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Abstract

Background Metabolic dysfunction-associated steatotic liver disease (MASLD) is a global health concern that
necessitates early screening and timely intervention to improve prognosis. The current diagnostic protocols for
MASLD involve complex procedures in specialised medical centres. This study aimed to explore the feasibility of
utilising machine learning models to accurately screen for MASLD in large populations based on a combination of
essential demographic and clinical characteristics.

Methods A total of 10,007 outpatients who underwent transient elastography at the First Affiliated Hospital

of Gannan Medical University were enrolled to form a derivation cohort. Using eight demographic and clinical
characteristics (age, educational level, height, weight, waist and hip circumference, and history of hypertension

and diabetes), we built predictive models for MASLD (classified as none or mild: controlled attenuation parameter
(CAP) <269 dB/m; moderate: 269-296 dB/m; severe: CAP > 296 dB/m) employing 10 machine learning algorithms:
logistic regression (LR), multilayer perceptron (MLP), extreme gradient boosting (XGBoost), bootstrap aggregating,
decision tree, K-nearest neighbours, light gradient boosting machine, naive Bayes, random forest, and support
vector machine. These models were externally validated using the National Health and Nutrition Examination Survey
(NHANES) 2017-2023 datasets.

Results In the hospital outpatient cohort, machine learning algorithms demonstrated robust predictive capabilities.
Notably, LR achieved the highest accuracy (ACC) of 0.711 in the test cohort and 0.728 in the validation cohort,
coupled with robust areas under the receiver operating characteristic curve (AUC) values of 0.798 and 0.806,
respectively. Similarly, MLP and XGBoost showed promising results, with MLP achieving an ACC of 0.735 in the test
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cohort, and XGBoost registering an AUC of 0.798. External validation using the NHANES datasets yielded consistent
AUC results, with LR (0.831), MLP (0.823), and XGBoost (0.784) performing robustly.

Conclusions This study demonstrated that machine learning models constructed using a combination of essential
demographic and clinical characteristics can accurately screen for MASLD in the general population. This approach
significantly enhances the feasibility, accessibility, and compliance of MASLD screening and provides an effective tool
for large-scale health assessments and early intervention strategies.

Keywords Metabolic dysfunction-associated steatotic liver disease, Demographic and clinical characteristics,
Machine learning, Non-invasive screening, National health and nutrition examination survey

Background
Metabolic dysfunction-associated steatotic liver disease
(MASLD), characterised by the accumulation of excess
fat in the liver of individuals who consume little or no
alcohol, has emerged as a global public health concern
[1]. Its epidemiology reflects a troubling upward trend,
mirroring the increasing prevalence of obesity and dia-
betes mellitus (DM) [2, 3]. As the most common chronic
liver condition in the Western world, MASLD encom-
passes a spectrum of liver disorders, ranging from sim-
ple steatosis to non-alcoholic steatohepatitis, potentially
progressing to cirrhosis and hepatocellular carcinoma
[4, 5, 6]. The insidious nature of MASLD, of being often
asymptomatic in its early stages, underscores the criti-
cal need for its early detection and intervention [7, 8, 9].
Furthermore, the multifactorial aetiology of the disease,
involving complex interactions between genetic predis-
position, lifestyle factors, and metabolic syndrome, poses
significant challenges to its management and risk strati-
fication [10, 11]. Thus, early and accurate risk assess-
ment of MASLD is not only pivotal for timely therapeutic
interventions but also paramount in preventing its pro-
gression to more advanced liver diseases [12, 13].
Contemporary diagnostic modalities for MASLD pre-
dominantly pivot around transient elastography (TE),
a technique acclaimed for its diagnostic precision. TE,
leveraging its ability to quantify liver stiffness, serves as
a pivotal instrument in not only diagnosing MASLD but
also in stratifying the disease severity [14, 15]. Despite
its efficacy, TE relies on sophisticated equipment and
the necessity of a clinical setting for implementation
poses constraints, especially in terms of accessibility and
patient compliance [16]. Similarly, traditional diagnostic
approaches, including clinical evaluations, biochemical
markers, and liver biopsies, underscore the dependency
on patient cooperation and the need for specialised med-
ical infrastructure [17]. Such methodologies, although
integral, often fall short of convenience and patient
adherence, impeding widespread screening and early
detection efforts [18]. The inherent limitations of these
approaches underscore the need for alternative and more
accessible diagnostic strategies that can circumvent the

aforementioned barriers and foster enhanced patient
engagement in disease management [19].

The burgeoning field of machine learning (ML) pres-
ents a paradigm shift in medical diagnostics, offering a
potent amalgam of precision and adaptability that tradi-
tional methodologies often lack [20, 21]. ML algorithms
exhibit substantial potential in the realm of MASLD,
primarily for refining risk stratification and prognostic
assessment [22]. These algorithms can adeptly analyse
complex multidimensional datasets and transcend the
limitations of human cognition. In particular, methods
such as random forest (RF), support vector machines
(SVM), and neural networks have demonstrated remark-
able capabilities in discerning intricate patterns and inter-
actions among clinical variables [23]. This process not
only enhances predictive accuracy but also facilitates the
identification of novel risk factors and patient subgroups,
thus enabling a more nuanced understanding of MASLD
pathophysiology [24]. The adoption of ML in MASLD
risk assessment could revolutionise the approach for
early detection, allowing for timely intervention and
personalised management strategies [25]. Moreover, the
ability of ML models to process and interpret large-scale
data swiftly aligns seamlessly with the demands of con-
temporary clinical practice, heralding a new era in the
efficient and effective management of MASLD [24, 26].

Several recent studies have demonstrated promising
applications of ML models in the screening and diagno-
sis of MASLD, yielding encouraging results. For instance,
Chen et al. developed a risk prediction model based on
multiple potential indicators, including homeostasis
model assessment of insulin resistance (HOMA-IR), tri-
glyceride glucose-waist circumference (TyG-WC), and
achieved an impressive area under the receiver operat-
ing characteristic curve (AUC) of 0.960 [27]. Similarly,
McTeer et al. used European MASLD registry data to
construct various ML models using conventional clini-
cal parameters, with AUC values ranging from 0.719 to
0.994, highlighting the utility of readily available clinical
information in predicting MASLD stages and outcomes
[28]. Nabrdalik et al. focused on ML-based recogni-
tion methods for MASLD in patients with diabetes,
constructed a model using eight core parameters, and
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achieved an AUC of 0.84, demonstrating the potential
of the model for cardiovascular risk prevention [29].
Despite the advancements presented by these studies,
reliance on complex clinical or laboratory indicators,
such as HOMA-IR and lipid-related parameters, lim-
its the feasibility of MASLD screening, particularly in
resource-limited settings or for large-scale population
assessments. Although these advanced biomarkers are
valuable in clinical practice, they are often not readily
accessible for general screening. In contrast, this study
adopted an innovative approach using a minimal set of
easily accessible demographic and clinical factors, such as
age, height, and weight, to develop a ML-based screening
model. This strategy enhances the scalability and accessi-
bility of MASLD detection, making it more applicable in
diverse healthcare settings, improving early detection in
underserved populations and facilitating timely stratified
diagnosis, treatment, and intervention.

Leveraging ML models built on easily obtainable
parameters, such as age, sex, body mass index (BMI),
and chronic disease history, has emerged as a pivotal
strategy to enhance accessibility and patient compliance
in MASLD risk assessment [30]. This approach democ-
ratises the diagnostic process by transcending the limita-
tions of clinical settings and specialised equipment. By
integrating these readily available and self-measurable
indicators within an ML framework, the potential to sub-
stantially increase diagnostic convenience and patient
adherence can be realised. Furthermore, the adoption of
such models in community settings amplifies screening
ubiquity, making MASLD risk assessment more inclusive
and accessible to the general populace [31, 32]. This para-
digm fosters early detection through widespread acces-
sibility and aligns with patient-centred care principles.
The operational simplicity and non-reliance on invasive
procedures inherent in this methodology substantially
reduce barriers to screening, thereby paving the way for
timely interventions and mitigating the progression of
MASLD. Embracing this innovative approach could mark
a significant milestone in MASLD management, aligning
with the contemporary shifts towards preventative health
strategies and personalised medicine.

This study investigated the efficacy of 10 ML algorithms
in predicting MASLD prevalence using a combination
of basic demographic characteristics and essential clini-
cal indicators, including age, educational level, height,
weight, waist and hip circumference, and history of
hypertension and diabetes. Using a comprehensive out-
patient cohort and external validation with National
Health and Nutrition Examination Survey (NHANES)
data, we sought to establish a feasible and accessible
approach for MASLD screening in large populations.
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Methods

Study design and participants

This prospective study, conducted at the First Affiliated
Hospital of Gannan Medical University, enrolled 10,007
outpatients between October 2020 and February, 2024.
Eligible participants were aged 15 years or older and of
any sex. The participants provided informed consent
after understanding the study’s objectives, methodol-
ogy, and importance. Individuals were excluded if they
had severe cardiovascular or cerebrovascular diseases
or malignant tumours, were pregnant, or were unable to
adhere to the study protocol, including completing ques-
tionnaires and undergoing TE (Fig. 1). The study was
approved by the relevant medical ethics committee and
all participants provided written informed consent.

Demographic data collection

Comprehensive data collection involved direct inter-
views and questionnaires, capturing demographic
details (age, sex, educational level, and occupation); a
thorough review of diabetes diagnoses, including type,
duration, and treatment modalities; and medical history
with a focus on hepatitis B virus (HBV) and hepatitis C
virus (HCV) infections and other liver diseases. Physical
assessments included height, weight, BMI and hyperten-
sion status. Detailed definitions and descriptions of all
study variables are provided in Table S1.

MASLD assessment
Liver fat alterations were evaluated using FibroScan
(Echosens, France) for TE. This non-invasive technique
measures the controlled attenuation parameter (CAP) to
quantitatively evaluate liver fat content [33]. Participants
fasted for at least 3 h prior to the examination. Trained
and certified medical technicians operated the FibroScan
TE device to measure the CAP [34]. Measurements were
performed with the participants in the supine posi-
tion, with their right arm behind the head, and a slight
leftward tilt of the upper body to maximally expand the
intercostal space. The measurement area ranged from
the right anterior axillary line to the mid-axillary line
between the seventh and eighth, or eighth and ninth ribs,
maintaining a probe orientation perpendicular to the
skin surface. Quality control standards for each partici-
pant required at least 10 valid CAP measurements, with
a quartile-to-median ratio < 30%, taking the median value
as the final measurement.

CAP was used to evaluate liver cell fat content. MASLD
was classified as follows: none or mild: CAP <269 dB/m;
moderate: 269-296 dB/m; severe: CAP >296 dB/m.

Data preprocessing and feature selection
In this study, the missForest algorithm was employed to
handle the missing data (<25%) in both the original and
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Fig. 1 Flowchart of this study

NHANES datasets. This approach efficiently handles
both continuous and categorical variables by leveraging
the observed values from other variables to predict the
missing variables. By imputing missing data, missForest
preserves data completeness and ensures the reliability
of subsequent analyses. Table S2 summarises the pro-
portion of missing data for each variable, and the corre-
sponding imputation methods applied to both datasets.
For feature selection, we employed a two-step approach
combining least absolute shrinkage and selection opera-
tor (LASSO) regression and the Boruta algorithm.
LASSO regression, which is effective in handling multi-
collinearity and enhancing model interpretability, was
applied to refine the variables by reducing the coefficients

- Stratified Sampling 7:2:1
¢ ) 4 i b
Trainin Internal Internal
cohortg validation testing
cohort cohort
\ 4
Performance evaluation <
\ 4

of less informative predictors to zero. The selection pro-
cess was guided by the mean squared error and alpha val-
ues to optimise the model performance (Figure SIA-B).
Subsequently, the Boruta algorithm, a robust and stable
method, was used to identify relevant variables by com-
paring the importance of predictive variables with that of
randomly permuted ‘shadow variables’ through multiple
iterations of the RF algorithm, systematically excluding
non-essential variables (Figure S1C). The intersection of
the variables selected using both methods was used as
the foundation for subsequent analyses.
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ML algorithms and model development

To predict MASLD risk stratification, we employed
10 state-of-the-art ML tools for developing predic-
tive models: logistic regression (LR), multilayer per-
ceptron (MLP), extreme gradient boosting (XGBoost),
bootstrap aggregating (Bagging), decision tree (DT),
K-nearest neighbours (KNN), light gradient boosting
machine (LightGBM), naive Bayes (NB), RF, and SVM.
The dataset was divided into training (70%), validation
(20%), and test (10%) sets. All analyses were conducted
using Python 3.8.10 and R 3.3.2. LR, a multilinear regres-
sion method, utilises maximum likelihood estimation to
gauge predictive probabilities. MLP, a neural network-
based algorithm, captures complex non-linear rela-
tionships through interconnected layers and optimises
weights via backpropagation. Bagging improves stabil-
ity and accuracy by generating multiple training subsets
through resampling and aggregating predictions from
individual models. KNN classifies instances by mea-
suring the proximity in the feature space, relying on
majority voting among the nearest neighbours to make
predictions. NB, which is a probabilistic model based
on Bayes’ theorem, assumes feature independence and
demonstrates robust performance with categorical and
continuous data. SVM classifies data points by maximis-
ing the margin in a transformed dimensional space. DT
is a structured tree predictive model that selects optimal
features and splits points based on the Gini index. RF,
which employs DTs as base classifiers, recursively builds
multiple trees, with the final prediction determined
by a voting mechanism. XGBoost, another tree-based
ensemble classifier, minimises the current loss function
by generating new decision trees until the residual of the
loss function approaches zero, by employing techniques
such as second-order derivatives, Taylor series, and par-
allel learning. LightGBM, an advanced gradient boost-
ing DT algorithm, enhances the performance through
parameter optimisation, including adjustments in itera-
tion numbers, maximum leaves, and tree depth. After
the initial development of the MASLD risk prediction
models, hyperparameter tuning was conducted for all
10 ML algorithms to optimise model performance. Spe-
cifically, Bayesian optimisation was selectively applied to
models with a higher number of hyperparameters and
more complex tuning requirements, including XGBoost,
LightGBM, RE, SVM, and MLP, owing to its efficiency
in navigating high-dimensional parameter spaces. For
simpler models, such as LR, NB, DT, KNN, and Bag-
ging, hyperparameters were optimised using grid search
or random search because their parameter spaces were
relatively limited and computationally less intensive. The
final hyperparameters adopted for each model are listed
in Table S3.
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Prediction model evaluation

To comprehensively assess the performance of the ML
models in predicting MASLD risk, a suite of evaluation
metrics was employed. The primary metric used was the
AUC, which provides a measure of the model’s ability to
distinguish between different risk categories. A higher
AUC value indicates a greater discriminatory power of
a model. Additional metrics included accuracy (ACC,
the proportion of true results among the total number
of cases examined), sensitivity (ability of the model to
correctly identify individuals with MASLD), specific-
ity (ability of the model to correctly identify individuals
without MASLD), precision (the proportion of true posi-
tive predictions among all positive predictions, reflect-
ing the reliability of the model in identifying individuals
with MASLD), and F1 score (a harmonic mean of preci-
sion and recall, providing a balance between sensitivity
and specificity). These metrics collectively offer a multi-
faceted view of the effectiveness of the models, ensuring
a thorough and nuanced evaluation of their predictive
capabilities in the context of MASLD risk stratification.

External validation using NHANES data

NHANES data from a comprehensive cross-sectional
population-based study were utilised to supplement our
findings. By covering the cycles from 2017 to 2023, the
NHANES provides crucial insights into the health and
nutritional status of the U.S. population. The NHANES
protocol, approved by the National Center for Health Sta-
tistics Research Ethics Review Board, ensured rigorous
ethical standards, and all participants provided written
informed consent. The NHANES data from 2017 to 2023
were used for external validation. We extracted demo-
graphic data (age, sex, and educational level) and dis-
ease history (hypertension and DM) from the NHANES
data. The physical examination metrics included height,
weight, BMI, waist and hip circumference, liver stift-
ness measurement, and CAP. Detailed mapping and
descriptions of the variables used in this study are pro-
vided in Table S4. This table outlines the variable codes,
predictors, descriptions, types, and value ranges, ensur-
ing traceability and comparability of the data across the
NHANES datasets.

Statistical analysis

All statistical analyses were conducted using SPSS soft-
ware (version 23.0), R software (version 3.3.2), and
Python software (version 3.8.10). Continuous variables
were presented as mean tstandard deviation for nor-
mally distributed data and as median with interquartile
range for non-normally distributed data. Categorical
variables were summarised as percentages and frequen-
cies. Comparative analyses between the groups were
performed using non-parametric tests for continuous
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variables (Mann—Whitney U test), as all continuous data
in this study were non-normally distributed. For cate-
gorical variables, the chi-squared test was used to com-
pare group differences. Statistical significance was set at
P<0.05.

Results

Demographic characteristics of participants

This study enrolled 10, 007 outpatients who were catego-
rised into distinct groups: a training cohort comprising
7,003 individuals, an internal validation cohort with 2,002
participants, and an internal testing cohort contain-
ing 1,002 participants. The allocation followed a strati-
fied randomisation approach, at a ratio of 7:2:1, ensuring
that each subgroup retained a similar distribution of
relevant features. Detailed descriptions of the baseline
demographics, physical evaluations, and clinical diag-
noses of each cohort are summarised in Table 1. In the
evaluation of the demographic variables, significant dis-
parities emerged between the MASLD and non-MASLD
groups. For ease of reference, detailed data are presented
in Table S5. The median age was higher in the MASLD
group (52 [40-58] years) than in the non-MASLD group
(49 [37-57] years; P<0.001). Sex distribution also dif-
fered significantly, with female individuals comprising
56.21% (n=3235) and 68.72% (n=2922) of the MASLD
and non-MASLD groups, respectively (P<0.001). Educa-
tion level showed a notable variation between the groups,
with a higher proportion of individuals with low educa-
tion (12.27% vs. 9.05%) and a lower proportion of those
with higher education (25.49% vs. 29.70%, P<0.001) in
the MASLD group compared with the non-MASLD
group. Occupational distribution further highlighted the
intergroup differences, with a slightly higher percentage
of the labour force in the MASLD group than in the non-
MASLD group (77.15% vs. 75.16%, P=0.008). Physical
examination data demonstrated that the MASLD group
exhibited significantly higher median values for height
(164 [158-170] cm), weight (67 [60~75] kg), BMI (24.91
[23.23-27.06] kg/m?), waist circumference (85 [80-91]
c¢m), and hip circumference (97 [90-101] ¢cm), compared
with the non-MASLD group (all P<0.001). Addition-
ally, the MASLD group exhibited a higher prevalence
of DM (4.07%) than the non-MASLD group did (3.10%,
P=0.013), further highlighting the association between
MASLD and DM. Similarly, hypertension was noted sig-
nificantly more frequently in the MASLD group (27.72%)
than in the non-MASLD group (17.03%, P<0.001),
highlighting the metabolic and cardiovascular risk pro-
file associated with MASLD. Notably, the prevalence
of HBV and HCV infections did not differ significantly
between the two groups; HBV was observed in 1.60% of
the MASLD cohort and 1.70% of the non-MASLD cohort
(P=0.828) and HCV in 0.10% and 0.20%, respectively
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(P=0.528). These findings collectively underscore the dis-
tinctive demographic and clinical profiles of MASLD and
non-MASLD populations.

Feature selection

The two-step feature selection approach identified a
robust predictor set for the MASLD. LASSO regression
and the Boruta algorithm yielded a combined set of sta-
tistically significant variables, including age, educational
level, height, weight, BMI, waist and hip circumference,
and history of hypertension and DM (Figure S1D). Nota-
bly, although BMI was initially identified as relevant, it
was excluded from the final model because of its high
correlation with height and weight, which could lead to
multicollinearity issues in ML modelling.

Development of ML models for MASLD prediction

We employed 10 ML algorithms based on demographic
characteristics to construct diagnostic models for
MASLD. These include LR, MLP, XGBoost, Bagging,
RF, NB, LightGBM, SVM, KNN, and DT. To further
investigate the contribution of each feature across the
different models, we assessed the variable importance
rankings derived from all 10 ML algorithms (Figure S2).
LR emerged as the most effective, achieving an ACC of
0.728, a sensitivity of 0.749, and an AUC of 0.806 in the
internal validation cohort (Fig. 2A; Table 2). XGBoost
and MLP also exhibited commendable performances,
with XGBoost slightly trailing LR in terms of sensitiv-
ity. The Bagging model, although comparable in ACC
to the LR model, had a lower sensitivity. Conversely,
DT demonstrated the least effectiveness, with the low-
est ACC and sensitivity, underscoring its limitations. In
the internal testing cohort, LR maintained its lead, with
an ACC of 0.711 and an AUC of 0.798. Other models,
such as XGBoost and MLP, also demonstrated robust
performance, with AUCs of 0.798 and 0.796, respectively
(Fig. 2B). To further assess the classification efficacy of
the LR model, confusion matrices were generated for
both the validation and test cohorts (Figures S3A-B).
These matrices provide a detailed breakdown of true pos-
itives, false positives, true negatives, and false negatives
for the model. The findings indicate that the LR model
effectively identified individuals with MASLD (true posi-
tives) and those without MASLD (true negatives). Nota-
bly, the relatively low incidence of false positives and false
negatives underscore the reliability of the model’s clinical
risk prediction, minimising the likelihood of both over-
diagnosis and missed cases. These results align with the
model’s strong performance metrics, including high AUC
and F1 scores, further reinforcing its potential for clini-
cal application. Additionally, pairwise comparisons of the
AUCs between LR and alternative classification models,
as detailed in Tables S6-S8, substantiate the statistical
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Table 1 Baseline characteristics and outcomes of MASLD patients in the training, internal validation and internal testing cohort

Characteristics Training cohort Internal validation cohort P-value Internal testing cohort
(n=7003) (n=2002) (n=1002)
Demographic characteristics
Age (years) 51 (39-58) 51 (39-58) 0.279 52 (40-58)
Sex, n (%) 1.000
Female 4299 (61.39) 1229 (61.39) 629 (62.77)
Male 2704 (38.61) 773 (38.61) 373(37.23)
Educational, n (%) 0483
Low education 752 (10.74) 222 (11.09) 117 (11.68)
Secondary education 4292 (61.29) 1247 (62.29) 647 (64.57)
Higher education 1959 (27.97) 533 (26.62) 238 (23.75)
Occupation, n (%) 0.808
Labor force 5320 (75.97) 1524 (76.12) 792 (79.04)
Corporate/Government sector 1659 (23.69) 473 (23.63) 207 (20.66)
Student group 24 (0.34) 5(0.25) 3(0.30)
Height (cm) 163 (158-170) 163 (158-170) 0.527 162.75 (158.00-170.00)
Weight (cm) 64 (57-70) 63 (57-70) 0.231 63 (56-70)
BMI (kg/m?) 23.78(21.80-25.81) 23.67 (21.63-25.80) 0.376 23.67 (21.72-25.78)
Waist circumference (cm) 83 (80-90) 82 (80-89) 0.065 83 (79-90)
Hip circumference (cm) 95 (90-100) 95 (90-100) 0.580 95 (90-100)
Medical history
Hypertension, n (%) 0977
No history of hypertension 5386 (76.91) 1541 (76.97) 761 (75.95)
History of hypertension 1617 (23.09) 461 (23.03) 241 (24.05)
DM, n (%) 0.508
No history of DM 6751 (96.40) 1923 (96.05) 967 (96.51)
History of DM 252 (3.60) 79 (3.95) 35(3.49)
HBV, n (%) 0.107
No history of HBV 6901 (98.54) 1962 (98.00) 981 (97.90)
History of HBV 102 (1.46) 40 (2.00) 21(2.10)
HCV, n (%) 1.000
No history of HCV 6993 (99.86) 2000 (99.90) 1000 (99.80)
History of HCV 10 (0.14) 2(0.10) 2(0.20)
Liver Disease Characteristics
LSM (kPa) 6.10 (5.40-7.10) 6.10 (5.30-7.00) 0.347 6.1 (5.30-7.10)
cACLD, n (%) 0.970
No history of cACLD 6667 (95.20) 1907 (95.25) 946 (94.41)
History of cACLD 336 (4.80) 95 (4.75) 56 (5.59)
Liver Fibrosis, n (%) 0.533
No history of liver fibrosis 5419 (77.38) 1563 (78.07) 775 (77.35)
History of liver fibrosis 1584 (22.62) 439 (21.93) 227 (22.65)
CAP (dB/m) 254 (226-274) 253 (228-274) 0.955 252.50 (227.00-274.00)
Outcome measurements
MASLD, n (%) 1.000

No history of MASLD
History of MASLD

2975 (42.48)
4028 (57.52)

851 (42.51)
1151(57.49)

426 (42.51)
576 (57.49)

Note: Continuous variables are presented as median (IQR). Categorical variables are presented as n (%).

Abbreviations: BMI: body mass index; DM: diabetes mellitus; HBV: hepatitis B virus; HCV: hepatitis C virus; LSM: liver stiffness measurement; cACLD: compensated
alcoholic chronic liver disease; CAP: controlled attenuation parameter; MASLD: metabolic dysfunction-associated steatotic liver disease

significance of performance differences, underscoring the
robustness of the LR model in predictive accuracy.

A comprehensive decision curve analysis (DCA) con-
ducted on the internal validation cohort demonstrated
the superior clinical utility of the LR model among

various ML approaches, reinforcing its applicability in

real-world settings (Figure S4A). Similarly, DCA results

for the internal testing cohort confirmed that using the
LR model for risk prediction yielded substantial net bene-
fits (Figures S4B). Figure S5A and B depict the calibration
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Fig. 2 Prediction performance by AUCs for the ten machine-learning models in the internal validation cohort (A), internal testing cohort (B) and external
validation cohort (C)

Table 2 Performance of various machine learning models for predicting MASLD across internal validation, internal testing, and
external validation cohorts

Cohort Model AUC  95%ClI Optimal cutoff Accuracy Sensitivity Specificity Precision F1 score
Internal validation cohort LR 0.806  (0.787-0.825) 0.571 0.728 0.749 0.713 0.659 0.701
MLP 0.809  (0.790-0.827) 0.531 0.735 0.724 0.744 0.676 0.699
XGBoost 0.806  (0.788-0.825) 0.566 0.727 0.730 0.725 0.662 0.694
Bagging 0.801 (0.782-0.820) 0.578 0.727 0.709 0.740 0.669 0.688
RF 0.801 (0.782-0.820) 0.578 0.719 0.750 0.697 0.646 0.694
NB 0.797  (0.778-0.816) 0464 0.714 0.747 0.689 0.640 0.689
LightGBM  0.796  (0.776-0.815) 0.577 0.716 0.731 0.705 0.647 0.687
SVM 0.769  (0.747-0.791) 0.594 0.736 0.704 0.760 0.685 0.694
KNN 0.767  (0.746-0.788) 0.619 0.694 0.753 0.650 0.614 0.677
DT 0.714  (0.694-0.734) 0.569 0711 0.736 0.692 0.639 0.684
Internal testing cohort LR 0.798  (0.771-0.825) 0.617 0711 0.793 0.649 0.626 0.700
MLP 0.796  (0.769-0.823) 0.579 0.697 0.847 0.585 0.602 0.704
XGBoost 0.798  (0.771-0.825) 0.641 0.709 0.857 0.599 0612 0.714
Bagging 0791  (0.763-0.818) 0.597 0.722 0.718 0.724 0.658 0.687
RF 0.792  (0.764-0.819) 0.556 0.720 0.700 0.734 0.661 0.680
NB 0.786  (0.759-0.814) 0.664 0.695 0.826 0.597 0.603 0.697
LightGBM  0.789  (0.762-0.817) 0.582 0.719 0.749 0.696 0.646 0.693
SVM 0.739  (0.707-0.770) 0.610 0.717 0.674 0.748 0.664 0.669
KNN 0.748  (0.718-0.778) 0.614 0.685 0.704 0.670 0612 0.655
DT 0.721 (0.693-0.749) 0.569 0.718 0.746 0.696 0.645 0.692
External validation cohort LR 0.831 (0.825-0.837) 0.923 0.777 0.756 0.790 0.695 0.724
MLP 0823 (0.817-0.829) 0.691 0.755 0.734 0.769 0.667 0.699
XGBoost 0.784  (0.777-0.791) 0.788 0.763 0574 0.883 0.755 0.652
Bagging 0.757  (0.751-0.764) 0.874 0.758 0.633 0.837 0.710 0.669
RF 0.763  (0.755-0.770) 0.726 0.756 0.571 0.873 0.740 0.645
NB 0.798  (0.792-0.805) 0.997 0.742 0.762 0.729 0.640 0.696
LightGBM  0.807  (0.800-0.814) 0912 0.766 0.723 0.794 0.689 0.706
SVM 0.607  (0.598-0.615) 0.641 0.731 0.436 0917 0.769 0.556
KNN 0.774  (0.767-0.781)  0.880 0.738 0.628 0.807 0.673 0.650
DT 0670  (0.664-0.676) 0.569 0.733 0.391 0.949 0.829 0532

Abbreviations: LR, logistic regression; MLP, multilayer perceptron; XGBoost, extreme gradient boosting; Bagging, bootstrap aggregating; DT, decision tree; KNN,
k-nearest neighbors; LightGBM, light gradient boosting machine; NB, naive bayes; RF, random forest; SVM, support vector machine; AUC, area under the curve;
MASLD, metabolic dysfunction-associated steatotic liver disease
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curves for different models in the internal validation and
testing cohorts. The LR model exhibited strong calibra-
tion for all datasets, with its calibration curves closely
aligning with the ideal 45-° reference line, indicating high
concordance between predicted and actual event prob-
abilities. In contrast, the DT and NB models displayed
pronounced calibration biases, particularly in higher
probability ranges, where their predictions deviated
markedly from observed outcomes.

Furthermore, the analysis of the precision-recall (PR)
curves across the models (Figure S6A-B) further high-
lights the superior performance of the LR model. PR
curves are particularly useful for assessing models on
imbalanced datasets, as they emphasize the trade-off
between precision (positive predictive value) and recall
(sensitivity). The LR model demonstrated high precision
while maintaining strong recall, effectively minimizing
false positives without compromising sensitivity. These
findings underscore the robust discriminatory capability
and reliability of the LR model for clinical risk prediction
in imbalanced clinical datasets, making it the optimal
choice for this application.

External validation of the predictive models
We used the NHANES dataset (2017-2023) as an exter-
nal validation cohort to evaluate the predictive perfor-
mance of the models. A comprehensive baseline analysis
was performed to compare demographic, clinical, and
liver-related characteristics between the MASLD and
non-MASLD groups (Table S9). Key findings indicated
that patients with MASLD exhibited significant differ-
ences across multiple dimensions, compared with indi-
viduals without MASLD. Demographically, patients
with MASLD were older (median age: 55 vs. 40 years,
P<0.001), more likely to be male (50.73% vs. 45.16%,
P<0.001), and had higher rates of low or secondary edu-
cation (P<0.001), compared with individuals without
MASLD. Anthropometric measurements further high-
lighted the substantial disparities. Patients with MASLD
had significantly elevated BMI (median: 31.10 vs.
24.50 kg/m? P<0.001), waist circumference (105.90 vs.
86.90 cm, P<0.001), and hip circumference (109.10 vs.
98.30 cm, P<0.001), compared with individuals without
MASLD. These differences were accompanied by higher
weight and height, underscoring the metabolic profile of
MASLD. Clinically, patients with MASLD demonstrated
a markedly higher prevalence of hypertension (42.20% vs.
22.94%, P<0.001) and DM (17.94% vs. 5.87%, P<0.001).
Post-imputation analysis (Table S10) corroborated
these findings, with similar trends observed for demo-
graphics and metabolism. Patients with MASLD were
significantly older, had a higher BMI and waist circum-
ference, and had a greater prevalence of related condi-
tions, compared with individuals without MASLD. These
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results provide strong evidence of the distinct demo-
graphic and clinical profiles of patients with MASLD,
emphasising the importance of these variables in predic-
tive modelling and their relevance for external validation
using real-world datasets.

External validation confirmed the robustness and gen-
eralisability of our predictive models, with LR emerging
as the best-performing model. The LR model achieved an
AUC of 0.831, outperforming the other models, as dem-
onstrated by the receiver operating characteristic curves
(Fig. 2C). This indicated a strong ability to distinguish
patients with MASLD from individuals without MASLD
in the NHANES dataset. We conducted a series of com-
plementary analyses to further validate the performance
of the model. The confusion matrix (Figure S3C) demon-
strated high ACC, whereas DCA (Figure S4C) confirmed
its clinical utility with a favourable net benefit across var-
ious thresholds. Moreover, the calibration curve (Figure
S5C) showed excellent agreement between the predicted
and observed outcomes, and the PR curve (Figure S6C)
indicated robust performance, even in the presence of
class imbalance. These results collectively validated the
LR model as a reliable tool for external datasets. Collec-
tively, these results highlight the robust performance and
clinical applicability of the LR model, making it a reli-
able tool for identifying MASLD in external real-world
datasets.

Visualization by SHapley additive explanations (SHAP)
Figure 3B illustrates the importance of the SHAP fea-
tures for the LR model. The features under scrutiny were
arranged in the descending order of their influence on the
projected outcomes, as indicated by the mean absolute
value of SHAP. The top five pivotal features were weight,
height, waist circumference, age, and educational level.
The SHAP summary plot further illustrates the impact of
these variables on model predictions (Fig. 3A). Notably,
higher SHAP values associated with certain features indi-
cated an increased predisposition to developing MASLD.
For instance, patients exhibiting aberrant weight were
found to be predisposed to a higher incidence of MASLD,
compared with those with normal weight.

Interpreting ML models at the patient level

We utilized the SHAP method for individual patient
predictions and assess the influence of the LR model on
specific patient features. Feature contributions are visu-
ally represented by colour coding, where red signifies a
positive contribution and blue denotes a negative con-
tribution. For true-positive patients (Figure S7A), the LR
model inferred a relatively high probability of developing
MASLD, with key features such as weight, height, and
educational level exerting a predominant positive influ-
ence. Conversely, for true-negative individuals (Figure
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Fig. 3 (A) SHAP summary plot showing the distribution of the SHAP values of each feature; (B) SHAP feature importance shown according to the mean

absolute SHAP value of each feature

S7B), the model predicted a lower probability of MASLD,
where features such as weight, waist circumference, age,
and height exhibited a contrasting contribution pattern.

To further elucidate the interpretability of the LR
model, we performed a local interpretable model-agnos-
tic explanation (LIME) analysis to evaluate the contribu-
tions of individual features to true-positive (Figure S8A)
and true-negative (Figure S8B) predictions. In true-posi-
tive predictions, the LR model assigned a high probability
(0.87) of developing MASLD (Figure S9A). Features such
as height, weight, and waist circumference were identi-
fied as the most influential contributors to positive pre-
dictions. Negative influences, such as DM and age, had
relatively smaller effects on the model output. For true-
negative predictions, the model assigned a low probabil-
ity (0.10) for MASLD (Figure S9B), which was primarily
driven by negative contributions from weight and waist
circumference. Minimal positive contributions, such
as from height and educational level, were insufficient
to offset the dominant negative factors. The combined
LIME and SHAP analyses consistently highlighted weight
and waist circumference as key predictive factors, with
the results cross-validating each other and demonstrating
the robustness and reliability of the LR model for person-
alised MASLD risk prediction.

Association between predictors and predicted probability
We utilised restricted cubic splines (RCS) to assess the
non-linear relationships between the predictors and the
predicted probability of MASLD, adjusting for poten-
tial confounders. The analyses demonstrated significant
overall associations between the predictors (age, height,
weight, BMI, and waist and hip circumference) and the
outcomes, as evidenced by p-values of <0.001 for the
overall effects across all variables (Figure S10).

To further explore the association between the predic-
tors and MASLD risk, continuous variables identified in
the RCS analysis were dichotomised using clinically rele-
vant cutoff values. A forest plot was generated to present

the odds ratios (ORs) and 95% confidence intervals (CIs)
for each subgroup (Figure S11). When age was dichot-
omised using a cut-off of 28 years, individuals aged >28
years showed a significantly higher risk of MASLD, com-
pared with those aged<28 years (OR: 1.409, 95% CL:
1.174-1.691, P<0.001). Similarly, weight>56.5 kg was
associated with a substantially increased risk of MASLD
(OR: 4.887, 95% CI: 4.332-5.512, P<0.001). Height,
dichotomized using a cut-off of 158.5 cm, showed an
inverse relationship, with individuals taller than the cut-
off exhibiting a significantly reduced risk of MASLD (OR,
0.621; 95% CI, 0.551-0.701; P<0.001), compared with
those shorter than the cut-off. BMI>29.4 kg/m* demon-
strated the strongest association, conferring an eight-fold
increased risk of MASLD (OR, 8.742; 95% CI, 5.541—
13.792; P<0.001). In addition, larger waist circumference
(>99 cm) and hip circumference (>85 cm) were both
significantly associated with a higher MASLD risk, with
ORs of 3.217 (95% CI: 2.364—4.378, P<0.001) and 1.915
(95% CI: 1.609-2.279, P<0.001), respectively.

Construction and clinical application of an online
prediction tool

Building upon the previously established LR model, we
developed an online calculator (https://lalalaanjila.shinya
pps.io/MASLD_Risk_Prediction_Calculator/) to estimate
the probability of MASLD. The tool integrates multiple
clinical variables and applies the logit transformation to
individual input data, generating a predicted risk prob-
ability for MASLD. By offering a user-friendly and pre-
cise platform for personalized risk assessment (Figure
S12). Compared with conventional scoring systems, this
calculator not only improves the predictive accuracy but
also streamlines the assessment process, facilitating more
efficient individualized treatment strategies. Preliminary
validation demonstrated that its performance on the
validation set was in line with the original expectations
of the model, further supporting its potential for clinical
implementation.
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Discussion

This study highlighted the application of various ML
algorithms to accurately predict the prevalence of
MASLD using basic demographic characteristics. The
novel approach of utilising 10 distinct algorithms—SVM,
MLP, XGBoost, Bagging, KNN, LightGBM, NB, RF, DT,
and LR—allowed us to identify the most effective model
for MASLD screening.

Each of the tested algorithms demonstrated unique
strengths suited to specific application scenarios. LR is
widely used due to its simplicity and interpretability;
DT provides a transparent decision-making process; RF
enhances predictive stability and reduces variance by
aggregating multiple DT; SVM excels in handling high-
dimensional spaces and capturing complex decision
boundaries; KNN performs well in non-parametric clas-
sification with well-separated data distributions; MLD, as
a neural network approach, captures non-linear patterns
effectively; XGBoost and LightGBM demonstrate strong
predictive power and computational efficiency, especially
in large-scale datasets; Bagging improves model robust-
ness through ensemble learning, and NB is advantageous
for probabilistic classification tasks, particularly when
feature independence assumptions hold. By compar-
ing the performance metrics of these models, including
the ACC, sensitivity, specificity, and AUC, we were able
to determine the optimal algorithm for this task. The
LR model emerged as the most effective, achieving an
impressive ACC of 0.728, a sensitivity of 0.749, and an
AUC value of 0.806. This superior performance under-
scores the capability of LR to balance the classification
of positives and negatives, making it a robust tool for
early MASLD screening and a crucial reference for future
studies.

Furthermore, this study introduced an innovative
home-based self-assessment tool for early MASLD detec-
tion. This tool, designed to be user-friendly and suitable
for domestic use, employs a straightforward question-
naire combined with non-invasive indicators such as age,
educational level, height, weight, waist and hip circum-
ference, and history of hypertension and diabetes. Valida-
tion in large-scale population studies has demonstrated
its efficacy and reliability, offering a practical solution to
reduce healthcare costs and enhance patient adherence
through early screening and intervention.

The study’s utilisation of a large and diverse cohort of
10,007 participants, along with external validation using
NHANES data from 2017 to 2023, underscores the
robustness and generalisability of our findings. The data-
set was systematically partitioned into training, internal
testing, and internal validation cohorts, whereas exter-
nal validations confirmed the performance of the model
across various metrics. This extensive cohort not only
bolsters the reliability of the results but also enhances the

Page 11 of 14

representativeness of the study, providing a dependable
tool for early MASLD screening and serving as a signifi-
cant reference for future research.

In the landscape of escalating global incidence of
MASLD, exacerbated by demographic shifts towards
an aging population and changing dietary habits [1],
our study addresses a critical gap in early screening and
intervention strategies. The current diagnostic and moni-
toring protocols for MASLD, which are predominantly
centralised in specialised medical centres, involve intri-
cate, often costly, and sometimes invasive procedures
[35]. This complexity hinders widespread compliance and
proactive engagement in MASLD screening, especially
when asymptomatic individuals are considered [36].
Therefore, there is an urgent need to develop an acces-
sible and accurate predictive mechanism for MASLD
prevalence based solely on fundamental demographic
characteristics. Simplifying the diagnostic paradigm to
leverage basic baseline features, such as age, educational
level, height, weight, and waist and hip circumference,
without the need for specialised medical consultations
could revolutionise public adherence to liver health
screening. As evidenced by our research, this technology
has the potential to significantly enhance the ubiquity
and compliance of MASLD screening across populations,
thereby mitigating the burgeoning burden of liver health
issues globally.

Our research, harnessing a selection of robust ML
algorithms, demonstrates the feasibility of employing
basic demographic and clinical characteristics to predict
MASLD in the general population. The significant influ-
ences of age, educational level, height, weight, waist and
hip circumference, and history of hypertension and dia-
betes on the development and progression of MASLD
were empirically validated. The power of ML to distil
these common demographic attributes into actionable
insights enables individuals to manage their liver health
proactively with minimal intrusion into daily life. Our
findings confirmed that ML models can effectively clas-
sify the severity of MASLD, with impressive and robust
AUC results. We stratified the MASLD group into three
categories, offering tailored intervention strategies: (1)
individuals with mild or no MASLD, advised to main-
tain healthy dietary habits and engage in regular physical
activity; (2) individuals with moderate MASLD, neces-
sitating more stringent lifestyle and dietary changes,
potentially including significant weight management
to reduce overall body weight by more than 10%, a cru-
cial factor for improving hepatic fat accumulation [37,
38], along with regular monitoring of liver function and
other related parameters; and (3) individuals with severe
MASLD, who should seek comprehensive evaluation at
specialized liver centres, including liver imaging and bio-
chemical monitoring, with potential recommendations
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for medications to regulate blood sugar, fat, and choles-
terol levels [39]. This stratification not only streamlines
the screening process but also equips healthcare pro-
viders with a nuanced approach to effectively manage
MASLD at various stages [40].

The validation process revealed the high accuracy and
stability of the LR model, which were further corrobo-
rated by internal and external validations. The LR model
excelled across key performance indicators, consistently
outperforming other models in terms of ACC and AUC
values, and demonstrating robust generalization capabili-
ties across diverse datasets. These findings provide strong
support for the potential of the model for early MASLD
detection and intervention, paving the way for future
research and clinical applications.

Although our study presents significant advancements
in predicting MASLD using basic demographic charac-
teristics, it is important to acknowledge its limitations
and scope for further refinement. First, as this was a ret-
rospective study, the selection of outpatient participants
may have introduced an inherent bias. Future research
should aim for larger-scale prospective studies to vali-
date and replicate these findings. Second, the absence of
venous blood sampling for all participants resulted in a
lack of comprehensive assessment of relevant liver func-
tions and lipid profiles, which is crucial for a holistic
understanding of MASLD [41]. Thirdly, we relied on TE
for diagnosing MASLD, as opposed to histopathologi-
cal biopsy; although practical and non-invasive, TE may
not provide the complete picture of the liver condition
[15, 42]. This approach is particularly justified in outpa-
tient settings where symptoms are not pronounced and
invasive liver biopsies are impractical. Fourth, the poten-
tial presence of unrecorded or undiagnosed cases of DM
among the screened individuals may have introduced
a degree of selection bias, affecting the study results.
Finally, the black-box nature of some algorithms can pose
challenges in terms of interpretability and transparency,
which are critical in medical decision-making. Despite
these limitations, the strengths of this study cannot be
overlooked. By leveraging simple demographic features,
we successfully developed ML models that not only accu-
rately predict MASLD but also stratify patients based on
disease severity. This stratification facilitates more per-
sonalized intervention and monitoring [43, 44, 45]. Our
findings significantly enhance the feasibility and com-
pliance of MASLD screening in the general population,
thereby strengthening the public focus on liver health.

Conclusions

This study conclusively demonstrated that ML models,
particularly the LR algorithm, effectively utilised a lim-
ited number of demographic and readily available clini-
cal characteristics to accurately screen for MASLD in a
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broad population. This approach significantly enhances
the feasibility and compliance with MASLD screening in
general healthcare settings.
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