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A B S T R A C T   

Background: Primary liver cancer (PLC) is a prevalent malignancy of the digestive system char
acterized by insidious symptom onset and a generally poor prognosis. Recent studies have 
highlighted a significant correlation between the initiation and prognosis of liver cancer and the 
immune function of PLC patients. 
Purpose: Revealing the expression of PLC-related immune genes and the characteristics of immune 
cell infiltration provides assistance for the analysis of clinical pathological parameters and 
prognosis of PLC patients. 
Methods: PLC-related differentially expressed genes (DEGs) with a median absolute deviation 
(MAD > 0.5) were identified from TCGA and GEO databases. These DEGs were intersected with 
immune-related genes (IRGs) from the ImmPort database to obtain PLC-related IRGs. The method 
of constructing a prognostic model through immune-related gene pairs (IRGPs) is used to obtain 
IRGPs and conduct the selection of central immune genes. The central immune genes obtained 
from the selection of IRGPs are validated in PLC. Subsequently, the relative proportions of 22 
types of immune cells in different immune risk groups are evaluated, and the differential char
acteristics of PLC-related immune cells are verified through animal experiments. 
Results: Through database screening and the construction of an IRGP prognosis model, 84 pairs of 
IRGPs (P < 0.001) were ultimately obtained. Analysis of these 84 IRGPs revealed 11 central 
immune genes related to PLC, showing differential expression in liver cancer tissues compared to 
normal liver tissues. Results from the CiberSort platform indicate differential expression of im
mune cells such as naive B cells, macrophages, and neutrophils in different immune risk groups. 
Animal experiments demonstrated altered immune cell proportions in H22 tumor-bearing mice, 
validating findings from peripheral blood and spleen homogenate analyses. 
Conclusion: Our study successfully predicted and validated PLC-related IRGs and immune cells, 
suggesting their potential as prognostic indicators and therapeutic targets for PLC.  
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1. Introduction 

Liver cancer is the most prevalent lethal malignancy globally, ranking as the fourth most common malignancy and second-leading 
cause of cancer-related deaths in China [1,2]. The annual incidence of liver cancer in China contributes to 35.5% of global morbidity 
[2,3]. Major risk factors include hepatitis B and C viruses, fatty liver, alcoholic cirrhosis, smoking, obesity, diabetes mellitus, iron 
overload, and exposure to aflatoxin-contaminated food [4,5]. Modern medical research [2] suggested that liver cancer can not be 
identified by the pain feedback mechanism. When diagnosed, most liver cancer patients already present with advanced-stage disease. 
Despite progress in systemic treatments such as surgery and molecular-targeted drugs, challenges such as late diagnosis, chemo
resistance, recurrence, and frequent metastasis persist, leading to poor prognoses for liver cancer [6]. Despite continuous updates in 
new drug development and treatment strategies in recent years, their impact on liver cancer treatment has been limited [7,8]. Urgent 
attention is required to address the medical challenge of developing new therapeutic strategies for liver cancer. 

The liver, as an immune-privileged organ, harbors diverse immunocompetent cells, including Kupffer cells (KCs), liver sinusoidal 
endothelial cells (LSECs), and lymphocytes. These cells actively engage in immune responses through the intricate processes of blood 
circulation and metabolism in the hepatic artery and hepatic portal vein. The liver’s unique immunological tolerance to antigens 
involves a delicate balance achieved through primary T cell activation and immunosuppressive mechanisms, ultimately exerting a 
finely tuned immunological effect [9,10]. However, traditional treatments such as surgical resection, radiofrequency ablation, and 
transarterial chemoembolization (TACE), while targeting the cancer itself, inflict considerable damage to both liver function and 
overall immunity. Chronic liver injury induced by viruses or drugs further impairs systemic and local immune 
microenvironment-regulating mechanisms, contributing to the increased spread and metastasis of cancer. Consequently, liver cancer 
patients face dismal prognoses characterized by a low 5-year survival rate [11]. In recent years, based on microarray and 
RNA-sequencing methods, there have been increasing studies on immune-related prognostic signatures in human cancers [12–15]. For 
example, using a cohort of glioma samples with expression information from whole-genome microarrays from the Chinese Glioma 
Genome Atlas and TCGA databases, researchers constructed a local risk signature associated with immunity that can independently 
identify patients with a high risk [16]. Wang et al. [17] used the TCGA and ImmPort databases to build a 15-gene prognostic model in 
renal papillary cell carcinoma. Their signature was associated with tumor staging and tumor type. Furthermore the rapid development 
of immunotherapy has revolutionized cancer treatment, including liver cancer. Immunotherapy, designed to bolster the immune 
system’s activity against cancer cells, has introduced novel therapeutic approaches [18,19]. Agents like sorafenib, lenvatinib, 
regorafenib, cabozantinib, and the vascular endothelial growth factor (VEGF) inhibitor [20] ramucirumab are now integral to tumor 
immunotherapy, serving as first-line treatments for liver cancer. However, challenges persist, with inadequate evidence on drug 
resistance, treatment response prediction, and suboptimal efficacy in liver cancer treatment. Consequently, there is an urgent need to 
explore new therapeutic strategies and identify prognostic biomarkers for liver cancer. Despite the recognized significance of cancer 
biomarkers in predicting survival and guiding disease control and prevention, biomarkers specifically related to immune genes in liver 
cancer remain unexplored. Leveraging data from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases, 
this study systematically selected liver cancer-related immune-related genes (IRGs) and immune cells. Through comprehensive 
analysis and experimental validation, a novel protocol for understanding and addressing liver cancer is presented, offering potential 
avenues for enhanced therapeutic strategies and biomarker identification. 

2. Methods 

2.1. Prediction of PLC-related hub IRGs and infiltrative immune cells 

2.1.1. PLC-related data acquisition and preprocessing 
In this study, transcriptome data of liver cancer were initially downloaded from the Tumor Genome Atlas (TCGA) database. Perl 

data collation was utilized to extract expression data of liver cancer, with the data type being Fragments Per Kilobase Million (FPKM). 
Standardized processing and differential analysis were performed using the limma package of R4.2.1 software, with differential genes 
identified based on criteria of |logFC| > 1 and corrected P value < 0.05. Subsequently, liver cancer chip sequencing data were obtained 
from the GEO database, specifically using the GSE76427 dataset. The chip probe ID file and the expression matrix were downloaded, 
and perl scripting was applied to convert probe IDs in the expression matrix file into corresponding gene names. Differential analysis 
was carried out using the limma package of R4.2.1 software, with differential genes identified using the criteria of |logFC| > 1 and 
corrected P value < 0.05. The identified differential genes from TCGA and GEO datasets were then subjected to an intersection 
analysis, and the common genes were considered as the differential genes associated with liver cancer. Finally, the intersection of these 
liver cancer-related differential genes with IRGs from The Immunology Database and Analysis Portal (ImmPort) database was per
formed to obtain immune-related hepatoma differential genes. 

2.1.2. Acquisition of PLC-related IRGs 
IRGs from TCGA and GEO databases were selected based on a median absolute deviation median absolute deviation (MAD) greater 

than 0.5. Additionally, immune-related gene pairs (IRGPs) were calculated by comparing gene expression levels in specific samples in 
pairs. In a specific IRGP, if the expression level of the first IRG is higher than that of the second IRG, the score of the IRGP is 1; 
Otherwise, the score is 0. If the score of IRGP is 0 or 1 in more than 80% or less than 20% of TCGA data set, the IRGP will not be 
employed, and the remaining IRGPs will be reserved as initial candidates for subsequent analysis. Select prognosis-related IRGP [false 
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discovery rate (FDR) < 0.01] in TCGA data set, and use R software package (glmnet) for Lasso Cox proportional hazard regression 
(iteration number = 1000) and 10-fold cross-validation to calculate immune-related gene pairs index (IRGPI), and obtain (4135 * 400). 
After removing samples with gene pair value of 0 or 1 and samples with gene pair Pvalue≥0.05 from all data sets, the remaining IRGPs 
(84 pairs of IRGP) were used to construct the prognosis model. 

2.1.3. IRGP prognostic model construction and PLC hub IRG selection 
Through Lasso regression, 84 IRGP pairs were further obtained to obtain 29 IRGP and their regression coefficients. The optimal cut- 

off for IRGPI was determined using the receiver operating characteristic curve (ROC) to predict 1-year overall survival (OS). Based on 
this cut-off value (− 0.258), PLC patients were categorized into high and low-immune risk groups. The survival curve was generated 
using the Kaplan-Meier method, and the significance of the IRGP prognostic model, along with other clinical characteristics, was 
assessed through univariate and multivariate Cox’s proportional hazards regression models. During the univariate and multivariate 
Cox analysis, risk scores were obtained for clinical factors, pathological factors, and IRGPI in each dataset. The expression data of 
selected key IRGs were merged with survival data using R 4.1.0 and Perl 5.32.1. The merged data underwent univariate Cox regression 
analysis, and candidate genes meeting a significance threshold (P < 0.05) were identified. Subsequently, high-dimensional data were 
processed using LASSO regression with the “glment” package to obtain hub IRGs highly correlated with liver cancer prognosis [21]. 

2.1.4. Prediction of immune cell infiltration in PLC-related IRG expression profile 
The acquired PLC-related IRG expression profile, as described in section 1.2.2, underwent immune cell infiltration prediction using 

the CIBERSORT platform. CIBERSORT employs vector regression to estimate the abundance of various types of immune cells within 
extensive tumor IRG expression profiles [22]. The analysis conducted on the CIBERSORT platform unveiled the relative proportions of 
22 types of infiltrative immune cells for each sample. To calculate the relative proportions of infiltrative immune cells for each sample, 
the R package “CIBERSORT R script” (V1.03) was utilized. A P-value < 0.05 was statistically significant. 

2.2. Validation of PLC-related hub IRGs and infiltrative immune cells 

2.2.1. Validation of PLC-related hub IRGs 
The risk score for hub IRGs, obtained through the IRGP prognostic model, was used to categorize patients into high and low- 

immune risk groups based on median gene expression. The correlation between hub IRGs and survival rate was explored using the 
Kaplan-Meier method, and the log-rank test computed P values between survival curves. The accuracy of the model was assessed by 
plotting the ROC curve. A survival curve for selected IRGs was generated using the Kaplan-Meier online tool, and protein expression 
levels were validated using data from the Human Protein Atlas (HPA). 

2.2.2. Validation of immune cell infiltration in PLC-related IRG expression profile 
Specific pathogen-free (SPF)-grade male BALB/c mice (7 weeks old, weight 20 g) were procured from Beijing Spaifu Biotechnology 

Co. Ltd (SCXK (Beijing) 2019-0010) and housed in SPF conditions with regular indoor UV radiation. The H22 liver cancer cell line, 
adjusted to a concentration of 1 × 107/ml, was intraperitoneally injected into mice. Cells collected in passage 3 were inoculated with 
0.1 ml of the cell suspension in the right axilla. Successful modeling was confirmed 6–8 days later with palpable indurations (3–7 mm 
in diameter). Twenty mice were randomly assigned to two groups: the control group (NC, 0.1 ml/10 g normal saline gavage) and the 
model group (Model, 0.1 ml/10 g normal saline gavage). The intervention was maintained for 13 days, during which the general 
condition and body weight of the mice were observed and recorded every 3 days. Twenty-four hours after the last administration, mice 
were anesthetized using pentobarbital sodium (0.2 ml/mouse) and sacrificed following retro-orbital blood collection. Spleen and 
thymus tissue were isolated to calculate the viscera index [23]. Pathological changes in thymus and spleen tissues were observed to 
assess immune functions, and the number of relevant immune cells in blood and spleen tissue was determined. The following methods 
were employed for flow cytometry: Cell suspension samples were prepared using fresh blood and spleen tissue. Samples were stained 
with FITC-conjugated anti-CD11b and PE-conjugated anti-GR-1 at room temperature for 30 min. The percentage of CD11b/Gr-1 
double-positive cells in total cells was determined to quantify the percentage of neutrophils (CD11b/GR-1). Additionally, samples 
were stained with APC-conjugated anti-F4/80, FITC-conjugated anti-CD11b, PE-conjugated anti-CD86, and BV421-conjugated 
anti-CD163 at room temperature for 30 min. The percentage of tumor-associated macrophages (TAMs) was quantified based on the 
percentage of CD86 and CD163 cells in F4/80 and CD11b double-positive cells (M1:F4/80, CD11b, CD86; M2: F4/80, CD11b, CD163). 
Subsequently, FITC-conjugated anti-CD3, APC-conjugated anti-CD4, and PE-conjugated anti-CD8 were applied for staining at room 
temperature for 30 min. The percentage of CD4+ and CD8+ T cells was confirmed by measuring their proportions in total T cells (CD3+

cells). FITC-conjugated anti-CD19, PE-conjugated anti-CD24, APC-conjugated anti-CD45R, and BV421-conjugated anti-CD138 were 
applied for staining at room temperature for 30 min. The proportion of B cells (CD24/CD45R) was determined by measuring the 
percentage of CD24 and CD45R double-positive cells in total CD19 cells. The proportion of plasma cells (CD138) was determined by 
measuring its percentage in total CD19 cells. All data from flow cytometry were analyzed using FlowJo-v10.6.2, and Prism software 
was used for figure generation. A P-value < 0.05 was statistically significant. 

2.3. Statistical analysis 

All statistical analyses were performed using R software. Group differences were compared using the t-test. The cumulative survival 
time was calculated using the Kaplan-Meier method, and differences in survival curves were analyzed using the log-rank sum test from 

Y.-P. Yang et al.                                                                                                                                                                                                       



Heliyon 10 (2024) e27362

4

the “Survival” package. The “Survcomp” software package was employed to calculate the hazard ratio. Univariate and multivariate 
analyses were conducted using the Cox proportional hazard regression model. P < 0.05 was considered statistically significant. P <
0.01 was considered highly statistically significant. 

3. Results 

3.1. Prediction of PLC-related hub IRGs and infiltrative immune cells 

3.1.1. Acquisition of PLC-related IRGs 
A total of 544 samples, including both TCGA (n = 377) and GSE76427 (n = 167) datasets, were incorporated into the study 

(Table 1). The datasets were filtered using a MAD threshold of >0.5, focusing on genes with substantial variation, which were then 
selected as candidate genes. 

3.1.2. Model construction and definition using IRGs 
The PLC transcriptome data obtained from the TCGA database and 2483 IRG (schedule 1) obtained from the ImmPort database 

were intersected, and 1689 TCGA immune genes were obtained (schedule 2). After the immune genes of the normal samples were 
removed, the intersection genes were extracted with the GEO database genes, and a total of 230 IRG were obtained (schedule 3). The 
obtained differential immune related genes were used to construct a prognostic model to obtain a sample IRG, and 4135 IRGPs were 
obtained by pairwise pairings (schedule 4). After excluding the IRGP with less variation (MAD = 0), the IRGPI was defined by LassoCox 
proportional hazard regression, and the final 84 IRGPs (schedule 5) were composed of 85 IRG. CD4|PLTP, CD8A|CXCL1, CD8A| 
EDNRA, CD8A|TNFRSF11B, CTSB|C8G, HLA-DOA|STC2, HLA-DQB1|PLTP, HLA-DRB1|S100A11, HLA-DRB1|S100A16, HSPA8|C8G, 
HSPA8|PROC, HSP90AB1|SERPIND1, ICAM1|IL 1RN, MICB|LPA, and TGFBR2|CDK4. In addition, by using the LASSO regression 
model, we further selected 29 IRGPs as the final risk prognostic characteristics (Table 2). 

3.1.3. Model validation and evaluation using IRGs 
The risk score for each PLC patient from the TCGA dataset was computed using the Immune-Related Gene Pair Index (IRGPI). The 

optimal cut-off for IRGPI was determined to be − 0.258 through time-dependent ROC curve analysis (Fig. 1a). Subsequently, PLC 
patients were stratified into high and low-immune risk groups based on this optimal cut-off. The high immune risk group exhibited 
significantly shorter OS compared to the low immune risk group (P < 0.001) (Fig. 1b). Univariate and multivariate Cox regression 
analyses were conducted to assess the predictive capability of IRGPI and its potential as an independent prognostic factor. During the 
univariate Cox analysis, the IRG Pair (IRGP) prognostic model risk score (P < 0.001, HR = 4.206, 95% CI = 3.164–5.592) and tumor T 
stage (P < 0.001, HR = 1.667, 95% CI = 1.365–2.036) were found to significantly impact prognosis. In the multivariate Cox analysis, 
the IRGP prognostic model risk score (P = 0.001, HR = 3.907, 95% CI = 2.902–5.260) and tumor T stage (P = 0.015, HR = 1.305, 95% 
CI = 1.052–1.618) were identified as independent prognostic factors (P < 0.05) (Fig. 1d–e). Patients in the GEO dataset were cate
gorized into high and low-immune-risk groups using the same cut-off, and their survival rates were compared. Both groups exhibited a 
correlation between OS and time (Fig. 1c). During univariate Cox analysis, tumor N stage (P = 0.004, HR = 2.372, 95% CI =
1.310–4.294) was identified as a prognostic factor. In multivariate Cox analysis, tumor N stage (P = 0.024, HR = 2.437, 95% CI 
1.125–5.279) was confirmed as an independent prognostic factor (P < 0.05) (Fig. 1f–g). Importantly, there was heterogeneity in the 
correlation analysis, possibly influenced by differences in sequencing, processing, samples, and tissue. 

Table 1 
Patient demographics and clinical characteristics in TCGA-COAD and GSE76427 datasets.  

Parameter TCGA-COAD (n ¼ 377) GSE76427 (n ¼ 167) 

Age (years, x ± s) 59.45 ± 13.51 63.45 ± 12.68 
Gender [n (%)] 
Male 255 (67.64) 93 (55.69) 
female 122 (32.36) 22 (13.17) 
unknown — 52 (31.14) 
N Grade [n (%)] 
N0 257 (68.17) 4 (2.40) 
N1 4 (1.06) 74 (44.31) 
N2 115 (30.50) 28 (16.77) 
unknown 1 (0.27) 61 (36.53) 
T Stage [n (%)] 
T1 185 (49.07) 55 (32.93) 
T2 95 (25.20) 35 (20.96) 
T3 81 (21.49) 21 (12.57) 
T4 13 (3.45) 3 (1.80) 
unknown 3 (0.80) 53 (31.74) 
Fustat [n (%)] 
alive 249 (66.05) 92 (55.09) 
death 128 (33.95) 23 (13.77) 
unknown — 52 (31.14)  
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3.1.4. Prediction of PLC-related hub IRGs 
In the prediction of PLC-related hub IRGs, we initially identified 19 candidate genes through univariate Cox regression analysis, 

utilizing a significance threshold of P < 0.05 for 85 IRGs (Fig. 2a). To identify genes with robust predictive capabilities, we employed 
the LASSO Cox regression model in R 4.1.0, determining the optimal λ when the median residual sum of squares was minimized. This 
process resulted in the selection of 11 robust genes (Fig. 2b–c) as liver cancer-related prognostic factors, including CDK4, FABP5, 
NDRG1, FYN, HSPA8, ITGAV, S100A16, SORT1, STC2, TEK, and TNFRSF11B. Further analysis involved categorizing patients into high 
and low-immune risk groups based on the median expression levels of the 11 candidate genes, followed by generating a survival curve 
(refer to Fig. 2d). The outcomes revealed that individuals in the low immune risk group exhibited longer OS compared to their 
counterparts in the high immune risk group. The Receiver Operating Characteristic (ROC) curve, with an area under the curve of 
80.5% (Fig. 2e), underscored the prognostic potential of these 11 IRGs in liver cancer. Consequently, these genes stand out as valuable 
prognostic biomarkers for liver cancer. 

3.1.5. Analysis and prediction of PLC-related immune cell infiltration 
The relative proportions and abundance of 22 kinds of immune cells in different risk groups were estimated using CIberSort 

(Fig. 3a). Notably, the expression profiles of infiltrated immune cells exhibited significant differences between these groups. Specif
ically, the high immune risk group demonstrated significantly higher expressions of neutrophils (P = 7.442e-04), M0 macrophage (P =
3.071e-16), and M2 macrophage (P = 0.013). In contrast, the low immune risk group exhibited elevated expression levels of M1 
macrophage (P = 0.003), naive B cells (P = 2.073e-06), plasma cells (P = 0.008), CD4+ memory T cells (P = 0.039), and CD8+ T cells 
(P = 2.201e-10) (Fig. 3b–i). 

3.2. Validation of PLC-related hub IRGs and infiltrative immune cells 

3.2.1. Validation of PLC-related hub IRGs 
Survival curves were plotted using Kaplan-Meier estimates (Fig. 4a–k), and HR of PLC-related hub IRGs were calculated using the 

Cox regression model. The results demonstrated that the high expression group, characterized by elevated levels of FYN, HSPA8, 
ITGAV, S100A16, SORT1, STC2, TEK, and TNFRSF11B, exhibited a lower survival rate compared to the low expression group. 
Conversely, the high expression group, featuring CDK4, FABP5, and NDRG1, displayed a higher survival rate than the low expression 
group. These findings provide compelling evidence of a close correlation between the expression patterns of these 11 genes and the 
survival outcomes of PLC patients, with statistical significance set at P < 0.05. To further validate the transcript levels of these 11 
genes, we utilized data from HPA. The analysis revealed that the transcript levels of NDRG1, FYN, HSPA8, and SORT1 in liver cancer 

Table 2 
The results of 29 IRGPs using LASSO regression model.  

Gene Coef HR HR.95L HR.95H coxPvalue 

CD8A|EDNRA − 0.120010 0.528369 0.367077 0.760531 0.000596921 
CD8A|TNFRSF11B − 0.279210 0.442181 0.302998 0.645299 2.32367E-05 
CD8A|TNFSF13B − 0.055349 0.484190 0.333072 0.703872 0.000144904 
CTSB|C8G 0.133971 2.062913 1.425176 2.986025 0.000124228 
HLA-DQB1|PLTP − 0.171794 0.537439 0.377619 0.764900 0.000564041 
HLA-DRB1|S100A16 − 0.235219 0.472084 0.325867 0.683910 7.22069E-05 
HSPA8|PROC 0.232923 2.177401 1.463067 3.240504 0.000125147 
LGMN|TMPRSS6 0.064309 2.075427 1.447433 2.975889 7.15307E-05 
CXCL1|TRIM22 0.045161 2.238242 1.573609 3.183590 7.39151E-06 
CXCL1|CD48 0.104362 2.022048 1.412153 2.895352 0.000120972 
FABP5|CD48 0.167517 2.190554 1.436913 3.339470 0.000267457 
IFIH1|BMP2 − 0.235599 0.502622 0.353154 0.715351 0.000133324 
TNFAIP3|RORC 0.150937 1.969727 1.348552 2.877030 0.000453299 
ITGAV|PIK3R1 0.341582 2.701539 1.873227 3.896118 1.03939E-07 
ITGAV|IL4R 0.230698 2.143645 1.492918 3.078008 3.61211E-05 
CACYBP|ENG 0.263725 2.248599 1.569954 3.220603 9.8397E-06 
TMPRSS6|NDRG1 − 0.037238 0.395314 0.273815 0.570726 7.29628E-07 
IL7R|SYK − 0.000963 0.427726 0.278940 0.655874 9.8689E-05 
IL7R|STC1 − 0.108152 0.363718 0.208413 0.634753 0.000371242 
IL7R|TNFSF13B − 0.130982 0.487649 0.328730 0.723395 0.000358005 
IL7R|ICAM2 − 0.149798 0.460375 0.290115 0.730556 0.00099291 
CCL21|TNFRSF11B − 0.070499 0.473608 0.322344 0.695856 0.000140609 
FGR|TEK 0.021137 2.035058 1.403416 2.950986 0.000178656 
CD79B|STC2 − 0.174205 0.491422 0.345849 0.698269 7.3791E-05 
STC1|FYN 0.209711 2.113959 1.470204 3.039594 5.34615E-05 
TGFB3|TEK 0.042380 2.334150 1.470039 3.706196 0.000326608 
TNFSF13B|TEK 0.058659 1.914298 1.337421 2.740002 0.000386672 
RORC|NCK2 − 0.083779 0.439466 0.299897 0.643987 2.47353E-05 
TGFBR2|CDK4 − 0.243139 0.479405 0.337112 0.681760 4.27335E-05 

Abbreviations: Cofe, LASSO analysis coefficient; HR, risk ratio (HR > 1, indicating high-risk immune gene pair, HR < 1, indicating low-risk immune 
gene pair); HR.95L, the lower 95% confidence interval; HR.95H, the lower 95% confidence interval. 
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tissue were higher than in normal liver tissue. Conversely, CDK4, FABP5, S100A16, and TEK showed no significant difference between 
liver cancer and normal tissue (Fig. 5). 

3.2.2. Analysis and validation of immune cell infiltration in PLC-related IRG expression profile 
To assess and validate immune cell infiltration in the context of PLC-related IRG expression profiles, an H22 liver cancer tumor- 

bearing mouse model was established. Experimental results revealed that the Model group exhibited significantly reduced body 
weight, spleen index, and thymus index compared to the Normal group (all P < 0.001) (Fig. 6a–c). Histopathological examination via 
Hematoxylin and Eosin (HE) staining provided insights into the structural changes. In the Normal group, mice displayed intact thymus 
tissue membranes, clear corticomedullary demarcation, a thick cortex with dense lymphocytes, and a small, lightly colored medullary 
region containing abundant thymic epithelial cells and lymphocytes. Conversely, the Model group exhibited alterations such as 
thinned cortex, reduced lymphocytes with loosely arranged cells, an enlarged medullary region with light coloring, and spherical or 
polygonal thymic epithelial cells with large cell bodies (Fig. 6d). Furthermore, HE staining of spleen tissues indicated that the normal 
group had intact membranes without hyperplasia, a clear border between the white pulp and red pulp, and no atrophy in the white 
pulp. In contrast, the Model group displayed significantly thickened membranes, a clear border between red and white pulps, partial 
atrophy in the white pulp with reduced area, extramedullary hematopoiesis in the red pulp, and local aggregation of erythroid lineages 
(Fig. 6e). Flow cytometry (FACS) analysis highlighted the immune alterations induced by liver cancer xenograft. The Model group 
exhibited elevated proportions of neutrophils, M2/M1 ratio, and CD4+/CD8+ ratio, along with reduced percentages of naive B cells 
and plasma cells in peripheral blood and spleen tissue compared to the Normal group (all P < 0.0001) (Fig. 7a1–e2). Collectively, these 
findings underscore the profound impact of liver cancer xenografts on the immune function of mice. 

4. Discussion 

PLC is a prevalent malignancy of the digestive system, characterized by its insidious symptom onset, delayed diagnosis, tendency 
for postoperative recurrence, and overall poor prognosis. The current focus on cancer cells in PLC diagnosis, therapeutic decisions, and 
prognosis evaluation centers around early detection of alpha-fetoprotein (AFP). However, the fact that 32–59% of liver cancer patients 
exhibit normal AFP levels suggests that AFP is neither a standard diagnostic criterion nor the optimal measure for assessing cancer 
prognosis and survival [2]. Biomarkers identified in both domestic and international studies have significantly contributed to 
enhancing the diagnosis and treatment of PLC, addressing its challenging prognosis and high recurrence rate [24,25]. Nevertheless, 
there is an urgent need for robust prognostic biomarkers to predict the survival of PLC patients, considering factors such as biological 
complexity, individual differences, and immunological aspects. With this imperative in mind, we have employed bioinformatics 
methodologies, leveraging clinical data from tumor databases, to identify reliable prognostic biomarkers. This strategic approach not 
only aims to uncover new therapeutic targets for liver cancer treatment but also seeks to tailor measures for PLC patients based on a 
more comprehensive understanding of the disease. 

First, we sourced liver cancer datasets from TCGA and GEO databases, specifically the TCGA dataset with a sample size of 377 and 
the GEO GSE76427 dataset with a sample size of 167. Through a rigorous screening process of these datasets, we intersected the 
acquired genes with 2483 IRGs from the ImmPort database, resulting in the identification of 1689 differentially expressed IRGs. 
Pairing these genes allowed us to derive IRGPs, and those with minimal variation (MAD = 0) were excluded from further consider
ation. Subsequently, the IRGPI was defined using Lasso Cox proportional hazards regression, leading to the identification of 84 sig
nificant IRGPs. Notably, these 84 IRGPs, along with 85 individual IRGs, collectively constituted a comprehensive prognostic risk 
model. The successful establishment of this model enabled the categorization of patients into high and low-immune risk groups using 
an optimal cut-off. Notably, the high immune risk group exhibited a significantly shorter OS compared to the low immune risk group 
(P < 0.001), underscoring the pivotal role of IRGPI as a critical prognostic factor for PLC. To further elucidate the implications of IRGPI 
on additional clinical factors, univariate and multivariate Cox regression analyses were conducted using the TCGA dataset. These 
analyses revealed that the IRGPI model risk score, along with the tumor T stage, emerged as independent prognostic factors for PLC 
patients. 

Nineteen candidate genes were identified through univariate Cox regression analysis of 85 IRGs using R version 4.1.0 and Perl 
version 5.32.1, with a significance threshold of P < 0.05. Subsequently, a LASSO Cox regression model was constructed to refine the 
selection, resulting in the identification of 11 genes with optimal predictive performance, determined by the median residual sum of 
squares (λ = 11). The final set of 11 genes comprised CDK4, FABP5, NDRG1, FYN, HSPA8, ITGAV, S100A16, SORT1, STC2, TEK, and 
TNFRSF11B. Analysis of survival rates revealed that the group exhibiting high expression levels of FYN, HSPA8, ITGAV, S100A16, 
SORT1, STC2, TEK, and TNFRSF11B exhibited lower survival rates compared to the low expression group. Conversely, the group with 
elevated expression of CDK4, FABP5, and NDRG1 displayed higher survival rates than the low-expression group. Validation of 
transcript expression levels was conducted using HPA data. Notably, the transcript expression levels of NDRG1, FYN, HSPA8, and 
SORT1 in liver cancer tissue were higher than those in normal liver tissue. Meanwhile, the transcript expression levels of ITGAV, STC2, 
and TNFRSF11B in liver cancer were lower than in normal tissue. However, no significant differentiation was observed between liver 

Fig. 1. Validation and evaluation of the prognostic model using IRGs. (a) ROC curve of IRGPI variation over time in the TCGA dataset. (b) Kaplan- 
Meier curve of OS of patients from the high and low immune risk groups in the TCGA dataset. (c) Kaplan-Meier curve of OS of patients from the high 
and low immune risk groups in the GEO dataset. (d–e) Forest plot of univariate and multivariate Cox analyses for prognostic factors in the TCGA 
dataset. (f–g) Forest plot of univariate and multivariate Cox analyses for prognostic factors in the TCGA dataset. 
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Fig. 2. PLC-related hub IRG selection and survival analysis. (a) Forest plot of hazard ratios (HRs) of 85 liver cancer-related IRGs. (b) Partial 
likelihood deviance and λ were plotted using the LASSO Cox regression models. (c) Selected variable coefficients were expressed as lambda pa
rameters. (d) Kaplan-Meier survival plots of the two groups. (e) ROC curve (AUC = 80.5%). 

Fig. 3. Analysis and prediction of PLC-related immune cell infiltration. (a) CIBERSORT estimating the abundance of the 22 kinds of immune cells in 
the high and low-immune-risk groups. (b–i) Abundance distribution of specific immune cells in the high and low immune risk groups. 
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cancer and normal liver tissue for CDK4, FABP5, S100A16, and TEK. This lack of differentiation may be attributed to inherent bio
logical heterogeneity in tumors and potential technical biases across different sequencing platforms. Extensive research has sub
stantiated that the 11 hub IRGs serve as prognostic biomarkers across multiple cancers [26]. CDK4 exhibits heightened expression in 
human osteosarcoma cells and tissues, promoting cell proliferation and metastasis, and correlates with unfavorable prognosis in 

Fig. 3. (continued). 
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osteosarcoma patients [27]. FABP5, overexpressed in human liver cancer cells, contributes to abnormal lipid metabolism and immune 
cell CD137 Tex infiltration, thereby facilitating hepatocellular carcinoma (HCC) initiation and progression. FABP5 emerges as a po
tential prognostic biomarker for HCC [28]. Additionally, FABP5 demonstrates upregulated expression in cervical cancer, positively 
correlating with lymph node metastasis and serving as an independent prognostic predictor for cervical cancer with lymph node 
metastasis [29]. NDRG1 exhibits dual effects in various cancers, displaying both pro-cancer and anti-cancer properties. In invasive 
breast cancer, high NDRG1 expression is closely linked to poor survival rates, driving tumor development and brain metastasis. NDRG1 
thus presents itself as a therapeutic target and prognostic biomarker for invasive breast cancer [30,31]. FYN overexpression promotes 
migration and invasiveness in gastric cancer cells, positively correlating with gastric cancer metastasis, positioning it as a potential 
therapeutic target for gastric cancer [32,33]. HSPA8, a member of the HSP70 family, is highly expressed in cancer cells and is 
intricately associated with cell growth, apoptosis, and autophagy. Downregulation of HSPA8 in pancreatic cancer inhibits cancer cell 
growth by affecting autophagy, making it a potential target for pancreatic cancer treatment [34]. ITGAV, highly expressed in breast 
cancer cells, influences cell proliferation, metastasis, invasion, and self-renewal. Silencing ITGAV expression suppresses these pro
cesses, hindering tumor growth [35]. S100A16 overexpression in gastric cancer advances cell proliferation and migration, correlating 
with poor prognosis in gastric cancer patients [36]. High SORT1 expression has been associated with advanced gastric cancer and 
indicates a poor prognosis [37]. SORT1 overexpression also stimulates colorectal cancer cell growth and migration to promote tumor 
growth, suggesting it is a potential biomarker for the diagnosis and prognosis of colorectal cancer [38]. Downregulation of TEK 
expression promotes the proliferation and migration of clear cell renal cell carcinoma (ccRCC) cells, activating AKT phosphorylation to 
suppress apoptosis and tumor growth. TEK stands out as a potential biomarker for ccRCC [39]. TNFRSF11B, highly expressed in the 
gastric cancer cell cytoplasm, significantly enhances cell proliferation, migration, and invasion in vitro, demonstrating tumorigenic 
ability both in vitro and in vivo [40]. This comprehensive validation aligns with the initial prediction that PLC-related IRGs play pivotal 
roles in the initiation, development, and prognosis of diverse cancers. Furthermore, analysis based on the prognostic model and 
validation using clinical samples underscores the potential of PLC-related hub IRGs as valuable biomarkers for both the treatment and 
diagnosis of PLC. 

Liver cancer, characterized by high incidence, frequent recurrence, and low survival rates, is predominantly managed through 
surgical intervention and comprehensive multidisciplinary therapy. Historically, immunotherapy has played a limited role in liver 
cancer treatment. However, its potential to elicit tumor-specific immunity by reinforcing immune responses, identifying and elimi
nating tumor cells, and preventing recurrence through the activation of immune pathways has garnered increased attention in recent 
years. Immunotherapeutic approaches, such as immune checkpoint inhibitors (e.g., CTLA-4, PD-1, PD-L1) and small molecule 
immunotherapy, have shown promise in improving the prognosis of HCC patients [41–43]. Tumor immunotherapy is intricately linked 
to the infiltration of immune cells in the tumor microenvironment, including myeloid-derived suppressor cells (MDSCs), TAMs, and 
other immune components that influence tumor cell proliferation, invasion, and metastasis [44]. In this study, the differential 
expression levels of 22 immune cell types in distinct risk groups were estimated using CIBERSORT. The analysis revealed significantly 
elevated expression of neutrophils, M0 macrophage, and M2 macrophage in the high immune risk group, while M1 macrophages, 
naive B cells, plasma cells, CD4+ memory T cells, and CD8+ T cells exhibited higher expression in the low immune risk group. Existing 
research supports the notion that the increased presence of neutrophils, M0 macrophages, and M2 macrophages in the tumor 
microenvironment leads to continuous variations in tumors and disrupts the tumor microenvironment, suppressing antitumor immune 
responses [45,46]. Conversely, low expression levels of M1 macrophage, naive B cells, and plasma cells fail to protect the host against 
pathogens, inducing immune imbalance and host tissue damage, thereby promoting tumor development and malignant transformation 
[47,48]. Interestingly, another study employing multiple immunostaining methods demonstrated that HCC patients with high immune 
cell infiltration, particularly B cells, plasma cells, and T cells, experienced favorable prognoses [49]. CD4+ memory T cells and CD8+ T 
cells, integral to the overall tumor immune response, were found to be correlated with tumor prognosis [50,51]. To further validate 
these findings, an H22 liver cancer tumor-bearing mouse model was constructed and assessed using flow cytometry. The results 
indicated that mice in the Model group exhibited reduced body weight, pronounced pathological changes in the spleen and thymus, 
and significantly lower spleen and thymus indexes compared to the Normal group. Additionally, the Model group showed an increased 
percentage of neutrophils, elevated M2/M1 cell ratio, and CD4+/CD8+ cell ratio, along with a decreased percentage of naive B cells 
and plasma cells in peripheral blood and spleen tissue compared to the Normal group. These outcomes collectively highlight the 
substantial impact of liver cancer xenografts on the immune function of mice. The experimental verification in H22 tumor-bearing 
mice provides valuable insights into the differential alterations in PLC-related immune cells, shedding light on the intricate rela
tionship between PLC-related immune cells and the progression and prognosis of liver cancer. 

5. Conclusion 

In this study, we identified 11 hub IRGs associated with PLC using data from TCGA and GEO databases. The identified genes are 
CDK4, FABP5, NDRG1, FYN, HSPA8, ITGAV, S100A16, SORT1, STC2, TEK, and TNFRSF11B. A prognostic model was meticulously 
constructed to assess the correlation between these PLC-related hub IRGs and the survival of individuals with PLC. Additionally, we 
investigated the differential expression patterns of these hub IRGs across diverse patient profiles by analyzing clinical sample data from 
the HPA database. Furthermore, we investigated the impact of immune cell infiltration on PLC patients with varying prognoses using 
both the CIBERSORT platform and experimental methods. By exploring the interplay between immune cells and PLC-related hub IRGs, 

Fig. 4. Survival analysis of 11 IGRs. (a) CDK4; (b) FABP5; (c) NDRG1; (d) FYN; (e) HSPA8; (f) ITGAV; (g) S100A16; (h) SORT1; (i) STC2; (j) TEK; 
(k) TNFRSF11B. 
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Fig. 4. (continued). 
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Fig. 5. Validation of expression levels of prognostic IRGs.  
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we aimed to enhance our understanding of the intricate dynamics within PLC. This comprehensive analysis not only deepens our 
insights into the roles of PLC-related IRGs but also uncovers potential targets for immunotherapeutic interventions in the context of 
primary liver cancer. 
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Fig. 7. Immune cell infiltration variation in the peripheral blood and liver tissue of H22 tumor-bearing mice. (a1-2) Double positivity analysis for 
CD11b and Gr-1 expression and diagram showing the percentage of neutrophils. (b1-2) CD163/CD86 cells were gated for F4/80 and CD11b and 
diagram showing M2/M1 ratio. (c1-2) CD4+/CD8+ cells were gated for CD3+ and diagram showing CD4+/CD8+ ratio. (d1-e1) CD24 and CD45R 
cells were gated for CD19 and diagram showing B cell percentage. (d2-e2) CD138 cells were gated for CD19 and diagram showing plasma 
cell percentage. 
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Fig. 7. (continued). 
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