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Abstract
The relationships between gene regulatory functions and hepatocellular carcinoma (HCC) occurrence and progression 
are constantly being clarified. However, tumour microenvironment complexity has hindered the classification of the role 
of genes. A comprehensive analysis to further clarify gene functions could provide additional benefits to HCC patients. 
In the present study, we combined single-cell sequencing data, Mendelian randomization, and bioinformatics analysis 
for comprehensive analysis. After the study was completed we found that T cell, dendritic cell (DC), macrophage and 
monocyte contents and the interaction between immune cells in the HCC microenvironment differed between the 
microvascular invasion-positive (MVI +) and microvascular invasion-negative (MVI-) groups. Mendelian randomization 
analysis indicated that causal relationships between several endoplasmic reticulum autophagy (ER-phagy) genes and 
T cell, DC, macrophage and monocyte contents. Single-cell sequencing data were used to validate the association of 
these genes with immune cells in the microenvironment. Based on the above results, we preliminarily elucidated the 
potential role of ER autophagy in the HCC microenvironment. Furthermore, a prognostic model was constructed using 
these causal association genes, which could accurately predict the prognosis and survival of HCC patients.
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1  Introduction

According to the latest report on cancer mortality and morbidity in 185 countries released by the World Health Organiza-
tion, there are approximately 841,000 new cases of liver cancer and 781,000 deaths from liver cancer worldwide each year, 
and liver cancer ranks first among digestive system tumours in men, accounting for 10.2% of related deaths [1]. These 
data suggest that breakthroughs in the clinical treatment of liver cancer patients are urgently needed. However, because 
most patients have advanced-stage disease or metastases at the time of diagnosis, they have lost the opportunity for 
radical treatment. Moreover, the disease can develop rapidly, the prognosis is extremely poor, and the mortality rate is 
high [2]; even if some types of radiotherapy or chemotherapy are administered, the curative effect is still not satisfactory, 
and drug resistance and relapse readily occur. Survival rates are low, with 5-year survival rates ranging from only 3% 
to 5% [3]. To enhance the overall survival of patients with liver cancer, it is imperative to implement more personalized 
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and precision-based therapeutic approaches. The ultimate developmental trajectory of a tumor is contingent upon the 
dynamic alterations in its microenvironment, which encompass not only the metabolic profile variations but also the 
functional and quantitative modifications of the interacting cellular components. A comprehensive understanding of 
the distinct survival microenvironments of tumor cells at various progression stages, coupled with the identification of 
underlying factors contributing to poor prognostic outcomes, is essential for developing more individualized treatment 
strategies.

Hepatocellular carcinoma, the most prevalent form of liver cancer, is characterized by microvascular invasion when 
malignant cells infiltrate the minute vascular structures of the liver, including branches of the portal vein, hepatic artery, 
and bile ducts. MVI serves as direct pathological evidence of the aggressive behavior of liver cancer and constitutes 
a significant prognostic factor contributing to the poor long-term survival rates observed in HCC patients [4, 5]. The 
emergence of metastatic lesions during tumor progression indicates a progressive deterioration of the body’s immune 
surveillance system, with the occurrence of MVI being no exception. The immune microenvironment, composed of 
various immune cells, plays a particularly crucial role in this pathological process. Immune cells can enter the tumour 
microenvironment from the blood, altering the composition and proportion of immune cells in the immune micro-
environment. When MVI exists, it is worth in-depth exploration which key genes affect the distribution ratio of these 
immune cells and the changes of the tumor itself. MVI and endoplasmic reticulum stress (ERS) exhibit a significant 
correlation in the progression of hepatocellular carcinoma through the regulation of angiogenesis, immune evasion, 
and metabolic reprogramming [6]. ERS constitutes a critical component in maintaining endoplasmic reticulum homeo-
stasis. It denotes the stress response elicited by the accumulation of unfolded/misfolded proteins or the disruption 
of calcium ion homeostasis within the endoplasmic reticulum under internal and external environmental pressures, 
which activates the unfolded protein response (UPR) [7]. However, if the UPR fails to restore homeostasis, endoplasmic 
reticulum autophagy is initiated to eliminate redundant endoplasmic reticulum structures and deleterious proteins [8]. 
Consequently, it can be inferred that endoplasmic reticulum stress and endoplasmic reticulum autophagy are mutually 
influential, and the specific association between endoplasmic reticulum autophagy and MVI warrants further investiga-
tion. The relationships between endoplasmic reticulum stress and the UPR and tumours have been described by many 
scholars [9–11]. ER-phagy, serving as the ultimate homeostatic regulatory mechanism of the endoplasmic reticulum, 
has been systematically investigated by Jacob E. Corn’s research team. Through comprehensive genome-wide screen-
ing utilizing HCT116 CRISPRi cells, the research group successfully identified the regulatory genes associated with this 
process [12]. Interference with ER-phagy dependent on UFMylation was found to lead to the accumulation of misfolded 
proteins by inducing the UPR via IRE1α signalling. Taken together, these findings suggest that ER-phagy also plays an 
important role in the occurrence and development of tumours. In HCC, extensive research has elucidated that ER-phagy 
regulates sorafenib-induced ferroptosis through the FAM134B pathway [13]. Furthermore, the induction of ER-phagy has 
been shown to mitigate endoplasmic reticulum stress, thereby preventing HCC progression [14]. Moreover, ER-phagy is 
intricately associated with immune regulation within the HCC tumor microenvironment [15]. These findings collectively 
underscore the pivotal role of ER-phagy in HCC pathogenesis. Nevertheless, significant knowledge gaps persist regard-
ing its interaction with the immune microenvironment. For instance, immune cells may undergo ER-phagy influenced 
by tumor cells or other metabolic factors, potentially altering the proportion of specific cell types. Given the critical role 
of immune cells as delineated above, comprehensive research is imperative to elucidate these underlying mechanisms. 
Mendelian randomization analyses use genetic variants strongly associated with exposure as instrumental variables to 
assess the causal relationship between exposure factors and outcomes.However, direct analysis of causal relationships 
between gene expression and traits is difficult. Single nucleotide polymorphisms (SNPs) represent variations of individual 
nucleotides (A, T, C, or G) at specific genomic loci. These genetic variations can be employed as independent variables in 
linear regression analyses, with mRNA expression levels serving as dependent variables. Through the utilization of exten-
sive individual data points as samples, this methodology facilitates the elucidation of associations between specific SNP 
loci and their corresponding mRNA expression profiles [16]. Expression quantitative trait loci (eQTLs) are regions on chro-
mosomes that specifically regulate mRNA and protein expression levels, and their levels are proportional to the mRNA 
and protein expression levels. Therefore, Mendelian randomization analysis combining SNPs and eQTLs can be used to 
determine the causal associations between gene expression and some traits.For example, it can be used to analyse the 
relationship between ER-phagy regulatory genes (ER-phagy REGs) and HCC. In addition to tumour cells, immune cells are 
equally important for treatment, as mentioned above. These immune cells can also theoretically undergo ER-phagy in 
response to stimulus signals. Previously, it was difficult to extract immune cells from the microenvironment for analysis, 
but with the continuous development of single-cell technology, this problem has been simplified. The advent of single-
cell RNA sequencing has made it possible to perform specific analyses of cell populations at the single-cell level. This 
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approach involves analysis of the contents of biological macromolecules such as RNA/DNA, proteins, and metabolites 
that are released from individual cells upon rupture of the cell membrane and can reveal the changes that make each 
cell type unique [17, 18]. Therefore, this technology can be applied to identify immune cells in the microenvironment. 
Based on these findings, we can stratify HCC patients based on their MVI status, systematically analyze the differential 
characteristics of the immune microenvironment among distinct subgroups, and identify causal genes associated with 
tumor progression. These insights will provide innovative strategies for comprehensive patient evaluation in subsequent 
clinical management and facilitate the development of more precise therapeutic interventions.

Building upon the previously established theoretical framework. In this study, we first performed single-cell analysis 
of MVI + and MVI- samples from HCC patients to identify differences in immune cell features and cell communication 
signals in the microenvironment. ER-phagy REGs, HCC and immune cells were subsequently analysed via Mendelian ran-
domization. The obtained causal genes were combined with the single-cell analysis results of HCC for further screening 
of the genes that are correlated with the number of immune cells in the tumour microenvironment. Next, these genes 
were analysed in clusters on the basis of the data of HCC patients from The Cancer Genome Atlas (TCGA) and used to 
group these patients. We constructed a prognostic model on the basis of the differentially expressed genes between 
the groups and found that the model had good predictive performance. Validation with International Cancer Genome 
Consortium (ICGC) data suggested that the predictive performance of the model was better in Asian HCC patients than 
in other populations.

2 � Materials and methods

2.1 � Preliminary single‑cell analysis

Single-cell data for HCC in GSE242889 were obtained from the GEO database [19]. The Seurat package is used to control 
the quality of these data. First, the red blood cells are filtered. Then, nFeature_RNA > 200 & nFeature_RNA < 5000 & per-
cent.mt < 20 & nCount_RNA < 100,000 were set to screen the data of each sample in R. Harmony was used to integrate the 
data and distinguish between MVI + and MVI- samples. In addition, the de-batch effect was also performed. The RunTSNE 
function is used to cluster cells. The SingleR package was subsequently used to annotate the cell clusters according to 
the integrated data to obtain information on immune cells in the microenvironment.

2.2 � Mendelian randomization analysis

The labels of immune cells with quantitative differences in the microenvironment were further searched in the Genome-
wide association study (GWAS) database. Two hundred genes related to the regulation of ER-phagy were obtained from 
a previously published study [12]. Through the application of the TwoSampleMR package in R, the eQTLs of ER-phagy 
REGs from the GWAS database were subsequently used as instrumental variables, and the numbers of immune cells and 
HCC cells were subsequently used as outcome variables for batch analysis to obtain causal genes. The HCC cell number 
was retrieved, and the eQTLs of causal genes and HCC were analysed via reverse Mendelian randomization to determine 
the direction of the influence of genes on HCC. To obtain independent SNPs, we performed clustering to remove SNPs 
in linkage disequilibrium (LD) (r 2 < 0.001). Traits were used at the genome-wide level (p < 5 × 10 − 8). The instrument 
strength of each SNP was assessed via F statistics = (β/SE) 2. An F statistic > 10 suggests that a variable can be used as a 
suitable analytical tool variable [20].

2.3 � Analysis and integration of gene and single‑cell data

The immune cells in the tumour microenvironment were subdivided according to the consensus marker genes and 
the genes identified in previous studies. Cell communication was analysed through the CellChat program package. The 
samples were then differentiated to identify differences in immune cell content between MVI + and MVI- patients and 
differences in cell communication. The correlations between the genes related to immune cell causality obtained via 
Mendelian randomization analysis and the contents of the above immune cell subsets were subsequently analysed. The 
ER-phagy REGs with causal relationships between the tumour microenvironment and immune cells were subjected to 
further screening. The correlations between the genes related to immune cell causality obtained via Mendelian randomi-
zation analysis and the contents of the above immune cell subsets were subsequently analysed. Furthermore, ER-phagy 
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REGs that have a causal relationship between the tumour microenvironment and immune cells were identified. GEPIA 
database (http://​gepia.​cancer-​pku.​cn/) was used to perform prognostic analysis of some genes.

2.4 � Extraction of gene expression data and clustering grouping

Gene expression and clinicopathological data of HCC patients were downloaded from the TCGA database (https://​cance​
rgeno​me.​nih.​gov/). Similarly, appropriate datasets containing HCC patient gene expression and clinical data were down-
loaded from the ICGC database (https://​icgc.​org/​conte​nt/​icgc-​home-0). The k-means clustering algorithm was used 
to group data obtained from the TCGA database on the basis of patterns of genes associated with the proportion of 
immune cells. Differences in clinical features (T, N, M, stage, grade, gender, and age) between clusters and differences 
in gene expression are shown in heatmaps. Subsequently, differential expression analysis of the genes and analysis of 
survival differences between different groups were carried out (set the parameters to logFCfilter = 1, fdrFilter = 0.0001).

2.5 � Prognostic model construction and performance validation

Least absolute shrinkage and selection operator (LASSO) analysis of the differential genes mentioned above, and 
suitable genes were identified via Cox regression analysis to construct a prognostic model, which was defined as the 
training dataset. The model calculation formula was as follows: βgene1 × Expressiongene1 + β gene2 × Expression-
gene2 + βgene3 × Expressiongene3 + … + βgenen × Expressiongenen. Here, β refers to the coefficient value in the mul-
tifactor Cox analysis, and Expressiongene refers to the expression level of a gene in patients with liver cancer. Next, 
receiver operating characteristic (ROC) curves were drawn for the prediction model, and area under the ROC curve (AUC) 
values were calculated for 1-, 3-, and 4-year survival. Finally, the predictive performance of the model was verified with 
gene expression and survival data from the Asian HCC population from the ICGC database, which was defined as the 
test dataset, and the 1-, 3-, and 4-year survival AUC values were also calculated.

2.6 � Comprehensive analysis of the risk score, and clinicopathological features

In the training dataset, univariate Cox regression analysis and multivariate Cox regression analysis were used to analyse 
the correlations of age, gender, stage, and the risk score with prognosis. These clinicopathological features were then 
integrated with the risk score to construct a nomogram to improve clinical utility. The nomogram performance was also 
verified.

3 � Results

3.1 � Differences in the immune microenvironment between MVI + and MVI‑ patients

The dataset encompasses single-cell sequencing samples derived from five patients, including three MVI + and two 
MVI- cases, which were subjected to comprehensive analysis. Subsequent to data integration and batch effect correction 
(Supplementary Material 1), an extensive analytical procedure was implemented. Utilizing cellular clustering analysis, 
we identified 26 distinct clusters within the tumor microenvironment of both MVI + and MVI- samples (Fig. 1A). After 
automatic annotation by singleR, the contents of T cells, DCs, macrophages and monocytes among immune cells, not 
among all liver cells, were significantly different (Fig. 1B). Data quality control is provided in Supplementary Materials 2. 
The expression of various immune cell marker genes is shown in Supplementary Materials 3.

3.2 � ER‑phagy REGs and T cells

After the T-cell data were extracted, 10 clusters were obtained when the subgroups were subdivided (Fig. 2A and B), and 
the number of these clusters varied among samples with different MVI conditions (Fig. 2C). After marker gene annota-
tion [21], CD8 + effector T cells, CD4 + memory T cells, CD4 + Tfh cells, CD4 + effector T cells, γδ T cells and CD8 + naive T 
cells were identified (Fig. 2D). There were also differences in the numbers of these cells between MVI- and MVI + patients 
(Fig. 2E). The ebi-a-GCST90001603 label was obtained after T cells were retrieved from the GWAS database, which contains 
information on a total of 3653 samples containing 15,195,758 SNPs. A study with Mendelian randomization analysis of 
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ER-phagy REGs revealed that a total of 8 genes have a causal relationship with the number of T cells (Fig. 3). The results 
of the cell communication analysis suggested that there were also differences among the different samples. CD8 effector 
T cell interacted with macrophages, monocytes, Endothelial cell, DC and other CD8 effector T cells in MVI- microenviron-
ment (Fig. 4A), and it was most closely associated with macrophages with 13 ligand-receptor sites and least associated 
with DC with 4 ligand-receptor sites (Fig. 4B). CD8 effector T cell interacted more closely with CD4 + T cells and B cells in 
MVI + microenvironment (Fig. 4C), and it has six receptor ligand binding sites with CD4 + Tfh, four with CD4 + memory T 
cell, and two with B cell (Fig. 4D). Subsequent single-cell analysis showed that RPS5 was positively correlated with the 
contents of CD4 + Tfh cells, CD4 + memory T cells and CD8 + effector T cells (Fig. 4E, F and J); GNAS was negatively cor-
related with the content of CD4 + effector T cells and positively correlated with that of CD8 + effector T cells (Fig. 4G and 
K); RSRC2 and FOXK2 were negatively correlated with the content of CD4 + memory T cells (Fig. 4H and I); and ATG10 was 
positively correlated with the content of CD8 + effector T cells (Fig. 4L).

3.3 � ER‑phagy REGs and macrophages

There is no label directly related to the number of macrophages in the GWAS database, only the labels of Macrophage 
receptor MARCO levels (ebi-a-GCST90010150, 1,301 samples, 18,166,693 SNPs) and macrophage mannose receptor 1 
(prot-a-1937,3,301 samples, 10,534,735 SNPs). These two types of data and the eQTL data of the ER-phagy genes were 
analysed via Mendelian randomization, and a total of 18 causally associated genes were obtained (Fig. 5A and B). The 
macrophages in the HCC microenvironment can be further divided into 9 clusters (Fig. 6A). According to the annotation 
of marker genes provided in the literature [22–25], four types of cells, FOLR2 + macrophage, TREM2 + SPP1 + macrophage, 
Kupffer cell, and MT1G + macrophage, were distinguished, and their contents in MVI + and MVI- samples were significantly 

Fig. 1   Microenvironmen-
tal differences between 
MVI + and MVI- samples. A 
The content of 26 clusters was 
correlated with the status of 
MVI. B The content of identi-
fied immune cells (T cells, DCs, 
macrophages and monocytes) 
differed between MVI + and 
MVI- samples
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different (Fig. 6B and C). The results of cell communication analysis suggested that FOLR2 + macrophage only did not 
interact with B cells in MVI- samples (Fig. 6D), while only did not interact with MT1G + macrophages in MVI + samples 
(Fig. 6F). Moreover, its effect on TREM2 + SPP1 + macrophages was strongest in both MVI- (Fig. 6E) and MVI + samples 
(Fig. 6G). The results after single cell analysis suggest that DMXL2 (P = 5.50e—05) (Fig. 6 H), PTEB (P = 7.04e—03) (Fig. 6 I), 
PSMB5 (P = 0.03) (Fig. 6 J), DOCK2 (P = 2.31e—03) (Fig. 6 K) and NMD3 (P = 0.03) (Fig. 6 L) were negatively correlated with 
FOLR2 + macrophages. And NDUFS2 (P = 0.03) (Fig. 6M), ASCC3 (P = 1.76e—03) (Fig. 6N) and CHAF1 (P = 0.03) (Fig. 6O) 
were positively correlated with the TREM2 + SPP1 + macrophage cell content.

Fig. 2   Distribution of T cell types in the HCC microenvironment. A Presentation of each cell type in all HCC samples. B T cell data were fur-
ther divided into 10 clusters after extraction. C Ten clusters showed differences in content in 3 MVI + samples and 2 MVI- samples. D T cell 
subsets are CD8 effector T cell, CD4 + memory T cell, CD4 + Tfh, CD4 + effector T cell, γδ T cell and CD8 + naive T cell. E Changes in the number 
of 6 T cell subsets existed in the MVI + samples relative to the MVI- samples
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3.4 � ER‑phagy REGs and monocytes

The monocytes were searched in the GWAS database to obtain the label ebi-a-GCST90018967, which corresponds to 
information on 349,856 samples and 19,052,644 SNPs. A total of 28 causally related genes were obtained via Mendelian 
randomization analysis (Fig. 7). The monocyte data were divided into seven clusters (Fig. 8A). Further annotation revealed 
three conventional subgroups (classical, intermediate, and nonclassical) [26–29] and CD14 (low), CD16 (low), CD11c (low), 
CD14 (low), CD16 (low), and CD11c (bright) special subgroups (Fig. 8B). There were some differences in the content of 
these cells between the MVI + samples and the MVI- samples (Fig. 8C). Monocyte subsets did not interact with B cells 
only in MVI- samples (Fig. 8D), and it was most closely associated with macrophages with 12 ligand-receptor sites and 
least associated with Hepatocytes with 1 ligand-receptor sites (Fig. 8E). Monocyte subsets interacted with all other cells 
identified in the MVI + sample (Fig. 8F), and it was most closely associated with intermediate monocyte with 7 ligand-
receptor sites and least associated with Hepatocytes and T cell with 2 ligand-receptor sites (Fig. 8G). RPS5 (P = 2.54e–04) 
(Fig. 8H), NUCKS1 (P = 2.14e–11) (Fig. 8I), RPS5 (P = 2.54e–04) (Fig. 8J), EI24 (P = 9.45e–04) (Fig. 8K), DFFA (P = 0.01) (Fig. 8L), 
and CHAF1A (P = 0.04) (Fig. 8M) were positively correlated with classical monocyte. EPG5 was negatively correlated with 
classical monocyte (P = 0.03) (Fig. 8N). MRPL16 (P = 5.30e–04) (Fig. 8O), RPS5 (P = 1.01e–24) (Fig. 8Q) and TARS2 (P = 0.03) 
(Fig. 8R) were negatively correlated with CD14(low)-CD16(low)-CD11c(bright) monocyte. RAB5C was positively correlated 
with CD14(low)-CD16(low)-CD11c(bright) monocyte (P = 9.34e—04) (Fig. 8P).

3.5 � ER‑phagy REGs and DCs

After searching DC data, the label ebi-a-GCST90001458 was obtained, with information on a total of 3387 samples 
containing 15,136,664 SNPs. Five genes correlated with the absolute count of myeloid dendritic cell and four genes cor-
related with the absolute count of plasmacytoid dendritic cells were identified via Mendelian randomization analysis 
(Fig. 9A and B). The DC subgroup data were reclustered, and 9 clusters were obtained (Fig. 10A). The distribution patterns 

Fig. 3   Results of Mendelian randomization analysis of ER-phagy REGs and total number of T cells in blood
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of these cellular clusters demonstrate significant heterogeneity among distinct HCC specimens (Fig. 10B). DC-c3-CLEC9A 
and DC-c4-LAMP3 were obtained after annotation on the basis of marker genes in previous literature [22, 30–32]. These 
cells differed in content between MVI + and MVI- patients (Fig. 10C and D). In addition, DC-c4-LAMP3 interact closely with 
B cells in MVI + patients, whereas DC-c4-LAMP3 interact closely with hepatocytes in MVI- patients (Fig. 10E, F, G and H). 
UBE2J1 was positively correlated with DC-c4-LAMP3 levels (P = 0.02) (Fig. 10I) in the tumour microenvironment. All the 
above genes are shown in Table 1 for correlation.

3.6 � ER‑phagy REGs and HCC

The GWAS search label for hepatocellular carcinoma was bbj-a-158, and information was available on 197,611 samples 
and 8,885,115 SNPs. Six genes with causal relationships with HCC were obtained via Mendelian randomization analysis, 
and the P values of the reverse analysis were all greater than 0.05 (Fig. 11A and B). Among these genes, five were identified 

Fig. 4   Cellular communication changes and validation of causal genes in T cells. A Network diagram of the associated interactions between 
T cell subsets and other cells in MVI- samples. B Ligand-receptor sites information for interactions between T cell subsets and with other 
cells in MVI- samples. C Network diagram of the associated interactions between T cell subsets and other cells in MVI + samples. D Ligand-
receptor sites information for interactions between T cell subsets and with other cells in MVI + samples. F RPS5 was positively correlated 
with CD4 + memory T cell content. G GNAS was negatively correlated with CD4 + effectorT cell content. H RSRC2 was negatively correlated 
with CD4 + memory T cell content. I FOXK2 was negatively correlated with CD4 + memory T cell content. (J) RPS5 was positively correlated 
with CD8 effector T cell content. K GNAS was positively correlated with CD8 effector T cell content. L ATG10 was positively correlated with 
CD8 effector T cell content
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Fig. 5   Results of Mendelian randomization analysis of ER-phagy REGs and macrophage in blood. A Macrophage receptor MARCO levels and 
ER-phagy REGs. B Macrophage mannose receptor 1 and ER-phagy REGs
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in the GEPIA database as having survival-related correlations, among which three demonstrated statistically significant 
associations between their expression levels and patient prognosis (Fig. 11C). The genes delineated in Table 1 facilitate 
the stratification of 377 HCC patient samples obtained from the TCGA database into two distinct molecular subgroups, 
as demonstrated in Fig. 12A. There were significant differences in survival time (Fig. 12B), gene expression and clinico-
pathological features (T, N, M, stage, grade, gender, and age) between the two groups (Fig. 12C).

3.7 � Accuracy and performance of the prognostic model

The gene expression and clinical data of 273 HCC samples from an Asian population were obtained from the ICGC. These 
data and differential gene expression data of the TCGA clustering group were used to perform univariate Cox analysis, and 

Fig. 6   Changes in cellular content and interactions, and validation of causal genes in Macrophage. A Nine clusters of cells identified 
as macrophages were extracted. B Annotation of macrophage subsets. C Comparison of the proportions of each macrophage subset in 
different MVI states. D Network diagram of the associated interactions between macrophage subsets and other cells in MVI- samples. E 
Ligand-receptor sites information for interactions between macrophage subsets and with other cells in MVI- samples. F Network diagram 
of the associated interactions between macrophage subsets and other cells in MVI + samples. G Ligand-receptor sites information for inter-
actions between macrophage subsets and with other cells in MVI + samples. H DMXL2, I PTEB, (J) PSMB5, (K) DOCK2 and (L) NMD3 were 
negatively correlated with the FOLR2 + macrophage cell content. M NDUFS2, (N) ASCC3 and (O) CHAF1 were positively correlated with the 
TREM2 + SPP1 + macrophage cell content
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Fig. 7   Results of Mendelian randomization analysis of ER-phagy REGs and total number of monocytes in blood
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a total of 338 genes were found to be associated with prognosis (Supplementary Material 4). These genes were subjected 
to further screening via LASSO regression analysis (Fig. 13A and B). Multivariate Cox proportional hazards regression 
analysis of these genes was then performed to obtain coefficients (Table 2). Using TCGA data as the training set, the 
HCC patients were divided into a high-risk group and a low-risk group on the basis of the calculated risk score, and the 
survival time was different between the groups (p < 0.001) (Fig. 13C). The AUC values for 1-, 3- and 4-year survival in the 
training dataset were 0.794, 0.744 and 0.745, respectively (Fig. 13E). Similar results were obtained with the ICGC test data, 
and there was a difference in survival time between the high-risk group and the low-risk group (p < 0.001) (Fig. 13D). The 
AUC values for 1-, 3-, and 4-year survival were 0.760, 0.737 and 0.732, respectively (Fig. 13F).

3.8 � 3.8 Analysis of relationships between clinicopathological features and the risk score and construction 
of a nomogram

Univariate Cox analysis of the relationships between the risk score and clinicopathological characteristics (including 
age, gender, grade, and stage) in the training set suggested that stage (p < 0.001, HR = 1.672, 95% CI [1.354–2.064]) and 
the risk score (p < 0.001, HR = 3.829, 95% CI [2.775–5.283]) were associated with survival (Fig. 13G); the multivariate Cox 
analysis results suggested that stage (p = 0.006, HR = 1.374, 95% CI [1.098–1.719]) and the risk score (p < 0.001, HR = 3.347, 
95% CI [2.387–4.693]) were associated with survival (Fig. 13H). The nomogram incorporating these clinicopathological 
factors and the risk score was able to predict 1-, 3- and 4-year survival, as the predicted values were consistent with the 
actual results (Fig. 13I, J). Compared with the prognostic models in previous studies, the prediction performance was 
excellent [33–35] (Fig. 13K).

4 � Discussion

In this study, our objectives were to elucidate the disparities in the immune cell landscape and cellular interactions 
between MVI + and MVI- HCC patients, investigate the impact of ER-phagy REGs on HCC, and assess the prognostic 
significance of these effect genes. The methods used to study the differences in the distribution of immune cells were 
single-cell analysis of selected data from the GEO database, automatic annotation via software packages, and manual 
annotation of immune cell subpopulations using marker genes; we further differentiated between MVI- and MVI + sam-
ples and performed differential analysis of cell content. The study of the influence of genes on HCC was conducted from 
two aspects. The first aspect pertains to the direct impact on HCC. Causal genes were identified through Mendelian ran-
domization analysis, along with the relationship between gene expression and prognosis. The second aspect involved 
identifying causal genes associated with the proportion of immune cells in the blood using Mendelian randomization 
analysis within the GWAS database, followed by single-cell analysis to validate the effects of these genes on the content 
of immune cells in the HCC microenvironment. Consequently, these genes also lead to changes in the proportion of 
immune cells after affecting the function of ER-phagy following the emergence of MVI + tumors. Additionally, the analy-
sis of immune cell interaction between MVI + and MVI- revealed distinct characteristics for each. Finally, a model with 
exceptional predictive performance was developed by integrating data from public databases.

After complete data analysis, we found that the HLTF, RPS5, SHOC2, MS4A3, TMC4, and TRAPPC12 genes have a cer-
tain effect on the occurrence of HCC. Among them, the HLTF, RPS5 and SHOC genes increase the risk of HCC, whereas 
the MS4A3, TMC4 and TRAPPC12 genes reduce the risk of HCC (Fig. 11). Moreover, after reverse Mendelian randomiza-
tion analysis, the effects were found to occur in a single direction. Previous studies have shown that the HLTF gene can 
affect the proliferation and progression of liver cancer by acting on the p62/mTOR axis [36, 37]. RPS5 has also been 
investigated as a therapeutic target for liver cancer [38]. However, the mechanisms by which SHOC2, MS4A3, TMC4 and 

Fig. 8   Changes of macrophage types in the HCC microenvironment. A Seven clusters of cells identified as monocytes were extracted. B 
Distribution of monocyte subsets in different MVI states. C The proportion of the identified subpopulation cells in MVI + sample was signifi-
cantly different from that in MVI- sample. D Interactions between monocyte subsets and other cells in MVI- samples. E Ligand-receptor sites 
information for interactions between monocyte subsets and with other cells in MVI- samples. F Interactions between monocyte subsets 
and other cells in MVI + samples. G Ligand-receptor sites information for interactions between monocyte subsets and with other cells in 
MVI + samples. H RPS5, (I) NUCKS1, (J) NDUFS2, (K) EI24, (L) DFFA and (M) CHAF1A were positively correlated with the content of the classi-
cal subgroup cells. (N) EPG5 was negatively correlated with classical monocyte. (O) MRPL16 and (P) RPS5 were positively correlated with the 
content of CD14 (low) CD16 (low) CD11c (bright) subgroup cells. (Q) RPS5 was negatively correlated with CD14 (low) -CD16 (low) -CD11c 
(bright) monocyte. (R) TARS2 was negatively correlated with CD14 (low) -CD16 (low) -CD11c (bright) monocyte

▸
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TRAPPC12 affect liver cancer have not been clarified. The SHOC2-encoded protein functions as a crucial scaffold protein 
that facilitates the interaction between downstream signal transducers within the RAS/ERK MAP kinase signaling cascade. 
Perturbations in the RAS/ERK MAP pathway have been demonstrated to induce circadian rhythm dysregulation and 
hepatocarcinogenesis [39], suggesting that alterations in SHOC2 functionality may potentially contribute to hepatocar-
cinogenesis through this molecular pathway. MS4A3, a member of the tetraspanin superfamily, remains understudied 
in the context of solid tumors. Although MS4A3 has been shown to enhance chemosensitivity in lung cancer via the 
THAP1/EGFR pathway [40], its potential association with hepatocellular carcinoma warrants more comprehensive inves-
tigation. TMC4 has been implicated in nonalcoholic fatty liver disease (NAFLD), which is a well-established risk factor 
for hepatocellular carcinoma [41–43]. TRAPPC12, initially characterized as a mediator of ER-to-Golgi vesicular trafficking 
[44], remains to be fully elucidated in terms of its potential oncogenic functions.

The effects of immune cells on tumours are complex [45]. In this study, the role and influence of ER-phagy in liver 
cancer were further investigated by analysing the correlation between ER-phagy REGs and the contents of these immune 
cells. An association with ER-Phagy would require an increase in cell number accompanied by a decrease in the expres-
sion of positively regulated genes and an increase in the expression of negatively regulated genes by ER-Phagy. The 
opposite result was observed when the number of cells was reduced. In terms of T cells, CD4 + memory and CD8 + naive 
cell numbers were increased in MVI + samples, whereas other T-cell types were generally decreased (Fig. 2E). These find-
ings indicate that the levels of CD4 + memory T cells and CD8 + naive T cells exhibit a positive correlation with tumor 
MVI, characterized by suppressed intracellular ER-phagy and a proliferative state of immune cells. Conversely, other T cell 
subsets may demonstrate enhanced ER-phagy activity or undergo alternative forms of programmed cell death, resulting 
in their quantitative reduction. These observations potentially reflect the active participation of these immune cells in 
tumor progression resistance. Notably, such immune microenvironmental characteristics have been documented across 
various tumor types. For instance, CD4 + memory cell infiltration levels are higher in colon cancer tissues than in control 
normal tissues did [46]; a high enrichment score of CD4 + memory cells in breast cancer was found in more aggressive 
tissues [47]; and patients with a lower percentage of CD4 + memory resting T cells in gastric cancer tended to have a 
better prognosis [48]. As the content of CD8 + effector cells decrease, CD8 + naive cell activation and proliferation may 
be induced, but further studies are needed to confirm this phenomenon. In terms of cell communication, we found that 

Fig. 9   Results of Mendelian 
randomization analysis of ER-
phagy REGs and total number 
of DCs in blood. A Myeloid 
Dendritic Cell and ER-phagy 
REGs. B Plasmacytoid Den-
dritic Cell and ER-phagy REGs
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CD4 + T cells, CD8 + T cells and B cells interact more closely in MVI + samples (Fig. 4C), which suggests that the body has 
a comprehensive function of regulating the immune system to defend against tumour cells during tumour progression. 
As can be seen in Table 1, RPS5 in CD4 + Tfh cells, RSRC2 and FOXK2 in CD4 + memory T cells, RPS5 in CD8 + effector T 
cells, GNAS in CD4 + effector T cells fit the logical association described previously. This suggests that these genes may 
be the main regulatory genes in the development of ER-phagy in these immune cells. Among them, RPS5 has been 
confirmed to be correlated with CD8 + T-cell infiltration (44). GNAS-PKA signalling is a pancancer carcinogenic pathway 
that inhibits the antitumour T-cell response [49]. ATG10 can be used as the core gene of CD8 + T-cell failure to predict 
the prognosis of liver cancer [50]. However, the relationships among RSRC2, FOXK2 and T cells have not been published 
thus far. For macrophages, the macrophage clusters in this study were divided into four subgroups by referring to the 
latest literature on subgroup classification. The MVI + samples exhibited elevated levels of FOLR2 + macrophages and 
TREM2 + SPP1 + macrophages. TREM2 + SPP1 + macrophages secreted SPP1, which activated cancer-associated fibroblasts 
(CAFs) and induced extracellular matrix (ECM) remodeling, thereby establishing a physical barrier that facilitated tumor 
cell invasion and promoted microvascular invasion [51]. Conversely, FOLR2 + macrophages were predominantly local-
ized around tumor blood vessels and secreted vascular stabilizing factors (e.g., CXCL10 and ANGPT1), which inhibited 
abnormal vascular proliferation and leakage, thereby reducing the likelihood of tumor cell invasion through compromised 
blood vessels. Given their opposing effects on MVI, these two macrophage populations mutually inhibit and interact 

Fig. 10   Changes in cellular content and interactions, and validation of causal genes in DCs. A Nine clusters of cells identified as DC were 
extracted. B Distribution of clusters in different MVI samples. C Annotation of DC cell subsets. D Distribution of DC subsets in different MVI 
states. E Interactions between DC subsets and other cells in MVI- samples. F Ligand-receptor sites information for interactions between 
DC subsets and with other cells in MVI- samples. G Interactions between DC subsets and other cells in MVI + samples. H Ligand-receptor 
sites information for interactions between DC subsets and with other cells in MVI + samples. I UBE2J1 was positively correlated with DC-
c4-LAMP3 cell content
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with each other during the MVI process, resulting in the most robust cellular interactions In terms of monocytes, CD14 
(low) CD16 (low)—CD11c (bright) cells were more abundant in MVI + samples; compared with classical types, subgroup 
interactions occur more closely among these cells. CD14 and CD16 are important cell markers for distinguishing the dif-
ferent morphologies of monocytes. There are three subtypes: CD14 +  + CDI6- (classical), CD14 +  + CD16 + (intermediate) 
and CD14 + CD16 +  + (nonclassical). Cells with low expression of both CD14 and CD16 (FCGR3A) were found in this study, 
which could be further distinguished by high and low expression of CD11c. The expression of CD11c (ITGAX) is usually 
seen in “intermediate”, which suggests that CD14 (low) -CD16 (low) -CD11c (bright) cell might be intermediate with spe-
cial morphology and CD14 (low) -CD16 (low) -CD11c (low) cells might be the other two types with special morphology. 
This needs to be confirmed by further experimental research. Among the two identified dendritic cell (DC) subsets, DC-
C3-CLEC9a exhibits a significant reduction in MVI + cases. As a pivotal subset responsible for cross-presenting antigens, 
it potentially enhances anti-tumor immune responses through the activation of CD8⁺ T cells. The diminution of this 
subset may attenuate anti-tumor T cell activity, thereby indirectly contributing to the development of MVI. Conversely, 
LAMP3 + DCs, which potentially impair anti-tumor immune responses by mediating immunosuppressive signals (e.g., 
PD-L1/IL-10) to establish a tumor-promoting microenvironment [22], demonstrate an increased presence in MVI + cases, 
consistent with established theoretical frameworks. Furthermore, ER-phagy regulatory genes, which influence these 
cellular alterations, warrant further investigation as potential therapeutic targets. In the future, flow cytometry, qRT-PCR 
and other methods will be carried out to verify these genes more comprehensively.

Table 1   Potential correlation 
between altered cellular 
content and the regulation of 
ER-phagy

P Positive correlation with cell content; N Negative correlation with cell content

Cell Content(MVI +) Causal asso-
ciation Gene

Gene Function (Knockdown) 18

CD4 + Tfh cell Decrease RPS5 (P) Enhances ER-phagy
CD4 + memory T cell Increase RPS5(P) /

RSRC2(N) Enhances ER-phagy
FOXK2(N) Enhances ER-phagy

CD8 + effector T cell Decrease RPS5(P) /
GNAS(P) Represses ER-phagy
ATG10(P) Represses ER-phagy

CD4 + effector T cell Decrease GNAS(N) /
FOLR2 + macrophage Increase DOCK2(N) Enhances ER-phagy

NMD3(N) Enhances ER-phagy
PREB(N) Represses ER-phagy
PSMB5(N) Represses ER-phagy
DMXL2(N) Enhances ER-phagy

TREM2 + SPP1 + macrophage Increase CHAF1A(P) Represses ER-phagy
NDUFS2(P) Represses ER-phagy
ASCC3(P)

Classical Decrease RPS5(P) /
NUCKS1(P) Enhances ER-phagy
NDUFS2(P) /
EI24(P) Represses ER-phagy
DFFA(P) Represses ER-phagy
CHAF1A(P) /
EPG5(N) Represses ER-phagy

CD14 (low) CD16 (low) CD11c (bright) Increase MRPL16(N) Represses ER-phagy
RAB5C(P) Represses ER-phagy
RPS5(N) /
TARS2(N) Represses ER-phagy

DC-c4-LAMP3 Increase UBE2J1(P) Enhances ER-phagy
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Fig. 11   Results of Mendelian randomization analysis of ER-phagy REGs and HCC. A Conventional Mendelian randomization analysis. B 
Reverse Mendelian randomization analysis. C Differences in survival time between high and low gene expression groups

Fig. 12   In-depth analysis of genes combined with database. A Two groups were obtained by gene cluster analysis of HCC data in TCGA data-
base. B Two groups were obtained by gene cluster analysis of HCC data in TCGA database (P < 0.001). C The clinicopathological features and 
expression levels of 30 genes were different between the two groups
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5 � Conclusion

We integrated various analytical methods, from causal relationship analysis to in-depth analysis of the microenvi-
ronment, and ultimately found that ER-phagy-related regulatory genes play important roles in liver cancer. We also 
distinguished the impact of these genes on liver cancer and immune cells. We subsequently used these impact 
genes to construct a model that can predict patient outcomes and the effectiveness of drug therapy. However, this 
study also has certain limitations; for example, the study did not involve experimental studies to elucidate the spe-
cific mechanisms of these genes. To address this limitation, we will integrate gene characteristics and resources for 
further in-depth research.

Fig. 13   Parameters and performance evaluation of prognostic models. A Cluster map of LASSO analysis of differentially expressed genes 
between groups. B Screening plot of prognostic factors from LASSO analysis. C Differences in survival time between risk score groups in the 
prognostic model in the TCGA database (P < 0.001). D Differences in survival time between risk score groups in the prognostic model in the 
ICGC database (P < 0.001). E Performance evaluation of prognostic model in TCGA database. F Performance evaluation of prognostic model 
in ICGC database. G Univariate COX analysis results of risk score, Stage, grade, gender, and age were obtained in TCGA database. H Results of 
multivariate COX analysis of risk score and Stage, in TCGA database. I Nomogram of risk score, Stage, grade, gender and age combinations. J 
Performance prediction of the nomogram. (K) Comparison of prediction performance with other models
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