Cancer Management and Research SO

ORIGINAL RESEARCH

Bioinformatics-Based Construction of
Immune-Related microRNA and mRNA
Prognostic Models for Hepatocellular Carcinoma

Ying Chen, Dian Yin, Xiu Feng, Shennan He, Liang Zhang, Dongqgin Chen

Department of Oncology, Nantong First People’s Hospital and Second Affiliated Hospital of Nantong University, Nantong, Jiangsu Province, 226000,
People’s Republic of China

Correspondence: Liang Zhang, Department of Oncology, Nantong First People’s Hospital and Second Affiliated Hospital of Nantong University, No. 666 Shengli
Road, Nantong, Jiangsu Province, 226000, People’s Republic of China, Email dr_zhangliang2023@ | 63.com; Dongqin Chen, Department of Oncology, Nantong
First People’s Hospital and Second Affiliated Hospital of Nantong University, No. 6 Haoliang North Road, Nantong, Jiangsu Province, 226000, People’s Republic of
China, Email 15250465596@ 163.com

Introduction: The development and progression of Hepatocellular Carcinoma (HCC) is more relevant to immune regulation.
Therefore, there is an urgent need to find immune-related molecular markers that can predict the prognosis and immune status of HCC.
Methods: RNA-seq and clinical HCC data from the Cancer Genome Atlas (TCGA) were analyzed for differential expression of
microRNA (miRNAs), mRNAs, and IncRNAs. MiRNAs associated with immune scores were identified by Spearman analysis and
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment. MiRNAs and mRNAs were screened for
prognosticity using COX regression. Kaplan-Meier survival analysis, risk scores, and correlation with clinical features were
performed. Immune infiltration, Tumor Immune Dysfunction and Exclusion (TIDE), and chemotherapy prediction analyses were
performed for high and low risk groups. Finally, prognostic mRNA expression was validated in cell lines.

Results: Five prognostic miRNAs (hsa-miR-145-3p, hsa-miR-150-3p, hsa-miR-153-3p, hsa-miR-223-3p, hsa-miR-424-3p) were
identified in the study. A risk score model based on these prognostic miRNAs accurately predicted overall survival and was validated
in GSE31384. Six mRNAs (KCTD17, MAFG, RAB10, SFPQ, TRMT6, UBE2D2) were further identified as prognostic. A risk model
including these mRNAs also accurately predicted overall survival, and higher risk scores were associated with lower survival.
Univariate and multivariate Cox regression analyses confirmed that both miRNA and mRNA risk scores were independent prognostic
factors. The TIDE results showed lower TIDE scores and T-cell exclusion scores in the low risk score group. Chemotherapeutic drug
sensitivity analysis revealed that the high-risk group was more sensitive to multiple chemotherapeutic agents. In addition, real-time
quantitative PCR (RT-qPCR) results of the cell lines supported the results of the public database analysis.

Conclusion: This study validated immune-related prognostic miRNAs and mRNAs and identified risk signatures for HCC, potentially
advancing HCC prognosis and treatment.
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Background

Hepatocellular carcinoma (HCC) is a common reason for cancer-associated mortality, characterized by its highly
metastatic and invasive abilities." Most HCC cases are diagnosed when the disease has progressed to an advanced
stage. Despite significant advancements in the treatment of HCC, the 5-year survival rate is approximately 18%.”
Increasing evidence suggests that the development of HCC is associated with hepatic injury and cirrhosis due to chronic
inflammation, which enhances immune tolerance and leads to immune escape.®> Moreover, the liver plays a crucial role in
immune regulation and is a natural organ for immune tolerance.* Immune checkpoint inhibitors (ICIs) have revolutio-
nized HCC treatment, with anti-PD-1/PD-L1 therapies showing promise, particularly in combination with other ICIs or
anti-angiogenic drugs.” These combinations may synergize to enhance efficacy, overcoming the limitations of single-
agent therapies. Despite this potential, the response rate to ICIs in HCC remains suboptimal, necessitating the exploration

of combination therapies with agents such as anti-angiogenics to improve outcomes.” Predictive biomarkers for ICI
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efficacy in HCC are still under investigation, with factors such as etiology, tumor markers, and gene signatures showing
promise in patient selection for therapy.

MicroRNA (miRNAs), small non-coding RNAs consisting of approximately 22 nucleotides, play a vital role in
regulating mRNA expression. Previous research has demonstrated that miRNAs are involved in the development,
progression, and drug resistance of cancers.® For example, the loss of microRNA-622 results in combined de-
suppression of the MAPK 14-ATF2-axis, leading to chemoresistance in HCC.>'® Additionally, as a pivotal contributor
to the tumor microenvironment (TME), miRNA plays a key participant part in regulating regulate natural killer (NK)
cells, cytotoxic T lymphocytes, myeloid-derived suppressor cells, dendritic cells (DCs), as well as regulatory T cells
through intercellular communication.'" In colon cancer patients, miR-448 enhances the response of CD8+ T cells by
suppressing the expression of indoleamine 2.3-dioxygenase 1.'2 Additionally, miR-1468-5p in exosome targets homeo-
box containing 1 (HMBOXI1) and activates the JAK2/STAT3 pathway suppressor of cytokine signaling 1 (SOCS1),
ultimately leading to immunosuppression and allowing immune escape of cervical cancer cells.'* Meanwhile, the 3’-
untranslated region (3’-UTR) of Beta-actin (ACTB) mRNA significantly contributes to HCC progression by enhancing
the migratory and invasive capabilities of HCC cells. This is achieved through the upregulation of the miR-1 target gene
MET and the miR-29a target gene MCL1, as well as through the modulation of miR-1 and miR-29a degradation
mediated by the Argonaute 2 (AGO2) protein.'* However, there are only a few studies investigating the prognostic value
of immune-related miRNAs and mRNA among HCC patients and the associated regulatory mechanisms. Therefore, this
study aims to explore immune-associated miRNAs and mRNAs, their prognostic effects and potential molecular
regulatory mechanisms.

This study identified immune-associated miRNAs that correlated with the prognosis of HCC. Meanwhile, correspond-
ing miRNA and mRNA risk score models were established, which may enhance our understanding of oncogenic and
immune-related molecular pathways in HCC. These findings may also aid in identifying prognostic biomarkers as well as

therapeutic targets for selecting immunotherapies.

Materials and Methods

Data Source

The sequencing information and clinical data for the TCGA-HCC cohort were acquired from the TCGA database (https://
xenabrowser.net) in the April of 2022. MiRNA expression matrix contained 50 normal and 370 hCC samples, of which
364 hCC samples had clinical and survival data. In the mRNA and IncRNA expression matrices, a total of 50 normal
samples and 374 hCC samples were collected, among which 368 hCC samples had clinical and survival data, while 6
samples lacking survival information were excluded. Two HCC datasets, GSE31384 and GSE76427, were acquired from
the GEO database (https://www.ncbi.nlm.nih.gov/). GSE31384 is a miRNA dataset comprising 166 hCC samples with
survival data, which was utilized for external validation of the miRNA risk score. The external validation for the mRNA

risk score model was conducted by using GSE76427, which includes 115 hCC samples with survival information.'> The
flow chart of this study was shown in Supplementary Figure 1.

Variance Expression Analysis

The differentially expressed miRNAs and mRNAs were analyzed within the TCGA-miRNA and TCGA-mRNA expres-
sion matrices, respectively, using the R package ‘DESeq2’ (version 1.38.0).'® The Benjamini & Hochberg method was
used to correct for multiple testing and obtain the corrected p-value, ie, the adjusted p-value. Differentially expressed
IncRNAs, mRNAs and miRNAs (DE-IncRNAs, DE-mRNAs, DE-miRNAs) were mined according to the adjusted
p-value < 0.05 and [log2FoldChange(FC)| > 0.5. The immunological score of each sample was calculated in the
TCGA dataset using the R package ‘estimate’ (version 1.1.5)'7. The correlation between DE-miRNAs differential
miRNAs and immune scores was calculated by Spearman, and the corresponding p values and correlation coefficients
cor were obtained, and the immune-associated differential miRNAs were screened to obtain the immune-associated
differential miRNAs according to the threshold value of pvalue<0.05and|cor|>0.3.
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Functional Enrichment Analysis

Functional enrichment analysis of miRNAs was performed using Funrich software with a significance threshold set at p <
0.05. The DAVID tool (version 6.8, https://david-d.ncifcrf.gov/) was used to conduct Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis. A p-value < 0.05 and a count > 2 were predefined as

the thresholds for enrichment significance. The analysis included cellular component (CC), molecular function (MF), as
well as biological process (BP) in GO analysis. The visualization of the enrichment analysis outcomes were accom-
plished with the application of the “ggplot2” library within the R programming environment.

Establishment of Immune-Associated miRNA and mRNA Risk Score Model in HCC

For the miRNA model, the 364 hCC cases containing survival data from the TCGA-HCC dataset, served as the
training set. Univariate Cox and stepwise multivariate analyses were deployed to select prognostic miRNAs in the
training set. For the mRNA model, the 368 hCC cases with survival data from the TCGA-HCC dataset were used as
the training set. Univariate Cox and LASSO regression analyses were applied to identify prognosis-associated genes in
the training set. Set the P-value threshold for univariate Cox proportional hazards regression analysis at 0.05. The
mRNA selected through univariate Cox regression analysis underwent feature mRNA screening using the Lasso
algorithm in the training set TCGA-mRNA. The glmnet package in R (Version 4.0-2) was utilized to perform
regression analysis on the mRNA from the univariate results, with the parameters set as follows: family = “cox”,
nfold = 20, indicating 20-fold cross-validation. The feature mRNA was screened accordingly. For model accuracy,
lambda.min (0.06051506) was selected as the A for mgdel construction, leading to the final selection of prognosis-
associated genes. Using the formula (Riskscore = Y coef(genei)x expression(genei), where coef represents the
coefficient obtained from stepwise multivariate analysis1 or LASSO. Based on the median of risk score, the samples
were categorized into two distinct risk categories (low risk [LR] and high risk [HR]). The GSE31384 dataset (166 hCC
samples) and GSE76427 (115 hCC samples) datasets were used for external validation of the miRNA and mRNA risk
score models, respectively. Receiver Operating Characteristic (ROC) analysis was performed using the “survivalROC”
package (version 1.0.3), and risk curves and Kaplan-Meier (K-M) curves were plotted using the “ggplot2” (version
3.3.5) and “survminer” (version 0.4.9) packages, respectively, to demonstrate the predictive capacity of the models.

Independent Prognostic Analysis
Pathological information and risk scores were included in univariate and multivariate Cox analysis to authenticate
independent prognostic predictors.

Immune Cell Infiltration Analysis

The differences in the abundance of 28 kinds of infiltrating immune cells between two risk subgroups were assessed
using the ssGSEA algorithm from the “GSVA” package (version 1.34.0),'® with statistical significance determined by the
Wilcoxon test (p < 0.05). The ssGSEA algorithm analyzes the gene expression matrix and immune cell gene sets to
calculate the relative abundance score (ssGSEA score) for specific immune cell types in each sample. The height of the
score reflects the enrichment level of the immune cell type. By comparing the scores of different samples on the same
gene set, the differences in immune cell types can be assessed, and by combining the scores from multiple gene sets,
a comprehensive evaluation of the heterogeneity of immune cells in the sample can be achieved. Additionally, to explore
immune infiltration in HCC, the abundance and differences in 22 specific infiltrating immune cells between high and low
risk subgroups were evaluated using the Cibersort algorithm, with significant differences identified at p < 0.05. Using the
R package “psych” (version 2.1.6), we analyzed the Spearman correlation between the abundance of differential immune-
infiltrating cells and prognostic genes. This analysis calculated the correlation coefficients (r-values) and significance
levels (p-values) between them. Specifically, a larger absolute value of r (Jr|) indicates a higher correlation, with positive
values indicating a positive correlation and negative values indicating a negative correlation. A p-value less than 0.05
suggests a significant correlation between the two variables. The results for both analyses were visually presented using
box plots generated by the R package “ggplot2” (version 3.3.5)."°
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Therapy Analysis Based on Risk Score Model

The sensitivity of the two risk groups to immune checkpoint blockade therapy was predicted and evaluated on the Tumor
Immune Dysfunction and Exclusion (TIDE) website.2® Via the “pRRophetic” package (version 0.2),%! we determined the
ICsq values for 138 chemotherapeutic agents across two patient risk subgroups of patients, with the aim of evaluating
their responsiveness to chemotherapy treatments. The R package “ggplot2” (version 3.3.5) was used to visualize the
results and the Wilcoxon test was used to screen for drugs with significant differences between groups. Ranked these
drugs by their p-values and selected the top 5 drugs to display in a boxplot.

The mRNA, IncRNA Prediction and Construction of Competing Endogenous RNA
(ceRNA) Network

Predictions of miRNA-regulated mRNAs were conducted using the miRwalk 3.0 database with default parameters
(binding site: 3> UTR, binding probability>0.95) and confirmed by miRDB database. The predicted mRNAs were then
intersected with DE-mRNAs, and final selection of downstream mRNAs was made by identifying those that exhibited
inverse expression patterns relative to their corresponding miRNAs. The IncRNAs regulating miRNAs were predicted
using the LncBase V2.0 with a threshold score > 0.6. The predicted IncRNAs were then intersected with DE-IncRNAs,
and the final upstream IncRNAs were obtained by considering the opposite expression trends of miRNAs and IncRNAs.
The final IncRNA-miRNA-mRNA interaction network was depicted with the aid of Cytoscape platform (version 3.6.1).%

Protein Level Analysis of Prognosis-Related Genes
To understand the expression levels of prognosis-related genes in different tissues, the “Multiple Genes Query” function
offered by the Human Protein Atlas (HPA) (https://www.proteinatlas.org) database was utilized to conduct tissue-specific

enrichment analysis on these prognosis-related genes. By examining the Transcripts Per Million (TPM) values of the

genes across various tissues, the expression levels of each prognosis-related genes in different tissue locations were
23

assessed.

The Verification of Prognosis-Related mMRNA Expressions Within Cell Lines

Human normal hepatocytes, QSG-7701, and three human HCC cell lines (HepG2, LM3, and HuH-7) were obtained from
iCell Bioscience Inc (Shanghai, China). Quantitative polymerase chain reaction (QPCR) was performed according to the
manufacturer’s guidelines. The primer sequences utilized in our experiment are presented in Table 1. The expression
levels were standardized relative to the internal reference (GAPDH) and calculated utilizing the 2742 method.?*

Table | The Primer Sequences for qPCR

Primer Sequences

KCTDI17 For | TCCTACAACTACGGCAGCGAG
KCTDI17 Rev | CAGTGGTGGGAGGGAGAAAAG
MAFG For CGGGGCCTGTCCAAGGA
MAFG Rev CGGCAGCTGGCAGCGTA
RABI0 For CTACTACAGAGGCGCAATGGG
RABI0 Rev CTTCAGCTAACGTGAGGAACG
SFPQ For TTGAGGCAAGAGGAGGAACG
SFPQ Rev TGGTGGAACGCCAGGATTAG
TRMT6 For GCAACCACCCAGAAGACCAG
TRMTé6 Rev AGCGGCAGCCTCTAAATGTC
UBE2D2 For | TTCCCAACAGATTACCCCTTCA
UBE2D2 Rev | GGAGACCACTGTGATCGTAGA
GAPDH For CCCATCACCATCTTCCAGG
GAPDH Rev CATCACGCCACAGTTTCCC
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Statistical Analysis

R language was used for all the bioinformatics analyses in this study. We compared data in different groups by using
Wilcoxon test. The discrepancy in RT-qPCR results were compared by employing the Student’s #-test. P value < 0.05
represents statistically significant difference.

Results

Immune-Related miRNAs in HCC

A total of 246 DE-miRNAs were identified between HCC and non-tumor samples, containing 90 up-regulated miRNAs and 156
down-regulated miRNAs (Figure 1A-B). The immune score for each sample was determined with the aid of the R package
“estimate”. Spearman correlation analysis revealed correlations between each DE-miRNA and immune score. Based on p-values
< 0.05 and |cor| > 0.3, a total of 32 immune-related miRNAs in HCC were confirmed (Supplementary Table 1). Functional
enrichment analysis indicated that 17 GO entries (BP entries: 3, CC entries: 6, MF entries: 8) and 87 pathways were enriched
(Supplementary Table 2). The enriched GO entries and top 10 pathways are shown displayed in Figure 1C-F with involved genes

primarily related to “Signal transduction”, “Cell communication”, immune-related, and cancer-related pathways.

Risk Score Models Based on Prognostic miRNAs Was Reliable

To identify immune-related miRNAs influencing the overall survival (OS) in HCC, the 32 immune-related miRNAs were
analyzed utilizing univariate Cox analysis in the training set. Ten miRNAs significantly linked to OS (p<0.2) were
chosen® (Figure 2A). These miRNAs underwent stepwise multivariate analysis, resulting in five miRNAs, hsa-miR-145-
3p, hsa-miR-150-3p, hsa-miR-153-3p, hsa-miR-223-3p, as well as hsa-miR-424-3p, being considered as prognostic
indicators to predict the risk score in the model (Figure 2B). Among them, hsa-miR-153-3p, hsa-miR-223-3p, and hsa-
miR-424-3p served as risk factors (Hazard ratio (HR)>1), while hsa-miR-145-3p and hsa-miR-150-3p were protective
(HR < 1). This result was further confirmed by Kaplan-Meier (K-M) curves (Figure 2C-G). A miRNA risk signature was
constructed on the basis of the risk score formula: RiskScore = (—0.296719854) xexpression (hsa-miR-145-3p) +
(—0.187576368) xexpression (hsa-miR-150-3p) + 0.179018998%expression (hsa-miR-153-3p) + 0.179809095%expres-
sion (hsa-miR-223-3p) + 0.33640426x%expression (hsa-miR-424-3p). The risk scores were computed for every HCC
sample in the training set. These samples were then categorized into two risk subgroups (low- and high -risk) relying on
median value (Figure 3A). As presented by the K-M curve, higher risk indicated significantly poorer OS compared to
lower risk (Figure 3B). ROC curves were created to assess the predictive capacity of this model. In the training set, the
AUC values for OS were 0.706 (1 year), 0.653 (3 years), and 0.644 (5 years), suggesting an ideal accuracy (Figure 3C).
As demonstrated by the expression heatmap, the expressions of hsa-miR-153-3p, hsa-miR-223-3p, and hs-miR-424-3p
were increased in the high risk score group, while the expressions of hsa-miR-145-3p and hsa-miR-150-3p were
increased in group with low risk score (Figure 3A). To validate the reliability of the risk score model, the analyses
mentioned above were performed by using the external validation set (GSE31384). As demonstrated by the K-M curve,
a higher risk score was significantly associated with poorer overall survival (OS) compared to a lower risk score
(Figure 3D-E). The predictive capacity of the model was assessed using ROC curves, which showed AUC values of
0.612 (1 year), 0.670 (3 years), and 0.636 (5 years) in the validation set, indicating good accuracy. The external validation
results showed a comparable trend set (Figure 3F).

Immune Cell Infiltration, Immunotherapy Response, and Chemotherapy Sensitivity
Predicted by a Prognostic miRNA Signature in HCC

Using the ssGSEA and Cibersort algorithm, the samples among the two subgroups were analyzed to obtain the score
for each infiltrating immune cell type. The results of the ssGSEA algorithm analysis showed that the score of immature
DCs, Type 17 T helper (Th) cells, together with Type 2 Th cells were higher in high-risk score group, while the score
of Activated B/ CD8 T cells, CD56dim NK cells, immature B cells, monocytes, and Type 1 Th cells were superior in
the patients with lower risk scores (Figure 4A). The results of the Cibersort algorithm analysis showed that the
enrichment scores of 11 immune infiltrating cells such as B cells memory, Macrophages MO and others were
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five miRNAs (D), K-M survival analyses (E) and time-dependent ROC curve analysis (F) was carried in validation set (GSE31384).
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significantly different based on the high and low risk groups, and the enrichment scores were significantly higher in the
high risk group than in the low risk group (Supplementary Figure 2A-B). The results of the correlation between

prognosis-related genes and differential immune infiltrating cells showed that the differential immune cells that had
a strong correlation (|r] > 0.3) with KCTD17 were Macrophages MO (r = 0.39, p < 0.001) and Mast cells resting (r =
—0.32, p <0.001). Differential immune cells with a strong correlation (|r| > 0.3) with SFPQ were Macrophages MO (r =
0.32, p < 0.001). Among the remaining prognostic genes, no differential immune cells with a strong correlation were
found (Supplementary Figure 2C). The results of TIDE indicated that low risk score group had inferior TIDE score and

T cell exclusion score, implying that patients with low risk may respond more actively to immunotherapy than patients
with higher risk scores (Figure 4B-C). Dysfunction scores were higher in the low-risk scoring group than in the high-
risk scoring group, whereas CD274 scores were not significantly different between the high- and low-risk groups
(Figure 4D-E). Next, we investigated whether the immune-related miRNA signature could predict sensitivity to
common chemotherapy drugs for HCC treatment. We noticed that patients with high risk were more sensitive to
bleomycin, doxorubicin, and gemcitabine, and those who with low risk was more sensitive to gefitinib, imatinib, and
sorafenib (Figure 4F-K).

Prognostic miRNA-Regulated mRNAs in HCC

To identify prognostic miRNA-regulated mRNAs, we screened 6265 DE-mRNAs between HCC and non-HCC samples
from the TCGA-HCC cohort, including 5411 mRNAs with higher expression as well as 854 mRNAs with lower
expression in HCC (Figure 5A). We predicted the mRNAs regulated by the five prognostic miRNAs using the
miRwalk database, and took intersection with DE-mRNAs. As shown in Supplementary Figure 3, all five prognostic

miRNAs were down-regulated in HCC group. Considering the opposite expression trends of miRNAs and mRNAs, we
finally obtained 57 up-regulated prognostic miRNA-regulated mRNAs. The regulatory network was exhibited in
Figure 5B. Functional enrichment analysis of these 57 mRNAs using DAVID revealed significant involvement in the
AMPK signaling pathway, apoptosis, spindle organization, histone H3 deacetylation, peptidyl-tyrosine phosphorylation,
chromatin organization, protein autophosphorylation, protein phosphorylation, and negative regulation of transcription,
DNA-templated (Figure 5C).

Risk Score Models Based on Prognostic mRNAs Was Reliable

To identify the mRNAs related with the OS of HCC, we enrolled the 57 prognostic miRNA-regulated mRNAs into
univariate Cox analysis of the training set. A total of 32 mRNAs were significantly related with OS of HCC patients
(p value<0.05) (Figure 5D). These 32 mRNAs were further integrated into LASSO analysis. As revealed in Figure 5E,
six mRNAs (KCTD17, MAFG, RAB10, SFPQ, TRMT6, and UBE2D2) were determined as prognostic mRNAs by 20-
fold cross-validation. Next, we generated a mRNA risk signature according to the risk score formula: RiskScore =
0.02647303 1 xexpression (KCTD17) + (0.08181457) xexpression (MAFG) + 0.121674715%expression (RAB10) +
0.25088589%expression (SFPQ) + 0.082841154xexpression (TRMT6) + 0.05988102xexpression (UBE2D2).
Afterwards, in the training set, the risk score of each HCC sample was calculated and divided into two risk subgroups
(low- and high-risk) according to median value (Figure 6A). The K-M curve demonstrated that high risk group showed
worse OS in comparison with low risk group (Figure 6B). In the training set, the AUC values of the ROC curves for OS
were 0.782 (1 year), 0.673 (3 years), and 0.629 (5 years), suggesting an ideal accuracy (Figure 6C). The expression
heatmap manifested that all six mRNAs were upregulated in the group with high risk (Figure 6A). To verify the
reliability of the mRNA risk score model, the aforementioned analysis was repeated using the external validation set
(GSE76427). The results from this external validation set were consistent with the trends observed in the initial analysis
(Figure 6D-F).
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Figure 5 The prognostic miRNA-regulated mRNAs were identified in HCC. (A) DE-mRNAs were identified by limma package in TGGA-HCC dataset. (B) The regulatory network showed the association between prognostic miRNAs
and downstream mRNAs. (C) Functional enrichment analysis of mRNAs in the regulatory network. (D) 32 miRNAs were selected by the univariate Cox analysis based on OS of HCC patients. (E) Six mRNAs were determined as
prognostic markers based on LASSO analysis for risk score model establishment.
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Immune Cell Infiltration, Immunotherapy Response, and Chemotherapy Sensitivity
Predicted by a Prognostic mRNA Signature with Differential Expression in HCC Risk

Groups

As revealed in Figure 7A, the fractions of activated DCs, CD4 T cells, central and effector memory CD4 T cells, NK
T cells, plasmacytoid DCs, as well as Type 2 Th cells were significantly higher in the high risk score group, while the
fractions of activated CD8 T cells, CD56dim NK cells, effector memory CD8 T cells, eosinophils, neutrophils, as well as
Type 1 Th cell were notably higher in the low risk score group. The TIDE results revealed that low risk score group had
inferior TIDE score and T cell exclusion score, suggesting that low risk was related with more positive response to
immunotherapy compare with high risk (Figure 7B-C). In contrast, Dysfunction and CD274 scores were higher in the
low-risk scoring group than in the high-risk scoring group. (Figure 7D-E). We then investigated whether the mRNA
signature could predict sensitivity to common chemotherapy drugs for HCC treatment. We found that the group of high
risk was more sensitive to bleomycin, cisplatin, doxorubicin, etoposide, gemcitabine, mitomycin C, rapamycin, and
vinblastine, and the group of low risk was more sensitive to gefitinib (Figure 7F-N).

Analysis on the Relationship Between Clinical Indicators and miRNA Risk Score
To discover the association between clinical indicators and the immune-associated miRNA signature, we proceeded to
compare the risk scores of the subgroups of clinical indicators. In Supplementary Figure 4, the miRNA risk score was

related with gender, pathological T stage, stage, and vascular tumor cell type (p value < 0.05), but not associated with
age, histologic grade of neoplasm, N stage, and M stage.

The Immune-Related miRNA and mRNA Risk Score as Independent Prognostic

Predictors

To further investigate the influence of clinicopathological characteristics on the prognosis of the risk model, we included
clinical and pathological factors (age, gender, patho M, patho N, patho T, tumor histological grade, tumor stage,
vascular tumor cell type and RiskScore) of the 368 hCC samples in the TCGA-mRNA training dataset in the Cox
regression analysis. Based on the results of univariate Cox analysis, factors with p-values less than 0.05 were selected for
multivariate Cox analysis. The results showed that four clinical factors were significantly predictive: tumor stage,
Patho T, Patho M and RiskScore. And by univariate and multivariate Cox analysis, we confirmed that both immune-
associated miRNA and mRNA risk score were independent predictors of HCC prognosis (Supplementary Figure 5,
p value<0.05).

The ceRNA Network of Prognostic miRNAs and mRNAs

Initially, 445 DE-IncRNAs between HCC and non-HCC samples were selected, containing 376 IncRNAs with high
expression and 69 IncRNAs with low expression in the HCC samples (Supplementary Figure 6). Subsequently, we
predicted the IncRNAs targeting the five prognostic miRNAs through the LncBase V2.0 database and intersected them
with DE-IncRNAs. Considering the opposite expression trends of miRNAs and IncRNAs, we ultimately identified 63 up-

regulated IncRNAs targeting the prognostic miRNAs. Thus, the regulatory network of IncRNA-miRNA-mRNA compris-
ing 63 IncRNAs, 5 miRNAs, 57 mRNAs, and 822 IncRNA-miRNA-mRNA interaction pairs, was constructed and
presented in Supplementary Figure 7 and Supplementary Table 3.

Validation of the Level of Prognosis-Related mRNAs in Cell Lines

The protein expression levels of the six prognosis-related genes were shown in Supplementary Figure 8, with KCTD17
expressing the highest in the Choroid plexus, MAFG, SFPQ, and TRMT6 expressing the highest in Bone marrow, and
RAB10 and UBE2D2 expressing the highest in Skeletal muscle. The mRNA expression levels of prognosis-related genes
were checked in human normal hepatocytes (QSG-7701) and three human HCC cell lines (HepG2, LM3, and HuH-7).
Similarly, the expressions of KCTD17, MAFG, RAB10, SFPQ, TRMT6, and UBE2D2 were all increased in these HCC
cell lines compared to non-HCC cells (Figure 8).
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Figure 7 The relationship between the immune-related mRNA signature and immune cell infiltration and therapy. (A) The box plot displaying the score of immune infiltration cells. (B-E) TIDE score, T cell exclusion score, dysfunction
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Figure 8 The expression of prognostic mMRNAs in cell lines was measured by qPCR. Expression of KCTD17 (A), MAFG (B), RABI0 (C), SFPQ (D), TRMT6 (E), UBE2D2
(F) in QSG-7701 and three human hepatocellular carcinoma cell lines (HepG2, LM3 and HuH-7). * p < 0.05, ** p < 0.0, *** p < 0.001, *** p < 0.0001.

Discussion

Recent research has shown that increasing antitumor immune response reveal a novel and promising approach for
advanced HCC.?® Revolutions in high-throughput DNA sequencing have enabled the discovery of tumor-specific
antigens or neoantigens that are exclusively expressed in cancer cells, absent in healthy cells, and capable of triggering
an immune response. Consequently, these findings hold significant potential for cancer vaccine-based immunotherapy
strategies.”” Growing evidence proved that ICIs could be the most beneficial and effective treatment method for
malignancies.”® In recent years, there has been substantial progress in the development of prognostic models for HCC
immunotherapy. The development of a novel prognostic gene signature and nomogram for HCC, facilitated by
bioinformatics analysis of the drug target tanshinone IIA, which was validated for prognostic value and could inform
immunotherapeutic decisions for HCC patients.>” Meanwhile, advancements in radiological imaging have demonstrated
significant predictive value in the context of HCC immunotherapy.®®>! In particular, the use of multi-sequence magnetic
resonance imaging (MRI) has demonstrated potential as a non-invasive imaging biomarker for predicting PD-1/PD-L1
expression levels, which could help assess responsiveness to immunotherapeutic treatments.*> However, the lack of
effective immunological prognostic indicators remains a significant challenge.

Furthermore, evidence has shown that miRNAs play a necessary role in the immune system development, response,
and programs activation, particularly in regulatory functions.**-* Thus, identification of immune-related miRNAs is
helpful in finding progressive biomarkers that could confirm the sensitivity of HCC patients to ICI therapy. In our
research, 32 immune-associated miRNAs in HCC were identified. Subsequently, through Cox regression analysis, five
prognostic miRNAs (hsa-miR-145-3p, hsa-miR-150-3p, hsa-miR-153-3p, hsa-miR-223-3p, and hsa-miR-424-3p) were
identified to establish an immune-related miRNA signature. Among them, miR-145 is a common cancer suppressor. It
has been demonstrated that miR-145 directly targets the 3’-UTR of PD-L1 to suppress PD-L1 expression, ultimately
inhibiting invasion, epithelial-mesenchymal transition (EMT), and migration of HCC cells.*® In exosomes derived from
cancer-associated fibroblasts (CAFs), miR-150-3p remarkably promotes the progression of HCC.*® Moreover, miR-153-
3p is decreased in HCC cells and tissues and plays an ontogenetic role by mediating Rabl3.?” Previous studies have
shown that miR-223-3p exerts an anti-HCC effect via targeting CXCR4.*® Interestingly, miR-223 has been reported to
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prevent nonalcoholic steatohepatitis (NASH) from progressing into liver malignancy through regulating certain inflam-
matory and oncogenic genes, including CXCL-10 and Taz.*° The expression level of serum miR-424 is decreased in
patients with HCC and negatively related to tumor progression.*® The IncRNA MYLK-AS1 promotes angiogenesis of
HCC tumors via directly targeting miR-424-5p.*' However, the function of these five prognostic miRNAs in mediating
the immune microenvironment of HCC still needs further investigation.

To further understand the related regulatory pathways, 57 prognostic miRNA-regulated mRNAs in HCC were
determined. Then, a total of six mRNAs (KCTD17, MAFG, RAB10, SFPQ, TRMT6, and UBE2D2) were authenticated
to establish an mRNA signature via LASSO regression as well as univariate Cox analysis. Meanwhile, our research
showed that the expressions of all of these mRNAs were increased in these HCC cell lines in contrast with to non-cancer
cells. KCTD17, as an E3 ligase component protein for trichoplein, promotes hepatic steatosis via binding to phosphory-
lated PHLPP2 to regulate lipogenesis.** Furthermore, mRNA levels of KCTD17 were found to decrease in relapsed
HCC, which is related to cell proliferation, differentiation, and survival.** The expression of MAFG has been found to be
increased in HCC,* but its specific features remain unknown. Previous research reported that Rab10 played a part in the
progression of various cancers.*> In HCC, downregulation of Rab10 decreases the proliferation of cells and induces their
autophagy and apoptosis.*® Rab10 could cooperate with LRRK2 to regulate the action of macrophages, mediating the
immune response of phagocytes.*” Splicing factor proline and glutamine rich (SFPQ) was found to modulate platinum
response via regulating SRSF2 activity in ovarian cancer.*® However, the functions of SFPQ, TRMT6, and UBE2D2 in
HCC deserve further in-depth studies.

In HCC, different immune cells play crucial roles in tumor progression, including T cells, macrophages and NK cells,
formation of the TME, and modulation of immune responses.*’ Particularly, CD8+ T cell is important in the tumor
microenvironment.”® Tumors with the infiltration of various kinds of tumor-specific CD8+ T cells can exhibit clinical
responses to ICIs in multiple cancer types.’' In non—small cell lung cancer, tumor-infiltrating CD8+ T cells regulate the
response to ICIs via mediating the expression level of programmed cell death ligand 1.°* NK cells, such as CD8+ T cells,
provide anti-tumor immunity by releasing perforin and granulein, causing apoptosis.>* Besides, they also stimulate anti-
cancer responses with cytokines and chemokines. Studies suggest that the depletion of NK cells to be a major reason for
the failure of PD-1-based ICIs among treating patients with HCC.>* The results of TIDE demonstrated that group with
low risk showed more positive response to immunotherapy, while the fraction of activated CD8+ T cells as well as
CD56dim NK cells were notably elevated in the patients with lower risk scores. TIDE and drug sensitivity analysis
further suggested that the signatures might be able to act as immunotherapy and chemosensitivity predictors. The results
indicated that patients identified as being at high risk demonstrated heightened sensitivity to bleomycin, doxorubicin, and
gemcitabine. This enhanced responsiveness may correlate with the expression of specific biomarkers within their tumors,
suggesting that these agents could serve as viable clinical options for patients categorized as high risk. In contrast,
patients classified as low risk exhibited greater sensitivity to gefitinib, imatinib, and sorafenib, possibly due to their
unique molecular characteristics. These findings not only highlight the significance of personalized therapeutic strategies
informed by patient risk stratification but also point to the necessity for future research to delineate the most efficacious
treatment protocols for patients within varying risk strata. Based on these results, it could be inferred that the mRNAs and
miRNAs might be promising indicators to predict the efficacy of immunotherapy.

To reveal potential regulatory pathways, we predicted the ceRNA network of the prognostic miRNAs and mRNAs.
Currently, none of these ceRNA molecular pathways have been reported in HCC immune regulation. This ceRNA
network will provide the direction and basis for investigating the molecular mechanisms by which these prognostic
miRNAs and mRNAs influence HCC progression.

While this study validated immune-related prognostic signatures and HCC risk profiles, it has limitations. The sample
size and diversity were insufficient to represent the heterogeneity of all HCC patients, and variations in geographical,
genetic, and clinical backgrounds may limit the universality of the findings. The choice of external datasets, sample size,
and quality control could affect the reliability of the validation, necessitating further validation with diverse datasets.
Additionally, the ssGSEA analysis may not fully elucidate the relationship between risk scores and immune cell
infiltration. Future studies should employ flow cytometry for quantitative immune cell analysis and spatial transcrip-
tomics to explore the microenvironmental distribution and functional interactions of immune cells. Clinical trials are
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required to further validate predictions of drug sensitivity and immunotherapy response. Future work will aim to integrate
these insights and refine the models for improved clinical utility.

Conclusion

In summary, this study discovered and validated immune-related prognostic microRNAs (miRNAs) and messenger
RNAs (mRNAs) in Hepatocellular Carcinoma (HCC). Key findings include five miRNAs (hsa-miR-145-3p, hsa-miR
-150-3p, hsa-miR-153-3p, hsa-miR-223-3p, hsa-miR-424-3p) and six mRNAs (KCTD17, MAFG, RAB10, SFPQ,
TRMT6, UBE2D2) that predict HCC prognosis. The innovation combines bioinformatics, experimental validation, and
functional assessments, enhancing our understanding of HCC immune mechanisms and paving the way for personalized
prognostic markers and therapies. These results promise better management and treatment for HCC patients.
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