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Background: Postoperative recurrence after curative resection is a major concern in the management of hepatocellular carcinoma 
(HCC). This study aimed to develop a radiomics-based model for predicting recurrence-free survival (RFS) after curative resection.
Methods: We retrospectively included 184 patients with early-stage HCC who underwent curative resection. The patients were 
randomized into training and validation sets in a 7:3 ratio. Radiomics features of the tumors on CT images were extracted to construct 
the Rad-score. We incorporated the Rad-score, clinical characteristics and biochemical parameters into univariate and multivariate analyses 
to construct a COX proportional hazards model. A radiomics-based nomogram model for predicting recurrence risk was developed by 
integrating multiple factors that affect recurrence. Calibration curve was used to assess the predictive performance of the model.
Results: Rad-score was constructed using 15 radiomic features. The results of multivariate analyses showed that Rad-score, lactate 
dehydrogenase (LDH) and alpha-fetoprotein (AFP) were independent predictors of RFS. They categorized patients into different 
recurrence risk groups, and RFS was significantly prolonged in patients in the low-risk group in the training (p<0.001) and validation 
sets (p<0.001). The Rad-score based composite prediction model showed good predictive performance with AUC of 0.765 and 0.920 
for predicting 3 years RFS in the training and validation sets, respectively. The calibration curves indicated that the nomogram model 
had a favorable predictive performance.
Conclusion: This postoperative predictive model allows for better screening of patients at a high risk of recurrence and is a valuable 
instrument to guide clinicians in clinical treatment decisions.
Keywords: hepatocellular carcinoma, radiomics, recurrence-free survival, curative resection, nomogram

Introduction
Hepatocellular carcinoma (HCC) constitutes approximately 90% of all liver cancers and is the third leading cause of 
cancer-related mortality globally.1 For patients with early-stage HCC, curative resection remains the treatment of choice.2 

However, recurrence rates following surgery are alarmingly high, with more than 50% of patients experiencing 
recurrence within two years,3 which may suggest the presence of a more aggressive tumor phenotype. This underscores 
the urgent need for robust predictive models to assess the risk of postoperative recurrence in early-stage HCC patients, 
enabling timely intervention.

Over the past decade, several predictive models have been developed to address this challenge. Notably, Shim et al4 

introduced a nomogram incorporating five key predictors-gender, albumin levels, platelet count, tumor volume, and 
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vascular invasion-to forecast 2-year recurrence-free survival (RFS) in early-stage HCC patients following curative 
resection. Similarly, Zhang et al combined clinicopathologic data with gene expression profiles to develop a model 
with high accuracy in predicting RFS.5 Despite their promising performance, these models are hindered by issues such as 
poor reproducibility, complex implementation, and economic constraints, limiting their broader clinical applicability.

Radiomics, first introduced by Dutch scholar Lambin,6 enables the transformation of medical imaging data into high- 
dimensional, quantitative features, offering a significant advancement over traditional diagnostic methods. In recent 
years, the application of radiomics has expanded, serving as an adjunct in the management of various cancers, including 
HCC.7 For instance, Zhang K et al developed an MRI-based radiomics nomogram to predict microvascular invasion in 
HCC patients, identifying those who could benefit from postoperative adjuvant transarterial chemoembolization, thereby 
enhancing clinical decision-making.8 Additionally, radiomics has been employed to distinguish HCC subtypes, assess 
immune infiltration, and predict the efficacy of immunotherapy.9,10 Peng W et al successfully built a radiomics-based 
random survival forest model that can potentially be used to predict early recurrence after curative ablation in HCC 
patients.11 However, the potential of radiomics in forecasting recurrence following radical surgery in early-stage HCC 
patients remains underexplored.

This study aims to develop a CT-based radiomics model that integrates hematological parameters to identify patients 
at higher risk of recurrence following radical surgery for early-stage HCC. This model is intended to support clinical 
decision-making and guide treatment strategies.

Methods and Materials
Patients
The study was approved by the Ethics Committee of our institution, and informed consent was waived due to its 
retrospective design. This retrospective study included patients with HCC from our hospital with China Liver Cancer 
Staging (CNLC) I–II from 2017 to 2023. The patient inclusion process was guided by the following principles: (1) 
pathological diagnosis of HCC; (2) undergoing curative resection with no neoadjuvant or adjuvant therapy pre- and 
postoperatively; (3) availability of contrast-enhanced CT of the abdomen within two weeks prior to surgery; (4) complete 
information on clinical characteristics and hematologic parameters within 1 week before surgery; and (5) no loss to 
follow-up until the study endpoint was reached. The exclusion criteria were as follows: (1) history of other malignancies; 
(2) previous treatment of local ablation and transcatheter arterial chemoembolization. Postoperative follow-up occurred 
every 2 to 3 months, during which serum alpha-fetoprotein (AFP) levels, contrast-enhanced CT scans, ultrasound, or 
magnetic resonance imaging (MRI) were used for assessment. The study’s primary endpoint, RFS, was defined as the 
time from surgery to the occurrence of the first recurrence or the last follow-up date for patients without recurrence. 
Patients were randomly assigned to the training and validation sets in a 7:3 ratio.

Data Collection
Clinically relevant data extracted from the hospital’s medical records. The following clinical characteristics and 
biochemical parameters were collected for analysis: sex, age, body mass index (BMI), CNLC stage, HBsAg, alcohol 
consumption, white blood cell (WBC) count, hemoglobin, platelet count, albumin (ALB), total bilirubin (TBIL), lactate 
dehydrogenase (LDH), aspartate aminotransferase (AST), alanine aminotransferase (ALT), alkaline phosphatase (ALP), 
γ-glutamyl transferase (GGT), blood urea nitrogen (BUN), AFP and Creatinine. Histological characteristics included 
tumor size, tumor number, tumor grade, and microvascular invasion. A total of 21 preoperative and two postoperative 
features were recorded (Table 1).

Acquisition of CT Images and Extraction of Radiomics Features
All patients were injected with 80–100mL Iopromide injection based on body weight before CT images acquisition. The 
scanning parameters of CT were as follows: section thickness 5.0 mm, tube voltage 120 kV, tube current 200 mA. A CT 
scan was performed within two weeks before surgery. Contrast-enhanced CT images in the DICOM format were 
exported from the PACS system of the hospital’s information department.
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Liver tumors were delineated as regions of interest (ROI) layer by layer on arterial-phase images (Figure S1) using 3D- 
Slicer software (Version 4.11.0). Two clinicians with over 10 years of experience, who were blinded to patient information, 
performed the segmentation. When multiple tumors were present, the largest tumor was selected for contouring. Tumor 
boundaries were defined based on distinct imaging characteristics relative to the surrounding liver tissue, in accordance with 
the Liver Reporting and Data System.12 Radiomics features, including both original and wavelet-filtered features, were 
extracted from each tumor using Pyradiomics, an open-source software package integrated within 3D-Slice.

Radiomics Feature Screening and Rad-Score Creation
To reduce the possibility of bias and overfitting due to excessive features, feature screening was performed in two steps. First, 
the ROI of 30 patients sketched by the two clinicians were randomly selected to extract the radiomics features separately. The 
inter-class correlation coefficient (ICC) was used to assess the consistency of features produced by the two clinicians. ICC 
values above 0.90 were considered to have excellent reproducibility and were included in the next study. To ensure that the 
data were comparable with each other, the radiomics features of each patient with ICC values more than 0.90 were 
standardized with Z-score normalization. Second, least absolute shrinkage and selection operator (LASSO) regression was 
applied to the training cohort to identify the most valuable features. A 10-fold cross-validation was performed to determine the 
best lambda (λ) from the LASSO model according to the principle of the minimum mean square error (MSE). The features that 
were most predictive of RFS and the weighting coefficients were selected. Subsequently, the selected features and correspond
ing weighting coefficients were linearly combined to produce the Rad-score.

Table 1 Baseline Characteristics for the 184 HCC Patients Undergoing Surgical Resection

Variable Training Cohort (n=128) Validation Cohort (n=56) p

Male gender, n (%) 103 (80.5) 48 (85.7) 0.393
Age, years 60 (53–66.75) 60 (53.25–66.75) 0.841

BMI, kg/m2 24.23 (22.49–27.03) 24.34 (23.27–26.36) 0.960

HBsAg-positive, n (%) 100 (78.1) 35 (62.5) 0.027
Alcohol consumption-positive, n (%) 34 (26.6) 12 (21.4) 0.459

CNLC stage I/II, n (%) 121/7 (94.5/5.5) 54/2 (96.4/3.6) 0.572

Tumor size, cm 3.1 (2.0–5.2) 4.0 (2.75–6.5) 0.013
Tumor number 1/2, n (%) 115/13 (89.8/10.2) 54/2 (96.4/3.6) 0.107

WBC count, x109/L 5.085 (4.28–6.02) 5.1 (3.82–6.29) 0.919
Hemoglobin, g/L 145 (137–154) 142 (132.25–151.75) 0.195

Platelet count, x109/L 157.5 (127.25–200.75) 172.5 (101–241.25) 0.725

ALB, g/L 40.76 (38.94–43.10) 41.25 (37.64–43.83) 0.792
TBIL, umol/L 16.9 (12.33–22.04) 16.7 (12.21–23.72) 0.806

LDH, U/L 173.5 (152.18–202.50) 166 (155–204.25) 0.901

AST, U/L 25 (19.4–35.9) 27.3 (20.63–41.75) 0.206
ALT, U/L 26.9 (18.1–41.75) 33.5 (20–49.8) 0.078

ALP, U/L 73 (61–91.75) 72.6 (62.25–95.38) 0.919

GGT, U/L 32.5 (19–50.75) 40.9 (27.03–74.0) 0.018
BUN, mmol/L 5.77 (4.86–6.54) 5.56 (4.72–6.47) 0.679

Creatinine, umol/L 85.35 (75.03–95.90) 83.70 (70.18–95.88) 0.627

AFP, ng/mL 9.55 (3.15–202.2) 29.05 (4.94–195.85) 0.109
Tumor grade 1/2/>2, n (%) 4/94/30 (3.1/73.4/23.4) 2/39/15 (3.6/69.6/26.8) 0.871

Microvascular invasion, n (%) 27 (21.1) 15 (26.8) 0.397

Rad-score 19.78 (17.65–22.37) 20.83 (18.15–23.18) 0.208

Abbreviations: BMI, body mass index; CNLC, China liver cancer staging; WBC, white blood cell; ALB, albumin; TBIL, total 
bilirubin; LDH, lactate dehydrogenase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; ALP, alkaline phosphatase; 
GGT, γ-glutamyl transferase; BUN, blood urea nitrogen; AFP, alpha-fetoprotein.
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Statistical Analysis
All statistical analyses were conducted using SPSS software (version 27.0, USA). Statistical significance was set at 
a threshold of 5% (p<0.05). The code for LASSO regression and ICC calculations was written in Python (version 3.9). To 
assess the clinical characteristics, the chi-square test was applied to categorical variables, while the Mann–Whitney 
U-test was used for continuous variables, comparing the training and validation groups. The optimal truncation values for 
continuous variables were determined using X-tile software.13 Both univariate and multivariate analyses were carried out 
using the Cox proportional hazards model. Kaplan–Meier analysis was used to generate survival curves, with statistical 
significance assessed through the Log rank test. The model’s accuracy was assessed by generating receiver operating 
characteristic (ROC) curves with the “timeROC” package in R software (version 4.4.1). A nomogram was constructed 
with the “Rms” package. To assess the model’s predictive performance, calibration curves and Harrell’s concordance 
index (C-index) were utilized.

Results
Clinical Characteristics of the Patients
Following screening, a total of 184 patients were enrolled in the study. Of these, 128 patients were assigned to the training set, 
and 56 to the validation set, based on a 7:3 ratio. With the exception of HBsAg status, tumor size, and GGT levels, no 
significant differences were observed between the clinical and biochemical characteristics of the two sets (Table 1).

The median follow-up durations were 20.9 months for the training set and 22.7 months for the validation set. In the 
training set, the median RFS was 49.0 months, compared to 31.7 months in the validation set.

Results of Feature Extraction and Feature Screening
A total of 851 radiomics features were extracted from the ROI of each patient’s CT images using the Pyradiomics 
software package, including shape features and first order statistical features. The specific feature names and types were 
detailed in Table S2.

The ICC was calculated by extracting the ROI features of 30 patients outlined by two clinicians separately, and there 
were 651 features with ICC greater than 0.9 (Figure S2). These 651 features were included in the LASSO regression, and 
the MSE was minimized when λ=1.6681 (Figure 1a). At this point, there were 15 features with coefficients that were not 
zero (Figure 1b).

The 15 radiomics features and their coefficients were listed in Table S1. The values of each feature were linearly 
combined with their weight coefficients to construct the Rad-score for each patient. The Rad-score formula was shown in 
the additional file.

Construction of Predictive Model
The cut-off value for the Rad-score determined using X-tile software was 21.55 and patients were categorized into low 
(≤21.55) and high (>21.55) groups. We included clinical characteristics, biochemical parameters, and Rad-score for 
univariate analysis in the training set (Table 2), which showed that LDH (Hazard ratio (HR): 2.089, 95% confidence 
interval (CI): 1.025–4.256, p=0.043), BUN (HR: 0.475, 95% CI: 0.244–0.926, p=0.029), AFP (HR: 2.283, 95% CI: 
1.221–4.270, p=0.010), tumor grade (HR: 1.967, 95% CI: 1.019–3.795, p=0.044), and Rad-score (HR: 0.278, 95% CI: 
0.131–0.590, p<0.001) were associated with RFS. Further inclusion of these five factors in a multivariate analysis 
(Table 2) showed that LDH (HR: 2.396, 95% CI: 1.147–5.004, p=0.020), AFP (HR: 2.109, 95% CI: 1.109–4.013, 
p=0.023), and Rad-score (HR: 0.238, 95% CI: 0.111–0.512, p<0.001) were independent risk factors for RFS.

Low Rad-Score, High LDH and AFP Correlated with Poor RFS
LDH>210U/L was significantly correlated with shorter median RFS in both the training set (median RFS [95% CI] for high 
versus low: 28.0 [13.1–43.0] versus 50.9 [44.9–56.9] months; p=0.038, Figure 2a) and validation set (median RFS [95% CI] 
for high versus low: 17.6 [0–35.8] versus 48.1 [21.5–74.7] months; p<0.001, Figure 2e). Similarly, AFP>81.13ng/mL likewise 
significantly shortened median RFS in both training set (28.0 [4.9–51.2] versus 50.9 [44.9–56.9] months, p=0.008, Figure 2b) 
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and validation set (24.4 [2.1–46.6] versus 35.9 [10.8–61.0] months, p<0.001, Figure 2f). In contrast, the median RFS was 
significantly prolonged in patients with Rad-score>21.55 in both training set (median RFS [95% CI] for high versus low: 86.2 
[42.1–130.4] versus 25.3 [18.0–32.6] months, p<0.001, Figure 2c) and the validation set (51.9 [31.2–72.6] versus 24.4 

Figure 1 LASSO regression models were used to screen RFS-related features. (a) The MSE was minimized when λ = 1.6681. (b) When λ = 1.6681, there were 15 features 
with coefficients that were not zero.

Table 2 RFS-Related Univariate and Multivariate Analysis in the Training Group

Variables Training cohort

Univariate Analysis Multivariate Analysis

HR (95% CI) p HR (95% CI) p

Gender (Male vs Female) 0.834 (0.349–1.994) 0.683
Age (≤65 vs>65) 1.010 (0.522–1.953) 0.977

BMI (≤24.91 vs>24.91) 0.553 (0.269–1.136) 0.107

HBsAg (Negative vs Positive) 1.794 (0.793–4.062) 0.161
Alcohol consumption (Never vs Former/current) 0.741 (0.341–1.610) 0.449

CNLC stage (I vs II) 1.710 (0.523–5.591) 0.375

Tumor size (≤3 vs>3cm) 0.851 (0.463–1.566) 0.605
Tumor number (1 vs 2) 1.914 (0.798–4.592) 0.146

WBC count (≤7.15 vs >7.15x10^9/L) 2.177 (0.998–4.750) 0.051

Hemoglobin (≤159 vs >159g/L) 0.488 (0.169–1.408) 0.184
Platelet count (≤135 vs >135 x10^9/L) 0.688 (0.372–1.271) 0.232

ALB (≤41.22 vs >41.22g/L) 0.578 (0.305–1.094) 0.092

TBIL (≤13.97 vs >13.97umol/L) 1.999 (0.974–4.103) 0.059
LDH (≤210 vs >210U/L) 2.089 (1.025–4.256) 0.043 2.396 (1.147–5.004) 0.020

AST (≤36 vs >36U/L) 1.616 (0.807–3.236) 0.176

ALT (≤18 vs >18U/L) 2.291 (0.896–5.859) 0.084
ALP (≤49.6 vs >49.6U/L) 0.529 (0.219–1.278) 0.157

GGT (≤69.2 vs >69.2U/L) 0.483 (0.187–1.245) 0.132

BUN (≤4.77 vs >4.77mmol/L) 0.475 (0.244–0.926) 0.029
Creatinine (≤90.9 vs >90.9umol/L) 1.810 (0.959–3.416) 0.067

AFP (≤81.13 vs >81.13ng/mL) 2.283 (1.221–4.270) 0.010 2.109 (1.109–4.013) 0.023

Tumor grade (≤2 vs >2) 1.967 (1.019–3.795) 0.044
Microvascular invasion (Negative vs Positive) 1.190 (0.602–2.354) 0.616

Rad-score (≤21.55 vs >21.55) 0.278 (0.131–0.590) <0.001 0.238 (0.111–0.512) <0.001

Abbreviations: BMI, body mass index; CNLC, China liver cancer staging; WBC, white blood cell; ALB, albumin; TBIL, total bilirubin; 
LDH, lactate dehydrogenase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; ALP, alkaline phosphatase; GGT, γ-glutamyl 
transferase; BUN, blood urea nitrogen; AFP, alpha-fetoprotein.
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[14.5–34.2] months, p=0.013, Figure 2g). The combined LDH, AFP, and Rad-score were used to categorize patients into four 
groups of low risk, medium risk, high risk, and extremely high risk, and the median RFS of the four groups were 88.0 months, 
34.7 months, 20.7 months, and 4.3 months (p<0.001, Figure 2d) in the training set and 53.9 months, 30.2 months, 24.0 months, 
and 1.7 months (p<0.001, Figure 2h) in the validation set, respectively.

All these results suggested that Rad-score, LDH, and AFP were independent prognostic factors of postoperative 
recurrence in early-stage HCC patients. Patients with a low Rad-score, high LDH, or high AFP levels had a higher 
recurrence rate.

Predictive Performance of the Model
To compare the predictive performance of different models, we plotted ROC curves based on the results of the 
multivariate analysis. The area under the curve (AUC) for predicting 1, 2, and 3 years RFS in patients with a single 
LDH was 0.583 (95% CI: 0.461–0.705), 0.549 (95% CI: 0.442–0.656), and 0.613 (95% CI: 0.504–0.721) in the training 
set (Figure 3a) and 0.655 (95% CI: 0.484–0.826), 0.643 (95% CI: 0.477–0.808), and 0.716 (95% CI: 0.600–0.833) in the 
validation set (Figure 3e), respectively. In the training group, the model had a C-index of 0.569 (95% CI: 0.489–0.650), 
whereas in the validation group, it was 0.648 (95% CI: 0.539–0.757).

Figure 3b and f illustrated the AFP predicted AUC for 1, 2, and 3 years RFS. It predicted 1, 2, and 3 years RFS with AUC 
of 0.683 (95% CI: 0.560–0.807), 0.596 (95% CI: 0.475–0.716), and 0.583 (95% CI: 0.455–0.712) in the training set (Figure 3b) 
and 0.720 (95% CI: 0.552–0.887), 0.681 (95% CI: 0.523–0.838) and 0.686 (95% CI: 0.577–0.795) in the validation set 
(Figure 3f), respectively. The C-index was 0.636 (95% CI: 0.549–0.723) and 0.709 (95% CI: 0.610–0.809) in both groups.

The radiomics-constructed Rad-score was used to predict RFS in patients, and 0.651 (95% CI: 0.556–0.746), 0.713 
(95% CI: 0.604–0.823) and 0.723 (95% CI: 0.590–0.855) were the AUC for predicting 1, 2, and 3 years RFS in the 
training set (Figure 3c), respectively. The AUC results for predicting the 1, 2, and 3 years RFS in the validation set 
(Figure 3g) was 0.655 (95% CI: 0.495–0.816), 0.685 (95% CI: 0.519–0.851), and 0.825 (95% CI: 0.710–0.941), 
respectively. The C-index was 0.634 (95% CI: 0.570–0.698) and 0.627 (95% CI: 0.541–0.712) in both groups.

The composite model constructed by combining the above three factors, including LDH, AFP, and Rad-score, 
predicted AUC values of 0.756 (95% CI: 0.648–0.865), 0.729 (95% CI: 0.618–0.840) and 0.765 (95% CI: 
0.633–0.897) for 1, 2 and 3 years RFS in the training set (Figure 3d). In the validation set (Figure 3h), for the predictive 
ability of 1, 2 and 3 years RFS, the composite model achieved AUC values of 0.796 (95% CI: 0.666–0.927), 0.798 (95% 
CI: 0.654–0.942) and 0.920 (95% CI: 0.822–1.019). The C-index for the two groups was 0.718 (95% CI: 0.637–0.798) 
and 0.787 (95% CI: 0.704–0.870), respectively.

Figure 2 RFS curves based on LDH (a), AFP (b), Rad-score (c), and combined prediction models (d) in the training set. RFS curves in the validation set based on LDH (e), 
AFP (f), Rad-score (g), and the combined prediction model (h).
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The above results showed that the combined Rad-score based prediction model had higher AUC values and C-index 
than the single LDH, AFP, or Rad-score model in its ability to predict 1, 2, and 3 years RFS, which suggested that the 
integrated prediction model had better predictive performance. Tables 3 and 4 listed and compared the AUC values and 
C-index of the different models in the training and validation sets.

Creation and Validation of a Nomogram Model
Based on the results of the multivariate analysis, we constructed a Rad-score based nomogram model to predict the risk 
of postoperative recurrence in patients with early-stage HCC (Figure 4). In this model, each variable had a weighting 
point representing the risk of recurrence. Patients with a high total score have a better prognosis, indicating a lower risk 
of recurrence. The calibration curve showed that the predicted 2 years RFS and actual 2 years RFS were extremely close 
in both the training (Figure 5a) and validation (Figure 5b) sets. These results indicated that the nomogram model was 
effective in predicting postoperative recurrence.

Discussion
In this study, a CT radiomics features-based Rad-score was established to predict the RFS of patients with early-stage 
HCC treated with curative resection. In this procedure, the ICC was first identified after inter-observer testing, followed 
by feature selection and reduction using LASSO regression and 10-fold cross-validation. The Rad-score calculated on the 
basis of non-zero coefficients and selected features could effectively categorize patients into high- and low-risk groups. 

Figure 3 The ROC curves demonstrated the predictive performance of the LDH (a–e), AFP (b–f), Rad-score (c–g), and composite models (d–h) in the training and 
validation sets.

Table 3 Predictive Performance of the Four Models in the Training Group for RFS

Model AUC (95% CI) C-Index (95% CI)

1-Year RFS 2-Years RFS 3-Years RFS

LDH 0.583 (0.461–0.705) 0.549 (0.442–0.656) 0.613 (0.504–0.721) 0.569 (0.489–0.650)

AFP 0.683 (0.560–0.807) 0.596 (0.475–0.716) 0.583 (0.455–0.712) 0.636 (0.549–0.723)

Rad-score 0.651 (0.556–0.746) 0.713 (0.604–0.823) 0.723 (0.590–0.855) 0.634 (0.570–0.698)
Integrated model 0.756 (0.648–0.865) 0.729 (0.618–0.840) 0.765 (0.633–0.897) 0.718 (0.637–0.798)

Abbreviations: RFS, recurrence-free survival; AUC, area under curve.
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We also incorporated clinical and biochemical indicators and constructed a Rad-score-based comprehensive prediction 
model using COX proportional hazards regression analysis. The model categorized the patients into four groups with 
different risks of recurrence.

Radiomics is a promising technique for extracting quantitative features from medical images and transforming them into 
diggable data. This enables the identification of important imaging biomarkers that cannot be detected by the visual eye.14 In 
a study by San Zhang et al, a novel deep learning radiomics model based on contrast-enhanced CT was constructed to predict 
early recurrence in HCC patients treated with liver resection, with AUC values of 0.71 and 0.73 for the training and validation 
sets, respectively.15 Similarly, the Rad-score identified in our study could be used to predict recurrence in patients with AUCs 
of 0.651–0.825 for predicting 1, 2, and 3 years RFS. In addition, Lee IC et al16 and Zheng B-H et al17 evaluated the role of CT- 
based radiomics in predicting postoperative recurrence in patients with early stage HCC. However, when outlining the ROI, 
only the largest dimension of the tumor was outlined, which may not be sufficient to reflect the overall characteristics of the 
tumor. In our study, we outlined the entire tumor layer by layer, which more comprehensively reflected the heterogeneous 

Table 4 Predictive Performance of the Four Models in the Validation Group for RFS

Model AUC (95% CI) C-Index (95% CI)

1-Year RFS 2-Years RFS 3-Years RFS

LDH 0.655 (0.484–0.826) 0.643 (0.477–0.808) 0.716 (0.600–0.833) 0.648 (0.539–0.757)

AFP 0.720 (0.552–0.887) 0.681 (0.523–0.838) 0.686 (0.577–0.795) 0.709 (0.610–0.809)
Rad-score 0.656 (0.495–0.816) 0.685 (0.519–0.851) 0.825 (0.710–0.941) 0.627 (0.541–0.712)

Integrated model 0.796 (0.666–0.927) 0.798 (0.654–0.942) 0.920 (0.822–1.019) 0.787 (0.704–0.870)

Abbreviations: RFS, recurrence-free survival; AUC, area under curve.

Figure 4 Development of Rad-score based nomogram model for recurrence.
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characteristics of the tumor. Gao W et al combined deep learning and radiomics to construct an MRI-based comprehensive 
model, which also had a better prediction performance for early recurrence.18 However, this model did not incorporate clinical 
factors. In our current study, we incorporated clinical and biochemical parameters and constructed predictive models using 
COX proportional hazards regression. We identified LDH, AFP, and Rad-score as independent prognostic factors for 
postoperative recurrence in patients with early-stage HCC.

LDH is one of the most common biochemical markers in clinical practice, and elevated LDH levels are frequently 
observed in patients with malignant tumors.19 A distinguishing feature of cancer cells is that even in the absence of 
oxygen, they often transform pyruvate into lactate, a process known as the Warburg effect. LDH is a key enzyme 
involved in this process. A number of studies have shown that high levels of serum LDH are associated with a poorer 
prognosis in patients with various cancers.20–25 Our study yielded similar results, with significantly shorter RFS in 
patients with LDH>210U/L in both training and validation sets.

AFP, the first placental biomarker identified in patients with HCC, is a major tool for the detection and longitudinal 
monitoring of patients with HCC.26,27 Elevated AFP levels showed a correlation with poor prognosis in different clinical 
settings.28,29 At the same time, baseline AFP levels had been shown to be effective in prognostic survival outcomes in both local 
and systemic treatment modalities.30,31 Therefore, in our study, we included AFP at the baseline level of patients, and the result 
showed that AFP was an independent predictor of RFS and patients with AFP>81.13ng/mL had a significantly shorter RFS.

A nomogram, also known as a column chart, is a graphical computational tool used to predict the probability of 
a particular event by integrating the effects of multiple variables into a single numerical score. Many previous studies 
have constructed nomogram models based on clinical characteristics to predict recurrence or survival outcomes.32,33 In 
addition, recent studies have combined radiomics, clinical characteristics and hematological parameters to construct 
nomogram predictive models.34–36 For instance, Lu W et al constructed a prediction model based on MRI radiomics and 
clinical characteristics, which effectively predicted progression-free survival, overall survival, and objective response rate 
to chemoimmunotherapy in pancreatic cancer patients with liver metastases.35 In our current study, we developed 
a postoperative nomogram to predict RFS by combining the Rad-score, LDH, and AFP. The calibration curves suggested 
excellent agreement between the predicted and observed results.

In recent years, the topic of discussion has arisen as to whether high-risk patients vulnerable to early tumor recurrence should 
be treated with postoperative adjuvant therapy. Cancer cells differ from normal cells in physical properties. By taking advantage 
of these differences, new methods for more precise, low-toxicity and efficient cancer diagnosis and treatment can be developed.37 

There are no internationally standardized protocols or criteria for the selection of individual indications for postoperative adjuvant 
therapy. However, it is not rigorous to administer adjuvant therapy to patients with only one risk factor. The comprehensive 
prediction model that we constructed integrates different risk factors and provides a basis for clinicians’ treatment decisions.

Figure 5 (a) Calibration curves for 2 years RFS in the training set. (b) Calibration curves for 2 years RFS in the validation set.
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As this was a single-center retrospective study, it was impossible to completely eliminate patient selection bias despite 
the larger sample size. This may limit the generalizability of the findings to some extent. In the future, we intend to 
conduct a multicenter, large-scale prospective study to verify the results of this study.

Conclusion
In this study, we constructed a radiomics-based integrated prediction model that incorporated not only radiomic features 
but also two biochemical parameters, LDH and AFP. The AUC values, C-index, and calibration curves showed that our 
model had excellent predictive performance and accurately predicted the risk of recurrence after curative resection for 
early-stage HCC. By utilizing this predictive model, clinicians can more accurately predict a patient’s risk of post
operative recurrence and develop individualized treatment plans to prolong survival and improve patient quality of life.

Abbreviations
AFP, alpha-fetoprotein; ALB, albumin; ALT, alanine aminotransferase; ALP, alkaline phosphatase; AST, aspartate 
aminotransferase; AUC, area under the curve; BMI, body mass index; BUN, blood urea nitrogen; C-index, Harrell’s 
concordance index; CNLC, China liver cancer staging; CI, confidence interval; GGT, γ-glutamyl transferase; HCC, 
hepatocellular carcinoma; HR, hazard ratio; ICC, inter-class correlation coefficient; LASSO, least absolute shrinkage and 
selection operator; LDH, lactate dehydrogenase; MRI, magnetic resonance imaging; MSE, mean square error; RFS, 
recurrence-free survival; ROC, receiver operating characteristic; ROI, regions of interest; TBIL, total bilirubin; WBC, 
white blood cell.
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