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Background: The prognosis of early recurrence of hepatocellular carcinoma (HCC) remains poor. This study aimed to develop and
validate a radiomics model and determine potential biomarkers involved in biological pathways for early recurrence of HCC.
Methods: A total of 271 HCC patients from the First Affiliated Hospital of Guilin Medical University were enrolled as the training
cohort. Recurrence related radiomics features were determined by analyzing contrast-enhanced CT images, which were used for the
construction of Rad-score. For external validation, we utilized both imaging and transcriptome data from 34 HCC patients in TCGA
database. The identified radiomics-related genes were further validated using two independent datasets (OEP000321 and GSE14520)
and immunohistochemical analysis of EEF1E1 in 38 HCC tissue samples from training cohort.

Results: Rad-scores based on six radiomics features showed predictive value for early HCC recurrence in both cohorts (4465, A466,
A839, V105, V250, V291). Relevant radiomics features are associated with metabolism, proliferation, and immune pathways. The most
relevant recurrence-related radiomics gene module was determined via weighted correlation network analysis (WGCNA), which
contained LRP12, GPD1L, GARS, EEFIE1l, and DGKG. The model based on these genes could efficiently predict early HCC
recurrence and was verified in the OEP000321 and GSE14520 datasets. Moreover, EEF1E1 was significantly associated with the Rad-
score, illustrated prognostic value at the transcription level, and validated by immunohistochemical staining at the protein level.
Conclusion: Rad-score and radiomics gene signatures from enhanced CT effectively predicted early recurrence in HCC, while
EEF1E1 might serve as an efficient biomarker for early recurrence prediction for hepatocellular carcinoma.
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Introduction

Hepatocellular carcinoma (HCC) ranks sixth in incidence and third in mortality around the world," and the early
recurrence rate of HCC remains high.? Although serum alpha-fetoprotein (AFP) is an effective biomarker for HCC
diagnosis and recurrence monitoring,® > there are still some limitations. At present, some prognostic prediction models
have been developed based on HCC image data,®” and their accuracy are better than that of the traditional model.® Even
though there are important reference values for the molecular genotype of patients with HCC for individualized

treatment, the biological significance of the radiomics features has not been elucidated. Annotation of biological
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clinical implementation of precision therapy for patients with HCC.

After a decade of development, radiomics has been widely used for disease diagnosis,” efficacy evaluation, and
prognosis prediction.'® Although radiogenomics methods are necessary, they are rarely used to reveal the underlying
mechanism for early recurrence of HCC. Microvascular invasion (MVI) is an independent risk factor for recurrence and
metastasis of HCC."' Previous studies have used ultrasound (US), enhanced CT, or other modalities to predict MVI, and
the results were better than those of traditional biomarkers.'?'® Radiomics has a good predictive effect on overall
survival (OS) and recurrence, as well.”!” Although some studies have explored the changes in certain pathways or
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mechanisms through radiomics,'®'? few studies have annotated the radiomic features of HCC through transcriptome
data. To the best of our knowledge, no studies have examined the relationship between gene expression and the Rad-
score.

Despite encouraging prognostic performance, most existing HCC radiomics models function as black-box predictors
and rarely connect quantitative image signatures to tractable biology, which hampers clinical translation and treatment
selection. To address this unmet need, we integrate contrast-enhanced CT radiomics with transcriptomic profiling to
annotate recurrence-related features by pathways and distill a compact, biologically interpretable gene set, further
supported by protein-level IHC validation. This design aims to bridge prediction and mechanism, thereby improving
the rationale for model use in decision-making.

In this study, we aimed to develop a radiomics model based on contrast-enhanced CT imaging for early recurrence
prediction in HCC. Furthermore, we integrated transcriptomic analysis to explore radiomics-associated biological path-
ways, with the goal of improving the clinical applicability and translational value of radiomics in HCC management.

Materials and Methods

Study Population and Follow-up Surveillance

In our study, we retrospectively enrolled 469 patients with HCC from the First Affiliated Hospital of Guilin Medical
University from October 2013 to September 2019, and 271 patients met the requirements and were set as the radiomics
training dataset. Among the 271 patients, 38 HCC tissues with corresponding clinical data were randomly collected for
immunohistochemistry (IHC) staining to validate the radiomics genes. We also integrated the CT imaging data of HCC
from The Cancer Imaging Medicine Archive (TCIA) with RNA sequencing and clinical data from The Cancer Genome
Atlas (TCGA) (https://www.cancer.gov/tcga). We matched the TCIA imaging data with TCGA genomic and clinical data,
containing 34 HCC patients who met the requirements and were used to create a unified dataset referred to as the TCGA

validation cohort. Furthermore, contrast-enhanced CT image data in both datasets, including the arterial and portal
venous phases, and the transcription data in TCGA were obtained from the RNA sequence. In the external validation
dataset, postoperative surveillance was conducted according to our previous study;° recurrence within two years
postoperatively was defined as early recurrence. This study was reviewed and approved by the research ethics committee
of the First Affiliated Hospital of Guilin Medical University and complied with The Declaration of Helsinki Principles.
Written informed consent was obtained from all patients for their data to be used in the study.

Diagnostic Criteria and Exclusion Criteria

For patients in the external validation dataset enrolled from the First Affiliated Hospital of Guilin Medical University, the
diagnosis criteria and radical hepatectomy criteria of the patients were described in detail in our previous study.”” In the
TCGA cohort, patients with (a) lipiodol deposition, (b) missing CT images, (c) suboptimal image quality or (d) missing
follow up of recurrence were excluded. The main exclusion criteria in the external validation cohort were as follows: (a)
unavailable contrast-enhanced CT image; (b) contrast-enhanced CT scan over one month before surgery; (c) previous
treatment, including hepatectomy, ablation, or TACE; and (d) incomplete clinical or follow-up data.

CT Image Acquisition, the Regions of Interest (ROls) Segmentation and Radiomics

Features Extraction

Multidetector CT scanners, including GE Light Speed 64-, 128-, and 256-slice spirals, were used to conduct contrast-
enhanced CT scans. Arterial phase imaging utilized contrast medium tracking, with the trigger automatically positioned
at the lower border of the thoracic aorta and set at a threshold of 180 HU. A 5-second delay was implemented before
image acquisition. Subsequently, the venous phase commenced with a 30-second delay after the conclusion of arterial
phase scanning. The CT scanning parameters were 120 kVp, automatic tube current modulation (mA), Noise Index of 8,
and a 1.25 mm interval. Standardization of images in both the arterial and venous phases was achieved through z-score
normalization to attain a standard normal distribution of image intensities. The images were then resampled to voxels of
1 x 1x1 mm? using Python (v3.7, https://www.python.org) and the open-source Simple-ITK package. The ROIs were
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defined as the tumor areas in both the arterial and venous phases, which were delineated using 3D Slicer (v4.11, https://
www.slicer.org) by two experienced radiologists with 8 and 10 years of clinical experience, respectively. In cases of
disagreement, a third senior radiologist (10 years of experience) was consulted, and the final ROIs were determined by
majority vote. All readers were blinded to clinical and pathological information to minimize potential bias. Radiomics
feature extraction was then performed using the PyRadiomics package (v2.2.0), and a total of 1898 features were
obtained, including first-order statistics, texture features, and wavelet decompositions.

The Construction and Validation of Rad-Scores and Radiomics Phenotypes

A total of 1898 contrast-enhanced CT-based radiomics features were extracted from both the arterial and portal venous
phases of 271 patients in the training cohort. We then performed Minimum Redundancy Maximum Relevance (mRMR)
as a pre-filtering step, and 195 of them were considered as stable features, which were, respectively, coded as 4465,
A466, A839, V105, V250, and V291. The coefficients of radiomics features Rad-score of each patient cohort was
determined according to the coefficients of the radiomics features.

|dentification of Radiomics Gene Co-Expression Module and Key Radiomics Genes
For patients in the TCGA dataset, matched transcriptome data were obtained. To reveal biological pathways, weighted
correlation network analysis (WGCNA) was performed. By clustering the co-expression genes into modules, we
analyzed the correlation between gene modules and different radiomic phenotypes. Highly relevant and significantly
related gene modules considered as radiomics gene modules were selected for further analysis. To determine the most
relevant radiomics genes, we performed a Log rank test for early recurrence among the two independent cohorts, and five
intersection genes were identified as key radiomics genes. The correlation between radiomics features and radiomics
genes was analyzed by Pearson; p < 0.05 was considered statistically significant.

Biological Pathways Underlying Different Radiomics Phenotypes

Potential biological pathways of radiomics phenotypes were evaluated using gene set variation analysis (GSVA),?' and
the enrichment score for a specific gene set was calculated for each sample. The limma package was used to perform
differential analyses. Immune cell infiltration was assessed using CIBERSORT (https://cibersort.stanford.edu/). The

coefficients of correlation among radiomics features, radiomics genes, and immune cell infiltration were assessed by
Pearson, with p < 0.05 indicating a significant correlation.

Immunohistochemistry Validation of the Key Radiomics Gene

A total of 38 HCC tissues randomly selected from our independent cohort were subjected to IHC. The main steps were as
follows: rabbit anti-human EEF1El (Proteintech Cat No: 10805-1-AP, 1:200 dilution) was incubated at 4°C overnight,
followed by incubation with horseradish peroxidase (HRP)-conjugated secondary antibody (ZSGB-BIO, ZB-2301) for
one h at 37°C, and staining with 3,3-diaminobenzidine tetrahydrochloride (DAB).

The stained tissue was scored by two pathologists on the following criteria: (I) staining intensity: 0 (negative, no
staining), 1 (weak, faint yellow staining), 2 (moderate, yellow staining), and 3 (strong, brown staining); (II) percentage of
positive cells: 0 (0%), 1 (1-10%), 2 (11-50%), 3 (51-80%), and 4 (80-100%). The THC score of EEF1E1 expressed in
HCC was calculated as follows: staining intensity score x the percentage score of positive cells, and graded as follows:
IHC score < 4 points was considered EEF1E] negative while > 4 points were considered positive.

Statistical Analysis

Continuous variables that follow a normal distribution are shown as mean + standard deviation (SD) and were compared
using Student’s #-test. Otherwise, the Mann—Whitney U-test was performed. Categorical variables were compared using
the chi-square test. RFS analyses were conducted using the Kaplan-Meier method and Log rank test among the different
groups. Time-dependent receiver operating characteristic (ROC) curves were plotted using the timeROC package.
Harrell’s C-index was calculated using 1000 bootstraps. Gene co-expression modules were determined using the
WGCNA package.
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Results

Patient Characteristics and Workflow
Initially, 469 patients from the First Affiliated Hospital of Guilin Medical University and 75 patients from the TCGA
dataset were enrolled in this study. After screening according to the admission and discharge criteria, 271 patients from
the First Affiliated Hospital of Guilin Medical University were included in the training cohort, while 34 patients from the
TCGA dataset were set as the validation cohort and were used to explore relevant biomarkers and biological pathways.
The baseline information is shown in Table 1. Most HCC patients in the training cohort had liver cirrhosis (90.0%)
and tumor size > 5 cm (73.1%). In the validation cohort, the proportion of patients aged > 65 years was 50.0% (17/34),
while males accounted for 55.9% (19/34).

Construction and Validation of Radiomics Phenotypes

In the training cohort comprising 271 patients, 1898 radiomics features were extracted from contrast-enhanced CT scans
across arterial and portal venous phases. Following minimum redundancy maximum relevance (mRMR) feature selec-
tion, 195 features demonstrated stability, with six features (4465, A466, A839, V105, V250, V291) ultimately retained to
construct the radiomics signature (Rad-score). The Rad-score, calculated using weighted coefficients of these features
(Table S3), achieved a concordance index (C-index) of 0.796 (95% CI: 0.702—0.884) in the training cohort, outperform-
ing individual feature predictive values (Figure 1A).

Stratification by median Rad-score identified distinct recurrence risk profiles. In the training cohort, high-risk patients
(median recurrence-free survival [RFS]: 15.5 months) exhibited significantly worse outcomes compared to low-risk
counterparts (median RFS: 24.9 months; Figure 1B). This prognostic discrimination was validated externally, with high-
risk patients in the validation cohort demonstrating a mean RFS of 8.7 months versus 33.9 months in low-risk patients
(Figure 1C). Temporal predictive accuracy was robust, with Rad-score AUCs of 0.915 (95% CI: 0.796—-1.000) and 0.794
(95% CI: 0.731-0.858) for early recurrence prediction in training and validation cohorts, respectively (Figures 1D and
E). As shown in Figure 1F, patients were stratified into high- and low-risk groups according to the Rad-score, with
a higher proportion of recurrence observed in the high-risk group.

Clinically, Rad-score stratification correlated strongly with established prognostic indicators. Higher Rad-scores were
associated with early recurrence status (Figure 1G), elevated serum alpha-fetoprotein (AFP) levels (Figure 1H), and
multifocal tumors (Figure 1I). These findings collectively underscore the Rad-score’s capacity to integrate tumor
biological behavior with quantitative imaging phenotypes, providing a clinically actionable metric for recurrence risk
stratification.

Table | The Clinicopathological Characteristics of HCC Patients Based
on Training and Validation Cohort

Clinical Characteristics Training Validation | p-value
(n=271) (n =34)
Age (<65/265) 240/31 17117 < 0.05
Gender (male/female) 232/39 19/15 < 0.05
Liver cirrhosis (present/absent) 244/27 NA NA
Tumor size (<5cm/Z5cm) 73/198 NA NA
Node metastasis (NO/NI/unknow) 259/3/9 26/1/7 < 0.05
Distant metastasis (M0/unknow) 271/0 34/0 NA
BCLC stage (0+A/B+C) 147/124 NA NA
Histologic grade (G1/G2/G3/G4) 48/147/76/0 5/15/14/0 0.543
TNM stage (/I/1I/IV) 47/88/133/3 18/4/11/1 <0.05
Early recurrence (present/absent) 155/116 25/9 0.068

Abbreviations: NA, not applicable; BCLC, Barcelona Clinic Liver Cancer; TNM, tumor-node-

metastasis.
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Construction of Radiomics Gene Co-Expression Module
To elucidate the genes underlying the two risk groups, we utilized weighted gene co-expression network analysis (WGCNA)
to construct a radiogenomic gene module. Differentially expressed genes (DEGs) between the groups (Figure S1) were
identified and used for co-expression network construction. Hierarchical clustering revealed coherent TCGA sample group-
ings, and the aligned trait heatmap maps phenotype, radiomics score, survival (RFS/OS), and clinicopathologic features
(Figure S2). The TOM dendrogram and network heatmap showed block-diagonal patterns, indicating strong intra-module
connectivity and well-defined co-expression modules (Figure S3). The optimal soft threshold power (B = 5) was selected based
on scale independence (Figure 2A), resulting in the identification of 7 distinct gene modules in the TCGA radiogenomic cohort
(Figure 2B and C). These modules contained genes ranging from 40 to 134, with the brown module (99 genes) (Table S1)
exhibiting the strongest positive correlation to the high-risk group (r = 0.64, p < 0.001; Figure 2C). Further analysis based on
eigengene expression confirmed that the brown module was also significantly associated with the Rad-score (Figure 2G).
Within the brown module, strong concordance was observed between Module Membership (MM) and Gene
Significance (GS) (r = 0.40, p < 0.001; Figure 2E), highlighting the module’s relevance to the risk stratification. To
better understand its biological function, GO and KEGG pathway enrichment analyses were performed. The GO analysis
revealed significant enrichment in pathways related to acylglycerol, neutral lipid metabolic processes, and triglyceride
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metabolic processes (p < 0.001), while KEGG analysis identified pathways such as the biosynthesis of unsaturated fatty
acids (hsa01040, p = 0.007) and fatty acid metabolism (hsa01212, p = 0.028) (Figure 2D). These findings suggest that

lipid metabolism may play a critical role in discriminating between different risk groups.
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Identification of Key Radiomics Genes and Feature Annotation

Based on the intersection of Log rank test results across two independent datasets among genes in brown gene module,
we identified five key radiomics genes: LRP12, GPDIL, GARS, EEFIEl, and DGKG, which were consistently
significant in predicting early recurrence (Figure 3A). Since these genes were identified through their association with
different risk groups, we first analyzed their correlations with radiomics features. EEF1IE1 and DGKG exhibited
significant positive correlations with feature 4839, while GPD1L, GARS, EEFI1EIl, and DGKG were significantly
positively correlated with 7250 and the Rad-score (Figure 3B). To assess their predictive value for early recurrence,
we developed a linear model and stratified patients into high- and low-risk groups. Survival analysis demonstrated
significant differences between these groups in both the TCGA-LIHC (p = 0.036) and OEP000321 (p = 0.011) cohorts,
with the high-risk group showing a higher likelihood of early recurrence (Figure 3C and D).

To investigate underlying biological mechanisms, we examined transcriptomic differences between the risk groups.
Genes from the brown module, which play a central role, were expressed at higher levels in the high-risk group,
characterized by poorer prognosis and higher recurrence rates (Figure S4A). By using GSVA to quantify pathway
activity, we found significant differences in pathway enrichment between the groups, with key pathways annotated in the
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Figure 3 Radiomics genes and their predictive value for early recurrence. (A) Venn diagrams to determine key radiomics genes. (B) Correlation between key radiomics
genes and features. (C) Risk accumulation curve of the radiomics gene signature for early recurrence in TCGA-LIHC. (D) Risk accumulation curve of the radiomics gene
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Table 2 Pathway Annotation of the Early-Recurrence Related Radiomics Features

Features | Biologic Pathways Annotations
Functions
A465 Metabolism Fatty acid elongation; insulin glucose pathway; HIFl o pathway; AKT1 signaling via mTOR
A466 Proliferation MYC oncogenic signature; PTEN regulation; regulation of IGFR signaling pathway
A839 Proliferation Cell cycle arrest; cell cycle checkpoint; negative regulation of mitotic cell cycle; PI3K AKT mTOR signaling
vVI05 Immune Negative regulation of adaptive immune response; regulation of T cell mediated cytotoxicity; regulation of

T helperl cell differentiation

V250 Immune VEGFR signaling pathway; PD-I signaling; IL-4 production; IL-6 secretion; NK cell activation; cellular response to
VEGF stimulus
V291 Immune Regulation of T cell differentiation; T cell apoptotic process; positive regulation of T cell cytokine production; CD8

positive alpha beta T cell activation

Abbreviations: HIFla, hypoxia inducible factor | subunit alpha; AKTI, AKT serine/threonine kinase |; MYC, MYC Proto-Oncogene; PTEN, phosphatase and tensin
homolog; IGFR, insulin like growth factor receptor; mTOR, mechanistic target of rapamycin kinase; PD-1, programmed cell death [; IL-6, interleukin 6; NK, natural killer,
VEGEF, vascular endothelial growth factor; CD8, cluster of differentiation 8.

feature heatmap (Figure S4B). These analyses offer insights into the molecular underpinnings of radiomics features and
their relationship to recurrence in HCC.

Immune microenvironment analysis revealed notable associations between radiomics features and immune cell
infiltration. Specifically, 4465 and 4466 were correlated with MO macrophage infiltration, (Figure S5). All five radiomics
genes were positively correlated with MO macrophages, and notably, EEF1E1 was negatively correlated with M1
macrophages but positively correlated with M2 macrophages (Figure S6), suggesting its role in facilitating an immuno-
suppressive microenvironment. Additionally, these genes were associated with NK cell activity, either resting or
activated, further emphasizing their relevance to immune dynamics in HCC.

The biological relevance of individual radiomics features is summarized in Table 2, detailed information was
provided in the Table S2. For example, A465 appears to be involved in fatty acid and carbohydrate metabolism,
potentially regulated by HIF1a, which influences energy metabolism and angiogenesis. 4465 was linked to pathways
such as MYC, PTEN, and IGFR, which are key regulators of cellular proliferation. A839 was primarily associated with
cell cycle regulation, indicating its role in promoting proliferation. Immune-related features: V105, V250, and V291,
which play critical roles in T cell-mediated responses and immunomodulation. Notably, V105 and V291 were linked to
T cell activation and differentiation, while V250 was correlated with VEGF receptor signaling, PD-1 signaling, and
interleukin secretion, pathways directly connected to current therapeutic strategies in HCC. These findings underscore the
multifaceted roles of radiomics features in metabolism, proliferation, and immune regulation.

EEFIEI Showed Prognostic Value and Correlation with Rad-Score

Given that DGKG has been reported to be involved in angiogenesis in HCC,>* EEF1E] was selected for subsequent
validation. Initially, we observed differential expression of EEFI1E!1 at the transcriptional level and found that in three
independent datasets, the expression of EEF1E1 was significantly higher in HCC tissues than in para-cancer tissues, as
shown in Figure 4A—C. Next, recurrence risk accumulation curves were plotted in two of the cohorts above, patients with
high EEF1EI expression are more prone to early recurrence as shown in Figure 4D and E (log-rank p = 0.006 in TCGA-
LIHC cohort; p = 0.023 in OEP000321 cohort). And there was a significant positive correlation between the mRNA level
of EEF1E1 and the Rad-score (Figure 4F) (Pearson, » = 0.455, p = 0.0068). Moreover, Immunohistochemical staining
suggested higher EEF1EI protein expression in HCC tissues than in para-cancer tissues, as shown in Figure 4G.

Patients with Higher EEFIE| Expression Were Prone to Recurrence

To further explore the relationship between the radiomic gene EEF1E1 and HCC recurrence, immunohistochemical staining
was performed on 38 HCC tissues. Among all HCC samples, recurrence occurred in 18 patients (47.37%), and EEF1E1
positive rate was 39.47%. As shown in Figure 5B, the results of the chi-square test showed a significant difference in the
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Figure 4 Differential expression and prognostic value of EEFIEI. (A) Differential expression of EEFIEI in TCGA-LIHC cohort, (B) OEP00032| cohort and (C) GSE14520
cohort. (D) Risk accumulation curve of EEFIEI mRNA expression for early recurrence in TCGA-LIHC and (E) OEP000321 cohort. (F) Correlation between EEFIEI mRNA
expression with Rad-scores. (G) IHC stains image of EEFIEI protein levels in HCC and para cancer tissues. (***p < 0.0001).

protein levels of EEF1E1 in patients with and without recurrence (p = 0.010). Figure 5A shows the IHC staining of EEFIE1
in samples with different recurrence risks. The boxplot suggests that there were different IHC scores in the non-recurrence
and recurrence risk groups (Figure 5C). The risk accumulation curve showed a higher risk in the EEF1E1 positive group, as
well (Figure 5SD). Moreover, there was a significant positive correlation between the EEF1E1 IHC scores and Rad-scores (r =
0.42, p = 0.0084) (Figure 5E). These results suggest that patients with EEF1E1 positive expression are prone to recurrence.
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Figure 5 Relation between EEFIEI| protein levels and HCC recurrence status. (A) IHC stains image of EEFIE| protein levels in different recurrence risk of HCC tissues. (B) Statistical
analysis was performed using the Chi-square test to compare the relative levels of EEFIE| negative (EEFIE|") or positive (EEFIEI ) between HCC with recurrence and HCC without
recurrence (p = 0.010). (C) Boxplot of IHC scores of EEFIEI between non-recurrence and recurrence patients. (D) Risk accumulation curve of EEFIE| protein level for early
recurrence in IHC validation cohort. (E) Correlation between Rad-scores and EEFIEI IHC scores.

Discussion
In this study, we constructed and validated the Rad-score to assess the risk of early recurrence in patients with HCC. The

results showed that it had a good predictive value for recurrence. Biological annotations suggested that radiomics features
may be related to functions such as metabolism and immunity, and the brown module was highly positively correlated
with the Rad-score (r = 0.64, p < 0.001). Therefore, we analyzed the genes in the brown module. We obtained five key
radiomics genes (LRP12, GPDIL, GARS, EEF1EIl, and DGKG) through the intersection of two independent datasets,
based on which the fitted prognostic models were effective in predicting recurrence. Moreover, we introduced an IHC
validation cohort to verify the correlation between EEF1E1 and Rad-score. These results suggest that the radiomics gene
EEF1E1, which is derived from contrast-enhanced CT images of HCC patients, could serve as a biomarker for HCC
recurrence prediction, and annotated pathways suggested that alterations in metabolic and immune microenvironments
might be involved in HCC recurrence.

Previous studies have illustrated the molecular subtypes underlying different radiomics phenotypes in non-small cell
lung cancer and glioblastoma.?*** Currently, research on HCC radiogenomics mainly focuses on the PI3K-mTOR
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pathway or drug resistance mechanisms.'®?*> The CSVA analysis used in this study was based on whole transcriptome
data, which could reflect pathway changes more comprehensively.”' To assess the relationship between recurrence-
related radiomics features or genes and immune cell infiltration, we used CIBRSORTS.?® Furthermore, whether the
infiltration of immune cells can be reflected through radiomics features in the future, the characteristics of the
microenvironment of patients with HCC can be noninvasively evaluated in advance, which will provide sufficient
evidence for the selection of immunotherapeutic targets for patients with HCC. Furthermore, we enrolled a cohort to
validate the radiomics gene by performing IHC staining, and the results suggested a close relationship between Rad-
scores and the radiomics gene, which represents genes derived from CT images that have a good stratification effect on
prognosis.

For all extracted features, we first used the maximum correlation minimum redundancy (mRMR) method to screen
the features of the stable part delineated by different radiologists, which was also used in a previous study.”” We then
used LASSO Cox to fit stable features to a Rad-score, which represents the patient’s risk of early recurrence. Rad-score is
constructed by six features, three of which are from the arterial phase and three from the portal phase, which are in line
with the enhanced CT imaging features of HCC. In addition, each of these features has a certain predictive effect for the
early recurrence of HCC; the C-index of wavelet LLH gldm DependenceNonUniformityNormalized (V250) was 0.731
(95% CI: 0.628-0.819), while the C-index of the Rad-score synthesized by these six features was 0.796 (95% CI:
0.702—0.884), which had advantages in comparison with the clinical parameters.

Notably, the biological pathways reflected by these six features focus on metabolism, proliferation, and immunity,
which are closely related to the occurrence and development of HCC. At present, HCC patients benefit more from
atezolizumab combined with bevacizumab than sorafenib,”® which emphasizes the important role of the metabolic
microenvironment represented by anti-angiogenesis and the immune microenvironment represented by anti-PD-L1 in
HCC. A recent study showed that endothelial DGKG promotes tumor angiogenesis and immune evasion in HCC.?* Since
DGKG was also screened in this study, which justified the process we determined radiomics genes, it is also suggested
that the recurrence of HCC is closely related to angiogenesis.

Although we demonstrated a correlation between CT images, gene expression, and HCC prognosis, further mechan-
isms remain to be validated. Using the brown module analyzed by WGCNA, we identified radiomics genes and analyzed
the relationship between radiomics genes and immune microenvironments. LRP12 is also called LDL receptor-related
protein 12, which is involved in the regulation of lipoxygenases in LDL oxidation;” GPDIL could catalyze the
conversion of sn-glycerol 3-phosphate to glycerone phosphate, and has been reported as a potential predictive biomarker
for HCC treatment outcomes.* Intriguingly, DGKG suppresses glucose transport and glycolysis by downregulating
GLUT!I levels and plays a tumor suppressor role in HCC by inhibiting cell proliferation and migration.>' Moreover, as
mentioned above, hypoxia-induced EC-specific DGKG hyperexpression promotes tumor angiogenesis and immune
evasion via the ZEB2/TGF-B1 axis in HCC.?> EEF1E1, which is validated in this study, has been reported that the
high EEF1E1 expression was found to be correlated with worse prognosis and may be associated with immune cell
infiltration in HCC, and EEFI1E]1 may be participating in EEF1E1/ATM/p53 signaling pathway in HCC.*> However,
these findings require further verification. Moreover, the mechanism by which EEF1E!l influences recurrence remains
unclear, although there are some limitations in this study.

Although our training cohort was composed predominantly of patients with HBV-related HCC, validation against the
racially and etiologically heterogeneous TCGA cohort demonstrated that the imaging-genomic signature also captured
fundamental biological processes such as lipid metabolism, hypoxia/angiogenesis, and immune modulation. This
suggests that the model reflects common downstream hallmarks of HCC across HBV-, HCV-, and NAFLD-related
disease. Nevertheless, we acknowledge that racial and etiologic differences may affect effect sizes, and therefore the
TCGA validation should be interpreted as a conservative evaluation of transportability rather than definitive proof of
generalizability. Multi-center studies within homogeneous HBV or NAFLD cohorts remain a necessary next step.

There were several limitations involved in this paper. First, the results of the radiomics model require multicenter
validation with a large sample size. Second, the scarcity of samples and the differences in multicenter imaging protocols
might have led to data heterogeneity, although we tried to avoid this problem as much as possible. In addition, detailed
records of prior treatments were not available in TCGA, and although we excluded scans with iodized oil deposition to
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minimize bias, residual confounding cannot be fully ruled out. Finally, the results of radiogenomics require additional
approaches for validation, such as RNA-seq, single-cell RNA-seq, and Spatial transcriptomics.

Conclusions

In conclusion, we analyzed the imaging and transcriptomic data of HCC, explored its biological significance, and
validated a radiomics gene at the protein level. Radiomics features not only have a good predictive effect on early
recurrence but also may be related to several metabolic and immune-related processes in HCC recurrence.
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