European Review for Medical and Pharmacological Sciences 2024; 28: 622-644

Prognostic and immune roles of UROCT in
human cancers: from mechanism exploration of
NAFLD and HCC to pan-cancer analysis

Q.-Y. WANG', Y.-J. LIU", Y. HU?, H. XIAC?, L-L. XIA!, Y.-G. WU*

'Department of Infections Disease, The First Affiliated Hospital of Anhui Medical University, Hefei,

Anhui, China

“Department of Pathology, Hefei Cancer Hospital, Chinese Academy of Sciences (CAS), Hefei, Anhui,

China

3Department of Pathology, The First Affiliated Hospital of Anhui Medical University, Hefei, Anhui, China
‘Department of Nephropathy, the First Affiliated Hospital of Anhui Medical University, Hefei,

Anhui, China

Abstract. - OBJECTIVE: Both non-alcohol-
ic fatty liver disease (NAFLD) and hepatocellular
carcinoma (HCC) are prevalent diseases world-
wide. This study aimed to explore the underly-
ing mechanisms of NAFLD and HCC and iden-
tify new therapeutic targets for human cancers.
MATERIALS AND METHODS: NAFLD and
HCC gene expression profiles were obtained
from the Gene Expression Omnibus (GEO) data-
base. Differentially expressed genes (DEGs) and
weighted gene co-expression network analysis
(WGCNA) were utilized to identify co-expressed
genes associated with NAFLD and HCC. Public
databases were consulted to find common tar-
gets of NAFLD and HCC. Enrichment analysis
and CIBERSORT techniques were employed to
analyze the pathways enriched with DEGs and
the attributes of infiltrating immune cells. Fur-
thermore, the expression data of UROCT and
clinical information of patients were acquired
from The Cancer Genome Atlas (TCGA) data-
base. Finally, the expression of the UROC1 was
validated by immunohistochemistry (IHC).
RESULTS: Through a comprehensive bioinfor-
matics analysis, eight hub genes (CCL2, CCR2,
IL6, CSF3R, ATL2, SESN3, UROC1, FIGNL1) were
identified. Enrichment analysis indicated that in-
flammatory and immune response may be com-
mon features between NAFLD and HCC. CIBER-
SORT analysis revealed an imbalance of plas-
ma cells and macrophages in NAFLD and HCC.
Pan-cancer analysis demonstrated that UROC1
expression was related to clinical outcomes
and tumor immunity in various cancers. More-
over, a strong correlation was exhibited between
UROCT1 expression and crucial elements, includ-
ing tumor mutation burden (TMB), microsatellite
instability (MSI), multiple immune checkpoints
(ICP), and tumor microenvironment (TME). Im-
portantly, an adverse clinical prognosis of HCC

was linked to decreased UROC1 expression,
which was consistent with IHC results.
CONCLUSIONS: We identified eight hub
genes (CCL2, CCR2, IL6, CSF3R, ATL2, SESN3,
UROCT1, FIGNLT), which may become early diag-
nostic and therapeutic targets for NAFLD and
HCC. The pan-cancer analysis of UROC1 pro-
vides new evidence for its broad application
prospects in the field of HCC and other cancers.
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Introduction

Non-alcoholic fatty liver disease (NAFLD) is
caused by metabolic syndrome, and its association
with hepatocellular carcinoma (HCC) has been
established'?. It is predicted that the prevalence of
nonalcoholic steatohepatitis (NASH) will increase
by 56% from 2016 to 2030 in countries such as
the United States, Europe, and China®. Moreover,
NAFLD has become a cause of HCC with the
highest rate of growth in the United States, the
United Kingdom, and France*. Therefore, alleviat-
ing the burden of NAFLD-related HCC is urgent.
HCC accounts for more than 80% of primary
liver cancers worldwide’® and is the fourth leading
cause of cancer-related death globally®. There are
several factors for HCC, including chronic hepa-
titis, alcohol, metabolic liver diseases (especially
NAFLD), and medications’, while NAFLD-related
HCC is often delayed in treatment due to a lack
of symptoms, resulting in lower survival rates®’.
Therefore, exploring new pathways and genes that
regulate NAFLD/HCC through bioinformatics and
public databases is of great significance.

Over the past few years, the introduction of
high-throughput technology and bioinformat-
ics analysis has enabled the identification of
pathogenic genes in carcinogenesis and a deep-
er understanding of disease pathophysiology.
Multiple bioinformatics studies in the literature
have provided new insights into potential targets
for NAFLD and HCC. Genome-wide associa-
tion studies (GWAS) have revealed that several
genes, including TM6SF2, ENPPI, IRS-1, and
FATPS, are related to the development of NA-
FLD". Another investigation'? identified prom-
ising gene objectives that possess a correlation
with the incidence of NAFLD and HCC. Cai et
al”® found that the new gene CEPI92 is an es-
sential factor in the progression of NAFLD into
HCC, but further experimental verification is
needed. Although there is convincing evidence'
of a link between HCC and NAFLD, their un-
derlying molecular mechanisms remain elusive,
and no drugs have been approved for the treat-
ment of NAFLD/NASH.

Therefore, this research was carried out to in-
tegrate and analyze gene data from NAFLD and
HCC patients in public databases, screen for hub
genes (HGs), and explore the potential biological
and immunological mechanisms. Additionally, a
new gene (UROCI) was selected, and pan-cancer
analysis was conducted to identify novel and
promising targets for the treatment of tumor
patients. The current research workflow is illus-
trated in Figure 1.

Materials and Methods

Online Data Acquisition

The microarray data were downloaded from
the Gene Expression Omnibus (GEO) database
(http://www.ncbi.nlm.nih.gov/geo/). Relevant gene
expression datasets for ‘NAFLD’ and ‘HCC’ key-
words were examined, leading to the acquisition
of datasets GSE63067, GSE89632, GSES58979,
GSE19665, GSE41804, and GSE46408 with cor-
responding accession numbers. Commonly co-ex-
pressed genes between NAFLD and HCC were
identified from the Comparative Toxicogenomics
Database (CTD, http://ctdbase.org/)", GeneCards
(http:/www.GeneCards.org/)"®, and DisGeNET
(http:/www.disgenet.org/)”, a comprehensive plat-
form that integrates human disease-related genes
and variation information.

The Cancer Genome Atlas (TCGA, https:/
portal.gdc.cancer.gov/)'® encompassed more than
20,000 primary cancers across 33 cancer types,
along with their corresponding normal tissues,
examined at the molecular level. We downloaded
TCGA transcriptome RNA-seq data and clinical
information from UCSC Xena (http://xena.ucsc.
edu/)”. Additionally, we collected clinical infor-
mation about HCC patients from TCGA, namely,
pathological stage, survival time, and survival
status for subsequent analysis.

Identification of DEGs

To examine the differentially expressed genes
(DEGs), we employed the “limma” package in
the R software®®. By comparing the gene ex-
pression profiles of the disease group and the
control group, we identified the DEGs within the
GSE19665 and GSE89632 datasets and p-value
< 0.05 indicated statistical significance. A Venn
diagram was used to obtain the common DEGs,
and volcanic maps and ridge maps were drawn
using the “heatmap” package and the “string”
package, respectively.
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Figure 1. Research design flow chart.

Enrichment Analysis

The “clusterProfiler” package of the R soft-
ware?' was utilized for GO and KEGG enrich-
ment analysis, and a p-value < 0.05 was taken
as the screening criterion. Histograms and bub-
ble charts were generated through the package
“ggplot2” of the R software. In addition, gene
set enrichment analysis (GSEA) was conducted
using the “clusterProfiler” package to explore the
biological pathways of UROCI in pan-cancer.

PPI Network Construction

The construction of the PPI network was ac-
complished by utilizing the STRING database
(http://string-db.org/)*?, which predicts protein
functional associations. The integrated regula-
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tory network was visualized using Cytoscape
software®, and the top ten genes were determined
through the CytoHubba plugin.

WGCNA

Weighted gene co-expression network anal-
ysis (WGCNA) is a method used to analyze
gene modules that have remarkable biological
relevance®. The “WGCNA” package in R soft-
ware was adopted to explore the GSE63067 and
GSEA41804 datasets to identify modules related
to NAFLD and HCC. Based on the standard of
R2= 0.9, we calculated a proper soft threshold
power B (ranging from 1 to 30). Subsequently, a
hierarchical clustering was employed to obtain a
hierarchical clustering tree.
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A minimum of 50 genes were set for each
module, and modules with a correlation exceed-
ing 50% were merged for a second time. Module
eigengenes were identified, and their association
with clinical features was computed to generate
the expression profiles of all modules. Subse-
quently, our research focused on the modules that
showed a high correlation coefficient with clinical
features. Further analysis was then performed us-
ing the genes selected from these modules.

WGCNA Analysis of Gene Modules

We determined the key modules for NAFLD
and HCC by using Pearson’s correlation coef-
ficients, p-values of feature genes, and disease
features in each module. Then, shared genes were
obtained from the key modules using ImageGP?.

Common Targets

Common NAFLD- and HCC-related genes
shared among the CTD, DisGeNET, and Gen-
eCards databases were identified using Venn
diagrams. Then, the common gene targets (CGT)
of NAFLD and HCC were determined by finding
the intersection of these genes.

Hub Genes Selection and Validation
CGT of NAFLD and HCC were obtained from
public disease databases, and the hub genes (HGs)
were identified through the intersection of WGC-
NA and DEG results. We validated their expres-
sion in GSE58979 and GSE46408. A t-test was
conducted to handle the data of two groups, with
p-value < 0.05 indicating statistical significance.

Immune Infiltration

CIBERSORT (https://cibersortx.stanford.edu/)
is an algorithm that allows for the estimation of
cell type abundances in mixed cell populations®.
We determined immune cell infiltration using
the CIBERSORT, with the reference set of 22
immune cell genes (LM22) and a permutation
number of 1,000. Then, we retained a p-value <
0.05 in the CIBERSORT results and calculated
the correlation among various immune cells us-
ing the Spearman analysis. The “corrplot” and
“vioplot” packages in R software were adopted
to perform correlation analysis and visualization.

DGldb

The Drug-Gene Interaction Database (DGIdb,
http://www.dgidb.org/) is a valuable resource for
finding gene-drug interactions and potential ther-
apeutic drugs?”’. We accessed the DGIdb website

to gather potential drugs and their interactions
with HGs.

Expression Analysis of
UROCT in Pan-Cancer

The exploration of UROCI expression dys-
regulation in various cancer types and normal
tissues was conducted by analyzing data obtained
from TCGA. The RNA sequencing data and clin-
ical follow-up data were obtained from 33 types
of cancer, including adrenocortical carcinoma
(ACC), thyroid carcinoma (THCA), breast inva-
sive carcinoma (BRCA), liver hepatocellular car-
cinoma (LIHC), uterine carcinosarcoma (UCS),
cervical squamous cell carcinoma and endocer-
vical adenocarcinoma (CESC), colon adenocar-
cinoma (COAD), uterine corpus endometrial car-
cinoma (UCEC), diffuse large B-cell lymphoma
(DLBC), esophageal carcinoma (ESCA), glio-
blastoma multiforme (GBM), low-grade glioma
(LGG), bladder urothelial carcinoma (BLCA),
head and neck squamous cell carcinoma (HNSC),
kidney chromophobe (KICH), cholangiocarcino-
ma (CHOL), kidney renal papillary cell carcino-
ma (KIRP), acute myeloid leukemia (AML), lung
adenocarcinoma (LUAD), sarcoma (SARC), lung
squamous cell carcinoma (LUSC), mesothelioma
(MESO), pheochromocytoma and paraganglioma
(PCPQG), prostate adenocarcinoma (PRAD), ovar-
ian serous cystadenocarcinoma (OV), rectum ad-
enocarcinoma (READ), skin cutaneous melano-
ma (SKCM), stomach adenocarcinoma (STAD),
testicular germ cell tumors (TGCT), pancreatic
adenocarcinoma (PAAD), thymoma (THYM),
kidney renal clear cell carcinoma (KIRC), and
uveal melanoma (UVM) from TCGA. The “Wil-
cox” test was employed to evaluate the expres-
sion levels of HGs in cancer tissues vs. normal
tissues.

Prognostic Analysis

We examined whether there is a connection
between the expression of UROCI in individuals
with cancer and clinical outcomes, such as over-
all survival (OS), progression-free interval (PFI),
disease-specific survival (DSS), and disease-free
interval (DFI), with forest plots and Kaplan-Mei-
er curves. In addition, we calculated Hazard
ratios and 95% confidence intervals through mul-
tivariate analysis of survival. The “survival” and
“survminer” packages in R software were used
for survival analysis of HGs in pan-cancer, and
the package “forestplot” in R software was used
for visualization.
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Pan-cancer Relationships Between
UROCT and Immune Characteristics

The tumor microenvironment (TME) is made
up of immune and stromal components. We an-
alyzed the correlation between the scores for
immune and stromal components and the lev-
els of UROCI expression using the “estimate”
and “limma” R packages. Spearman’s analysis
was utilized to examine the relationship between
UROCI expression and tumor mutation burden
(TMB) or microsatellite instability (MSI) and
represented the results using radar plots created
with the ‘fmsb’ R package. Furthermore, we
investigated whether there is a link between
UROCI expression and immune checkpoints
(ICP) in human cancers. Differences were con-
sidered significant if the p-value < 0.05.

Clinical Samples

Liver cancer tissues and their paracancerous
tissues were acquired from a group of twenty
patients at the First Affiliated Hospital of Anhui
Medical University. None of the HCC patients
had systemic antitumor treatment before surgery.
This study was approved by the Ethics Committee
of the First Affiliated Hospital of Anhui Medical
University (Ethical Approval No. PJ2023-06-33).

Immunohistochemistry

For immunohistochemistry (IHC), the sec-
tions were incubated overnight at 4°C with an-
ti-UROCI antibodies (1:20, Thermo Fisher Sci-
entific, Waltham, MA, USA). Afterward, appro-
priate secondary antibodies were applied for an
additional 30 minutes at 37°C. Finally, the slides
were imaged using a microscope.

Statistical Analysis

All statistical data were analyzed using R soft-
ware version 4.2.3, and p < 0.05 was regarded as
statistically significant.

Table I. Detailed information of GEO datasets.

Results

GEO Information

We selected a total of six GEO datasets
(GSE63067, GSE89632, GSE58979, GSEI19665,
GSEA41804, and GSE46408). Detailed informa-
tion on these six datasets, such as GSE num-
ber, sample, and detection platform, is presented
in Table I. For DEG analysis, GSE89632 and
GSE19665 were paired; for WGCNA analysis,
GSE63067 and GSE41804 were paired; and for
the validation of the expression levels of HGs,
GSES58979 and GSE46408 were adopted.

ldentification of DEGs

GSE89632 included 24 NAFLD tissue samples
from humans and 19 normal liver tissue control
samples, while the GSE19665 dataset included
10 HCC tissue samples and 10 normal control
samples. According to the differential analysis
using R software, we identified 408 and 2,060
DEGs in GSE89632 and GSE19665, respectively.
The heatmap and volcanic map display the over-
all distribution of DEGs with a fold change > 1
and an adj. p-value < 0.05 (Figure 2A-D). Func-
tional enrichment analysis using GSEA was per-
formed on DEGs with a p-value < 0.05. Common
DEGs in NAFLD were enriched in inflammatory
and immune response signaling pathways, such
as the interleukin (IL)-17 pathway, nuclear fac-
tor (NF)-kappa B pathway, Janus kinase/signal
transducers and activators of transcription (JAK/
STAT) pathway, advanced glycation end product
(AGE)-receptor for AGE (RAGE) pathway, and
tumor necrosis factor (TNF) pathway. Similarly,
common DEGs in HCC were also enriched in
signaling pathways, including JAK-STAT, TNF,
and NF-kappa B, and played important roles in
the differentiation of Th17 cell, Thl, and Th2
cells (Figure 2E-F), indicating that inflammation
and immunity may be common biological mech-
anisms underlying NAFLD and HCC.

ID GSE number Platform Samples Disease
1 GSE63067 GPL570 7 controls and 9 patients NAFLD
2 GSE89632 GPL14951 24 controls and 19 patients NAFLD
3 GSE58979 GPL15207 27 controls and 25 patients NAFLD
4 GSE19665 GPL570 10 controls and10 patients HCC
5 GSE41804 GPL570 20 controls and 20 patients HCC
6 GSE46408 GPLA4133 6 controls and 6 patients HCC
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Figure 2. Identification of DEGs among NAFLD and HCC. A, Heatmap of overlapping DEGs in GSE89632. B, Volcanic map of overlapping DEGs in GSE89632. C, Heatmap
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Subsequently, 1,374 co-expressed genes were
acquired through the public platform Venn di-
agram network (http:/bioinformatics.psb.ugent.
be/webtools/Venn/) (Figure 3A). A Protein-Pro-
tein interaction (PPI) network for DEGs was
established with the STRING database (Supple-
mentary Figure 1), including 1,369 nodes and
1,905 edges. Next, the network was visualized
using Cytoscape, and the top ten HGs were
screened out with the cytoHubba (Figure 3B).
According to GO analysis, the 1,374 DEGs were
involved in such biological processes as immune
receptor activity, cytokine receptor activity, and
transforming growth factor-beta (TGF-beta)
binding (Figure 3C). KEGG analysis illustrated
that DEGs were concentrated not only in on-
cogenic pathways such as transcriptional mis-
regulation in cancer, DNA replication, and Cell
cycle but also in human T-cell leukemia virus 1
(HTLV-1) infection and differentiation of Thl7

cell (Figure 3D). These findings were consistent
with the results described above.

WGCNA

By conducting WGCNA analysis on the
GSE63067 dataset of NAFLD, we selected the
appropriate soft threshold (B) to construct the
network (Figure 4A). The resulting cluster den-
drogram was then drawn to visualize the mod-
ules represented by different colors (Figure 4B).
Based on the criteria of a correlation coefficient
> (0.5 and a p-value < 0.05, we found that the
MEblue module (r = 0.53, p = 0.04) was highly
correlated with NAFLD, as shown in Figure 4C.
We further analyzed the genes in the MEblue
module, which included 222 genes, as shown in
Figure 4D.

Similarly, WGCNA analysis of the GSE41804
dataset was performed to obtain hierarchical
clustering trees and expression modules (Figure

A
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5A-B). Among these 21 modules, five modules,
including “MEgreen”, “MEblue”, “MEbrown”,
“MEgrey 60, and “MEsteelblue”, were positive-
ly correlated with HCC (MEgreen: r = 0.6, p =
4e-05; MEblue: r = 0.55, p = 2e-04; MEbrown: r
= 0.68, p = 1le-06; MEgrey 60: r = 0.78, p = 4e-
09; MEsteelblue: r = 0.59, p = 6¢-05), comprising
2,120, 1,577, 4,021, 3,184, 219, and 87 genes, re-
spectively (Figure 5C-H).

Enrichment Analysis of Common Genes
Recognized by WGCNA

There were 76 common genes identi-
fied within the NAFLD-related module and
HCC-related modules (Supplementary Figure
2A). A PPI network was composed of 101 nodes
and 14 edges (Supplementary Figure 2B).
Enrichment analysis unveiled that these genes
predominantly functioned in various biolog-

ical activities, such as desmosome organiza-
tion, axonal growth cone, ATPase-coupled ion
transmembrane transporter activity, and Hu-
man papillomavirus infection (Supplementary
Figure 2C-D).

Analysis of Common Gene Targets in
Public Databases

For the integration of the biological data that
have been reported, we used Venn diagram
software to combine NAFLD- and HCC-re-
lated genes from the CTD, DisGeNET, and
GeneCards databases. We selected 529 genes
in relation to NAFLD and 104 genes related
to HCC, yielding 34 common gene targets
between NAFLD and HCC (Figure 6A-C). Ac-
cording to the GO analysis of these 34 common
genes, they were involved in RNA regulation,
signaling receptor activator activity, protein
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phosphatase binding, and other biological pro-
cesses (Figure 6D). KEGG analysis indicated
that these genes were connected to various
metabolic pathways, such as Mitogen-activat-
ed protein kinase (MAPK) signaling pathway,
hypoxia-induciblefactor-1 (HIF-1), Phosphati-
dy-Linositol 3-kinase (PI3K)/protein kinase B
(PKB/AKT), AGE-RAGE in diabetic compli-
cations, and TNF pathway (Figure 6E). These
results further validate the role of inflammation
and immune pathways in NAFLD and HCC.
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Identification and Analysis of HGs

After intersecting the above data in the three
result sets, we identified eight HGs (CCL2, CCR2,
IL6, CSF3R, ATL2, SESN3, UROCI, FIGNLI), as
illustrated in Figure 7A. To validate the expres-
sion levels of these HGs, we detected their ex-
pression in NAFLD using the GSE58979 dataset
and in HCC using the GSE46408 dataset. Inter-
estingly, only FIGNLI was upregulated in NA-
FLD, while CCL2, IL6, CSF3R, and UROCI were
all downregulated. In HCC, FIGNLI and ALT?
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common targets between NAFLD and HCC. D, GO enrichment analysis of the common targets. E, KEGG enrichment analysis

of the common targets.

remained upregulated, while UROC! showed a
consistent trend of downregulation as in NAFLD
(Figure 7B-C). Moreover, the “survival ROC”
software tool was employed to generate receiver
operating characteristic (ROC) curves, where the
horizontal and vertical axes corresponded to the
false-positive rate and true-positive rate, respec-
tively. A larger area under the ROC curve (AUC)
indicated a higher predictive accuracy. The re-
sults indicated that the AUCs of these biomarkers
in both NAFLD and HCC were higher than 0.75,
indicating that the diagnostic capability of these
biomarkers was high (Figure 7D-E). Notably,
UROC! and FIGNLI had an AUC of 1 in HCC,
and both also showed good diagnostic values in
NAFLD, which caught our attention.

Immune Cell Infiltration

The immune cell infiltration analysis was
performed with the GSE89632 and GSEI19665
datasets. Both NAFLD and HCC had a lower

percentage of plasma cells (p < 0.001, p = 0.001)
and a higher percentage of ydT cells (p < 0.001,
p = 0.031) than the normal tissues. NAFLD had
significantly higher proportions of both M1 mac-
rophages (p = 0.034) and M2 macrophages (p <
0.001) than the normal tissues, while HCC had a
higher proportion of MO macrophages (p = 0.029)
than the normal tissues (Figure 8A-B). Next, the
correlation analysis was conducted for the HGs
and infiltrating immune cells. As can be seen in
Figure 8C for NAFLD, UROCI has a positive
correlation with resting mast cells (MCs) (p <
0.05), while SESN3 has a negative correlation
with activated CD4 memory T cells (p < 0.01)
and CD8 T cells (p < 0.05). IL6 had a negative
relationship with naive B cells (p < 0.05) and a
positive relationship with resting dendritic cells
(p < 0.05), while CCR2 had a negative relation-
ship with resting DCs and M2 macrophages (p <
0.01 for both). CCL2 had a positive relationship
with M1 macrophages (p < 0.01) and resting CD4
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memory T cells (p < 0.05), and a negative rela-
tionship with M2 macrophages and CD8 T cells
(p < 0.05 for both).

In HCC (Figure 8D), SESN3 was positively
correlated with CD8 T cells (p < 0.01), while /L6
was negatively related to monocytes (p < 0.05)
and positively related to yoT cells (p < 0.05).
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FIGNLI had a positive association with plasma
cells (p < 0.05), while CCR2 was positively cor-
related with naive B cells (p < 0.01) and CD8 T
cells (p < 0.05) and a negative correlation with
activated MCs (p < 0.05). ATL2 had a negative
correlation with resting DCs (p < 0.05) and neu-
trophils (p < 0.01).



Identification and validation of UROCT

— Control "~ Nomal
— NAFLD — Tumor
PO e s
04 03
pe0001 P00t
03 L] p=0.733
" g o0z
H
L L | AU |
02 vooor
prozse
01| o o
014 poers | PO et . p=0005
proors
g g : I !
- A K A 00 Al
£ S F S © & ‘s a
s&@“’ﬂ&f&“ﬁa o ﬁ"\,“.@s‘“ \f @”4@«*"‘ & & Pt R o G N
o & o A7 uc\@"m@@v é‘ v& 95’4}‘0‘ »"wodj\«&i‘ﬁ*@@y@‘?&*o&
5 & F &S pgég« °"*"’&"°§J\°{*@’ N & ECA R
«c,_gf@\\. Ty o & & o S ¢b PR AP g
Pt F eSS WS
St e R &
BN 1\0«‘;}‘Q
uRoct .. . uroct I
SESNS D . . . p<0001 sesne I I I . . p<0001
** p<0.01 ** p<0.01
-0 B . e
FIGNL1 . Correlaion . I Correlation
' 0.6
CSF3R . 03 CSF3R II 04
0 N 5 | | |
CCR2 CCR2
-03 -0.4
- HEw A - -
ATL2 ATL2 l D I U:I
&° SR R e ¥ & O P 2 O PP O LIRS O SRR gl
& \.p‘° e"‘\(\ & % e@ 09\\«\ 0*\ & e"\\o h@ & @‘)\\o \aoo fe\ & @\\@\ o”\soq‘e &“oﬁéé’*\i& 0\@0&*@@‘;\ \.‘,\ 3 g@ \e & \\"oo‘\ed» \/\ﬁ
¥ & b eg &S ¢ W EE FF LSO T PP L «" e & 00" B
T & ST T & &S & o g N E S S H T «‘ N \\“ @" o
5
o & &S & & & o TP e FFIEET St
& o § <! & « & Q)
* ¢ & ¢ & <
& X

Figure 8. Distribution and visualization of immune cell infiltration. A, Comparison of 22 immune cell subtypes between
NAFLD tissues and normal tissues. B, Comparison of 22 immune cell subtypes between HCC tissues and normal tissues. C,
Correlation between hub genes and infiltrating immune cells in NAFLD. D, Correlation between hub genes and infiltrating

immune cells in HCC. *p < 0.05, **p < 0.01, and ***p < 0.001.

Drug-Gene Interactions or
Potential Drug Categories

We used the DGIdb database of gene-drug
interactions to find prospective therapeutic drugs
and the interactions of CCR2, IL6, CCL2, and
CSF3R with drugs are shown in Supplementary
Figure 3.

Pan-Cancer Expression of UROCT

Based on the results, we focused on UROCI
and FIGNLI. Previous pan-cancer reports® have
demonstrated the role of FIGNLI in HCC and
other tumors, so we selected UROCI for pre-
liminary pan-cancer analysis. We compared
UROCI expression in various cancers using da-
ta from TCGA. In the COAD, STAD, HNSC,
KIRC, KIRP, READ, PAAD, PCPG, and UCEC,
UROCI was upregulated. However, UROCI was
significantly downregulated in both LIHC and
CHOL (Figure 9).

The Correlation of UROC]T Expression
with Clinical Pathological Features

To assess the correlation of UROCI expression
and various clinical pathological stages in differ-
ent cancers, we evaluated UROC! expression in
patients with cancer at stages I to IV. According to
the results obtained from the TCGA, the differen-
tial expression of UROCI between stages | and 11
and stages I and III tumor tissues was significant
in both LIHC and TGCT. In KIRC, the differential
expression of UROCI between stages [ and IV, as
well as stages I and 11, were also significant. In
KICH, only the differential expression of UROCI
between stage | and II patients’ tumor tissues
was statistically significant. In ESCA, SKCM, and
BRCA, only stage II and III tumor tissues showed
differential expression of UROCI. However, the
expression of UROCI in LUAD was only asso-
ciated with pathological stages I and III (Figure
10). In the remaining cancer samples, there was
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Figure 9. The expression level of UROCI in different cancer types from TCGA. *p < 0.05, **p < 0.01, and ***p < 0.001.

no significant correlation between UROC! and the
patient’s pathological stage.

Analysis of the Multi-Faceted Prognostic
Value of UROCT in Pan-Cancer

We evaluated the correlation between patient
prognosis and UROCI! expression in a pan-can-
cer dataset. The survival indicators included OS,
DSS, PFI, and DFI. It can be seen from the
Kaplan-Meier survival curves that UROCI ex-
pression has a significant relationship with OS in
KIRC, LIHC, THCA, LAML, and THYM (Fig-
ure 11A-E). According to the multivariable Cox
regression analysis of 33 types of cancer, UROCI
expression served as an independent prognostic
indicator for OS in DLBC, KIRC, LAML, LIHC,
SKCM, and THYM (Figure 11F).

We further determined the correlation between
UROCI expression and DSS in individuals with
cancer. Kaplan-Meier analysis indicated a cor-
relation of UROCI expression with DSS in pa-
tients with KIRC and LUAD (Supplementary
Figure 4A). Moreover, we analyzed the effects
of UROCI expression on DFI and PFI in cancer
patients (Supplementary Figure 4B-C).

Functional Enrichment Analysis of
UROCT in Pan-Cancer

To investigate the molecular mechanisms of
UROCI regulation in different cancers further,
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we carried out GO/KEGG enrichment analysis
on UROCI in 33 types of cancer. Herein, we only
present the GSEA results related to OS in five
cancers (Figure 12). In HCC, UROCI was mainly
involved in cholesterol and amino acid metabo-
lism, fatty acid synthesis, programmed cell death,
autophagy regulation, cytoplasmic DNA sensing
pathways, and Retinoic acid-inducible gene [
(RIG-1)-like receptors signaling pathways.

Correlation Between UROC] Expression
and the TME in Pan-Cancer

The connection between UROCI expression
and the TME was assessed by combining the
Immune-score and Stromal-score. The results re-
vealed a remarkable association between UROCI
expression and the Immune-Score in certain tu-
mor types, including BRCA, COAD, LAML,
LGG, PRAD, TGCT and SARC (Figure 13A). In
BRCA, KIRC, LAML, LGG, LIHC, OV, PRAD,
TGCT, THYM, and UCEC, UROCI expression
displayed a correlation with the Stromal-Score
(Figure 13B).

UROCT] is Linked with TMB, MSI, and
ICP in Pan-Cancer

TME and TMB have widely recognized char-
acteristics that are related to tumor mutation and
epigenetic alterations. According to Figure 14A,
there is an inverse correlation between UROCI
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Figure 11. Association between UROCI expression and OS in KIRC (A), LAML (B), LIHC (C), THCA (D), THYM (E). F.

Cox regression analysis.

and TMB for LUAD, THYM, and UCEC. Con-
versely, TGCT, LGG, BRCA, KIRC, and KIRP
show a positive correlation between UROCI and
TMB. Moving on to the relationship between
UROCI and MSI, our findings indicate a negative
relationship for UCEC and LIHC, while BRCA,
SARC, PRAD, LUSC, and LGG exhibit a posi-
tive relationship (Figure 14B). Furthermore, we
explored the connections between UROC! and
24 known ICP genes. Remarkably, our analy-
sis revealed strong correlations between UROCI
and the majority of ICP genes in human cancers
(Figure 14C). These findings suggest that UROCI
may play a regulatory role in tumor immunity for
these types of cancers.

Validation of the Expression of
UROCT in HCC

To validate the distinct expression of UROCI
in HCC, immunohistochemistry (IHC) was con-
ducted. Findings revealed that compared to adja-
cent tissues, HCC tissues demonstrated a signif-
icant decrease in the expression level of UROCI
(Figure 15).
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Discussion

NAFLD and HCC are widely spreading dis-
eases globally, with slow progress in the field
of treatment, causing serious impacts on human
health®-°. Therefore, seeking DEGs in NAFLD
and HCC may provide new strategies to diagnose
and treat patients with NAFLD/HCC. Through
the intersection analysis of WGCNA, DEGs, and
public databases, we identified eight HGs, in-
cluding CCL2, CCR2, IL6, CSF3R, ATL2, SESN3,
UROCI, and FIGNLI. Due to the differences in
database selection, not all these eight genes were
validated, but their roles in liver disease or other
diseases have been previously reported.

Chemokine factor CCL?2 is a cytokine that coor-
dinates the migration and localization of immune
cells within tissues®. CCL2 binding with CCR2
can regulate autophagy and cell apoptosis via the
PIK3/Akt/mechanistic target of rapamycin complex
1 (mTORC1I) pathway or activate JAK?2, triggering
downstream signaling of STATS and p38 MAPK,
recruiting monocytes and promoting cancer cell
migration and invasion leading to tumor metasta-
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Figure 12. GO and KEGG GSEA of UROCI in KIRC (A, F), LAML (B, G), LIHC (C, H), THCA (D, I), THYM (E, J).

sis*. Additionally, CCL2 can regulate cell prolifer-
ation, activation, and differentiation via the TGF-f
signaling pathway and participate in nonalcoholic
steatohepatitis, liver cirrhosis, and primary liver
cancer’>,

Interleukin-6 (IL-6) is a type of multifunction-
al inflammatory cytokine, and the continuous
activation of the /L-6 is associated with HCC
development®. By binding to its receptor, /L-6
triggers JAK to activate and phosphorylate signal
STAT-3 to initiate the downstream signaling, tak-
ing part in the process of initiation, development,
invasion, and metastasis of HCC cells*>*°, Mean-
while, /L-6 signaling can promote the production

of exosomes containing microRNA-223, thus al-
leviating NAFLD"".

The receptor of granulocyte colony-stimu-
lating factor (G-CSF) is encoded by the col-
ony-stimulating factor 3 receptor (CSF3R).
Zhang et al*® found that GCSF could participate
in lipid metabolism and the development of NA-
FLD via the GCSFR-suppressors of cytokine
signaling 3(SOCS3)-JAK-STAT3 pathway, and
insulin resistance induced by a high-fat diet
was related to rat CSF3R¥. Cases of HCC-pro-
ducing GCSF have been reported® previously.
A study* found that CSF3R is a marker of de-
pleted CD8 T cells and can predict the response
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to ICP inhibitors for HCC. New bioinformat-
ics analysis suggests that the expression level
of GCSF is correlated with the prognosis of
HCC*. GCSF and its receptors may become a
new prognostic marker for HCC, providing new
strategies to diagnose and treat HCC.

ATL1, 2, and 3 are a class of dynamin-like
GTPases localized in the endoplasmic reticulum
(ER), which mediate ER membrane fusion®. ATL
regulates various ER-associated processes, such
as autophagy, calcium homeostasis, lipid forma-
tion, and mitochondrial function**-4¢. Additional-
ly, it has been reported*’*® that ATL2 is correlated
with breast and gastric cancer metastasis, but its
mechanism in NAFLD/HCC remains unknown.
A whole-genome association study® has indicat-
ed that genes such as ATL2 play a crucial role in
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the regulation of adipose tissue morphology by
modulating the proliferation and differentiation
of precursor cells. This will help us explore the
potential mechanisms underlying the interaction
between ATL2 and NAFLD/HCC.

Sestrin3 (SESN3) belongs to a small protein
family that can act on /L-6/STAT3 to inhib-
it HCC progression®® and inhibit 7GFf-Smad3
signaling transduction, thereby regulating extra-
cellular matrix and liver fibrosis®!'. Furthermore,
SESN3 is crucial in NAFLD and HCC by in-
hibiting SMAD3 and regulating adipocytes®, as
well as directly activating mTORC2-Akt signaling
to enhance insulin sensitivity®®. Fidgetin-like 1
(FIGNLI) belongs to the ATPase superfamily and
is involved in multiple cellular activities®*. Zhen
et al?® revealed correlations between FIGNLI
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expression and LGG, KIRP, as well as LIHC
prognosis, promoter methylation, and immune
infiltration through pan-cancer analysis, which
requires further validation.

Uricase encoded by UROC] catalyzes the sec-
ond step of histidine degradation, resulting in
the hydration of uric acid to form imidazolinone
propionate®. In some case studies®, uricase de-
ficiency has been associated with intellectual
disability. Zhang et al’’” found the specific key
genes for alcohol-related HCC through bioinfor-
matics analysis, including the UROCI gene. The
study found that UROCI was downregulated in
alcohol-related HCC, which is consistent with
our observation, indicating an important role of
UROCI in HCC, but its specific mechanism re-
quires further research, and no other reports have
been found so far.

The pathogenesis of HCC originating from
NAFLD/NASH is very complex and involves
various mechanisms such as inflammation, apop-
tosis, cell cycle, and cell death®®*. Immuno-
therapy is considered a promising approach to
overcome this dilemma®. The liver is an im-
mune organ with abundant immune-active cells,
such as Kupffer cells (KCs), hepatic stellate cells
(HSCs), natural killer cells (NKs), liver sinusoi-
dal endothelial cells (LSECs), and lymphocytes,
including Natural killer T (NKT) cells, yoT cells,
and dendritic cells (DC)®". Immune cell activation
is accompanied by the production of inflammato-
ry and chemotactic factors such as TNFa, IL-1p,
1L-6, and CCL2, exacerbating liver inflammation
and damage leading to fibrosis, even progressing
to cirrhosis and HCC®. The heterogeneity of
HCC is partially explained by the characteristics
of the tumor microenvironment (TME), with the
innate and adaptive immune system cells being
the major components®.

In the innate immune system, KCs can be
activated by toll-like receptor (TLR) expression
induced by endotoxins, complement, and other
molecular patterns that are associated with patho-
gens, promoting insulin resistance, inflammation,
and even fibrosis in NAFLD patients®*¢*%, In the
HCC environment, KCs induce T-cell tolerance
and dysfunction, thereby inhibiting anti-tumor
activity®®’. The antigen uptake and presentation
of LSEC scavenger receptors play a critical role
in developing T cell tolerance under physiological
circumstances. The collagen fibers and extracel-
lular matrix components are produced by HSCs
and directly participate in liver fibrosis®%. NKs
can inhibit liver fibrosis progression by killing
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the activated HSCs”, and NKT cells are central
immune participants in the progression of liver
inflammation to liver fibrosis, which is related to
NASH to HCC progression’". Additionally, DCs
are professional antigen-presenting cells, and ma-
ture DCs not only induce anti-tumor reactive T
cells but also mediate HCC immune escape by
inducing tolerance to presented tumor antigens’.
vOT cells are unconventional T lymphocytes that
connect innate and adaptive immunity”*.

A growing body of evidence™ indicates that
adaptive immunity drives NAFLD progression,
in which T cells play a pivotal role. CD4 T cells
have multiple functional subsets, such as helper
T (Th) 1, Th2, Th17, T regulatory (Treg) cells,
and follicular helper T (Tfh) cells. CD8 T cells
are composed of cytotoxic T cells (Tc) and CD8
Treg cells. Among them, the polarization of Th2
and Thl7 responses is considered as the driving
force of liver fibrosis. CD8 T cells and their help-
er CD4CD25-Th cells are suppressed in HCC
patients, and the functional changes of these T
cells promote the occurrence and development of
HCC™77, Consistent with previous reports’>7+7,
our enrichment analysis results involved Thl,
Th2, and Thl7 cell differentiation and multi-
ple inflammation-related pathways. Our immune
infiltration analysis also revealed the roles of
different immune cells in NAFLD and HCC and
their relationship with HGs. Therefore, the role
of immunotherapy in NAFLD and HCC deserves
our attention.

Cancer poses a significant challenge to the
global population, burdening mankind with its
diverse manifestations. Throughout the entire
course of this illness, the immune system estab-
lishes an intricate connection with the malignant
growths. Our pan-cancer analysis of UROCI
explored the association of UROCI expression
with the occurrence and prognosis of multiple
cancers. Specifically, low expression of UROCI
is associated with poor clinical prognosis of liver
cancer, and its underlying mechanism may be
related to substance metabolism, programmed
cell death, and autophagy regulation. Necroptosis
promotes tumor progression and invasion, and
the crosstalk between necroptosis and autophagy
plays a role in a variety of tumors’. Autophagy
can affect cancer in various ways’"’8, and the role
of RIG-I-like receptors in tumor treatment has
been demonstrated” in liver cancer and other
cancers. The immune system activation involves
the participation of the DNA sensing pathway, in-
dicating its crucial function in suppressing tumor
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growth®. Furthermore, UROCI is closely related
to TMB, MSI, ICP, and TME. These results fur-
ther demonstrate the role of UROC! in carcino-
genesis and tumor immunity.

Limitations

However, this study has certain limitations.
Firstly, our analysis was mainly based on ret-
rospective analysis of different databases, and
all identified genes’ expressions and functions
require further validation in experimental stud-
ies. Moreover, the pan-cancer analysis results of
UROCI also need more comprehensive and de-
tailed supplementary discussions. More clinical
trials are warranted to further confirm the con-
nection between UROCI expression and patients’
clinical features and prognosis.

Conclusions

Overall, our analysis identified several novel genes
(CCL2, CCR2, IL6, CSF3R, ATL2, SESN3, UROCI,
and FIGNLI) that could serve as potential biological
and immunological biomarkers. This research ex-
pands our understanding of UROCI in the progres-
sion of malignant tumors, providing new evidence for
the broad application prospects of UROC! in the field
of HCC and other cancer research.
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