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ABSTRACT: Gestational Diabetes Mellitus poses important health risks to both mother and child if not detected and 

managed early. The timely detection is important for minimizing outcomes ranging from preeclampsia and high baby 

birth weight to later onset of type 2 diabetes. This manuscript outlines a robust and interpretable machine learning 

pipeline to predict GDM, utilizing clinical data acquired from pregnant women from Kurdistan region of Iraq. The 

SMOTE technique is incorporated for tackling the imbalanced class problem over the dataset and to improve the model 

performance to detect minority class probes of GDM. We also use the Light Gradient Boosting Machine (LightGBM) as 

our classifier because of its fast speed and high accuracy; and the hyper-parameters are searched by automatically by 

Optuna, a widely used hyper-parameter optimization framework. The model was tested in two different ratios of train-test 

split (70%–30% and 80%–20%), and it achieved high accuracy consistently (the highest model performance accuracy 

reached up to 91%). These results demonstrate the advanced predictive power of the optimized model over the baseline 

and pragmatic application approaches. Practicality of this approach will lead to early detection of GDM timely 

interventions for pregnancy outcome thereby encouraging an approach against mother and fetus health. 

Keywords: Gestational Diabetes Mellitus, Machine Learning, LightGBM, Hyperparameter Optimization, 

Medical Diagnosis, Early Detection. 

 

1. INTRODUCTION 

Gestational Diabetes Mellitus (GDM) is a type of diabetes that happens through pregnancy [1]. Its 

defined as an elevated blood glucose level during gestation that does not meet all diabetes diagnostic criteria 

prior to gestation [2]. It is a common non-communicable obstetrical complexity in pregnancy. The majority 

of GDM is growing quickly worldwide. In the year of 2021, the moderate majority of GDM was reported to 

be 16.7% globally, based on geographical locations, diagnostic criteria, and population [3]. GDM is related to 

both long- and short-term adverse health effects for children and mothers. During gestation, GDM is related 

to an enhanced hazard of pre-eclampsia and heightened fetal development, leading to neonatal hypoglycemia, 

birth trauma, shoulder dystocia, and macrosomia. Women with GDM also have a 50% hazard of developing 

type two diabetes in the decade following their gestation [4]. Use a 2-hour fasting 75-g criteria for diagnosis 

of GDM at 24-28 weeks gestation. Use the International Association of Diabetes and Pregnancy Study 

Groups (IADPSG) criteria or American Diabetes Association (ADA) criteria (IADPSG is preferred) to 

diagnose GDM at 24-28 weeks gestation. Previous research shows that the diagnosis of GDM at 24–28 

weeks’ gestation may be too late for intervention. Consequently, earlier diagnosis of GDM, as well as 

appropriate control, might be important, especially for overweigh and aged mothers with high hazard of 

GDM in order to control fetal abdominal obesity [5]. 

Accurate detection of GDM risk is important for early intervention and detection to avoid adverse 

outcomes. Nevertheless, predicting GDM risk might be challenging on account of the complex relationship 

of different risk factors such as prior history of GDM, family history of diabetes, maternal age, and ethnicity. 

Further, the precision of GDM risk predictions is restricted with the exposition time-varying characteristics 

that were estimated from risk factors measured at only one time point; these fail to consider the dynamic 

variations in clinical measures as seen during pregnancy. The difficulty in recommending personalized 
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recommendations of medicine for GDM arises from the heterogeneity of the disease and absence of a 

consensus for the best treatment practice. New management approaches for GDM include different 

medications, activity proposals and dietary regimens [6]. Nonetheless, the current diagnostic methods are 

expensive and may overlook early symptoms. Current predictive methods have commonly had limited 

clinical features and poor performance because of limited generalizability and poor interpretability. 

To address these challenges, machine learning (ML) has become a game-changing paradigm in 

healthcare, which has the potential to consider the complex interplay of various clinical parameters. 

Numerous AL algorithms, including LR, DT, SVM, RF and ensemble learning show promise in GDM 

prediction [7],[8],[9]. Nonetheless, they suffer issues such as imbalance data, lack of hyperparameter tune 

and low interpretability. To address these gaps, this study proposed an optimized ML framework for the early 

detection of GDM. The framework incorporates two key enhancements: SMOTE for addressing class 

imbalance and Optuna, an automated hyperparameter optimization framework, to fine-tune the LightGBM 

classifier. LightGBM was selected for its computational efficiency, scalability, and robustness in handling 

high-dimensional clinical data. Therefore, the main contributions of our Paper can be listed as follows: 

• Implementation of SMOTE for handling data imbalance, so that minority class predicted output gets 

better sensitivity of model and reduced bias in the classification. 

• Introduction of the Optuna for automatic and intelligent hyperparameter tuning allowing for better 

generalization power and accuracy in the LightGBM classifier. 

• LightGBM implementation, an efficient, scalable and fast Gradient Boosting Decision Tree 

framework designed for clinical datasets, and able to deal effectively with high-dimensional 

structured data. 

• All-rounded model testing with proven performance metrics like accuracy, precision, recall, F1-

score, and confusion matrix for both train-test split scenarios (70–30 and 80–20).  

This paper is structured as follows: Section 2 shows the related work on GDM prediction by 

employing ML. The proposed methodology, comprising the data pre-processing, SMOTE balancing, and 

Optuna-based LightGBM optimization, is summarized in Section 3. Section 4 gives results and discusses 

comparisons with other methods. Section 5 summarizes the study and points to future research. 

 

2. RELATED WORKS 

Numerous studies have investigated the prediction of GDM using ML techniques. These studies 

have used different techniques and yielded varying results. This section discusses these studies.  Saleh et al. 

[10] proposed a ML approach to prediction of GDM, with four classification algorithms applied, namely LR, 

DT, GB and SVM. The model was constructed over PIMA diabetes dataset consisting of nine clinical 

parameters for each patient. In order to address missing data, we used a hybrid method of median and 

averaged imputation, with which three preprocessed data were obtained. The classifier was evaluated in 

terms of the commonly used evaluation parameters such as precision, specificity, accuracy, and sensitivity. 

The reliability and accuracy of such an approach were validated using the experimental results. 

Alapati et al. [11] proposed ML and deep learning (DL) methods to improve the prediction of GDM. 

Using a comprehensive dataset that included glucose levels, medical history, and demographic data, the study 

compared the performance of a DL model with traditional ML techniques such as DT and SVM. Model 

evaluation was conducted utilizing metrics like accuracy, F-score, recall, and precision. The findings suggest 

that DL has strong potential to enhance GDM prediction and supports the development of more effective 

screening methods to improve maternal and fetal health results.  Garg et al. [12] proposed many ML 

techniques to predict GDM, assessing six techniques: XGBoost, DT, LR, SVM, KNN, and RF. The GDM 

dataset contains features such as age, skin thickness, insulin levels, blood pressure, diabetes pedigree 

function, pregnancies, glucose levels and label. Through exhaustive experiments, these techniques are 

evaluated based on the RMSE, R-squared, MSE, and accuracy, with the outcomes visually demonstrated to 

facilitate enhanced understanding. The proposed approach aims to enhance GDM management and 

prediction, providing more informed clinical decisions and accessible health monitoring tools while also 

enhancing healthcare products for pregnant women. 

Zhao et al. [13] presented an integrated learning strategy to build a method that high accurately 

forecasts GDM. The presented approach used multiple ML techniques to create classifiers and integrated 

them into a more effective model using Stacking approaches. These base ML classifiers include CatBoost, 

XGBoost, SVM, and RF. The presented approach utilized real, publicly available GDM datasets and 

improved the model's performance through feature selection and rigorous data preprocessing. The results of 

this analysis demonstrate the superiority and effectiveness of the Stacking approach in predicting GDM, 

presenting a possible explanation for early prediction and intervention. The results of this analysis are of 

great importance to patients, clinical doctors, and public health workers.  Bhuria et al. [14] developed and 

assessed an ML technique based on LR to predict GDM using a large dataset of physiological characteristics 
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and health features. The presented approach aims to develop a binary classification model that utilizes 

features such as family history, age, insulin levels, blood pressure, and pregnancy status. The results shows 

the efficiency of the LR technique, achieving 77% accuracy. 

 Shetty et al. [15] proposed a practical analysis utilizing many ML methods to forecast the 

prospective hazard characteristics affecting GDM progression. The ML techniques that are used are LR, 

SVM, RF, Gaussian NB, XGBoost, Voting Ensemble, Bagging with DT Weighted Average Ensemble, and 

Stacking XGBoost, NGBoost, AdaBoost. Most of the presented classifiers reached a suitable accuracy range 

of (75%-82 %).  Kaya et al. [16] collected data from expectant women who were accepted to the obstetric 

clinic in the first three trimesters. The dataset includes several features, such as diabetes family history, 

glucose level, smoking status, previous birth weight, parity, gravida, body mass index, maternal age, and 

results of an oral glucose tolerance test, which were assessed for the patients. The presented approach 

employs six standard ML techniques, including LGBM, XGBoost, RF, LR, Average (AVG) Blender, and 

Extra Trees (ET). The XGBoost had the best predictive significance, with an accuracy of 66.7%. Victor et al. 

[17] presented an intelligent approach based on ML techniques to predict GDM, including XGBoost, 

CatBoost, AdaBoost, LGBM, and RF. The presented approach investigated data from Brazil, which included 

1,557 expectant women with GDM at 19 weeks or less. The RF technique yielded the best-performing 

model, achieving an accuracy of 76%. Bigdeli et al. [5] collected a dataset of pregnant women from (2020-

2022). Risk characteristics for developing detection models were determined through the input of clinical 

specialists and expert opinions, as well as a literature review. The extracted information experienced 

preprocessing with six ML techniques were employed and evaluated for GDM forecasting, including DT, 

Multi-Layer Perceptron, KNN, NB, XGBoost and RF. The presented approach was evaluated using Area 

Under Curve, sensitivity, accuracy, and precision. The RF technique achieved excellent performance in 

GDM forecasting, with recall of 92%, accuracy of 89%, and precision of 86%. The finding of this analysis 

indicate that ML techniques, specifically RF, have sufficient accuracy in the detection GDM. 

Existing literature highlights a wide range of ML techniques applied to GDM prediction, with 

varying levels of success. While several models achieved good accuracy, challenges like class imbalance, 

limited hyperparameter tuning, and lack of optimization techniques remain prevalent. To address these gaps, 

this study proposes an enhanced LightGBM-based model optimized via Optuna and balanced using SMOTE 

to improve the accuracy of detection. 

 

3. RESEARCH METHODOLOGY 

This study proposes a ML framework for the early prediction of GDM utilizing an optimized 

LightGBM model combined with data balancing and hyperparameter tuning techniques. As shown in Figure 

1, the methodology follows a systematic pipeline that includes data preprocessing, handling class imbalance, 

feature scaling, model tuning using Optuna, and performance evaluation using appropriate metrics. The 

workflow illustrated in figure 1 outlines a machine learning pipeline designed for classification tasks 

involving imbalanced datasets. Initially, the raw data undergoes preprocessing using StandardScaler to 

normalize the features, followed by the application of the SMOTE technique to address class imbalance by 

synthetically generating minority class samples. The preprocessed and balanced data is then split into two 

branches—one used for model training and the other for validation. Hyperparameter tuning is carried out 

using the Optuna optimization framework, which explores a defined search space for parameters such as 

learning rate, number of estimators, max depth, and regularization terms to maximize model performance. 

After optimization, the best set of parameters is used to train the LightGBM classifier. Finally, the model’s 

effectiveness is evaluated using key metrics such as precision, recall, F1-score, and accuracy to ensure robust 

performance across both majority and minority classes. 

 
Figure 1. Proposed methodology. 

https://doi.org/10.65511/jaima.v1i1.739
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3.1 Dataset Description 

Comprises clinical and demographic data from pregnant women diagnosed with or without GDM 

[18]. The dataset consists of 1,012 records and includes seven variables, of which six are input features, and 

one is the target label. These features are Age, Number of Pregnancies, Weight, Height, Body Mass Index 

(BMI), and Heredity, which indicates whether the individual has a family history of diabetes. The target 

variable, labeled as Prediction, is binary, with 0 representing healthy individuals and 1 indicating a positive 

diagnosis of gestational diabetes. 

 

3.2 Handling Class Imbalance with SMOTE 

The dataset exhibited significant class imbalance, with 795 samples belonging to the non-diabetic 

class and only 217 samples representing gestational diabetes cases. This imbalance posed a risk of bias in ML 

model training, favoring the majority class. To mitigate this, the SMOTE was applied. SMOTE generated 

synthetic examples of the minority class to balance the distribution, resulting in 795 samples per class, as 

illustrated in Figure 2. This balancing step was important for enhancing model performance and ensuring fair 

learning across both classes. 

 
Figure 2. Class distribution before and after SMOTE 

 

3.3 Feature Scaling 

The dataset was splitting into testing and training data utilizing the ratio of (20%-80%) and (30%-

70%). To normalize the input features and facilitate model convergence, in this work normalized the data to 

be with the mean of 0 and variance of 1 by StandardScaler [19], [20]. This step is very vital for gradient 

based models, like lightgbm to work well when the features are of varying magnitude. 

 

3.4 LightGBM Optimization with Optuna 

In order to improve the predictive ability of the developed ML model, an advanced hyperparameter 

optimization framework called Optuna was utilized in this study to optimize the parameters of the 

LightGBM. The LightGBM is a high-performance, distributed gradient boosting framework based on 

decision tree algorithms. It is designed for speed and efficiency, making it well-suited for tasks such as 

classification, ranking, and other machine learning applications. Hyperparameter optimization is crucial to 

achieve the maximum generalization with ML models. Suboptimal parameters set up underfitted or 

overfitted context, and both degrade performance. To overcome this, Optuna automates the optimal 

hyperparameter search with TPE, an effective sampling algorithm. The approach dynamically samples 

configurations to visit, and learns a model of the distribution of successful configurations, rather than simply 

choosing configurations uniformly at random or in a grid. The hyperparameter settings for lightGBM via 

Optuna optimization show in Table 1. 

 

Table 1. Hyperparameter settings via Optuna optimization. 
Parameter Optimized Range (via Optuna) 

Num_leaves 20 – 150 

Min_child_samples 5 – 30 
Subsample 0.5 – 1.0 

Max_depth 3 – 12 

Colsample_bytree 0.5 – 1.0 
Learning_rate 0.01 – 0.2 

N_estimators 100 – 300 

Reg_lambda 0.0 – 5.0 

Reg_alpha 0.0 – 5.0 
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Optimization is formulated as an objective function that takes a set of hyperparameters proposed by 

Optuna in a trial and computes its validation accuracy after training the LightGBM model on the training 

data. The goal was to increase accuracy as it is the simplest and most intuitive performance measure for 

binary-classification tasks. We run 30 trials in total, where each trial trains and tests a different LightGBM 

model configuration. Optuna would repeatedly change the hyperparameter settings and see how it would 

change the model’s accuracy throughout each trial. By taking advantage of knowledge from previous 

experiments, Optuna effectively reduced the search space and moved closer to optimum. By using an 

automated tuning approach it would be possible to save manual work of finding hyperparameter, and it 

would guarantee that the model would be trained under optimal conditions, leading to improved predictive 

performance and generalization on the unseen set of data. 

 

3.5 Evaluation 

Following the hyperparameter optimization phase utilizing Optuna, the LightGBM model was 

retrained utilizing the best-performing hyperparameters on the training dataset. The finalized model was then 

evaluated on the test set to evaluate its predictive capability on unseen data. To ensure a comprehensive 

evaluation, various standard classification performance metrics were computed, including Accuracy, 

Precision, Recall, and F1-score. 

In the classification problems, the models predictions are judged based on four essential states: true 

positives (TP), false positives (FP) , false negatives and true negatives (TN) (FN) [21]. 

Accuracy:- measures the ratio of whole correct predictions between everything predictions as show 

in Eq1 [22]: 

 

                                            𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑁+𝑇𝑃

𝐹𝑃+𝑇𝑁+𝑇𝑃+𝐹𝑁
                                                                      (1) 

 

Recall:- indicates the proportion of actual positive cases that were correctly identified as show in Eq2 [23]: 

 

                                                                           𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                      (2) 

 

Precision:- refers to the proportion of true positive predictions among all instances that were predicted as 

positive as show in Eq3 [24]: 

 

                                                                          𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝐹𝑃+𝑇𝑃
                                                      (3) 

 

F1-score:- is the harmonic mean of recall and precision, and it balances the two as show in Eq14 [25]: 

 

                                                                               𝑅𝑒𝑐𝑎𝑙𝑙 =  2
𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                        (4) 

 

4. RESULTS AND DISCUSSION 

To evaluate the proposed ML framework for the early detection of GDM a sequences of trials were 

achieved under two distinct train-test data split scenarios: 70% training with 30% testing and 80% training 

with 20% testing. The goal was to evaluate the model generalization performance with both moderate and 

larger training datasets. The LightGBM classifier was initially trained utilizing its default hyperparameter 

configuration, which served as the baseline. In the second stage, the model was retrained using a set of 

optimized hyperparameters obtained via the Optuna optimization framework, which systematically explored 

the hyperparameter space to maximize validation accuracy. Notably, the optimized model achieved a high 

accuracy of 91% with the (80-20) train-test split, confirming its effectiveness and reliability in predicting 

gestational diabetes. Across all tested scenarios, the results demonstrated a clear improvement in 

classification performance following the optimization process. The optimized LightGBM consistently 

outperformed the baseline configuration in terms of recall, precision, F1-score, and accuracy, as detailed in 

Table 2. This indicates that hyperparameter optimization is crucial for achieving robust and reliable 

performance, especially in health-related applications where early diagnosis is critical. 

 

Table 2. Model Performance Before and After Optimization 
Model Precision Recall   F1-score Accuracy 

Baseline LightGBM (30%-70%) 82% 83% 82% 83% 

Baseline LightGBM (20%-80%) 81% 82% 81% 82% 

After optimazed (30%-70%) 90% 90% 90% 90% 

After optimazed (20%-80%) 91% 91% 91% 91% 
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The confusion matrices in Figures 3 and 4 show the baseline LightGBM model’s performance under 

70–30 and 80–20 splits, respectively, with moderate accuracy and visible class imbalance. In contrast, 

Figures 5 and 6 demonstrate a clear improvement utilizing the Optuna-tuned LightGBM model. 

 

  

Figure 3. Baseline LightGBM (70-30) Figure 4. Base line LightGBM (80-20) 

 

  

Figure 5. Optuna-Tuned LightGBM (70-30) Figure 6. Optuna-Tuned LightGBM 80-20) 

 

Table 3 shows a comparative analysis of the proposed model performance beside various state-of-

the-art ML approaches reported in recent studies on GDM prediction. While traditional models like RF have 

shown moderate success achieving 80% accuracy in the study via Garg et al. [12] and 79% in the study via 

Bigdeli et al. [5] they fall short of higher benchmarks required for clinical reliability. Ensemble approaches 

such as Stacking, utilized via Zhao et al. [13] and Shetty et al. [15], reached 86.8%, marking a notable 

improvement over standalone models. 

 

Other algorithms, including SVM, Extremely Randomized Trees, and RF generally yielded 

accuracies in the 74%–82% range across different datasets, reflecting some limitations in model 

generalization and data representation. In contrast, the proposed model, which integrates SMOTE for class 

balancing and Optuna for hyperparameter optimization within a LightGBM framework, achieved high 

accuracy of 91%, the highest among all compared studies. 
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Table 3. Comparation proposed model with related studies. 
Reference Year Technique Accuracy 

Garg et al. [12] 2024 RF 80 

KNN 75% 

SVM 75% 

LR 77% 

DT 71% 

XGBoost 73% 

Zhao et al. [13] 2024 RF 83.2% 

SVM 81.1% 

XGBoost 84.2% 

CatBoost 85.1% 

Stacking 86.8% 

Bhuria et al. [14] 2024 LR 0.77% 

Shetty et al. [15] 2024 LR 81% 

SVM 82% 

RF 80% 

GNB 77% 

XGBoost 80% 

VE 81% 

BDT 81% 

WAE 81% 

Stacking (XGBoost, NGBoost, 

AdaBoost) 

81% 

Kaya et al. [16] 2024 XGBoost 69.7% 

RF 65.15% 

LR 49.45% 

LGBM 55.05% 

AVG Blender 48.45% 

ET 74.25% 

Victor et al. [17] 2024 LGBM 75% 

XGBoost 74% 

RF 76% 

CatBoost 75% 

AdaBoost 72% 

Bigdeli et al. [5] 2025 RF 89% 

MLP 85% 

DT 82% 

NB 78% 

KNN 80% 

XGBoost 83% 

DT 70.16% 

RF 79.77% 

LGBM 76.66% 

XGBoost 81.05% 

Proposed  2025 Optuna-Tuned LightGBM 91% 

 

Despite the good results, this experiment underscores several important challenges. The approach 

successfully shows the dual benefits of combining robust hyperparameter optimization with effective data 

resampling to enhance classifier sensitivity and overall model performance. The model stays computationally 

efficient and interpretable, making it feasible for real-world clinical deployment. However, there are many 

limitations such as the dataset is relatively small and homogeneous, lacking the diversity needed for broader 

generalization. Moreover, the absence of longitudinal clinical data and a limited set of features reduce the 

models capacity to fully reflect patient variability. The confidence in synthetic data generation over SMOTE 

may introduce noise, and utilizing static patient snapshots fails to capture the dynamic changes that occur 

throughout gestation an important factor for timely and precise diagnosis. 

 

5. CONCLUSION 

This research proposed ML framework for prediction of GDM utilizing an optimized LightGBM 

classifier. Via combining SMOTE for class balancing and leveraging Optuna for hyperparameter 
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optimization, the proposed model achieved a high accuracy of 91%, outperforming many existing techniques 

in recent literature. The model was evaluated under both 70–30 and 80–20 train-test splitting scenarios, 

consistently shown strong performance across key metrics like recall, precision, F1-score, and accuracy. The 

significant improvement over baseline models highlights the importance of optimization and data balancing 

in achieving clinical-grade prediction performance. Given its simplicity, efficiency, and high accuracy, the 

proposed approach holds strong potential for real-world clinical application, supporting healthcare 

professionals in the early detection and intervention of GDM. In Future work aims to enhance the model’s 

robustness by utilizing a variety of larger-scale and longitudinal clinical notes, as well as integrating time-

series data, and merging the model with other medical features. Advanced hybrid modeling approaches 

combining traditional ML (e.g., LightGBM, SVM) with DL (e.g., RNN, LSTM) will be explored. Further 

improvements include better feature selection, alternative class balancing methods like ADASYN, and the 

development of an interpretable clinical decision support system. 
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