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Introduction: Metabolic dysfunction–associated steatotic liver disease (MASLD) has emerged as the most prevalent chronic liver 
disorder worldwide. Despite its increasing prevalence, MASLD is often asymptomatic in its early course, leading to considerable 
underdiagnosis. Insulin resistance (IR) plays a key role in MASLD development; however, the incremental value of IR-related 
biomarkers in machine learning (ML) diagnostic models for MASLD has not been fully investigated.
Methods: This retrospective single-center study included 18,535 adults (5992 with MASLD and 12,543 without MASLD) undergoing 
routine health examinations at our research center. Two feature sets were created: Set 1 included demographic, anthropometric, 
clinical, and biochemical indicators, while Set 2 further incorporated IR-related biomarkers, including triglyceride–glucose (TyG)– 
based indices and the metabolic score for insulin resistance (METS-IR). Six ML algorithms were used to develop diagnostic models. 
Model performance was assessed using sensitivity, specificity, F1-score, and area under the curve (AUC) on the training and validation 
sets, with clinical utility evaluated using decision curve analysis (DCA). Model interpretability was further explored using Shapley 
Additive exPlanations (SHAP).
Results: All six ML models demonstrated a statistically significant improvement in AUC values after incorporating IR-related 
biomarkers (all P < 0.05). In the validation set, the extremely randomized trees (ERT) model with Set 2 achieved the highest AUC 
(0.901). DCA further indicated that models incorporating IR-related biomarkers generally provided a higher net clinical benefit. 
Overall, the ERT model provided the most favorable combination of discrimination and clinical utility. SHAP analysis further 
emphasized the important role of IR-related biomarkers in MASLD diagnosis.
Conclusion: Incorporating IR-related biomarkers into ML diagnostic models improved the accuracy and clinical utility of MASLD 
detection without increasing testing costs or patient burden. These findings highlight the incremental diagnostic value of IR-related 
biomarkers in ML models and support their use as a decision-support tool for MASLD screening in general populations.
Keywords: metabolic dysfunction-associated steatotic liver disease, insulin resistance, machine learning, diagnostic model

Introduction
Metabolic dysfunction–associated steatotic liver disease (MASLD)—a term adopted in 2023 to replace non-alcoholic 
fatty liver disease (NAFLD) and better reflect its metabolic drivers—is a hepatic disorder closely associated with 
metabolic dysregulation and pathologically characterized by excessive hepatic lipid accumulation linked to insulin 
resistance.1 With the worldwide increase in obesity and metabolic conditions, the prevalence of MASLD has been 
steadily rising, making it the most common chronic liver disease globally.2 From 1991 to 2019, the global prevalence of 
MASLD grew from 22% to 37%, affecting more than one-third of adults globally, and is projected to continue increasing 
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over the next decade.3,4 In individuals with MASLD, the buildup of excessive and dysfunctional fat tissue drives 
metabolic problems and inflammatory responses, which worsen liver damage and lead to advanced liver diseases such as 
fibrosis, cirrhosis, and hepatocellular carcinoma.5,6

Given the asymptomatic nature of MASLD, its low diagnosis rate remains a key barrier to effective treatment and 
prevention of related complications.7 Liver biopsy remains the reference standard for hepatic lipid quantification; 
however, its use in large-scale screening is limited by its invasive nature, sampling heterogeneity, and reduced feasibility. 
Although imaging modalities such as magnetic resonance imaging (MRI), ultrasound, and computed tomography (CT) 
can detect and assess hepatic steatosis, their high cost and limited accessibility make it challenging to provide these 
services to the vast population affected by MASLD.8 In addition, cost-effective non-invasive scores such as the fibrosis-4 
index (FIB-4) are used for risk stratification in suspected MASLD; however, among other limitations, its performance is 
influenced by age, which can limit diagnostic accuracy.9,10 Therefore, building diagnostic models for MASLD using 
routinely collected clinical indicators has become a common approach in clinical practice, and several models have 
already demonstrated reasonable diagnostic performance.11,12

As a core driver of MASLD, insulin resistance (IR) underpins its pathogenesis by disrupting systemic metabolic 
pathways and dysregulating lipid metabolism.13,14 Several easily accessible biomarkers of IR, such as the triglyceride- 
glucose index (TyG)15 and its anthropometry-based derivatives, as well as the metabolic score for insulin resistance 
(METS-IR),16 have already been widely investigated as predictors of MASLD in conventional regression-based 
models.17,18 However, as composite variables derived from routinely measured indices, they tend to have additional 
collinearity with the original variables, which may make it harder for traditional linear models to reflect their contribution 
to prediction entirely and may reduce the model’s ability to generalize to new data, thereby underestimating their 
predictive value and clinical utility for MASLD.

With advancements in artificial intelligence, machine learning (ML) has demonstrated advantages in disease diagnosis 
by integrating routinely collected clinical variables to generate individualized probability estimates, thereby supporting 
MASLD detection and clinical decision-making.19 Compared with traditional linear models, ML algorithms can detect 
non-linear and interactive patterns within complex feature spaces and are generally more tolerant of collinearity among 
predictors, thereby potentially exploiting more of the information embedded in IR-related biomarkers. This may improve 
diagnostic performance and support more accurate identification of individuals with MASLD in primary care and 
screening settings, enabling timely clinical attention and intervention. Some studies have begun to incorporate IR- 
related biomarkers into ML models for MASLD diagnosis.20–22 Still, prior ML studies have rarely isolated and quantified 
the incremental value of IR-related biomarkers beyond routine clinical variables; their additional predictive value beyond 
routine clinical variables has not yet been systematically evaluated.

This study developed multiple models using six ML algorithms and two feature sets differing in the inclusion of IR– 
related biomarkers. The objective was to assess and compare the diagnostic performance and clinical utility of these 
models and, through interpretability analyses, to quantify the potential incremental value of incorporating IR-related 
biomarkers, thereby informing the development of a more accurate tool to support MASLD screening.

Method
Study Design and Participants
This retrospective observational study used routine health examination data from individuals who underwent 
screening at a tertiary hospital-based health screening centre in Chongqing. Inclusion criteria were: (1) having 
undergone liver Doppler ultrasonography, and (2) completing a health examination between July 2017 and 
January 2025. Exclusion criteria were: (1) age <18 years, and (2) incomplete clinical data. Ultimately, 18,535 
participants were included in the analysis (Figure 1). The study was approved by the Ethics Committee of the 
Second Affiliated Hospital of Chongqing Medical University (No.2023–45). Informed consent was obtained from all 
participants. All study procedures were conducted in accordance with applicable ethical regulations and the 
Declaration of Helsinki.
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Data Collection
All participants underwent a physical examination, hepatic ultrasonography, and venipuncture for laboratory testing. 
Blood biochemical tests were performed using a Hitachi automatic biochemistry analyzer, while height and weight were 
measured using an Omron digital weight scale. Waist circumference (WC), hip circumference (HC), systolic blood 
pressure (SBP), and diastolic blood pressure (DBP) were all measured in accordance with international guidelines.23,24

Lifestyle information for the preceding three months (smoking, alcohol consumption, and physical activity) was 
obtained via participants’ self-reports during routine physician interviews at the health check-up. Alcohol consumption 
was categorized as nondrinkers (0 g/day), light drinkers (0–30 g/day for men and 0–20 g/day for women), and heavy 
drinkers (men ≥30 g/day; women ≥20 g/day). Physical activity level was defined as no exercise, occasional exercise (less 
than 3 times per week), or regular exercise (more than 3 times per week).25

The diagnosis of MASLD followed the latest clinical practice guidelines for its management and was defined as 
ultrasonography-confirmed hepatic steatosis in the presence of at least one metabolic risk factor (see Supplementary 
Table S1).26 All IR-related biomarkers analysed in this study were calculated using the formulas provided in 
Supplementary Table S2.

Feature Selection
To mitigate the impact of collinearity, we applied a correlation-based screening procedure to all continuous candidate 
predictors, including both clinical indicators and IR-related biomarkers, collected as described above. Pearson correlation 
coefficients were calculated, and hierarchical clustering was performed using 1−|r| as the distance metric, with |r| ≥ 0.7 
considered indicative of high correlation. Within each high-correlation cluster, we retained 1–2 clinically interpretable 
representative variables and excluded the remaining ones. Details of the correlation structure and clustering results are 
provided in Supplementary Table S3.

Finally, we constructed two feature sets for model development to evaluate the incremental value of IR-related 
biomarkers. Feature set 1 (Set 1) included: age, gender, height, weight, WC, smoking status, physical activity level, 
alcohol consumption, SBP, triglycerides (TG), fasting plasma glucose (FPG), and high-density lipoprotein cholesterol 
(HDL-C). Feature set 2 (Set 2) was developed by adding two IR-related biomarkers to Set 1, including the TyG index– 
waist-to-height ratio product (TyG-WHtR) and METS-IR. The variance inflation factor (VIF) was calculated for each 
clinical indicator, and all VIF values were below 10.

Model Development and Statistical Analysis
To ensure a thorough evaluation, this study used six ML algorithms with different learning principles and robustness to 
collinearity: extremely randomized trees (ERT), extreme gradient boosting (XGBoost), support vector machine (SVM), 

Figure 1 Study flowchart.
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multilayer perceptron (MLP), k-nearest neighbors (KNN), and Gaussian naïve Bayes (GNB). All algorithms underwent 
hyperparameter tuning through grid search, with the parameter search ranges for each algorithm detailed in 
Supplementary Table S4.

Data were analyzed using R software (version 4.3.3; R Foundation for Statistical Computing, Vienna, Austria). 
Continuous variables were summarized as mean ± standard deviation (SD), and categorical variables as counts 
(percentages). Between-group differences in clinical variables were evaluated with the chi-square test (for categorical 
variables), the Wilcoxon rank-sum test (for non-normally distributed or ordinal variables), and the independent-samples 
t-test (for continuous variables).

Model Evaluation and Interpretability
Model performance was assessed using metrics, including Sensitivity, Specificity, F1-score, and the area under the curve 
(AUC), on both the training and validation sets. The DeLong test was used to determine whether differences in AUC 
between models were statistically significant. Decision curve analysis (DCA) was performed to evaluate the net clinical 
benefit of each model in the validation set. All statistical tests were two-sided, and a p-value < 0.05 was considered 
statistically significant.

To enhance interpretability, we applied SHapley Additive exPlanations (SHAP) to ML models and generated SHAP- 
based feature-importance rankings, waterfall plots, and force plots to quantify the contribution of each predictor and 
illustrate how individual features influence the model output.

Results
Patient Characteristics
A total of 18,535 participants were included, consisting of 9087 men (49.03%) and 9448 women (50.97%). The 
prevalence of MASLD in the cohort was 32.33%. Clinical characteristics of participants with and without MASLD 
are summarized in Table 1. Results showed that MASLD cases had a higher proportion of males and a higher average 
age. Additionally, the prevalence of smoking, heavy alcohol use, and inadequate physical activity was also greater among 
MASLD cases compared to non-MASLD individuals. Furthermore, MASLD cases exhibited an adverse metabolic 
profile, with higher TG and FPG levels and lower HDL-C compared with non-MASLD individuals.

Table 1 Comparison of Demographic and Clinical Characteristics Between Non-MASLD and MASLD Cohorts 
Among All Participants

Variable Total (n=18,535) With MASLD (n=5992) Without MASLD (n=12,543) P

Gender, n(%) <0.001
Male 9087 (49.03%) 3974 (66.32%) 5113 (40.76%)

Female 9448 (50.97%) 2018 (33.68%) 7430 (59.24%)

Smoking status, n(%) <0.001
Yes 3625 (19.56%) 1685 (28.12%) 1940 (15.47%)

No 14910 (80.44%) 4307 (71.88%) 10,603 (84.53%)

Physical activity level, n(%) <0.001
Inactive 9715 (52.41%) 3310 (55.24%) 6405 (51.06%)

Occasionally active 5126 (27.66%) 1575 (26.29%) 3551 (28.31%)

Regularly active 3694 (19.93%) 1107 (18.47%) 2587 (20.63%)
Alcohol consumption, n(%) <0.001

NO 13128 (70.83%) 3589 (59.90%) 9539 (76.05%)

Light 4878 (26.32%) 2117 (35.33%) 2761 (22.01%)
Heavy 529 (2.85%) 286 (4.77%) 243 (1.94%)

Age, years 51.41 ± 12.39 52.87 ± 11.77 50.71 ± 12.61 <0.001

Height, cm 162.90 ± 8.24 164.81 ± 8.69 161.99 ± 7.85 <0.001

(Continued)
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Model Construction and Performance Evaluation
To prevent data leakage and objectively evaluate model generalizability, the original dataset was split into a training set 
and a validation set at a 7:3 ratio. The training set was used for model development with 10-fold cross-validation, while 
the validation set was reserved solely for testing the extrapolation performance.

Twelve diagnostic models were constructed by combining two feature sets (Set 1: routinely collected clinical variables; 
Set 2: Set 1 plus IR-related biomarkers) with six ML algorithms (ERT, XGBoost, SVM, MLP, KNN, and GNB), covering 
diverse ML algorithms to ensure a comprehensive performance assessment. Diagnostic performance was evaluated using 
sensitivity, specificity, F1-score, and AUC in both datasets (Table 2), and ROC curves are shown in Figure 2.

Table 1 (Continued). 

Variable Total (n=18,535) With MASLD (n=5992) Without MASLD (n=12,543) P

Weight, kg 63.61 ± 11.56 72.00 ± 11.52 59.60 ± 9.19 <0.001

Waistline, cm 81.23 ± 9.96 89.11 ± 8.35 77.46 ± 8.33 <0.001
SBP, mmHg 123.54 ± 17.75 130.36 ± 17.19 120.28 ± 17.08 <0.001

TG, mmol/L 1.65 ± 1.48 2.43 ± 2.03 1.28 ± 0.92 <0.001

FPG, mmol/L 5.42 ± 1.41 5.94 ± 1.85 5.17 ± 1.05 <0.001
HDL-C, mmol/L 1.40 ± 0.31 1.25 ± 0.25 1.46 ± 0.31 <0.001

TyG-WHtR 4.68 ± 0.93 5.33 ± 1.16 4.37 ± 0.59 <0.001

METS-IR 35.09 ± 6.87 41.15 ± 6.08 32.19 ± 5.11 <0.001

Abbreviations: MASLD, metabolic dysfunction–associated steatotic liver disease; SBP, systolic blood pressure; TG, triglycerides; FPG, fasting plasma 
glucose; HDL-C, high-density lipoprotein cholesterol; TyG-WHtR, triglyceride–glucose index–waist-to-height ratio product; METS-IR, metabolic 
score for insulin resistance.

Table 2 Diagnostic Performance of Various Models on Training and Validation Sets

Algorithm Dataset Feature Set Sensitivity (%) Specificity (%) F1-score AUC P

ERT Training 

(n=12974)

Set1 60.50 95.18 0.709 0.929 <0.001

Set2 70.13 93.28 0.761 0.938

Validation 
(n=5561)

Set1 54.42 92.90 0.643 0.892 <0.001
Set2 64.94 90.96 0.706 0.901

XGB Training 

(n=12974)

Set1 68.82 91.72 0.739 0.921 0.003

Set2 74.80 90.72 0.770 0.935
Validation 

(n=5561)

Set1 65.55 90.11 0.704 0.897 <0.001

Set2 69.56 88.60 0.719 0.901

SVM Training 
(n=12974)

Set1 63.46 89.42 0.684 0.890 <0.001
Set2 64.34 89.68 0.692 0.893

Validation 

(n=5561)

Set1 65.28 90.25 0.703 0.895 <0.001

Set2 66.17 90.27 0.709 0.897
MLP Training 

(n=12974)

Set1 68.13 87.99 0.705 0.892 0.031

Set2 71.47 86.23 0.714 0.892

Validation 
(n=5561)

Set1 69.00 88.78 0.717 0.895 0.008
Set2 73.07 86.95 0.729 0.898

KNN Training 
(n=12974)

Set1 69.42 90.00 0.729 0.913 <0.001
Set2 71.32 89.86 0.741 0.917

Validation 

(n=5561)

Set1 63.72 87.21 0.669 0.864 <0.001

Set2 66.33 86.74 0.683 0.871

GNB Training 

(n=12974)

Set1 61.26 87.2 0.652 0.858 <0.001

Set2 71.7 84.54 0.703 0.882

Validation 
(n=5561)

Set1 61.32 86.68 0.648 0.860 <0.001
Set2 71.62 84.69 0.703 0.885

Abbreviations: AUC, area under the receiver operating characteristic curve; ERT, extremely randomized trees; XGB (XGBoost), extreme 
gradient boosting; SVM, support vector machine; MLP, multilayer perceptron; KNN, k-nearest neighbors; GNB, Gaussian naïve Bayes.
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Across both the training and validation sets, all six algorithms achieved higher AUCs and F1-scores with Set 2 than 
with Set 1. In the training set, the best-performing Set 2 models were ERT (AUC = 0.938) and XGBoost (AUC = 0.935); 
in the validation set, ERT and XGBoost again yielded the highest AUCs (both AUC = 0.901). The largest incremental 
gain in discrimination from Set 1 to Set 2 was observed for GNB in both datasets (training: ΔAUC = 0.024; validation: 
ΔAUC = 0.025), followed by XGBoost and ERT in the training set (ΔAUC = 0.014 and 0.009, respectively) and by ERT 
and KNN in the validation set (ΔAUC = 0.009 and 0.007, respectively). DeLong’s tests confirmed that, for each 
algorithm, the AUC of the Set 2 model was significantly higher than that of its Set 1 counterpart (all P < 0.05) in the 
validation set. Overall, these results indicate that incorporating IR-related biomarkers provides a consistent incremental 
diagnostic benefit, improving discrimination and potentially supporting more accurate identification of individuals with 
MASLD in clinical practice.

Clinical Utility Analysis
To further evaluate the potential clinical utility of each model, decision curve analysis was performed in the validation set 
(Figure 3). Overall, models based on Set 2 provided greater net benefit than their Set 1 counterparts across a wide range 
of clinically relevant threshold probabilities. In particular, the ERT model using Set 2 showed the most pronounced gain 
in net benefit, with its curve lying above both the corresponding Set 1 model and most other algorithms across much of 
the threshold range. KNN and GNB with Set 2 also demonstrated higher net benefit than their Set 1 counterparts, whereas 
the XGBoost, SVM, and MLP models showed only minimal differences between the two feature sets. Considering all 
performance metrics, the ERT model demonstrated the most favorable overall performance and potential clinical 
applicability and was therefore considered the most suitable model in this study.

Model Interpretability Analysis
Interpreting ML models is essential for translating them into clinical practice. To further interpret the results of the six 
models, we used SHAP analysis to identify and rank the 10 most influential features for each algorithm in the validation 
set (Figure 4). Notably, in all models except MLP, the top-ranked predictor was an IR-related biomarker.

To illustrate individual-level explanations, we randomly selected one MASLD-positive case and one MASLD- 
negative case from the validation set and generated SHAP waterfall and force plots for the ERT model. For each 
individual, we generated SHAP waterfall and force plots (Figure 5) to visualize the prediction process. The waterfall plot 

Figure 2 ROC curves of different ML models with Feature Set 1 and Feature Set 2 on the training set (A) and validation set (B).
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begins with the model’s baseline prediction and then adds the SHAP value of each feature in sequence, illustrating how 
the final predicted probability is constructed. The force plot provides an intuitive visual summary of how all features 
jointly influence the prediction, highlighting which variables increase or decrease the predicted MASLD risk for the 
selected individual.

Discussion
Using real-world health examination data, we developed twelve diagnostic models for MASLD by combining two 
distinct feature sets with six ML algorithms. Overall, the present study demonstrates that IR-related biomarkers are key 
contributors to ML-based diagnosis of MASLD and that incorporating them into ML models yields improvements in 
diagnostic performance without increasing testing costs or patient burden.

MASLD has become a major global health issue, with its prevalence steadily increasing worldwide.27 However, the 
often asymptomatic presentation of MASLD and the lack of routine screening in the general population mean that it 
remains substantially underdiagnosed, thereby increasing the risk of delayed intervention and adverse clinical 
outcomes.28,29 These gaps underscore the need for straightforward, low-cost screening tools that can be integrated into 
routine health check-ups.

As a core manifestation of metabolic dysfunction, insulin resistance (IR) reflects impaired insulin signaling and 
contributes to MASLD development and progression by promoting hepatic lipid accumulation and disrupting metabolic 
homeostasis, including impaired glucose uptake and reduced HDL levels.30–32 In this study, we focused on two IR- 
related biomarkers, TyG-WHtR and METS-IR, which combine lipid and glycemic markers with anthropometric 

Figure 3 DCA of various ML models comparing Feature Set 1 and Feature Set 2 on the validation set ((A) ERT; (B) XGBoost; (C) SVM; (D) MLP; (E) KNN; (F) GNB). The 
horizontal axis shows the threshold probability and the vertical axis shows the standardized net benefit. “All” and “None” denote the reference strategies of intervening in 
all individuals versus intervening in none, respectively.
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measures (WHtR and BMI, respectively), providing a comprehensive reflection of IR and metabolic abnormalities. Both 
have been shown to be important predictors of MASLD in previous studies.33,34

ML is a class of techniques that automatically learn patterns from data to construct predictive models. By integrating 
information from multiple variables, ML can more effectively capture non-linear relationships and interactions among 
features, which may improve predictive performance compared with conventional diagnostic models.35 In our study, the 
ERT and XGBoost models achieved the highest AUC on the validation set when using Feature Set 2 (Set 2), which 
incorporated IR-related biomarkers (AUC = 0.901 for both models). This finding is consistent with results from other 
related studies.36–39 These included a prior pediatric survey, in which the AUC of METS-IR for the diagnosis of MASLD 
was 0.85 in the US cohort and 0.90 in the Chinese cohort.36 Another adult study used multiple IR-related indices to 
predict MASLD, among which the random forest (RF) model achieved the best performance, with an AUC of 0.915.37 

A further cross-sectional study constructed prediction models for MASLD based on multiple variables, including IR- 
related biomarkers, with the best-performing model yielding an AUC of 0.90 in internal validation.38 Finally, a European 
population-based study developed an XGBoost-based diagnostic model for MASLD using metabolic and anthropometric 
indicators, achieving an AUC of 0.899.39

In the validation set, the improvement in discrimination, as measured by ΔAUC between Set 2 and Set 1, ranged from 
0.002 to 0.025 across the six algorithms (ERT, 0.009; MLP, 0.003; SVM, 0.002; XGBoost, 0.004; KNN, 0.007; and 
GNB, 0.025). Taken together, the statistically significant AUC improvements observed across all six algorithms after 
adding IR-related biomarkers (all P < 0.05) indicate a modest but consistent incremental gain in discrimination. 
Mechanistically, IR-related composite indices summarize several correlated metabolic risk dimensions closely linked 
to hepatic steatosis, including dysglycemia, atherogenic dyslipidemia, and adiposity.40–42 Under realistic constraints of 

Figure 4 SHAP feature importance of the top 10 features for different ML models with Feature Set 2 on the validation set ((A) ERT; (B) XGBoost; (C) SVM; (D) MLP; (E) 
KNN; (F) GNB). Each dot represents one participant, with its position on the x-axis indicating the SHAP value: positive SHAP values shift the prediction toward MASLD, 
whereas negative values shift the prediction away from MASLD; the vertical reference line at 0 indicates no contribution. Dot color reflects the original feature value for that 
participant (red = higher; blue/purple = lower), and vertical stacking indicates the density of observations.
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sample size and model complexity, this compression of multi-dimensional metabolic information may help ML models 
capture latent patterns of metabolic derangement, thereby improving discriminative performance.

Nevertheless, although the ΔAUC values were small, changes in AUC should not be equated directly with clinical 
significance. Our subsequent decision curve analysis in the validation set further supports this conclusion by demonstrat
ing the potential clinical net benefit of incorporating IR-related biomarkers. Given that incorporating these indices does 
not increase testing costs or patient burden, they may be practical to integrate into screening or primary care workflows to 
support more accurate identification of individuals who may have MASLD.

Figure 5 SHAP-based single-sample explanations for the ERT model in two randomly selected cases (A) SHAP waterfall plot for a MASLD-positive individual; (B) SHAP 
force plot for a MASLD-positive individual; (C) SHAP waterfall plot for a MASLD-negative individual; (D) SHAP force plot for a MASLD-negative individual). (A and C) show 
SHAP waterfall plots, where feature contributions are accumulated to move from a baseline prediction to the final prediction for the individual case. (B and D) show SHAP 
force plots summarizing the same contributions. Yellow features increase the model output and shift the prediction toward MASLD, whereas purple features decrease the 
model output and shift the prediction away from MASLD.
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In clinical research, enhancing model interpretability helps clinicians understand the basis of predictions, thereby 
promoting clinical adoption.43 To ensure a consistent interpretability approach across all models, we adopted a model- 
agnostic framework based on SHAP values to measure and compare the contribution of individual predictors. 
Additionally, for the ERT model, we generated SHAP waterfall and force plots for randomly selected MASLD- 
positive and MASLD-negative individuals to visualize the prediction process at the individual level. These explainability 
analyses highlight the substantial contribution of TyG-WHtR and METS-IR to MASLD risk estimation, improving 
transparency and making the models easier for clinicians and researchers to scrutinize and trust.

This study has several limitations. First, it was a single-center study, with all samples collected from a health 
screening center in Southwest China, which may limit the applicability of our findings to other populations. External 
validation using multi-center, large-scale datasets is needed to further assess generalizability. Second, this was a cross- 
sectional study, and all participants were drawn from individuals undergoing routine health check-ups at a single centre 
between 2017 and 2025. As a result, the data may be subject to temporal and selection bias, and cannot support causal 
inference regarding the relationship between IR-related biomarkers and MASLD. Future studies should validate and 
refine these models in prospective cohorts with longer follow-up and repeated assessments. Third, in this study, the 
diagnosis of hepatic steatosis was based on ultrasonography rather than on liver biopsy or MRI. In addition, some other 
potential causes of hepatic steatosis (eg, viral hepatitis and harmful alcohol intake) could not be fully excluded. Future 
studies should aim to incorporate more comprehensive and accurate data to develop more precise diagnostic models.

Conclusion
In conclusion, we evaluated the performance of feature sets that included IR-related biomarkers across six ML algorithms 
and identified the ERT model as the best approach for MASLD detection in our dataset. SHAP-based interpretability 
analyses further supported our findings. Our results indicate that incorporating IR-related biomarkers can improve 
diagnostic performance and clinical utility without increasing testing costs or patient burden. Given that the features 
used in the model can be obtained rapidly and at low cost, with further sensitivity optimization and external validation, 
this model has the potential to serve as a decision-support tool for population-based screening.
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