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Introduction: Non-alcoholic fatty liver disease (NAFLD), a major cause of chronic
liver disease, still lacks effective therapeutic targets today. Ferroptosis, a type of
cell death characterized by lipid peroxidation, has been linked to NAFLD in
certain preclinical trials, yet the exact molecular mechanism remains unclear.
Thus, we analyzed the relationship between ferroptosis genes and NAFLD using
high-throughput data.

Method: We utilized a total of 282 samples from five datasets, including two
mouse ones, one human one, one single nucleus dataset and one single cell
dataset from Gene Expression Omnibus (GEO), as the data basis of our study. To
filter robust treatment targets, we employed four machine learning methods
(LASSO, SVM, RF and Boruta). In addition, we used an unsupervised consensus
clustering algorithm to establish a typing scheme for NAFLD based on the
expression of ferroptosis related genes (FRGs). Our study is also the first to
investigate the dynamics of FRGs throughout the disease process by time series
analysis. Finally, we validated the relationship between core gene and ferroptosis
by in vitro experiments on HepG2 cells.

Results: We discovered ANXA2 as a central focus in NAFLD and indicated its
potential to boost ferroptosis in HepG2 cells. Additionally, based on the results
obtained from time series analysis, ANXA2 was observed to significantly define
the disease course of NAFLD. Our results demonstrate that implementing a
ferroptosis-based staging method may hold promise for the diagnosis and
treatment of NAFLD.

Conclusion: Our findings suggest that ANXA2 may be a useful biomarker for the
diagnosis and characterization of NAFLD.
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1 Introduction

Non-alcoholic fatty liver disease (NAFLD), a liver condition,
results from the buildup of fat in the liver, unrelated to alcohol
consumption. Depending on its severity, it can be classified as
hepatic steatosis, nonalcoholic steatohepatitis (NASH), or cirrhosis
(a stage that is difficult to reverse) (1). According to statistics, about
30-40% of patients eventually progress to cirrhosis, even up to 55%
in some reports (2, 3). Not only that, NAFLD is currently one of the
major causes of chronic liver disease worldwide, accounting for
between 73% to 95% of all cases. A recent research in China suggests
it may be surpassing hepatitis B as the primary cause of chronic liver
disease (4). Without exaggeration, treating NAFLD will be a large
and daunting proposition.

However, the threat of NAFLD lies not only in its high
prevalence, but also in its complex and ill-defined pathogenesis. To
date, there are no specific drugs approved to treat NAFLD and its
advanced forms, although several potential drugs have been
extensively studied in the last decades (5-7). This means that we
still urgently need to identify more specific therapeutic targets.
Moreover, the staging methods for NAFLD are not well
established. Despite significant differences between the different
staging, reliable in vitro diagnostic tools to distinguish fatty liver
from NASH are still lacking, and invasive liver biopsy remains the
main diagnostic method (8). In the search for solutions to these
problems, several studies have focused on the large accumulation of
lipid peroxides in the pathogenesis of NAFLD (9). Combining this
feature with the fact that iron overload is prevalent in patients, people
link the disease to the concept of ferroptosis. Some evidence that has
emerged gives confidence in targeting ferroptosis to treat NAFLD.

Ferroptosis, a newly discovered form of cell death, distinguished
by massive iron accumulation and lipid peroxidation (10). A
growing number of studies suggest that it is closely associated
with NAFLD. We cite several studies that provide evidence
supporting this association, including 1) Hernandez-Aguilera
et al. showed that increased iron content in hepatocytes leads to
fat accumulation, causing cellular damage and exacerbating NAFLD
(11); 2) a human liver specimen study reporting a positive
correlation between ferroptosis in hepatocytes of NAFLD patients
and the degree of hepatocellular pathological damage (12); 3) using
iron chelators attenuated hepatitis in a mouse model of NAFLD and
fibrosis (13); 4) ferroptosis and mitochondrial damage are major
factors in the development of NAFLD, and by inhibiting ferroptosis,
mitochondrial damage and inflammatory responses can be reduced,
thus improving hepatocyte function and injury (14). Based on the
above, we can say that ferroptosis has great potential in the study of
NAFLD. However, studies based on high-throughput data
analyzing the impact of ferroptosis molecules on NAFLD are not
available in today’s scientific field, suggesting that the role and
mechanisms of the sizeable set of ferroptosis genes in the
pathogenesis of NAFLD are still unknown. Therefore, we hope to
find reliable ferroptosis targets and provide important clues for
more studies at the molecular level.

In this study, we combined mouse, human and single cell
sequencing datasets to investigate the role of ferroptosis molecules
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in NAFLD, a total of 282 samples were included. Additionally, we
used four machine learning methods (LASSO, SVM, RF and Boruta)
to find the most robust target, resulting in ANXA?2, a ferroptosis
target that has never been mentioned before. As mentioned earlier,
NAFLD is a multi-stage disease. We used time series to analyze the
dynamics of ferroptosis molecules in it, which is rarely seen and
necessary. Finally, we performed cellular experiments to verify the
relationship between core genes and ferroptosis by assaying
indicators including ferrous ions, mitochondria and reactive oxygen
species and oxidative metabolites.

2 Materials and methods

2.1 Collection and pre-processing of
disease and health samples

We retrieved the data for the study from the Gene Expression
Omnibus database (GEO) (15), applying the following criteria: 1)
search results using the keywords “NAFLD and NASH”; 2) sample
size greater than 30; 3) sampling sites limited to liver tissues; 4)
mouse samples having time sequences and human samples having
patients with different fibrosis stages. Three RNA sequencing data
sets were selected, namely GSE40481 and GSE109345, which are
mouse-derived, and GSE162694, which is human-derived
(Supplementary Table S1). Out of these, GSE40481 served as the
training set, comprising of 27 control samples and 24 high-fat diet-
induced NASH samples. GSE109345 was designated as the
validation set, which had 30 control samples and 48 samples with
NASH. Last but not least, GSE162694 was assigned as the human
validation set, with 66 NAFLD samples having no liver fibrosis
(normal/fibrosis stage = 0) and 77 NAFLD samples with varying
degrees of liver fibrosis (fibrosis stage = 1/2/3/4). In addition,
GSE158241 is a single-cell sequencing data which incorporates
liver biopsy samples from four healthy mice and two NASH mice.
GSE225381, a single-nucleus sequencing dataset, which included
two control samples and two NAFLD samples. (Supplementary
Table S1). To ensure uniformity across the gene sets, we used the R
package “homologene” to transform the mouse gene set into the
human homologene set. We also removed batch effects between the
data sets to increase the effectiveness of our findings, using the sva
package’s combat function. Principal component analysis (PCA)
method was used to evaluated the performance of the combat
function (Supplementary Figure S1).

2.2 Acquisition of ferroptosis gene sets

We obtained sets of genes associated with ferroptosis, including
drivers, suppressors, and markers, from FerrDb V1 (http://
www.zhounan.org/ferrdb/), and intersected them with search
results in Genecard (https://www.genecards.org/) using
“ferroptosis” as a keyword. All non-protein coding genes were
excluded. Finally, we identified 804 protein-coding genes related
to ferroptosis, which we named “FRGs”.
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2.3 Screening module genes by weighted
gene co-expression network analysis

The “WGCNA” in R was used to construct an unsupervised co-
expression network and identify the gene modules associated with
NAFLD. Ferroptosis gene expression was normalized and hybrid
robust-Pearson correlation coefficient formula was utilized to
determine the relationship between gene expression and NAFLD.
A weighted adjacency matrix and transformed topological overlap
matrix (TOM) were constructed, followed by filtering cells
containing more than 50 genes by a stratified clustering tree
approach. Distinct branches of the clustering indicate different
gene modules, with a high degrees of gene co-expression present
within modules. The highly correlated modules comprise genes that
strongly relate to the targeted disease (16).

2.4 Differential expression analysis of genes

The limma package was used for differential analysis of
control and NASH samples in GSE40481, with criteria of |
Log2fold change|>1 and P value<0.05, identifying differentially
expressed genes (DEGs). Subsequently, volcano maps of ANXA2

and other DEGs were plotted by the R package “ggVolcano”.

2.5 Identification of disease
signature genes

To perform feature selection of disease diagnostic factors, we
incorporated a combination of powerful machine learning
algorithms, namely LASSO, SVM, Boruta, and RF, to identify
NAFLD signature genes. The Boruta algorithm, a supervised
classification feature selection method, was utilized to accurately
pinpoint all relevant features. For categorical variables, the least
absolute shrinkage and selection operator (LASSO) was used, as it
has been proven to effectively improve statistical model
predictability and interpretability. Support Vector Machine
(SVM) was employed for classification, regression, and feature
selection of multi-class data with homogeneous or heterogeneous
features. Lastly, the immensely popular and data-adaptive Random
Forest (RF), was utilized to explain correlations and interactions
between features, thus making it an ideal integrated tree-based
machine learning tool for feature selection.

2.6 Functional enrichment analysis of
differentially expressed genes

Based on the Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) databases, the pathways affected by
DEGs were analyzed through enrichment analysis of DEGs
employing the R package “clusterProfiler” (17). The q-value set as
the threshold for the adjusted p-value was smaller than 0.05.
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2.7 Analysis of dynamic expression models
(time-series analysis)

Dynamic analysis of gene expression over time, specifically
regarding ferroptosis genes in the context of nonalcoholic liver
disease in mice and humans, was conducted using the Mfuzz
package for fuzzy c-means clustering. The analysis involved six
clusters and a fuzzing parameter of 1.25 for all datasets in this study.
Subsequently, we identified sets of genes that demonstrated
progressively increasing or decreasing expression patterns in both
mouse and human samples, and performed enrichment analysis on
these sets.

2.8 Analysis of ferroptosis patterns
in NAFLD

“ConsensusClusterPlus” R package is used for unsupervised
consensus clustering taking “module genes” as input data, grounded
on k-means machine learning algorithm. This method identified
subtypes with varied expression models of ferroptosis molecules.
The consensus clustering algorithm was run for 1000 iterations,
with 80% of the data samples used in each iteration. The optimal
number of clusters was determined using item-consistency plots,
the proportion of ambiguous clustering (PAC) algorithms, and by
analyzing the relative changes in the area under the cumulative
distribution function (CDF) curve. The ferroptosis status of NAFLD
patients was assessed by two clusters (namely, “ferroptosis-low” and
“ferroptosis-high” groups). To explore the biological significance of
this grouping, inter-subgroup difference analysis, enrichment
analysis, immuno-infiltration comparison, and comparison of
molecular levels of ferroptosis markers were performed.

2.9 Immune cell infiltration estimation

The R package “MCPcounter” uses transcriptomic data to
precisely quantify the absolute abundance of eight immune cells
and two stromal cells (18). We used it to analyze immune cell
correlations in NAFLD samples and differences in immune
infiltration between ferroptosis subgroups.

2.10 Protein—protein interaction

To analyze protein-protein interactions, we generated a PPI
network for “module genes” using the STRING database (19). We
set a confidence score greater than 0.4 as a critical criterion for
selecting relevant gene interactions. Then, we visualized the
network using Cytoscape software and identified eight crucial
genes in the PPI by applying the Density of Maximum
Neighborhood Component (DMNC) method using the
CytoHubba plugin (http://hub.iis.sinica.edu.tw/cytohubba/).
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2.11 Construction of ferroptosis scores by
PCA algorithm

To effectively differentiate the two ferroptosis subtypes and
evaluate the ferroptosis status of NAFLD patients, we developed a
ferroptosis score model using the principal component analysis.

(PCA) algorithm. This model was constructed using the eight
essential ferroptosis genes identified through PPI analysis as variables.

Ferroptosis score = > (PC1 + PC2)

The Ferroptosis score was computed by adding up the values of
PC1 and PC2, which denote the vital gene expression characteristics
of samples in two distinct dimensions. Thus, this score can provide
an approximate representation of the ferroptosis pattern.

2.12 Single nucleus and single cell analysis

Single-nucleus data were quality controlled and normalized using
the Seurat software package, filtering for nFeature_RNA >200 and
nFeature_RNA<5000, and percentage of mitochondrial gene
expression<5% (percent.mt). All cells within the sample set were
downscaled by principal component analysis (PCA) followed by
uniform manifold approximation and projection (UMAP). Cell
types were globally annotated using the ImmGen and
MouseRNAseqData databases from the SingleR software package to
ensure accuracy of cell type annotation. We examined the immune
profile of eight hub genes by conducting single-cell data analysis of
murine liver tissue from GSE158241. Initially, we employed the R
package SCTransfom to identify 2000 highly variable genes (n =
2,000). Principal component analysis (PCA) was then conducted, and
the JackStraw function was used to select the appropriate principal
components for dimensionality reduction. Next, we used the
FindClusters function to identify clusters. The resolution was set to
0.4, which generated 16 clusters. Finally, we annotated these clusters
based on the expression of known genes and cell types using cell
markers and R package xCell.

2.13 Western blot

Proteins were isolated from HepG2 cells, and their concentration
was determined using a BCA protein assay kit (Sangon Biotech,
China). Subsequently, these proteins were separated through a 12%
SDS-PAGE gel and transferred onto a nitrocellulose membrane. The
membrane was then sealed with 5% bovine serum albumin (BSA) and
subsequently incubated overnight at 4°C with the primary anti-
ANXA2 antibody (ABclonal, China). The next day, the membranes
were subjected to three washes with TBST and subsequently incubated
with a horseradish peroxidase-labeled secondary antibody (1:4000) for
1 hour at room temperature. Color development was achieved by
adding BeyoECL Moon (Beyotime Biotechnology, China). GAPDH
was sourced from Sangon Biotech.
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2.14 Cell culture and siRNA transfection

Human hepatoma cell line HepG2(American Type Culture
Collection, USA) maintained in DMEM medium encompassing 10%
fetal bovine serum (Gibco, Grand Island, USA) and 1% penicillin-
streptomycin (Gibco, Grand Island, USA) and cultured at 37°C and 5%
CO2. ANXA2-siRNA was obtained from Sangon Biotechnology and
used to silence ANXA2 expression. Before transfection, HepG2 cells
were seeded in 6-or 12-well plates and grown to 60% to 70% of the cell
confluence for transfection. ANXA2 siRNA/NC siRNA was transfected
into HepG2 cells for 48 h at a final concentration of 10nM using siRNA
transfection reagent RNATransMate(Sangon, Shanghai, #E607402).
Successfully transfected cells were used in subsequent experiments.
In this study, the sequence of ANXA2 siRNA was as follows:
siANXA2-1 5 “TGAGGGTGACGTTAGCATTAC-3’; siANXA2-2
5 “CGMGGATGCTTTGAACATTGAA-3’. The NC siRNA
sequence was as follows: 5 “-UUCUCCGAACGUGUCACGUTT-3.

2.15 Determination of ferrous ion content
and its localization in mitochondria

After the cells were grouped and treated in different ways, the
medium was removed. After washing with PBS, serum-free medium
containing FerroOrange (Dojindo, Japan) and Mitotracker Green
(Meiunbio) was added, respectively. The cells were incubated in a
5% CO2 incubator at 37°C for 30 min and finally observed under a
fluorescence confocal microscope (FV3000, Olympus, Japan).

2.16 Determination of lipid peroxidation

After the cells were grouped and treated in different ways, the
medium was removed and C11 BODIPY 581/591(Invitrogen,
D3861) was added. After incubation at 37°C for 1 h in a 5% CO2
incubator, the plates were washed twice with PBS to remove excess
dye. Cells were digested with trypsin and then re-suspended in 5%
PBS for flow cytometry (Cytek, USA) analysis.

2.17 Reactive oxygen species analysis

The Reactive Oxygen Species Assay Kit (Beyotime, Shanghai,
China) is a kit that uses a DCFH-DA fluorescent probe to detect
ROS. The cells were seeded in 12-well plates, and the cells were
grouped in different ways. After dilution of DCFH-DA(1:1000) with
serum-free 1640 medium in the dark, 500uL per well was added to a
12-well plate and incubated at 37°C in a 5% CO2 incubator for
30 min. After washing with PBS, the cells were trypsinized and
transferred to flow tubes, and reactive oxygen species levels in the
cells were analyzed using flow cytometry (Cytek, USA) or
fluorescence confocal microscope (FV3000, Olympus, Japan).
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2.18 Measurement of superoxide
anion levels

Dihydroethidium(DHE) is the most commonly used
fluorescent probe for detecting intracellular superoxide anion
levels, which can react with intracellular superoxide anion to
produce Ethidium. Ethidium binds to RNA or DNA to produce
red fluorescence. Therefore, the higher the level of superoxide
anion in cells treated with DHE, the stronger the red fluorescence,
and the changes in its level can be analyzed by flow cytometry and
fluorescence confocal microscope. In this experiment, DHE and
cells were co-incubated at 37°C, 5% CO2 incubator for 30 min for
fluorescent probe loading, followed by PBS washing, and finally
detected and analyzed by flow cytometry(Cytek, USA) and
fluorescence confocal microscope(FV3000, Olympus, Japan).

2.19 Statistical analysis

The statistical analysis of bioinformatics were performed using
R software (https://www.r-project.org/, version 4.2.1). The
analytical and statistical software for the experiments was Image]J
and Graphpad prism.
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3 Result

3.1 Weighted gene co-expression
network construction

The expression matrix of 659 ferroptosis genes in GSE40481
was used as input data for WGCNA. By setting the threshold, two
samples with significant abnormalities were excluded (Figure 1A).
The optimal soft threshold power was identified as 4 with high
average connectivity when R* = 0.9, as shown in Figure 1B. Similar
modules were combined, resulting in the identification of nine
modules, as shown in Figure 1C. The brown and green modules
were both positively correlated with NAFLD: the brown module
had a correlation of 0.9 (p=2e-19), while the green module had a
correlation of 0.62 (p=2e-6), as displayed in Figure 1D. These two
clinically significant modules, which contain a total of 135
ferroptosis genes, were further utilized for genetic screening.

3.2 ldentification of aberrantly expressed
ferroptosis genes in NAFLD

Analyses were performed using differential analysis to identify
genes exhibiting aberrant expression in NAFLD. Ultimately,

Scale independence Mean connectivity

600y,
e

Mean Connectivity

1516171819
20

3

020 40 60 80 100 120 140

*s

7 678 91011121314151617181920
. . ; T T T T T
20 5

Soft Threshold (power)

10 15 20

Soft Threshold (power)

Module—trait relationships

-0.14

MEyellow ©3)

0.14
(0.3)

MEbrown
MEgreen 05
MEpink 26}42) & 5
MEred (gﬁg) (&249) 0
MEturquoise *(06213)2 %
MEblack ‘(’of'g;’ 73)’.057 05
MEblue (“02]2) ﬁ)llz)z
MEgrey (%%5) |of$)5 -1
S S
<® N\

Modular analysis of weighted gene co-expression network analysis. (A) Sample clustering dendrogram for each sample corresponding to the leaves
of the tree is cut at 10.5. (B) Analysis of the scale-free index and the mean connectivity for various soft-threshold powers. (C) Displays the merged
modules under the cluster tree. (D) The correlations and corresponding p-values of each cell are presented about Module-trait correlations.

Frontiers in Endocrinology

05

frontiersin.org


https://www.r-project.org/
https://doi.org/10.3389/fendo.2023.1303426
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Qin et al.

researchers identified 29 up-regulated genes and 9 down-regulated
genes, which are compiled in Supplementary Table S2. A graphical
representation of the differentially expressed genes is depicted using
a volcano plot (Figure 2A).

3.3 Machine learning algorithms identify
the target gene ANXA2

The combined results of fold change and four machine learning
algorithms localized the core genes of the study. By utilizing LASSO
regression to streamline the ferroptosis module genes, 12 potential
markers that may serve as useful indicators for NAFLD were
uncovered (Figure 2B). SVM-RFE method selected 10 genes as
important biomarkers (Figure 2C). Randomforest algorithm listed
the importance score for each gene, with ANXA2 ranked third
(Figure 2D). And the fourth place in the ranking appears in Boruta

10.3389/fendo.2023.1303426

gene of this study (Figure 2F; Supplementary Table S3). Figures 2G-I
validated the robustness of the machine learning screening results.
The expression of ANXA2 was significantly elevated in both mouse
datasets and one human dataset, while the ROC curves of single genes
demonstrated satisfactory AUC values (0.992, 0.953 and 0.892,
respectively) (Supplementary Figure S2). Therefore, ANXA2 was
selected as the core gene for subsequent analysis.

3.4 Functional enrichment analysis of
differentially expressed genes

To investigate the pathways affected by DEGs, we conducted GO
and KEGG analyses. Regarding the three levels of GO analysis
biological process (BP), cellular component (CC), and molecular
(MF) (Supplementary Figure S3A), we observed a high enrichment of
DEGs in various pathways such as “antigen processing and
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(F) Venn diagram shows that the candidate characteristic gene ANXA2 is identified via the above 4 machine learning algorithms and differential
analysis. (G, H) The expression of ANXA2 in GSE40481 and GSE109345, respectively. "***" means that p < 0.001. (I) Differential expression of ANXA2

in mild versus severe fibrosis. "***" means that p < 0.001.
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component of lumenal side of endoplasmic reticulum”, “lumenal side

» <

of endoplasmic reticulum membrane”, “lumenal side of endoplasmic

« o«

reticulum membrane ¢, “MHC class II protein complex binding”,
“MHC protein complex-binding immunoreceptor activity” and
“Immunoglobulin binding”. Furthermore, the KEGG enrichment
analysis revealed several immune-related signaling pathways
(Supplementary Figure S3B), including “antigen processing and
presentation” and “Th cell differentiation “, among others. The
reason we obtained such enrichment results is due to the presence
of multiple genes encoding human leukocyte antigens (HLA) in the

differential genes. Several studies have found that polymorphisms of

10.3389/fendo.2023.1303426

HLA molecules are associated with susceptibility to NAFLD and
grading of lesions (20). Also, HLA molecules have been associated
with inflammatory response and immune function in NAFLD (21).
This suggests that the relationship between the immunity and
NAFLD needs to be further studied and explored.

3.5 Expression pattern analysis of FRGs

The development of NAFLD progresses through multiple
stages, making it crucial to analyze gene expression dynamics.
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Using the training set, we clustered the “module genes” based on
their temporal expression patterns, yielding six clusters. Cluster 1
comprised genes that were progressively up-regulated during high-
fat diet induction, while cluster 2 showed a reverse trend
(Figure 3A). Enrichment analysis of genes from these two clusters
showed that they are associated with biological pathways such as
oxidative stress and ferroptosis (Figures 3B, C). Notably, ANXA?2 is
classified into progressively upregulated gene group, suggesting its
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potential to describe disease progression. In the additional mouse
dataset, we obtained consistent results that supported our idea
(Supplementary Figure S4A). Moreover, ANXA2 manifested in a
cluster positively correlated with the stage of liver fibrosis (FO-F4) in
our human dataset, indicating its importance in the progression of
NAFLD, especially during fibrosis (Supplementary Figure S4B). By
intersecting the upregulated gene sets, we identified 23 ferroptosis
genes that merit further exploration (Supplementary Table S4).
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Construction and Validation of Ferroptosis Score. (A) Using Cytoscape and CytoHubba to identify 8 modular genes to construct ferroptosis score
and visualize molecular interaction networks. (B—D) Differences in ferroptosis score between two ferroptosis subgroups in GSE40481, GSE109345
and GSE162694. (E) Correlation between ferroptosis score genes. (F-=H) The receiver operating characteristic (ROC) curve for differentiating
ferroptosis subgroups by ferroptosis score in GSE40481 (AUC=0.937), GSE109345 (AUC=0.859) and GSE162694 (AUC=0.911). (I) Bubble diagram of

the relationship between 8 score genes and immune cells.

3.6 Consensus clustering approach to
develop ferroptosis subtypes in NAFLD

We utilized the consensus clustering method on the gene
expression data of the “module genes” from 24 high-fat diet-
induced mouse samples of GSE40481. This approach identified
two ferroptosis subtypes (A:B=11:13) with highly consistent gene
expression patterns within subtypes (Figures 4A, B), which were
clearly separated in the PCA plot (Figure 4C). Genes that were
clearly differentially expressed between subtypes were shown by
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heatmap (Figure 4D). Differential genes were mainly enriched in
“chemical carcinogenesis-reactive oxygen species”, “cytochrome
P450 metabolism of allosteric substances”, “fatty acid
metabolism” and other pathways (Figure 4E). Additionally, we
found that the subtypes were closely associated with the duration
of high-fat diet feeding. Specifically, cluster B was linked to more
prolonged feeding, indicating a more severe degree of the disease,
whereas cluster A represented a milder degree (Figure 4F). The
same finding was also seen in GSE109345 (Supplementary Figure
S5A). In the human dataset, the “module genes” similarly divided
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the samples into two categories - cluster A and cluster B.
Meanwhile, we were surprised to find that the former one
included almost all patients with lower fibrosis stages and the
latter cluster shows the opposite (Supplementary Figure S5B). In
summary of the results, we conclude that ferroptosis typing is likely
to be closely associated with the degree of steatosis in mice and
fibrosis in humans, which at once emphasizes that FRGs may drive
and characterize the course of NAFLD disease, and, this typing
scheme is promising.

3.7 Evaluation and analysis of immune
cell infiltration

In order to explore the correlation between the expression levels of
FRGs and immune cells, an immune infiltration analysis was
conducted through utilization of the MCPcounter algorithm. The
immune cell correlation of the disease groups is shown in
Supplementary Figure S6B, notably Fibroblasts showed a positive
correlation with Endothelial cells (R=0.79) and a negative correlation
with Monocytic lineage (R=-0.42). In addition, the correlation between
T cells and CD8 T cells was 0.67. Figure 4G shows the difference in
immune cell infiltration between ferroptosis subtypes. Compared to
cluster A, “Endothelial cells” and “ Fibroblasts” were significantly

» o«

upregulated in cluster B, while “B lineage”, “Cytotoxic lymphocytes”
and “Monocytic lineage” were significantly downregulated. We also
analyzed four immune checkpoints between subtypes. Results showed
that CD274 (encoding programmed death ligand 1) was highly
expressed in cluster A, while HAVCR2 (encoding hepatitis A Virus
Cellular Receptor 2) was highly expressed in cluster B (Supplementary
Figure S6A). Our analysis also revealed significant differences in the
levels of ferroptosis markers between subtypes, with ACSL4, HIF1A,
MAPK1, GPX4, ISCU, CAV1 and SLC7AL1 significantly upregulated in
subtype B, suggesting that subtype B has a more severe degree of
ferroptosis, which is likely to be associated with the course of NAFLD
(Supplementary Figure S6C).

3.8 Ferroptosis score construction

To differentiate subtypes and quantify the level of ferroptosis,
we constructed an ferroptosis score. Cytohhuba plugin of the
DMNC algorithm identified eight key genes, including JUN,
TLR4, PTEN, TP53, EGFR, ANXA2, ANXAS5, and TNF
(Figure 5A). Correlation analysis revealed statistically significant
associations between ANXA?2 and all other seven genes (Figure 5E).
Subsequently, these eight genes were incorporated into the
development of the ferroptosis score. Principal components 1 and
2 were chosen, and the score was determined through
implementation of principal component analysis (PCA).
Ferroptosis score varied significantly among subtypes, with
subtype 2 receiving higher score in all three data sets
(Figures 5B-D). High AUC values were shown in Figures 5F-H
(0.937, 0.859, and 0.911, respectively), indicating that the subtype
classification efficacy of the score was reliable. Additionally, an
exploration was conducted regarding the correlation between the
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scored genes and immune cells, as is demonstrated in Figure 5I. The
analysis indicated that ANXA2 exhibited a significant positive
correlation with “Fibroblasts”, as well as a negative correlation
with “Monocytic lineage” and “Endothelial cells”. Supplementary
Figures S7A-F provides further clarification on these findings.
ANXAS5 displayed similar results. However, EGFR showed
opposite results from ANXA2 and ANXAS5. This may be because
EGFR belongs to the genes progressively downregulated during
disease progression, whereas ANXA2 and ANXA5 belong to the
progressively upregulated one. The above results led us to speculate
that “fibroblasts”, “monocyte lines” and “endothelial cells”, which
may undergo some regular changes during the progression of the
disease, may be associated with the expression of FRGs.

3.9 Single-nucleus RNA-seq and single-cell
RNA-seq analysis

Single-nucleus analysis showed that hepatocytes were the
predominant cells in the samples in both the normal and disease
groups, and our target gene ANXA2 was significantly more
expressed in NAFLD hepatocytes compared to the normal group
(Supplementary Figures S8A-D). To further examine the
correlation between genes responsible for scoring and immune
cells in NAFLD, we scrutinized scRNA-seq data extracted from
liver biopsy samples of high-fat diet-driven NASH mice and their
corresponding control samples. With the aid of xCell, we annotated
ten distinct cell types (Supplementary Figure S8E). The outcome
depicted ANXA2 and ANXA5 to be predominantly expressed by
monocytes, macrophages, and epithelial cells (Supplementary
Figure S8F). This finding hints towards the pivotal involvement
of monocytes, macrophages, and epithelial cells in the development
of NAFLD.

3.10 Silencing ANXA2 gene alleviated
erastin-induced ferroptosis in HepG2 cells

We used HepG2 cells to verify the relationship between the core
gene ANXA?2 and ferroptosis in vitro. HepG2 cells were transfected
with ANXA2 siRNA for 48 hours, and the cells were stimulated with
ferroptosis inducer erastin. Supplementary Figures S9A,B shows
that ANXA2 was successfully knocked down. In addition, the
intracellular ferrous ion level and mitochondrial changes were
observed. As shown in Figure 6 and Supplementary Figure S9C,
compared with the control group, the intracellular ferrous ion
concentration was significantly increased, the fluorescence
intensity of mitochondria was decreased, and the co-localization
of mitochondria and iron ions was obvious after stimulation of cells
with erastin alone (Figures 6A, B). There were no significant
changes in the intracellular ferrous ion level and mitochondria
when the siRNA control was used (Figure 6C). However, after the
silencing of ANXA?2 in HepG2 cells mediated by two siRNAs, the
fluorescence intensity of ferrous ions decreased, the fluorescence
intensity of mitochondria increased, and the colocalization
decreased (Figure 6D, E), which was consistent with the changes
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FIGURE 6

10.3389/fendo.2023.1303426

The effect of ANXA2 on Fe2+ levels in cells. (A) Normal control HepG2 cells; (B) HepG2 cells treated erastin (20 uM) for 24 h; (C) HepG2 cells co-
cultured with siRNA control for 48 h and then treated erastin (20 uM) for 24 h; (D) HepG2 cells co-cultured with siANXA2-1 control for 48 h and
then treated erastin (20 uM) for 24 h; (E) HepG2 cells co-cultured with siANXA2-2 control for 48 h and then treated erastin (20 uM) for 24 h;

(F) HepG2 cells treated erastin (20 uM) and Ferrostatin-1 (2 uM) for 24 h. (The scale bar indicates 100 um length, cells were incubated with
Ferroorange (red color, Texas Red channel) and Mitotracker Green (green color, FITC channel) for 30 min to label intracellular Fe2+ and

mitochondria, respectively).

after the intervention of ferroptosis inhibitor Ferrostatin-1 in the
positive control (Figure 6F). These results indicated that the
deposition of ferrous ions in HepG2 cells, especially in
mitochondria, was alleviated after inhibiting the ANXA2 gene.
When ferroptosis occurs, intracellular lipid peroxidation and
reactive oxygen species (ROS) are often increased. Consistently, we
further examined important intracellular oxidative metabolites. It

Frontiers in Endocrinology

was found that compared with the control group, intracellular lipid
peroxidation was significantly increased (enhanced green
fluorescence) after treatment with erastin and siRNA control
(Figures 7A, B), while lipid peroxidation was significantly
alleviated after silencing ANXA2 gene (Figures 7C-E;
Supplementary Figure S9D). In addition, we used DCFH-DA and
DHE to characterize intracellular ROS and superoxide anion levels.
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The effect of ANXA2 on lipid peroxidation in cells. (A) Normal control HepG2 cells; (B) HepG2 cells co-cultured with siRNA control for 48 h and then
treated erastin (20 uM) for 24 h; (C) HepG2 cells co-cultured with siANXA2-1 control for 48 h and then treated erastin (20 uM) for 24 h; (D) HepG2
cells co-cultured with siANXA2-2 control for 48 h and then treated erastin (20 uM) for 24 h; (E) HepG2 cells treated erastin (20 uM) and Ferrostatin-1
(2 uM) for 24 h. (The scale bar indicates 100 pm length, cells were incubated with C11 BODIPY 581/591 for 60 min to label lipid peroxide, the FITC
channel (green color) indicates oxidized form while the Cy5 channel (red color) indicates the reduced form)

Flow cytometry analysis showed that ROS level was significantly
up-regulated after erastin stimulation (average fluorescence
intensity 47048, average fluorescence intensity of the normal
control group was 20759) (Figure 8). There was little change after
siRNA control treatment, while the average fluorescence intensity of
ROS decreased to about 40000 after ANXA2 inhibition, and to
41678 after intervention with the positive control Ferrostatin-1
(Figure 8). DHE did not change significantly between groups. The
trend of ROS and DHE under fluorescence confocal microscope
was consistent with the results of flow cytometry (Supplementary
Figure S10). The above data proved that the intracellular oxidative
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stress was significantly relieved after ANXA2 inhibition. Based on
the above data, we demonstrated that ANXA?2 gene inhibition could
alleviate erastin-induced ferroptosis in HepG2 cells.

4 Discussion

NAFLD has been shown to be associated with ferroptosis in
previous reports, however, we still lack evidence at the molecular
level. The aim of this study was to analyze the role of ferroptosis
molecules in NAFLD based on high-throughput data. First, we used
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FIGURE 8

The effect of ANXA2 on ROS and DHE levels in cells. HepG2 cells were co-cultured with siRNA for 48 h and then treated erastin (20 uM) for 24 h;
Ferrostatin-1 (2 uM) were co-treated for 24 h. (DCFH-DA and DHE for 30 min to label intracellular ROS and superoxide anion, respectively).

WGCNA combined with four machine learning methods to identify
the most robust core gene, ANXA2. We observed a consistent
upregulation of ANXA2 during the course of the disease through
time-series analysis. Furthermore, we developed a ferroptosis typing
scheme for NAFLD using an unsupervised consensus clustering
approach. The significant differences between two subtypes in terms
of disease course, immune cells level, and ferroptosis marker
molecule level provide promise to improve the existing subtype
classification. Finally, we conducted in vitro experiments using
HepG2 cells and found that ANXA2 may play a role in
promoting ferroptosis, which has not been previously reported.
To our knowledge, the identification of targets for NAFLD
treatment using bioinformatics approaches is uncommon so far.
Only a few results have provided the following targets, including
ENO3, CXCL10, INHBE, LRRC31, OPTN (22) and IGFBP-2
identified by Wen et al. (18). This is far from sufficient for
targeted therapy of NAFLD. ANXA2 is a new target we have
identified, which is a phosphatidylinositol binding protein located
on the surface of exosomes. With the available evidence, ANXA2
expression levels have been found to be significantly elevated in
patients with NAFLD, while its deletion can prevent the
development of liver injury (23). Notably, ANXA2 has multiple
roles in the pathophysiological process of NAFLD. First, ANXA2 is
lowly expressed in normal liver tissues, whereas abundantly
expressed in acute liver injury, due to its ability to bind to tissue-
type fibrinogen activator to promote hepatic neovascularization and
its repair (24, 25). Secondly, ANXA2 is involved in regulating the p-
STAT3/ANXA2 axis, which induces hepatocyte pyroptosis (23).
Not only that, ANXA2 may also promote hepatic stellate cell
activation and collagen fibril synthesis by participating in the
Anxa6/miR-9-5p/Anxa2 pathway or increasing the expression of
osteopontin, thus leading to the onset and acceleration of hepatic
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fibrosis (26, 27). And our experimental results firstly reveal that
ANXA2 may induce ferroptosis, thereby further exacerbating
liver injury.

The proposal that ferroptosis is involved in the pathogenesis and
progression of NAFLD only emerged after 2019. One of the initial
studies indicated that while both apoptosis and necrosis of
hepatocytes may contribute to the development of nonalcoholic
steatohepatitis (NASH), ferroptosis is the primary mode of cell
death during the transition from simple steatosis to steatohepatitis.
The study’s experimental results demonstrated that the inhibition of
necroptosis alone did not prevent cell death onset, whereas the
inhibition of ferroptosis almost entirely protected hepatocytes from
death while suppressing the subsequent infiltration of immune cells
and inflammatory response (28). Another early study revealed that
GPX4 and its associated ferroptosis promoted NASH induced
through methionine/choline-deficient diet (MCD) feeding (29).
Subsequently, mechanisms related to ferroptosis’s involvement in
NAFLD were clarified gradually, with molecular-level evidence
including reduced GPX4 activity, upregulation of ACSL4 (due to
arsenic induction) and the suppression of Nrf2 pathway, together
with iron overload and lipid peroxidation (30). Based on these
mechanisms, several approaches that target the ferroptosis pathway
for treating NAFLD have been explored, including sodium selenite
(SS) (29), thymosin 34 (TB4) (31), and ENO3 (32), which modulate
GPX4 to inhibit ferroptosis. Iron removal therapy has been shown to
reduce alanine aminotransferase levels in hepatocytes (33).
Rosiglitazone (ROSI), an ACSL4 inhibitor, can also suppress
arsenic-induced ferroptosis (34). Additionally, there are recognized
inhibitors of ferroptosis, including Fer-1 (35), LPT-1, and DFP (29),
which possess definite mitigatory effects on NAFLD. But in general,
these leads are incomplete, particularly in establishing the molecular
targets of ferroptosis implicated in each stage of NAFLD.
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ANXA? is filtered by machine learning algorithms. A previous
study of ours also demonstrated the robustness of the machine
learning results (36). In this study, the differential expression of
ANXA?2 in the three datasets represents its reliability. Furthermore,
our study reveals for the first time that ANXA?2 is closely associated
with disease course while being differentially expressed in NAFLD.
ANXA?2 expression gradually increased with increasing feeding time
on a high-fat diet in mouse samples, and in human samples, its
expression was also upregulated with the severity of liver fibrosis
stage. This suggests that ANXA2 may act in all stages of NAFLD, and
that this action is negative. It may promote the development of
NAFLD by regulating lipid metabolism, activating the inflammatory
response (37) and influencing the fibrotic process (23). There are
another 22 genes with the same expression trend, and these deserve to
be further investigated. Although there are no reports on the
association of ANXA2 with ferroptosis, the results of our
experiments suggest that it may act as a target to rescue it by
reducing the accumulation of iron, lipid peroxidation, reactive
oxygen species (ROS) levels, and superoxide anion levels in cells. It
is worth mentioning that ANXA2 regulates ROS in previous studies
more as a protective factor for down-regulation of ROS. He et al.
found that ANXA2 showed a negative correlation with ROS levels in
sepsis models (38), which is different from our experimental results.
One possible explanation for this discrepancy is that ANXA2
promotes ferroptosis by causing upregulation of ROS levels
through the inverse regulation of PRDX2 levels (39). Two recent
studies have provided evidence that PRDX2 can inhibit cellular
ferroptosis (40, 41). Therefore, we suggest that ANXA2 may have a
dual role in the regulation of redox, and its downregulation of
antioxidant molecular activity may be important in promoting the
occurrence of ferroptosis. Additionally, the mechanism of how the
expression profile of ANXA2 affects ferrous ion levels in
mitochondria remains unclear and requires further analysis.

Our study provides a typing scheme for NAFLD based on FRGs.
It is significant that it can well differentiate different groups of
samples in the dataset. JUN, TLR4, PTEN, TP53, EGFR, ANXA2,
ANXA5, and TNF were the genes we screened for scoring, and
correlation analysis showed that ANXA2 was associated with all of
these genes. Notably, JUN, TLR4, and ANXAS5, like ANXA2, showed
a trend of upregulation with increasing NAFLD in our three datasets.
JUN, TLR4 (42), EGFR (43), and TNF (44) were confirmed to
promote the progression of NAFLD in previous studies, while
ANXA5 (45) and PTEN (46) were identified as protective factors.
TP53 has a dual role in NAFLD (47). TLR4 antagonist Sparstolonin B
(SsnB) inhibited TLR4-induced liver fibrosis. The mechanism may
include upregulation of PTEN protein expression to reduce TLR4-
PI3k akt signaling and increased p53 gene and protein expression. In
addition, SsnB may also reduce fibrosis by antagonizing TLR4-
induced TGFp signaling pathway (48). Another analysis manifests
that SsnB may exert an anti-NASH effect by reducing the transport of
TLR4 to lipid rafts (49). Not only that, a recent experimental study
demonstrated that Zeaxanthin (ZEA) has the ability to effectively
decrease the expression of p53, in turn regulating downstream targets
such as GPX4, SLC7A11, SATI1, and ALOX15. These actions
cumulatively contribute to the effective inhibition of ferroptosis in
NAFLD cells (50). In summary, the inter-regulation between these
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FRGs on which our typing scheme is based plays an important role in
NAFLD and they deserve further investigation. More evidence is
needed to target them to inhibit ferroptosis occurrence and thus
treat NAFLD.

Our study provides evidence supporting the involvement of
ferroptosis molecules in NAFLD. However, there are some
limitations to our findings. Firstly, the duration of the high-fat
diet may not fully reflect the severity of NAFLD, which could have
influenced the positive results obtained. In addition, although we
demonstrated that knockdown of ANXA?2 in the presence of iron
metastasis inducers inhibited ROS levels, more experimental studies
are still needed to investigate how ANXA2 regulates ROS levels.
However, our findings indicate that ANXA2 may possess a high
degree of potential as a target for the regulation of the ferroptosis
pathway in individuals affected by NAFLD.

5 Conclusion

Our bioinformatics analysis revealed ANXA?2 as a key gene in
NAFLD pathogenesis with diagnostic potential. ANXA2 expression
was found to be positively associated with the course of NAFLD and
increased along with liver fibrosis in human samples. Additionally,
we propose a new typing scheme for NAFLD based on FRGs
expression. Experimental results suggest that ANXA2 is an
important target in suppressing ferroptosis and could potentially
aid in NAFLD treatment.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

Author contributions

JQ: Investigation, Methodology, Visualization, Writing — original
draft. PC: Data curation, Resources, Validation, Writing — review &
editing. XD: Data curation, Formal Analysis, Investigation, Software,
Writing - original draft. ZZ: Investigation, Validation, Writing —
original draft. LD: Writing — original draft. LL: Conceptualization,
Funding acquisition, Project administration, Supervision, Writing -
original draft, Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by the Science and Technology Special Project of
Zhanjiang (2022A01034); The Guangdong Provincial Department of
Education Research Project (2022KTSCX); the Special Fund for
Science and Technology Innovation Strategy of Guangdong province

frontiersin.org


https://doi.org/10.3389/fendo.2023.1303426
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Qin et al.

(pdjh2023a0227), and the national undergraduate training program for
innovation and entrepreneurship (202310571003,GDMU2022221).

Acknowledgments

We thank the Public Service Platform of South China Sea for
R&D Marine Biomedicine Resources for support.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

References

1. Younossi Z, Anstee QM, Marietti M, Hardy T, Henry L, Eslam M, et al. Global
burden of nafld and nash: trends, predictions, risk factors and prevention. Nat Rev
Gastroenterol Hepatol (2018) 15(1):11-20. doi: 10.1038/nrgastro.2017.109

2. Younossi ZM, Koenig AB, Abdelatif D, Fazel Y, Henry L, Wymer M. Global
epidemiology of nonalcoholic fatty liver disease-meta-analytic assessment of prevalence,
incidence, and outcomes. Hepatology (2016) 64(1):73-84. doi: 10.1002/hep.28431

3. Wong VW, Adams LA, de Lédinghen V, Wong GL, Sookoian S. Noninvasive
biomarkers in nafld and nash - current progress and future promise. Nat Rev
Gastroenterol Hepatol (2018) 15(8):461-78. doi: 10.1038/s41575-018-0014-9

4. Wang FS, Fan JG, Zhang Z, Gao B, Wang HY. The global burden of liver disease:
the major impact of China. Hepatology (2014) 60(6):2099-108. doi: 10.1002/hep.27406

5. Koperska A, Wesolek A, Moszak M, Szulinska M. Berberine in non-alcoholic fatty
liver disease-a review. Nutrients (2022) 14(17):3459. doi: 10.3390/nul14173459

6. Gastaldelli A, Stefan N, Haring HU. Liver-targeting drugs and their effect on
blood glucose and hepatic lipids. Diabetologia (2021) 64(7):1461-79. doi: 10.1007/
s00125-021-05442-2

7. Mantovani A, Dalbeni A. Treatments for NAFLD: State of art. Int ] Mol Sci (2021)
22(5):2350. doi: 10.3390/ijms22052350

8. Sumida Y, Nakajima A, Itoh Y. Limitations of liver biopsy and non-invasive
diagnostic tests for the diagnosis of nonalcoholic fatty liver disease/nonalcoholic
steatohepatitis. World ] Gastroenterol (2014) 20(2):475-85. doi: 10.3748/wjg.v20.i2.475

9. Arroyave-Ospina JC, Wu Z, Geng Y, Moshage H. Role of oxidative stress in the
pathogenesis of non-alcoholic fatty liver disease: implications for prevention and
therapy. Antioxidants (Basel) (2021) 10(2):174. doi: 10.3390/antiox10020174

10. Dixon SJ, Lemberg KM, Lamprecht MR, Skouta R, Zaitsev EM, Gleason CE, et al.
Ferroptosis: an iron-dependent form of nonapoptotic cell death. Cell (2012) 149
(5):1060-72. doi: 10.1016/j.cell.2012.03.042

11. Hernandez-Aguilera A, Casacuberta N, Castafie H, Fibla M, Fernandez-Arroyo
S, Fort-Gallifa I, et al. Nonalcoholic steatohepatitis modifies serum iron-related
variables in patients with morbid obesity. Biol Trace Elem Res (2021) 199(12):4555-
63. doi: 10.1007/s12011-021-02610-8

12. Nelson JE, Wilson L, Brunt EM, Yeh MM, Kleiner DE, Unalp-Arida A, et al.
Relationship between the pattern of hepatic iron deposition and histological severity in
nonalcoholic fatty liver disease. Hepatology (2011) 53(2):448-57. doi: 10.1002/hep.24038

13. Tong J, Lan XT, Zhang Z, Liu Y, Sun DY, Wang XJ, et al. Ferroptosis inhibitor
liproxstatin-1 alleviates metabolic dysfunction-associated fatty liver disease in mice:
potential involvement of panoptosis. Acta Pharmacol Sin (2023) 44(5):1014-28.
doi: 10.1038/s41401-022-01010-5

14. Jadhav S, Protchenko O, Li F, Baratz E, Shakoury-Elizeh M, Maschek A, et al.
Mitochondrial dysfunction in mouse livers depleted of iron chaperone pcbpl. Free
Radic Biol Med (2021) 175:18-27. doi: 10.1016/j.freeradbiomed.2021.08.232

15. Barrett T, Troup DB, Wilhite SE, Ledoux P, Rudnev D, Evangelista C, et al. Ncbi
geo: mining tens of millions of expression profiles-database and tools update. Nucleic
Acids Res (2007) 35:D760-5. doi: 10.1093/nar/gkl887

16. Langfelder P, Horvath S. Wgcna: an R package for weighted correlation network
analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

Frontiers in Endocrinology

10.3389/fendo.2023.1303426

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fend0.2023.1303426/
full#supplementary-material

17. Yu G, Wang LG, Han Y, He QY. Clusterprofiler: an R package for comparing biological
themes among gene clusters. Omics (2012) 16(5):284-7. doi: 10.1089/0mi.2011.0118

18. Becht E, Giraldo NA, Lacroix L, Buttard B, Elarouci N, Petitprez F, et al.
Estimating the population abundance of tissue-infiltrating immune and stromal cell
populations using gene expression. Genome Biol (2016) 17(1):218 Epub 2016/10/22.
doi: 10.1186/s13059-016-1070-5

19. Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al. String
V11: protein-protein association networks with increased coverage, supporting
functional discovery in genome-wide experimental datasets. Nucleic Acids Res (2019)
47(D1):D607-d13. doi: 10.1093/nar/gky1131

20. Yoshida K, Yokota K, Kutsuwada Y, Nakayama K, Watanabe K, Matsumoto A,
et al. Genome-wide association study of lean nonalcoholic fatty liver disease suggests
human leukocyte antigen as a novel candidate locus. Hepatol Commun (2020) 4
(8):1124-35. doi: 10.1002/hep4.1529

21. Doganay L, Katrinli S, Colak Y, Senates E, Zemheri E, Ozturk O, et al. Hla dgb1
alleles are related with nonalcoholic fatty liver disease. Mol Biol Rep (2014) 41
(12):7937-43. doi: 10.1007/s11033-014-3688-2

22. Wen W, Wu P, Zhang Y, Chen Z, Sun ], Chen H. Comprehensive analysis of
nafld and the therapeutic target identified. Front Cell Dev Biol (2021) 9:704704.
doi: 10.3389/fcell.2021.704704

23. Feng Y, Li W, Wang Z, Zhang R, Li Y, Zang L, et al. The P-stat3/anxa2 axis
promotes caspase-1-mediated hepatocyte pyroptosis in non-alcoholic steatohepatitis. J
Transl Med (2022) 20(1):497. doi: 10.1186/s12967-022-03692-1

24. ChenJA, Shi M, LiJQ, Qian CN. Angiogenesis: multiple masks in hepatocellular
carcinoma and liver regeneration. Hepatol Int (2010) 4(3):537-47. doi: 10.1007/s12072-
010-9192-4

25. O'Reilly MS, Holmgren L, Shing Y, Chen C, Rosenthal RA, Moses M, et al.
Angiostatin: A novel angiogenesis inhibitor that mediates the suppression of metastases
by a lewis lung carcinoma. Cell (1994) 79(2):315-28. doi: 10.1016/0092-8674(94)
90200-3

26. Liao J, Zhang Z, Yuan Q, Luo L, Hu X. The mouse anxa6/mir-9-5p/anxa2 axis
modulates tgf-B1-induced mouse hepatic stellate cell (Mhsc) activation and ccl(4)-
caused liver fibrosis. Toxicol Lett (2022) 362:38-49. doi: 10.1016/j.toxlet.2022.04.004

27. Wang G, Duan J, Pu G, Ye C, Li Y, Xiu W, et al. The annexin A2-notch
regulatory loop in hepatocytes promotes liver fibrosis in nafld by increasing
osteopontin expression. Biochim Biophys Acta Mol Basis Dis (2022) 1868(8):166413.
doi: 10.1016/j.bbadis.2022.166413

28. Tsurusaki S, Tsuchiya Y, Koumura T, Nakasone M, Sakamoto T, Matsuoka M,
et al. Hepatic ferroptosis plays an important role as the trigger for initiating
inflammation in nonalcoholic steatohepatitis. Cell Death Dis (2019) 10(6):449.
doi: 10.1038/541419-019-1678-y

29. Qi J, Kim JW, Zhou Z, Lim CW, Kim B. Ferroptosis affects the progression of
nonalcoholic steatohepatitis via the modulation of lipid peroxidation-mediated cell
death in mice. Am ] Pathol (2020) 190(1):68-81. doi: 10.1016/j.ajpath.2019.09.011

30. Zhang H, Zhang E, Hu H. Role of ferroptosis in non-alcoholic fatty liver disease
and its implications for therapeutic strategies. Biomedicines (2021) 9(11):1660.
doi: 10.3390/biomedicines9111660

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fendo.2023.1303426/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fendo.2023.1303426/full#supplementary-material
https://doi.org/10.1038/nrgastro.2017.109
https://doi.org/10.1002/hep.28431
https://doi.org/10.1038/s41575-018-0014-9
https://doi.org/10.1002/hep.27406
https://doi.org/10.3390/nu14173459
https://doi.org/10.1007/s00125-021-05442-2
https://doi.org/10.1007/s00125-021-05442-2
https://doi.org/10.3390/ijms22052350
https://doi.org/10.3748/wjg.v20.i2.475
https://doi.org/10.3390/antiox10020174
https://doi.org/10.1016/j.cell.2012.03.042
https://doi.org/10.1007/s12011-021-02610-8
https://doi.org/10.1002/hep.24038
https://doi.org/10.1038/s41401-022-01010-5
https://doi.org/10.1016/j.freeradbiomed.2021.08.232
https://doi.org/10.1093/nar/gkl887
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1186/s13059-016-1070-5
https://doi.org/10.1093/nar/gky1131
https://doi.org/10.1002/hep4.1529
https://doi.org/10.1007/s11033-014-3688-2
https://doi.org/10.3389/fcell.2021.704704
https://doi.org/10.1186/s12967-022-03692-1
https://doi.org/10.1007/s12072-010-9192-4
https://doi.org/10.1007/s12072-010-9192-4
https://doi.org/10.1016/0092-8674(94)90200-3
https://doi.org/10.1016/0092-8674(94)90200-3
https://doi.org/10.1016/j.toxlet.2022.04.004
https://doi.org/10.1016/j.bbadis.2022.166413
https://doi.org/10.1038/s41419-019-1678-y
https://doi.org/10.1016/j.ajpath.2019.09.011
https://doi.org/10.3390/biomedicines9111660
https://doi.org/10.3389/fendo.2023.1303426
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Qin et al.

31. Kim J, Jung Y. Thymosin beta 4 is a potential regulator of hepatic stellate cells.
Vitam Horm (2016) 102:121-49. doi: 10.1016/bs.vh.2016.04.011

32. LuD, Xia Q, Yang Z, Gao S, Sun S, Luo X, et al. Eno3 promoted the progression
of nash by negatively regulating ferroptosis via elevation of gpx4 expression and lipid
accumulation. Ann Transl Med (2021) 9(8):661. doi: 10.21037/atm-21-471

33. Valenti L, Moscatiello S, Vanni E, Fracanzani AL, Bugianesi E, Fargion S, et al. Venesection
for non-alcoholic fatty liver disease unresponsive to lifestyle counselling—a propensity score-adjusted
observational study. Qjm (2011) 104(2):141-9. doi: 10.1093/qjmed/hcq170

34. Wei S, Qiu T, Wang N, Yao X, Jiang L, Jia X, et al. Ferroptosis mediated by the
interaction between mfn2 and ireo. Promotes arsenic-induced nonalcoholic
steatohepatitis. Environ Res (2020) 188:109824. doi: 10.1016/j.envres.2020.109824

35. Li X, Wang TX, Huang X, Li Y, Sun T, Zang S, et al. Targeting ferroptosis
alleviates methionine-choline deficient (Mcd)-diet induced nash by suppressing liver
lipotoxicity. Liver Int (2020) 40(6):1378-94. doi: 10.1111/1iv.14428

36. Ding X, Qin J, Huang F, Feng F, Luo L. The combination of machine learning and
untargeted metabolomics identifies the lipid metabolism -related gene ch25h as a potential
biomarker in asthma. Inflamm Res (2023) 72(5):1099-119. doi: 10.1007/s00011-023-01732-0

37. Sobolewski C, Abegg D, Berthou F, Dolicka D, Calo N, Sempoux C, et al.
S100all/anxa2 belongs to a tumour suppressor/oncogene network deregulated early
with steatosis and involved in inflammation and hepatocellular carcinoma
development. Gut (2020) 69(10):1841-54. doi: 10.1136/gutjnl-2019-319019

38. He S, Li X, Li R, Fang L, Sun L, Wang Y, et al. Annexin A2 modulates ros and
impacts inflammatory response via il-17 signaling in polymicrobial sepsis mice. PloS
Pathog (2016) 12(7):¢1005743. doi: 10.1371/journal.ppat.1005743

39. Castaldo SA, Ajime T, Serrdo G, Anastacio F, Rosa JT, Giacomantonio CA, et al.
Annexin A2 regulates akt upon H,0,-dependent signaling activation in cancer cells.
Cancers (Basel) (2019) 11(4):492. doi: 10.3390/cancers11040492

40. Luo P, Liu D, Zhang Q, Yang F, Wong YK, Xia F, et al. Celastrol induces
ferroptosis in activated hscs to ameliorate hepatic fibrosis via targeting peroxiredoxins
and ho-1. Acta Pharm Sin B (2022) 12(5):2300-14. doi: 10.1016/j.apsb.2021.12.007

41. Chen Y, Li S, Yin M, Li Y, Chen C, Zhang J, et al. Isorhapontigenin attenuates
cardiac microvascular injury in diabetes via the inhibition of mitochondria-associated

Frontiers in Endocrinology

16

10.3389/fendo.2023.1303426

ferroptosis through prdx2-mfn2-acsl4 pathways. Diabetes (2023) 72(3):389-404.
doi: 10.2337/db22-0553

42. Hu J, Wang H, Li X, Liu Y, Mi Y, Kong H, et al. Fibrinogen-like protein 2
aggravates nonalcoholic steatohepatitis via interaction with tlr4, eliciting inflammation
in macrophages and inducing hepatic lipid metabolism disorder. Theranostics (2020)
10(21):9702-20. doi: 10.7150/thno.44297

43. Liang D, Chen H, Zhao L, Zhang W, Hu J, Liu Z, et al. Inhibition of egfr
attenuates fibrosis and stellate cell activation in diet-induced model of nonalcoholic
fatty liver disease. Biochim Biophys Acta Mol Basis Dis (2018) 1864(1):133-42.
doi: 10.1016/j.bbadis.2017.10.016

44. Ramadori G, Armbrust T. Cytokines in the liver. Eur | Gastroenterol Hepatol
(2001) 13(7):777-84. doi: 10.1097/00042737-200107000-00004

45. Xu F, Guo M, Huang W, Feng L, Zhu J, Luo K, et al. Annexin A5 regulates
hepatic macrophage polarization via directly targeting pkm2 and ameliorates nash.
Redox Biol (2020) 36:101634. doi: 10.1016/j.redox.2020.101634

46. Nguyen Huu T, Park J, Zhang Y, Duong Thanh H, Park I, Choi JM, et al. The
role of oxidative inactivation of phosphatase pten and tcptp in fatty liver disease.
Antioxidants (Basel) (2023) 12(1):120. doi: 10.3390/antiox12010120

47. Yan Z, Miao X, Zhang B, Xie J. P53 as a double-edged sword in the progression of
non-alcoholic fatty liver disease. Life Sci (2018) 215:64-72. doi: 10.1016/j1f5.2018.10.051

48. Dattaroy D, Seth RK, Sarkar S, Kimono D, Albadrani M, Chandrashekaran V,
et al. (Ssnb) attenuates liver fibrosis via a parallel conjugate pathway involving P53-P21
axis, tgf-beta signaling and focal adhesion that is tlr4 dependent. Eur J Pharmacol
(2018) 841:33-48. doi: 10.1016/j.ejphar.2018.08.040

49. Dattaroy D, Seth RK, Das S, Alhasson F, Chandrashekaran V, Michelotti G, et al.
Sparstolonin B attenuates early liver inflammation in experimental nash by modulating
tlr4 trafficking in lipid rafts via nadph oxidase activation. Am ] Physiol Gastrointest
Liver Physiol (2016) 310(7):G510-25. doi: 10.1152/ajpgi.00259.2015

50. Liu H, Yan J, Guan F, Jin Z, Xie ], Wang C, et al. Zeaxanthin prevents ferroptosis
by promoting mitochondrial function and inhibiting the P53 pathway in free fatty acid-
induced hepg2 cells. Biochim Biophys Acta Mol Cell Biol Lipids (2023) 1868(4):159287.
doi: 10.1016/j.bbalip.2023.159287

frontiersin.org


https://doi.org/10.1016/bs.vh.2016.04.011
https://doi.org/10.21037/atm-21-471
https://doi.org/10.1093/qjmed/hcq170
https://doi.org/10.1016/j.envres.2020.109824
https://doi.org/10.1111/liv.14428
https://doi.org/10.1007/s00011-023-01732-0
https://doi.org/10.1136/gutjnl-2019-319019
https://doi.org/10.1371/journal.ppat.1005743
https://doi.org/10.3390/cancers11040492
https://doi.org/10.1016/j.apsb.2021.12.007
https://doi.org/10.2337/db22-0553
https://doi.org/10.7150/thno.44297
https://doi.org/10.1016/j.bbadis.2017.10.016
https://doi.org/10.1097/00042737-200107000-00004
https://doi.org/10.1016/j.redox.2020.101634
https://doi.org/10.3390/antiox12010120
https://doi.org/10.1016/j.lfs.2018.10.051
https://doi.org/10.1016/j.ejphar.2018.08.040
https://doi.org/10.1152/ajpgi.00259.2015
https://doi.org/10.1016/j.bbalip.2023.159287
https://doi.org/10.3389/fendo.2023.1303426
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

	Machine learning identifies ferroptosis-related gene ANXA2 as potential diagnostic biomarkers for NAFLD
	1 Introduction
	2 Materials and methods
	2.1 Collection and pre-processing of disease and health samples
	2.2 Acquisition of ferroptosis gene sets
	2.3 Screening module genes by weighted gene co-expression network analysis
	2.4 Differential expression analysis of genes
	2.5 Identification of disease signature genes
	2.6 Functional enrichment analysis of differentially expressed genes
	2.7 Analysis of dynamic expression models (time-series analysis)
	2.8 Analysis of ferroptosis patterns in NAFLD
	2.9 Immune cell infiltration estimation
	2.10 Protein–protein interaction
	2.11 Construction of ferroptosis scores by PCA algorithm
	2.12 Single nucleus and single cell analysis
	2.13 Western blot
	2.14 Cell culture and siRNA transfection
	2.15 Determination of ferrous ion content and its localization in mitochondria
	2.16 Determination of lipid peroxidation
	2.17 Reactive oxygen species analysis
	2.18 Measurement of superoxide anion levels
	2.19 Statistical analysis

	3 Result
	3.1 Weighted gene co-expression network construction
	3.2 Identification of aberrantly expressed ferroptosis genes in NAFLD
	3.3 Machine learning algorithms identify the target gene ANXA2
	3.4 Functional enrichment analysis of differentially expressed genes
	3.5 Expression pattern analysis of FRGs
	3.6 Consensus clustering approach to develop ferroptosis subtypes in NAFLD
	3.7 Evaluation and analysis of immune cell infiltration
	3.8 Ferroptosis score construction
	3.9 Single-nucleus RNA-seq and single-cell RNA-seq analysis
	3.10 Silencing ANXA2 gene alleviated erastin-induced ferroptosis in HepG2 cells

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


