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Introduction: Hepatocellular carcinoma (HCC) ranks fourth as the most common cause
of cancer-related death. It is vital to identify the mechanism of progression and predict the
prognosis for patients with HCC. Previous studies have found that cancer-associated
fibroblasts (CAFs) promote tumor proliferation and immune exclusion. However, the
information about CAF-related genes is still elusive.

Methods: The data were obtained from The Cancer Genome Atlas, International Cancer
Genome Consortium, and Gene Expression Omnibus databases. On the basis of single-
cell transcriptome and ligand–receptor interaction analysis, CAF-related genes were
selected. By performing Cox regression and random forest, we filtered 12 CAF-related
prognostic genes for the construction of the ANN model based on the CAF activation
score (CAS). Then, functional, immune, mutational, and clinical analyses were performed.

Results: We constructed a novel ANN prognostic model based on 12 CAF-related
prognostic genes. Cancer-related pathways were enriched, and higher activated cell
crosstalk was identified in high-CAS samples. High immune activity was observed in high-
CAS samples. We detected three differentially mutated genes (NBEA, RYR2, and FRAS1)
between high- and low-CAS samples. In clinical analyses, we constructed a nomogram to
predict the prognosis of patients with HCC. 5-Fluorouracil had higher sensitivity in high-
CAS samples than in low-CAS samples. Moreover, some small-molecule drugs and the
immune response were predicted.

Conclusion: We constructed a novel ANN model based on CAF-related genes. We
revealed information about the ANN model through functional, mutational, immune, and
clinical analyses.

Keywords: cancer-associated fibroblasts, hepatocellular carcinoma, artificial neural network, single-cell
transcriptome analysis, prognosis
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INTRODUCTION

According to epidemiologic data, hepatocellular carcinoma
(HCC) accounts for more than 80% of primary liver cancers
and is the fourth most common cause of cancer-related death
worldwide (1, 2). To our knowledge, the treatment options are
limited for patients with advanced HCC (3). Thus, it is important
to understand the mechanism of the progression of HCC and
predict the survival rate and novel small-molecule drugs for
patients with HCC.

In the tumor microenvironment (TME), the crosstalk
between tumorigenic cells and fibroblasts may be the cause of
the emergence of hyperactive fibroblasts, which are called
cancer-associated fibroblasts (CAFs) (4). CAFs have been
verified to be tumor-promoting components that can secrete
growth factors, inflammatory ligands, and extracellular matrix
(ECM) proteins to promote tumor proliferation and immune
exclusion (5).

The artificial neural network (ANN), which was introduced in
the 1950s, is a machine learning technique inspired by the
human neuronal synapse system (6). Previous studies have
verified that the ANN model has a better predictive capacity
than the logistic Cox regression model (7). Thus, the ANNmodel
has been widely applied in the biochemical and medical fields
(8, 9).

In our study, we performed not only single-cell transcriptome
analysis of HCC but also ligand–receptor interactions to
determine CAF-related genes. Through Cox regression and
random forest analyses, we filtered 12 CAF-related prognostic
genes, which were recruited to construct a prognostic ANN
model. We further performed functional, immune, mutational,
and clinical analyses to estimate the constructed ANN
model thoroughly.
METHODS

Data Preparation
The transcriptome RNA sequencing data, Illumina human
methylation 450 cohort, copy number variation (CNV), and the
corresponding related data of HCCwere extracted from The Cancer
Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/)
(including 340 patients) and the International Cancer Genome
Consortium (ICGC) data portal (https://dcc.icgc.org) (including
226 patients). The GSE76427 cohort was downloaded from the
Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/
geo/) (including 115 patients). Patients with complete clinical
information (stage, follow-up information, age, and gender) were
selected for this study. Otherwise, the patients who did not meet the
criteria were excluded.

Single-Cell Transcriptome Analysis
The expression profiling of single-cell RNA sequence GSE151530
(10X Genomics), which contained 46 HCC samples, was
obtained from the GEO database (10). We used the R package
“Seurat” to analyze the single-cell RNA sequence data. We
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collected 47,822 cells for further analyses. The data were
normalized by using “NormalizeData” and “ScaleData” from
the “Seurat” R package. We divided the cells into six subclusters
based on the annotation in GSE151530. The R package
“monocle” was used to perform single-cell trajectory analysis
(11). The cells were filtered with the following conditions: a)
num_cells_expressed ≥ 10 and b) min_expr = 0.1. Subsequently,
the top 1,500 variable genes were selected to perform a single-cell
trajectory analysis. The R package “monocle” was used to
visualize the trajectory.

Cell Communication Analyses
The R package “Cellphonedb” was utilized to speculate the
ligand–receptor pairs (P < 0.05) by Python. The crosstalk of
ligand–receptor pairs between CAFs and other subclusters, as
well as the activated pathways of cell communication, were
analyzed by the R package “cellchat”.

Functional Analyses
The gene annotation and analysis resource Metascape (https://
metascape.org) was used for the enrichment analysis. After we
obtained the differentially expressed genes, we performed gene
ontology (GO) analyses by using Metascape. We used the gene
enrichment analysis (GSEA) (4.1.0) application to obtain the
enrichment pathways in high- and low–CAF activation score
(CAS) samples. To analyze the functional enrichment of tumor-
infiltrating immune cells (TICs), we calculated the relative
abundance of immune cells in each sample by using the R
package “cibersortR”. We obtained the immune-related
pathways from a previous article (12). Angiogenesis, the T
effector/IFN response, checkpoint, myeloid inflammation,
epithelial-mesenchymal transition (EMT), and hypoxia were
identified in previously published articles (13–15). The CTA,
neoantigen, and proliferation scores were obtained in a previous
article (16). Then, we performed ssGSEA to assess the
enrichment score of samples by using the R package “gsva”.

Mutational Analyses
We extracted the mutation data of HCC from the TCGA
database by the R package “TCGAbiolinks”. The mutation data
were further analyzed, and the mutational landscape and lollipop
chart were illustrated by the R package “maftools”.

Construction of a CAF-Related Prognostic
ANN Model
We constructed and trained the ANN in the TCGA dataset by
using the R package “survivalmodels” (https://cran.r-project.org/
web/packages/survivalmodels/). The clinical data of HCC were
extracted, and we performed univariate and multivariate Cox
regression analyses by the R package “survival”. As a result, we
obtained 14 candidates. Then, we performed a random forest
(ntree = 1,000) to further filter our candidates. Finally, the R
package “survivalmodel” was used to construct the ANN model.
Twelve CAF-related prognostic genes were selected and input
into the input layer. The activation function was ReLU in three
hidden layers. The loss function was the negative log partial
likelihood under the Cox PH model. The dropout parameter was
July 2022 | Volume 13 | Article 927041
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used to avoid overfitting. We performed a 1,000 iteration
random search using the adam optimizer utilizing “mlr3”
packages to tune these hyperparameters. The CAS was
calculated on the basis of Cox regression.

Validation of the Constructed CAF-Related
Prognostic ANN Model
The TCGA dataset was set as the training cohort, whereas ICGC
and GSE76427 were used as the testing cohorts. The
concordance index (C-index) was calculated using the R
package “Pec”. The heatmap was illustrated by the R package
“pheatmap”. The area under the curve (AUC) was calculated by
using the R package “timeROC”. We performed Kaplan–Meier
analyses in the three cohorts using the R package “survival”.

Prediction of the Sensitivity of
Chemotherapeutic Drugs and Exploration
of Novel Small-Molecule Drugs
The Genomics of Drug Sensitivity in Cancer (GDSC) database
(www.cancerRxgene.org), where we can obtain drug response
data and genomic markers of sensitivity, was used to predict the
sensitivity of four common chemotherapeutic drugs in the high-
and low-CAS samples. We performed a ridge regression analysis
to determine the half-maximal inhibitory concentration (IC50)
by using the R package “pRRophetic”. To predict novel small-
molecule drugs, we introduced two online databases: a) the
Cancer Therapeutics Response Portal (CTRP) 2.0 database
(http://portals.broadinstitute.org/ctrp/), which includes
sensitivity data of 481 small-molecule compounds in 860
cancer cell lines (CCLs); and b) the Profiling Relative
Inhibition Simultaneously in Mixtures (PRISM) database
(https://www.theprismlab.org/), with which we can screen
thousands of drugs in hundreds of human CCLs. The AUC is
a standard value for the evaluation of drug sensitivity. A lower
AUC value represents better drug sensitivity. In addition, the
differentially expressed genes between high- and low-CAS
samples of HCC were potential therapeutic targets. Thus, we
detected potential drugs that targeted the genes and illustrated
the corresponding mechanism of action (MoA) by using the
online database ConnectivityMap (cMap) (https://clue.io/).

Prediction of the Immunotherapeutic
Response
We introduced the online database Tumor Immune Dysfunction
and Exclusion (TIDE) (http://tide.dfci.harvard.edu) (17), which
is a popular enrichment algorithm extensively used in cancer-
related studies (18–20). We extracted the response to the
treatment against PD-1 and CTLA4 in 47 patients (21) to
predict the immunotherapeutic response between patients with
HCC with high and low CAS based on subclass mapping (https://
cloud.genepattern.org/gp/).

Statistical Analyses
R software (version 4.0.4) was used to analyze statistical data and
construct images. We used the Wilcoxon test to analyze the
differences between the two groups. The difference in proportions
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was analyzed by the chi-squared test. A P-value < 0.05 was
considered to be statistically significant. All correlation analyses
were performed by Pearson’s correlation. The heatmap in our study
was generated by the R package “pheatmap”. Univariate and
multivariate Cox regression analyses were performed by the R
package “survival”. The nomogram was built by using the R
package “RMS”. The calibration curves and AUCs were obtained
by the R packages “rms” and “survivalROC”. The 1-, 3-, and 5-year
decision curve analysis (DCA) was performed by using the R
package “rmda”. *P < 0.05, **P < 0.01, and ***P < 0.001.
RESULTS

Single-Cell Transcriptome Analysis of HCC
and the Functional Enrichment of CAF-
Related Genes
Six subclusters of single cells, including malignant cells, B and T
cells, tumor-associated macrophages (TAMs), tumor-associated
endothelial cells (TECs), and cancer-associated fibroblasts
(CAFs), were split and illustrated by performing a uniform
manifold approximation and projection (UMAP) plot
(Figure 1A). Then, we used Monocle 2 to perform pseudotime
analysis, which is a great approach to study lineage specification
and hierarchize molecular events (22). We noticed that CAFs,
which we were most interested in, were present at the end of the
differentiation trajectory (Figure 1B). Furthermore, we
performed the ligand–receptor interaction network among six
subclusters (Figure 1C) and extracted the number of ligand–
receptor pairs between CAFs and other subclusters (Figure 1D).
We demonstrated that CAFs and TECs had the most ligand–
receptor pairs, followed by CAFs and TAMs. Subsequently, we
performed ligand–receptor interactions between CAFs and other
subclusters (Figure 1E). Genes that were significantly related to
CAFs were chosen for further analysis. Functional enrichment
analysis of the CAF-related genes was performed by the online
enrichment analysis tool Matascape in a bar graph (Figure 1F)
and corresponding network (Figure 1G). Tumor-associated
pathways were enriched, such as the PI3K-Akt-mTOR
signaling pathway, blood vessel development, signaling by
receptor tyrosine kinases, and positive regulation of
cell migration.

Twelve CAF-Related Genes Were
Identified as a Predictive Model in HCC
We performed univariate Cox regression analysis to further
screen CAF-related prognostic genes in the TCGA dataset. As
a result, 14 genes were selected (Figure 2A). To further obtain
the strictest model, we performed random forest analysis and
filtered the candidate genes. Finally, 12 CAF-related genes with
variable importance values greater than 0 were selected as a
prognostic model for patients with HCC (Figure 2B). Then, we
performed the mutational landscape of 12 CAF-related
prognostic genes (Figure 2C). We demonstrated that HGF had
the highest mutation (24%), followed by CD44 (12%) and CSF1
and NRP1 (6%). The highest type of mutation was a missense
July 2022 | Volume 13 | Article 927041
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mutation. Moreover, we summarized the mutation analysis
results (Figure 2D). The most common variant and variant
type were missense mutation and single-nucleotide
polymorphisms (SNPs), respectively. The number of single-
nucleotide variants (SNVs) showed that the cytosine (C) to
adenine (A) mutation was the most frequent mutation. The
median variant per sample was 1. Moreover, we listed the top 10
mutated genes for further analysis. Subsequently, we performed a
CNV analysis of 12 CAF-related prognostic genes in the TCGA
dataset (Figure 2E), and we found that EFNA4 had the highest
CNV gain mutation, whereas CSF1 had the highest CNV loss
mutation. Then, we constructed a circle plot to exhibit the
correlation among 12 CAF-related prognostic genes
(Figure 2F). The 12 CAF-related prognostic genes were all risk
factors and had strong positive correlations with a P-value less
than 0.0001.

An ANN Prognostic Model Was Created
on the Basis of 12 CAF-Related
Prognostic Genes
We constructed an ANN model based on the 12 selected CAF-
related prognostic genes in the TCGA dataset. A schematic
diagram is shown in Figure 3A. Twelve CAF-related genes were
input into the input layer. The hyperparameters of the networks
were as follows: a) three hidden layers; b) 35, 27, and 19 nodes in
each layer; c) dropout rate = 0.286; d) learning rate = 0.4621984;
Frontiers in Immunology | www.frontiersin.org 4
and e) weight decay = 0.3156897. As a result, we obtained the
output data. The output layer included one neuron and the CAS
was calculated by performing Cox regression. To assess the
prediction capacity, we introduced the C-index. We
demonstrated that the C-index was higher in the ANN model
than in the Cox model. Moreover, the C-index was satisfactory in
the ICGC and GSE76427 datasets (Figure 3B). By performing
AUC analysis, we obtained the same result that the ANN model
was better than the Coxmodel (Figure 3C). Subsequently, the CAS
of each sample was calculated in the TCGA dataset (Figure 3D),
and patients with high CAS had a worse survival status, and vice
versa. The result was confirmed in the ICGC and GSE76427
datasets (Supplementary Figures 1A, B). By performing
Kaplan–Meier analysis in the TCGA dataset, we revealed that
patients with HCCwith high CAS had shorter overall survival (P =
0.0065) (Figure 3E). The result was verified in the ICGC and
GSE76427 datasets (Supplementary Figures 1C, D), and the P-
value was 0.016 in both datasets. To evaluate the accuracy of our
ANN model, we performed ROC analysis in the TCGA, ICGC,
and GSE76427 datasets. We illustrated that the 1-, 3-, and 5-year
AUCs were more than 0.6 in the TCGA dataset (Figure 3F), which
revealed that our ANN model was an accurate prognostic model.
The result was also confirmed in the ICGC and GSE76427 datasets
with an AUC less than 0.6 (Supplementary Figures 1E, F).

We performed univariate Cox regression subgroup analyses of
the CAS in three datasets (TCGA, ICGC, and GSE76427). In the
A

B

D

E

F

GC

FIGURE 1 | Single-cell transcriptome analysis and the function of CAF-related genes. (A) The six cell subclusters are shown. (B) Pseudotime analysis of six cell
subclusters was performed. (C) The ligand–receptor interaction network among six subclusters is shown. (D) The number of ligand–receptor pairs between CAFs
and other subclusters is shown. (E) The specific ligand–receptor pair between CAFs and other subclusters is shown. (F) Enrichment analysis of the differentially
expressed CAF-related genes. (G) The corresponding network of the enrichment analysis of the differentially expressed CAF-related genes.
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TCGA dataset, stage I, female, and age < 60 were considered the risk
factors (Supplementary Figure 2A). In the ICGC dataset, stage III,
stage IV, female, male, and age < 70 were regarded as the risk factors
(Supplementary Figure 2B). In GSE76427, stage II and male were
considered to be the risk factors (Supplementary Figure 2C).

A Nomogram Was Constructed Based on
our CAF-Related ANN Model
To evaluate whether our ANN model could act as an
independent prognostic marker, we performed univariate and
multivariate Cox regression analyses in three cohorts (TCGA,
ICGC, and GSE76427) (Figures 4A, B). According to the
univariate and multivariate Cox regression, the CAS of our
ANN model was significantly associated with low overall
survival in the three cohorts, which revealed that our
Frontiers in Immunology | www.frontiersin.org 5
constructed ANN model could act as an independent
prognostic marker for patients with HCC. Thus, we built a
nomogram based on the CAS to predict the 1-, 3-, and 5-year
overall survival for patients with HCC (Figure 4C). For instance,
a 60-year-old (20 points) male (3 points) patient with HCC with
stage III (51 points) and −5 CAS values (40 points) received a
total of 114 points, and the 1-, 3-, and 5-year survival rates of this
patient were approximately 69%, 42%, and 25%, respectively.
Then, we built calibration curves for assessing predicted risk
versus observed risk (Figure 4D). The 1-, 3-, and 5-year
calibration curves showed a great capacity for prediction. In
addition, we calculated the AUC of our nomogram (Figure 4E),
which indicated that the nomogram had the highest AUC
compared to a single parameter. Finally, we performed 1-, 3-,
and 5-year DCA to assess whether our constructed model was
A B

D

E

F

C

FIGURE 2 | Identification of 12 CAF-related prognostic genes. (A) Univariate Cox regression of CAF-related genes. (B) Random forest analysis of the candidate
CAF-related prognostic genes. (C) The mutational landscape of 12 CAF-related prognostic genes. (D) Summary of the mutational analysis including variant
classification, variant type, SNV class, variants per sample, variant classification summary, and the top 10 mutated genes. (E) The CNV status in 12 CAF-related
prognostic genes. (F) Univariate Cox regression analysis and Pearson’s correlation of the 12 CAF-related prognostic genes.
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worth utilizing (Figure 4F). The results illustrated that our
nomogram was acceptable for patients with HCC.

Enrichment Analysis of the Constructed
CAF-Related ANN Model
We obtained the differentially expressed genes between high- and
low-CAS samples and input the genes into Metascape, which is the
online enrichment analysis tool. The significantly enriched terms in
the high-CAS group are shown (Figure 5A). The top five items
were matrix metalloproteinases, response to hexose, regulation of
membrane potential, benzene-containing compound metabolic
process, and steroid catabolic process. Moreover, the significantly
enriched terms in the low-CAS group are shown (Figure 5B). The
top five items were core matrisome, ECM organization, matrisome
associated, proteoglycans, and cellular response to growth factor
stimulus. In addition, we performed GSEA to explore the enriched
pathways in high- and low-CAS samples (Figures 5C, D). We
observed that ABC transporters, antigen processing and
presentation, natural killer cell–mediated cytotoxicity, Nod-like
receptor signaling pathway, and Toll-like receptor signaling
pathway were enriched in the low-CAS group, whereas calcium
signaling pathway, ECM receptor interaction, Notch signaling
pathway, ribosome, and Vascular endothelial growth factor
(VEGF) signaling pathway were enriched in the high-CAS
samples. Then, according to the median expression of CAF-
related genes, we divided the samples into two subgroups (high
and low groups) and determined that the high groups had higher
activated cell crosstalk than the low groups (Figure 5E). We
summarized the significant crosstalk pathways, which indicated
Frontiers in Immunology | www.frontiersin.org 6
that the high group could activate most pathways (Figure 5F).
Furthermore, we illustrated some specific pathways. On the one
hand, the high group could send the signal from the Macrophage
migration inhibitory factor (MIF) signaling pathway (CD74-
CXCR4) (Supplementary Figure 3A), VEGF signaling pathway
(VEGFA-VEGFR1) (Supplementary Figure 3B), PROS signaling
pathway (PROS1-AXL) (Supplementary Figure 3C), and GDF
signaling pathway (GDF15-TGFBR2) (Supplementary Figure 3D).
On the other hand, the high group could receive signals from the
Epidermal growth factor (EGF) signaling pathway (HBEGF-EGFR)
(Supplementary Figure 3E) and Tumor necrosis factor-like weak
inducer of apoptosis (TWEAK) signaling pathway (TNFSF12-
TNFRSF12A) (Supplementary Figure 3F).

In addition, we analyzed some pathways of interest
(Figure 5G). We illustrated that T cell coinhibition, angiogenesis,
and Major histocompatibility complex class I were significantly
upregulated in high-CAS samples. However, the type II Interferon
(IFN) response pathway was significantly enriched in low-CAS
samples. Moreover, the correlation between CAS and pathways is
shown in the right panel. We found that T cell coinhibition had the
most significantly positive correlation with CAS.

Immune Analysis of the Constructed CAF-
Related ANN Model
The 22 TICs were divided into four groups based on the risk or
protective factors with or without significance, and we also
performed correlation analysis (Figure 6A). We demonstrated
that M0 macrophages and activated dendritic cells were risk
factors, whereas resting memory CD4 T cells were protective
A

B

D E F

C

FIGURE 3 | Construction of the ANN model. (A) The schematic diagram of the constructed ANN model. (B) Detection of the C-index of the ANN, traditional Cox
model, ICGC, and GSE76427. (C) AUC analyses of the constructed ANN model compared to the traditional Cox model and other parameters. (D) The CAS and
corresponding survival status in each sample in the TCGA dataset. (E) Kaplan–Meier analysis of high- and low-CAS samples in the TCGA dataset. (F) ROC analysis
of the ANN model in 1-, 3-, and 5-year survival prediction in the TCGA dataset.
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factors. We detected some positive or negative correlations
among 22 TICs. Then, we illustrated a heatmap to analyze the
TME and tumor purity and the expression of TICs and
immunocompetence (Figure 6B) . The immune and
ESTIMATE scores were significantly higher in high-CAS
samples and had a positive correlation with CAS. Activated
memory CD4 T cells, follicular helper T cells, and neutrophils
were highly expressed in high-CAS samples, whereas regulatory
T cells and resting memory CD4 T cells were highly expressed in
low-CAS samples, and CD8 T cells were highly regulated in
patients with low CAS. To evaluate immunocompetence, we
included immune checkpoints (CD274, CTLA4,HAVCR2, IDO1,
LAG3, and PDCD1) and immunocompetence (CD8A, CXCL10,
CXCL9, GZMA, GZMB, IFNG, PRF1, TBX2, and TNF) (23, 24).
We found that the checkpoints CTLA4, IDO1, and CD274 were
highly expressed in high-CAS samples, whereas TBX2 was
Frontiers in Immunology | www.frontiersin.org 7
significantly highly expressed in low-CAS samples.
Furthermore, we performed a multi-omics analysis of 75
immunomodulators between high- and low-CAS samples. We
included 14 antigen presentation factors, three co-stimulators,
eight co-inhibitors, 22 ligands, 19 receptors, three cell adhesion
factors, and six other factors (Figure 6C). We detected mRNA
expression, frequency of mutation, amplification, and deletion,
as well as the gene expression correlated with the DNA
methylation beta value between high- and low-CAS samples.
Finally, we detected cancer-testis antigen (CTA) (Figure 6D),
neoantigens (Figure 6E), and proliferation (Figure 6F) scores
between high- and low-CAS samples. The CTA score can
increase the speed of tumorigenesis, against apoptosis, and
enhance proliferation. We uncovered that high-CAS samples
had higher CTA scores, neoantigen expression, and proliferation
capacity. Through correlation analysis, we demonstrated a
A B

D

E

F

C

FIGURE 4 | Creation of a nomogram for patients with HCC. (A) Univariate Cox regression in TCGA, ICGC, and GSE75427 cohorts. (B) Multivariate Cox regression
in TCGA, ICGC, and GSE75427 cohorts. (C) Constructed nomogram based on CAS. (D) One-, 3-, and 5-year calibration curves were generated. (E) AUC analysis
between the constructed nomogram and parameters was performed. (F) One-, 3-, and 5-year DCA was performed.
July 2022 | Volume 13 | Article 927041

https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles


Luo et al. CAF-related ANN Model in HCC
significantly positive correlation between CAS and the CTA
score (P = 0.03), neoantigens (P = 0.0014), and proliferation
(P= 0.044).
Mutational Analysis of the Constructed
CAF-Related ANN Model
We performed mutational analysis between low and high-CAS
samples. First, we detected all mutation counts: non-
synonymous and synonymous mutation counts (Figure 7A).
Unfortunately, we did not detect any significance between the
two groups. In addition, we filtered 26 genes whose mutation
counts were more than 15 and subsequently illustrated a
mutational landscape in high- and low-CAS samples
(Figure 7B). The most frequently mutated gene in high-CAS
samples was TP53 (33%), followed by CTNNB1 (25%) and TTN
(24%). In comparison, the most frequently mutated gene in low-
CAS samples was CTNNB1 (25%), followed by TTN (25%) and
TP53 (23%). To determine differentially mutated genes between
high- and low-CAS samples, we generated a forest plot
(Figure 7C). The mutation counts of NBEA and FRAS1 were
higher in high-CAS samples, whereas RYR2 had more mutation
counts in low-CAS samples. Furthermore, we noticed that TP53
had the highest percentage of mutation counts in high-CAS
samples. Thus, we generated a lollipop chart of TP53 to exhibit
the mutation frequency and the types of mutation in high- and
low-CAS samples (Figure 7D). After that, we generated a bar
graph to illustrate the frequency of amplification and deletion of
each arm in high- and low-CAS samples (Figure 7E). We
demonstrated that the frequency of amplification in arms 1p,
Frontiers in Immunology | www.frontiersin.org 8
12p, and 20q was significantly higher in high-CAS samples.
However, in low-CAS samples, arms 10q and 10p showed a
higher frequency of amplification. The frequency of deletion in
arms 20q and 20p was significantly higher in low-CAS samples
and lower in arm 1q compared to high-CAS samples. By
performing correlation analysis between CAS and the
frequency of amplification/deletion, unfortunately, we did not
detect significance not only in the correlation but also in the
frequency of mutation between high- and low-CAS samples.
The Constructed CAF-Related ANN Model
Guides Clinical Treatment
To our knowledge, one of the main treatments for HCC is
chemotherapy, which includes 5-fluorouracil, cisplatin,
gemcitabine, and doxorubicin. Thus, we predicted the sensitivity
of the chemotherapeutic drugs between high- and low-CAS
samples in the TCGA dataset (Figure 8A). We found that three
drugs (5-fluorouracil, cisplatin, and gemcitabine) had more
sensitivity in high-CAS samples than in low-CAS samples (P-
value = 0.00063, 0.018, and 0.00045, respectively). We also
detected the estimated IC50 between high- and low-CAS
samples in the ICGC and GSE76427 datasets (Supplementary
Figures 4A, B). 5-Fluorouracil, which was confirmed in three
datasets, had higher sensitivity in high-CAS samples than in low-
CAS samples. In addition, we predicted small-molecule drugs by
using the CTRP and PRISM databases (Figure 8B). Brefeldin A,
SR-II-138A, CR-1-31B, BRD-K97651142, KX2-391, and tosedostat
were negatively correlated with the CAS, and the estimated AUC
value was lower in high-CAS samples. The results indicated that
A B

D

E F

G

C

FIGURE 5 | Functional analyses of our constructed ANN model. (A) GO analysis of differentially expressed genes in high-CAS samples was performed in
Metascape. (B) GO analysis of differentially expressed genes in low-CAS samples was performed in Metascape. (C) Five KEGG pathways were enriched in the low-
CAS samples by performing GSEA. (D) Five KEGG pathways were enriched in high-CAS samples by performing GSEA. (E) Summary of the crosstalk of the
subclusters. (F) Outgoing and incoming signaling of high- and low-CAS samples as well as other cell subclusters. (G) A heatmap illustrating the expression and the
correlation between CAS and the pathways of interest.
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the predicted small-molecule drugs had higher sensitivity in
patients with high CAS. In addition, the immune response
against PD1 and CTLA4 was predicted by using subclass
mapping in the TCGA dataset (Figure 8C). We found that the
immune response against PD1 was significant in patients with high
CAS (P = 0.001). This result was confirmed in ICGC and
GSE76427 datasets (P = 0.006 and 0.038) (Supplementary
Figures 4C, D). Then, the total immune response was detected
between high- and low-CAS samples by using the TIDE algorithm
(Figure 8D). The results indicated that the patients with high CAS
had a better immune response (P = 0.018). The result was also
confirmed in the ICGC and GSE76427 datasets (Supplementary
Figures 4E, F). Finally, other potential small molecular drugs and
the corresponding mechanisms were illustrated by performing
MoA analysis (Supplementary Figure 5).
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DISCUSSION

In our study, we first identified 12 CAF-related genes by
performing single-cell transcriptome, ligand–receptor
interaction, Cox regression, and random forest analyses. A
novel ANN model was then constructed, and the CAS of each
sample was obtained. By performing functional analysis, we
demonstrated that some cancer-related pathways and activated
cell crosstalk pathways were enriched in high-CAS samples. In
addition, we detected higher immunogenicity in high-CAS
samples by performing an immune analysis. By illustrating the
mutational landscape, we recovered significantly mutated genes
between high- and low-CAS samples. Furthermore, a CAS-based
nomogram was constructed for patients with HCC. The
common chemotherapeutic drug 5-fluorouracil had been
A

B

D E
F

C

FIGURE 6 | Immune analyses of the constructed ANN model. (A) Cox regression and Pearson’s correlation analysis of 22 TICs. (B) The expression and Pearson’s
correlation of immune, ESTIMATE, stromal score, tumor purity, TICs, checkpoints, and immunocompetences of each sample are illustrated in a heatmap. (C) Multi-
omics analysis of 75 immunomodulators between high- and low-CAS samples. (D) The Pearson’s correlation between the CTA score and CAS and the expression
of the CTA score in high- and low-CAS samples. (E) The Pearson’s correlation between neoantigens and CAS, and the expression of neoantigens in high- and low-
CAS samples. (F) The Pearson’s correlation between proliferation and CAS, and the expression of proliferation in high- and low-CAS samples.
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verified to have higher sensitivity in high-CAS samples in three
cohorts. We also predicted some small-molecule drugs. Finally,
we revealed that the immune response was better in high-CAS
samples than in low-CAS samples.

We utilized the ANN model instead of the traditional Cox
regression model. Here, we pointed out that the regression
models have some limitations; for instance, the regression
Frontiers in Immunology | www.frontiersin.org 10
models are based on the presumption that all the data are
linear, which is not always true in most biological situations
(26). One of the advantages of the ANN model was that it can
learn with experience and adapt to the error rate even in the
situation that the validation cohorts were different from the
derivation cohort, whereas the regression models can only fix
within the parameters of the original derivation cohort. Another
A B
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F

C

FIGURE 7 | Mutational analyses of the constructed ANN model. (A) The Pearson’s correlation analysis between CAS and all mutation, non-synonymous mutation
and synonymous mutation counts, and the counts of all mutation, non-synonymous mutation and synonymous mutation in high- and low-CAS samples. (B)
Landscape of the 26 mutated genes that had more than 15 mutation counts in high-CAS samples (25) and low-CAS samples (lower). (C) Differentially mutated
genes between high- and low-CAS samples. (D) A lollipop chart illustrates the location and the type of mutation in TP53. (E) The amplification and deletion frequency
in each arm between high- and low-CAS samples. (F) The Pearson’s correlation between CAFs and amplification/deletion, and the frequency of amplification/
deletion in high- and low-CAS samples. *P-value < 0.05; **P-value < 0.01; NS: No Significance.
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advantage is that the ANN model can handle large amounts of
data (7). Thus, the ANN model was suitable for predicting the
prognosis of patients.

We noticed that some cancer-related pathways, including the
NOTCH signaling pathway and VEGF signaling pathway, were
enriched in high-CAS samples. Interestingly, VEGF signaling
was also activated in the high expression group in the cell
communication analysis. Furthermore, according to the
heatmap of the pathways of interest, we noticed that
angiogenesis was enriched in high-CAS samples and positively
correlated with CAS. The results demonstrated that the
constructed ANN model was positively correlated with cancer
progression and aggressive angiogenesis progression. One
previous study revealed that CAFs promoted angiogenesis in
HCC via the VEGF-mediated EZH2/VASH1 pathway (27).
Another study indicated that CAFs promoted cancer invasion
and the key function of CAFs was to drive vasculogenesis and
angiogenesis (28). Thus, anti-VEGF therapy might become a
potential method for patients with HCC with high CAS. In
Frontiers in Immunology | www.frontiersin.org 11
addition, we recovered that the type II IFN (IFN-g) response
pathway was enriched in low-CAS samples. A previous study
revealed that IFN-g was a vital factor in tumor cell elimination
(29), and this finding was supported by experiments using a
mouse model (30).

According to the heatmap, the immune score and
ESTIMATE score were significantly higher in high-CAS
samples, revealing that our ANN model was associated with
immune regulation. In addition, memory CD4+ T cells undergo
fast expansion and cause a more effective and faster immune
response (31). Follicular helper T cells are a subset of CD4+ cells
that play a critical role in the immune and effector response
functions of T cells (32). In our study, we demonstrated that
activated memory CD4+ T cells and follicular helper T cells were
highly expressed in high-CAS samples and had a positive
correlation with CAS, which indicated that high-CAS samples
had a better immune response than low-CAS samples. Studies
have found that neutrophils are involved in the different stages of
the oncogenic process, including tumor initiation, growth,
A B

DC

FIGURE 8 | Prediction of drug and immune response. (A) The estimated IC50 of four common chemotherapeutic drugs in high- and low-CAS samples. (B) The
prediction and the estimated AUC value of small-molecule drugs in the CTRP 2.0 and PRISM databases. (C) The immune response against PD1 and CTLA4 in
patients with high and low CAS. (D) The total immune response in patients with high and low CAS. *P-value < 0.05; **P-value < 0.01; ***P-value < 0.001.
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proliferation, and metastatic spreading (33, 34). The expression
of neutrophils was significantly higher in high-CAS samples, and
the result was consistent with previous studies. Moreover, the
immune checkpoints CTLA4, IDO1, and CD274 were increased
in the high-CAS samples. Previous studies have pointed out that
checkpoints are key players in cancer development and
immunotherapy (35). Thus, blocking the expression of CTLA4,
IDO1, and CD274 may be a novel target for the immune
treatment of HCC. The CTA, neoantigen, and proliferation
scores were positively correlated with CAS, which was
consistent with our results.

By performing mutational analysis, we revealed that patients
with high CAS had a higher mutational frequency of NBEA and
FRAS1 and a lower mutational frequency of RYR2. NBEA has
been certified as a novel tumor suppressor gene, and mutation of
NBEA can cause poor outcomes in multiple myeloma (36).
Previous research found that RYR2 mutation was significantly
associated with better clinical prognosis (37) and reduced the risk
of development (38) in breast cancer. In addition, the RYR2
mutation correlated with better prognosis was involved in the
immune response and enhanced antitumor immunity in
esophageal adenocarcinoma (18). FRAS1 was found to have a
high mutational frequency in high-CAS samples. A previous
study indicated that FRAS1 has the ability to regulate epidermal
basement membrane adhesion and cell migration (39). In
addition, FRAS1 was more frequently mutated in metastatic
breast cancer than in primary breast cancer (40). Another
study demonstrated that FRAS1 mutation may be associated
with an increase in the development of metastatic disease or
death from prostate cancer (41). Above all, the results were
coincidental with our findings. Moreover, we demonstrated that
the frequency of TP53 mutation is the highest in patients with
high CAS (33%). TP53 acts as a tumor suppressor and induces
growth inhibition and apoptosis (42). Approximately, 13%–48%
of liver cancers harbor TP53 mutations (43, 44). Our findings
and the results from previous studies were consistent.

We predicted some small-molecule drugs with higher
sensitivity in patients with high CAS, including brefeldin A,
SR-II-138A, CR-1-31B, BRD-K97651142, KX2-391, and
tosedostat. Brefeldin A has been reported to markedly inhibit
proliferation and induce autophagic cell death via the Akt/
mTOR and ERK pathways when encapsulated in mixed
nanomicelles (45). CR-1-31B, an inhibitor of eukaryotic
translation initiation factor 4A, has been found to significantly
reduce the growth and initiate the apoptosis of gallbladder cancer
cells (46). In addition, one article reported that the Src/FAK
pathway inhibitor KX2-391 significantly increased the sensitivity
of HepG2/doxorubicin cells to doxorubicin in HCC (47). The
novel metalloenzyme inhibitor tosedostat has shown promising
activity for patients with acute myeloid leukemia (48). However,
we have not found any reports about SR-II-138A and
BRD-K97651142.

In our study, we first constructed an ANN model based on
CAF-related prognostic genes in HCC. However, this study still
has some limitations. To begin with, our data were obtained from
the TCGA, ICGC, and GEO online databases, which need to be
Frontiers in Immunology | www.frontiersin.org 12
verified in a large sample in reality. In addition, the prognostic
ANN model needs to be certified in a real clinical cohort
before application.

In conclusion, we created a novel CAF-related ANN model
that is suitable for individually predicting the prognosis of
patients with HCC and guiding clinical treatment through
functional, mutational, immune, and clinical analyses.
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Supplementary Figure 1 | Validation of the constructed ANN model in ICGC and
GSE76427. (A) The CAS and corresponding survival status in each sample in the ICGC
dataset. (B) The CAS and corresponding survival status in each sample in the
GSE76427 dataset. (C) Kaplan-Meier analysis of high and low CAS samples in the
ICGC dataset. (D) Kaplan-Meier analysis of high and low CAS samples in the
GSE76427 dataset. (E) ROC analysis of the ANN model in 1-, 3-, and 5-year survival
prediction in the ICGC dataset. (F)ROC analysis of the ANNmodel in 1-, 3-, and 5-year
survival prediction in the GSE76427 dataset.

Supplementary Figure 2 | Univariate Cox regression subgroup analyses of the
CAS in three datasets. (A) Subgroup analysis in TCGA dataset. (B) Subgroup
analysis in the ICGC dataset. (C) Subgroup analysis in the GSE76427 dataset.

Supplementary Figure 3 | The different ligand–receptor pairs between high and
low CAS samples. (A) High CAS cells communicate with TAMs, B cells and T cells
through CD74-CXCR4 in the MIF signaling pathway. (B) High CAS cells
communicate with TECs via VEGFA-VEGFR1 in the VEGF signaling pathway. (C)
High CAS cells communicate with TAMs through TNFSF12-TNFRSF12A in the
TWEAK signaling pathway. (D) High CAS cells communicate with TAMs and CAFs
through PROS1-AXL in the PROS signaling pathway. (E) High CAS cells
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communicate with TAMs through HBEGF-EGFR in the EGF signaling pathway. (F)
High CAS cells communicate with TECs and TAMs through GDF15-TGFBR2 in the
GDF signaling pathway.

Supplementary Figure 4 | Validation of the sensitivity of the chemotherapeutic
drugs and immune response. (A) The estimated IC50 of four common
chemotherapeutic drugs in high and low CAS samples in the ICGC dataset. (B) The
estimated IC50 of four common chemotherapeutic drugs in high and low CAS
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samples in GSE76427. (C) The immune response against PD1 and CTLA4 in high
and low CAS patients in the ICGC dataset. (D) The immune response against PD1
and CTLA4 in high and low CAS patients in the GSE76427 dataset. (E) The total
immune response in high and low CAS patients in the ICGC dataset. (F) The total
immune response in high and low CAS patients in the GSE76427 dataset.

Supplementary Figure 5 | Prediction of the possible drugs and the
corresponding mechanism by MoA analysis.
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