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ARTICLE INFO ABSTRACT

Keywords: Aims: To analyze the expression of mitochondrial translational initiation factor 2 (MTIF2) and the
Hepatocellular carcinoma biological functions of the gene in hepatocellular carcinoma (HCC).

MTIF2

Background: The treatment of HCC treatment and its prognostic prediction are limited by a lack of
comprehensive understanding of the molecular mechanisms in HCC. OBJECTIVE: To determine
the cells expressing MTIF2 in HCC and the function of the MTIF2+ cell subpopulation.
Methods: Gene expression analysis on TIMER 2.0, UALCAN, and GEPIA databases was performed
to measure the expression of MTIF2 in HCC tissues. Cell clustering subgroups and annotation
were conducted based on the single-cell sequencing data of HCC and paracancerous tissues in the
Gene Expression Omnibus (GEO) database. MTIF2 expression in different cell types was analyzed.
Further, biological pathways potentially regulated by MTIF2 in each cell type were identified. In
addition, protein-protein interaction (PPI) networks of MTIF2 with genes in its regulated bio-
logical pathways were developed. The cell function assay was performed to verify the effects of
superoxide dismutase-2 (SOD2) and MTIF2 on HCC cells. Finally, we screened virtual drugs
targeting MTIF2 and SOD2 employing database screening, molecular docking and molecular
dynamics.

Results: MTIF2 showed a remarkably high expression in HCC tissues. We identified a total of 10
cell types between HCC tissues and paracancerous tissues. MTIF2 expression was upregulated in
epithelial cells, macrophages, and hepatocytes. More importantly, high-expressed MTIF2 in HCC
tissues was mainly derived from epithelial cells and hepatocytes, in which the reactive oxygen
species (ROS) pathway was significantly positively correlated with MTIF2. In the PPI network,
there was a unique interaction pair between SOD2 and MTIF2 in the ROS pathway. Cell function
experiments showed that overexpression of MTIF2 enhanced the proliferative and invasive ca-
pacities of HCC, which could synergize with SOD2 to co-promote the development of HCC.
Finally, molecular dynamics simulations showed that DB00183 maintained a high structural
stability with MTIF2 and SOD2 proteins during the simulation process.
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Conclusion: Our study confirmed that the high-expressed MTIF2 in HCC tissues was derived from
epithelial cells and hepatocytes. MTIF2 might act on SOD2 to regulate the ROS pathway, thereby
affective the progression of HCC.

1. Introduction

HCC is the most frequently diagnosed primary liver tumor, but the molecular mechanisms underlying HCC development are not
comprehensively understood [1,2]. Previous studies showed that most HCC patients would develop acquired resistance shortly after
their initial use of targeted drugs [3-6]. The interactions between HCC cells and the tumor microenvironment (TME) could be a
promising directions for investigating the molecular mechanisms underlying HCC development and metastasis [7,8]. The TME consists
of tumor cells, immune cells, stromal cells, and associated extracellular matrix molecules that significantly influence the development
of the malignant phenotype of cancer cells through specific interactions [9]. It has been shown that the disruption of tight intercellular
junctions between epithelial cells in HCC leads to a loss of primitive polarity, order, and coherence, which in turn promotes an
epithelial-to-mesenchymal (ETM) transition, enabling epithelial cells to exhibit mesenchymal cellular characteristics and develop
migratory capacity [10]. Furthermore, growing evidence indicated that natural killer (NK) cells are influenced by liver diseases and
liver cancers, such as HCC. Impaired function of NK cells will hinder their ability to eliminate virus-infected or tumor cells [11].
However, the molecular drivers of HCC carcinogenesis are currently unknown, and we face a lack of specific biomarkers for early
diagnosis or as potential therapeutic targets for HCC treatment.

Single-cell transcriptome sequencing (scRNA-seq) analyzes gene expression at single-cell level by non-targeted quantification of
transcripts in a single cell, allowing for in-depth investigation of cell types, cell functions, cell subpopulations and heterogeneity. At
present, scRNA-seq is also commonly used for identifying new cell types, confirming rare cell populations, and constructing atlases of
cell states and phylogenies [12-14]. In the field of oncology, scRNA-seq technology has been widely employed in studying tumor
heterogeneity [15,16], tumor metastasis [17,18], tumor microenvironment [19-21], and antitumor drug discovery and development
[22,23]. ScRNA-seq could help discover new biomarkers for cancers. For example, by integrating scRNA-seq and conventional
RNA-seq data, Jiang et al. constructed a prognostic model for patients with lung adenocarcinoma (LUAD) and identified different cell
subtypes to explore their different prognostic and immune characteristics [24]. Additionally, other researchers performed single-cell
analysis to provide a comprehensive understanding of the recurrent HCC ecosystem and novel insights into the immune evasion
mechanisms associated with tumor recurrence [25].

This study identified specific hepatocyte and epithelial cell types based on the RNA-seq data of HCC samples and the biological
pathways and potential connections between the two types of cells were explored through multiple data analyses. The aim of this study
was to elucidate different cell types in HCC and to provide new insights for HCC prognosis and treatment.

2. Materials and methods
2.1. Analysis of MTIF2 expression level

Differential expression of MTIF2 [26] in pan-cancer was analyzed between tumor and normal (Gene_DE) module of the TIMER 2.0
database (http://timer.cistrome.org/). The Gene_DE module was used to study the differential expression of genes of interest between
the tumor and adjacent normal tissue in all TCGA tumors [27,28]. HCC tissues and normal tissues in the GEPIA database (http://gepia.
cancer-pku.cn/) [29] and UALCAN database (https://ualcan.path.uab.edu/index.html) [30,31] were explored to determine the
expression level of MTIF2. Notably, in the GEPIA software, we used the module "Expression DIY" and visualized the results in a box
plot. Subsequently, we entered the name of the gene MTIF2 in the UALCAN online analysis software and selected the TCGA-LIHC
dataset to analyze the expression level of MTIF2 in LIHC.

2.2. Single-cell data analysis

To analyze the differences in cell profiles between HCC and normal liver tissues, a single-cell cohort containing five HCC samples
and five paracancerous tissues, GSE242889 was collected from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The data
format of GSE242889 was count matrix. The Seurat package [32] was utilized for data reading and processing. Cells with mito-
chondrial gene ratio <25 % and gene counts between 200 and 5000 were retained. Data normalization was performed by the built-in
SCTransform function in the Seurat package, followed by performing principal component analysis (PCA). Subsequently, the harmony
package [33] was used to eliminate the batch effect between the 10 samples. The first 30 principal components were selected for
Uniform Manifold Approximation and Projection (UMAP) dimensionality reduction analysis. Cells were clustered and analyzed
applying the FindNeighbors and FindClusters functions in the Seurat package at the resolution = 0.1. The marker genes of the cells
were extracted from the CellMarker database (http://xteam.xbio.top/CellMarker/) [34], and clusters of cells were annotated ac-
cording to their expression levels to determine the cell type.
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2.3. Hallmark pathway activity score

The h.all.v2023.1.Hs.symbols.gmt file was loaded from the Molecular Signatures Database (MsigDB, https://www.gsea-msigdb.
org/gsea/msigdb), which contained 50 hallmark pathways and corresponding gene sets. The activity scores of the hallmark path-
ways in different cell types were calculated using the AUCell package [35] and evaluated in terms of Area under the Curve (AUC)
values. The correlation between MTIF2 and ROS pathway activity was assessed using the spearman correlation analysis.

2.4. Protein-protein interaction (PPI) networks

Gene sets containing MTIF2 in the ROS pathway were extracted and uploaded to the STRING database (https://cn.string-db.org/)
[36] and PPI networks were developed. The threshold was set to medium confidence (0.400) to obtain the protein interaction pairs,
and finally the PPI networks were visualized using the cytoscape software [37].

2.5. Cell culture and transfection

Cultures of THLE-2 cells (CRL-2706, ATCC, Rockville, MD, USA) and Huh7 cells (Institute of Basic Medical Sciences CAMS
3111C0001CCC000679) were conducted in Dulbecco’s Modified Eagle medium (DMEM) containing 10 % fetal bovine serum (FBS) at
37 °C. Overexpression experiments of MTIF2 and SOD2 were performed by transfecting the cells with commercially available over-
expression vectors for MTIF2 and SOD2, respectively, and negative controls (NC) were transfected with empty vectors. Knockdown
experiments of MTIF2 were performed by transfecting the cells with small interfering RNAs (siRNAs) specific for MTIF2 mRNAs, and
the controls were transfected with non-specific siRNAs (si-NC).

2.6. Quantitative real-time PCR

Total cellular RNA was extracted using Trizol reagent (Invitrogen), after which cDNA was obtained using reverse transcription with
a cDNA synthesis kit (Bio-Rad, 1708890). MRNA for MTIF2 and SOD2 was analyzed by quantitative PCR using SYBR Green real-time
PCR kit (Qiagen, Valencia, CA) and specific primers. Relative expression level was calculated using the 2722t method [38] with
GAPDH as an internal reference. The primer sequences were as follows: MTIF2 forward sequence 5-3’: GGAATGACTATTGAG-
GAACTGGC and reverse sequence 5-3’: CCTGCCTTCGTTATCACTTCTTT; SOD2 forward sequence 5-3’: CTGGA-
CAAACCTCAGCCCTAAC and reverse sequence 5-3’: AACCTGAGCCTTGGACACCAAC.

2.7. Transwell assay

The upper chamber of the Transwell was pre-coated with Matrigel (Corning, 356231) to simulate the extracellular matrix. A
suspension of treated cells was added to the upper chamber, while the lower chamber was supplemented with medium containing 10 %
FBS as a chemotaxis agent. After cell incubation for 24 h (h), non-migrating cells in the upper chamber were removed, where cells
invading the filter membrane were fixed and stained and then counted under a light microscope (Thermo Fisher Scientific, MA, USA).

2.8. Database preparation and molecular docking

This study utilized a database of 2614 chemical small molecules approved by the Food and Drug Administration (FDA) for virtual
screening. All molecules were subjected to 3D structure transformation before docking using the LigPrep module of the Schrodinger
software package. The energy of all the molecules were minimized using the OPLS4 force field, and their protonation state was
predicted using the Epik method.

Next, based on the "Protein Preparation Wizard" module in the Maestro 13.0 software package for the protein preparation, the
MTIF2 and SOD2 proteins with PDB IDs of 6GAZ and 5T30, respectively, were obtained from the Protein Data Bank (PDB) database.
The proteins were processed with removal of water molecules, addition of missing hydrogen atoms, and repair of missing side chains.
Subsequently, the amino acids were subjected to protonation state prediction at PH = 7.2, and energy minimization of the entire
structure was performed using the OPLS4 force field.

Docking boxes were used to limit the spatial extent to search small molecules and are often used to wrap active pockets for docking
[39]. The docking box files of the pockets were generated using the "Receptor Grid Generation" module in the Schrodinger 2021-4
software, and the binding site of the prepared proteins was predicted using the "sitemap" module. The top-ranked pockets were
considered as the potentially active pockets at the centers of the boxes and further calculated to generate a grid file with a volume of
25*25%25 A3. Finally, the structure-based virtual screening was performed using the "Glide" module. In this process, SP precision was
used for docking, and the molecules obtained by docking were mapped and analyzed based on the scoring of the molecules of the two
proteins showing a high binding affinity.

2.9. Statistical analysis

We used the Wilcoxon test to compare the difference between the two sets of continuous variables and the spearman correlation to
measure the correlation between the two sets of continuous variables. P < 0.01 was considered statistically significant. All
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Fig. 1. MTIF2 expression was upregulated in HCC tissues. A: MTIF2 expression level in pan-cancer in TIMER 2.0 database.B: Expression level of
MTIF2 in tumor tissues and normal tissues in GEPIA database.C: Expression levels of MTIF2 in tumor tissues and normal tissues in the UAL-
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computational procedures were completed using R language (version 3.6.0).

3. Results
3.1. MTIF2 expression was upregulated in HCC tissues
First, we measured the expression of MTIF2 in pan-cancer in the TIMER 2.0 database. The results showed that MTIF2 expression

was upregulated in HCC tissues (Fig. 1A). In the GEPIA and UALCAN databases, we similarly examined the expression levels of MTIF2
in HCC tissues and normal tissues, and found that MTIF2 expression levels were abnormally upregulated in HCC tissues (Fig. 1B-C).

3.2. MTIF2 expression was upregulated in epithelial cells and hepatocytes

To further explore the expression levels of MTIF2 in different cell types, single-cell data derived from 5 HCC tissues and para-
cancerous tissues from the GSE242889 cohort were analyzed. Based on Seurat package processing and marker genes annotation,
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we identified a total of 10 cell types, namely, epithelial cells, hepatocytes, B cells, endothelial cells, plasma b cells, myofibroblasts,
neutrophils, mast cells, dendritic cells, and macrophages (Fig. 2A). The upregulated marker genes in the 10 cell types were shown in
Fig. 2B. The expression of ALB, HP, and APOA2 was upregulated in hepatocytes, C1QC, MS4A7, CD163 were upregulated in mac-
rophages, and EPCAM, KRT19, KRT7 were upregulated in epithelial cells. Next, the expression levels of MTIF2 in the 10 cell types were
detected, and we found that it was upregulated in epithelial cells, macrophages, and hepatocytes (Fig. 2C). Interestingly, we extracted
the expression matrix of the three types of cells in HCC tissues and para-cancerous tissues. It was found that MTIF2 was high-expressed
in epithelial cells, hepatocytes of HCC origin, and macrophages of para-carcinoma tissue origin (Fig. 2D). These results suggested that
the upregulation of MTIF2 could regulate epithelial and hepatocyte functions during HCC development.

3.3. Biological pathways regulated by MTIF2 in epithelial cells

Fifty hallmark pathways from the MsigDB database were collected, and we calculated their activity scores in epithelial cells using
the AUCell package and performed a spearman correlation analysis between these pathways and MTIF2 expression level (Fig. 3A). It
was found that upregulation of MTIF2 could activate adipogenesis, reactive oxygen species (ROS) pathway, oxidative phosphorylation,
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and mTORCI signaling, and xenobiotic metabolism in epithelial cells. MTIF2 showed a significant positive correlation with adipo-
genesis (R = 0.2062, P = 2.11e-25) (Fig. 3B) and ROS pathway (R = 0.1992, P = 8.78e-24) (Fig. 3C). In addition, we also found a
significant positive correlation between MTIF2 and several ROS pathway-related genes in epithelial cells, including MGST1, FTL,
GPX3, and SOD1 (P < 0.01) (Fig. S1A).

3.4. Biological pathways regulated by MTIF2 in hepatocytes

Similarly, we evaluated the hallmark pathways potentially regulated by MTIF2 in hepatocytes. Upregulation of MTIF2 expression
has the potential to activate oxidative phosphorylation, coagulation, adipogenesis, fatty acid metabolism, and ROS pathway in he-
patocytes (Fig. 4A). MTIF2 expression levels were correlated with adipogenesis (R = 0.2946, P = 0.0) (Fig. 4B), ROS pathway (R =
0.2925, P = 0.0) (Fig. 4C), oxidative phosphorylation (R = 0.3100, P = 0.0) (Fig. 4D). In particular, in hepatocytes, MTIF2 was
significantly positively correlated with multiple ROS pathway-related genes, such as MGST1, TXN, PRDX1, and SOD1 (P < 0.01)
(Fig. S1B).

3.5. PPI network of MTIF2 and genes related to the ROS pathway

Based on the results of previous studies, we found that MTIF2 showed a significant positive correlation with the ROS pathway in
both hepatocytes and epithelial cells. We extracted the genes in the ROS pathway and uploaded them together with MTIF2 to the

Fig. 5. PPI network of MTIF2 with genes within the ROS pathway.
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STRING database to develop a PPI network. It was found that MTIF2 only interacted with SOD2, a gene that interacted with multiple
proteins in the ROS pathway, such as GPX3, MSRA, MPO, and PRDX1. This indicated that MTIF2 may be involved in the interaction
with SOD2 in the regulation of the ROS pathway (Fig. 5).

3.6. The expression of MTIF2 and SOD2 and functional analysis in HCC cells

To further validate the potential effects of MTIF2 and SOD2 on the pathogenesis of HCC, we first confirmed by qRT-PCR analysis
that the mRNA expression MTIF2 and SOD2 was significantly upregulated in HCC cells compared with normal controls (Fig. 6A-B). In
addition, as shown in Fig. 6C-D, cell invasion was enhanced under the condition of overexpression of MTIF2 (oe-MTIF2). When both
MTIF2 and SOD2 were overexpressed, the invasive ability of the cells was promoted. After MTIF2 knockdown (si-MTIF2), the invasive
ability of the cells was significantly reduced. These results indicated that overexpression of MTIF2 could elevate the proliferation and
invasion ability of HCC, while overexpression of SOD2 can potentially synergize with MTIF2 to jointly promote the development of
HCC.

3.7. Drug virtual screening analysis

MTIF2 and SOD2 proteins were docked using FDA-approved small molecule chemotaxis database, and we calculated docking
scores for the top 100 molecules of these two proteins (Tables S1-2). It was observed that DB00183 had a high binding affinity to both
MTIF2 and SOD2 both of —7.016 kcal/mol and —7.462 kcal/mol, respectively, indicating that the DB00183 molecule may be a dual-
targeting drug simultaneously acting on MTIF2 and SOD2. The structural formula of the DB00183 molecule was shown in Fig. 7A.
Subsequently, analysis on the binding mode of DB00183 and MTIF2 protein showed that the small molecule bound in the upper cavity
of the protein and hydrogen bonds with GLU-209, THR-194, THR-214, THR-195, LYS-289, ASP-263, and ASP-190 on the protein. In
addition, hydrophobic interactions with ILE-213 and LEU-326 were observed (Fig. 7B). These interactions were the basis for the stable
binding between DB00183 and MTIF2 protein. As shown in Fig. 7C, based on the binding pattern of DB00183 and SOD2 protein, we
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Fig. 7. Binding mode of DB00183 to MTIF2 and SOD2 proteins. A: Structural formula of the molecule DB00183. B: Diagram of the binding pattern
of DB00183 and MTIF2 proteins. The left figure shows the overall view and the right figure shows the partial view. Yellow stick indicates DB00183,
cyan indicates MTIF2 protein, and yellow dashed line indicates hydrogen bonding interaction.C: Diagram of the binding pattern of DB00183 and
SOD2 protein. The left panel shows the overall view and the right panel shows the partial view. Yellow stick indicates DB00183 and cyan indicates
§OD2 protein. Yellow dashed lines indicate hydrogen bonding interactions, and red dashed lines indicate salt-bridging interactions.

found that the small molecule bound in the upper cavity of the protein, hydrogen-bonding with ARG-192 and GLN-147 on the protein,
and salt-bridging with ARG-192. In addition, hydrophobic interactions with LEU-38, ILE-72, PRO-145, and PRO-154 were observed.
These interactions supported a stable binding between DB00183 and SOD2 proteins.

4. Discussion

At present, we face a lack of effective strategy to prevent the recurrence of HCC and improve the prognosis of the cancer [40,41].
Previous studies showed that MTIF2 is the main factor leading to a poor efficacy of 5-FU in treating HCC. Though chemotherapeutic
agents promote immunogenic cell functional activity, MTIF2 can resist cancer treatment by mediating immunogenic cell death
through the inhibition of MTIF2 expression in HCC cells [42]. Hall et al. showed that altered lipid profiles were responsible for the
proliferation of hepatocytes in HCC [43]. MTIF2 is inextricably linked to mitochondrial function, and Lee et al. indicated that inhi-
bition of MTIF2 expression significantly downregulates the level of oxidative metabolism in cells [44]. The current data demonstrated
a high expression of MTIF2 in epithelial cells and hepatocytes in HCC tissues. The proliferation of hepatocytes might be caused by a
high expression of MTIF2 in the cells. Previous evidence demonstrated that epithelial cell adhesion molecules are a factor causing HCC
cells resistant to 5-Fluorouracil (5-FU) [45]. MTIF2 could mediate 5-FU resistance in HCC [42]. The potential link between MTIF2 and
epithelial cells remained to be further explored.

Accumulating evidence showed that ROS is an important factor in the development and treatment of cancer [46]. A high level of
ROS concentration could trigger uncontrolled cell proliferation [47]. The ROS pathway is a potent tumor suppressor, and some
chemotherapeutic drugs work to produce ROS to induce autophagy in tumor cells [48]. Our study identified the ROS pathway as a
significantly activated biological pathway in hepatocyte and epithelial cells. Several studies have shown that inhibition of ROS
pathway activity is the key in the successful treatment of HCC. It was found that in HCC, activation of the ROS pathway substantially
activates hepatocytes to undergo EMT and migration [49]. The results of Vishnoi et al. indicated that enhanced mitochondrial damage
and mitochondrial ROS production in HCC tissues could attenuate sorafenib resistance, and that enhanced drug sensitivity could
improve the efficacy of chemotherapy in HCC [50]. Interestingly, MTIF2 is a critical initiator for fulfilling mitochondrial functions
[51]. It has been shown that MTIF2 maintains oxidative properties of cardiomyocytes in obese mice [44]. Our study found that MTIF2
had a high expression in both epithelial cells and hepatocytes. However, the mechanism of action underlying the relationship between
the expression level of MTIF2 and ROS and whether the expression of MTIF2 affected the cellular response to oxidative stress in HCC
remained unclear. Therefore, we hypothesized that MTIF2 activated mitochondrial activity in HCC to mobilize the ROS pathway,
which contributed to the progression of HCC.

Finally, we developed a PPI network based on genes in the MTIF2 and ROS pathway. In the network, only SOD2 and MTIF2
interacted with each other. SOD2 is a mitochondrial protein essential for tumor cell invasion and metastasis in cancer [52]. Under
hypoxic conditions, SOD2 transcription will be activated to reduce mitochondrial ROS levels, resulting in breast cancer cell stemness
and drug resistance [53]. In addition, the overexpression of SOD2 could significantly promote invasion and aggression of a variety of
cancers in vivo and in vitro [54,55], which was similar to our findings. Ranganathan et al. observed that upregulated SOD2 in cancer
cells was associated with an upregulation and heightened activity of MMPs, resulting in increased degradation of the matrix and the
subsequent release of cytokines and growth factors to facilitate metastasis [56]. In particular, the high expression of SOD2 is associated
with a significant survival advantage in HCC [57]. Inhibition of SOD2 expression in HCC promotes ROS accumulation and causes HCC
cell metastasis [58]. Our study showed that SOD2 and MTIF2 interacted with each other, and we hypothesized that there might be a
negative correlation between the two. MTIF2 inhibited SOD2 expression and ROS generation, leading to HCC progression.

However, this study still had certain limitations. First, our study relied heavily on the data from public databases, therefore future
integration of multiple databases with more samples is required to improve the reliability of the current findings. In particular, MTIF2
expression analyzed with more relevant clinical data could serve as a prognostic marker for HCC. Moreover, wet experiments are
needed to further validate the specific role of MTIF2 and its regulatory pathways in HCC. Although we revealed the binding rela-
tionship of DB00183 with MTIF2 and SOD2, we failed to explore its specific anticancer function in depth. Hence, future studies and
experiments should be performed for systematic evaluation. Finally, this study mainly focused on the functions of MTIF2 and SOD2
and their roles in the ROS pathway without considering other potentially relevant genes and their regulatory networks. Hence, future
studies are encouraged to systematically investigate the functions of relevant genes and their regulatory networks in HCC applying
genome editing technology, transcriptomics and proteomics.

5. Conclusion
Overall, our study confirmed that the high expression of MTIF2 in HCC tissues were derived from hepatocyte and epithelial cells,

and that activated MTIF2 may exacerbate cancer progression by inhibiting the transcription of SOD2 to activate the ROS pathway in
HCC. Importantly, molecular dynamics simulations showed that the interaction of DB00183 with both MTIF2 and SOD2 protein had a
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high structural stability. Our study explained the potential novel mechanism of MTIF2 in HCC applying bioinformatics, providing new
insights into the diagnosis and treatment of HCC patients.
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