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Abstract

Background Non-alcoholic fatty liver disease (NAFLD) is one of the most common chronic liver diseases. NAFLD
leads to liver fibrosis and hepatocellular carcinoma, and it also has systemic effects associated with metabolic
diseases, cardiovascular diseases, chronic kidney disease, and malignant tumors. Therefore, it is important to diagnose
NAFLD early to prevent these adverse effects.

Methods The GSE89632 dataset was downloaded from the Gene Expression Omnibus database, and then the
optimal genes were screened from the data cohort using lasso and Support Vector Machine Recursive Feature
Elimination (SVM-RFE). The ROC values of the optimal genes for the diagnosis of NAFLD were calculated. The
relationship between optimal genes and immune cells was determined using the DECONVOLUTION algorithm
CIBERSORT. Finally, the specificity and sensitivity of the diagnostic genes were verified by detecting the expression of
the diagnostic genes in blood samples from 320 NAFLD patients and liver samples from 12 mice.

Results Through machine learning we identified FOSB, GPAT3, RGCC and RNF43 were the key diagnostic genes for
NAFLD, and they were further demonstrated by a receiver operating characteristic curve analysis. We found that

the combined diagnosis of the four genes identified NAFLD samples well from normal samples (AUC=0.997). FOSB,
GPAT3, RGCC and RNF43 were strongly associated with immune cell infiltration. We also experimentally examined the
expression of these genes in NAFLD patients and NAFLD mice, and the results showed that these genes are highly
specific and sensitive.

Conclusions Data from both clinical and animal studies demonstrate the high sensitivity, specificity and safety
of FOSB, GPAT3, RGCC and RNF43 for the diagnosis of NAFLD. The relationship between diagnostic key genes and

immune cell infiltration may help to understand the development of NAFLD. The study was reviewed and approved
by Ethics Committee of Tianjin Second People’s Hospital in 2021 (ChiCTR1900024415).
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Introduction

Non-alcoholic fatty liver disease (NAFLD) is one of the
most common chronic liver diseases, that affects one
in four adults worldwide [1]. The current global preva-
lence of NAFLD is about 25.2% and is expected to reach
33.5% by 2030 [2]. At the beginning of the 21st century,
the prevalence of NAFLD in China was estimated to be
23.8% (95% CI: 16.4-31.2%). In 2018, the NAFLD preva-
lence reached 32.9% (95% CI: 28.9-36.8%). By 2030, the
total number of NAFLD patients in China is expected
to increase up to 314.58 million and is expected to reach
50.8%, making it the fastest-growing country in the world
in terms of NAFLD prevalence [3].

NAFLD is a clinicopathological syndrome charac-
terized by diffuse bullae of fat in hepatocytes [4]. The
inflammatory subtype of NAFLD is nonalcoholic steato-
hepatitis (NASH), which can progress to cirrhosis and
even hepatocellular carcinoma [5]. NAFLD is a risk fac-
tor for chronic kidney disease [6], cardiovascular disease
[7], and sleep apnea [8]. In addition to that, NAFLD may
remain silent for several years before the manifestation
of its representative symptoms and structural changes
become visible in a radiography [9]. Therefore, early diag-
nosis of NAFLD is essential to delay the progression of
the disease and for the treatment [10].

Unfortunately, there is still a lack of such early diagnos-
tic tools in clinical practice [11]. At present, liver biopsy
remains the gold standard for NAFLD diagnosis, despite
the limitations regarding sampling variability, invasiv-
ity, and high cost. Early detection of hepatic steatosis is
the first step in the diagnosis of NAFLD [12], and non-
invasive assessment models such as the fatty liver index
and the hepatic steatosis index are the initial strategies
suitable for use in primary care hospitals as a screen for
hepatic steatosis [13]; in terms of imaging, ultrasound,
although widely available, has a low sensitivity for mild
hepatic steatosis, and therefore is not recommended as
a tool for screening for hepatic steatosis in the AASLD
guidelines [14, 15]. Controlled attenuation parameters
allow for immediate semiquantitative assessment and
are gradually becoming more widely used, whereas the
proton density fat fraction of MRI is the most accurate,
reproducible, and precise means of quantifying hepatic
steatosis, but is now used only for clinical research due
to cost and patient acceptance [16]. Therefore, the devel-
opment of new diagnostic biomarkers that can reflect
the entity of liver injury is critical for early diagnosis and
treatment of NAFLD [17, 18].

With the development of high-throughput gene micro-
array technology, researchers can analyze the gene and
mRNA differences among samples derived from patients

with a variety of diseases and from healthy humans
[19]. Many specific genes involved in the progression of
NAFLD have been already identified. For example, the
expression level of fibroblast growth factor 21 (FGF21)
in the liver of NAFLD patients is considerably lower
than that of healthy individuals [20]. In a mouse model,
FGF21 was associated with a decrease in the progres-
sion of NAFLD [21]. Moreover, the interference of the
FGF21-mechanistic target of rapamycin complex 1 axis
reduces chronic NAFLD via stimulation of FGF21 kinase,
suggesting that the FGF21 pathway may be a potential
therapeutic target for NAFLD [22]. Additionally, Xie et
al.. found downregulated the expression of FK506-bind-
ing protein 38 (FKBP38) in the livers of NAFLD patients
when compared with healthy livers. Furthermore [23],
FKBP38 overexpression enhances the mitochondrial fatty
acid oxidation defense and promotes adipose oxidation
in fat cells through the mTOR/SREBPs signaling path-
way [24]. These findings suggest an important role for
some functional genes in NAFLD progression. However,
whether these functional genes can be used for the diag-
nosis of NAFLD remains unclear.

In the present study, we aimed to identify novel NAFLD
diagnostic genes by using bioinformatics and machine
learning. A Gene Expression Omnibus (GEO) dataset
(GSEB9632) was used to screen differentially expressed
genes (DEGs) between NAFLD and healthy specimens.
Next, machine learning was used to analyze the diag-
nostic value of these genes in NAFLD. The expression
of these genes was further examined in NAFLD animal
model mice liver and clinical patients blood. We also
examined the expression of these genes in hepatitis B,
hepatitis C, and autoimmune hepatitis (AID) patients
blood to determine their specificity.

Materials and methods

Microarray data

The microarray data used to establish the diagnostic
model for NAFLD were the GSE89632 mRNA expression
profile data (including blood samples from 19 NAFLD
patients and 24 normal controls), was downloaded from
GEO (https://www.ncbinlm.nih.gov/geo/) [25]. Screen-
ing criteria: the period of data collection was before
January 2023. The dataset intelligently contained healthy
people and patients with NAFLD (excluding patients
with alcoholic fatty liver disease, hepatitis, liver fibrosis,
and hepatocellular carcinoma). The patients with fatty
liver disease had not been subjected to pharmacological
interventions as at the time of data collection.
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Identification of DEGs

DEGs between NAFLD and normal samples were iden-
tified using R software with the Limma package. The
thresholds for DEGs were set as |Log,FC|>1 and false
discovery rate (FDR)<0.05.

Functional enrichment analyses

Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analysis were performed
using “clusterProfiler” in the R software to complete the
analysis of patients in the high-risk and low-risk groups.
GO terms and KEGG pathways with P<0.05 were con-
sidered statistically significant. Disease Ontology enrich-
ment analysis was performed using the “clusterProfiler”
and “DOSE” packages in the R software.

Identification of candidate diagnostic markers

Two machine learning algorithms, lasso and support
vector machine recursive feature elimination (SVM-
RFE), were used to predict the NAFLD status using pos-
sible diagnostic factors. The lasso regression algorithm
was performed to identify genes significantly associated
with the discriminative power of NAFLD and healthy
specimens using R software with the “GIMNet” package.
Support vector machine (SVM) is a monitored machine
learning algorithm that is widely used for both classi-
fication and regression analyses. Moreover, the recur-
sive feature elimination (RFE) algorithm is used to avoid
overfitting and thus screen the optimal genes from the
metadata queue. Therefore, to identify the gene set with
the strongest recognition ability, SVM-RFE was used to
screen suitable features [26].

CIBERSORT analysis

The deconvolution algorithm CIBERSORT (http://ciber-
sort.stanford.edu/) was used to analyze the cell compo-
sition of complex tissue samples according to the gene
expression profile of each cell type. With the help of
the CIBERSORT algorithm, we identified the immune
responses of 22 immune cell types and determined their
relationships with the mRNA levels of key genes in nor-
mal and NAFLD samples. The purpose of this study was
mainly to determine the link between these immune
cells.

Table 1 Patient demographics and biochemical index information
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Clinical specimens

Blood samples were collected from patients with NAFLD
(n=320, including 160 females and 160 males, with the
age of 21-59 years), Hepatitis B(n=289, including 145
females and 144 males, with the age of 21-59 years),
Hepatitis C (#=292, including 152 females and 140
males, with the age of 21-59 years) or AID (n=289 per
group, including 156 females and 133 males, with the age
of 21-59 years) who were diagnosed according to the cri-
teria released by the Chinese Society of Hepatology Med-
ical Association (Table 1). Patients with hepatitis B and
hepatitis C were simply infected with the virus and are
not in the active phase, but have the same AST and ALT
abnormalities as patients with NAFLD. Healthy blood
samples were obtained from patients without any disease
(n=300, including 150 females and 150 males, with the
age of 21-59 years). Informed consent was obtained from
all cases for tissue sample use. The present work gained
approval from Ethics Committee of Tianjin Second Peo-
ple’s Hospital.

Animal specimens

Twelve 8-week-old specific-pathogen-free male C57BL/6
mice weighing about 20 g were maintained under a 12-h
light/dark cycle with a temperature of 22+2 °C and a
humidity of 50+5% with free access to food and water.
All animal procedures were approved by the Institutional
Anima Care and Use Committee of the Tianjin Univer-
sity of Chinese Medicine. The mice were adaptively fed
for seven days before the experiments and were then ran-
domly divided into two groups: normal (fed with stan-
dard chow for 12 weeks) and NAFLD model (fed with
a NAFLD/NASH high-fat-rich diet and drinking water
containing fructose for 12 weeks) groups. After 12 weeks,
the mice were sacrificed, and their liver samples were
collected.

Real-time polymerase chain reaction (RT-PCR) assay

Total RNA was extracted from the liver samples by
TRIzol (Invitrogen), according to the manufacturer’s pro-
tocol. cDNA was first synthesized using the extracted
RNA with random primers and a reverse transcription
kit (Takara, China). The reverse transcription process
was performed as follows: 37 °C for 15 min followed by
5s at 85 °C. Then qRT-PCR was carried out using a Power

Classification F/M AST ALT TG TC LDL-c virus Brightness mode
Control 150/150 2583+587 18.81+4.66 1.62+0.21 3.89+054 2.64+041 negative
NAFLD 160/160 92.81+9.3** 136.5+60.7* 2.56+0.52* 6.94+0.83* 4.03+0.19% - positive
Hepatitis B 145/144 50.5+8.18* 33+£14.3% 142408 3.79£0.28 2.87+1.06 + negative
Hepatitis C 152/140 52.83+17.6% 67.66+2.7% 1.89+0.56 401+148 3.05+0.84 + negative
ALD 156/133 485+2.18% 465+21.7% 2.87+£042* 523+0.76* 3.98+£0.77** positive

Compared with the Control, NAFLD, MG Hepatitis B, Hepatitis C and ALD *P<0.05, **P<0.01
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SYBR Green kit (Takara, China) on an ABI 7500 instru-
ment. The relative mRNA level was calculated using the
27AACt method. Glyceraldehyde-3-phosphate dehydro-
genase (GAPDH) was used as an internal control for
data normalization. The primers for the genes encoding
an AP-1 transcription factor subunit (FOSB), glycerol-
3-phosphate acyltransferase 3 (GPAT3), regulator of the
cell cycle (RGCC), and ring finger protein 43 (RNF43) as
well as GAPDH are shown in Table 2.

Statistical analysis

The Student’s ¢ test was used to compare the gene expres-
sion between NAFLD tissues and adjacent tissues. To
test the classification effect of key genes on NAFLD and
healthy samples, the “pROC” package in R software was
used to calculate the receiver operating characteristic
(ROC) curve and the area under the curve (AUC). Statis-
tical analyses were performed using R software (Version
3.5.3) and Prism (GraphPad Prism, USA). A P-value of
<0.05 was considered statistically significant.

Results

Identification of DEGs in NAFLD

Firstly, we find the differentially up-regulated or down-
regulated genes in the NAFLD samples in the dataset.
The data of 19 NAFLD cases and 24 controls from the
GEO dataset (GSE89632) were included for analysis.
After the batch effect was removed, the DEGs of the
metadata were analyzed by R software with the Limma

Table 2 Primer sequences to measure mRNA levels using
quantitative RT-PCR

Gene (Mus musculus) Primer Sequence (5'-3")
FOSB (mouse) forward CCTCCGCCGAGTCTCAGTA
reverse CCTGGCATGTCATAAGGGTCA
GPAT3 (mouse) forward  CGGATTATCCCTGGGTATCTCG
reverse CGAAGTCCCTTCCTCGAAGAC
RGCC (mouse) forward ~ GAGCGCCACTTCCACTATGAG
reverse GGAGAGGAGTTGGTTGGAGAA
RNF43 (mouse) forward ~ CACGAGTTTCATCGAACGTGT
reverse CTGGCGAATGAGGTGGAGT
GAPDH (mouse) forward AGGTCGGTGTGAACGGATTTG
reverse GGGGTCGTTGATGGCAACA
FOSB (human) forward GCTGCAAGATCCCCTACGAAG
reverse ACGAAGAAGTGTACGAAGGGTT
GPAT3 (human) forward  CGCTGGTTCTCGGCTTCAT
reverse TGGCCCACTCTAAAGTTTTCAC
RGCC (human) forward ~ CGCCACTTCCACTACGAGG
reverse CAGCAATGAAGGCTTCTAGCTC
RNF43 (human) forward CATCAGCATCGTCAAGCTGGA
reverse TTACCCCAGATCAACACCACT
GAPDH (human) forward GGAGCGAGATCCCTCCAAAAT

reverse GGCTGTTGTCATACTTCTCATGG
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package. We identified 334 DEGs, including 223 upregu-
lated genes and 111 downregulated genes (Fig. 1A).

Functional enrichment analyses

Next, GO and KEGG analyses were performed for these
334 DEGs using R software with the Cluster Profile pack-
age. The results showed that the 334 DEGs mainly partic-
ipated in the response to chemicals, negative regulation
of cellular processes, response to organic substances,
cellular response to chemical stimuli, response to exter-
nal stimuli, cell death, programmed cell death, signaling
receptor binding, sequence-specific DNA binding, tran-
scription regulatory region DNA binding, the plasma
membrane part, the intrinsic component of the plasma
membrane, and the integral component of the plasma
membrane (Fig. 1B-D). Meanwhile, KEGG analysis
showed that the following pathways were significantly
enriched: cytokine—cytokine receptor interactions, the
interleukin (IL)-17 signaling pathway, the tumor necrosis
factor (TNF) signaling pathway, and transcriptional dys-
regulation in cancer (Fig. 1E).

Identification of diagnostic marker candidates

Two different algorithms were used to identify potential
biomarkers. SVM-RFE algorithm and lasso regression
algorithm are the core independent variables in screen-
ing differential genes, which can reflect the character-
istics of the disease. These DEGs were analyzed by the
lasso regression algorithm, which determined 12 genes
as diagnostic markers for NAFLD (Fig. 2A). Through the
SVM-REE algorithm (Fig. 2B), a subset of eight genes was
determined using the difference analysis object. Finally,
four overlapping genes (FOSB, GPAT3, RNF43, and
RGCC) were identified with the two algorithms (Fig. 2C).
These four genes (FOSB, GPAT3, RNF43, and RGCC) may
be the key genes involved in the progression of NAFLD.

The expression and diagnostic value of FOSB, GPAT3,
RNF43, and RGCC in NAFLD
Compared with the healthy samples, the expression lev-
els of FOSB, GPAT3, and RGCC were significantly down-
regulated in the NAFLD samples (Fig. 2D, E, F); whereas
the expression level of RNF43 was significantly upregu-
lated in the NAFLD samples (Fig. 2G). Next, ROC curve
analysis was performed to evaluate the diagnostic value
of FOSB, GPAT3, RGCC, and RNF43. We found that the
AUC:s of FOSB (Fig. 2H), GPAT3 (Fig. 2I), RGCC (Fig. 2]),
and RNF43 (Fig. 2K) were 0.974, 0.983, 0.985, and 0.958,
respectively, suggesting that all four genes showed a
strong ability to differentiate NAFLD samples from nor-
mal samples.

Then, ROC curve was used to analyze the diagnostic
value of combined two, three and four genes for NAFLD.
We found that two, three and four genes exhibited a
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Fig. 1 A: DEGs between NAFLD and healthy specimens. GO analysis (B: cellular components, C: molecular functions, D: biological processes) and KEGG
analysis (E) of 334 DEGs via the ClusterProfile package of R software
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strong ability in screening NAFLD samples from normal
samples (Fig. 3A, B AUC=0.998; C, D AUC=0.997; E, F
AUC=0.997; G, H AUC=AUC=0.996; 1, ] AUC=0.986;
K, L AUC=AUC=0.993; M, N AUC=099%; O, P
AUC=AUC=0.997; Q, R AUC=0.996; S, T AUC=0.997;)

Each gene alone was used to diagnose NAFLD at a very
high level, and the combination of all four genes had the
highest ROC value for the diagnosis of NAFLD.
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FOSB, GPAT3, RGCC, and RNF43 are associated with the
infiltration levels of immune cells

Immune cell infiltration in the tumor microenviron-
ment is an independent predictor of overall survival and
prognosis. Therefore, we investigated the coefficients of
FOSB, GPAT3, RGCC, and RNF43 and the infiltration
status of immune cells in NAFLD and normal samples
to determine the correlation between them. The CIBER-
SORT method was used to analyze the characteristics of
immune cells. The composition of the immune cells in
NAFLD and normal specimens as well as the relation-
ships between immune cells are presented in Fig. 4A—B.
The levels of CD8* T cells, resting dendritic cells were
significantly different between the normal and NAFLD
samples (Fig. 4C).

Next, the relationships between the expression levels
of FOSB, GPAT3, RGCC, and RNF43 and the infiltration
levels of immune cells were explored. FOSB was posi-
tively correlated with activated mast cells, monocytes,
neutrophils (Fig. 5), (A. Mast cells resting), (B. T cells
gamma delta), (C. Macrophages M2), (D. T cells CD4
memory activated), (E. Dendritic cells resting), (F. T cells
CDS8), (G. Dendritic cells activated), (H. B cells naive), (1.
Monocytes), (J. T cells follicular helper), (K. Neutro-
phils), (L. Mast cells activated). Meanwhile, GPAT3
was positively correlated with activated mast cells,
neutrophils (Fig. 6), (A. Mast cells resting), (B. Neutro-
phils), (C. Monocytes), (D. Dendritic cells activated), (E.
B cells naive), (F. Mast cells activated), (G. T cells gamma
delta), (H. Macrophages M2), (I. Dendritic cells rest-
ing), (J. T cells CD8). Moreover, RGCC was positively cor-
related with activated mast cells, neutrophils, monocytes,
activated dendritic cells, naive B cells, plasma cells, while
negatively associated with memory B cells, resting den-
dritic cells (Fig. 7), (A. Monocytes), (B. Neutrophils), (C.
B cells naive), (D. Plasma cells), (E. Dendritic cells acti-
vated), (F. Mast cells activated), (G. B cells memory), (H.
T cells CDS8), (I. Mast cells resting), (J. T cells CD4 mem-
ory activated), (K. T cells gamma delta), (L. Macrophages
M2), (M. Dendritic cells resting). Finally, RNF43 was
positively correlated with y§ T cells, M2 macrophages
(Fig. 8), (A. Mast cells resting), (B. Macrophages M2), (C.
Dendritic cells resting), (D. T cells gamma delta), (E. T
cells CD8), (F. Mast cells activated), (G. Dendritic cells
activated), (H. B cells naive), (I. Monocytes), (J. Neutro-
phils). These data suggest that FOSB, GPAT3, RGCC, and
RNF43 may be involved in the progression of NAFLD by
modulating some types of immune cells.

Validation of the expression of four diagnostic genes

RT-PCR was used to validate the expression of FOSB,
GPAT3, RGCC, and RNF43 in the livers of NAFLD model
mice. Compared with the normal mice, the expression
levels of FOSB, GPAT3, and RGCC were significantly
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reduced (Fig. 9A, B and C), while the expression level
of RNF43 was significantly increased (Fig. 9D) in the
NAFLD mice. We further confirmed the mRNA expres-
sion of these four genes in the blood of NAFLD patients
(Fig. 9E-H). The data showed similar changes as in mice.
These results further suggest that FOSB, GPAT3, RGCC,
and RNF43 may be potential diagnostic biomarkers of
NAFLD.

We also detected the expression of FOSB, GPATS3,
RGCC, and RNF43 in the blood of patients with hepatitis
B (Fig. 91-L), hepatitis C (Fig. 10A-D) and AIH (Fig. 9E-
F). Compared with the healthy people, the expression
levels of GPAT3 was significantly reduced (Fig. 9]), while
the expression level of FOSB, RGCC, and RNF43 showed
no significant change (Fig. 91, K, L) in patients with
hepatitis B; the expression levels of RNF43 was signifi-
cantly increased (Fig. 10D), while the expression level of
FOSB, RGCC, and GPAT3 showed no significant change
(Fig. 9A, B, C) in patients with hepatitis C; the expression
level of RGCC was significantly reduced (Fig. 9G), while
the expression level of RNF43 was significant increased
(Fig. 9H) in the AIH patients. These results further sug-
gest that combine FOSB, GPAT3, RGCC, and RNF43 may
be potential diagnostic biomarkers of NAFLD.

Discussion

NAFLD is the most common type of liver disease that
affects many individuals worldwide [27]. Hepatitis, cir-
rhosis and liver cancer caused by NAFLD are global pub-
lic health problems [3, 28—31]. The prevalence of NAFLD
in our population is increasing annually, and the propor-
tion of new cases of NAFLD is about 4% each year [32].
There is a significant difference in the prevalence rate
of NAFLD in different regions, with the prevalence rate
in the economically developed eastern and southern
regions being higher than that in the central and western
inland regions. The difference in lifestyles could also an
important reason for the difference in prevalence rates
[33]. Over the past two decades, the burden of NAFLD
has increased significantly with China’s booming econ-
omy and radical lifestyle changes. The early diagnosis
of NAFLD is essential for the treatment of this disease,
Unfortunately, there are no diagnostic tools that can
allow a prompt diagnosis [34, 35].

In our study, machine learning methods were used to
find DEGs. We analyzed the GEO dataset and identi-
fied 334 DEGs between NAFLD and healthy samples.
GO analysis showed that these 334 DEGs were mainly
involved in chemical reactions, negative regulation of
cell processes, organic material and cell-to-chemical
stimulation reactions. KEGG pathway analysis showed
that cytokine—cytokine receptor interactions, the inter-
leukin (IL)-17 signaling pathway, the tumor necrosis
factor (TNF) signaling pathway, and transcriptional
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dysregulation were obviously enriched. IL-17 is an through activation of the NF-kB and c-Jun pathways.
inflammatory factor induced by Th17 cells, which can  Studies have that a high-fat diet increases the expres-
stimulate endothelial cells and epithelial cells to produce  sion of TNF-a in the body, which further promotes the
other inflammatory factors and chemokines, resulting in  activation of NF-kB and TLRs signaling pathway, lead-
tissue damage. Overnutrition mediates DNA damage in  ing to the increase of inflammatory factors such as IL-6,
hepatocytes through nonclassical prefoldin RPB5 interac-  and ultimately the formation of chronic inflammation.
tion factor. DNA damage induces inflammation and neu-  These results suggest that the selected DEGs are actively
trophilic infiltration of white adipose tissue through Th17  involved in the inflammatory process and are essential
and IL-17 A, which in turn mediates insulin resistance  for the progression of NAFLD [36].

and fatty acid release. Fatty acids are stored in the liver as To identify potential diagnostic genes for NAFLD, two
triglycerides, leading to the development of NAFLD and  machine learning algorithms were used to analyze the
NASH. TNF works through two receptors TNFR1 (also 334 DEGs, thus four genes (FOSB, GPAT3, RGCC, and
known as p55) and TNFR2 (also known as p75). TNFR1 = RNF43) were identified. FOSB is an early hepatocyte
is expressed in most tissues, and interacts with TNF, response protein that is essential for lipid metabolism
leading to a classic pro-inflammatory response, mostly  [37]. Studies have shown that the expression of FOSB is
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significantly downregulated in patients with fatty liver
disease [38]. Meanwhile, GPAT3 is the first critical rate-
limiting enzyme in the glycerol-3-phosphate synthesis
pathway [39]. Therefore, regulating the synthesis of tri-
glycerides in the liver and reducing the accumulation of
excess lipids in hepatocytes may be used as a novel thera-
peutic strategy to improve hepatic steatosis, and pre-
venting and treating NAFLD [40]. Moreover, RGCC, also
known as C13, is an important complement response
gene that is widely expressed in various tissues [41]. It
can regulate cell cycle, promote cell proliferation and dif-
ferentiation [42], and regulate the immune response [43].
Interestingly, deletion or mutation of RNF43 was found
to lead to lipid accumulation and liver inflammation in
non-obese mice fed a with normal diet. In humans, muta-
tion of RNF43 increases the risk of liver diseases such as

fatty liver disease and liver cancer, as well as reduces the
life expectancy of patients [44]. In addition, the ROC
method confirmed their strong ability to differentiate
NAFLD samples from normal samples. Thus, our find-
ings suggest that FOSB, GPAT3, RGCC, and RNF43 are
potential diagnostic biomarkers for NAFLD.

We also examined FOSB, GPAT3, RGCC, and RNF43
expression in patients with hepatitis B, hepatitis C, and
AIH. There are some consistencies between the mouse
liver transcriptome and the human blood transcrip-
tome [45]. To compensate for the difficulty of obtaining
human liver samples mouse liver could be used to detect
the expression of some genes [46]. The results showed
an increased expression of FOSB in patients with hepa-
titis B, an increased expression of RNF43 in patients with
hepatitis C, and an increased expression of RNF43 along
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Fig. 9 mRNA levels of FOSB (A), GPAT3 (B), RGCC (C) and RNF43 (D) in NAFLD mice samples and normal control determined by RT-PCR. mRNA levels of
FOSB (E-H), GPAT3 (I-L) in NAFLD human samples and normal samples from our cohort determined by RT-PCR

with a decreased expression of RGCC in patients with
ATH. These results were consistent with the expression
profile in patients with NAFLD. Many studies have sug-
gested that FOSB, RNF43 and RGCC are closely related
to the inflammatory response of immune cells [47, 48].
Hepatitis B virus and hepatitis C virus infection can
stimulate the inflammatory response of activated liver
immune cells, thus change the expression of these genes
will. However, hepatitis B, hepatitis C and AIH can only
be diagnosed by the detection of corresponding virus
genes and antibodies. In addition, FOSB is reported to be
related to hepatitis C [49], while RNF43 and GPAT3 are
related to hepatitis B [50, 51]. Our results show that in
the diagnosis of NAFLD, the ROC value of the four gene
expressions in blood is close to 1. It is suggested that the
simultaneous changes of four genes are closely related
to NAFLD. Therefore, combination of these four gene
expressions in blood might be an alternative diagnostic
method to the gold diagnostic standard (liver biopsy)
with high sensitivity, specificity and safety.

Liver biopsy is the current gold standard for the diag-
nosis of NAFLD. Although it can directly observe the
pathological features of the liver to diagnose NAFLD, it
is inconvenient for patients to tolerate side effects such
as pain and discomfort after puncture due to the trauma.
Additionally, the technique of liver puncture biopsy is
complicated, and many clinicians are not skilled enough
resulting in dirty biopsy. However, for safety and finan-
cial cost, ultrasound which is the primary screening tool
in clinical practice, is being used to diagnose NAFLD.
Recently, a meta-analysis showed that the sensitivity of
diagnosing moderate and severe fatty liver with ultra-
sound was 84.8% and the specificity was 93.6%. However,
ultrasound has its drawbacks, its diagnostic sensitivity is
only 55% when the fat content of the liver is below 20%.
Although ultrasound screening for NAFLD is safer than
liver tissue biopsy, it is not diagnostic of early NAFLD
due to the clinician’s experience. Our results show that
the sensitivity of mRNA analysis using blood can reach
a maximum of 0.985, thus reducing damage to the body.
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Fig. 10 mRNA levels of RGCC (A-D) and RNF43 (E-H) in NAFLD human samples and normal samples from our cohort determined by RT-PCR

We compared the expression of the genes in patients with
hepatitis B, C, and autoimmune hepatitis and found that
these genes were specifically expressed in patients with
nonalcoholic fatty liver. Compared to biopsy, our diag-
nostic method is highly safe, which requires only a small
amount of fingertip blood irrespective of the physician’s
skill. It is more acceptable to the patients as it is less
harmful to the body. Compared to imaging, the diagnosis
by finger blood is not influenced by the physician’s expe-
rience and is more sensitive and specific for NAFLD.

In recent years, multiple studies have indicated that
immune cell infiltration plays a crucial role in the occur-
rence and development of NAFLD. The progression of
NAFLD is closely related to macrophages (Kupffer cells)
[52], neutrophils [53], dendritic cells [54], and natural
killer (NK) T cells [55]. Kupffer cells constitute about
20% of nonparenchymal hepatocytes and are involved
in T lymphocyte activation and tolerance. Furthermore,
TNF-a is mainly derived from Kupffer cells. In response
to high-fat diet stimulation, the TNF-a levels are sig-
nificantly increased in Kupffer cells, and large amounts
of proinflammatory factors such as IL-6 are released to
aggravate the inflammatory response [56]; additionally,
stimuli such as a high-fat diet also increase the number of
Kupfter cells themselves, thereby changing the activation

state of NK T cells and inducing cell necrosis and apop-
tosis [57]. Moreover, increased oxidative stress activates
Kupffer cells and the corresponding macrophages, and
increases the levels of chemokines and cytokines [58];
thus, it plays a pivotal role in the progression of NAFLD.
Therefore, it is necessary to evaluate the infiltration of
immune cells and to identify the diversity of infiltrating
immune cell components to reveal the molecular mecha-
nisms in NAFLD to find new immunotherapeutic targets.

In this study, we observed dysregulated levels of CD8*
T cells, resting dendritic cells, y§ T cells, M2 macro-
phages, resting mast cells, neutrophils, and naive B cells
between normal and NAFLD samples. Moreover, the his-
tamine produced during the degranulation of mast cells
in the liver of patients with NAFLD induces an inflam-
matory response that damages the surrounding tissues.
In livers from NAFLD mice, mast cells promote the pro-
gression of NAFLD to NASH hepatitis by upregulating
the aldehydrogenase 1 family member A3 and downregu-
lating microRNA-144-3. In contrast, mast-cell deficient
mice exhibit improved the symptoms of NAFLD. The
change of M1/M2 polarization may induce hepatic
inflammation and hepatocyte injury, thus activating sat-
ellite cells. After activation, satellite cells release large
numbers of collagen fibers, which promote liver fibrosis.
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In addition, neutrophils [59], CD4* T cells [60], CD8"
T cells [61], NK T cells [62], T helper 17 cells [63], and
other immune cells have been confirmed to participate
in the development of NAFLD. In the liver, these differ-
ent types of cells regulate each other through the expres-
sion and release of inflammatory cytokines, chemokines,
interleukins, and other cytokines in autocrine and para-
crine modes, thus maintaining liver homeostasis. The
abnormal expression of these secreted factors can cause
necrosis and apoptosis of hepatocytes, activate satellite
cells, and promote the development of NAFLD/NASH.
Our data indicate that FOSB, GPAT3, RGCC, and RNF43
may participate in the progression of NAFLD by modu-
lating some immune cells. Nevertheless, further studies
are warranted to confirm these findings.

Conclusion

In this study, bioinformatics analysis indicates that
FOSB, GPAT3, RGCC, and RNF43 are the key DEGs for
the comparison of NAFLD with healthy specimens. The
results of this study provide novel insights into the poten-
tial molecular causality of NAFLD and potential thera-
peutic targets for NAFLD. Therefore, ongoing research
focuses in refining the diagnostic value of existing bio-
markers as well as discovering novel markers in the areas
of epigenetics, transcriptomics and metabolomics, in the
prospect of early reliable diagnosis that would guide tar-
geted care.
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