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Abstract
Background  Current liver cancer screening in Korea focuses on viral hepatitis or cirrhosis, despite rising risks from 
metabolic and alcohol-related liver disease. We aimed to develop a deep learning model that leverages routinely 
collected national screening and claims data to predict liver cancer risk without requiring additional diagnostic tests.

Methods  We conducted a retrospective cohort study of 3,962,209 adults aged 50–69 years who participated in the 
Korean National Health Screening program between 2010 and 2015, with follow-up until December 31, 2021. A total 
of 12,401 liver cancer cases were identified. Using data from three biennial screenings over 6 years, we developed a 
one-dimensional convolutional neural network model to predict 5-year liver cancer risk. The cohort was randomly 
divided at the patient level into training (80%) and testing (20%) sets. Predictors included demographic, clinical, 
behavioral, anthropometric, and laboratory features. Model performance was compared with logistic regression, 
extreme gradient boosting, multilayer perceptron, and current national surveillance criteria, assessed by the area 
under the receiver operating characteristic curve (AUROC), sensitivity, and specificity. Interpretability was examined 
using SHapley values and Cox regression, and sensitivity analyses evaluated the impact of screening timing.

Results  Our model achieved an AUROC of 0.810 (95% CI, 0.802–0.818) and an AUPRC of 0.029 (95% CI, 0.026–0.034), 
with a sensitivity of 0.736 (95% CI, 0.720–0.753), clearly outperforming the current national criteria which showed 
an AUROC of 0.552 (95% CI, 0.546–0.558), an AUPRC of 0.007 (95% CI, 0.006–0.008), and a sensitivity of only 0.112 
(95% CI, 0.100–0.125). The top-risk quintile accounted for 65% of incident liver cancer cases and had a 27-fold higher 
hazard compared to the lowest-risk group. Major predictors included age, viral hepatitis, family history of liver cancer, 
cholesterol levels, alcohol consumption, and metabolic factors. Sensitivity analyses demonstrated that incorporating 
all three screening time points yielded the highest overall performance.

Conclusions  Applying a deep learning model to routinely collected national screening data improved liver cancer 
risk stratification and enabled early identification of high-risk individuals, including those without prior liver disease. 
This approach supports scalable, policy-relevant screening strategies within existing public health infrastructure.

Trial registration  Not applicable.
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Introduction
Primary liver cancer is the sixth most common cancer 
and the third leading cause of cancer-related mortality 
worldwide [1, 2], with hepatocellular carcinoma (HCC) 
accounting for more than 85% of cases [3]. In South 
Korea, liver cancer is the second leading cause of cancer-
related death [4]. The 2022 KLCA–NCC Korea Practice 
Guidelines (KNKPC) recommend biannual HCC surveil-
lance with ultrasonography and serum alpha-fetoprotein 
(AFP) testing for high-risk individuals, including those 
with hepatitis B virus (HBV), hepatitis C virus (HCV), 
or cirrhosis [5]. However, these guidelines may not fully 
reflect current epidemiologic trends. Widespread HBV 
vaccination and effective HCV treatment have reduced 
virally associated HCC, and nearly half of new cases 
now occur in individuals without viral hepatitis [6, 7]. 
Moreover, up to 39% of HCC cases are diagnosed in 
noncirrhotic individuals [8]. Conversely, metabolic dys-
function–associated steatotic liver disease (MASLD) 
and alcohol-associated liver disease (ALD) are emerging 
as leading causes [9], closely linked to modifiable life-
style factors such as obesity, diabetes, alcohol consump-
tion, and smoking [10–12]. These changes underscore 
the need to expand liver cancer risk stratification beyond 
conventional high-risk groups [13, 14].

Previous liver cancer risk prediction models have 
largely targeted individuals with chronic liver disease 
or viral hepatitis. Although models such as aMAP (age, 
gender, bilirubin, albumin, platelet count) and GALAD 
(gender, age, AFP, AFP-L3, des-gamma-carboxy pro-
thrombin) have shown strong predictive performance in 
high-risk populations [12, 13], they depend on biomark-
ers (e.g., AFP, albumin) that are not routinely measured 
in population-level screenings [15]. Furthermore, most 
previous studies have used static variables and conven-
tional machine learning methods, such as Cox regression 
or XGBoost [16–18], which often do not account for the 
temporal progression of disease.

The risk of liver cancer evolves gradually with age, 
comorbidities, and lifestyle factors [19, 20], suggesting 
that temporal deep learning (DL) models may be appro-
priate for prediction. Convolutional neural networks 
(CNNs), recurrent neural networks (RNNs), and Trans-
former-based models have shown strong performance in 
dynamic cancer prediction using longitudinal data [21]. 
Among these, CNNs are particularly efficient at detect-
ing local patterns in structured, fixed-interval health 
screening data, such as those collected through Korea’s 
national health examination system, whereas RNNs and 
Transformer models are better suited for irregular or 
long-interval data. Therefore, the architecture should 

be guided by the structure and frequency of the input 
variables.

To address these considerations, we developed a 5-year 
liver cancer risk prediction model based on CNNs, using 
routinely collected demographic, clinical, and behavioral 
data from the National Health Insurance Service (NHIS). 
The performance of the model was compared against 
logistic regression (LR), XGBoost, multilayer perceptron 
(MLP), and the KNKPC surveillance criteria. To enhance 
interpretability, we applied SHapley Additive Explana-
tions (SHAP) to analyze feature contributions and used 
Cox regression to estimate hazard ratios and assess sta-
tistical significance, offering a scalable and interpretable 
framework for population-level risk prediction [22].

Materials and methods
Data source
NHIS in the Republic of Korea (hereafter, “Korea”) is a 
nonprofit organization administered by the Korean gov-
ernment that provides mandatory health insurance cov-
erage to the entire Korean population [23]. Individuals 
aged 20 years and older are eligible for a comprehensive 
health screening conducted biennially, which includes a 
self-administered questionnaire assessing lifestyle behav-
iors, laboratory tests, and anthropometric measurements 
[24]. The NHIS database contains extensive sociode-
mographic information, health examination results, 
inpatient and outpatient medical records, and prescrip-
tion data. It has been extensively used in epidemiologi-
cal studies [25–27], and its validity has been established 
in previous research [23, 28, 29]. The study followed the 
Transparent Reporting of a Multivariable Prediction 
Model for Individual Prognosis or Diagnosis with Artifi-
cial Intelligence guidelines [30].

Study population and design
The initial cohort comprised individuals aged 50–69 
years in 2012 who had undergone national health screen-
ing between 2010 and 2011 (n = 7,397,609). Participants 
were eligible if they completed a health screening at 
least once every 2 years from 2010 to 2015. Of the initial 
cohort, 4,861,632 individuals met this criterion. A total of 
899,423 individuals were excluded for the following rea-
sons: a prior cancer diagnosis before the index date (Jan-
uary 1, 2016) (n = 149,619), death before the index date 
(n = 7,076), diagnosis of another cancer during the fol-
low-up period (n = 212,077), or missing data on key vari-
ables (n = 530,651). We compared basic demographic and 
clinical characteristics between excluded and included 
individuals to assess potential selection bias (Table S1). 
Patients diagnosed with any new cancer other than liver 
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cancer during follow-up were excluded to reduce con-
founding, as another malignancy may influence medical 
surveillance and subsequent liver cancer risk, consis-
tent with large population-based cancer cohort studies 
[31, 32]. After applying these exclusion criteria, the final 
analytic cohort consisted of 3,962,209 participants (Fig. 
S1). Participants were followed up from January 1, 2016, 
to December 31, 2021, and were classified according to 
whether they underwent liver cancer diagnosis during 
follow-up: those diagnosed with liver cancer (n = 12,401) 
and those without a diagnosis (n = 3,949,808). For model 
development and validation, the cohort was stratified by 
age, sex, and liver cancer diagnosis, and then randomly 
divided into training (80%) and test (20%) sets. The train-
ing set included 9,921 participants diagnosed with liver 
cancer and 3,159,846 without a liver cancer diagnosis, 
while the test set comprised 2,480 and 789,962 partici-
pants, respectively.

Predictor and outcome definitions
The primary outcome of this study was the incidence of 
liver cancer during the follow-up period, as identified in 
the NHIS database. Liver cancer was defined using the 
International Classification of Diseases, 10th Revision 
(ICD-10) codes C22.0 or C22.9 for men and C22.0 for 
women, with these codes recorded as the primary diag-
nosis [33]. This operational definition was adopted based 
on a previous systematic review using the NHIS database, 
which compared various ICD-10 code combinations with 
the Korea Central Cancer Registry (KCCR) and identified 
this sex-specific definition as the most consistent with 
the registry-based incidence rates [33].

Predictor variables obtained from the NHIS dataset 
prior to the index date included demographic factors 
(age, sex, household income); health-related behaviors 
(smoking status, alcohol consumption, physical activity); 
clinical measurements (body mass index [BMI], hemo-
globin, fasting serum glucose, total cholesterol [TC], 
waist circumference, high-density lipoprotein [HDL] 
cholesterol); self-reported medical history (stroke, heart 
disease, hypertension, diabetes, dyslipidemia); and ICD-
10 code–based medical history, including HBV, HCV, 
ALD, MASLD, cryptogenic liver disease, and cirrhosis, 
defined according to previously validated criteria (Table 
S2) [11]. Family history of liver cancer and non-liver can-
cers was also recorded. Detailed definitions and measure-
ment methods for each predictor variable are provided 
in Table S3. For each participant, data were extracted 
from three time points corresponding to the most recent 
health examination within each interval: 2010–2011 (t1), 
2012–2013 (t2), and 2014–2015 (t3). Variables collected 
at each health examination were treated as temporal vari-
ables, whereas baseline characteristics such as age and 
sex were classified as static variables.

Model development and validation
We developed and validated four models to predict liver 
cancer incidence: LR, XGBoost, MLP, and a fusion model 
(Fig. 1). Additionally, we evaluated a separate rule-based 
model derived from the KNKPC surveillance criteria 
using the same test set. The fusion model processed tem-
poral features with one-dimensional (1D) convolutional 
layers and static features with an MLP, then integrated 
the outputs and passed them to a final classifier. To 
address class imbalance, we used weighted cross-entropy 
loss for LR, applied the scale_pos_weight parameter in 
XGBoost [34], and implemented focal loss functions in 
both the MLP and fusion models [35]. Hyperparameters 
were optimized through greedy search with five-fold 
cross-validation within the training set (Table S4). Fur-
ther details regarding data preprocessing, model archi-
tecture, and training procedures are provided in Methods 
S1 and S2.

Statistical analysis
Continuous variables were compared using Welch’s t-test 
[36], and categorical variables were compared using the 
chi-square test [37]. Model performance was assessed 
using the area under the receiver operating characteris-
tic curve (AUROC), the area under the precision–recall 
curve, sensitivity, and specificity. Differences in AUROC 
values between models were assessed using the DeLong 
method [38]. The optimal cutoff values for binary classifi-
cation were determined using the Youden index [39]. To 
examine the effect of observation timing on model per-
formance, we conducted a sensitivity analysis across six 
different observation windows: t1, t2, t3, t1 + t2, t2 + t3, 
and t1 + t2 + t3.

Kaplan–Meier curves were plotted according to risk 
quintiles [40], with hazard ratios (HRs) calculated using 
the lowest quintile (Q1) as the reference. Associations 
between predictors and liver cancer risk were further 
analyzed using Cox proportional hazards regression 
with three model specifications: (1) unadjusted models 
including only the exposure variable; (2) multicollinear-
ity-adjusted models excluding one variable from each 
clinically correlated pair; and (3) fully adjusted models 
including all predefined covariates, regardless of poten-
tial multicollinearity [41]. Clinically interchangeable vari-
able pairs were defined a priori (Table S5). For temporal 
variables measured across the three screening periods, 
mean values were used as covariates. Using the scaled 
Schoenfeld residuals, the proportional hazards assump-
tion was tested graphically, and no violation of propor-
tionality was detected. In addition, to account for the 
competing risk of all-cause mortality, subdistribution 
hazard ratios were estimated using the Fine-Gray subdis-
tribution hazards model.
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Statistical significance was defined as a two-tailed 
P ≤ 0.05. All analyses and model development were con-
ducted in Python version 3.8, using key packages includ-
ing PyTorch (v1.9.1) and Scikit-learn (v0.24.2), and SAS 
software version 9.4 (SAS Institute Inc., Cary, NC, USA).

Results
Characteristics of the study population
Table 1 presents the baseline characteristics of 3,962,209 
participants at the third health screening, which served 
as the final examination before the index date. During fol-
low-up, 12,401 individuals (0.3%) were newly diagnosed 
with liver cancer. The mean age of all participants was 
62.1 years (SD 5.5), and 45.0% were male. In the liver can-
cer group, the mean age was 63.6 years, and 75.4% were 
male. Compared to cancer-free participants, those with 
liver cancer were more likely to be in the lower income 
quartiles (25.5% vs. 28.5% in the highest quartile; 16.3% 
vs. 16.9% in the lowest quartile), report heavy alcohol 
consumption (12.2% vs. 5.4%), and be current smokers 

(25.4% vs. 12.6%). Participants with liver cancer also had 
higher mean values for BMI, hemoglobin, fasting glucose, 
and waist circumference, and lower mean levels of total 
and HDL cholesterol. Histories of hypertension, dia-
betes, cirrhosis, hepatitis, and other liver diseases were 
more prevalent in the liver cancer group, as was a family 
history of liver cancer. Detailed statistics from all three 
health examinations are provided in Table S6. The dis-
tributions of temporal variables were largely consistent 
across the three examinations.

Model performance
As shown in Fig. 2A; Table 2, the fusion model achieved 
the highest discriminatory performance in the test set, 
with an AUROC of 0.810 (95% CI, 0.802–0.818) and an 
AUPRC of 0.029 (95% CI, 0.026–0.034). This performance 
exceeded that of LR (AUROC 0.793; 95% CI, 0.784–0.803; 
AUPRC 0.022; 95% CI, 0.019–0.024), XGBoost (AUROC 
0.797; 95% CI, 0.788–0.806; AUPRC 0.025; 95% CI, 
0.022–0.029), MLP (AUROC 0.803; 95% CI, 0.793–0.811; 

Fig. 1  Workflow of the Study. A liver cancer risk prediction model was developed using Korean national health screening data collected from 2010 to 
2015, incorporating a 10-year washout period to exclude individuals with prior liver cancer. Incident cases of liver cancer were tracked over a 5-year 
follow-up period from 2016 to 2021. The performance of logistic regression, XGBoost, MLP, a CNN-based fusion model, and the KNKPC criteria was evalu-
ated. The fusion model integrated temporal features using 1D CNNs and static variables through the MLP. Model predictions were interpreted using SHAP 
and Cox regressions. Sensitivity analyses were conducted across different combinations of screening intervals. Abbreviations: LR, linear regression; MLP, 
multilayer perceptron; CNN, Convolutional neural networks; KNKPC, 2022 KLCA–NCC Korea Practice Guidelines
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Total Non-LiC LiC P-value
Number of participants (%) 3,962,209 3,949,808 (99.7) 12,401 (0.3) -

Age, years, mean (SD) 62.1 (5.5) 62.1 (5.5) 63.6 (5.5) < 0.001

Sex, N (%) < 0.001

Men 1,784,333 (45.0) 1,774,978 (44.9) 9,355 (75.4) -

Women 2,177,876 (55.0) 2,174,830 (55.1) 3,046 (24.6) -

Household incomea, N (%) 3rd health examination period < 0.001

1st (highest) 1,127,906 (28.5) 1,124,739 (28.5) 3,167 (25.5) -

2nd 1,225,479 (30.9) 1,221,375 (30.9) 4,104 (33.1) -

3rd 940,311 (23.7) 937,201 (23.7) 3,110 (25.1) -

4th (lowest) 668,513 (16.9) 666,493(16.9) 2,020 (16.3) -

3rd health examination period Alcohol consumption status, N (%) <0.001

Non-drinking 2,546,510 (64.3) 2,539,995 (64.3) 6,515 (52.5) -

Light drinking 586,130 (14.8) 584,432 (14.8) 1,698 (13.7) -

Light-to-moderate drinking 295,306 (7.5) 294,130 (7.4) 1,176 (9.5) -

Moderate-to-heavy drinking 320,004 (8.1) 318,505 (8.1) 1,499 (12.1) -

Heavy drinking 214,259 (5.4) 212,746 (5.4) 1,513 (12.2) -

3rd health examination period Smoking, N (%) <0.001

Never smoker 2,715,110 (68.5) 2,709,346 (68.6) 5,764 (46.5) -

Past smoker 744,699 (18.8) 741,206 (18.8) 3,493 (28.2) -

Current smoker 502,400 (12.7) 499,256 (12.6) 3,144 (25.4) -

3rd health examination period Physical activity, times per week, N (%) < 0.001

0 1,826,577 (46.1) 1,820,495 (46.1) 6,082 (49.0) -

1–2 848,818 (21.4) 846,362 (21.4) 2,456 (19.8) -

3–4 893,040 (22.5) 890,410 (22.5) 2630 (21.2) -

≥ 5 393,774 (9.9) 392,541 (9.9) 1,233 (9.9) -

BMIb, kg/m2, mean (SD) 24.2 (3.0) 24.2 (3.0) 24.6 (3.2) < 0.001

Hemoglobin, g/dL, mean (SD) 13.9 (1.4) 13.9 (1.4) 14.3 (1.5) < 0.001

Fasting serum glucose, mg/dL, mean (SD) 102.9 (24.8) 102.9 (24.8) 112.1 (34.1) < 0.001

Total cholesterol, mg/dL mean (SD) 198.0 (40.2) 198.1 (40.2) 175.3 (36.7) < 0.001

HDL-cholesterol, mg/dL, mean (SD) 54.7 (18.8) 54.7 (18.8) 52.2 (15.2) < 0.001

Waist circumference, cm, mean (SD) 81.9 (8.5) 81.9 (8.5) 85.2 (8.7) < 0.001

History of stroke, N (%) 0.009

No 3,868,735 (97.6) 3,856,671 (97.6) 12,064 (97.3) -

Yes 93,474 (2.4) 93,137 (2.4) 337 (2.7) -

History of heart disease N (%) 0.018

No 3,742,364 (94.5) 3,730,712 (94.5) 11,652 (94.0) -

Yes 219,845 (5.5) 219,096 (5.5) 749 (6.0) -

History of hypertension, N (%) < 0.001

No 2,513,371 (63.4) 2,506,601 (63.5) 6,770 (54.6) -

Yes 1,448,838 (36.6) 1,443,207 (36.5) 5,631 (45.4) -

History of diabetes, N (%) < 0.001

No 3,428,104 (86.5) 3,418,949 (86.6) 9,155 (73.8) -

Yes 534,105 (13.5) 530,859 (13.4) 3,246 (26.2) -

History of dyslipidemia, N (%) < 0.001

No 3,345,330 (84.4) 3,334,148 (84.4) 11,182 (90.2) -

Yes 616,879 (15.6) 615,660 (15.6) 1,219 (9.8) -

History of HCV, N (%) < 0.001

No 3,955,229 (99.8) 3,943,050 (99.8) 12,179 (98.2) -

Yes 6,980 (0.2) 6,758 (0.2) 222 (1.8) -

History of HBV, N (%) < 0.001

No 3,932,194 (99.2) 3,920,896 (99.3) 11,298 (91.1) -

Yes 30,015 (0.8) 28,912 (0.7) 1,103 (8.9) -

History of ALD, N (%) < 0.001

Table 1  Baseline characteristics of the study population at the third health screening
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AUPRC 0.028; 95% CI, 0.024–0.032) and KNKPC 
(AUROC 0.552; 95% CI, 0.545–0.558; AUPRC 0.007; 95% 
CI, 0.006–0.008). All differences were statistically signifi-
cant (P < 0.001, DeLong test). The fusion model attained a 
sensitivity of 0.736 (95% CI, 0.720–0.753), approximately 
6.5 times higher than that of KNKPC (0.112; 95% CI, 
0.100–0.125). However, its specificity was lower at 0.732 

(95% CI, 0.731–0.733), compared with KNKPC at 0.991 
(95% CI, 0.991–0.991).

Figure 2B illustrates cumulative incidence curves strati-
fied by risk quintiles from the fusion model. Of the 2,480 
incident liver cancer cases, 1,611 (65.0%) occurred in 
Q5, corresponding to an incidence rate of 1,047.2 per 
100,000 individuals and a hazard ratio of 27.42 (95% CI, 

Fig. 2  Model Performance and Risk Stratification. (A) Five models were evaluated for 5-year liver cancer prediction: LR, XGBoost, MLP, fusion model, and 
KNKPC criteria. All pairwise comparisons with the fusion model were statistically significant (P < 0.001, DeLong test). Bars represent the AUROC with 95% 
Cis; *** indicates P < 0.0001. (B) The 5-year cumulative risk of liver cancer is shown across predicted risk quintiles from the fusion model. Abbreviations: LR, 
linear regression; MLP, multilayer perceptron; KNKPC, 2022 KLCA–NCC Korea Practice Guidelines; AUROC, area under the receiver operating characteristic 
curve; CI, confidence interval

 

Total Non-LiC LiC P-value
No 3,945,962 (99.6) 3,933,910 (99.6) 12,052 (97.2) -

Yes 16,247 (0.4) 15,898 (0.4) 349 (2.8) -

History of MASLD, N (%) < 0.001

No 3,585,948 (90.5) 3,575,085 (90.5) 10,863 (87.6) -

Yes 376,261 (9.5) 374,723 (9.5) 1,538 (12.4) -

History of cryptogenic liver disease, N (%) < 0.001

No 3,961,156 (100.0) 3,948,778 (100.0) 12,378 (99.8) -

Yes 1,053 (0.0) 1,030 (0.0) 23 (0.2) -

History of cirrhosis, N (%) < 0.001

No 3,960,807 (100.0) 3,948,552 (100.0) 12,255 (98.8) -

Yes 1,402 (0.0) 1,256 (0.0) 146 (1.2) -

Family history of liver cancer, N (%) < 0.001

No 3,872,313 (97.7) 3,860,604 (97.7) 11,709 (94.4) -

Yes 89,896 (2.3) 89,204 (2.3) 692 (5.6) -

Family history of non-liver cancer, N (%) 0.002

No 3,472,355 (87.6) 3,461,374 (87.6) 10,981 (88.5) -

Yes 489,854 (12.4) 488,434 (12.4) 1,420 (11.5) -
Abbreviations: SD, standard deviation; BMI, body mass index; HDL, high-density lipoprotein; HCV, hepatitis C virus; HBV, hepatitis B virus; ALD, alcohol-related liver 
disease; MASLD, metabolic dysfunction–associated steatotic liver disease

SI Conversion Factors: To convert fasting serum glucose to millimoles per liter, multiply by 0.0555; HDL cholesterol to millimoles per liter, multiply by 0.0259; TC to 
millimoles per liter, multiply by 0.0259; hemoglobin to grams per liter, multiply by 10
aProxy for socioeconomic status based on the National Health Insurance Service premium
bBMI is calculated as weight in kilograms divided by height in meters squared

Table 1  (continued) 
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Table 2  Selected risk factors for lic identified by SHAP and multivariable Cox regression
Variables Events Person-years Unadjusted

aHR (95% CI)
Collinearity-based adjusted
aHR (95% CI)

Age, y

< 60 3,483 7,600,536 1.00 (Reference) 1.00 (Reference)

≥ 60 8,918 12,078,649 1.61 (1.55–1.68) 1.61 (1.54–1.67)

Sex
Men 9,355 8,828,336 1.00 (Reference) 1.00 (Reference)

Women 3,046 10,850,849 0.27 (0.25–2.28) 0.29 (0.28–0.31)

Alcohol consumption
2nd period

Non-drinker 6,288 12,457,627 1.00 (Reference) 1.00 (Reference)

Light drinker 1,715 2,938,563 1.16 (1.10–1.22) 0.85 (0.80–0.90)

Light-to-moderate 1,179 1,501,231 1.56 (1.46–1.66) 0.89 (0.83–0.95)

Moderate-to-heavy 1,618 1,651,153 1.94 (1.84–2.05) 1.01 (0.96–1.08)

Heavy 1,601 1,130,612 2.81 (2.66–2.97) 1.33 (1.25–1.41)

Total cholesterol
1st period

  < 180 6,057 55,282,219 1.00 (Reference) 1.00 (Reference)

  180–240 5,533 11,197,335 0.45 (0.44–0.47) 0.54 (0.52–0.56)

  ≥ 240 811 2,953,631 0.25 (0.23–0.27) 0.33 (0.31–0.36)

2nd period

  < 180 6,559 5,829,938 1.00 (Reference) 1.00 (Reference)

  180–240 5,133 10,981,950 0.42 (0.40–0.43) 0.51 (0.49–0.53)

  ≥ 240 709 2,867,298 0.22 (0.20–0.24) 0.32 (0.29–0.34)

3rd period

  < 180 7,114 6,389,494 1.00 (Reference) 1.00 (Reference)

  180–240 4,683 10,570,805 0.40 (0.38–0.41) 0.50 (0.48–0.52)

  ≥ 240 604 2,718,886 0.20 (0.18–0.22) 0.30 (0.28–0.33)

History of dyslipidemia
  No 11,182 16,611,757 1.00 (Reference) 1.00 (Reference)

  Yes 1,219 3,067,428 0.59 (0.56–0.63) 0.61 (0.58–0.65)

History of HCV
  No 12,179 19,645,196 1.00 (Reference) 1.00 (Reference)

  Yes 222 33,989 10.54 (9.23–12.03) 5.69 (4.96–6.52)

History of HBV
  No 11,298 19,532,881 1.00 (Reference) 1.00 (Reference)

  Yes 1,103 146,305 13.04 (12.26–13.87) 11.88 (11.10–12.71)

History of ALD
  No 12,052 19,600,399 1.00 (Reference) 1.00 (Reference)

  Yes 349 78,786 7.21 (6.48–8.02) 2.20 (1.94–2.48)

History of cryptogenic liver disease
  No 12,378 19,674,057 1.00 (Reference) 1.00 (Reference)

  Yes 23 5,128 7.14 (4.75–10.75) 4.10 (2.72–6.19)

History of cirrhosis
  No 12,255 19,673,029 1.00 (Reference) 1.00 (Reference)

  Yes 146 6,157 38.10 (32.36–44.85) 12.56 (10.64–14.83)

Family history of liver cancer
  No 11,709 19,233,089 1.00 (Reference) 1.00 (Reference)

  Yes 692 446,096 2.55 (2.36–2.75) 2.49 (2.30–2.69)
Abbreviations: aHR, adjusted hazard ratio; CI, confidence interval; HCV, hepatitis C virus; HBV, hepatitis B virus; ALD, alcohol-related liver disease

Notes: aHRs were calculated using multivariable Cox proportional hazards regression, adjusting for collinearity and relevant covariates
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21.28–35.34) compared with Q1. Sensitivity analyses 
using different combinations of screening intervals (Table 
S7) indicated that incorporating all three time points (t1, 
t2, and t3) produced the highest overall performance. 
Among single-interval models, those using the most 
recent examination (t3) consistently outperformed those 
based on earlier time points (t1 or t2).

Associations between the predictor and liver cancer
SHAP analysis
Figure  3 illustrates the top 20 features ranked by their 
mean absolute SHAP values, highlighting the most influ-
ential predictors in the liver cancer risk fusion model. 
HBV infection had the most significant contribution to 
model predictions, followed by a family history of liver 
cancer, sex, and TC levels measured at t3. Age and a 
history of dyslipidemia also exerted a substantial influ-
ence on the predicted risk. Additional influence features 
included HCV infection, TC levels measured at earlier 
screenings (t1 and t2), and alcohol consumption at t2. 
The beeswarm plot (Fig.  3B) illustrates the distribution 
of SHAP values across individual predictions. Lower TC 
levels at t3 were associated with increased predicted liver 

cancer risk, as indicated by predominantly positive SHAP 
values for low feature values. Similarly, higher alcohol 
consumption at t2 corresponded with elevated risk, indi-
cated by positive SHAP values for high feature values. 
Collectively, these results highlight the reliance of the 
model on a combination of clinical and behavioral vari-
ables measured longitudinally to generate individualized 
predictions of liver cancer risk.

Hazard ratios from Cox proportional hazards models
Table  2 presents a selection of the adjusted hazard 
ratios (aHRs) for liver cancer incidence estimated using 
Cox proportional hazards models. Variables were cho-
sen based on either their prominence among the top 
10 featured in the SHAP analysis or strong associations 
observed in the regression models. Older age (≥ 60 years; 
aHR, 1.61; 95% CI, 1.54–1.67) was associated with higher 
risk, whereas female sex was associated with lower risk 
(aHR, 0.29; 95% CI, 0.28–0.31). Heavy alcohol consump-
tion at the second screening was associated with a higher 
risk (aHR, 1.33; 95% CI, 1.25–1.41), whereas light-to-
moderate intake showed an inverse association (aHR, 
0.89; 95% CI, 0.83–0.95).

Fig. 3  Global Interpretability Analysis of the Fusion Model Using SHAP Values. (A) The bar plot presents the mean absolute SHAP values for each variable, 
reflecting their overall contribution to the prediction performance of the model. (B) The beeswarm plot shows the distribution and impact of each vari-
able on model prediction performance, with color intensity indicating variable values. Abbreviations: SHAP, SHapley Additive exPlanations; HBV, hepatitis 
B virus; family_history, family history of liver cancer; HDL, high-density lipoprotein; TC, total cholesterol; HCV, hepatitis C virus; ALD, alcohol-related liver 
disease; MASLD, metabolic dysfunction-associated steatotic liver disease; FBS, fasting serum glucose; WC, waist circumference; t1, t2, and t3​ indicate health 
examination intervals 2010–2011, 2012–2013, and 2014–2015, respectively
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TC exhibited a consistent inverse association with liver 
cancer risk across all three screening periods. Compared 
with levels < 180  mg/dL, levels ≥ 240  mg/dL were asso-
ciated with substantially lower risk (aHR, 0.30; 95% CI, 
0.28–0.33). A history of dyslipidemia also correlated with 
reduced risk (aHR, 0.61; 95% CI, 0.58–0.65). Conversely, 
chronic liver disease showed strong positive associa-
tions with liver cancer risk. Cirrhosis was the strongest 
predictor (aHR, 12.56; 95% CI, 10.64–14.83), followed 
by HBV (aHR, 11.88; 95% CI, 11.10–12.71), HCV (aHR, 
5.69; 95% CI, 4.96–6.52), cryptogenic liver disease (aHR, 
4.10; 95% CI, 2.72–6.19), and ALD (aHR, 2.20; 95% CI, 
1.94–2.48). A family history of liver cancer was also asso-
ciated with a substantially increased risk (aHR, 2.49; 95% 
CI, 2.30–2.69).

The complete set of Cox regression results, includ-
ing unadjusted, multicollinearity-based adjusted, and 
fully adjusted models, is presented in Table S8. Adjusted 
hazard ratios were highly consistent between the two 
adjusted models, indicating that multicollinearity was 
effectively managed without compromising robustness or 
interpretability. Moreover, subdistribution hazard ratios 
from the Fine-Gray model were consistent with the Cox 
estimates (Table S9), indicating that the overall patterns 
of association remained consistent.

Discussion
In this nationwide cohort study involving 3.96  million 
Korean adults aged 50–69 years, we developed a fusion 
model to predict 5-year liver cancer incidence using lon-
gitudinal health screening data collected over 6 years. 
The model outperformed LR, XGBoost, MLP, and the 
KNKPC surveillance criteria, suggesting that population-
level health screening data can effectively support liver 
cancer risk stratification and enable earlier, more sensi-
tive detection than conventional criteria.

The fusion model achieved an AUROC of 0.810 and 
a sensitivity of 0.736, which was more than six times 
higher than the KNKPC criteria of 0.112, although speci-
ficity was lower. Two-thirds of liver cancer cases were 
observed in Q5, corresponding to a 27-fold increase in 
hazard compared with Q1. These findings underscore 
the potential of the model to identify high-risk individu-
als and to inform stratified surveillance strategies in both 
clinical and public health settings.

To improve interpretability, we applied both SHAP 
and Cox proportional hazards regression. Most major 
predictors—including HBV and HCV infections, family 
history of liver cancer, male sex, older age, ALD, elevated 
fasting glucose, smoking, and waist circumference—
aligned with the findings of previous studies and cur-
rent clinical guidelines [42–44]. Lower TC measured at 
t1, t2, and t3, as well as a history of dyslipidemia, showed 
a strong inverse association with liver cancer, consistent 

with previous meta-analyses [45]. This inverse associa-
tion should be interpreted cautiously. Statins, which are 
widely prescribed for dyslipidemia, have been linked to 
reduced HCC risk [46], and the absence of medication 
data prevented adjustment for this potential confounder 
and may have inflated the apparent protective associa-
tion. Beyond confounding, biological mechanisms may 
also contribute, as cholesterol is a precursor for bile acids 
that protect against hepatic injury and may slow HCC 
progression [47, 48]. Experimental evidence from Qin 
et al. [49] revealed that elevated serum cholesterol levels 
enhanced natural killer cell–mediated antitumor activity 
and suppressed liver tumor growth in mice. Some pre-
dictors exhibited discrepancies between SHAP and Cox 
models. For instance, alcohol consumption appeared 
slightly protective in SHAP, showing a weak inverse 
trend, whereas Cox regression revealed a J-shaped asso-
ciation: decreased risk in light drinkers and increased 
risk in heavy drinkers relative to nondrinkers. Several 
mechanisms have been proposed to explain the associa-
tion between alcohol consumption and liver cancer. Light 
to moderate alcohol consumption has been reported to 
improve insulin sensitivity and increase adiponectin 
levels, potentially reducing metabolic dysfunction asso-
ciated with liver cancer [50–52]. In contrast, excessive 
alcohol consumption induces carcinogenesis through 
accumulated oxidative stress and the hepatotoxic metab-
olite acetaldehyde, leading to hepatocyte injury, fibrosis, 
and ultimately cirrhosis [53, 54]. However, the seemingly 
protective effect among light drinkers should be inter-
preted with caution. This finding may be influenced by 
the “sick quitter” effect, in which former drinkers who 
ceased alcohol consumption due to illness are catego-
rized as non-drinkers [55, 56]. Similarly, HDL cholesterol 
contributed positively to predicted risk in SHAP but was 
inversely associated in the Cox regression, potentially 
reflecting nonlinear threshold effects reported in previ-
ous studies [57]. Although baseline characteristics indi-
cated a higher crude prevalence of MASLD among liver 
cancer cases, MASLD was not a significant predictor in 
adjusted Cox models and contributed minimally in SHAP 
analysis. Although previous studies have linked MASLD 
to increased liver cancer risk [58, 59], HCC development 
in patients with MASLD typically occurs over 10–20 
years [60], suggesting that our follow-up period may have 
been insufficient to capture this long-term progression. 
It is also well recognized that MASLD is substantially 
under-recorded in population-based and administrative 
databases [61, 62], which may have limited the accuracy 
of case identification and led to an underestimation of 
its true predictive contribution. Overall, SHAP and Cox 
regression showed substantial concordance in identify-
ing major predictors, although some differences were 
observed. Cirrhosis and cryptogenic liver disease were 
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strongly associated with liver cancer in Cox models 
but did not rank among the top SHAP features, likely 
reflecting SHAP’s emphasis on complex patterns and 
interactions versus the Cox model’s focus on adjusted 
associations, a contrast also observed in UK Biobank 
analyses [63]. Combining both approaches improves 
interpretability and supports population-level liver can-
cer risk assessment.

Previous general population–based liver cancer 
risk models employing statistical or machine learning 
approaches have shown moderate performance (AUC: 
0.712–0.873) but frequently relied on cross-sectional 
data or variables not routinely collected, and they did 
not fully account for nonlinear associations commonly 
observed in clinical data [16, 18, 64]. To address these 
limitations, we developed a model that simultaneously 
integrates temporal and static predictors, achieving supe-
rior accuracy in predicting liver cancer risk within large-
scale cohorts relative to previous studies of comparable 
size.

The model captures a shift in liver cancer etiology 
toward metabolic risk factors and facilitates risk-based 
prescreening using routinely collected health screening 
data. Its robust discrimination of the highest-risk group 
(Q5) highlights its potential as a population-level screen-
ing tool. Although separation among intermediate-risk 
groups (Q2–Q3) was modest, further refinement could 
improve continuous stratification and support more 
nuanced clinical decision-making. The higher sensitiv-
ity of the model compared to the KNKPC algorithm 
indicates improved potential for early detection. How-
ever, with a specificity of 0.732, approximately 26.8% of 
non-cancer individuals would be classified as false posi-
tives, potentially triggering a large volume of unnecessary 
follow-up procedures that impose considerable financial 
costs, strain healthcare resources, and induce psychologi-
cal stress [65]. To mitigate these potential harms while 
maintaining high sensitivity, a stepped, risk-stratified 
strategy may be considered, whereby the model assigns 
individuals to risk tiers and surveillance intervals are 
tailored accordingly. Further research will be needed to 
determine the optimal surveillance interval for each risk 
group. Although incorporating additional biomarkers 
may further enhance predictive performance, the princi-
pal strength of this study lies in revealing that routinely 
collected, policy-supported data can be effectively lev-
eraged for risk stratification. Beyond clinical applicabil-
ity, the model holds policy-level significance by showing 
how existing screening data can be repurposed to pro-
actively identify high-risk individuals, providing a foun-
dation for integrating predictive modeling into national 
cancer control programs to enable targeted prevention, 
optimize resource allocation, and support cost-effec-
tive, data-driven policy decisions. However, this study 

has several limitations. First, key predictors, including 
alcohol consumption, physical activity, and specific self-
reported medical or family histories, may be subject to 
reporting bias. Second, the operational definition of liver 
cancer differed by sex (C22.0 or C22.9 for men and C22.0 
for women). However, it was derived from a validated 
comparison of NHIS-based definitions with the KCCR, 
which showed that including C22.9 for women tended 
to overestimate incidence rates. Thus, this sex-specific 
definition provided the closest alignment with national 
registry data, and the likelihood of underestimating liver 
cancer incidence among women in this study is minimal. 
Third, the exclusively Korean cohort may limit the gen-
eralizability of our findings to populations with different 
ethnic, environmental, or healthcare contexts, highlight-
ing the need for validation in more diverse cohorts. In 
addition, medication data were unavailable, prevent-
ing the assessment of their protective or modifying 
effects. Furthermore, the retrospective design constrains 
causal inference, and residual confounding may persist 
despite statistical adjustments. In particular, regard-
ing the observed J-shaped association between alcohol 
intake and liver cancer risk, unmeasured confounding 
may exist due to the inclusion of former drinkers among 
non-drinkers [66], potential underreporting or misclas-
sification of alcohol intake, and unmeasured differences 
in socioeconomic status, dietary habits, or other life-
style characteristics. Fourth, a cost-effectiveness analy-
sis evaluating the trade-off between high sensitivity and 
lower specificity was not conducted in this study. Future 
work should address this gap by comparing the KNKPC 
criteria with a stepped, risk-stratified screening strat-
egy using appropriate health economic modeling, such 
as Markov or other state-transition models. Fifth, about 
10% of individuals were excluded due to missing key vari-
ables. Although some variables such as sex, income, and 
smoking showed moderate SMD differences, they were 
included as model predictors, reducing concerns about 
bias. Most clinical variables had small SMDs, suggesting 
limited impact on model performance (Table S1). Future 
studies should adopt more robust methods for handling 
missing data. Finally, deploying DL models requires sub-
stantial computational resources and technical infra-
structure, which may pose challenges in some clinical 
settings, even as institutional investment in AI-driven 
healthcare systems continues to grow.

Conclusions
This nationwide study developed a DL-based fusion 
model leveraging longitudinal health screening data to 
predict 5-year liver cancer risk in adults aged over 50 
years, with superior discrimination compared to conven-
tional models and current surveillance criteria. Its prin-
cipal strength lies in showing that AI applied to routinely 
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collected data can enhance identification of high-risk 
individuals and support more efficient, scalable, and 
data-driven strategies for liver cancer prevention within 
existing national screening infrastructure.
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