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ABSTRACT 
Gestational diabetes mellitus (GDM) is a common pregnancy complication that can have serious consequences for both 

the mother and the fetus if not detected early. In this study, we propose an machine learning to predict gestational diabetes 

mellitus using the patient's clinical characteristics. The dataset was preprocessed to handle missing values, normalize 

numerical variables, and identify relevant clinical features to improve predictive performance.  The data were divided into 

two sets: a test set and a training set. SMOTE was applied only to the training set. Methods: We conducted a retrospective 

model development and internal validation study using 10,000 pregnancy records. Candidate predictors included age, 

pre-pregnancy body mass index (BMI), ethnicity, family history of diabetes, previous GDM Blood Pressure Previous 

Pregnancies Diet & Lifestyle Missing-data handling and categorical encoding were nested within stratified 10-fold cross-

validation to prevent data leakage. Three algorithms were compared: gradient boosted trees (GBT), random forest (RF), 

and neural network (NN). The primary metric was area under the receiver operating characteristic curve (ROC-AUC); 

secondary metrics included precision, recall, specificity, F1-score, accuracy, and precision-recall AUC (PR-AUC). 

Results: GBT achieved the highest overall discrimination, and tree-based models outperformed the neural network by a 

small but consistent margin in this dataset. GBT offered the most balanced overall performance profile. This study 

supports the feasibility of early GDM prediction from routinely available antenatal variables, although temporal or 

external validation is still required before clinical implementation. 

The experimental results indicate that the proposed framework showed promising predictive performance across several 

evaluation metrics of accuracy, precision, F1-score, and recall. This approach provides an effective and scientific solution 

for predicting gestational diabetes and can support clinical decision-making systems. 

KEYWORDS: Gestational diabetes mellitus; machine learning; early prediction; gradient boosted trees; random 

forests; neural networks. 
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INTRODUCTION 
Gestational diabetes mellitus is a major public health problem and a significant health challenge that threatens the health 

of both the mother and the fetus during pregnancy and affects many pregnancies worldwide [1, 2]. Routine screening is 

commonly performed at 24-28 weeks of gestation in many clinical settings [3,4], which limits the opportunity for early 

risk stratification, targeted counseling, and closer metabolic surveillance in the first trimester [5]. 

Gestational diabetes is characterized by high insulin levels and occurs primarily as a result of insulin resistance and relative 

insulin deficiency, which are the two main causes of gestational diabetes.[6] If managed carefully, it usually returns to 

normal after delivery [7]. Pregnancy is a state of physiological changes that represents a unique metabolic state, exposing 

women to a range of health problems, including gestational diabetes [8]. Gestational diabetes is diagnosed as varying 

degrees of glucose intolerance during pregnancy, where insulin production is required to maintain blood sugar levels. 

When the pancreas is unable to secrete the necessary amount of insulin, gestational diabetes develops. [9] Gestational 

diabetes poses significant risks to both the mother and the fetus if not diagnosed early, leading to missed opportunities for 

early intervention [10]. The increased use of medical services and the abundance of data available during pregnancy are 

driving the development of machine learning models using artificial intelligence that enable the early detection of women 

at risk of developing gestational diabetes. This can be achieved by relying on electronic health records. Early detection 

ensures optimal care and helps avoid associated risks such as cesarean delivery, fetal growth variability, preeclampsia, and 

type 2 diabetes mellitus [11]. 

Machine learning methods are well suited to this task because they can accommodate non-linear relationships and 

interactions among demographic, obstetric, and laboratory predictors [12]. 

This study aims to improve early prediction of gestational diabetes by using artificial intelligence algorithms for early 

detection. This will enhance screening, guide treatment and improve follow-up strategies. It represents a significant 

opportunity to improve detection rates and, consequently, outcomes before resorting to traditional pregnancy tests. 

In this research, we compared three machine learning models for the early prediction of gestational diabetes using a 

number of routinely available prenatal variables. We also assessed the models using a set of multiple classification and 

discrimination measures and then identified the most significant indicators associated with the risk of developing 

gestational diabetes in the analyzed dataset. 

MATERIALS AND METHODS 

DATASET DESCRIPTION 
The dataset used in this research was obtained from a general collection on gestational diabetes available on the Kaggle 

platform.[13] This dataset includes clinical records of pregnant women. It contained 10,000 pregnancy records and 17 

columns, including one identifier field (patient_id), 15 candidate predictors, and one binary outcome label 

(gdm_outcome). and a classification of gestational diabetes presence (1) or absence (0) of GD. The dataset also includes 

variables such as age, body mass index (BMI), blood pressure, glucose and lipid profiles, family history of diabetes, and 

others. Stratified sampling was applied during data partitioning so that class proportions were preserved across training 

and testing sets. 

Table 1: Dataset Features (Gestational Diabetes – Kaggle) 

Feature Type Description 

Age Numerical Age of pregnant woman 

BMI Numerical Body Mass Index 

Blood Glucose Levels Numerical Glucose measures 

Blood Pressure Numerical Systolic & Diastolic BP 

Family History of Diabetes Categorical Presence of familial diabetes 

Previous Pregnancies Numerical Number of previous pregnancies 

Diet & Lifestyle Categorical Lifestyle risk indicators 

Target (GDM) Binary 0 = Non-GDM, 1 = GDM 

DATA PROCESSING 
Missing numerical values were imputed using the median, while missing categorical values were imputed using the most 

frequent category. We also used the most frequent category to replace missing values and, to reduce scale variances, we 

standardized numerical features and created selected derived variables, including age groups and blood pressure 

categories, where appropriate We also collected glucose analysis tests. 

The original dataset showed a class imbalance, with the number of cases without gestational diabetes exceeding the 

number of cases with it. To address this imbalance, we applied the Synthetic Minority Over-sampling Technique (SMOTE) 

exclusively to the training subset. 
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MACHINE LEARNING MODELS 
In this research, we used several machine learning algorithms for evaluation: gradient boosted trees (GBT), random forest 

(RF), and a feed-forward neural network (NN). 

PROPOSED FRAMEWORK 

Figure 1, shows the proposed framework consists of data preprocessing, class balancing, model development, validation, 

and final performance evaluation 

The pipeline begins with data preprocessing applied to the input dataset, followed by a two-stage feature selection module 

The proposed framework consisted of data preprocessing, class balancing using SMOTE on the training data only, model 

development using GBT, RF, and NN, hyperparameter tuning within stratified 10-fold cross-validation, and final 

evaluation on the held-out test set,using accuracy, precision, recall, specificity, F1-score, ROC-AUC, and PR-AUC 

 All experiments were implemented in RapidMiner Studio. The same train-test partitioning and validation strategy were 

applied across all models to ensure fair comparison. 

 

Figure 1: Workflow of the proposed machine learning framework for GDM prediction 

RESULTS AND DISCUSSION   
APPLYING CLASSIFICATION MODELS  
The proposed framework was implemented using the RapidMiner Studio Model development and internal validation were 

performed using stratified k-fold cross-validation for the ANN, RF, and GBT models by using cross-validation, depending 

on the K-fold technique to minimise error rate. This technique divides the dataset into K equal subsets for training and 

testing. On the other hand, we trained the models by configuring their hyperparameters for three models as well as 

checking confusion matrix accuracy. 

We applied machine learning classification models to the following steps, which divide and validate the data into training 

and test data. 

The model was then optimized for best performance, and the accuracy of class detection in the artificial neural network 

was improved using a confusion matrix. 

We performed the default configuration for the first step to achieve accuracy. For the neural network, we evaluated 

different architectures by adjusting the number of hidden neurons and monitoring performance using the confusion matrix 

and other evaluation metrics. 
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COMPARATIVE MODEL PERFORMANCE 
All three algorithms achieved similar accuracy, a result in the range of 72.63% to 72.70%. However, more informative 

differences emerged in discrimination and the sensitivity-specificity trade-off. GBT achieved the highest ROC-AUC, PR-

AUC, precision, and specificity, indicating the best overall balance between ranking ability and false-positive control. RF 

achieved the highest F1-score and recall, which favors its use in a screening context where missing fewer true GDM cases 

is the primary clinical goal The neural network remained competitive across all metrics. 

Table 2 presents the comparative performance of the three machine learning models under stratified 10-fold cross-

validation. As shown in Table 2, all models achieved similar accuracy, while GBT obtained the highest ROC-AUC, PR-

AUC, precision, and specificity. In contrast, RF achieved the highest recall and F1-score, which may make it more suitable 

in screening contexts where reducing false negatives is especially important. 

Table 2: Comparative performance of the three machine-learning models under stratified 10-fold cross-validation. 

Model 
Accuracy 

% 

Precision 

% 

Recall 

% 

Specificity 

% 

F1-score 

% 

ROC-

AUC 

PR-

AUC 

Gradient boosted trees 
72.70 ± 

1.39 

76.64 ± 

1.32 

83.52 ± 

1.00 

52.55 ± 

3.36 

79.93 ± 

0.94 

0.777 ± 

0.016 

0.851 ± 

0.015 

Random forest 
72.63 ± 

1.17 

75.84 ± 

1.14 

85.06 ± 

1.18 

49.49 ± 

3.27 

80.17 ± 

0.79 

0.773 ± 

0.017 

0.848 ± 

0.015 

Neural network 
72.64 ± 

1.47 

75.98 ± 

1.43 

84.80 ± 

1.30 

50.00 ± 

4.05 

80.13 ± 

0.97 

0.769 ± 

0.016 

0.843 ± 

0.015 

The performance differences between GBT and RF were modest; therefore, model selection should also consider clinical 

priorities such as sensitivity versus specificity,As shown in Figure 2, the performance differences between the models 

were modest, although GBT performed best in precision, specificity, and ROC-AUC, while RF led in recall and F1-score.  

 

Figure 2: Grouped comparison of classification metrics across the three models. GBT had the highest precision, 

specificity, and ROC-AUC, while RF had the highest recall and F1-score. 

Figures 3 and 4 further illustrate the discriminative performance of the evaluated models. Figure 3 presents the out-of-

fold ROC curves, showing that GBT achieved the highest ROC-AUC, while Figure 4 presents the precision-recall curves, 

where GBT also obtained the highest average precision.  
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Figure 3: Out-of-fold receiver operating characteristic curves for gradient boosted trees, random forest, and neural 

network models. 

 

Figure 4: Out-of-fold precision-recall curves for the three models. The average precision was highest for gradient 

boosted trees. 

CONFUSION MATRIX ANALYSIS AND VARIABLE IMPORTANCE 
The confusion matrix analysis provided additional insight into the performance of the evaluated models. GBT produced 

fewer false positives and more true negatives, which explains its higher specificity. In contrast, RF achieved more true 

positives and fewer false negatives, which is consistent with its stronger recall and F1-score. The neural network showed 

competitive but slightly less balanced performance compared with the two tree-based models. 

These results indicate that early glycemic indicators and maternal metabolic condition are pivotal in forecasting GDM 

risk.  As shown in Figure 5, the aggregated confusion matrices provide further insight into the classification performance 

of the three models.  
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Figure 5: Aggregated out-of-fold confusion matrices for gradient boosted trees, random forest, and neural network 

models. 

Figure 6 presents the top 10 predictors in the best-performing gradient boosted trees model according to permutation 

importance, expressed as reduction in ROC-AUC.  

 

Figure 6: Top 10 predictors in the best-performing gradient boosted trees model according to permutation importance expressed as 

reduction in ROC-AUC. 

CONCLUSION 

This study compared three machine learning models—gradient boosted trees, random forest, and neural network—for the 

early prediction of gestational diabetes mellitus using routinely available antenatal variables. The findings showed that all 

three models achieved similar overall accuracy, while GBT provided the best overall discrimination and specificity. RF, 

on the other hand, achieved the highest recall and F1-score, which may be advantageous in screening-oriented settings 

where identifying as many true cases as possible is a priority. 

The results also showed that early glycemic indicators and maternal metabolic characteristics were among the most 

important predictors of GDM risk. Overall, these findings support the feasibility of using machine learning to assist in 

early GDM risk stratification. Nevertheless, external validation is still required before such models can be considered for 

routine clinical use. 
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