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Objective: This study aims to develop a CT-based radiomics nomogram for preoperative prediction of vessels encapsulating tumor
clusters (VETC) and patient prognosis in hepatocellular carcinoma (HCC).

Patients and Methods: The retrospective, single-center study included 231 (77 VETC+ and 154 VETC-) HCC patients who
underwent preoperative CT scan, and were randomly divided into training and validation cohorts at a 7:3 ratio. Radiomics features
were extracted from CT images during the plain, arterial and venous phases. These features were then selected using the Least
Absolute Shrinkage and Selection Operator (LASSO). Predictive factors were chosen through univariate and multivariate logistic
regression. A prognostic nomogram integrating clinical factor and radiomics features was developed and validated. The model’s
predictive accuracy was systematically evaluated using the area under the receiver operating characteristic curve (AUC), while
calibration curves assessed agreement between predicted and observed outcomes. To quantify clinical utility, decision curve analysis
(DCA) was implemented. Furthermore, the model’s prognostic performance for postoperative disease-free survival (DFS) was
examined through Kaplan-Meier analysis.

Results: The nomogram integrating four radiomics features and alpha-fetoprotein (AFP) exhibited robust predictive performance,
with AUC values of 0.782 (95% confidence interval [CI]: 0.708-0.856) in the training cohort and 0.755 (95% CI: 0.628-0.882) in the
validation cohort. Calibration curves demonstrated excellent agreement between predicted and observed outcomes in both cohorts.
DCA revealed significant clinical utility of the nomogram. Additionally, the model-stratified VETC+ HCC patients showed signifi-
cantly worse DFS compared to VETC- counterparts (log-rank p = 0.035).

Conclusion: The CT-based radiomics nomogram, integrating radiomics features and AFP, provides a non-invasive and reliable tool
for predicting VETC and stratifying prognosis in HCC patients.
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Introduction
Hepatocellular carcinoma (HCC) stands as the sixth most prevalent cancer globally and ranks third among the primary
causes of cancer-related fatalities." While surgical resection provides a viable curative method, the recurrence rate within
five years can reach up to 70%, considerably affecting long-term survival.

The invasion and metastasis of HCC, a highly vascular solid tumor, are intimately tied to abnormal angiogenesis.>*
Among its manifestations, microvascular invasion (MVI), facilitated by epithelial-mesenchymal transition (EMT),’
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a known predictor of postoperative recurrence.® Nevertheless, even patients without MVI face a considerable risk of
recurrence,* highlighting the necessity to investigate additional prognostic markers. Fang et al’ uncovered vessels
encapsulating tumor clusters (VETC) as a distinct vascular metastasis pattern independent of EMT, in which tumor
clusters enter blood vessels directly via CD34" endothelium. The VETC pattern is strongly correlated with early
recurrence and poor prognosis in HCC.'®!! Notably, VETC is observed in approximately 20-30% of patients undergoing
HCC resection.'® !> The 5-year overall survival rate and disease-free survival rate of VETC+ HCC patients are
significantly lower than those of VETC- patients (42.2% vs 74.6% and 25.7% vs 56.8%, respectively).'? Moreover,
scholars found that VETC may act as a predictor of sorafenib benefit for HCC. Sorafenib is effective in prolonging the
survival of VETC+, but not VETC- HCC patien‘ts.13 This indicates that VETC status not only informs prognosis but can
also guide targeted therapy selection for HCC patients. However, the current diagnosis of VETC mainly relies on
postoperative histopathological examination, resulting in a significant clinical application lag.

Radiomics, proposed by Lambin in 2012, converts medical images into mineable high-dimensional data by high-
throughput extraction of quantitative features.'* This approach has found broad application in diagnosing, evaluating
treatment responses, and assessing prognosis in patients with HCC, showing notable efficacy.'>!” This includes its
application in predicting critical pathological features such as VETC, for which most existing studies have utilized MRI
or ultrasound. In contrast, despite the pivotal role of CT in the standard clinical workflow of HCC, CT-based radiomics
models remain underexplored.

Given the aforementioned background, we hypothesize that CT-based radiomics features may accurately predict
VETC expression status and prognostic risk stratification in HCC patients. The CT-based radiomics nomogram con-
structed through multidimensional integration of radiomics features and clinical parameters is expected to overcome the
spatiotemporal limitations of traditional pathological evaluation, providing critical decision support for precise diagnosis
and treatment of HCC patients.

Materials and Methods

Patients
The protocol for this retrospective study was approved by the Ethics Committee of our hospital, and patient informed
consent was waived. And this study was conducted in accordance with the Declaration of Helsinki.

Between December 2017 and May 2021, patients who underwent contrast-enhanced CT followed by curative
hepatectomy were included. The inclusion criteria were as follows: (1) pathologically confirmed HCC with VETC
results; (2) contrast-enhanced CT scan performed within one month before surgery; (3) CT images quality was adequate
for analysis. The exclusion criteria were: (1) patients treated by cancer-related treatment preoperatively; (2) incomplete
clinical laboratory data or pathology slides; (3) patients with other malignant tumors.

A total of 231 HCC patients (202 men and 29 women, mean age 52.9 years, range 2481 years) were included in this
study, consisting of 77 VETC+ and 154 VETC- patients. Patients were randomly assigned to the training cohort (n=162)
and validation cohort (n=69) at a ratio of 7:3 using a random seed of 123. (Figure 1).

Pathological Evaluation

Two experienced pathologists, with 10 and 7 years of experience in pathological diagnosis respectively, independently
evaluated all histopathological specimens. In cases of discordant conclusions, the specimens were submitted to a third
pathologist and discussed until a consensus was reached. All pathologists were blinded to clinical, laboratory, imaging
features, and follow-up data. Cases with visible VETC pattern in all or part of the HCC section were identified as VETC
+, while those without any VETC patterns were identified as VETC-.’

CT Examination

CT scans were performed using a Siemens Sensation 64-slice spiral CT or a GE Discovery CT 750 HD spiral CT. The
scanning parameters were set as follows: voltage of 120 kV, current of 230 mAs, matrix size of 512 x 512, field of view
(FOV) ranging from 300 to 350 mm, pitch of 1, slice thickness of 5 mm, and slice interval of 5 mm. Iopromide injection
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Figure | Flowchart of this study population.

(300 mg iodine /mL) was administered intravenously at a total volume calculated based on 1.5 mL/kg body weight.
Dynamic contrast-enhanced scanning was performed with a bolus injection rate of 3 mL/s, and scans were acquired at
25s and 60s post-injection for the arterial and venous phases, respectively.

Clinical and Radiological Data Acquisition
Clinical data, including age; gender; body mass index (BMI); liver cirrhosis; alpha-fetoprotein (AFP; < 400 or > 400 ng/
mL); systemic immune inflammation index (SII); neutrophil-to-lymphocyte ratio (NLR; < 2 or > 2); platelet-to-
lymphocyte ratio (PLR; < 150 or > 150); aspartate aminotransferase (AST) and alanine aminotransferase (ALT).
Imaging features were independently analyzed by two radiologists (H.L. and Y.W, with 16 and 7 years of experience
in abdominal imaging, respectively) who were blinded to clinical, laboratory, histological and follow-up results. For
discordant cases, the two radiologists met to discuss and draw final conclusions by consensus. Imaging features including
tumor size, intratumoral necrosis, hepatic vein invasion, portal vein tumor thrombus, tumor capsule and tumor margin.
Tumor size was defined as the maximum diameter of the tumor. Tumor margin were categorized as smooth (indicating an
uninodular tumor), or irregular (indicating a focal or multinodular tumor).'® Tumor capsule was classified as complete,

incomplete or without tumor capsule. Complete tumor capsule was defined as complete peripheral rim of
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hyperenhancement in the portal venous phase. Incomplete or without tumor capsule was defined as the absence or
a disrupted “capsule” in any imaging plane."®

Follow-Up

Patients were followed up with AFP and imaging examinations every 3 to 6 months after hepatectomy. Tumor recurrence
was determined using enhanced CT or MRI. Disease-free survival (DFS) was recorded, defined as the time from surgery
to recurrence or death from any cause. For patients who were lost to follow-up, survival time was calculated from the
date of surgery to the last follow-up.

Segmentation and Feature Extraction
Radiologist A (Y.Y.W)., who has 7 years of experience, independently delineated the lesion areas of hepatocellular
carcinoma (HCC) on each image slice using ITK-SNAP software (version 3.8.0, http://www.itksnap.org/), without

relying on pathological results or clinical data. A senior radiologist B (H.L., with over 16 years of abdominal imaging
experience) then reviewed these delineations and resolved any inconsistencies through consensus. Ultimately, ITK-SNAP
software automatically produced the three-dimensional volume of interest (VOI). During the delineation of the region of
interest (ROI), particular care was taken to trace the tumor margins accurately, encompassing the tumor capsule while
steering clear of blood vessels and bile ducts. Additionally, to assess intraobserver and interobserver consistency in
manual segmentation, we randomly chose 40 patients and had their ROIs outlined by the same radiologist A (Y.Y.W.) and
radiologist B (H.L.) one month later.

Radiomics features were extracted from the plain, arterial, and venous phase images using the PyRadiomics package
(version 2.2.0, https://pyradiomics.readthedocs.io/en/2.2.0/). A standardized preprocessing pipeline was implemented

within the PyRadiomics framework, which included isotropic resampling to 1x1x1 mm?* voxels, intensity normalization,
and application of Laplacian of Gaussian (LoG) and Wavelet filters to highlight features at multiple scales. The complete
feature extraction parameters, including detailed filter settings and configuration, are comprehensively documented in the
Supplementary Material 1. The extracted features included the following classes as defined by PyRadiomics: 1) Shape

features, such as surface area, volume, sphericity and so on; 2) First-order gray-level features, representing the energy,
entropy, skewness, kurtosis, mean, maximum, and minimum of the ROI voxels; 3) Texture features, including Gray Level
Co-occurrence Matrix (GLCM), Gray Level Run Length Matrix (GLRLM), Gray Level Size Zone Matrix (GLSZM),
Gray Level Dependence Matrix (GLDM), and Neighboring Gray Tone Difference Matrix (NGTDM).

Feature Selection and Model Building
Before feature selection, all radiomics features underwent Z-score normalization. And the features with interobserver
coefficients (ICC) > 0.75 were chosen. To eliminate redundant features, an initial screening of radiomics features was
performed using the 7-test and Mann—Whitney U-test (p < 0.01). Subsequently, feature selection was performed using the
Least Absolute Shrinkage and Selection Operator (LASSO)-logistic regression model. The A parameter in the LASSO
regression was optimized through 10-fold cross-validation, and features with non-zero coefficients were ultimately
selected.

After analyzing with the LASSO-logistic model, the dimensionality of features was reduced, and key features were
selected from the training cohort. Then, the Rad-score was calculated by adding up the selected radiomics features
weighted by their respective coefficients.

Model Performance Assessment

Univariate and multivariate regression analysis were used to determine independent risk clinical and radiological factors
of VETC for constructing a clinical model and a radiomics nomogram. And the nomogram incorporating clinical factors,
imaging features, and radiomics features was established to create a quantitative predictive tool for VETC. The area
under the receiver operating characteristics curve (AUC) was used to evaluate the discrimination among models.
Decision curve analysis (DCA) was applied to evaluate the clinical utility of models. Additionally, calibration curves
were constructed to assess the predictive accuracy between the actual probability and predicted probability.
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Statistical Analysis

The Kolmogorov—Smirnov test was used to determine whether continuous variables followed a normal distribution.
Normally distributed variables were presented as mean + standard deviation (SD), while non-normally distributed
variables were presented by median with interquartile range (IQR). Student’s #-test or the Mann—Whitney u-test was
applied for continuous variables, and the Pearson y” test or Fisher’s exact test was used for categorical variables. Logistic
regression analysis, both univariate and multivariate, was performed to identify independent predictors for nomogram
construction. Survival curves were generated with the Kaplan-Meier method and compared by a Log rank test.

The “glmnet” software package was utilized for LASSO-logistic regression analysis to select predictive radiomic
features. The “rms” and “calibrate” packages were employed to construct the nomogram and calibration curves,
respectively. Receiver Operating Characteristic (ROC) curves were plotted, and the AUC was calculated to evaluate
the performance of the model. All statistical analyses were performed using R software (version 4.4.2, https://www.
r-project.org). A P value < 0.05 was considered statistically significant.

Results

Patients’ Characteristics

The baseline clinical and radiological characteristics of all patients are listed in Table 1. The training cohort included 162
patients (58 VETC+ and 104 VETC-), while the validation cohort included 69 patients (19 VETC+ and 50 VETC-).
There were no significant differences in the clinical characteristics between the training and validation cohorts (Table 1).
The median follow-up time for the entire cohort was 40 months (IQR, 19-48.5 months).

Univariate analysis identified AFP and tumor margin as potential predictors of VETC, while only AFP emerged as an
independent risk factor for VETC based on multivariate analysis (p = 0.049). Therefore, AFP was included in the clinical
model. The AUC (95% confidence interval [CI]) of the clinical model in the training and validation cohorts was 0.575
(0.501,0.649) and 0.696 (0.569,0.822), respectively.

Radiomics Feature Extraction and Selection
As to the intraobserver and interobserver reproducibility of radiomics feature extraction, the intraobserver ICC of two
measurements obtained by radiologist A (Y.Y.W.) were 0.911 (0.806, 0.941); In addition, the interobserver ICCs between
radiologist A (Y.Y.W.) and radiologist B (H.L.) were 0.871 (0.759, 0.925), indicating well agreement of manually
segmentation and favorable feature extraction reproducibility.

A total of 4851 radiomics features were extracted from CT scans during the plain, arterial and venous phases. After
initial screening using the #-test and Mann—Whitney U-test, 64 radiomics features with p<0.01 were selected, and 4
radiomics features were chosen through the LASSO algorithm to calculate the Rad-score (Figure 2). The calculation
formula was:

Rad-score Formula = 0.36651 + 0.10996 x Ibp 3D m2 glem correlation V

- 0.08340 x log-sigma-1.0mm-3D_ glecm_cluster _shade A
+ 0.04512 x log-sigma-1.0mm-3D gldm large dependence high gray level emphasis A
+ 0.13230 x square-filter firstorder kurtosis A

Development and Evaluation of a Radiomics Nomogram
In the training cohort, univariate analysis revealed AFP, tumor margin, and Rad-score as significant predictors of VETC
(p < 0.05). Multivariate analysis confirmed AFP (OR = 2.04, 95% CI: 0.94-4.43; p = 0.049) and Rad-score (OR = 3.01,
95% CI: 1.91-4.72; p < 0.001) as independent risk factors for VETC (Table 2). A radiomics nomogram integrating AFP
and Rad-score was subsequently developed to quantify VETC probability (Figure 3). Calibration curves demonstrated
good agreement between observed and predicted probabilities in both cohorts (Figure 4).

The ROC curves indicate that the three predictive models performed reasonably well in identifying VETC (Figure 5).
Among these three models, the radiomics nomogram demonstrated the best predictive performance, with an AUC (95%
CI) of 0.782 (0.708,0.856) in the training cohort and 0.755 (0.628,0.882) in the validation cohort. DCA demonstrated that

Journal of Hepatocellular Carcinoma 2025:12 hetps: 2073


https://www.r-project.org
https://www.r-project.org

Wei et al

Table | Clinical and Radiological Characteristics of HCC Patients in the Training and Validation

Cohorts

Characteristics Training Cohort (n = 162) | Validation Cohort (n = 69) | P value

Age (years)* 53.2+10.8 52.3%10.9 0.581

Sex
Male 22 (13.6) 7 (10.1) 0.614
Female 140 (86.4) 62 (89.9)

AFP, ng/mL 0.269
< 400 119 (73.5) 45 (65.2)
= 400 43 (26.5) 24 (34.8)

BMI 22.9 (20.3, 25.4) 23.5 (21.5, 25.8) 0.155

Liver cirrhosis 0.860
No 60 (37.0) 24 (34.8)

Yes 102 (63.0) 45 (65.2)

NI 312.8 (230.8, 478.0) 321.6 (208.1, 466.0) 0.597

NLR 1.000
<2 102 (63.0) 43 (62.3)

22 60 (37.0) 26 (37.7)

PLR 0.585
< 150 140 (86.4) 57 (82.6)
= |50 22 (13.6) 12 (17.4)

AST, UL 34.5 (27.0, 45.0) 36.0 (29.0, 50.0) 0.300

ALT, U/L 31.0 (22.2, 45.0) 36.0 (26.0, 49.0) 0.075

Tumor size (cm) 4.1 (29,57 4.7 (3.0, 6.8) 0.167

Intratumoral necrosis 0.621
Present 109 (67.3) 43 (62.3)

Absent 53 (327) 26 (37.7)

Hepatic vein invasion 0.559
Present 25 (15.4) 8 (11.6)

Absent 137 (84.6) 61 (88.4)

Portal vein tumor thrombus 0.837
Present 9 (5.6) 4 (5.8)

Absent 153 (94.4) 65 (94.2)

Tumor capsule 0.362
Complete 96 (59.3) 46 (66.7)
Incomplete/Without 66 (40.7) 23 (33.3)

Tumor margin 0.067
Smooth 98 (60.5) 47 (68.1)

Irregular 64 (39.5) 22 (31.9)

Notes: Data are number of patients; data in parentheses are percentages or median (interquartile range). *Data are means *
standard deviations.

Abbreviations: HCC, hepatocellular carcinoma; AFP, alpha-fetoprotein; BMI, body mass index; Sll, systemic immune inflam-
mation index; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; AST, aspartate aminotransferase; ALT,
alanine aminotransferase.

both the radiomics signature and radiomics nomogram provided an overall net benefit superior to the clinical model at the

most reasonable threshold probability for predicting VETC in HCC patients (Figure 6).

Survival Prediction

As of November 2024, all patients had completed follow-up. The overall recurrence rate was 51.1% (118/231), with
a recurrence rate of 61.0% (47/77) among VETC+ patients and 46.1% (71/154) among VETC- patients. HCC patients
with pathologically confirmed VETC+ demonstrated a shorter DFS compared to VETC- HCC patients (HR = 1.59; 95%
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Figure 2 Diagram shows workflow for radiomics image segmentation (l), feature extraction (ll), feature selection (Ill), nomogram construction and evaluation (IV), and

survival prediction (V).

CI: 1.10-2.29; p = 0.012; Figure 7A). Similar prognostic performance was observed in the prediction model, where the
DFS of high-risk VETC+ HCC patients predicted by the radiomics nomogram was shorter than that of VETC- HCC
patients (HR = 1.55; 95% CI: 1.08-2.23; p = 0.035; Figure 7B).

Table 2 Univariate and Multivariable Logistic Regression Analysis of Predictors of VETC

Characteristics Univariate Regression Analysis | Multivariate Regression Analysis
OR (95% CI) p value OR (95% CI) p value

Age (years) 1.01 (0.98,1.04) 0.606

Sex 1.23 (0.47,3.21) 0.675

AFP 2.12 (1.04,4.32) 0.039 2.04 (0.94,4.43) 0.049
BMI 0.97 (0.88,1.05) 0.427

Liver cirrhosis 1.34 (0.68,2.62) 0.400

Sl 1.00 (1.00,1.00) 0.657

NLR 1.19 (0.61,2.31) 0.606

PLR 1.03 (0.40,2.62) 0.953

AST 1.00 (0.99,1.02) 0.701

ALT 1.00 (0.99,1.01) 0.961

Tumor size (cm) 1.10 (0.94,1.30) 0.241

Intratumoral necrosis 1.68 (0.81,3.48) 0.166

Hepatic vein invasion 0.99 (0.41,2.51) 0911

Portal vein tumor thrombus 0.73 (0.26-1.99) 0.533

Tumor capsule 0.93 (0.48,1.79) 0.834

Tumor margin 1.97 (1.02,3.80) 0.043 1.93 (0.99,3.75) 0.053
Rad-score 3.07 (1.95,4.84) <0.001 3.01 (1.91,4.72) <0.001

Abbreviations: VETC, vessels encapsulating tumor clusters; HCC, hepatocellular carcinoma; AFP, alpha-fetoprotein; BMI, body
mass index; Sll, systemic immune inflammation index; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio;
AST, aspartate aminotransferase; ALT, alanine aminotransferase.
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Discussion

VETC represents a novel mechanism of vascular metastasis in HCC, strongly linked to a poorer prognosis for
patients.'®!" Currently, VETC assessment relies primarily on histopathological examination after surgery, limiting its
clinical applicability. In this study, we developed and validated a non-invasive CT-based radiomics nomogram for
predicting VETC in HCC patients preoperatively. This approach integrates AFP with radiomics features. The radiomics
nomogram achieved AUCs of 0.782 and 0.755 in the training and validation cohorts, respectively. Additionally, the
nomogram correlated with patients’ postoperative disease-free survival. This non-invasive prediction method holds
promise as a practical preoperative evaluation tool in clinical practice.
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Our study found that AFP is an independent predictor of VETC in the clinical model. Moreover, AFP stands out as
the only clinical predictor incorporated into the radiomics nomogram. As the most widely used diagnostic and prognostic
serum biomarker for HCC, elevated serum AFP level is strongly associated with poor tumor differentiation and
unfavorable clinical outcomes.'® ' Previous studies have also demonstrated that serum AFP can serve as an independent
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VETC status (B) with Kaplan-Meier analysis.
Abbreviations: VETC, vessels encapsulating tumor clusters; RN, radiomics nomogram.

predictor of the presence of VETC in HCC.'?** Additionally, univariate analysis in this study showed a significant
correlation between irregular tumor margin and VETC expression. However, this association lost statistical significance
in multivariate analysis, potentially due to variable interactions or selection bias in cohort stratification.

With the advancement of computer-aided diagnosis methods, radiomics has been explored for the diagnosis of
HCC.>*?® By quantifying image data, radiomics significantly enhances the objectivity of imaging analysis. While
previous studies have established radiomics models based on MRI or ultrasound for predicting VETC in HCC patients

. - 27-29
with promising results,”’

our study focuses on the utility of CT radiomics for this purpose. This approach is motivated
by the distinct practical advantages of CT, including its wider availability, lower cost, and faster acquisition times
compared to MRI, as well as its greater reproducibility and reduced operator-dependence compared to ultrasound.
Consistent with these advantages, our developed CT-based radiomics signature demonstrated higher predictive value for
VETC compared to the clinical model. Moreover, the integrated radiomics nomogram, which blends clinical factors with
the Rad-score, elevated predictive performance further, highlighting the value of clinical data integration. Additionally,
the radiomics nomogram exhibited relatively good and robust performance in both the training and validation cohorts,
indicating the potential of CT-based radiomics method for predicting VETC-HCC. Notably, the predictive model
developed in this study demonstrated that the key radiomic features were predominantly texture features, showing
significantly greater contributions than first-order and shape features. This observation shows consistency with the
conclusion of Zhang et al’s study based on MRI radiomics for predicting MVI grades, which also identified texture
features as major contributors.’® These results suggest that although vascular invasion patterns (VETC and MVT) differ
pathologically, their shared spatial heterogeneity can be effectively characterized through advanced texture analysis.
Methodologically, this highlights radiomics’ ability to decode tissue microarchitecture, revealing biological heterogeneity
in HCC. The biological rationale underlying this link may be that the aberrant microvascular network characteristic of
VETC+ HCC causes regional variations in blood flow and intratumoral stroma, which in turn manifest as textural
heterogeneity on CT imaging. This proposed mechanism provides a plausible hypothesis for our model’s performance
that warrants further validation.
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Besides, consistent with previous studies, our research also found that histological VETC is associated with poorer
HCC prognosis.'®*! The DFS of VETC+ HCC patients was significantly shorter than that of VETC- HCC patients.
Recently, radiomics has been employed by researchers to forecast postoperative prognosis in HCC.>** Both Yu et al*®
and Dong et al** reported that the MRI-based radiomics model could be used to preoperatively predict VETC
expression and patient prognosis in HCC. Similar findings were observed in our study, indicating that VETC predicted
by the radiomics nomogram is an independent predictor of DFS in HCC patients. This provides a convenient and
practical auxiliary identification tool for clinical applications. Radiologists can not only utilize this model to analyze
patients’ preoperative CT images and initially determine the presence of VETC in lesions, but also provide reference
opinions for subsequent treatment decisions and assist clinicians in personalized management of patients, such as
selecting postoperative adjuvant transcatheter arterial chemoembolization (TACE) and anti-angiogenic targeted
drugs 3536

This study has several limitations. First, its retrospective, single-center design is subject to potential selection bias and
limits the generalizability of our findings. Second, the manual segmentation of tumors is time-consuming and operator-
dependent. Third, the limited number of VETC+ cases in the validation cohort may affect the stability of the performance
estimates. Future work should therefore prioritize the development of fully automated segmentation tools to facilitate
clinical translation. Finally, external validation in multi-center settings remains essential to conclusively confirm the
model’s robustness and generalizability.

Conclusion

In conclusion, this study established a non-invasive CT-based radiomics nomogram that integrates AFP and tumor texture
features for the preoperative prediction of VETC status in HCC. The model demonstrated favorable performance and
effectively stratified patients’ postoperative DFS, highlighting its potential as a practical tool for pre-operative risk
assessment and personalized therapy planning. Nevertheless, these findings require further validation in large-scale,
multicenter, prospective cohorts before they can be adopted into routine clinical practice.
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