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framework for predicting metabolic
syndrome using serum liver
function tests and high-sensitivity
C-reactive protein
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Metabolic Syndrome (MetS) comprises a clustering of conditions that significantly increase the risk

of heart disease, stroke, and diabetes. Timely detection and intervention are crucial in preventing
severe health outcomes. In this study, we implemented a machine learning (ML)-based predictive
framework to identify MetS using serum liver function tests—Alanine Transaminase (ALT), Aspartate
Aminotransferase (AST), Direct Bilirubin (BIL.D), Total Bilirubin (BIL.T)—and high-sensitivity C-reactive
protein (hs-CRP). The framework integrated diverse ML algorithms, including Linear Regression (LR),
Decision Trees (DT), Support Vector Machine (SVM), Random Forest (RF), Balanced Bagging (BG),
Gradient Boosting (GB), and Convolutional Neural Networks (CNNs). This framework is designed to
develop a robust, scalable, and efficient predictive tool. We evaluated our approach on a large-scale
cohort comprising 9,704 participants from the Mashhad Stroke and Heart Atherosclerotic Disorder
(MASHAD) study, spanning 2010-2020. After preprocessing, a final dataset of 8,972 individuals (3,442
with MetS and 5,530 without) was used for model development and validation. Among the tested
models, GB and CNN demonstrated superior performance, achieving specificity rates of 77% and 83%,
respectively. The Gradient Boosting model achieved the lowest error rate of 27%, indicating robust
predictive capability. Additionally, SHAP analysis identified hs-CRP, BIL.D, ALT, and sex as the most
influential predictors of MetS. These findings suggest that leveraging liver function biomarkers and hs-
CRP within an automated ML pipeline can facilitate early, non-invasive detection of MetS, supporting
clinical decision-making and risk stratification efforts in healthcare systems.
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Abbreviations

ML Machine Learning

ANN Artificial Neural network

LR Linear Regression

DT Decision Tree

SVM Support Vector Machine

RF Random Forests

GB Gradient Boosting

BG Balanced Bagging

CNNs Convolutional Neural Networks
MASHAD  Mashhad Stroke and Heart Atherosclerotic Disorder
Hs-CRP High-Sensitivity C-reactive Protein
MetS Metabolic Syndrome

ALT Alanine Aminotransferase

AST Aspartate Aminotransferase
BIL.D Direct Bilirubin

BIL.T Total Bilirubin

CVD Cardiovascular Disease

HTN Hypertension

NAFLD Non-Alcoholic Fatty Liver Disease
T2DM Type 2 Diabetes Mellitus

BMI Body Mass Index

AUC Area Under Curve

ROC Receiver Operator Characteristic
SHAP SHapely Additive exPlanations
ROS Random Over-Sampling

SMOTE Synthetic Minority Oversampling Technique
RUS Random Under-Sampling

TP True Positives

TN True Negatives

FN False Negatives

FP False Positives

Metabolic Syndrome (MetS) represents a significant public health concern due to its rising prevalence and
substantial role in increasing morbidity and mortality associated with cardiovascular diseases and diabetes.
MetS is a clustering of cardiovascular risk factors such as hypertension (HTN), hyperglycemia, abdominal
obesity, and abnormal levels of blood lipids (increased triglycerides and low high-density lipoprotein (HDL)
concentrations)! . Early detection and proactive management of metabolic syndrome can greatly reduce health
risks and improve an individual’s quality of life, making awareness and regular health screening important
components of health care. MetS is typically diagnosed through a combination of clinical and biochemical
parameters, which include waist circumference, lipid levels, blood pressure, fasting glucose levels. In this study,
we leveraged underexplored biomarkers from liver function tests and inflammation indicator, high-sensitivity
C-reactive protein (hs-CRP), to predict MetS within a cohort dataset. Liver enzymes and hs-CRP have been
identified as potential markers due to their correlation with inflammation and liver fat accumulation, which
are common in MetS patients. Leveraging these biomarkers for early detection of MetS can facilitate timely
interventions, thus mitigating the risk of developing more severe conditions.

Approximately 25-35% of adults worldwide are affected by this health issue, with the prevalence increasing
with age in both genders*®. Recent studies have determined the pooled prevalence and incidence rates of MetS in
the general population of Iran. The prevalence rate stands at 0.26 with a 95% Confidence Interval (CI) of 0.26 to
0.29, and the incidence rate is reported at 97.96 with a 95% CI ranging from 75.98 to 131.48%. Given its growing
prevalence, MetS has become a crucial public health concern. Various studies have shown that individuals with
MetS are at a higher risk of developing cardiovascular disease (CVD) and type 2 diabetes mellitus (T2DM),
as well as having a higher mortality rate”8. Therefore, early detection and intervention for MetS are critical in
preventing the progression of such diseases.

Given the rapid advancements in technology, machine learning (ML) is increasingly recognized as a highly
effective technology for data analysis. By leveraging ML and big data techniques, significant insights can be
extracted from large datasets, thereby enhancing data-driven decision-making. This process is essential for
effectively managing and making sense of large datasets, which aids in making well-informed, strategic decisions
across various sectors’. In the medical field, ML offers significant insights by analyzing extensive clinical'®-12,
imaging!?, and genomic data!*. This analysis greatly improves the accuracy of diagnosing and classifying
diseases, ultimately leading to innovative treatment methodologies.

In the field of ML for healthcare, traditional ML techniques such as linear regression (LR), decision trees
(DT), and support vector machines (SVM) are extensively utilized and the application of these methods in
predicting MetS is well-supported due to the substantial amount of research and data available!>. A ML analysis
using Random Forest (RF) and LR analysis on cohort data from Tehran identified a history of diabetes, body
mass index (BMI), age, and female gender as key predictors of MetS. Their RF model achieved a high sensitivity
of 0.97 and specificity of 0.99, indicating strong diagnostic performance for MetS prediction'®. Additionally, a
study using data from the Isfahan cohort employed SVM and DT algorithms, with the SVM model demonstrating
superior performance. The SVM and DT algorithms employed in the study demonstrated robust classification
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performance. Specifically, the SVM achieved a sensitivity of 0.774, specificity of 0.74, and overall accuracy of
0.757, while the DT method yielded slightly lower values, with a sensitivity of 0.758, specificity of 0.72, and
accuracy of 0.739'7. A recent review of ML methods in Met$ prediction demonstrated that ML models achieved
Area Under the Receiver Operating Characteristic Curve (AUROC) values ranging from 0.70 to 0.95 across
various models and datasets. Traditional ML methods such as RF and LR have often been reported outperform
deep learning techniques in terms of clinical interpretability. For instance, RF models achieved AUROC scores
above 0.70 for MetS prediction using features such as waist circumference, blood glucose, and lipid profiles,
while LR models attained AUROCs between 0.90 and 0.93 when using anthropometric features. In contrast,
modern ML techniques like CNNs demonstrated higher accuracy (up to 93.3%) for classifying obesity, T2DM,
and MetS but required larger sample sizes and increased computational complexity!1°.

Liu et al. emphasized that traditional ML algorithms offer greater transparency and are better suited to
structured clinical data, providing explicit feature importance for variables such as triglycerides and waist
circumference. Conversely, contemporary deep learning models automate feature extraction and perform well
on complex, multi-modal datasets but are often criticized as “black-box” systems due to limited interpretability.
To address this, explainability frameworks (e.g., SHAP) are increasingly recommended. Overall, traditional
ML approaches remain advantageous for clinical contexts requiring interpretability, while modern ML offers
scalability and robustness at the expense of transparency and computational demands'*2.

While many studies focus on anthropometric, lifestyle, and biochemical predictors in diagnosing MetS,
the significance of liver function tests and hs-CRP has not been fully investigated. Notably, serum alanine
aminotransferase (ALT) and aspartate aminotransferase (AST) are liver enzymes that increase in response to
hepatocyte damage?!. ALT is a more specific indicator of hepatocellular damage than AST. Elevated levels of
alanine aminotransferase (ALT) are associated with an increased risk of developing CVD??, obesity??, insulin
resistance?!, and MetS?. Although the underlying mechanisms are not yet fully understood, ALT-related non-
alcoholic fatty liver disease (NAFLD) plays a significant role, particularly among men?®?’. NAFLD is frequently
linked to central obesity, type 2 diabetes, and dyslipidemia, and is therefore recognized as a hepatic manifestation
of Met§?%2°,

The selection of liver function tests and hs-CRP as key biomarkers in this study is grounded in their well-
established pathological association with MetS. Hepatic dysfunction, reflected in elevated liver enzymes
such as ALT and AST, is closely linked to insulin resistance and NAFLD, both of which are central to MetS
pathogenesis®®*!. Similarly, hs-CRP, a marker of systemic inflammation, plays a critical role in MetS by
mediating endothelial dysfunction and promoting atherogenesis*?. Evidence suggests that chronic low-grade
inflammation and hepatic steatosis contribute synergistically to metabolic dysregulation, further exacerbating
MetS components such as dyslipidemia and hyperglycemia® By incorporating these biomarkers, this study
aims to elucidate their diagnostic and prognostic relevance in MetS, thereby providing a more comprehensive
understanding of the underlying metabolic and inflammatory disturbances.

Moreover, bilirubin, a byproduct of heme breakdown?*, has been inversely associated to dyslipidemia,
hyperglycemia, and obesity*. Lower bilirubin levels have been associated with decreased insulin sensitivity and
a higher occurrence of diabetes mellitus*. Bilirubin has been associated with a protective role that parallels
the function of heme oxygenase-1 (HO-1) in mitigating insulin resistance®”. Studies have demonstrated that
HO-1 induction enhances insulin signaling pathways in various mouse models, including Zucker rats, leptin-
deficient mice, leptin receptor-deficient mice, and diet-induced obese (DIO) mice3*¥-%, Similarly, bilirubin
administration has been shown to improve insulin sensitivity in obese mouse models®’.

Recent studies highlight the potential role of inflammation in triggering MetS*!. hs-CRP, an acute-phase
reactant synthesized by hepatocytes, increases in response to pro-inflammatory cytokines such as tumor
necrosis factor-alpha (TNF-a) and interleukin-6 (IL-6)*2. These cytokines have been found to disturb both
lipid metabolism?® and glucometabolism™!, thereby contributing to the pathogenesis of MetS. Moreover, CRP
influences the insulin-induced phosphorylation of insulin receptor substrate 1 in laboratory settings, indicating
that human CRP may interfere with glucose metabolism through insulin signaling pathways that control cellular
glucose uptake®. Therefore, elevated hs-CRP levels are positively associated with a higher risk of T2DM, MetS,
HTN, obesity, and CVD*6-51 Kim et al. have identified serum hs-CRP as a significant chemical biomarker in
predicting MetS using various ML methods*!.

Although previous studies have applied machine learning techniques for MetS prediction, they primarily
focus on anthropometric and lifestyle factors, while biochemical markers such as liver function tests and hs-CRP
remain underutilized. Given the well-established relationship between liver dysfunction, systemic inflammation,
and MetS, our study integrates these biomarkers into a comprehensive predictive framework. Unlike previous
models that rely solely on traditional ML approaches, we incorporate ensemble learning methods and deep
learning models, such as CNNs, to improve prediction accuracy and robustness. This approach aims to bridge
the gap in existing MetS prediction models by leveraging advanced ML techniques with clinically relevant
biochemical markers.

To our knowledge, the combined effects of serum liver function tests—specifically ALT, AST, direct bilirubin
(BIL.D), and total bilirubin (BIL.T)—combined with hs-CRP in predicting MetS through ensemble machine
learning approaches have not been previously investigated. Therefore, this study aims to assess the influence
of these biochemical markers on MetS, exploring their potential as novel predictors of MetS. Consequently, we
developed an automated machine learning framework for predicting metabolic syndrome, leveraging serum
liver function tests and high-sensitivity C-reactive protein (hs-CRP). This framework was developed using data
from the Mashhad Stroke and Heart Atherosclerotic Disorder (MASHAD) cohort study, spanning a decade from
2010 to 2020523, Tt integrates both traditional and advanced machine learning models to enhance predictive
accuracy. The initial stage focused on preprocessing and feature engineering techniques. Comprehensive
preprocessing steps guaranteed the data’s accuracy and reliability, while advanced feature extraction methods
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enhanced the predictive capability of the models. During the second phase, we applied various ML models in our
framework. This phase was critical for identifying suitable algorithms that could effectively diagnose MetS based
on the extracted features. At the end, we performed a detailed assessment of the developed models to determine
the most effective one for our purposes. This evaluation relied on a series of predefined metrics designed to
measure both the accuracy and efficiency of each model. Existing ML-based MetS prediction models rely
primarily on anthropometric, lifestyle, and basic biochemical markers such as fasting glucose and lipid profiles.
However, emerging research highlights the role of liver function abnormalities and systemic inflammation in
MetS progression. Despite this, most previous studies have overlooked the predictive power of serum liver
enzymes and hs-CRP. This study fills this gap by integrating these biomarkers with ML techniques, leveraging
their potential for more accurate and earlier MetS detection.

Methodology

This research developed an automated ML framework designed to predict metabolic syndrome, utilizing serum
liver function tests (ALT, AST, BIL.D, and BIL.T), hs-CRP, along with demographic variables such as age and
sex. The framework integrated a blend of traditional ML techniques—LR, DT, and SVM—and ensemble models
like RE, BG, GB, and CNNs. This combination is designed to maximize prediction accuracy, as each model
was specifically engineered to enhance the precision and effectiveness of predictions across various aspects of
the MASHAD cohort dataset, which is described in Subsection 3.1. The framework developed in this research
comprises two primary phases: data preprocessing and analysis, and model development. Initially, the first step
involves data processing and preparation, which includes data cleaning, statistical analysis, feature engineering,
and resampling, to guarantee its appropriateness for predictive modeling. Subsequently, the second phase focuses
on the development and implementation of various ML models within the framework. This phase details the
specific roles and interactions of each model. The final component, model validation, evaluates the constructed
models using a range of techniques to determine their effectiveness and accuracy. The predictive models
were developed and evaluated using Python 3.9, supported by robust libraries such as Scikit-learn, Pandas,
and NumPy to ensure advanced analytical capabilities. An illustrative overview of the proposed framework is
depicted in Fig. 1, offering visual clarity on the processes involved.

Data preprocessing
The efficacy of ML models in predicting MetS is significantly influenced by the quality and structure of the input
data, which, in this study, included serum liver function tests and hs-CRP levels. In this step, to effectively ready
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Fig. 1. Graphical representation of the proposed automated machine learning (ML) framework designed to
predict Metabolic Syndrome (MetS) utilizing serum liver function tests (ALT, AST, BIL.D, BIL.T) and high-
sensitivity C-reactive protein (hs-CRP). To enhance the precision of the analyses, seven diverse ML models
were implemented: Linear Regression (LR), Decision Trees (DT), Support Vector Machines (SVM), Random
Forests (RF), balanced bagging (BG), Gradient Boosting (GB), and Convolutional Neural Networks (CNNs).
These models were systematically trained and evaluated on a cohort dataset encompassing 8,972 records
with seven predictive variables. The dataset included 3,442 patients diagnosed with MetS and 5,530 healthy
individuals without Metabolic Syndrome.
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the input data for our ML-based framework, various preprocessing techniques were systematically structured
into four distinct subsections. These steps include the detailed cleaning of data to remove inaccuracies, the
transformation of features to suitable scales, and the handling of missing values and outliers to maintain the
robustness of the model. The following subsections provide an in-depth account of these techniques, emphasizing
their importance and their implementation to enhance the overall performance of the predictive models.

Data cleaning and statistical analysis

Data cleaning constituted the initial phase of the preprocessing process, characterized by the identification and
elimination of incorrect data entries. This step involved correcting any inaccuracies or missing values in the
dataset, as well as removing any values that appeared implausible and were likely the result of data entry errors.
This approach ensures the dataset’s integrity and reliability for subsequent analyses. Moreover, to optimize the
performance of ML models, appropriate statistical analysis was utilized to mitigate discrepancies in feature
values.

During data preprocessing, both Min-Max and Z-score normalization methods were applied and compared
empirically across model types. Z-score normalization standardized the features by deducting the mean and
dividing by the standard deviation, transforming the data to exhibit a zero mean and unit variance. Concurrently,
Min-Max normalization adjusted the features to a consistent range from 0 to 1, normalizing the span of the features
while maintaining the relative proportions of the original data values. Although Min-Max normalization aided
convergence in deep learning models, our subsequent analysis in Sect. 3.3 showed that omitting normalization
altogether yielded better predictive performance in Gradient Boosting models, particularly in terms of AUC, F1-
score, and sensitivity. Therefore, the final framework incorporated ‘no normalization’ for optimal performance
in ensemble models.

Moreover, detailed statistical analyses and a comprehensive description of the cohort dataset are provided in
Subsection 3.1.

Feature engineering

Feature engineering and feature selection streamline the modeling process, reduce computational costs, enhance
model interpretability, and can significantly boost the performance of ML models. Feature engineering is the
process of transforming raw data into features that better represent the underlying problem to the predictive
models, thereby increasing their accuracy on unseen data. Concurrently, feature selection plays a critical role by
identifying the most relevant variables to use in model building. This reduces model complexity, while improving
the model’s performance and interpretability. In this study, Pearson correlation was initially used to identify
linear associations between clinical variables and MetS. To further explore potential non-linear monotonic
dependencies, we additionally applied SHAP (Shapley Additive Explanations) approach® to quantify both
linear and non-linear feature contributions and interactions. SHAP is a powerful interpretability tool that helps
explain the influence of individual variables on machine learning model predictions. This combined strategy
provided deeper insights into the roles of weakly correlated variables—such as AST and BIL.T—by identifying
their limited influence on model outputs beyond simple linear correlations.

SHAP values play a critical role in elucidating the contribution of each feature to the predictions made by
machine learning models. This approach not only improves model accuracy but also enhances interpretability
by precisely quantifying the impact of each feature.

As illustrated in Fig. 2, SHAP analysis has successfully identified significant predictors (age, hs-CRP, BIL.D,
and sex) for MetS. The summary plot visually represents the importance of each feature, with features ranked
by their SHAP values. The colors red and blue on the plot denote high and low impacts respectively. Adjacent
to each feature’s name, the mean SHAP value is displayed, emphasizing its relative significance in the model.
Among the examined features, hs-CRP, BIL.D, ALT, and sex had the highest SHAP values and were retained in
the final model. Features with mean absolute SHAP values below an empirical threshold of 0.05 (e.g., AST and
BIL.T) were excluded from the final model to prevent overfitting.
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Fig. 2. Evaluation of features’ importance by Shapley Additive Explanations (SHAP) summary plot.
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Resampling imbalanced data

Resampling is a fundamental technique used to address class imbalance in datasets, which is a common issue
in ML where the number of instances of one class significantly outweighs the other(s). This imbalance can
lead to poor model performance, particularly in predicting the minority class. To address the challenges
posed by imbalanced data within the MASHAD cohort study, this phase of the research incorporated a range
of data resampling techniques. These techniques encompassed Random Over-Sampling (ROS), Random
Under-Sampling (RUS), Synthetic Minority Oversampling Technique (SMOTE), Adaptive Synthetic Sampling
(ADASYN), and Support Vector Machine Synthetic Minority Over-Sampling Technique (SVM-SMOTE)*. Each
method aims to equalize the class distribution within the data, thus enhancing the robustness and predictive
accuracy of the ML models. Among these approaches, SVM-SMOTE emerged as the most effective, exhibiting
superior performance in handling data imbalances. SVM-SMOTE is a sophisticated technique that builds on the
foundation of SMOTE by integrating the power of SVM classifiers to address class imbalance more effectively,
particularly in complex classification scenarios. Consequently, SVM-SMOTE was chosen and applied to our
training dataset to mitigate the imbalance issue. The impact of SVM-SMOTE on ML models is thoroughly
discussed in Subsection 3.2.

ML models development

This section elaborates the ML models utilized in our automated framework. The framework incorporates seven
well-known ML techniques such as LR, DT, and SVM with advanced sophisticated methods including RE, BG,
GB, and CNNs to enhance predictive accuracy. Contrary to classical models (LR, DT, SVM), the meta-models
such as ensemble ML models (RE, BG, GB, CNNs), achieve robust classifiers or regressors by constructing
multiple weak models and integrating their outputs through voting or adaptively boosting schemes. These
models attempt to generate precise predictions by optimally balancing the bias-variance trade-off and fostering
generalized models. For more clarification, Table 1 provides further details on the classic and ensemble ML
models utilized in our framework.

In the subsequent section, we describe the procedures employed to determine the optimal parameters and
configurations for each model. Prior to delving into algorithmic analysis and performance evaluation, which
will be extensively discussed in the following section, it is imperative to gain a thorough understanding of the
individual models. This discussion is critical as it provides essential insights into how each model conforms and
adapts to the data. To select optimal hyperparameters for ensemble models (RE, BB, GB), we employed grid search
with Scikit-learn’s GridSearchCV function. A predefined range of values was tested for each algorithm—such
as n_estimators, max_depth, min_samples_split, learning_rate, and subsample—based on empirical practice
and relevant literature. The final selected parameters (e.g., max_depth=7 for RF and n_estimators =300 for
GB) were those that achieved the best validation performance in terms of F1-score and AUC. These optimized
configurations were then used to evaluate model performance on the test set. Detailed configurations for each
model are systematically presented in Table 2.

Models’ performance evaluation
In this study, we assessed model performance using a range of metrics including sensitivity, specificity, F-measure,
area under the curve (AUC), and error rate. These metrics, derived from the confusion matrix. The confusion

Algorithms

Description

Linear Regression (LR)

Linear regression is a fundamental statistical method designed to model the relationship between a dependent variable (the target of prediction) and one or
more independent variables (known as predictors or features)>

Decision tree models utilize a structured tree-like graph to depict decisions and their potential outcomes, simplifying the process for exploratory data
analysis due to their clarity and ease of interpretation. These models are applicable for both classification and regression tasks. Structurally, a decision tree is

Decision Tree (DT) comprised of a root node, numerous internal nodes, and several terminal nodes. The root and internal noﬁes, known collectively as nonterminal nodes, are
interconnected in successive decision stages, while the terminal nodes signify the ultimate classifications®’

Support Vector Support vector machines are a robust supervised machine learning algorithm designed for binary classification. SVMs are engineered to identify the

Mfcphine (SVM) optimal boundary, or hyperplane, that effectively delineates various data classes. This is achieved through the kernel trick which is a sophisticated method
that allows SVMs to operate with non-linearly separable data by transforming it into a higher-dimensional space where the separation can occur linearly®.
Random forests is an ensemble learning method that constructs multiple decision trees, integrating their outputs to enhance prediction accuracy and

Random Forest (RF) stability. This technique employs internal metrics to monitor error, strength, and correlation, allowing for adjustments in response to increases in the
number of features used for splitting®

B . The Balanced bagging classifier is an ensemble method engineered to tackle class imbalance in classification tasks. It merges the principles of bagging, or

alanced Bagging b . ith und line th ority ol hereb . hb lassifier is trained balanced d ing itself invol
(BG) ootstrap aggregating, with under-sampling the majority class, thereby ensuring each base classifier is trained on a balanced dataset. Bagging 1ts%(J involves

generating several subsets of the original data by sampling with replacement, and each subset is then used to train an independent base classifier

Gradient Boosting
(GB)

A gradient boosting is a powerful machine learning technique that builds predictive models in the form of an ensemble of weak prediction models, typically
decision trees. It belongs to the family of boosting algorithms, which convert weak learners into strong ones in a sequential manner. This process involves
adjusting each new model to better fit the residual errors of the combined existing models, thus gradually improving accuracy by refining a loss function®.

Convolutional Neural
Network (CNNs)

A neural network is a computational model inspired by the structure and function of the human brain®. It's composed of interconnected units called
neurons, which process information. These neurons are organized in layers:

« Input layer: Receives data.

« Hidden layers: Process information through complex calculations.

« Output layer: Produces the final result.

Neural networks learn by adjusting the connections between neurons through a process called training. A Convolutional Neural Networks (CNNs) is a type
of deep neural network that is especially powerful for processing data with a grid-like topology. CNNs are widely used in applications where the ability to
automatically and adaptively learn spatial hierarchies of features is beneficial®!.

Table 1. ML models utilized in the proposed framework to predict MetS.
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Methods

Hyperparameters

Inputs

Random Forest

random_state =42, max_depth =7, min_samples_split=11, n_estimators=75

hs-CRP, BIL.D Age, Sex

Balanced Bagging

estimator = RandomForestClassifier (random_state =42, max_depth=7, min_samples_split=11, n_estimators=75), n_
estimators =125, random_state =42

hs-CRP, BIL.D Age, Sex

Gradient Boosting

n_estimators =300, learning_rate =0.05

hs-CRP, BIL.D Age, Sex

Convolutional
Neural Network

models.Sequential([layers.Input(shape=(num_features, )), layers.Dense(64,activation="relu’), layers.Dense(32, activation="relu’),
layers.Dense(num_classes, activation="sigmoid’)]), optimizer="adam; loss="binary_crossentropy’, epochs = 10, batch_size = 20,

validation_split=0.2

hs-CRP, BIL.D Age, Sex

Table 2. Parameters of ensemble models utilized in our Framework.

matrix categorizes predictions into four distinct outcomes: true positives (TP), false positives (FP), true negatives
(TN), and false negatives (FN), providing a clear depiction of both successes and errors made by the model. The
derived metrics, each reflecting a different aspect of model performance, are calculated as follows:

Sensitivity ( Recall or True Positive Rate) = TP/(TP + FN)
Specificity (True Negative Rate) = TN/ (TN + FP)
Precison = TP/ (TP + FP)
F — Measure (F1Score) = 2 x (Precision x Sensitivity) / (Precision + Sensitivity)
Error Rate = FP+ FN/(TP+TN + FP+ FN)

These metrics collectively assess the model’s capability to accurately distinguish between individuals with and
without MetS, where the AUC, derived from the receiver operating characteristic (ROC) curve, provides an
aggregate measure of performance across all possible classification thresholds. This comprehensive evaluation
aids in assessing the model’s accuracy, its suitability for clinical application, and areas requiring improvement,
which are further elaborated in the discussion section.

Experimental results

In this study, experiments were conducted using Python 3.9.1 within the Anaconda environment, employing
libraries such as Scikit-learn, TensorFlow, Pandas, Keras, and NumPy. The computational analyses were
performed on a MacBook Pro, which is equipped with a 2.2 GHz 6-Core Intel Core i7 Processor and 16 GB
of RAM. Subsequent sections will detail the demographic characteristics of the study population, present the
findings of the statistical analyses, and discuss their implications for the predictive models. Additionally, this
section will evaluate and compare the performance of various models implemented within the framework.

Study population characterization
This subsection provides a comprehensive overview of the cohort dataset used in the analysis. The data originated
from the MASHAD cohort study, which enrolled individuals from Mashhad, northeastern Iran, between
2010 and 2020°% The MASHAD cohort enrolled over 9,000 participants aged 35 to 65 years. Throughout the
6-year follow-up, cardiovascular events were identified via physical examinations and interviews conducted by
two cardiologists. At the baseline, the study sample consisted of 5,530 healthy individuals and 3,442 subjects
diagnosed with MetS, all of whom provided written informed consent. Comprehensive data collection included
blood pressure, anthropometric, demographic, and other biochemical data were determined using BT3000
biochemical auto-analyzer. The ethical approval for this study was granted by the Mashhad University of Medical
Sciences Ethical Committee (IR.MUMS.REC.85134). Table 3 summarizes the variables analyzed in this study.
Following the implementation of data processing and analytical techniques, a cohort of 8,972 participants was
established for the final analysis, which included 3,442 individuals diagnosed with MetS and 5,530 without. As
detailed in Table 3, there was a significant difference in gender distribution between the two groups (p <0.001).
Moreover, the mean ages of participants with and without MetS were 50.06 +7.97 and 46.86 £ 8.18, respectively,
indicating a statistically significant difference (p<0.001). Biochemical analysis revealed markedly elevated
levels of hs-CRP, BIL.D, and ALT in those with MetS compared to their counterparts (p <0.001). Conversely,
BIL.T levels were significantly higher in individuals without MetS (p <0.001). However, there was no significant
difference in AST levels between the groups (p=0.550).

Resampling results

This study examined the effect of diverse resampling techniques such as ROS, RUS, SMOTE, and ADASYN on
the predictive performance of ML models in analytical framework. We conducted a comparative evaluation
of multiple widely used resampling strategies for imbalanced classification. Each technique was applied to the
training dataset, and model performance was assessed using standard evaluation metrics (AUC and sensitivity).
As summarized in Table 4, SVM-SMOTE consistently outperformed other techniques based on the performance
metrics. Notably, SVM-SMOTE yielded the highest AUC (0.72). While ADASYN also provided reasonable
results (AUC=0.70), its performance was marginally lower than SVM-SMOTE, particularly in sensitivity
(0.75 vs. 0.73). The superior performance of SVM-SMOTE may be attributed to its ability to generate synthetic
samples near the decision boundary by leveraging SVM hyperplanes, resulting in more effective representation
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Variable Total (n=8972) | Without MetS (n=5530) | With MetS (n=3442) | P-value*
Sex (Female) 5434 (60.60%) 3048 (56.10%) 2482 (70.20%) <0.001
Age 48.09+8.25 46.86+8.18 50.06+7.97 <0.001
ALT (U/L) 15.09+5.24 14.89+5.15 15.41+5.36 <0.001
AST (U/L) 21.91+£5.59 21.94+5.59 21.86+5.60 0.550
BIL.D (mg/dL) | 0.27+0.08 0.26+0.08 0.30+0.09 <0.001
BIL.T (mg/dL) | 0.42+0.14 0.43+0.14 0.41+0.13 <0.001
hs-CRP (mg/L) | 2.93+3.68 2.62+3.49 3.44+3.92 <0.001

Table 3. Baseline characteristics of the Mashhad stroke and heart atherosclerotic disorder (MASHAD)
Study®2. ALT: Alanine Transaminase; AST: Aspartate Aminotransferase; BIL.D: Direct Bilirubin; BIL.T: Total
Bilirubin; hs-CRP: High-sensitive C reactive protein. *P-value is computed based on t-tests for continuous data
and Chi-square test for categorical data.

Resampling Method | AUC | Sensitivity | Specificity
Before Resampling 0.661 | 0.859 0.463
ROS 0.683 | 0.691 0.675
SMOTE 0.717 | 0.748 0.686
ADASYN 0.703 | 0.738 0.668
SVM-SMOTE 0.72 | 0.75 0.69
RUS 0.69 |0.672 0.709

Table 4. Comparison of resampling methods based on AUC, sensitivity, and specificity in predicting MetS.

of the minority class in complex, high-dimensional feature spaces. Therefore, based on empirical evidence
and theoretical justification, SVM-SMOTE was selected as the optimal resampling technique to address class
imbalance in our predictive framework.

Moreover, this study examined the effect of resampling techniques on the predictive performance of ML
models in analytical framework. As evidenced in the results (Fig. 3), the implementation of resampling method
(SVM-SMOTE) notably influenced the AUC metrics across different models. The findings support that posits
resampling as a beneficial strategy in managing class imbalance, particularly for ensemble and advanced ML
models. The results also highlight the necessity of choosing appropriate resampling techniques lead to more
accurate and reliable predictions of MetS, thus improving the diagnostic processes and subsequent management
strategies for at-risk populations.

Statistical analysis results

To evaluate the effect of normalization techniques, we compared the performance of GB model trained with
Z-score, Min-Max, and no normalization methods. As shown in Table 5, omitting normalization led to the
highest F1-score (0.72) and sensitivity (0.74) on test data. These results indicate that no normalization is optimal
for this use case.

In the context of ML, understanding the correlations between features is vital for effective feature selection
and understanding the interdependencies among variables, which are key for refining models and enhancing
their interpretability. In this study, we employed Pearson correlation analysis as a descriptive statistical tool
to examine the relationships among serum liver function tests, hs-CRP, and MetS. This method calculates the
Pearson correlation coefficient, which quantifies the strength and direction of a linear relationship between two
continuous variables and varies between — 1 and + 1. Figure 4 presents the pairwise correlations between these
variables, illustrating their linear interrelations. This step is essential for identifying significant correlations that
may influence the predictive performance of the ML models utilized within our analytical framework.

Performance comparison of ML models

The ML framework developed for predicting MetS utilized a training dataset comprising 80% of the records. The
models were subsequently evaluated using two distinct datasets: one constituting 10% of the records for testing
and another 10% for validation purposes. Hyperparameter tuning was conducted on the validation set using
grid search. Given the large cohort size (~ 9,000 samples), each 10% subset contained nearly 900 individuals,
allowing for statistically stable performance estimates without needing k-fold cross-validation. This approach
ensures unbiased evaluation, facilitates exact reproducibility, and aligns with standard practices in biomedical
machine learning, particularly when comparing multiple models.

To address class imbalance within the training data, the SVM-SMOTE was implemented. The efficacy of
the framework is critically assessed to predict outcomes for patients diagnosed with MetS compared to those
without. The framework incorporates seven ML models: traditional models such as LR, DT, and SVM classifiers,
and alongside ensemble methods including RF, BG, GB, and CNNs. For the first experiment, the performance of
models for predicting MetS was compared using the metrics described in Sect. 2.3. The performance metrics are
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Resampling Results
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Fig. 3. AUC based on Performed Resampling.

Normalization | AUC | F1 Specificity | Sensitivity
None 0.718 | 0.726 | 0.691 0.746
Min-Max 0.695 | 0.690 | 0.714 0.677
Z-score 0.702 | 0.698 | 0.717 0.687

Table 5. Effect of normalization techniques on GB model Metrics.

F-measure, specificity, and sensitivity. Figure 5 indicates that the suggested ML models exhibited high values for
the majority of measures. DT demonstrated superior results among the classic models in most metrics. Among
ensemble models, both BG and GB were identified as superior compared to their counterparts. RF, BG and GB
demonstrated superior results, achieving an F-measure of approximately 0.72. Additionally, the CNNs excelled
in specificity, achieving a remarkable value of 83%.

In the second series of experiments, the robustness of developed framework was assessed by calculating the
error rates of various ML models. The error rate, a crucial performance metric in ML, indicates the proportion of
incorrect predictions made by a model relative to the total number of instances evaluated. This rate is calculated
by dividing the number of incorrect predictions by the total predictions, and it is typically expressed as a
percentage. This metric is vital for gauging a model’s accuracy in correctly classifying or predicting outcomes.
As illustrated in Fig. 6, classical ML models like DT and SVM demonstrated slightly lower error rates of 31%,
compared to LR at 35%. Ensemble methods further reduced the error rate to approximately 27%. Notably, RF,
which utilizes multiple DT, and BG, which counters class imbalance, significantly enhanced model robustness
against overfitting and improved predictive accuracy. GB emerged as the most effective, with the lowest error
rate of 27%, highlighting its capability in sequential model improvement by iteratively correcting errors from
previous models, thus optimizing overall predictive performance.

Discussion

The present study aimed to evaluate the association between serum liver function tests and hs-CRP in predicting
MetS using an automated ML framework. This approach combines sophisticated ensemble algorithms with
conventional techniques, such as LR, DT, and SVM to significantly improve predictive accuracy. The proposed
framework facilitates a comprehensive assessment of clinical biomarkers and their respective contributions to
the progression of MetS. While previous studies have utilized machine learning methods to diagnose MetS, their
focus has predominantly been on anthropometric and lifestyle factors. In contrast, the combined role of key

Scientific Reports |

(2025) 15:21725 | https://doi.org/10.1038/541598-025-06723-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

hsCRP

Age

-0.0075

ALT AST BIL.D BIL.T

Sex

-0.0063 0.048

MetS

hsCRP Age BIL.T BIL.D AST ALT Sex MetS

Fig. 4. Visualizing the heatmap. The figure shows the Pearson correlation coefficients between features and
MetS. According to the pairwise correlation, ALT and AST exhibit a significant positive correlation with a
coefficient of 0.37, Similarly, BIL.T and BIL.D are positively correlated with a coefficient of 0.24. In the context
of MetS, there is a significant positive correlation between BIL.D and MetS at 0.20, and between age and MetS
at 0.19. On the other hand, MetS shows slight negative correlations with AST and BIL.T, indicating weak
inverse relationships in these cases.

biochemical markers, such as liver function tests and hs-CRP, remains underexplored in this context. Given the
established associations between liver dysfunction, systemic inflammation, and MetS, this study incorporates
these biomarkers into a sophisticated and automated predictive model, offering a more nuanced understanding
of their interplay in MetS development.

ML has become pivotal in identifying risk factors associated with MetS by analyzing lifestyle choices,
anthropometric data, and blood markers. A study conducted in Tehran utilizing RF and LR identified a
history of diabetes, elevated BMI, age, and low monounsaturated fat intake as significant predictors of MetS.
However, this study had a relatively small sample size of 3,048 participants and a follow-up period of only three
years, compared to the ten years in our study. Unlike the Tehran study, which only utilized RF and LR, our
research employs a combination of both novel and traditional ML methods, enhancing our understanding of
MetS prediction within an Iranian population. To further refine the accuracy of our model, we implemented
resampling techniques and conducted performance comparisons among the employed methods'.

In another machine learning study using cohort data from Isfahan, Karimi et al. found that triglyceride
levels had the highest predictive value when analyzed using a DT algorithm. They also noted that the accuracy
of predictions significantly improved when triglyceride levels were combined with BMI. In the study, the DT
and SVM methods achieved accuracies of 0.75 and 0.76, respectively!’. Notably, this investigation involved a
smaller cohort of 2,107 participants and considered a total of 22 variables, yet it did not include serum liver
factors or high-sensitivity C-reactive protein (hs-CRP). Moreover, it was limited to using only two machine
learning methods—DT and SVM—compared to the broader techniques employed in our study. This places
our study among the pioneering efforts to assess Mets prediction using a diverse machine learning technique,
implemented within a large-scale cohort comprising over 9,000 participants.

Ensemble learning methods in our study, particularly GB and BG, exhibited superior specificity and
sensitivity compared to traditional ML methods. Our integrative framework combines both classical and modern
algorithms, leveraging the strengths of each model. Traditional ML methods such as DT and SVM demonstrated
a comparatively higher error rate of 31%, whereas ensemble methods reduced the error rate to approximately
27%. Notably, RE, leveraging multiple DT, and BG, aimed at correcting class imbalances, significantly enhanced
model resilience against overfitting and boosted predictive accuracy. Among these, GB was the most effective
one and achieving the lowest error rate. Gradient Boosting (GB) demonstrated superior performance through
iterative model refinement and optimization of residual errors. Additionally, CNNs demonstrated superiority in
specificity, achieving a remarkable rate of 83%. In our SHAP analysis, age, hs-CRP, BIL.D, and sex significantly
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Fig. 5. Evaluating the ML Performance. The ML models including linear regression, decision tree, support
vector machine, random forests, balanced bagging, gradient boosting, and convolutional neural networks
compared using the three metrices (F-measure, specificity, and sensitivity). Each model’s performance is
represented by bars in different colors for each metric. The F-measure is depicted in yellow, specificity in
orange, and sensitivity in green. Random Forest (RF), Balanced Bagging (BG), Gradient Boosting (GB), and
Convolutional Neural Network (CNN) demonstrated superior results among the developed ML models based
on the specificity.
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Fig. 6. Comparison of Error Rates (expressed as percentages) for ML Methods utilized in our Framework.
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influenced the predictions of our ML models. Notably, hs-CRP emerged as a pivotal biomarker for predicting
MetS within our specialized ML framework. Based on the pairwise analysis detailed in Subsection 3.3, the study
revealed positive correlations between MetS and BIL.D, age, and sex. Conversely, a slight negative correlation
was observed between MetS and BIL.T. However, these correlations were relatively modest and therefore require
additional investigation to assess their clinical relevance.

Based on the existing literature, Bilirubin may play a significant protective role against MetS due to its
multifaceted biological properties, including its potent antioxidant®, anti-inflammatory effects®, and insulin-
sensitizing effects®®. Another investigation highlights that reduced bilirubin levels are associated with several
metabolic disturbances, including elevated blood pressure67, increased glucose levels®®, and impaired lipid
metabolism® all of which are key contributors to the development of MetS. Studies often focus on total serum
bilirubin, which encompasses both direct and indirect bilirubin. In addition, bilirubin levels have been found
to be inversely correlated with adiposity in obese individuals, while its catabolic byproduct, urobilin, has been
positively linked to insulin resistance”.

Our findings in this study suggest a negative association between BIL.T and MetS, contrasted by a positive
correlation with BIL.D and MetS. Our findings align with previous studies indicating an inverse relationship
between total bilirubin and MetS. Like the Korean cohort study by Lee et al. (2014)7!, we observed that lower
BIL.T levels were associated with higher MetS risk. Moreover, a Japanese study by Oda and Aizawa (2013) also
reported a negative link between BIL.T and MetS but clarified that low BIL.T levels were not independently
predictive of increased MetS risk’2. On the other hand, Li et al. (2017)7> found a negative association between
BIL.D and MetS, while our study observed a positive correlation.

This discrepancy may arise from the fact that bilirubin levels—particularly BIL.D—can increase in response
to hepatic stress associated with MetS. As MetS progresses to NAFLD, bilirubin conjugation may initially
increase; however, in later stages, hepatic dysfunction and cholestasis can occur, elevating direct bilirubin levels.
Additionally, obesity and insulin resistance may lead to mild bile duct obstruction—particularly due to hepatic
steatosis—which can elevate BIL.D levels independently of total bilirubin concentrations’. In parallel, ALT,
a well-established marker of hepatic dysfunction, was also found to be positively associated with MetS in our
study. Moreover, the elevated risk of CVD among individuals with MetS has been consistently documented®.
Cardiovascular conditions such as heart failure may impair liver function through several hepatological
mechanisms. Specifically, hyperbilirubinemia in the context of congestive heart failure is commonly attributed
to hepatocellular dysfunction, passive hepatic congestion, bile thrombi formation, hemolysis, and the use of
certain medications”.

Another possible explanation lies in population-specific biological factors. Variability in bilirubin
metabolism, such as differences in hepatic enzyme function and bilirubin conjugation capacity, may result in
differing circulating BIL.D levels across populations. Genetic polymorphisms—particularly those involving the
UGT1A1 gene—can influence bilirubin clearance and exhibit substantial ethnic variation, potentially leading to
cohort-specific metabolic responses76. Moreover, environmental influences, including dietary patterns, lifestyle
behaviors, and the prevalence of comorbidities such as obesity or diabetes, may further modulate the role of
bilirubin in metabolic regulation. These factors collectively underscore the need for further investigation into
the mechanisms linking direct bilirubin (BIL.D) metabolism with MetS development across diverse ethnic
populations’®7’.

hs-CRP is widely recognized biomarker for inflammation, often found elevated in conditions such as diabetes,
CVD, and MetS. Notably, a Korean cohort study highlighted hs-CRP’s significant role in the development of
MetS among women, regardless of body fat levels. This gender-specific impact might stem from differences in
sex hormones and fat distribution, affecting inflammatory responses’®. Several mechanisms have been suggested
to determine the role of hs-CRP in MetS development. hs-CRP is produced in response to pro-inflammatory
cytokines, which can lead to disruptions in lipid metabolism’>7°. Additionally, hs-CRP has been associated
with insulin resistance® and is thought to interfere with insulin-regulated metabolic pathways®!. ALT and AST
are critical liver enzymes routinely assessed in liver function tests and recognized as key biomarkers of liver
damage®?. ALT is considered a more specific indicator of liver functionality and is commonly used as an indirect
marker for liver inflammation or injury. In contrast, AST has lower specificity because it is also present in other
tissues, including the heart and muscles, which can complicate the interpretation of liver function results®?,
Non-alcoholic fatty liver disease (NAFLD) is a plausible cause of abnormal liver enzyme levels and can lead to
asymptomatic elevations of ALT levels®.

NAFLD has been links to several metabolic disorders, including obesity, hyperglycemia, hypertension, and
dyslipidemia, all of which are components of MetS. This association supports the concept that NAFLD represents
a hepatic manifestation of MetS?%. Numerous cross-sectional studies have highlighted the relationship between
elevated ALT and AST levels and MetS?. Consequently, increased ALT and AST levels may be considered
potential risk factors for the development of MetS?. Our study population exhibited higher ALT levels in
patients with MetS; however, the AST levels did not significantly differ among the studied groups. Additionally,
our Pearson correlation analysis revealed a stronger correlation between ALT and MetS at 0.048, compared
to AST, which was —0.0063. A related ML study employing LR in a Chinese population demonstrated that
individuals with the highest ALT and AST group were predominantly male, often current smokers or drinkers,
and exhibited higher levels of blood pressure, waist circumference (WC), BMI, total cholesterol, triglycerides,
LDL-C, and fasting plasma glucose. However, the study noted that within the normal reference range, AST levels
were not associated with MetS®.

Another methodological machine learning study, which employed LR, ANN, SVM, and Classification and
Regression Tree (CART), identified ALT as a significant predictive biomarker in a model evaluating the four-
year risk of MetS in adults. Interestingly, the logistic regression model outperformed the other models, including
CART and SVM, and demonstrated slightly better accuracy than the ANN model. The authors suggested that
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this superior performance might be due to the predominance of independent, linear effects among the most
influential prognostic factors, which logistic regression is particularly well-suited to capture®.This finding
highlights the importance of selecting appropriate modeling techniques based on the underlying structure and
relationships within the data.

In the current study, we integrated classical and advanced machine learning techniques, combined with
robust preprocessing methods, to enhance predictive accuracy and effectively address dataset imbalances.
The performance of the models was evaluated using a comprehensive set of well-known metrics, including
sensitivity, specificity, F-measure, area under the curve (AUC), and error rates. A key strength of this research
lies in its emphasis on understudied biomarkers, which have not been extensively explored in prior studies,
thereby contributing novel insights to the field, and advancing the understanding of their predictive potential.
On the other hand, this study has several limitations that warrant careful consideration. Its cross-sectional
design inherently restricts the ability to establish causal relationships between liver function tests, hs-CRP, and
MetS. While the model achieved moderate accuracy (approximately 75%), it offered valuable insights into the
associations between MetS and less frequently studied biomarkers, such as BIL.D and BIL.T. Furthermore, the
research was conducted within an Iranian cohort, which may limit the generalizability of the findings to other
ethnic or geographic populations. Additionally, the gender distribution of the sample was uneven, with a higher
proportion of females (59% female, 41% male), potentially introducing a bias toward female-related outcomes.
These limitations highlight the need for further longitudinal and multi-ethnic studies to validate and expand
upon these findings.

The high specificity of the proposed ML framework highlights its strong potential for practical clinical
implementation. Integrating the model into electronic health records (EHRs) could facilitate automated MetS
risk scoring during routine blood testing—particularly by utilizing standard liver function biomarkers and
hs-CRP levels—to enable early identification of high-risk individuals. As a clinical decision-support tool, the
framework could inform personalized interventions, whether lifestyle-based or pharmacological, and provide
real-time risk assessment through an interactive clinician dashboard. Beyond primary care, embedding the
model into public health initiatives, such as workplace wellness programs, would promote scalable, cost-effective
screening and accelerate early detection. Broad adoption of this framework could contribute to reducing the
societal burden of MetS, cardiovascular disease, and type 2 diabetes through targeted, preventative strategies.

Conclusion

This research was conducted using the MASHAD cohort, which consists of 9,704 participants over a 10-year
follow-up period. This extensive sample size and follow-up duration provided a reliable foundation for the study,
ensuring the data’s robustness and comprehensiveness for detailed analysis.

In summary, this study introduced a robust ML framework designed to predict MetS using serum liver
function tests and hs-CRP. By employing both classical and ensemble ML algorithms, we demonstrated the
potential to significantly improve the predictive accuracy of models for identifying MetS. Key liver function
markers, including ALT, AST, BIL.D, and BIL.T, along with hs-CRP, emerged as novel and effective biomarkers
for assessing MetS risk. Notably, the study identified hs-CRP and BIL.D levels as significant biochemical
predictors of MetS, underscoring their potential value in early screening and risk stratification strategies. These
findings contribute to the growing body of evidence supporting the use of advanced computational approaches
in enhancing the early detection and diagnose of metabolic disorders. In clinical practice, the proposed machine
learning framework could be integrated into electronic health record (EHR) systems to automatically flag
individuals at high risk for MetS based on standard liver function tests and hs-CRP levels. As a clinical decision-
support tool, it can guide early interventions, helping clinicians tailor lifestyle or pharmacological strategies
to individual biomarker profiles. Moreover, by facilitating scalable, low-cost, and non-invasive screening, the
framework has the potential to be deployed in large-scale population health initiatives. Its adoption could play a
pivotal role in reducing the societal burden of Mets, cardiovascular disease, and type 2 diabetes through earlier
detection and prevention.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.
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