840 18 11.97 0.4078 - 1.01 [0.32 1.71] 23%
GSE63898_GPL13667 228 9.44 0.6644 168 9.18 0.5754 ‘ 042 [0.21; 0.62] 3.4%
GSE67764_GPL17077 3 12701993 6 1.37 0.3506 — -0.29 [-1.68; 1.11] 1.1%
GSE76311_GPL17586 62 3.52 0.0484 59 3.44 0.0568 149 [1.09; 1.90] 3.0%
TCGA_GTEx_liver 371 9.09 0.6915 276 834 1.1074 0.85 [0.68; 1.01] 3.4%
Random effects model 3941 3443 ¢ 0.51 [0.34; 0.69] 100.0%
Heterogeneity: /2 = 90%, ¢ = 0.2346, p < 0.01 f T T T 1
-10 -5 0 5 10
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Figure S3 Integrative analysis of HSPAS expression in HCC tissues for external datasets. (A) SMD forest plot of HSPAS. (B) No
insignificant publication bias of HSPAS expression was found in the included datasets. SD, standard deviation; SMD, standardized mean

difference; CI, confidence interval; HCC, hepatocellular carcinoma.
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Experimental Control Standardized Mean
Study Total Mean SD Total Mean sD Difference SMD 95%-Cl Weight
E_MTAB_4171 15 12.80 0.7445 15 12.36 0.7614 1—‘— 0.56 [-0.17; 1.29] 2.6%
E_MTAB_8887 23 3.92 0.9813 17 3.91 1.0094 = 0.01 [-0.62; 0.64] 2.8%
GPL10558 523 7.93 0.5464 403 7.65 0.5128 | 0.52 [0.39; 0.66] 3.8%
GPL11154 163 8.07 1.0906 140 7.90 0.7785 0.17 [-0.05; 0.40] 3.7%
GPL14951 93 13.12 0.2421 18 12.56 0.4846 | - 1.89 [1.33; 245] 3.0%
GPL16043 25 156 0.8114 25 1.26 0.9835 = 0.33 [-0.23; 0.88] 3.0%
GPL16791 79 9.20 1.0042 78 8.60 0.8038 0.66 [0.34; 0.98] 3.5%
GPL21047 10 4.02 0.0492 10 3.97 0.0452 i 1.07 [0.12; 2.02] 21%
GPL5175 48 3.81 0.0396 48 3.76 0.0419 : . 126 [0.82; 1.70] 3.3%
GPL6244 66 4.89 0.0338 75 4.84 0.0379 H 143 [1.06; 1.80] 3.4%
GPL6480 83 3.97 0.0583 82 3.96 0.0397 0.25 [-0.05; 0.56] 3.5%
GPL6947 104 3.14 0.4683 97 3.44 0.3994 : -0.68 [-0.96; -0.39] 3.6%
GPL9052 60 6.45 0.3628 60 6.46 0.2398 ; -0.06 [-0.42; 0.30] 3.4%
GSE114783_GPL15491 10 11.45 1.0677 26 11.66 1.0554 -y -0.19 [-0.92; 0.54] 2.6%
GSE115018_GPL20115 12 1.15 0.7101 12 1.47 0.2040 —=1: -0.60 [-1.42; 0.22] 24%
GSE124535_GPL20795 35 9.02 0.7595 35 8.25 0.5067 - 1.17 [0.66; 1.68] 3.1%
GSE125469_GPL20301 3 8.23 0.3141 3 7.96 0.3161 — 0.68 [-1.05; 2.40] 1.0%
GSE128274_GPL18573 4 9.510.5175 4 8.78 0.2250 —F 159 [-0.17; 3.36] 1.0%
GSE14520_GPL3921 225 3.57 0.0763 220 3.50 0.0954 0.79 [0.60; 0.99] 3.7%
GSE166163_GPL23126 3 9.98 0.7411 3 9.76 2.3589 — 0.10 [-1.50; 1.71] 1.1%
GSE20140_GPL18461 35 12.19 0.3037 34 11.84 0.2554 |:-°- 123 [0.71; 1.74] 3.1%
GSE22058_GPL6793 100 12.54 0.5878 97 12.45 0.4757 0.17 [-0.11; 0.45] 3.6%
GSE22405_GPL10553 24 3.28 0.2023 24 3.19 0.2047 {-'— 0.44 [-0.14; 1.01] 3.0%
GSE25097_GPL10687 268 3.25 0.3759 289 3.25 0.2927 -0.02 [-0.18; 0.15] 3.8%
GSE33294_GPL10999 3 7.66 0.2391 3 6.62 0.3463 2.80 [-0.34; 5.94] 0.4%
GSE46408_GPL4133 6 15.60 0.4797 6 14.77 0.6900 H 129 [0.00; 2.59] 1.5%
GSE46444_GPL13369 88 11.85 0.9773 48 11.90 0.8486 -0.05 [-0.41; 0.30] 3.5%
GSE50579_GPL14550 67 2.91 0.1801 10 3.00 0.2749 L E -0.48 [-1.15; 0.19] 2.7%
GSE54238_GPL16955 26 14.24 0.3738 30 13.76 0.3616 £ 3 1.29 [0.71; 1.87] 2.9%
GSE55048_GPL9115 4 8.67 0.2847 4 7.33 0.3407 ——— 371 [0.381; 6.62] 0.4%
GSE56545_GPL15433 21 38100720 21 3.86 0.0772 - -0.64 [-1.26; -0.02] 2.8%
GSE57555_GPL16699 5 -0.07 0.0562 5 -0.08 0.0150 —I'— 0.25 [-1.00; 1.50] 1.6%
GSE59259_GPL18451 8 14.17 0.2121 8 14.13 0.1057 — 0.23 [-0.75; 1.21] 2.0%
GSE63898_GPL13667 228 7.99 0.9585 168 8.44 0.7437 : -0.52 [-0.72; -0.31] 3.7%
GSE67764_GPL17077 3 -1.55 0.4840 6 -0.87 0.6999 —F -0.94 [-2.44; 0.56] 1.3%
GSE76311_GPL17586 62 3.54 0.0387 59 3.49 0.0404 1.27 [0.88; 1.66] 3.4%
TCGA_GTEX_liver 371 8.35 0.8605 276 7.97 0.7543 0.46 [0.31; 0.62] 3.8%
Random effects model 2903 2459 4 0.44 [0.24; 0.65] 100.0%

Heterogeneity: 12=90%, 7 =0.2832, p <0.01 r T T T T 1
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Figure S4 Integrative analysis of HSPAS expression in HCC tissues for external datasets. (A) SMD forest plot of HSPA8. (B) No
insignificant publication bias of HSPAS expression was found in the included datasets. SD, standard deviation; SMD, standardized mean

difference; CI, confidence interval; HCC, hepatocellular carcinoma.

© Translational Cancer Research. All rights reserved. https://dx.doi.org/10.21037/tcr-22-2304



Experimental Control Standardized Mean
Study Total Mean SD Total Mean sD Difference SMD 95%-Cl Weight
E_MTAB_4171 15 13.94 1.4046 15 13.52 1.4273 _|°_ 0.29 [-0.43;1.01] 2.2%
E_MTAB_8887 23 5.57 0.8003 17 5.58 0.7382 ™= -0.01 [-0.64;0.62] 2.4%
GPL10558 523 6.80 0.4112 403 6.37 0.2939 | 1.17 [1.03;1.31] 3.5%
GPL11154 163 3.67 0.8761 140 3.38 0.9501 0.31 [0.08;0.54] 3.4%
GPL14951 93 11.09 1.0004 18 9.79 1.4731 |—- 1.18 [0.65;1.71] 2.7%
GPL16043 25 1.33 1.1423 25 1.41 0.9677 = -0.08 [-0.63;0.48] 2.6%
GPL16791 79 5.92 1.0480 78 5.74 1.3310 . 0.14 [-0.17; 0.46] 3.2%
GPL21047 10 2.84 0.2135 10 2.87 0.1070 = -0.18 [-1.06;0.70] 1.8%
GPL5175 48 3.28 0.1002 48 3.18 0.0772 | 1.02 [0.59;1.45] 2.9%
GPL570 844 4.50 0.3233 528 4.35 0.2609 , 049 [0.38;0.60] 3.5%
GPL571 96 2.99 0.1493 131 2.95 0.1044 0.34 [0.07;0.60] 3.3%
GPL6244 66 3.92 0.1388 75 3.79 0.1208 | 1.00 [0.65;1.35] 3.1%
GPL6480 83 3.62 0.1007 82 3.58 0.0873 | 0.41 [0.10;0.72] 3.2%
GPL6947 104 3.33 0.1333 97 3.31 0.0662 0.25 [-0.03; 0.52] 3.3%
GPL9052 60 4.68 0.8895 60 4.16 0.7513 0.62 [0.26;0.99] 3.1%
GSE10143_GPL5474 80 10.89 0.5705 307 10.00 0.7348 1.27 [1.01;1.53] 3.3%
GSE114783_GPL15491 10 6.96 14586 26 7.69 1.4138 -0.50 [-1.24;0.24] 2.1%
GSE115018_GPL20115 12 0.51 0.8012 12 0.29 0.4941 = 0.32 [-0.48;1.13] 2.0%
GSE124535_GPL20795 35 4.25 0.7091 35 3.60 0.8897 | 0.79 [0.31;1.28] 2.8%

GSE125469_GPL20301 3 4.53 0.5672 3 4.64 0.1603 . -0.22 [-1.83;1.39] 0.9%
GSE128274_GPL18573 4 7.19 0.5099 4 6.55 0.5440 1.05 [-0.52;2.61] 0.9%
GSE14520_GPL3921 225 3.08 0.1232 220 2.93 0.0869 1.34 [1.14;155] 3.4%
GSE166163_GPL23126 3 6.46 1.2650 3 6.65 2.7670 -0.07 [-1.67;1.53] 0.9%

et

GSE20140_GPL18461 35 9.54 04995 34 8.86 0.2957 | = 164 [1.09;219] 2.6%
GSE22058_GPL6793 100 10.82 0.6441 97 10.63 0.5806 0.31 [0.03;0.59] 3.3%
GSE22405_GPL10553 24 295 0.1060 24 2.90 0.0505 F 0.53 [-0.05; 1.10] 2.5%
GSE25097_GPL10687 268 3.01 0.3100 289 3.01 0.3178 0.01 [-0.16; 0.17]  3.5%
GSE33294_GPL10999 3 5.00 0.9661 3 3.15 0.3827 2.02 [-0.50;4.54] 0.4%
GSE46408_GPL4133 6 12.62 0.6563 6 11.34 0.5048 2.02 [0.52;3.52] 1.0%

GSE46444_GPL13369 88 8.26 2.1404 48 8.38 2.3551

-0.05 [-0.40; 0.30] 3.1%
GSES50579_GPL14550 67 3.55 0.1035 10 3.46 0.1215 ‘

0.83 [0.16;1.51] 2.3%
1.11 [0.54;1.67] 2.6%

GSE54238_GPL16955 26 10.58 1.0224 30 9.63 0.6539 =
—— 497 [1.28;866] 0.2%

GSES55048_GPL9115 4 427 04010 4 243 0.2150

GSES56545_GPL15433 21 3.50 0.1101 21 3.46 0.0994 & 0.37 [-0.24;0.98] 2.5%
GSE57555_GPL16699 5 0.04 0.1669 5 -0.02 0.1141 —— 0.32 [-0.93;1.57]  1.2%
GSE59259_GPL18451 8 10.99 0.5178 8 10.60 0.2466 0.90 [-0.14; 1.95] 1.5%
GSE60502_GPL96 18 9.14 0.8616 18 8.52 0.6342 = 0.80 [0.12;1.48] 2.3%
GSE63898_GPL13667 228 8.67 0.8245 168 8.70 1.2142 -0.02 [-0.22;0.17]  3.4%
GSE67764_GPL17077 3 1.3502207 6 1.63 0.3300 -0.82 [-2.30;0.65] 1.0%
GSE76311_GPL17586 62 3.04 0.1087 59 2.97 0.1245 0.64 [0.27;1.00] 3.1%
TCGA_GTEXx_liver 371 4.08 06938 276 3.94 0.9731 0.17 [0.02;0.33] 3.5%
Random effects model 3941 3443 ¢ 0.54 [0.37; 0.71] 100.0%
Heterogeneity: 12 = 89%, ¢ = 0.2130, p < 0.01
-5 0 5
Funnel plot with pseudo 95% confidence limits
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Figure S5 Integrative analysis of HSPHI expression in HCC tissues for external datasets. (A) SMD forest plot of HSPH1. (B) No
insignificant publication bias of HSPHI1 expression was found in the included datasets. SD, standard deviation; SMD, standardized mean

difference; CI, confidence interval; HCC, hepatocellular carcinoma.
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Study ID : SENSITIVITY (95% Cl) Study ID : SPECIFICITY (95% Cl)
TCGA_GTEX_iver lm 0.80[0.76-0.84 TCGA_GTEx_iver al 0.82[0.77-087]
GSE76311_GPL17586 e 0.85[0.74 - 0.93 GSE76311_GPL17586 ® | 093[0.84-0.98]
GSE67764_GPL17077 ——+—®| 1.00[029-1.00 GSE67764_GPL17077 —+m | 1.00[054-1.00]
GSE63898_GPL13667 & | 0.40[0:24 - 0.47 GSE63898_GPL13667 W | 094[089-097]
GSE60502_GPL96 | —® | 1.00[0.81-1.00 GSE60502_GPL9G —®& | 083[0.59-096]
GSE59259_GPL18451 —®— | 075[035-097 GSE59259_GPL18451 — @ | 1.00[063-1.00]
GSE57555_GPL16699 ——® | 1.00[0.48-1.00 GSE57555_GPL16699 ——# | 1.00[0.48-1.00]
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Figure S6 Integrative analysis presenting the sensitivity and specificity forest plot of CDK4.
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Figure S7 Integrative analysis presenting the sensitivity and specificity forest plot of HSP90AALI.
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Figure S8 Integrative analysis presenting the sensitivity and specificity forest plot of HSPAS.
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Figure S9 Integrative analysis presenting the sensitivity and specificity forest plot of HSPAS.
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Figure S10 Integrative analysis presenting the sensitivity and specificity forest plot of HSPHI.
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Figure S11 Immune infiltration and survival analysis of the 5 candidate genes. (A) Immune infiltration analysis of the 5 candidate genes. (B)

Survival analysis of the 5 candidate genes.
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Figure S12 Clustering effect of nonnegative matrix factorization (NMF) with k = 2, 4-10 based on the heatmap and analysis of the
silhouette.
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