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Development of a MVI associated
HCC prognostic model through
single cell transcriptomic analysis
and 101 machine learning
algorithms

Jiayi Zhang'3, Zheng Zhang'-3, Chenqing Yang??3, Qingguang Liu'*’ & Tao Song***

Hepatocellular carcinoma (HCC) is an exceedingly aggressive form of cancer that often carries a

poor prognosis, especially when it is complicated by the presence of microvascular invasion (MVI).
Identifying patients at high risk of MVl is crucial for personalized treatment strategies. Utilizing

the single-cell RNA-sequencing dataset (GSE242889) of HCC, we identified malignant cell subtypes
associated with microvascular invasion (MVI), in conjunction with the TCGA dataset, selected a set of
MViI-related genes (MRGs). We developed an optimal prognostic model comprising 11 genes (NOP16,
YIPF1, HMMR, NDC80, DYNLL1, CDC34, NLN, KHDRBS3, MEDS8, SLC35G2, RAB3B) based on MVI-
related signature genes by integrating single-cell transcriptomic analysis with 101 machine learning
algorithms. This model is meticulously crafted to forecast the prognosis of individuals afflicted with
hepatocellular carcinoma (HCC). Additionally, we affirmed the predictive precision and superiority

of our model through a meta-analysis against existing HCC models. Furthermore, we explored the
differences between high- and low-risk groups through mutation and immune infiltration analyses.
Lastly, we investigated immunotherapy responses and drug sensitivities between risk groups,
providing novel therapeutic insights for liver cancer.
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Liver cancer is the sixth most commonly diagnosed cancer and third most common cause of cancer-related
deaths globally. Hepatocellular carcinoma (HCC), which accounts for more than 80% of liver cancers, is among
the top three causes of cancer-related deaths in 46 countries and among the top five in 90 countries’. For patients
with HCC who undergo curative resection, vascular invasion (VI) is a significant risk factor for early recurrence
and poor prognosis. Microvascular infiltration (MVTI), in particular, is an early indicator of vascular invasion and
metastasis in HCC, and it is crucial for assessing the risk of recurrence and metastasis in HCC patients®. Hence,
a thorough investigation into the mechanisms behind the occurrence of MVI is imperative. Such research will
provide crucial insights that can inform and enhance clinical treatment strategies and patient management
approaches for those with hepatocellular carcinoma.

Existing research indicates a strong correlation between the invasive and metastatic behaviors of hepatocellular
carcinoma (HCC) and the surrounding tumor microenvironment (TME). This intricate relationship highlights
the significance of the TME in the progression of HCC?. Currently, the complexity of the tumor microenvironment
(TME) in hepatocellular carcinoma (HCC) is now well-established, with a diverse array of stromal cells, immune
cells, and cancerous elements interacting to shape this critical landscape. The resulting variability within and
between tumors creates substantial obstacles for the precise targeting of HCC, emphasizing the need to address
these heterogeneities in order to refine and personalize therapeutic approaches*. Thus, our research focused on
the characteristic of microvascular invasion (MVI), aiming to construct a prognostic model to predict patient
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survival and to compare the immune infiltration patterns in different high-risk groups, with the ultimate goal of
informing clinical treatment strategies.

Over the past few years, significant technological progress has unveiled the complexity of gene expression
within tumor tissues through the power of bulk transcriptomic sequencing®. High-throughput sequencing
techniques, most notably RNA sequencing (RNA-seq), have revolutionized our understanding by allowing for
the detailed examination of gene expression at a single-cell level through single-cell RNA sequencing (scRNA-
seq)®. By peering into the intricacies of individual tumor cells, we can gain a clearer understanding of the subtle
biological landscapes of cancer and develop targeted therapies that can address the disease’s diversity”.

Whole-genome expression profiling offers detailed insights into the diversity of diseases, which is invaluable
for disease diagnosis, prediction of treatment response, and prognosis evaluation. Numerous studies have
assessed the prognostic impact of array-based gene expression signatures derived from HCC tumors®. Previous
studies often utilized traditional modeling approaches to discover genetic signatures that can forecast the
likelihood of recurrence and/or death in patients with hepatocellular carcinoma (HCC)*!°. Yet, when compared
with these conventional methods, machine learning algorithms have demonstrated enhanced data fitting
capabilities and are progressively being integrated into biomedical research and applications!!. The integration of
diverse algorithms within the framework of stacking methodologies has proven to enhance predictive accuracy
significantly, showcasing an impressive performance in forecasting outcomes'?. In our study, we identified
differentially expressed genes from genomic and single-cell sequencing data. Utilizing 101-combination machine
learning algorithms, we constructed a prognostic model for liver cancer. To mitigate overfitting, we employed
a leave-one-out cross-validation (LOOCYV) framework. The resulting prognostic model not only demonstrated
robust predictive power but also held significant implications for clinical decision-making.

Results

Differential gene identification

We initiated our analysis by preprocessing TCGA data, employing a Log2 (TPM + 1) transformation to normalize
the data (Fig. 1A). Subsequently, we conducted a differential analysis between tumor samples from MVI-positive
patients and their corresponding normal adjacent tissues. Utilizing the criteria of |logFC|>1 and p<0.05, we
identified 3183 upregulated genes and 653 downregulated genes. We then selected the upregulated genes (DEGs)
specific to MVI tumor samples for further analysis.

We meticulously preprocessed the single-cell data from the GSE242889 dataset, applying appropriate quality
thresholds to filter out and retain only high quality data (Supplementary Figure S1A, B). To mitigate batch
effects, we employed the Harmony algorithm to integrate samples. Utilizing the “clustree” tool, we analyzed cell
clustering at various resolutions and identified that at a resolution of 0.6, the cells were optimally segregated into
27 distinct clusters (Supplementary Figure S1C, D). In subsequent analyses, we disregarded less relevant clusters,
focusing on the 0-20 clusters. We then applied the t-SNE algorithm to dimensionally reduce and cluster sample
features, revealing the distribution of cells across different sample types. Figure 1B distinctly illustrates the clear
segregation of cell clusters between tumor samples associated with microvascular invasion (MVI) and those
not associated with MVI, particularly within clusters 7, 15, 18, and 20 of the t-SNE clustering (Supplementary
Figure S1E). Based on this, we designated these clusters as malignant cell groups related to MVI. Following
this, we meticulously annotated these cell groups using cell marker genes sourced from literature'> and the
Cellmarker database (Fig. 1C). Figure 1G depicts the expression patterns of these cell marker genes. With the
FindAllMarkers tool, we identified differentially expressed genes across various cell groups, filtering them based
on a criterion of [logFC|>1 and p <0.05. Figure 1D presents the differential genes for malignant cells related to
MVT, macrophages, hepatic stellate cells (HSC), and lymphocytes (B + T subgroups). Additionally, we calculated
the proportions of various cell groups in different samples, further confirming the presence of the majority of
MVI-related tumor cell groups in MVI-associated tumor samples (Fig. 1E, F). Ultimately, we extracted 4,119
highly expressed genes (MRMCGs) from the malignant cell groups related to MVT and intersected them with
3183 DEGs to derive the differentially expressed genes associated with MVI (MRGs) (Supplementary Figure
S1F).

Signaling pathway analysis

In our analysis of the GSE242889 dataset using the “CellChat” R package for cell communication, we focused on
the pathway enrichment between MVI-related malignant cells and other cellular subpopulations'*. We identified
significant interactions between MVI-associated malignant cells and hepatic stellate cells, particularly within the
PTN signaling pathway, where these cells exert considerable influence (Fig. 2A-D). PTN is known to regulate
angiogenesis by directly stimulating endothelial cells and indirectly by modulating the angiogenic effects of
Vascular Endothelial Growth Factor A (VEGF-A)'°. Extant literature documents the active role of the PTN
pathway in angiogenesis in various cancers, including breast cnacer'®, small cell lung cancer’, prostate cancer'?,
glioblastomalg, and colorectal cancer?’. However, its role in liver cancer has been less explored. Our innovative
single-cell data analysis reveals that MVI-related malignant cell subpopulations communicate significantly with
hepatic stellate cells through autocrine/paracrine signaling within the PTN pathway, a feature absent in non-
MVTI-related malignant cell subpopulations. This suggests that MVI-related malignant cells can regulate tumor
angiogenesis by interacting with stellate cells via the PTN pathway, offering new insights into the mechanisms
of liver cancer and potential therapeutic avenues.Furthermore, our analysis of MVI related genes (MRGs) using
KEGG and GSEA pathways identified significant enrichment in pathways related to DNA replication, base
excision repair, cell cycle regulation, and immunity (Fig. 2E-I). These findings provide a direction for our further
research endeavors.

Scientific Reports |

(2025) 15:7977 | https://doi.org/10.1038/s41598-025-91475-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A TCGA B

© Up @ Not sig Down

»
=)
1

ISNE_2

-Logyq (P value)

104

Log, (Fold Change)

GSE242889

1 Malignant MV

M Macrophage
M Malignant cell
bt 4 g ¢ M HSC

Log, (Fold Change)
Relative proportion(%)

Lymphocyte

Malignant MVI Macrophage ~ Malignant HSC Lymphocyte < <
o S
M
20 (X XJ ®
19 g ° e o 0@ o
18 c @@ - - -+ e e . . .
17 . e e e e e e e s e e R Y X
16 o . ® e s s e e e ‘ 8 o o o o
Percent Expr
15 PY X . £y ercent Expressed
14 . o . Y XX ° . -0
13 ° . * 25
12 @000 - - - - - - . . @) & ;gg
gn..-.... .
5101000000 o . Average Expression
T 9 . . © 000 e o - oo e e o0 o -
8 c@oe 000 - . 2
7 [ I X)) . . ° 1
6 000 o i
5 . 0 - 0
4 ° o0 - .
3 900000 -
2 B O )
1 oo ° (X ] o
0 00 -
XO<SOMIVA>PIMONOO0OOFEQRAX0000CQR2Id0052 53300 ®
Dogozm;xv—xvuococczﬂv—oruoc>oo>ﬂoooﬁgv—w4m
TRIO HI2QQREEINRIZIENEE 35 L IesCLEUR a8
L 4«.;55 B A2 BCJenzP33E"0a5xR
= . L]

Features

Fig. 1. (A) Volcano plot of differentially expressed genes in TCGA. (B) tSNE projection within each sample
origin. (C) tSNE showing 10 cell types. (D) Volcano plot of differentially expressed genes in malignant cell
related to MVI, macrophages, hepatic stellate cells (HSC), and lymphocytes versus other cells. (E) Proportion
of each cell type in every sample included NT (non-tumour sample) and T (tumour sample). (F) Proportion
of each cell type in MVI N (MVI + normal sample), MVI T (MVI + tumor sample), non-MVI T (MVI-normal
sample), non-MVI N (MVI-tumor sample). (G) Dotplot of marker genes for ten major lineages.

Construction, validation, and evaluation of the prognostic model

We initially employed LASSO regression analysis to perform dimensionality reduction on 267 MRGs,
culminating in the selection of 13 candidate genes for the construction of a prognostic model (Supplementary
Figure S1G). We then combined 101 combinations of 10 machine learning algorithms to independently screen
for key genes. The C-indices for these 101 models were calculated in the TCGA-LIHC training set and the
ICGC external validation set. The optimal model, Stepcox(forward) + RSF, demonstrated an average C-index
of 0.835 (Fig. 3A). This model encompasses 11 genes: NOP16, YIPF1, HMMR, NDC80, DYNLL1, CDC34,
NLN, KHDRBS3, MEDS8, SLC35G2, and RAB3B. The corresponding weights of each gene within the model
are detailed in Supplementary Table S4. We have conducted a comprehensive compilation of 38 published
hepatocellular carcinoma (HCC) prognostic prediction models. Compared to the C-indices of 38 published
HCC prognostic models, our selected risk model exhibited significant sensitivity and specificity in both the
training and validation sets (Fig. 3B and Supplementary Table S2). We also assessed the stability of the prognostic
predictions by comparing the AUC values at 1, 3, and 5 years (Fig. 3C). Based on the median risk score of the final
model, we stratified the patients into high-risk and low-risk groups and conducted survival analyses in both the
training and validation sets, revealing significant differences and indicating the poor prognosis associated with
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Fig. 2. (A) Predicted communications of the PTN signaling pathway between MVT related malignant cells
and other cells. (B) Circular diagram illustrating the cell-cell communications of 10 types of cells in the PTN
signaling pathway. (C,D) Heatmap and chord diagram of cell-cell communications in the PTN signaling
pathway. (E) KEGG pathway analysis of MRGs. (F-I) GSEA pathway analysis of MRGs.

the high-risk group (Fig. 3D-E). Lastly, we performed a meta-analysis using the univariate regression results of
the model genes in both the training and validation sets (Fig. 3F). The results indicated that the high-risk group’s
prognosis was significantly worse than that of the low-risk group, with a marked statistical difference. To further
substantiate our model’s credibility, we conducted the same analysis on 38 published models, and the results are
shown in Fig. 3G, demonstrating that the prognostic risk identified by our constructed model was substantially
higher than that of other models.

Gene mutation analysis

Previous studies have demonstrated that genetic mutations are often positively correlated with the malignancy of
tumors and significantly impact prognosis®!. Before, we enriched mutation-associated pathways through MRGs.
To evaluate the correlation between the model’s risk scores and genetic mutations, we conducted an analysis
of the frequency of genetic mutations in both high- and low-risk groups from the TCGA cohort. The results
were then presented visually using a waterfall plot (Fig. 4A). Furthermore, we examined the top 10 mutated
genes in both risk groups and found that the types and frequencies of these genes varied between the groups,
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Fig. 3. (A) C-index of different models constructed using 101 machine-learning algorithm combinations in
the TCGA training set and ICGC external validation set. (B) C-index comparison of the prognostic model
based on model genes and 38 published HCC prognostic models in the TCGA-LIHC training set and ICGC
external validation sets. (C) AUC values of TCGA training set and ICGC validation set at 1, 3, and 5 years. (D)
KM analysis between high- and low-risk groups in TCGA datasets. (E) KM analysis between high- and low-
risk groups in ICGC datasets. (F) Meta analysis of univariate cox regression in TCGA-LIHC training set and
ICGC external validation set. (G) Meta analysis of univariate cox regression of the prognostic model based on
model genes and 38 published HCC prognostic models in the TCGA-LIHC training set and ICGC validation

sets.

indicating that distinct mutational landscapes indeed exist between the high- and low-risk groups (Fig. 4B, C).
Lastly, we conducted an examination of the mutation types and single nucleotide variant (SNV) types within
the TCGA cohort, as well as different risk groups. This comprehensive assessment allowed us to reveal the
distinct mutational profiles associated with varying levels of risk. We observed that the high-risk group had a
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Fig. 4. (A) Waterfall diagram showed the top 30 genes with the highest mutation frequency in high and low
risk group. (B) Top 10 mutated genes in the high-risk cohort. (C) Top 10 mutated genes in the low-risk cohort.
(D) Mutation types and single nucleotide variant (SNV) types in the TCGA dataset.

higher number of mutations, a greater proportion of Frame-Shift Insertion Mutations, and a higher ratio of T-A
mutations compared to the low-risk group (Fig. 4D and Supplementary Figure STH-I).

TIDE score and immune checkpoint analysis

Previous studies have demonstrated that elevated TIDE scores correlate with an increased risk of tumor immune
evasion and a diminished efficacy of immune checkpoint inhibitors. By leveraging the TIDE algorithm to
analyze datasets from TCGA and ICGC, we observed significantly higher TIDE scores in the high-risk group
as opposed to the low-risk group, with a pronounced statistical distinction (Fig. 5A, E). We also calculated
scores for immune therapy (SPONDER), T cell exclusion (EXCLUSION), and myeloid-derived suppressor
cells (MDSC) using the TIDE algorithm for both risk categories, uncovering substantial statistical differences
(Fig. 5B-D, F-H). Moreover, our examination of immune checkpoint gene expression levels revealed that the
high-risk group had significantly elevated levels, as depicted in Fig. 5I. Collectively, these results imply that
individuals in the high-risk group are likely to experience more pronounced immune evasion, which could

result in less favorable outcomes with immunotherapeutic approaches.
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Fig. 5. (A-D) The TIDE scores, immune therapy scores (SPONDER), T cell exclusion scores (EXCLUSION),
and myeloid-derived suppressor cell scores (MDSC) for the high-risk and low-risk groups within the TCGA
dataset. (E-H) The TIDE scores, immune therapy scores (SPONDER), T cell exclusion scores (EXCLUSION),
and myeloid-derived suppressor cell scores (MDSC) for the high-risk and low-risk groups within the ICGC
dataset. (I) Differential expression of immune checkpoints in high-risk and low-risk groups within the TCGA
dataset.

Model gene analysis of risk factors, co-expression, and correlation

In order to assess the dependability of our model, we analyzed individually the 11 genes that were instrumental in
the development of the definitive risk model and determined that each of these genes possessed a notable ability to
predict patient outcomes (Fig. 6A and Supplementary Figure S2A-K). Additionally, the expression of these genes
shows significant statistical differences between liver cancer tumors and normal tissues, all of which suggest that
the 11 genes play an important role in the development and progression of liver cancer (Supplementary Figure
S3A, B, Figure S4A-K and Figure S5). We then examined the co-expression and correlation between these model
genes and the mutation-associated genes TP53, CTNNBI1, and DNAH7. Our findings revealed a significant link
between the elevated expression of the model genes and the heightened expression of the mutated genes, thereby
reinforcing the connection between genetic mutations and an elevated risk of poor prognosis in liver cancer
(Fig. 6B-E). In further analysis, we explored the relationship between the model genes and immune checkpoint
genes, identifying a pattern where increased expression of the model genes coincided with increased expression
of immune checkpoints (Fig. 6F).

Analysis of immune infiltration

Moving forward, we sought to delve deeper into the disparities of immune cell infiltration between the high-
risk and low-risk cohorts as stratified by our ultimate prognostic model. Utilizing the ssGSEA algorithm??, we
assessed the correlation between the model genes and a panel of 24 immune cell types?, noting a consistent
pattern of correlation among different model genes with respect to the same immune cells. Our analysis revealed
an inverse relationship between the majority of model genes and anti-tumor immune cells (B cells, CD8 T cells,
DC cells; NK cells, Th17 cells), while an opposite trend was observed with pro-tumor immune cells (Th2 cells)
(Fig. 7A)**%. Furthermore, through ssGSEA analysis of immune cell activation, it became evident that the low-
risk group exhibited more favorable scores in the activation processes of the majority of immune cells (Fig. 7B).
Consequently, we postulate that the low-risk group, as identified by our model, is characterized by a more potent
anti-tumor immune milieu, in contrast to the high-risk group, which appears to harbor a more pronounced
immune-evasion microenvironment.

Scientific Reports |

(2025) 15:7977 | https://doi.org/10.1038/s41598-025-91475-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

>

. B

o 80 T
3 60 Risk Group oS 5
% w0 ° Low ol 4 & 1ow
5 o High £< 5 o High
x 20 g“" 2
& som — NOP16 \ W
5 2000 {0 o alive YIPF1 | T O )
% 1000 o o ldesd HuR | 1| | | 1 1
O npcso ||| ‘ [
I L Z-score
SLlég?ég i ‘\y‘ DYNLL i | ‘ | K
wone Y g R TR
NLN il [ . 2 v [ l I ALY
cDC34 01 LM g | 0 KHDRBS3 | ‘ I | [ 2'5
DYNLL1 | \ \ 2 |
NDC80 [ H o2 MED8 ‘ ‘ ‘ HH ‘
HMMR | ‘ 0N | =8 SLC35G2 | | | “
YIPF1 | | LY i Il I\‘ |
NOP15 0 RAB38 || TR \
< 3 o 10 ;
o= ~3 075
2E ¢ o 3E os0 e
o § 4 a é‘,‘ 0.25 /
33
weese (I NI 1 “orre [TTITRITN T
ol [l 1] \ hit (I ‘ YIPF1 | ] M \
HMMR | |
oo A1 Hil ... et 11 AN ...
DYNLL1 L UER | W25 DYNLL1 Il mas
CDSS:‘ I 1 | i i cDC34 |‘ | | ’ |‘ ‘ i 00
N (| |
KHDRBS3 | | | I i = -2 KHDRBS3 | (AR (i ==
MEDS 0100 [ T MEDS | il 11110
SLC35G2 0 S0 A | SLC35G2 I
RAB3B 11 | | RAB3B (I Il ‘
o B R T o .* 0 -
CTNNB1 kk [hkk | ko [*kk| * * CD276 [RRE[***]
o S e CEmCu .
oo = ) . = .
p<005 b i e e
YIPF1 B[ pcoor Tyl & . R oo
HMMR | ** kit kil wep<ooor TNFSFIB = *p<00t
NDC80 g gl . v T\’:TFCS:? ] +p <0001
DYNLL [F¥k [*kx ek | xx ek ;2 L(}L::z; :: R g.;g
CDC34 | ** = e Nor1a [iES]E = W
i [ o [y i ey g o
-0.5 L £ * Peww| * | * 0
KHDRBS3 * | wx [wwn o e ey kek wox [ % fewx| W o NOCRQ o [ T
. oYL
wicos B = P e et o o o - =5
e o -
Sioaes ok [ [k [k | [ | e [ > o - o pET mE
RAB3B | * | * [*** ] = oo - - T ‘H.i‘: e
FEL ELEP S PSP PP T T Y T
RPN ARG S &S @é& “‘%&"’ & SSE S &2%% 7 @{,«&\@ SFF S E SIS iﬁ“ife‘*&

Fig. 6. (A) Risk factor plot of the 11 model genes. (B-D) Co-expression analysis between the model genes
and the mutation-associated gene TP53, CTNNBI and DNAH?Y. (E) Correlation analysis between the model
genes and the mutation-associated genes. (F) Correlation analysis between the model genes and the immune
checkpoint genes.

Continuing our investigation with the CIBERSORT algorithm, we determined the relative proportions of
various immune cells within the high-risk and low-risk group (Fig. 8A, B). Notably, the high-risk group exhibited
a pronounced increase in the proportion of tumor-associated macrophage M2 cells, in contrast to the low-risk
group (Fig. 8C). Conversely, the representation of anti-tumor immune-related lymphocytes (encompassing naive
B cells, memory B cells, plasma cells, CD8 T cells, and various subsets of CD4 T cells, as well as both resting and
activated NK cells) was significantly reduced in the high-risk group (Fig. 8D). This observation serves to further
substantiate the conclusions we have drawn regarding the immune microenvironmental disparities between the
high-risk and low-risk groups.

Analysis of clinic and treatment

In our quest to apply the risk stratification from our model to clinical practice, we began by evaluating the
variances in tumor stage distribution between the high-risk and low-risk groups (Fig. 8E). Following this, we
determined the Immunotherapy Sensitivity Score (IPS) and the IC50 values for both risk groups in the TCGA-
LIHC dataset. Notably, the low-risk group showed a superior response to immunotherapeutic interventions
(Fig. 8F), whereas the high-risk group was more receptive to chemotherapy regimens (Fig. 8G-K), offering
valuable insights for clinical treatment strategies. We hypothesize that these observations might be linked to the
high-risk group’s immune evasion mechanisms and an increased mutational frequency.

Discussion
The incidence rate of hepatocellular carcinoma is among the top ten globally, and it is still one of the malignant
tumors with the highest mortality rates?. Predicting the survival of patients with liver cancer can promptly
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Fig. 7. (A) ssGSEA analysis of the correlation between model genes and 24 types of immune cells. (B)

Differences in immune-related processes scores between high-risk and low-risk groups as analyzed by ssGSEA.

and effectively identify those at high risk of poor prognosis, allowing for early comprehensive monitoring. This
is beneficial for guiding clinical decisions and thereby improving the overall prognosis of patients with liver
cancer?’. Previous research has often developed prognostic models for liver cancer that rely heavily on a single
algorithm, primarily based on transcriptomic data®®. These studies typically focus on categorizing patients
into groups with differing prognoses and exploring the clinical characteristics of these groups. However, they
frequently fall short of investigating the underlying reasons for these differences, which limits their practical

application in clinical settings.

Microvascular invasion (MVI) has been established as an independent risk factor for recurrence and

metastasis in patients with hepatocellular carcinoma (HCC), significantly correlating with their prognosis

recent years, an increasing number of studies have emphasized the pivotal role of MVT in guiding the treatment
of liver cancer’!, with its prognostic predictive ability even surpassing the widely recognized Milan criteria®.
Our research integrates single-cell data with transcriptomic data, focusing on the clinical characteristic of
microvascular invasion, to identify MVI-associated genes. By employing 101 distinct machine learning methods,
we have established a prognostic model for liver cancer and developed a scoring system to assess the risk of poor

prognosis in patients with HCC.

In this study, we initially defined a malignancy-related cell subset associated with microvascular invasion
(MVI) in single-cell data and identified 3,852 differentially expressed genes (MRMCGs) with high expression
levels. Through cell-cell communication analysis, we discovered that this subset primarily interacts with the
hepatic stellate cells through the PTN pathway, which is crucial for tumor angiogenesis. Subsequently, we
conducted a differential analysis between tumor samples from MVI-positive patients in the TCGA dataset and
all adjacent normal samples, identifying 2916 highly expressed genes (MRGs). We then found the intersection
of MRMCGs and MRGs to obtain MVI-DEGs, which were used to construct a prognostic model. By employing
KEGG and GSEA analyses, we revealed that these intersecting genes are predominantly enriched in pathways
related to liver cancer metastasis (p53 signaling pathway

)33

, genetic mutations, and immune responses (AMPK
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Fig. 8. (A) Barplot of immune cell proportions calculated by the CIBERSORT algorithm for the high-risk
group in TCGA. (B) Barplot of immune cell proportions calculated by the CIBERSORT algorithm for the low-
risk group in TCGA. (C) The difference in M2 cell proportions between high-risk and low-risk groups. (D) The
difference in lymphocyte proportions between high-risk and low-risk groups. (E) Comparison of clinical stage
differences between high-risk and low-risk groups. (F) Analysis of the difference in immunophenotype score
(IPS) between high-risk and low-risk groups. (G-K) Drug sensitivity analysis between high-risk and low-risk
groups.

signaling pathway)*!. Accordingly, we subsequently focused our analysis on the mutational and immunological
characteristics of the high- and low-risk groups stratified by the prognostic model.

Through the application of a diverse array of 101 machine learning strategies, we successfully identified
an optimal analytical model for our prognostic study®. The refined selection process led us to pinpoint 11
key model genes—NOP16, YIPF1, RAB3B, SLC35G2, MED8, KHDRBS3, NLN, CDC34, DYNLL1, NDC80,
and HMMR—that form the backbone of our predictive model. Existing literature has confirmed through
experimental evidence that genes such as RAB3B¢, MED8*’, KHDRBS3%, CDC34%*, DYNLL1’, NDC80*!, and
HMMR*? play pivotal roles in the initiation and progression of liver cancer. Moreover, the significance of genes
like SLC35G2* and NLN* in prognosis prediction has been extensively documented in the literature.

The efficacy of our model surpasses that of 38 previously published models, showcasing a marked
improvement in predictive power. In addition to their collective impact, each of these model genes has been
shown to independently predict the prognosis of liver cancer, providing a robust foundation for our model use
as standalone prognostic indicators.
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Mutational profiling has proven instrumental in elucidating the character and etiology of mutations present
in different types of cancer, which in turn refines clinical decision-making®. High-frequency mutations, in
particular, are significantly correlated with the propensity for tumor invasion, likelihood of recurrence, and
potential for metastasis, making them critical factors in the overall prognosis for cancer patients®!. Studies have
shown that the development of cancer is intricately linked to its multifaceted tissue context, which it relies
on for continuous growth, invasion, and spread‘“’. Within the tumor microenvironment, a complex array
of cells, including macrophages and fibroblasts associated with the tumor, along with immune cells, exert a
substantial influence on the advancement, invasiveness, and dispersion of cancer through the secretion of a
spectrum of cytokines and metabolic factors*’. In summary, these differential characteristics can lead to distinct
prognostic features. To elucidate the disparities within our model’s stratification to inform treatment strategies,
we sequentially undertook analyses focusing on mutations, immune profiles, and treatment-related factors.
We observed a higher frequency of genetic mutations in the high-risk prognosis group, with a significant
proportion of frameshift mutations and T-A transitions. Through immunological analyses, we found that the
low-risk group exhibited stronger antitumor immunity and better response to immunotherapy. In contrast,
the high-risk group showed more pronounced immune tolerance characteristics and performed poorly under
immunotherapy. Finally, we performed drug sensitivity analysis by calculating the IC50 values, identifying five
potential therapeutic drugs that may improve prognosis for patients in the high-risk group.

In summary, we have developed and validated a prognostic model for hepatocellular carcinoma patients by
integrating various machine learning methods and calculating risk scores for different patients. This scoring
system can serve as an independent prognostic indicator with good reliability and accuracy. However, our study
inevitably has some limitations. Firstly, the classification of MVI-related malignant cells in the single-cell dataset
is relatively coarse, based solely on the spatial distribution of different sample groups from t-SNE analysis results.
Therefore, it may include some malignant cells that are not related to MVI. Secondly, our primary data sources
are the TCGA and ICGC datasets. While the predictive models established based on these two datasets have
demonstrated superior predictive capabilities, there is still a need to expand the sample size. Moreover, we lack
further in vivo or in vitro functional experiments to explore the underlying molecular mechanisms of the model
genes we have identified.

Materials and methods

Data sources

We accessed a comprehensive RNA-sequencing dataset, clinical information and somatic mutation data from
the TCGA-LIHC, which obtained directly from the TCGA data repository. (http://tcga.cancer.gov/; November
19, 2023). We utilized single-cell sequencing data from the GSE242889 dataset, which is accessible within the
GEO database (https://www.ncbi.nlm.nih.gov/geo/). We have been granted access to download data from the
ICGC repository and have obtained the ICGC-LIRI-JP dataset, encompassing RNA sequencing profiles and
associated clinical data (https://dcc.icgc.org/). The IPS analysis data was downloaded from the TCIA website
(https://tcia.at/home).

Data processing

Within the TCGA-LIHC and ICGC-LIRI-JP dataset, the raw count data extracted from the project served as
the foundation for our differential expression analysis. In contrast, for all other analytical pursuits, we relied on
the Log2 (TPM + 1) transformed data, ensuring a more accurate and comprehensive exploration of the genetic
expressions under study.We employed the “Seurat” R package?® to process 10 x single-cell transcriptomic data.
The quality control parameters for the scRNA-seq data were stringent and included the following filters: Quality
control standards for scRNA-seq data included the following criteria: (1) nCount_RNA >200; (2) nFeature_
RNA > 3; (3) percent_mito <25%; (4) percent_ribo>3%; (5) percent_hb<1%.These criteria ensured that the
data met high-quality standards for subsequent analysis.

Identification of MVI-related genes in TCGA

We selected tumor samples from MVI-positive patients and normal adjacent tissues from the TCGA dataset
for differential analysis. By applying the threshold criteria of log fold change|logFC|>1 and p-value <0.05, we
identified 2916 genes (DEGs) associated with microvascular invasion (MVI).

Identification of MVI-related malignant cell genes in GSE242889

Post-quality control on the GSE242889 single-cell dataset, we deployed the Harmony function to correct for batch
effects and applied t-SNE for dimensionality reduction, resulting in the classification of cells into 20 clusters at
a resolution of 0.6.To annotate these clusters, we employed the “FindAllMarkers” function to identify signature
genes, followed by manual annotation. We further differentiated MVI-associated malignant cell subpopulations
from the overall malignant cells based on t-SNE plots stratified by sample types. MVI-related malignant cell
subpopulations were identified from the malignant cell group through stratified t-SNE analysis. Subsequently,
we performed differential expression analysis on the MVI-related malignant cell clusters against other clusters.
Setting the logFC > 1 and the adjusted p-value < 0.05, we successfully identified 3852 genes (MRMCGs) that were
markedly differentially expressed in the MVI-related malignant cells. Reference cell markers were sourced from
published articles'> and the comprehensive CellMarker database (https://xteam.xbio.top/CellMarket/). The cell
markers we have chosen are in Supplementary Table S1.

Cell-cell communication
We employed the “CellChat” R package to perform a analysis of intercellular interactions within single-cell
transcriptomic data!®. Our study aimed to determine the interactions between MVI-related malignant cells
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and other cell types. Additionally, we sought to forecast the likelihood of intercellular communication and the
potential pathways involved.

Analysis of function and pathway enrichment
We intersected the selected MVI-DEGs with MRMCGs to identify differentially expressed genes associated with
MVI (MRGs). Subsequently, we conducted a KEGG pathway analysis for these genes and visually presented some
of the top-ranking pathways?*’. Furthermore, we utilized GSEA (Gene Set Enrichment Analysis) to illustrate the
enrichment results of several significant pathways>*>!.

Construction, validation, and evaluation of the prognostic model

We performed initial dimensionality reduction on the 267 selected MVI-DEGs using LASSO regression
analysis, which led to the identification of 13 candidate genes. Drawing on the research of Liu and colleagues®,
we employed a variety of machine learning algorithms, comprising 101 different combinations across 10
methods, to construct a prognostic model. These methodologies included CoxBoost, Elastic Net (Enet),
Generalized Boosted Regression Modeling (GBM), Least Absolute Shrinkage and Selection Operator (Lasso),
Partial Least Squares Regression for Cox (plsRcox), Ridge Regression, Random Survival Forest (RSF), Stepwise
Cox, Supervised Principal Component Analysis (SuperPC), and Support Vector Machine for Survival Analysis
(survival-SVM). We applied these combinations to the 13 candidate genes and utilized Leave-One-Out Cross-
Validation (LOOCV) to mitigate overfitting.

We employed the TCGA-LIHC dataset as our test set and validated our findings in the ICGC-LIRA-JP
dataset. Based on the optimal algorithm determined to be Stepcox(forward) + RSE, we constructed our model.
Subsequently, we gathered 38 published HCC prognostic models (Supplementary Table S2) and applied them to
our TCGA-LIHC training set and the ICGC external validation set to calculate the C-index. This enabled a more
nuanced comparative analysis of our refined model against the existing models within the scholarly domain.

Patients in both the TCGA-LIHC training cohort and the ICGC external validation set were stratified into
high-risk and low-risk groups based on their median risk scores (Supplementary Table S3). We conducted
survival analyses on the high- and low-risk groups derived from both the training and validation cohorts and
plotted Kaplan—-Meier curves, which consistently revealed significant statistical differences. Finally, we conducted
univariate Cox regression analyses on our final model, followed by a meta-analysis of both the training and
validation datasets. This comprehensive approach allowed us to rigorously assess the model’s accuracy and its
capacity for generalization across different data cohorts.

Gene mutation analysis

After downloading somatic mutation data, we utilized the “maftools” R package to visually present the
distribution of mutated genes across high- and low-risk groups, identifying the top 10 most frequently mutated
genes in each cohort>2. We then conducted statistical analyses on mutation types and single nucleotide variant
(SNV) mutation types, followed by visualization to reveal distinct mutational landscapes between the high- and
low-risk groups.

TIDE score and immune checkpoint analysis

We employed the TIDE website (http://tide.dfci.harvard.edu/) to compute the TIDE scores for both high- and
low-risk groups within the TCGA and ICGC cohorts, subsequently conducting a statistical analysis to discern
significant differences*. Additionally, by analyzing the immune checkpoint genes (ICG), we further assessed
the immunological disparities between the high and low risk groups, offering insights to inform potential
therapeutic choices.

Analysis of the correlation between model genes and mutations, immunity

We performed co-expression and correlation analyses between key genes from our model and mutated genes,
further confirming the higher mutational burden observed in the high-risk group. We performed a correlation
analysis between the genes in our model and those of immune checkpoints, thereby elucidating a heightened
correlation between the high-risk group and immune checkpoint genes.

Immune infiltration ssGSEA analysis

We employed single-sample gene set enrichment analysis (ssGSEA) to evaluate the correlation between our
model genes and various immune cell populations. Additionally, we conducted ssGSEA on immune-related
pathways and immune cell activation processes in both high- and low-risk groups, followed by statistical
difference analysis. This approach further elucidated the disparities in the immune microenvironment between
the high- and low-risk cohorts.

Clinical analysis, immunotherapy efficacy and drug sensitivity

By applying the CIBERSORT algorithm®, we determined the relative frequencies of immune cells within high-
and low-risk groups, illustrating these results through visualization. Focusing on the quantification of T cells
and macrophages, we proceeded with a statistical analysis to underscore the variations in immune infiltration
between the risk groups. To translate this model into clinical practice, we also conducted a statistical comparison
of clinical staging between the high- and low-risk groups. Furthermore, we analyzed differences in immune
treatment responses and chemotherapeutic drug sensitivities by “Oncopredict” R package between the groups,
offering insights to guide therapeutic decisions.
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Acquisition of tissue samples

HCC tissues and matched adjacent non-tumor tissues used in this study were collected from the First Affiliated
Hospital of Xi’an Jiaotong University (Xi’ an, China). We have obtained written informed consent from each
patient®>.

Quantitative real-time polymerase chain reaction (QRT-PCR)

In accordance with the manufacturer’s protocol for Trizol reagent (Invitrogen, Carlsbad, CA, USA), the
total RNA was extracted from both cells and tissues. The RNA levels of model genes were determined using
quantitative real-time PCR (QRT-PCR). The relative expression levels were calculated by the 2722 method, with
normalization of Ct values to GAPDH as an internal control. The primers used are shown in Supplementary
Table S5.

Immunohistochemical analysis

The Human Protein Atlas (HPA) database (https://www.proteinatlas.org/) aims to map the distribution of all
proteins in human cells, tissues, and organs by integrating multiple omics technologies, including antibody-
based imaging, mass spectrometry-based proteomics, transcriptomics, and systems biology. We acquired
immunohistochemical images of key model genes in both hepatocellular carcinoma and normal liver tissues
from the Human Protein Atlas (HPA) database, followed by a comparative analysis of the differential protein
expression patterns of these model genes between malignant and normal hepatic tissues.

Data availability

In this study, we analyzed publicly accessible datasets. The data utilized can be accessed through the following re-
positories: The Cancer Genome Atlas (TCGA) at http://www.cancer.gov/tcga, the International Cancer Genome
Consortium (ICGC) at https://dcc.icgc.org/, the Gene Expression Omnibus (GEO) at https://www.ncbi.nlm.n
ih.gov/geo, and the Cancer Immunome Atlas (TCIA) at https://tcia.at/home. In accordance with the journal’s
guidelines, the datasets used in this research are available upon request from the corresponding author.
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