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Machine learning models for predicting microvascular 

invasion in hepatocellular carcinoma with three-dimensional 
18

whole-lesion F-FDG PET radiomics  

Abstract
Objective: To estimate the performance of machine learning models based on preoperative three-dimen-
sional whole-lesion radiomics features for predicting microvascular invasion (MVI) in hepatocellular carci-
noma (HCC).  Subjects and Methods: This retrospective study included 106 individuals who underwent 

18preoperative �uorine-18-�uorodeoxyglucose ( F-FDG) positron emission tomography/computed tomo-
graphy (PET/CT) and were pathologically diagnosed with HCC at Guangxi Medical University Cancer Hos-
pital between January 2018 and December 2023. Individuals were randomly assigned to training (n=74) 
and validation (n=32) sets. A total of 2,016 radiomic features were extracted from three-dimensional who-
le-lesion PET images. Least absolute shrinkage and selection operator regression combined with recursive 
feature elimination identi�ed the optimal feature subset. Logistic regression (LR), Light Gradient Boosting 
Machine (LightGBM), and multilayer perceptron (MLP) models were developed. Model performance in the 
validation set was evaluated using precision, area under the receiver operating characteristic curve (AUC), 
and F1-score. Results: Six key radiomic features were selected. In the validation set, the LR model achieved 
an AUC of 0.703, precision of 0.750, and F1-score of 0.765; the LightGBM model achieved an AUC of 0.654, 
precision of 0.688, and F1-score of 0.687; and the MLP model achieved an AUC of 0.629, precision of 0.625, 
and F1-score of 0.625. Conclusion: The LR model demonstrates the best overall performance and shows 
promise for noninvasive preoperative MVI assessment.
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Introduction

Hepatocellular carcinoma (HCC) is the sixth most common cancer worldwide and 
the second leading cause of cancer-related deaths in China, imposing a substan-
tial disease burden [1]. In 2022, China recorded 316,500 deaths from liver cancer 

[2]. Although surgical resection and liver transplantation remain the primary HCC treat-
ments, postoperative recurrence rates remain high (50%-70%), which considerably im-
pairs long-term survival outcomes [3-5]. Microvascular invasion (MVI), de�ned as the exis-
tence of tumor cell nests within the vascular lumen on microscopic examination, is a key 
pathological factor contributing to early postoperative HCC recurrence [6]. A large meta-
analysis demonstrated that MVI is an independent risk factor for poor prognosis in indi-
viduals with HCC. Microvascular invasion resulted in a signi�cantly decreased 5-year over-
all survival rate (hazard ratio [HR]=2.05, 95% con�dence interval [CI]: 1.75-2.40) [7]. There-
fore, for patients with MVI con�rmed preoperatively or postoperatively, more aggressive 
surgical strategies such as anatomical liver resection or transplantation are often consi-
dered in clinical practice [8].

Currently, conventional imaging techniques have limited accuracy in the preoperative 
identi�cation of MVI status and rely mainly on postoperative pathological diagnoses. Al-
though preoperative biopsy provides an alternative, it is invasive, limited by signi�cant 
tumor heterogeneity and sampling constraints, and has a sensitivity of less than 60% [9]. 
Therefore, clinical practice requires the development of a noninvasive and precise pre-
operative technique for predicting MVI.

Radiomics, which allows high-throughput isolation of deep quantitative characteristics 
from medical images, can noninvasively quantify intratumoral heterogeneity, thereby re-
vealing the pathological microenvironment and biological behavior of the tumor and 
providing an important basis for precision medicine [10, 11]. Recently, several advances 
have been made in studies based on multimodal imaging for MVI prediction. Speci�cally, 
CT-based studies have demonstrated that radiomics models using arterial or portal venous
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phase images perform well (AUC=0.73-0.80) [12, 13], altho-
ugh consensus regarding the optimal imaging phase is lac-
king. MRI-based studies have shown excellent predictive 
performance for T2-weighted imaging sequences (AUC= 
0.808) [14]; however, standardized protocols for contrast 
agent administration and multi-sequence combination stra-
tegies are still lacking. Additionally, ultrasound radiomics has 
shown potential in meta-analyses (pooled AUC=0.81) [15]; 
however, its results are susceptible to operator experience 
and equipment variability [16]. More importantly, these mor-
phological imaging modalities are limited in their ability to 
directly capture the metabolic behavior of tumors.

18Fluorine-18-�uorodeoxyglucose ( F-FDG) positron emis-
sion tomography/computed tomography (PET/CT) integra-
tes precise anatomical localization with functional metabolic 
data and provides a unique perspective to overcome the 
above limitations. Investigations have illustrated that meta-

18bolic parameters from F-FDG PET/CT metabolic parame-
ters (e.g., metabolic tumor volume [MTV] and total lesion 
glycolysis [TLG]) are signi�cantly associated with MVI and 
can serve as noninvasive preoperative predictors [17, 18]. 
Furthermore, PET radiomic features can reveal metabolic 
heterogeneity within tumors, o�er more comprehensive in-
formation for MVI prediction, and demonstrate promise in 
predicting MVI in HCC [19, 20]. For example, a model based 
on two-dimensional PET/CT features developed by Wang et 
al. (2022) achieved an AUC of 0.806 for the validation set [19], 
whereas an investigation by Li et al. (2021) focusing on early-
stage HCC reported an AUC of 0.692 [20]. Nevertheless, the-
se studies have several limitations. First, feature extraction is 
often limited to two-dimensional slices and does not fully 
utilize the information on the three-dimensional spatial he-
terogeneity of tumors. For instance, in the study by Wang et 
al. (2022), two-dimensional slices covered only approxima-
tely 28.7%±6.2% of the tumor volume [19]. Second, model 
development typically relies on a single machine-learning 
algorithm, and systematic comparison and validation across 
di�erent algorithms remain lacking. For example, the single 
random forest model used by Li et al. (2021) had a cross-vali-
dation AUC variation as high as 0.21 [20].

In the present study, a multi-algorithm machine learning 
18framework based on three-dimensional whole-lesion F-

FDG PET radiomic features was developed to overcome the 
limitations of traditional two-dimensional radiomic analysis 
and address the challenges of comprehensive feature ex-
traction and model generalizability. Speci�cally, a three-di-
mensional volume of interest (VOI) segmentation strategy 
was employed, and tumor contours were delineated slice-
by-slice to avoid areas of necrosis. The features were then 
comprehensively extracted from the original images and the 
eight types of �ltered images. Subsequently, the predictive 
performances of the light gradient boosting machine (Lig-
htGBM), logistic regression (LR), and multilayer perceptron 
(MLP) algorithms were systematically compared, and the 
optimal model for preoperative MVI prediction was iden-
ti�ed. This framework was designed to provide a novel, 
noninvasive, and accurate approach for preoperative MVI 
evaluation in patients with HCC, thereby o�ering imaging-
based evidence to support individualized clinical decision-
making.

Subjects and Methods

Study Population
The present investigation retrospectively included 106 indi-

18viduals with HCC who underwent preoperative F-FDG PET/ 
CT at Guangxi Medical University Cancer Hospital between 
January 2018 and December 2023. Among them, 93 were 
men and 13 were women, and the average age was 52.41± 
11.44 years. 

Inclusion criteria:
1) Postoperative pathological con�rmation of HCC with a de-

18�nitive MVI status. 2) Preoperative F-FDG PET/CT images of 
su�cient quality for radiomic analysis. 

Exclusion criteria:
1) Receipt of antitumor therapy such as transcatheter arterial 
chemoembolization, radiotherapy, or targeted therapy be-
fore PET/CT examination. 2) Postoperative pathology indica-
ting combined-type HCC or indeterminate MVI status. All 106 
individuals were classi�ed into MVI-positive (n=43) and MVI-
negative (n=63) groups according to the postoperative 
pathological results. The individuals were then randomly as-
signed in a 7:3 ratio to a training set (n=74) for model creation 
and validation set (n=32) for performance estimation. This 
study was approved by the Ethics Committee of Guangxi Me-
dical University Cancer Hospital. Owing to the retrospective 
nature of the study, informed consent was not required.

18Acquisition of F-FDG PET/CT image
All images were acquired using a GE Discovery 710 PET/CT 

18scanner. The radiotracer F-FDG was produced in-house us-
ing an HM-10HC cyclotron (Sumitomo, Japan) and an F300E-
2 chemical synthesizer (Sumitomo, Japan). The radioche-
mical purity was >95%. Individuals fasted for at least 6h be-
fore the scan, and their fasting blood glucose levels were 

18<11.1mmol/L. Subsequently, F-FDG was administered in-
travenously at a dose of 3.70-5.55MBq/kg according to body 
weight. After a 60-min resting period, scanning was perfor-
med. Low-dose CT (tube voltage, 120kV; tube current auto 
modulation) was initially performed for anatomical localiza-
tion and attenuation correction. Then, PET emission scan-
ning was conducted (3D acquisition mode, 7-8 bed posi-
tions, 1.5 min/bed position). Positron emission tomography 
images were reconstructed using an iterative algorithm, and 
all images were archived in DICOM format in the PACS sys-
tem for potential future use. All image analyses were perfor-
med independently by two senior nuclear medicine physici-
ans who were blinded to the clinical and pathological infor-
mation. Any discrepancies were resolved by consensus.

Collection of clinical and imaging variables
1)  Clinical variables included age, body mass index (BMI), al-

cohol use, hepatitis B, alpha-fetoprotein (AFP), sex, glu-
tamate dehydrogenase (GLDH), serum albumin (ALB), as-
partate aminotransferase (AST), alanine aminotran-
sferase (ALT), and gamma-glutamyl transferase (GGT).

Original Article

93www.nuclmed.gr 17Hellenic Journal of Nuclear Medicine     January-April 2026•   



2)  Imaging variables included tumor size (maximum diame-
ter measured on PET/CT fusion images); metabolic para-
meters acquired using a 40% SUV threshold method; ma-
ximum (SUVmax), mean (SUVmean), and peak (SUVpeak) 
standar-dized uptake values; TLG; and MTV.

Target delineation and feature extraction

Target delineation
Manual delineation of the boundaries of each HCC lesion 
was performed slice-by-slice on PET/CT fusion images by a 
nuclear medicine physician blinded to pathological outco-
mes using ITK-SNAP software (version 3.8). Three-dimen-
sional volumes of interest (VOI) were generated for all lesi-
ons. Only the largest lesion was delineated in the individuals 
with multiple lesions. To ensure reproducibility, images from 
30 randomly chosen individuals were redelineated by ano-
ther physician. All delineations were performed strictly along 
the edges of the metabolically active tumor regions, and are-
as of necrosis, cystic changes, and adjacent large vessels we-
re avoided (Figure 1).

Feature extraction
The delineated VOI and corresponding images were impor-
ted into Python (version 3.7.10). First, all images were resam-
pled to an isotropic resolution of 3×3×3mm³ using the ne-
arest-neighbor interpolation method as a preprocessing 
step. Subsequently, for each patient, features were extracted 
from the original images and images processed with eight 
di�erent �lters: Laplacian of Gaussian, wavelet transform 
(Wavelet), square, square root, exponential, gradient, loga-
rithm, and three-dimensional local binary pattern, using Py-
Radiomics (v. 3.0.1). Seven feature categories were extracted: 
�rst-order statistics, neighboring gray-tone di�erence mat-
rix, shape (3D), gray-level co-occurrence matrix, run-length 
matrix, gray-level size zone matrix, and gray-level depen-
dence matrix. The initial feature pool included 2,016 features.

Feature selection and model development

Feature selection
A four-step feature selection procedure was employed to eli-

minate over�tting and multicollinearity:
1)  Features with an intraclass correlation coe�cient (ICC) ≥

0.75, which accounted for 82.3% of all features, were reta-
ined to ensure inter-observer consistency. 

2)  The Mann-Whitney U test was initially used to screen fe-
atures (P<0.05). 3) Recursive feature elimination was con-
ducted to address multicollinearity, and low-variance fe-
atures were removed when |r| >0.9. 

4)   Least absolute shrinkage and selection operator (LASSO) 
regression with 10-fold cross-validation (�=0.0146) was 
applied to compress the feature space. Ultimately, six fe-
atures were selected for model development (Figure 2).

Model development and evaluation
The six selected core features were input into three machine 
learning algorithms (LR, LightGBM, and MLP) to develop 
predictive models for MVI. All models were trained on the 
training set, and their performance was assessed using an in-
dependent validation set. The performance metrics inclu-
ded precision, area under the receiver operating characte-
ristic (ROC) curve (AUC), and F1-score. The DeLong test was 
used to compare the AUC of the ROC curves between the dif-
ferent models.

Statistical methods
Continuous variables with normal distributions are expres-
sed as mean±standard deviation          , and the indepen-
dent-samples t-test was employed for comparison. Data 
with non-normal distribution are reported as median (inter-
quartile range) [M (P25, P75)] and were compared using the 
Mann-Whitney U test. Categorical variables were presented 
as frequencies (n) and percentages (%), and the chi-square 
test or Fisher's exact test was used for comparison. Univa-
riate logistic regression was used to assess the associations 
between the clinical and imaging variables and MVI status. 
IBM SPSS Statistics (version 26.0) and Python 3.7.10 were uti-
lized for statistical analyses, with signi�cance set at P<0.05.

Results

Baseline clinical and imaging characteristics

Figure 1. Three-dimensional target delineation and merged VOI generation. Note: A represents manual slice-by-slice region of interest (ROI) delineation, and B 
represents the volumes of interest (VOI) generated by merging ROI.

Original Article
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The distribution of MVI positivity did not di�er signi�cantly 
between the investigated sets (45.9% vs. 28.1%, P=0.134). 
The baseline clinical and imaging characteristics between 
the two sets did not vary signi�cantly with respect to sex, age, 
BMI, tumor size, or PET metabolic parameters (all P>0.05), ex-
cept for a history of hepatitis B (P=0.023). This indicates a ba-
lanced dataset partitioning. Details are presented in Table 1.

Univariate analysis of clinical and imaging variables 
associated with MVI status in the training set
Univariate logistic regression analysis was conducted on the 
training set to estimate the correlation between clinical and 
conventional imaging variables and MVI status. Among all 
variables assessed for their association with MVI status, only 
tumor size was signi�cantly associated with MVI status (OR= 
1.149, 95% CI, 1.003-1.316; P=0.046). Sex, age, AFP level, liver 
function parameters (ALT, AST, GGT, GLDH, and ALB), and 
PET metabolic parameters did not show signi�cant predic-
tive value (P>0.05). Details are presented in Table 2.

Radiomic feature selection results
A total of 2,016 features were extracted from the original and 
�ltered images. After a four-step selection process, the six 
non-redundant features most closely associated with MVI 
were retained for model development. Figure 3 shows the 
coe�cients of these characteristics.

Development and performance evaluation of predictive 
models
Based on the six selected characteristics, LR, LightGBM, and 
MLP predictive models were developed. Table 3 shows the 
performance metrics of each model for the training and in-
dependent validation sets, and Figure 4 shows the corres-
ponding ROC curves. 

In the validation set, the LR model demonstrated the best 

overall performance, superior to those of the LightGBM and 
MLP models (AUC: 0.703 vs. 0.654 vs. 0.629; accuracy: 0.750 
vs. 0.688 vs. 0.625; F1-score: 0.765 vs. 0.687 vs. 0.625). De 
Long's test showed no signi�cant variation in the AUC bet-
ween the investigated sets for all the models (P>0.05, Table 
4). This indicates that over�tting did not occur. Although pair-
wise comparisons of AUC between models in the validation 
set did not show signi�cant di�erences (P>0.05, Table 5), a 
comprehensive evaluation demonstrated that the LR model 
had the best and most stable performance (Figure 5). 

Discussion

In this study, we developed and compared three machine le-
arning models for preoperative MVI prediction in HCC using 

183D whole-lesion F-FDG PET radiomics. The primary �nding 
of this study was that the LR model demonstrated the most 
stable and best overall performance in the independent vali-
dation set (AUC: 0.703, precision: 0.750, F1-score: 0.765), o�e-
ring a reliable and interpretable tool for noninvasive MVI as-
sessment.

Methodological strengths of the present 3D whole-le-
sion PET radiomics approach
The primary methodological strength of our work lies in the 
adoption of a 3D whole-lesion radiomics analysis on PET ima-
ges, a meaningful advancement over prior 2D slice-based ap-
proaches which may capture only a fraction of tumor volume 
and heterogeneity [19]. By delineating the entire tumor vo-
lume, our method comprehensively captures spatial hetero-
geneity, which is crucial for characterizing aggressive biolo-

18gical behaviors such as MVI. Furthermore, the use of F-FDG 
PET imaging o�ers unique advantages for MVI prediction.

Original Article
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Figure 2. Selection of radiomic features using LASSO regression combined with cross-validation of 10 folds. Note: A. LASSO coe�cient pro�le plot (shows changes in fe-
ature coe�cients with varying �);B. Cross-validation plot (the minimum mean square error [MSE] occurs at �=0.0146)  "Coe�cients" represent feature coe�cients; 
"MSE" represents mean square error.



93 Hellenic Journal of Nuclear Medicine     January-April 2026•   www.nuclmed.gr20

Original Article

Table 1. Comparison of baseline characteristics.

Clinical and imaging variables Training Set (n=74) Validating Set (n=32) P-value

Sex (male/female) 67/7 26/6 0.205

Age (years, x±s) 52.41±11.44 52.75±7.84 0.858

BMI (kg/m², median [P25, P75]) 22.62 [20.42, 25.38] 24.41 [20.42, 26.44] 0.327

History of alcohol use (no/yes) 41/33 23/9 0.111

History of hepatitis B (no/yes) 22/52 3/29 0.023

History of cirrhosis (no/yes) 34/40 12/20 0.421

AFP (ng/mL, [P25, P75]) 71.55 [6.02, 936.00] 102.45 [8.67, 1200.00] 0.502

ALT (U/L, [P25, P75]) 37.00 [26.75, 56.50] 37.50 [20.00, 51.25] 0.506

AST (U/L, [P25, P75]) 42.00 [32.75, 61.00] 43.00 [33.25, 51.00] 0.603

GLDH (U/L, [P25, P75]) 9.50 [6.00, 13.00] 7.00 [6.25, 10.00] 0.114

GGT (U/L, [P25, P75]) 65.50 [40.00, 98.50] 68.50 [47.75, 111.00] 0.570

ALB (g/L, x±s) 37.64±4.68 38.49±3.63 0.362

Tumor size (cm, [P25, P75]) 5.25 [3.30, 8.23] 4.90 [3.43, 7.45] 0.931

SUVmax (median [P25, P75]) 5.79 [4.22, 7.71] 6.89 [4.41, 9.56] 0.106

SUVmean (median [P25, P75]) 3.11[2.50, 4.19] 3.72 [2.60, 5.45] 0.126

SUVpeak (median [P25, P75]) 4.30 [3.29, 6.42] 5.17[3.43, 7.46] 0.224

MTV (median [P25, P75]) 78.41 [38.19, 231.18] 52.62 [19.23, 121.75] 0.065

TLG (median [P25, P75]) 248.30 [129.45, 631.43] 219.40 [75.69, 573.45] 0.203

MVI (negative/positive) 40/34 23/9 0.086



Table 2. Univariate analysis of clinical and imaging variables linked to MVI status in the training set.

Clinical and imaging variables

Univariate analysis  

OR 95% CI P-value

Gender (male/female, 67/7) 3.276 0.593-18.104 0.174

Age (years, 52.41±11.44) 1.010 0.970-1.051 0.634

BMI (kg/m², 23.02±3.35) 0.987 0.860-1.133 0.854

History of alcohol use (no/yes, 41/33) 0.965 0.385-2.421 0.939

History of hepatitis B (no/yes, 22/52) 0.611 0.224-1.667 0.336

AFP (ng/mL, 71.55 [6.02, 936.00]) 1.000 1.000-1.001 0.382

ALT (U/L, 37.00 [26.75, 56.50]) 0.998 0.990-1.006 0.624

AST (U/L, 42.00 [32.75, 61.00]) 0.999 0.992-1.006 0.777

GLDH (U/L, 9.50 [6.00, 13.00]) 1.001 0.970-1.032 0.959

GGT (U/L, 65.5 [40.00, 98.50]) 1.002 0.998-1.006 0.360

ALB (g/L, 37.64±4.68) 0.993 0.897-1.099 0.889

Tumor size (cm, 5.25 [3.30, 8.23]) 1.149 1.003-1.316 0.046

SUVmax (5.79 [4.22, 7.71]) 1.065 0.947-1.197 0.294

SUVmean (3.11 [2.50, 4.19]) 1.120 0.895-1.401 0.324

SUVpeak (4.30 [3.29, 6.42]) 1.111 0.948-1.302 0.193

MTV (78.41 [38.19, 231.18]) 1.003 1.000-1.006 0.102

TLG (248.30 [129.45, 631.43]) 1.001 1.000-1.002 0.077

Note: OR=odds ratio.
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Figure 3. Six key radiomic features selected by LASSO regression and their coe�cients. Note: The y-axis denotes the six optimal characteristics, and the x-axis denotes 
the coe�cients.

Table 3. Performance evaluation of three machine learning models on the investigated sets

AUC Accuracy F1-score 95% CI Sensitivity Specificity

Training set
Validation set

LR

0.808 0.743 0.689 0.697–0.918 0.778 0.723

0.703 0.750 0.765 0.508–0.899 0.812 0.687

Light GBM

0.784 0.743 0.642 0.680–0.890 0.630 0.809

0.654 0.688 0.687 0.455–0.853 0.687 0.687

MLP

0.815 0.716 0.687 0.708–0.921 0.852 0.638

0.629 0.625 0.625 0.427–0.831 0.625 0.625

Note: The F1-score is a comprehensive metric for binary classi�cation model accuracy. MLP, multilayer perceptron; LR, logistic regression



Figure 4. ROC curves of the three machine learning models on the investigated sets. Note: A, B, and C represent the LR, LightGBM, and MLP models, respectively. 
"Speci�city" and "Sensitivity" refer to the respective metrics.

Table 4. DeLong's test results for AUC comparison between the investigated sets.

Model (Training set vs. Validation set) Z value 95% CI P value

LR 0.929 -0.116–0.325 0.353

LightGBM 1.151 -0.092–0.352 0.250

MLP 1.622 -0.039–0.411 0.105

MLP, multilayer perceptron; LR, logistic regression

Table 5. DeLong's test results for pairwise AUC comparisons between the three models on the validation set

Model Z value 95% CI P-value

LR vs MLP -0.417 -0.040–0.026 0.676

LR vs LightGBM 0.446 -0.079–0.125 0.656

MLP vs LightGBM 0.571 -0.074–0.135 0.571

MLP, multilayer perceptron; LR, logistic regression

Unlike conventional anatomical imaging modalities, PET 
provides functional information about tumor glucose meta-
bolism, which has been shown to correlate with tumor ag-
gressiveness and metastatic potential [21]. The metabolic ac-
tivity captured by PET may re�ect underlying biological pro-
cesses involved in MVI development, including angioge-
nesis, hypoxia, and epithelial-mesenchymal transition [22]. In 
our study, wavelet-derived �rst-order features and texture fe-
atures capture the intensity and spatial distribution of meta-

bolic heterogeneity within tumors, which is consistent with 
the evidence that PET-derived metabolic heterogeneity indi-
cators are signi�cant predictors of MVI [23]. The reproducibi-
lity and standardization of our 3D whole-lesion segmenta-
tion protocol represent additional strengths. By employing a 
standardized approach to tumor delineation and feature ex-
traction, we minimize inter-observer variability and enhance 
the clinical applicability of our method. This is particularly im-
portant for multicenter validation and eventual clinical imple-

Original Article
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Figure 5. AUC, accuracy, and F1-score of the 3 machine learning models. Note: "Accuracy" refers to accuracy; the x-axis denotes the model type, and the y-axis denotes 
the metric value.

mentation [24] . The superiority of 3D radiomics is suppor-
ted by studies showing higher feature stability and predic-
tive performance compared to 2D methods in HCC and ot-
her cancers [25, 26].
 
Interpretability and performance of the logistic regres-
sion model
A central �nding of our study is that the relatively simple LR 
model outperformed more complex algorithms (LightGBM 
and MLP). This can be attributed to several factors well-su-
ited to the context of radiomics with limited sample sizes. 
First, LR, particularly with regularization, e�ectively balances 
feature selection and mitigates over�tting in high-dimen-
sional, small-sample settings, promoting better generalizabi-
lity [27]. Second, its inherent robustness to noise and lower 
risk of over�tting compared to complex, high-capacity mo-
dels like MLP is advantageous when inter-feature correlati-
ons are moderate, as in our data [28]. Most importantly, the 
LR model o�ers high interpretability by providing explicit 
feature coe�cients (e.g., �=1.86 for Wavelet-LLH_glszm_ Zo-
neEntropy), translating the �black box� of radiomics into a 
transparent decision framework [29]. This interpretability is 
crucial for building clinical trust and facilitating the integra-
tion of such models into preoperative decision-making work-
�ows.

Limitations and future directions
This study has numerous limitations. First, as this was a sin-
gle-center retrospective investigation with a relatively small 
sample size (n=106), the generalizability of the models may 
be limited. Second, although tumor size was identi�ed as a 
signi�cant predictor of MVI (P=0.046), it was not integrated 
with radiomics features to develop a combined model. Fi-
nally, although the reproducibility of manual VOI deline-
ation was ensured by ICC assessment (ICC≥0.75), this pro-
cess remains subjective.

To address these limitations, we propose the following fu-

ture research directions: (1) conducting large-scale, multi-
center prospective investigations to further con�rm model 
performance, (2) exploring the integration of clinical predic-
tors with predictive value, such as tumor size, with radiomic 
features to develop multimodal predictive models, and (3) 
developing automated medical image segmentation sys-
tems based on deep learning (e.g., U²-Net [30]) to improve 
segmentation e�ciency and objectivity.

In conclusion, the LR model developed on the basis of 
18three-dimensional whole-lesion F-FDG PET radiomic fe-

atures demonstrates promising predictive ability for MVI 
status in HCC and may act as an e�ective noninvasive tool 
for MVI preoperative evaluation.
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