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Abstract

Background: Increasing evidence demonstrates that tryptophan metabolism is closely related to the development of
nonalcoholic fatty liver disease (NAFLD). This study aimed to identify specific biomarkers of NAFLD associated with
tryptophan metabolism and research its functional mechanism.

Methods: We downloaded NAFLD RNA-sequencing data from GSE89632 and GSE24807, and obtained tryptophan
metabolism-related genes (TMRGs) from the MsigDB database. The R package limma and WGCNA were used to identify
TMRGs-DEGs, and GO, KEGG and Cytoscape were used to analyze and visualize the data. Immune cell infiltration analysis was
used to explore the immune mechanism of NAFLD and the biomarkers. We also validated extended levels of biomarkers.

Results: We identified 375 NAFLD differentially expressed genes (DEGs) and 85 TMRGs-DEGs. GO/KEGG analysis revealed that
TMRGs-DEGs were mainly enriched in triglyceride and cholesterol metabolism. ROC curves identified CCL20 (AUC = 0.917),
CD160 (AUC = 0.933) and CYP7A1 (AUC = 1) as biomarkers of NAFLD. Immune infiltration analysis showed significant
differences in ten immune cells, and the activation of dendritic cells and mast cells were highly positively correlated with
NAFLD. CCL20, CD160 and CYP7A1 were highly correlated with M2 macrophage, neutrophil and mast cells activation,
respectively. Twenty-seven TMRGs correlated with hub genes, and gene set enrichment analysis demonstrated their
function in tryptophan- and lysine-containing metabolic process. We identified 41 therapeutic drug matches which
corresponded to two hub genes and four drugs which co-targeted CCL20 and CYP7A1. Finally, three hub genes were
validated in our mouse model.

Conclusions: CCL20, CD160 and CYP7A1 are tryptophan metabolism-related biomarkers of NAFLD, related to glycerol
ester and cholesterol metabolism. We screened four compounds which co-target CCL29 and CYP7A1 to provide potential
experimental drugs for NAFLD.
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Introduction

Nonalcoholic fatty liver disease (NAFLD) is a heterogeneous
disease with a wide spectrum of pathologies, including
nonalcoholic fatty liver (NAFL) characterized by simple
steatosis  (SS), and nonalcoholic  steatohepatitis
characterized by hepatic steatosis with inflammation and
hepatocyte ballooning, which in advanced stages gradually
develops into fibrosis, cirrhosis and hepatocellular
carcinoma (1). At present, NAFLD is considered as the
most common cause of chronic liver disease (CLD)
worldwide, and the leading cause of morbidity and
mortality of diseases associated with liver (2, 3).
Non-alcoholic steatohepatitis (NASH) was the fastest
growing cause of liver cancer deaths globally (4). The
prevalence of NAFLD was estimated to be approximately
25% in 2018, and has been increasing in parallel with
obesity and type 2 diabetes (5, 6). According to a
systematic review and meta-analysis, the total global
prevalence of NAFLD up to 2021 was estimated to be
324% (95% CI 29.9-34.9) (7). It is predicted that the
prevalence of NAFLD in 2040 will be 55.7%, which means
more than half of the adult population will suffer from this
disease (3). In addition, the global burden of NAFLD is
forecasted to continue to increase in the coming decades (8).

Furthermore, NAFLD has emerged as a multisystem
disease and is tightly linked to the risks of progressing
to extrahepatic complications, such as cardiovascular
diseases, certain types of extrahepatic cancer and type
2 diabetes mellitus, which are also the most frequent
causes of death in patients with NAFLD (9, 10).
However, to date, the treatment of NAFLD has been
based on lifestyle modifications with poor compliance
and there are still no FDA-approved drug therapies
(11, 12). As a consequence, it is vital to research
molecular mechanisms, and identify specific biomarkers
for the diagnosis and treatment of this disease.

At present, the pathogenesis of NAFLD is complex and
remains unclear (13). The development and progression
of NAFLD are recognized as a multiple-hit theory, in which
the interaction between various factors, such as insulin
resistance, adipose tissue dysfunction, diet, gut
microbiota and genetic and epigenetic inheritance, leads
to lipid accumulation, inflammation and fibrosis (14). For
the past few years, increasing evidence has revealed the key
role of gut microbiota and their metabolites, including bile
acids, tryptophan breakdown products and branched-chain
amino acids, in the pathogenesis of NAFLD (15, 16).
Tryptophan is an essential amino acid and participates in
protein synthesis in the body. In addition, the catabolism of
tryptophan in vivo consists of three pathways, including the
kynurenine pathway, the indole pathway and the serotonin
pathway (17). About 95% of ingested tryptophan is
metabolized through the kynurenine pathway, which is
mediated by tryptophan 2,3-dioxygenase (TDO),
indoleamine 2,3-dioxygenase 1 (IDO1) and indoleamine
2,3-dioxygenase 2 (IDO2), resulting in the generation of a
variety of biologically active substances, such as
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kynurenine, kynurenic acid (KA) and
3-hydroxyanthranilic acid (3HAA) (18). The indole
pathway conducts about 4-6% of tryptophan metabolism,
regulated by gut microbiota through the enzyme
tryptophanase, which is produced by various
Gram-negative and Gram-positive intestinal bacteria,
transforming tryptophan into indole and various
derivatives, including indoleacetic acid (IAA),
indoleacrylic acid and indolepropionic acid (IPA) (18, 19).
The serotonin pathway leads to the production of
5-hydroxytryptamine and melatonin controlled by

tryptophan  hydroxylase 1 (TPH1), in  which
approximately 1-2% of ingested tryptophan is
degraded (18).

Although inflammatory molecules upregulate the

kynurenine pathway through IDO1, the effect of IDO1
on the development of NAFLD is still unknown (20, 21). KA
alleviated liver steatosis through inhibiting endoplasmic
reticulum stress mediated by AMPK/autophagy and
AMPK/ORP150 signaling in a NAFLD murine model fed
with a high-fat diet (HFD) (22). Indole is an advantageous
signal for strengthening the intestinal epithelial cell
barrier, attenuates the activation of NF-kB signaling
induced by TNF-a, inhibits the expression of the
proinflammatory chemokine IL-8 and elevates the
production of the anti-inflammatory cytokine IL-10 (23).
IAA exerts a hepatoprotective effect through attenuating
insulin resistance and oxidative stress, reducing the
infiltration of F4/80+ macrophages and decreasing the
level of inflammation in NAFLD mice induced by a
HFD (24). IPA can mitigate liver inflammation and
injury by promoting intestinal barrier integrity with
increased expression of tight junction proteins,
suppressing the TLR4/NF-kB pathway, decreasing the
levels of proinflammatory molecules, and inhibiting the
expression of genes related to fibrosis and collagen
synthesis in HFD-induced steatohepatitis rats (25).
Serotonin promotes the production of reactive oxygen
species, which induces mitochondrial dysfunction
leading to hepatocellular injury in a model of NASH
established by a choline- and methionine-deficient diet
(26). Melatonin exerts liver protection in NAFLD
according to several research studies (27). Due to the
strong association between tryptophan metabolites and
the development of NAFLD, identifying targets related to
tryptophan metabolism may provide novel diagnostic
and therapeutic methods for NAFLD.

In this study, we downloaded two NAFLD datasets from
the Gene Expression Omnibus (GEO) database and
identified differentially expressed genes (DEGs) using
the limma package. Tryptophan metabolism-related
genes (TMRGs) were obtained from the Molecular
Signatures Database (MSigDB) and then used for
screening key module genes through weighted gene
co-expression network analysis (WGCNA).
Subsequently, via the application of bioinformatic
methods, including functional enrichment analysis,
protein—protein interaction (PPI) network construction,
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machine learning (least absolute shrinkage and selection
operator (LASSO) and support vector machine-recursive
feature elimination (SVM-RFE)) and receiver operating
characteristic (ROC) curves and nomogram assessment,
the crucial biomarkers related to TMRGs in NAFLD were
identified. Next, immune cell infiltration analysis and
gene set enrichment analysis (GSEA) were performed
to demonstrate differences in immune cell distribution
between NAFLD and control groups, and explore
functions associated with biomarkers. We also
analyzed diseases related to these genes, projected
potential targeted therapeutic drugs, built a competing
endogenous RNA (ceRNA) network and validated the
expression levels of biomarkers. These biomarkers may
bring new insights into the role of tryptophan metabolism
in the pathogenesis of NAFLD, and provide potential
targets for early diagnosis and drug treatment.

Materials and methods

Data collection

Two NAFLD datasets (GSE89632 and GSE24807)
encompassing gene expression data were acquired
from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/). GSE89632 contains
39 NAFLD patients and 24 controls as the training set
for analysis. GSE24807 contains 12 NAFLD patients and
5 controls, used for ROC curve and gene expression level
evaluation. TMRGs were collected from the Molecular
Signatures Database (MSigDB, http://www.gsea-msigdb.
org/gsea/msigdb) through the keywords ‘tryptophan
metabolism’ and ‘tryptophan metabolic process’, and
after removing duplication, 47 genes were included.

DEG selection in NAFLD samples and controls

DEGs were identified with the use of the limma’ R
package, and the screening criterion of |log2 FC| > 1
and P.adjust <0.05 between the NAFLD group and the
control group in GSE89632, then visualized by volcano
plot using the ‘ggplot2’ package. A heat map of the 20 most
significant upregulated and downregulated genes was
obtained through applying the ‘pheatmap’ package.

WGCNA and screening of TMRG-related
module genes

A gene co-expression network was established to select
the module genes related to TMRGs by using the ‘WGCNA’
package in R. First, using the ‘ssGSEA’ algorithm based on
the ‘GSVA’ package, the scores of TMRGs in the dataset
GSE89632 were calculated with TMRGs as the background
gene set. Second, cluster analysis was performed on the
samples to remove the outliers and ensure the accuracy
oflater analysis. Third, by taking the expression matrix of
all genes as input data to compute, the most suitable soft
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threshold was set to ensure that the interaction between
genes conformed to a scale-free distribution. Next,
adjacency was calculated based on the optimal soft
threshold, the intergenic similarity was determined
according to the adjacency, the coefficient of
dissimilarity between genes was derived, and the
systematic clustering tree between genes was obtained.
Fourth, the gene co-expression modules were separated
through the hybrid dynamic tree cutting algorithm; the
minimum number of genes in each module criterion was
150. Finally, Pearson correlation analysis was performed
between the modules and two characteristics, including
disease status (yes or no) and TMRG scores, and the key
module genes with highest relevance and statistical
significance (P < 0.05) were selected for further analysis.

Identification of TMRGs-DEGs and functional
enrichment analysis

The intersection genes of the key module genes related to
TMRGs and DEGs for NAFLD were identified via the
‘eulerr’ package, and defined as TMRGs-DEGs.
Functional enrichment analysis of TMRGs-DEGs,
including Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG), was conducted through
the use of the ‘clusterProfiler’ package in R software, with
a Pvalue criterion of <0.05. The results are shown through
a lollipop chart and a chord diagram using the R ‘ggpubr’
and ‘GOplot’ packages, respectively.

Construction of a PPI network

In order to investigate the interactions between TMRGs
and DEGs, a PPI network was constructed by applying the
STRING database (http://string.embl.de/) and setting a
confidence score greater than 0.4. Genes that had
interactions with others were acquired and visualized
with the utilization of the Cytoscape software, and
screened out for the following analysis.

Machine learning for selecting candidate
hub genes

To screen crucial biomarkers related to NAFLD TMRGs, two
machine learning algorithms were utilized. LASSO is a
method with increased prediction accuracy through
variable selection and regularization. LASSO regression
analysis was conducted with 3-fold cross-validation by
the ‘glmnet’” package in R software. SVM-RFE, an
algorithm based on SVM, was applied to select candidate
genes using the ‘€1071’ package through the process in
which, first, the importance and ranking of each gene in
TMRGs-DEGs and the error and accuracy rate of each
iteration combination were obtained, then the
combination with the lowest error rate was selected as
the best combination, and finally, the genes contained in
the best combination were taken out. The intersection of
genes screened by the two machine learning algorithms
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was shown by a Venn diagram. In addition, intersection
genes were determined as candidate hub genes.

ROC curve evaluation and
nomogram construction

ROC curves were drawn with the application of the ‘pROC’
package in the GSE89632 NAFLD training dataset and the
GSE24807 NAFLD external validation dataset to evaluate
the diagnostic value of candidate hub genes. The area
under the curve (AUC) was calculated and set to be
greater than 0.8 to acquire ideal diagnostic prediction
accuracy. In addition, the ‘rms’ package in R software was
utilized to plot nomograms based on hub genes validated
by the ROC curves. Scores were given according to the
expression levels of genes, and all the scores of the above
genes were added to be the total score, which was used to
predict the diagnostic probability of NAFLD. The higher
the total score, the greater the probability of NAFLD
diagnosis. Then, based on the nomogram prediction
model, the corresponding calibration curve was
conducted to assess the predictive ability of the
nomogram. In addition, a decision curve analysis (DCA)
curve was constructed to integrate clinical utility in the
analysis.

GSEA and correlation analysis

To further explore the functions of hub genes, GSEA was
performed through the ‘clusterProfiler’ package based on
the background gene sets of BP, CC, MF and KEGG in
MSigDB. Moreover, Spearman correlation analysis was
conducted between the expression level of every hub
gene and all genes using the ‘psych’ package, and the
correlation coefficient was used as the ranking standard.
The screening criterion of single-gene GSEA was |NES|
> 1 and P.adjust <0.05.

Immune cell infiltration analysis and
correlation analysis

The proportion of 22 types of immune cells in NAFLD
samples and control samples was calculated with the
application of the CIBERSORT algorithm (version 1.03),
and the gene set of immune cell LM22. The results were
shown using a bar graph. Then, a boxplot was drawn to
show the infiltration proportion of 22 types of immune
cells between the control and NAFLD groups, and the
Wilcoxon rank sum test was performed. Subsequently,
Spearman correlation calculations were conducted for
the immune cells, for which significant differences in
infiltration proportion were observed using the ‘psych’
package in R software, and a heat map was plotted to
display the correlation between immune cells using the
‘ggcor’ package. Next, correlations between hub genes
and infiltrating immune cells with significant
differences were calculated by Spearman correlation
analyses and visualized by the lollipop chart applying
the ‘ggplot2’ package.
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Analysis of hub gene-related diseases

The CTD database (http://ctdbase.org), which is publicly
available, was utilized to determine the co-expression
scores of liver and cardiovascular diseases (28)
associated with hub genes.

Competing endogenous RNA regulatory
network construction and functional analysis

The starBase (http://starbase.sysu.edu.cn/) and the
TargetScan (http://www.targetscan.org) databases were
applied to screen for miRNAs related to hub genes. In
addition, miRNAs screened from the starBase and
TargetScan databases were intersected, and utilized to
predict corresponding IncRNAs in the starBase database
with the selection criterion of clipExpNum >15. Then,
IncRNA-miRNA-mRNA networks were established.
Pearson correlation analysis was performed to analyze
the co-expression relationship between TMRGs and hub
genes with the threshold set as |r| > 0.3 and P < 0.05. In
addition, functional enrichment analysis of TMRGs and
hub genes was conducted using Metascape as an
annotation tool.

Prediction of drug targeting hub genes

Therapeutic drug targeting hub genes were obtained
from the CTD database with the screening condition of
reference count >2, and the interaction network between
targeted drugs and hub genes was visualized through
Cytoscape software.

Validation of expression of hub genes

The differences in expression levels of hub genes were
visualized and compared between control groups and
NAFLD groups in the GSE89632 training dataset and the
GSE24807 external validating dataset. Furthermore,
t-tests were performed between different groups.
Twelve male C57 mice (6-7 weeks old) were
purchased from the Laboratory Animal Center of
Nanchang University (Nanchang, China). After
purchasing, the mice were adaptively reared for
7 days and then six mice were fed with a HFD (basic
diet + supplementary ingredients (2% cholesterol + 10%
lard + 0.2% propylthiouracil + 0.5% sodium cholate)) for
8 weeks, and after 14 days of high-fat feeding,
intraperitoneal injection of 5% CCl, edible oil was
performed, two times a week. The other six mice
were fed with a normal diet. Oil Red O and
hematoxylin-eosin (H&E) staining of liver tissue
sections was performed. Moreover, RT-qPCR was
performed for expression validation at the animal
level; primers and sequences are provided in
Supplementary Table 1 (see section on Supplementary
materials given at the end of the article).
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Statistical analysis

R software was applied for all analyses related to
bioinformatic methods. The Wilcoxon rank sum test
was performed to compare the immune cell infiltration
proportion, and Student’s t-tests were conducted to make
a comparison with the different expression of hub genes
between the control group and the NAFLD group. Pearson
correlation analysis was utilized to investigate the
correlations between different variables. P-value <0.05
was regarded as having statistical significance.

Results

Identification of NAFLD DEGs

In total, 375 DEGs were identified by the ‘limma’ package
between the control group and the NAFLD group in the
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GSE89632 dataset, encompassing 126 upregulated genes
and 249 downregulated genes (Fig. 1A). NAFLD DEGs are
depicted in a volcano plot, and the top ten most significant
upregulated and downregulated DEGs are shown by heat
map (Fig. 1B).

Identification of key module genes related
to TMRGs through WGCNA

WGCNA was performed to screen the crucial module
genes related to TMRGs. The optimal soft threshold was
determined as 8 = 15 (scale-free R2 = 0.9) to ensure the
interaction network of genes in accord with a scale-free
distribution to the maximum (Fig. 1C and D). The result of
a clustering analysis of samples is shown by a clustering
dendrogram with two outlier samples, with GSM2385767
and GSM2385782 removed. Through the utilization of a
hybrid dynamic tree cutting algorithm, ten gene modules
were identified and are represented in different colors.
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Figure 1

Identification of TMRGs-DEGs in NAFLD. (A) A
volcano map indicating DEGs in the control and
NAFLD groups. (B) A circular heat map depicting
expression of the top ten overexpressed DEGs
and top ten underexpressed DEGs. (C & D)
Selection of the soft threshold for WGCNA. (E)
Heat map illustrating correlation coefficients and
Pvalues of each module in the WGCNA results. (F)
Venn diagram revealing final TMRG-DEG
selection.
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The relevance between the gene modules and two traits
encompassing disease state (yes or no) and TMRG scores
was obtained by the heat map, and the brown module,
which contains 1,596 genes and has the highest
correlation with NAFLD (correlation coefficient = 0.75,
p = 2e-12) and TMRGs (correlation coefficient = 0.51,
p = 3e-0.5), was considered as the key module for
subsequent analysis (Fig. 1E).

Identification of TMRGs-DEGs and functional
enrichment analysis

A total of 85 genes obtained from the intersection of 375
DEGs and the 1,596 module genes were regarded as
TMRGs-DEGs and are shown by a Venn plot (Fig. 1F).
Next, functional enrichment analyses including GO and
KEGG were conducted to explore and understand the
biological functions and related pathways for the
intersection genes. GO enrichment analysis indicated
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that a total of 244 items were significantly enriched,
including 233 items of biological processes (BP),
8 items of cellular components (CC) and 13 items of
molecular functions (MF). ‘Positive regulation of cell
adhesion’, ‘glycerolipid biosynthetic process’, ‘apical
plasma membrane’, ‘mitotic spindle’ and
‘O-acyltransferase activity’ were the items in which
the intersection genes were mainly enriched. The
top eight items of BP, CC and MF ordered by P-value
from small to large are visualized by a lollipop graph,
and the top eight items overall are shown in a chord
diagram. KEGG analysis demonstrated that the
intersection genes were chiefly enriched in seven
pathways, including ‘glycerolipid metabolism’, ‘PD-L1
expression and PD-1 checkpoint pathway in cancer’,
‘fat  digestion and  absorption’, ‘cholesterol
metabolism’, ‘cytokine-cytokine receptor interaction’,
‘bile secretion’ and the °‘IL-17 signaling pathway’
(Fig. 2A, B, Q).

Figure 2

Functional background of the TMRGs-DEGs. (A)
Lollipop chart of the general results of the GO
enrichment analysis. (B & C) Chord diagram of
several significant pathways and the
corresponding genes in the results of (B) GO and
(C) KEGG enrichment analysis.
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Construction of PPI network

A PPI network was established to explore the interaction
relationship between TMRGs and DEGs. Thirty genes that
have interaction with other genes were screened out of
the following analysis (Fig. 3A).

Screening of candidate hub genes through
machine learning

Two machine learning algorithms, including LASSO and
SVM-RFE, were utilized to identify the candidate hub
genes. Six candidate genes were obtained via LASSO
regression analysis: ASPM, CCL20, CD160, CYP7A1, PPAN
and RTP4 (Fig. 3B and C). As shown in the figure of
SVM-RFE analysis, when the number of genes was 21,

the error rate was the lowest at 0.0666 and 21 genes
were selected as candidate genes: CD160, CYP7A1,
ABHDS8, CKAP2, ASPM, RRP12, PLSCR1, URB2, GPAM,
MOGAT1, CCL20, KIF22, PAQR7, OSMR, DHODH, CD3G,
AFP, LIF, BATF3, ABCG8 and TBX3 (Fig. 3D). Then, four
candidate hub genes (ASPM, CCL20, CD160 and CYP7A1)
were determined by the intersection of the six genes from
the LASSO analysis and the 21 genes from the SVM-RFE
analysis (Fig. 3E).

Identification of hub genes related to TMRGs
via ROC curves and nomogram construction

In order to evaluate the capability of the four candidate
hub genes to distinguish NAFLD samples from control
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samples, a ROC curve was plotted in the training dataset;
the results demonstrated that the AUCs of all four
candidate hub genes were greater than 0.8. The details
were as follows: ASPM (AUC: 0.942), CCL20 (AUC: 0.895),
CD160 (AUC: 0.93) and CYP7A1 (AUC: 0.964) (Fig. 3F). The
results of further ROC analysis for four genes in the
external validation dataset indicated that the AUCs of
three genes, CCL20, CD160 and CYP7A1l, were greater
than 0.8. The details were as follows: ASPM
(AUC: 0.617), CCL20 (AUC: 0.917), CD160 (AUC: 0.933)
and CYP7A1 (AUC: 1) (Fig. 3G). As a consequence,
CCL20, CD160 and CYP7A1 were determined as the hub
genes, and defined as biomarkers for NAFLD related to
TMRGs. Subsequently, a nomogram was drawn for the
three biomarkers with regression equation y = 56.392 +
(0.198)*CCL20 + (2.751)*CD160 + (2.014)*CYP7A1 (Fig. 4A).
In addition, the corresponding calibration curve was
plotted based on the nomogram prediction model
(Fig. 4B). The slope of the calibration curve was close to
1, which demonstrated that the accuracy of the
nomogram model and the diagnostic value of the three
biomarkers was good. Moreover, the DCA curve was
plotted according to the three biomarkers and the
nomogram model, a multi-factor logistic regression
model (Fig. 4C). The results indicated that the benefit
value of all three biomarkers was high and the benefit
value of the nomogram model was higher than that of
a single biomarker. The utilization of the DCA curve
demonstrated the clinical feasibility of the
nomogram model.

T T
0.4 0.6
High Risk Threshold

hub genes. (B) Calibration curve of the
nomogram. (C) DCA curve of the nomogram and
the four hub genes.

T
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Immune cell infiltration analysis and
correlation analysis

The results of the Wilcoxon rank sum test demonstrated
that the infiltration proportion of ten immune cells in the
control group and the NAFLD group was significantly
different, including naive B cells, gamma delta T cells,
monocytes, M1 macrophages, M2 macrophages, resting
dendritic cells, activated dendritic cells, resting mast cells,
activated mast cells and neutrophils. In comparison with
the control group, the levels of gamma delta T cells, M1
macrophages, M2 macrophages, resting dendritic cells and
resting mast cells were elevated, and the levels of naive
B cells, monocytes, activated dendritic cells, activated mast
cells and neutrophils were lower in the NAFLD group,
which is shown by a boxplot (Fig. 5A). A bar graph shows
the proportion of 22 types of immune cells in each sample of
the control group and the NAFLD group (Fig. 5B).
Correlations between ten immune cells are displayed by
a heat map, which demonstrates the highest negative
correlation between activated mast cells and resting mast
cells (r = —0.865, P < 0.001), and the greatest positive
correlation between activated dendritic cells and
activated mast cells (r = 0.752, P < 0.001) (Fig. 50). A
lollipop chart depicts correlations between the expression
levels of three hub genes and the ratios of ten immune cells.
CCL20, CD160 and CYP7A1 had the highest correlation with
M2 macrophages (r = —0.899, P < 0.0001), neutrophils
r —0.716, P < 0.0001) and activated mast cells
(r = —0.770, P < 0.0001), respectively (Fig. 5D, E, F).
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Immune microenvironment mediated via the four hub genes in NAFLD. (A) Differences in infiltration of 22 immune cell types between control and
NAFLD groups. (B) The general landscape depicts the proportion of each immune cell in the control and NAFLD groups. (C) A correlation heat map for the
22 immune cells. (D-F) Lollipop chart indicating correlation between the infiltration score of immune cells and the expression of (D) CCL20, (E) CD160
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Analysis of diseases related to three hub genes

Bar plots depict the co-expression scores of three hub
genes with various liver and cardiovascular diseases, and
demonstrates that all three hub genes target these
diseases; moreover, the scores of CCL20 with heart
diseases, CD160 with hypertension and CYP7A1 with
fatty liver were the highest (Fig. 6A, B, C).

ceRNA regulatory network construction for
three hub genes and functional analysis
with TMRGs

A total of 20 miRNAs were selected by the intersection of
41 miRNAs in the starBase database and 1,103 miRNAs in
the TargetScan database, based on the prediction of three
hub genes. Then, 53 IncRNAs corresponding to 20 miRNAs
were obtained from the starBase database. The ceRNA
network, including 3 mRNAs, 20 miRNAs and 53 IncRNAs,
was constructed as ‘IncRNA-miRNA-mRNA’ with 166
pairs of action relationships (Fig. 6D). In addition, 27
TMRGs were selected through Pearson correlation
analysis according to the correlations of TMRGs with
three hub genes. Functional analysis was performed
based on 3 hub genes and 27 TMRGs, which
demonstrated that these genes were enriched in
12 clusters, including ‘tryptophan metabolism’,
‘indole-containing compound metabolic process’ and
‘lysine degradation’.

Drug prediction related to three hub genes

A total of 41 therapeutic drugs corresponding to two hub
genes (CCL20 and CYP7A1) were obtained from the CTD
database, and compounds with potential therapeutic
effects associated with CD160 were discovered. The
relationship between the 2 hub genes and 41 targeted
drugs was visualized by a network diagram, which
demonstrates that four compounds, including sodium
arsenite, cyclosporine, benzo(a)pyrene and
tetrachlorodibenzodioxin, were the common targeted
drugs for CCL20 and CYP7A1 (Fig. 6E).

Validation of the expression of three hub genes

As shown in the figure, compared with the control group,
the expression levels of CD160 and CYP7A1 in the NAFLD
group were significantly elevated in both the training
dataset (GSE89632) and the external validating dataset
(GSE24807). In contrast, the expression of CCL20 in the
NAFLD group was lower compared with the control group
in the two NAFLD datasets; however, while the change in
the training dataset was statistically significant, the
change was not statistically significant in the external
validating dataset (Fig. 6F and G). Moreover, we
constructed a mouse model to verify our three hub
genes at the animal level. HE staining and Oil Red O
staining further revealed the successful establishment
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of our NAFLD model (Fig. 7A). In addition, expression
of the three hub genes was further validated via qPCR, in
which CD160 and CYP7A1 exhibited the same significant
trend in NAFLD, while the expression difference of CCL20
was insignificant and opposite (Fig. 7B and C).

Discussion

NAFLD is regarded as not only the most common cause of
CLD worldwide but also a multisystem disease and a
growing healthcare burden due to NAFLD is projected
in the coming decades (2, 8, 9). Increasing evidence has
demonstrated the potential contributory role of
tryptophan metabolites mediated by the gut microbiota
in the development of NAFLD (16). Identifying tryptophan
metabolism-related biomarkers is important to further
explore and understand the pathogenesis of NAFLD. In
this study, the key module genes associated with TMRGs
determined by WGCNA and DEGs, obtained by
differential expression analysis of genes, were
intersected and functional enrichment analysis was
performed on the intersection genes defined as
TMRGs-DEGs; these analyses indicated that lipid
metabolism and inflammatory pathways were mainly
enriched. Then, three hub genes related to TMRGs,
including CCL20, CD160 and CYP7A1, were screened out
as biomarkers through the construction of a PPI network,
the application of two machine learning algorithms and
the evaluation of ROC curves, which displayed ideal
diagnostic values for all three biomarkers in the
training and external validation datasets. In addition,
validation of biomarker expression in the training set
and the external validation set demonstrated that,
compared with the control group, CD160 and CYP7A1
were significantly upregulated in the NAFLD group.
These biomarkers may provide novel targets and bring
new methods for diagnosing and treating NAFLD.

The GSE89632 dataset was derived from a cross-sectional
study at the University Health Network in Toronto,
Canada, in which 39 NAFLD samples, including 20 SS
and 19 NASH samples, were obtained from patients
aged older than 18, diagnosed by liver biopsy after
excluding other liver diseases and comorbidities from
March 2007 to November 2011, and 24 healthy control
samples were obtained from normal patients without
hepatic steatosis or fibrosis on imaging or histologic
examination (29). The 12 NASH samples of the
GSE24807 dataset were obtained from patients aged
9-19 years and diagnosed by liver biopsy at the State
University of New York, USA, between July 2010 and
September 2013, and the five control samples were
obtained from healthy donor livers used for liver
transplantation from Admet Technologies (30, 31). In
this study, GSE89632 was used as a training set to
screen out DEGs in NAFLD versus controls, while
GSE24807 was used for ROC curves and expression
validation analysis. It is clear that the GSE89632 dataset
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Figure 6

Further exploration of the role of hub genes. (A-C) Relationship between the cardiovascular or liver diseases and (A) CCL20, (B) CD160 and (C) CYP7A1.
(D) ceRNA network for the three hub genes. (E) Drug-mRNA network of the three hub genes. (F & G) Expression difference of the three hub genes in the

(F) training set and (G) validation set.
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Figure 7

Verification of the three hub genes in the NAFLD animal model.

(A) HE staining and Oil Red O staining confirmed the successful
establishment of the NAFLD mouse model. (B & C) Expression difference
of (C) CD160 and (D) CYP7A1 at the mRNA level via qPCR.

is concerned about adult patients in Canada, while
GSE24807 is from children in the USA; neither dataset
had a large sample size. However, strict inclusion and
exclusion criteria, and data quality control ensured the
accuracy of genetic information. These datasets are not
representative of global NAFLD patients, and further
research should at least concentrate on populations in
Asia and Africa.

LASSO and SVM-RFE are two commonly used machine
learning algorithms in bioinformatics. LASSO is a
regularized linear logistic regression analysis method
that minimizes the overfitting that may occur with
high-dimensional data (32, 33). However, when
analyzing data in the biomedical field, especially
genomic data, there are problems of unstable handling
of correlated variables and inconsistent selection of
linear dependent variables, which can be solved by
using Precision Lasso, a LASSO variant (34). Based on
the nonlinear discriminative property, SVM-RFE
recursively eliminates the least important variables,
models the remaining variables and then compares
them to filter out the best combination of variables
(35, 36). Biomedical research has a specific need to
filter the variables most relevant to the outcome and
understand the strength of their association, and the
SVM-RFE algorithm leaves room for further research
and performance improvement in this field (37). In this
study, prediction accuracy was enhanced for the
intersection of genes screened by both LASSO and
SVM-RFE methods.
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NAFLD is also known as metabolism-associated fatty liver
disease (MAFLD). In a study to identify metabolism-
related biomarkers in NAFLD, four genes were
screened out: AMDHD1, FMO1, LPL and P4HA1l (38).
FMO1 and P4HA1 are hub genes for NAFLD, AMDHD1
is associated with liver regeneration, of which expression
was downregulated in NAFLD, and LPL is associated with
lipid metabolism (38). Although similar bioinformatic
methods were used, the four genes related to
metabolism in the study mentioned above have no
intersection with genes screened out in this study,
which may be the result of the difference between cell
metabolism and tryptophan catabolism mediated by gut
microbiota. Another bioinformatic study exploring
biomarkers for different stages of NAFLD demonstrated
that ACSS2, PCSK9 and CYP7A1 were candidate genes for
SS, while ANGPTL3, CD36, CYP51A1, FASN, FAS, FDFT1
and LSS were candidate genes for NASH (39). In this
study, CYP7A1 was also identified as a hub gene of
NAFLD, which was consistent with the results of the
above study, indicating that CYP7A1 may be a
diagnostic biomarker for early-stage NAFLD. In a study
analyzing hepatic transcriptome data using robust rank
aggregation and bioinformatic methods, the top ten genes
in NASH patients (SPP1, FBLN5, CHI3L1, CCL20, CD24,
FABP4, GPNMB, VCAN, EFEMP1 and CXCL10) were
upregulated and their functions were focused on
extracellular matrix-related pathways or immune-
related pathways, which are transcriptomic features
associated with NASH progression and fibrosis severity
(40). In this study, the expression level of CCL20 was
downregulated in NAFLD compared with the control
group, which was not consistent with the results
mentioned in the above study and needs further
research to verify. Chronic lipid overaccumulation in
hepatocytes and disruption of lipid metabolism create a
lipotoxic environment, leading to hepatocyte death and
release of ALT; thus, elevated circulating ALT levels in
patients with MAFLD were observed and ALT was
regarded as a risk marker for MAFLD (41, 42, 43).
However, in a retrospective cohort study, a significant
proportion of MAFLD patients had normal circulating
levels of ALT, which may restrict the appliance of ALT
in clinical settings (44). Currently, the gold standard for
NAFLD diagnosis is liver biopsy, an invasive test with
limited clinical application. The identification of
NAFLD-related markers can not only contribute to
diagnose and intervene in NAFLD as early as possible,
to avoid progression to cirrhosis or hepatocellular
carcinoma, but also to be conducive to improve the
understanding of the pathogenesis of NAFLD and
search for effective drug therapy targets.

Cysteine-cysteine motif chemokine ligand 20 (CCL20),
also known as macrophage inflammatory protein 3a
(MIP-3a), exodus-1 and liver- and activation-regulated
chemokine (LARQ), is a low molecular weight cytokine
and a member of the CC chemokine family, which exerts
its effect by acting specifically on C-C chemokine receptor
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6 (CCR6) (45). The SCYA20 (small inducible cytokine
family A (Cys-Cys), member 20) gene, localized to
chromosome 2q33-q372, encodes the CCL20 protein,
which consists of 70 amino acids (46, 47). The primary
cell types producing CCL20 in the liver are macrophages
and hepatic stellate cells (48). It was found that the
expression of miR-590-5p was low in biopsy samples of
patients with NAFLD fibrosis, resulting in attenuated
inhibition of the expression of CCL20, consistent with
the observation of elevated CCL20 in the progression of
NAFLD and the aggravation of NAFLD histological
changes (49, 50). Serving as an inflammatory
chemokine, CCL20 is upregulated in hepatic stellate
cells and mediates the recruitment of immature
dendritic cells, which secrete various inflammatory
molecules involved in the progression of the fibrosis
process in NAFLD (51). CCL20, associated with the
development of NAFLD fibrosis, may serve as a
potential target for NAFLD (51).

Cluster of differentiation 160 (CD160) is a glycoprotein
anchored on the cell membrane by
glycosylphosphatidylinositol (GPI), and a member of
the immunoglobulin superfamily expressed on the
surface of natural Kkiller cells and cytotoxic T-cell
subsets (52, 53). The CD160 gene is localized to human
chromosome 1g21.1, contains six exons and encodes the
CD160 protein composed of 181 amino acid residues
(53, 54). CD160 interacts with major histocompatibility
complex class Ia and Ib molecules in a low-affinity way,
which triggers the cytotoxic function mediated by
circulating natural killer cells and the secretion of
cytokines, such as interferon gamma (IFN-y), tumor
necrosis factor alpha (TNF-a) and interleukin 6 (IL-6)
(55, 56). Serving as a coinhibitory molecule, CD160
binds with HVEM on the surface of antigen-presenting
cells to provide a negative regulatory signal to the
activation of CD4(+) T cells (57, 58). CD160, interacting
with HVEM, exerted BTLA-dependent inhibition of
NKT cells, which may serve as a potential target for
treating acute inflammatory diseases in the liver (59).
However, at present, no studies have reported the
association of CD160 with the development of
NAFLD and more research studies need to be
conducted to reveal the role of CD160 in the
pathogenesis of NAFLD.

Cholesterol 7 alpha-hydroxylase (CYP7A1) is a member of
the cytochrome P450 family 7 subfamily A1 and is located
in the microsome of hepatocytes, which is a substrate-
specific and rate-limiting enzyme catalyzing the
conversion of cholesterol to bile acids in the classic
pathway (60). The CYP7A1 gene, also known as human
7a-hydroxylase gene (CYP70), is located on chromosome
8q11-q12, contains five introns and six exons, and
encodes the CYP7A1 protein consisting of 503 amino
acid residues (61, 62). The FGF19/FGFR4/Erk1/2
signaling pathway in hepatocytes may mediate the
inhibition of bile acid synthesis via downregulated
CYP7A1 (63). The transcriptional factor hepatocyte
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growth factor suppresses the expression of CYP7A1 by
the c-Jun, JNK1/2 and ERK1/2 signaling pathways (64). In
addition, miR-122, which is considered as the liver-
specific miRNA, was demonstrated to inhibit CYP7A1
via lowering mRNA stability and the expression of
miR-122 was reduced in NASH (65, 66, 67). CYP7A1 was
shown to be negatively regulated by miR-17 and may be
involved in the process of hepatocellular steatosis, which
was consistent with the results of a bioinformatic
research study (39, 68). CYP7A1 may serve as an early
diagnostic biomarker for NAFLD intervention and a
potential therapeutic target by regulating cholesterol
metabolism for NAFLD.

In this study, a ceRNA network was established
comprising of 3 mRNAs, 20 miRNAs and 53 IncRNAs,
some of which were shown to be associated with the
pathogenesis of NAFLD. Hsa-miR-21-5p plays a crucial
role in the development of NAFLD from SS- to
NASH-associated liver cancer (69). It was observed that
the expression of IncRNA MIR22HG and IGF1 was
downregulated, while miR-9-3p was upregulated in
NASH patients, and it was also demonstrated that the
overexpression of MIR22HG attenuated the emergence
and progression of NASH through inhibiting fibrosis and
pyroptosis, and promoting autophagy via the
miR-9-3p/IGF1 pathway (70). IncRNA NEAT1, binding to
microRNA-140, exerts a key role in the progression of
NAFLD by inactivating the AMPK/SREBP-1 signaling
pathway and the reduction of NEAT1 attenuated
NAFLD through mTOR/S6K1 signaling (71, 72). IncRNA
MALAT1 facilitated lipid accumulation in the liver
mediated by the PPARa/CD36 pathway in NAFLD, by
regulating the miR-206/ARNT axis (73). IncRNA H19
facilitates liver lipogenesis through directly regulating
the miR-130a/PPARy pathway, and promotes hepatic
steatosis by increasing the transcription of MLXIPL and
activating the mTORC1 signaling pathway in NAFLD
(74, 75). Further validations are needed to explore the
interactions revealed by ceRNA.

It was demonstrated that higher serum levels of CCL20
compared with healthy people were related to ischemic
heart disease (76), and overexpressed CCL20 was
determined in atherosclerotic lesions (77). It was
indicated that cardiac fibroblasts secrete CCL20 to
chemotactic Th17 cells infiltrating the heart muscle
(78). CCL20 was associated with various heart diseases,
which was consistent with the results of the analysis in
our study. Although our study found a strong association
between CD160 and hypertension, at present, the role of
CD160 in the development of heart diseases has not been
reported. The CYP7A1 protein was a rate-limiting enzyme
in the synthesis of bile acids, whose change in both liver
and intestine was demonstrated to promote the
development of NAFLD in relevant preclinical models
(79). Thus, CYP7A1 may be a potential therapeutic
target in NAFLD through regulating synthesis of
bile acids.
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In this study, a total of 41 drugs targeting two biomarkers
(CCL20 and CYP7A1) were found. Cyclosporine A (CsA)
and its analogs, which were considered as potent and
typical cyclophilin inhibitors, exerted protective effects in
NASH by preventing mitochondrial dysfunction, reducing
ROS production and interdicting cell death mediated by
the mitochondrial permeability transition (80). It has
been demonstrated that the level of plasma cholesterol
increased in CsA-treated rats, which was associated with
the significant reduction of CYP7A1 (81). At present, the
relationship between CsA and the expression of CCL20
has not been reported. Ursodeoxycholic acid (UDCA)
inhibited apoptosis and induced autophagy through
regulating the interaction between the Bcl-2/Beclin-1
complex and the Bcl-2/Bax complex, with the activation
of AMPK in a rat model of NAFLD (82). It was reported that
the administration of UDCA in a mouse model of NASH
had Dbeneficial effects, including improving gut
microbiota and intestinal barrier integrity, and
reducing the level of inflammation in the liver (83). It
was indicated that the mRNA level of CYP7A1 was
unaffected by UDCA treatment (84). GW4064, through
activating farnesoid X receptor (FXR), mitigated
inflammation in the liver, and downregulated the
levels of apoptosis and proinflammatory molecules
induced by endotoxin in a NAFLD mouse model (85).
The FXR agonist GW4064 elevated the expression of
adipokines and  corresponding  receptors in
preadipocytes and HepG2 cells, which may be a novel
way to prevent the progression of NAFLD (86). Estradiol,
which is considered as a potent endogenous antioxidant,
was demonstrated to attenuate hepatic steatosis and
inhibit liver fibrosis in animal models (87, 88). It was
indicated that the expression of CYP7A1 was
upregulated and the activity of cholesterol 7alpha-
hydroxylase was elevated with the administration of
the natural estrogen 17beta-estradiol (E2) wunder
physiological doses, which disappeared with high-dose
treatment (89). Obeticholic acid, which is regarded as a
selective FXR agonist that has liver protective properties,
has been studied for the treatment of NASH. Obeticholic
acid exerts its effects through a novel mechanism, where
lipid accumulation in the liver is inhibited through the
direct suppression of the activation of the NLRP3
inflammasome in macrophages; its combination with
lipid peroxidative inhibitors improved the antifibrotic
effect (90, 91, 92). A diet with less saturated fat and
increased unsaturated fat is supported for the
treatment of NAFLD (93). It was demonstrated that the
activity of cholesterol 7alpha-hydroxylase was increased
in animals fed with a diet rich in unsaturated fatty acids
compared with those with saturated fatty acid feed, and
the mRNA level of CYP7A1 was upregulated after the
administration of a monounsaturated fatty acid diet (94).

Compared with the control group, the expression levels of
CD160 and CYP7A1 in the NAFLD group were significantly
increased in both the training and external validation
datasets, while the expression of CCL20 in the NAFLD
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group was decreased in the two datasets, although the
decrease was not statistically significant in the external
validation dataset. However, it was demonstrated that
CCL20 was elevated in NAFLD, which is not consistent
with the verification results in the two datasets (51). At
present, the role of CD160 in the pathogenesis of NAFLD
has not been reported. The expression of CYP7A1 was
upregulated in NAFLD, which contributed to the synthesis
of bile acids and is consistent with the validation in the
two datasets (95).

The CCR6 ligand CCL20 is regarded as the marker gene of
M2 macrophages. Secretion of the cytokine CCL20 is
closely linked to M2 polarization, and the chemokine
axis CCR6/CCL20 is involved in cancer progression in a
variety of tumors, such as prostate cancer (96), melanoma
(97) and hepatocellular carcinoma (98). It was observed
that the level of CCL20 elevated with gradual worsening
lesions of liver histology in NAFLD patients (50). The
TMA4SF5-dependent chemokine secretion of hepatocytes,
including CCL20 and CXCL10, induced macrophage
reprogramming from  proinflammatory M1-type
macrophages to pro-fibrotic M2-type macrophages,
leading to the progression of NASH to hepatic fibrosis
(99). In addition, visfatin upregulated the expression of
CCL20 through activating the NF-«B and MKK3/6-p38
signaling pathways in macrophages, promoting
expression of fibrosis markers in hepatic stellate cells,
which demonstrated that the secretion of CCL20 by
macrophages might play an important role in the
progression of liver fibrosis (100).

CD160 is a molecular marker on the surface of cytotoxic
NK cells, it exists as a GPI or transmembrane protein, and
it is predominantly expressed in the cytotoxic subset of
NK cells (CD56dim/CD16+). In NK cells, CD160 enhances
cell activation and cytotoxicity, and activates the
secretion of cytokines IFN-y, IL-6, IL-8 and TNF-a. It has
been shown that NKT-CD160 and marginal zone B clusters
were decreased in both convalescent moderate and
severe cases (101). The functions and mechanisms of
the interactions between CD160 and neutrophils have
not yet been reported in the literature.

CYP7A1 is the key regulatory molecule in the synthesis of
bile acids from cholesterol. It was demonstrated that the
expression level and secretion of IL-1f and TNF-a in
macrophage cell lines and Kupffer cells were elevated
through TGRS activation, which suppressed the
expression of CYP7A1 in hepatocytes (102). In this
study, the highest correlation between CYP7A1 and
activated mast cells was identified through immune cell
infiltration analysis. However, the interaction of CYP7A1
and mast cells in the pathogenesis and progression of
NAFLD has not been reported.
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