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Objective: To develop and validate a non-invasive model for predicting early recurrence (ER) after microwave ablation (MWA) in
patients with hepatocellular carcinoma (HCC) and comorbid type 2 diabetes (T2D).

Methods: This retrospective study enrolled 186 HCC patients with T2D who underwent MWA and were divided into training (n=149)
and validation (n=37) cohorts. Preoperative clinical parameters and portal-venous phase MRI radiomic features were extracted.
A radiomics score (RAD -score) was constructed using the K-nearest neighbors (KNN) algorithm after feature selection. A clinical
model was built using logistic regression, and a nomogram integrating clinical factors and the RAD -score was established. Model
performance was evaluated using ROC curves, calibration curves, and decision curve analysis (DCA). Kaplan—Meier curves,
pathological analysis, and immunohistochemistry validated prognostic stratification.

Results: Four core radiomic features were identified. The combined nomogram achieved AUCs of 0.877 (training) and 0.846
(validation), outperforming the clinical (AUC 0.718) and radiomics (AUC 0.774) models alone. In the validation cohort, the
sensitivity, specificity, and negative predictive value were 80.0%, 83.8%, and 90.1%, respectively. DCA showed a significant net
benefit across threshold probabilities of 0.1-0.9. High-risk patients had a 5.8-fold (training) and 2.51-fold (validation) higher
recurrence risk with significantly shorter progression-free survival. Pathological and immunohistochemical analyses confirmed more
aggressive tumor features (higher rates of microvascular invasion, poor differentiation, thick-trabecular type, CD34 expression, and
glypican-3 expression) in the high-risk group.

Conclusion: The nomogram provides a satisfactory prediction of early recurrence within two years after MWA in HCC patients with
T2D, enabling individualized postoperative surveillance and intervention.
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Introduction

Primary liver cancer is the sixth most common malignancy and third leading cause of cancer-related deaths worldwide.'
Hepatocellular carcinoma (HCC) accounts for approximately 75-85% of all primary liver cancers.” In recent years, the
landscape of systemic treatment for hepatocellular carcinoma has been constantly evolving; targeted and immunotherapy
have become the standard first-line treatments for advanced hepatocellular carcinoma and have shown promise in terms
of disease downstaging, disease conversion and management following recurrence.>* Nevertheless, for patients with

early-stage HCC who are not candidates for surgical resection, microwave ablation (MWA) remains one of the preferred
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curative treatment options. MWA offers comparable overall survival and disease-free survival to surgery, along with
advantages including fewer complications, shorter hospital stays, lower costs, and repeatability.’

Despite the efficacy of MWA, early recurrence following ablation remains a major clinical concern. Studies have
reported that the recurrence rate in patients with cirrhosis-associated HCC can reach up to 70.0% within five years, with
the highest risk occurring within the first two years after ablation.® To date, established risk factors for post-ablation
recurrence include tumor size, tumor number, histological differentiation grade, and cirrhosis stage. However, the
recurrence risk profile in specific patient populations with distinct comorbidities—particularly type 2 diabetes (T2D)—
remains poorly characterized and requires further investigation.

Accumulating evidence has shown that T2D has a close bidirectional interaction with liver disease progression and is
a well-recognized independent risk factor for HCC development.’ Diabetes accelerates liver fibrosis and drives malignant
transformation through multiple pathophysiological mechanisms, including insulin resistance, hyperinsulinemia, chronic
oxidative stress, and persistent inflammatory responses. At the molecular level, the oxidative stress regulator PRDX6 has
been verified to promote HCC malignant progression and correlate with poor prognosis,® providing mechanistic evidence
for diabetes-aggravated HCC development. Collectively, these pathological alterations increase HCC risk by two to
threefold in patients with T2D."'* On the other hand, liver cirrhosis itself disrupts glucose metabolic homeostasis and
induces hepatogenous diabetes, forming a vicious cycle of diabetes-cirrhosis-HCC and further complicating disease
progression.'>!7 Recent studies have confirmed that patients with concurrent diabetes and cirrhosis face a significantly
higher risk of developing HCC than those with either condition alone. Furthermore, once diagnosed with HCC, these
patients have substantially higher risks of all-cause mortality and disease progression compared with non-diabetic
patients.'® Taken together, these findings indicate that patients with cirrhosis-associated HCC and comorbid T2D
represent an ultra-high-risk population for postoperative recurrence, with unique clinical characteristics and unmet
needs for targeted recurrence prevention strategies.

In current clinical practice, HCC is typically diagnosed and staged using noninvasive imaging modalities such as
computed tomography (CT) or magnetic resonance imaging (MRI).'"> As an emerging imaging analysis technique,
radiomics extracts quantitative high-throughput features from medical images and converts visual diagnostic information
into analyzable structured data to support clinical decision-making. Its core theoretical basis is that biomedical images
contain rich pathophysiological information that cannot be visually identified by clinicians.?**' To date, radiomics has
been successfully applied as a non-invasive biomarker for predicting HCC diagnosis,?* tumor staging,”® prognosis,* and
treatment response.”> However, for the high-risk population of HCC patients with comorbid T2D, reliable non-invasive
biomarkers for accurate prediction of early recurrence after MWA are still lacking. Therefore, integrating conventional
clinical risk factors with MRI-based radiomics features to develop and validate a personalized recurrence prediction
model is of great clinical significance, which can facilitate the identification of high-risk patients, guide intensified

postoperative surveillance, and inform individualized adjuvant treatment decisions.

Methods

Study Population

This retrospective study enrolled patients hospitalized at the Eastern Hepatobiliary Surgery Hospital between January 1,
2015, and December 30, 2019. All eligible participants were diagnosed with HCC and received percutancous MWA as
curative treatment. Inclusion criteria were: (1) confirmed diagnosis of HCC based on the 2010 AASLD guidelines, (2)
completion of contrast-enhanced MRI within 4 weeks prior to treatment, and (3) absence of a history of other
malignancies. The exclusion criteria were: (1) incomplete clinical data, (2) loss to follow-up, and (3) poor MRI image
quality. In this study, early recurrence (ER) was defined as tumor recurrence occurring within two years after MWA. This
retrospective study was conducted in accordance with the Declaration of Helsinki. The study protocol was approved by
the Ethics Committee of Eastern Hepatobiliary Surgery Hospital (approval number: EHBHK Y2022-H-P002). Due to the
retrospective design, informed consent was waived by the ethics committee. All data were fully anonymized before
analysis. The detailed screening process is illustrated in Figure 1.
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Figure | Flow chart of patients inclusion and exclusion of the whole study.

Microwave Ablation Procedure

The primary MWA device used was a KY-2000 model (Nanjing Kangyou Microwave Energy Application Institute, China).
Ultrasound-guided percutaneous thermal ablation was performed under local anesthesia supplemented with intravenous
anesthesia. Pre-treatment contrast-enhanced MRI and ultrasound were used to assess the tumor size, location, and surround-
ing vasculature. The microwave antenna was inserted under ultrasound guidance, and the ablation power was set at 80—100

W. For tumors with a maximum diameter exceeding 2 c¢cm, simultaneous multipoint ablation was performed.

MRI Data Acquisition and ROI (Region of Interest) Segmentation

All patients underwent contrast-enhanced abdominal MRI within 4 weeks before MWA using a 3T GE Signa MR scanner
with an eight-channel phased-array coil. Sequences included axial TIWI (in-phase and out-phase), axial T2ZWI, and axial
dynamic contrast-enhanced imaging (arterial, portal venous, and delayed phases). Gadopentetate dimeglumine (Gd-
DTPA) was injected at 2.0 mL/s (0.1 mmol/kg), followed by a 20 mL saline flush. The portal venous phase was acquired
55-65 s after the injection.

Before tumor segmentation, portal venous phase images were preprocessed as follows: (1) voxel size resampling to
1x1x1 mm using linear interpolation and (2) gray-level normalization and discretization into 32 bins to improve feature
robustness. Tumor regions of interest (ROIs) were manually delineated on portal venous phase images using ITK-SNAP version
4.2.2. A radiologist with seven years of experience performed the initial segmentation, which was then confirmed by a radiologist
with nine years of experience. Disagreements were resolved by consensus. To assess reproducibility, one radiologist randomly
selected 20 patients and re-segmented the ROIs after two weeks (intra-observer ICC). Another radiologist independently
segmented a different set of 20 patients (inter-observer ICC). An ICC >0.8 indicated good agreement. Detailed MRI acquisition
parameters, standardized image preprocessing protocols, and complete intra- and inter-observer reproducibility analyses are fully
documented in the Supplementary Methods.
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Development and Validation of the Radiomics Score

Radiomics features were extracted from the original and derived images using the open-source package PyRadiomics
3.1.0. The features were categorized into first-order statistics, shape-based features, and second-order statistics (GLCM,
GLRLM, GLSZM, GLDM, and NGTDM). All features were normalized using Z-score normalization.

The feature selection followed a three-step procedure. First, univariate analysis using an independent samples #-test
was performed to preliminarily screen for features associated with early recurrence (P<0.05). Second, Spearman rank
correlation analysis was applied to remove highly collinear features with a correlation coefficient of >0.90, thereby
eliminating redundancy and reducing the risk of overfitting. Third, LASSO regression with L1 regularization, combined
with five-fold cross-validation, was used to further penalize redundant features and select the most predictive non-zero
coefficient subset for constructing the Radscore. This regularization approach shrinks the coefficients of noise features to
zero, effectively reducing model complexity and overfitting.

Six machine-learning algorithms were compared for radiomics model development: logistic regression (LR), support
vector machine (SVM), K-nearest neighbors (KNN), extremely randomized trees (ExtraTrees), light gradient boosting
machine (LightGBM), and multilayer perceptron (MLP). Model selection was based on a comprehensive evaluation
framework covering multiple dimensions: discriminative performance (AUC, sensitivity, specificity, accuracy, F1 score),
generalization stability (AUC difference between training and validation cohorts, degree of overfitting), computational
efficiency, and clinical interpretability. The DeLong test was used to compare the AUCs between models. The RAD score
obtained from the optimal model selected was used for subsequent analysis.

Clinical Model and Combined Nomogram

Logistic regression analysis was used to screen potential clinical factors affecting early recurrence after MWA, including
age, sex, alpha-fetoprotein (AFP), alanine aminotransferase, aspartate aminotransferase, y-glutamyltransferase, fasting
blood glucose, total bilirubin, albumin, white blood cell count, neutrophil count, lymphocyte count, platelet count,
prothrombin time (PT), number of ablations, maximum tumor diameter, total tumor diameter, number of tumors, use of
hypoglycemic agents, hepatitis status, and AFP variants. Variables with P<0.05 in univariate analysis were entered into
multivariate logistic regression with backward stepwise selection to construct the clinical model, avoiding overfitting
caused by excessive variable inclusion.

A combined model integrating the Rad-score and clinical model prediction scores was constructed via multivariate
logistic regression to improve prediction accuracy. For clinical applicability, a nomogram was established based on the
combined model, providing a graphical scoring system to convert individual patient data into personalized probabilities
of early recurrence within two years postoperatively. Using the median nomogram score in the validation cohort as the
cutoff, patients were stratified into low- and high-risk groups. Progression-free survival (PFS) was compared between
groups using Kaplan-Meier curves. Additionally, pathological and immunohistochemical data were compared between
the high-risk and low-risk groups of patients who experienced early recurrence and underwent salvage surgical resection.

Statistical Analysis

Statistical analyses were performed using SPSS 27.0 and R 4.4.3 Continuous variables were compared using the
independent samples ¢-test or Mann—Whitney U-test; categorical variables were compared using the chi-square test or
Fisher’s exact test. A binary logistic regression was used to construct the models. Model discrimination was evaluated
using ROC curves with calculation of AUC and 95% confidence intervals (Cls) as well as sensitivity, specificity,
accuracy, F1 score, positive predictive value (PPV), and negative predictive value (NPV). Calibration was assessed
using calibration curves, and clinical utility was evaluated using decision curve analysis (DCA). Statistical significance
was set at P<0.05.

Patient Follow-Up
Regular follow-up was performed after discharge. The first follow-up was performed at two months to evaluate the local
treatment response. Subsequent follow-up examinations, including serum AFP levels, liver function tests, and contrast-
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enhanced CT or MRI, were conducted every 3 months. Contrast-enhanced ultrasonography was performed in selected
cases when necessary. The starting point was the date of MWA and the primary endpoint was early recurrence.
Recurrence was diagnosed based on new intrahepatic lesions or metastases with characteristic HCC imaging features,
or confirmed by histopathology. The last follow-up date was February 28, 2022.

Results

Patient Characteristics

A total of 186 patients were enrolled, with 149 in the training cohort and 37 in the validation cohort. Within two years
after MWA, recurrence occurred in 121 patients (65.05%): 97/149 (65.10%) in the training cohort and 24/37 (64.86%) in
the validation cohort. The baseline clinical and tumor characteristics are summarized in Table 1. No significant
differences were observed between the two cohorts for any of the variables (all P>0.05).

Radiomics Model Performance

From 108 extracted radiomics features, Spearman correlation (cutoff 0.90) and LASSO regression were used to select
four core features with non-zero coefficients to construct the Radscore. Consistent with the prespecified evaluation
framework, multiple performance metrics were compared across the six candidate algorithms. Among the six machine
learning algorithms evaluated, the KNN model achieved superior predictive performance in the training cohort
(AUC=0.826) and maintained the highest AUC in the validation cohort (0.774), with an AUC gap of only 0.052 between
the two cohorts, indicating minimal performance decay and a very low degree of overfitting. In addition to discriminative
power, the KNN model showed minimal overfitting risk and low computational overhead, which are favorable attributes
for subsequent clinical translation. In the validation cohort, the KNN model had a sensitivity of 62.5%, a specificity of
84.6%, and a PPV of 88.2%. The detailed performance metrics for all the six models are presented in Supplementary
Tables 1 and 2. Taken together, considering generalizability, robustness, computational efficiency, and clinical applic-
ability, the KNN model was selected as the optimal radiomics model, and its RAD score was used for further integration.

Clinical Model and Combined Nomogram

To construct the clinical prediction model, univariate logistic regression was first performed, which identified the number
of ablation sessions (P=0.023) and hepatitis status (P=0.031) as significant predictors of early recurrence. These two
variables were subsequently entered into multivariate logistic regression analysis to construct the clinical model
(Table 2). With only two independent clinical predictors retained, the clinical model maintains a parsimonious structure
to minimize overfitting risk. The clinical model achieved an AUC of 0.732 (95% CI, 0.712-0.744) in the training cohort
and 0.718 (95% CI, 0.668—0.768) in the validation cohort.

The combined nomogram integrating the RAD -score and the two clinical predictors is shown in Figure 2. ROC
curves (Figure 3) and comparative results (Tables 3 and 4) demonstrated that the combined nomogram outperformed both
the clinical and radiomics models alone. Specifically, the combined model achieved AUCs of 0.877 (95% CI: 0.824—
0.931) in the training cohort and 0.846 (95% CI: 0.687-0.973) in the validation cohort. DeLong tests confirmed that the
differences between the combined model and clinical model (P=0.008) and between the combined model and radiomics
model (P=0.041) in the validation cohort were statistically significant.

Beyond discriminative performance, the nomogram also achieved satisfactory accuracy and clinical utility. In terms
of accuracy, the nomogram reached 82.0% in the validation cohort, which was higher than that of the radiomics model
(76.0%) and the clinical model (80.0%). Additionally, the nomogram achieved an optimal balance between sensitivity
and specificity: in the validation cohort, sensitivity was 80.0%, specificity was 83.8%, and the negative predictive value
was 90.1%. The calibration curves showed good agreement between the predicted probabilities and the observed
outcomes in both cohorts (Figure 4). Furthermore, decision curve analysis demonstrated that the nomogram provided
higher net benefit than the “treat all” or “treat none” strategies across a wide range of threshold probabilities (0.1-0.9)
(Figure 5).
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Table | Baseline Characteristics in Training and Test Sets for Predicting Early Recurrence, n (%)

Characteristic Training Set (n=149) Test Set (n=149)

ER (n=97) NER (n=52) P value | ER (n=24) NER (n=113) | P value
Age (years) 59.70 + 8.97 6227 + 11.10 | 0.128 62.00 + 8.64 61.77 + 6.64 0.934
Gender 0.992 0.213
Male 84 (86.60) 45 (86.54) 21 (87.50) 9 (69.23)
Female 13 (13.40) 7 (13.46) 3 (12.50) 4 (30.77)
ALT (U/L) 41.88 £29.80 | 39.60 £ 34.39 | 0.674 40.46 £ 26.58 | 42.23 + 35.69 | 0.865
AST (U/L) 41.65 +32.16 | 38.19 + 3444 | 0543 42.58 + 36.54 | 43.15 +41.06 | 0.966
GGT (UIL) 103.59 £ 91.21 | 8433 £7625 | 0.196 80.71 £ 9427 | 79.85+ 6540 | 0.977
FPG (mmol/L) 9.04 + 331 8.62 + 2.65 0.432 9.13 +3.89 7.98 + 293 0.361
TBil (mmol/L) 17.56 + 8.23 1621 + 7.24 0.321 20.12 £ 11.76 16.67 + 8.00 0.352
Dbil (mmol/L) 6.96 * 3.63 5.90 £ 2.56 0.065 7.38 £ 496 6.82 + 3.94 0.728
Alb (g/L) 41.02 = 5.61 43.78 £ 4.24 0.002 41.26 £ 497 41.52 £ 371 0.870
WBC (%1079 /L) 473 £ 1.6l 5.25 + 1.8l 0.071 5.08 £ 1.63 5.08 £ 1.77 0.995
PLT (%1079 /L) 106.54 + 50.26 | 132.46 + 55.45 | 0.004 121.54 + 80.11 | 121.85 = 47.03 | 0.990
PT (s) 1232 £ 1.22 11.67 £ 1.09 0.002 12.23 + | .41 11.98 = 1.21 0.602
INR/APTT 2931 £ 5.21 26.94 + 4.4| 0.006 29.35 £ 472 29.04 £ 6.04 0.865
Neu (1079 /L) 3.62 £ 1.33 383 £274 0.056 3.68 £ 1.32 332+ 1.18 0.424
Lym (%1079 /L) .41 £ 0.73 .51 £0.73 0.454 1.44 + 0.61 1.55 + 0.8 0.638
Mon (x1049 /L) 0.34 £ 0.15 0.36 £ 0.17 0.508 041 £0.17 0.35+£0.17 0.277
Eos (x1079 /L) 0.17 £ 0.17 0.1 £0.10 0.030 0.13 x0.11 0.12 £ 0.07 0.844
Bas (%1079 /L) 0.02 + 0.01 0.01 +0.02 0.320 0.02 + 0.02 0.01 £ 0.0l 0.436
Ablation times 1.40 + 1.30 0.87 £ 1.10 0.013 1.42 + 1.35 1.00 + 1.22 0.361
Maximum tumor diameter (mm) | 21.11 £ 9.44 19.63 £ 7.50 0.331 18.75 £ 8.16 18.46 £ 9.00 0.922
Total tumor diameter (mm) 27.84 + 15.38 23.52 + 12.63 0.085 2288 + |1.71 19.54 £ 9.62 0.386
Number of tumors 149 £ 0.71 1.27 £ 0.49 0.024 1.33 £ 0.64 1.08 £ 0.28 0.178
Antidiabetic medication use, n(%) 0618 0.365
No antidiabetic medication 7(7.22) 2 (3.85) 1 (4.17) 0 (0.00)
Oral antidiabetic agents 48 (49.48) 29 (55.77) 11 (45.83) 9 (69.23)
Insulin injection therapy 42 (43.30) 21 (40.38) 12 (50.00) 4 (30.77)
Hepatitis status, n(%) 0.063 0.716
No hepatitis infection 16 (16.49) 17 (32.69) 6 (25.00) 4 (30.77)
Hepb/C, n(%) 0.023
0 33 (22.15) 17 (32.69)
| 116 (77.85) 35 (67.31)
AFP-L3, n(%) 0.610 0.213
Negative 67 (69.07) 38 (73.08) 21 (87.50) 9 (69.23)
Positive 30 (30.93) 14 (26.92) 3 (12.50) 4 (30.77)
AFP2400, n(%) 0.047 0.869
0 133 (89.26) 50 (96.15) 19 (79.17) 10 (76.92)
| 16 (10.74) 2 (3.85) 5 (20.83) 3(23.08)

Note: Unless otherwise noted, data are number of patients with percentages in parentheses, median with interquartile range in parenthesis, or the mean
with standard deviation in parenthesis.

Abbreviations: ALT, Alanine Aminotransferase; AST, Aspartate Aminotransferase; GGT, Gamma-Glutamyl Transferase; FPG, Fasting Plasma Glucose;
TBil, Total Bilirubin; Dbil, Direct Bilirubin; Alb, Albumin; WBC, White Blood Cell Count; PLT, Platelet Count; PT, Prothrombin Time; INR/APTT,
International Normalized Ratio/Activated Partial Thromboplastin Time; Neu, Neutrophil Count; Lym, Lymphocyte Count; Mon, Monocyte Count; Eos,
Eosinophil Count; Bas, Basophil Count; AFP, Alpha-Fetoprotein.

Risk Stratification and Biological Validation

Using the median nomogram score in the validation cohort as the cutoff, patients were stratified into low- and high-risk
groups. In the training cohort (n=149), the high-risk group (n=75) had a significantly higher early recurrence rate (93.3%
vs 36.5%) and shorter median PFS (6 months vs not reached) than the low-risk group (n=74), with a hazard ratio of 5.8
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Table 2 Univariate and Multivariate Logistic Regression Analyses in Training Set for

Predicting Early Recurrence

Variable Univariable logistic regression | Multivariable logistic regression

OR | 95% CI P value OR | 95% CI P value
Ablation times | .48l 1.038 | 2.113 0.030 | 1.484 1.040 | 2.120 0.030
PT 1.281 0.789 | 2.080 0.016 | 1.334 0.828 | 2.150 0.036
Hepatitis status | 2.883 1.107 | 5.482 0.02 | 2.894 1210 | 6.923 0.017

Note: P < 0.05 indicates a significant difference between early recurrence and non-early recurrence in multi-

variable logistic regression.
Abbreviations: OR, Odds ratio; Cl, Confidence interval.

(95% CI: 3.66-9.2, P<0.001). In the validation cohort (n=37), the high-risk group (n=13) similarly exhibited a higher
recurrence rate (84.6% vs 54.2%) and shorter median PFS (9 months vs 23 months), with an HR of 2.51 (95% CI: 1.11—
5.67, P=0.022). Kaplan-Meier survival curves visually illustrated these differences (Figure 6).

To further validate the biological plausibility of our model, we compared the pathological and immunohistochemical

features between high-risk and low-risk groups in patients who underwent salvage resection after recurrence (41 patients,
33.88% of recurrent patients). This subgroup included 24 high-risk and 17 low-risk patients (Figure 7). The high-risk
group showed a higher proportion of thick-trabecular type (70.8% vs 40.0%, P=0.030), lower tumor differentiation grade
(75.0% vs 44.0%, P=0.027), and a higher rate of microvascular invasion (MVI) (70.6% vs 35.0%, P=0.031).
Immunohistochemistry revealed higher expression rates of CD34 (95.8% vs 76.0%, P=0.047) and glypican-3 (GPC-3)

(78.3% vs 45.5%, P=0.023) in the high-risk group.

0 10 20 30 40 50 60 70 80 90 100
POIntS L 1 1 1 1 1 1 1 1 1 1
1 3 5
Ablation times T : T . T !
0 2 4
1
Hepatitis status I |
0
PT r T T T T T T T 1
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0.01 0.05 0.1 0.2 03040506 0.7 0.8 09 095 0.99
Figure 2 Nomogram for predicting early recurrence after microwave ablation in hepatocellular carcinoma patients with type 2 diabetes.
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Figure 3 Receiver operating characteristic curves for training set, and validation set. (A) training set, (B) validation set.
Abbreviation: AUC, Area under the curve.

Discussion
In this study, we developed and validated a combined nomogram integrating preoperative MRI-based radiomics features
with conventional clinical indicators to predict early recurrence after MWA, specifically in patients with HCC and
comorbid T2D. Quantitatively, the nomogram achieved AUCs of 0.877 and 0.846 in the training and validation cohorts,
respectively, significantly outperforming either the clinical or radiomic model alone. Mechanistically, this finding
indicates that clinical risk factors (reflecting host disease status) and radiomic features (capturing intratumoral hetero-
geneity) provide complementary prognostic information. Accordingly, their integration enables a more comprehensive
assessment of early recurrence risk from two dimensions: underlying host disease and biological tumor behavior.
Several previous studies have explored radiomics-based prediction of recurrence after HCC ablation. Tabari et a
developed a random forest model based on radiological and clinical features to predict pathological tumor response using

pre-ablation MRI. Luo et al*’ evaluated delta radiomics scores from multiphase contrast-enhanced MRI, combined with
128

126

used a light-gradient boosting machine incorporating
129

clinical features, to predict survival after thermal ablation. Li et a

intratumoral and peritumoral regions to predict early recurrence after curative ablation. Chen et al™ constructed a deep

Table 3 Diagnostic Value of Different Models in the Training Cohort

AUC (95% CI)

Accuracy (95% CI)

Sensitivity (95% Cl)

Specificity (95% Cl)

F1-Score (95% CI)

PPV (95% CI)

NPV (95% CI)

KNN model 0.826(0.761-0.891)
Clinical model 0.732(0.720-0.744)
Nomogram 0.877(0.868-0.886)

0.772
0.745
0.752

0.876(0.780-0.928)
0.887(0.808-0.936)
0.8454(0.760-0.904)

0.577(0.442-0.701)
0.481(0.351-0.613)
0.5769(0.442-0.701)

0.833
0.819
0816

0.794(0.708-0.860)
0.761(0.675-0.830)
0.789(0.700-0.856)

0.714(0.564-0.828)
0.694(0.531-0.820)
0.667(0.521-0.786)

Table 4 Diagnostic Value of Different Models in the Validation Cohort

AUC (95% CI)

Accuracy (95% CI)

Sensitivity (95% CI)

Specificity (95% CI)

Fl-Score (95% CI)

PPV (95% CI)

NPV (95% Cl)

KNN model 0.774(0.735-0.813)
0.718(0.668-0.768)

0.846(0.806-0.886)

Clinical model

Nomogram

0.731
0.622
0.892

0.875(0.690-0.957)
0.750(0.551-0.880)
0.917(0.742-0.977)

0.462(0.232-0.709)
0.385(0.177-0.645)
0.846(0.578-0.957)

0.808
0.720
0917

0.750(0.566-0.873)
0.692(0.500-0.835)
0.9167(0.742-0.977)

0.667(0.354-0.879)
0.455(0.2127-0.720)
0.846(0.578-0.957)
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Figure 5 Decision curves for training and validation sets. (A) training set; (B) validation set.

learning-radiomics-clinical nomogram to identify patients with HCC with early recurrence within six months after
thermal ablation. However, all these studies enrolled unselected HCC populations, without developing tailored models
for the high-risk subgroup with comorbid T2D or considering the synergistic effect of T2D and cirrhosis on recurrence.
Therefore, our study addresses this clinical gap by establishing a population-specific prediction model.

A notable finding of this study is that diabetes-related indicators (eg, fasting blood glucose, glycated hemoglobin, and
use of hypoglycemic agents) were not retained in the final combined model. We attribute this result to three interrelated
reasons. First, all participants had T2D, and the study aimed to build a population-specific model rather than compare
diabetic and non-diabetic groups, leading to limited heterogeneity of diabetes-related variables. Second, T2D affects
HCC recurrence mainly through indirect mechanisms including insulin resistance, chronic inflammation, and liver
fibrosis, rather than direct glycemic effects. Prothrombin time and Radscore in our model have already captured core
prognostic information mediated by diabetes, leaving no independent predictive value for direct glycemic indicators in
multivariate analysis. Third, incomplete documentation of diabetes duration and specific regimens in this retrospective
study further limited statistical power to detect their effects.
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Figure 6 Kaplan-Meier analysis for association of nomogram score and PFS. (A) Training set; (B) Validation set.
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Figure 7 Biological information was collected to explain multimodal model results. (A) Pathology analysis; (B) Immunohistochemistry analysis.
Abbreviations: MVI, Microvascular invasion; GPC-3, Glypican-3.

Beyond discriminative performance, survival analysis confirmed the nomogram’s robust prognostic stratification
ability. In the training cohort, high-risk patients had a 5.8-fold higher recurrence risk than low-risk patients. In the
independent validation cohort, despite the limited number of high-risk patients (n=13), the recurrence risk remained 2.51-
fold higher, with a clinically meaningful difference in the median PFS of 14 months (23 vs 9 months). Collectively, these
findings support the model’s clinical relevance.

From a clinical practice perspective, these findings support the translational value of the proposed nomogram for
individualized postoperative management. Specifically, for high-risk patients identified by the nomogram, clinicians can
adopt intensified surveillance strategies (eg, shortened follow-up intervals, additional imaging or tumor marker tests) and
proactively evaluate the indication for adjuvant systemic therapies such as targeted therapy or immunotherapy to reduce
recurrence risk. In contrast, for low-risk patients with relatively indolent tumor biology, standard follow-up protocols
may be sufficient, avoiding unnecessary examinations and reducing healthcare burden. Notably, this risk-stratified
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management strategy is particularly relevant for HCC patients with comorbid T2D, who often have multiple underlying
comorbidities and require more delicate treatment balance.

Despite favorable performance, this study has several limitations. First, this retrospective single-center study lacks
external validation, limiting generalizability to other clinical settings. Second, although multiple strategies were imple-
mented to control overfitting, including stepwise feature filtering, LASSO regularization, five-fold cross-validation, and
a parsimonious final model structure, internal validation alone cannot fully eliminate the potential risk of overfitting, and
prospective external multicenter validation is required to further confirm the model’s generalizability and robustness.
Third, retrospective design led to incomplete documentation of detailed diabetes-related information, precluding in-depth
analysis of their impact on recurrence. Fourth, manual ROI delineation for radiomics extraction, despite good ICC-
verified consistency, carries inherent inter-operator variability. Fifth, pathological validation was limited to recurrent
patients receiving salvage surgery, which may introduce selection bias.

Based on these findings, we propose several future research directions. First, large prospective multicenter cohorts are
needed to validate the model’s stability and generalizability. Second, prospective standardized collection of detailed
diabetes indicators will help clarify whether glycemic control and treatment regimens can further improve model
performance. Third, deep learning-based automatic segmentation can replace manual ROI delineation to improve
efficiency and reproducibility. Fourth, whole-cohort pathological and molecular validation using pretreatment biopsy
specimens will help elucidate the underlying biological mechanisms. Fifth, prospective interventional trials are warranted
to verify whether this nomogram-based risk stratification can reduce early recurrence and improve long-term survival in
this population.

Conclusion

In conclusion, within this single-center cohort of HCC patients with comorbid T2D, we developed and internally
validated a nomogram integrating clinical features with MRI-based radiomics for predicting early recurrence within
two years after MWA. The model demonstrated favorable discriminative ability, calibration, and clinical utility in the
current study population, suggesting its potential as a noninvasive preoperative risk assessment tool for this specific
patient group. If validated in external cohorts, it may assist clinicians in identifying high-risk patients, facilitating
individualized postoperative surveillance strategies and adjuvant interventions, and ultimately supporting improved
patient management. Further prospective multicenter validation and technical optimization are warranted to confirm its
broader clinical applicability.

Patient Consent
Consent for publication was obtained for every individual’s data include in the study.

Disclosure
The authors report no conflicts of interest in this work.
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