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ABSTRACT:

Gestational diabetes mellitus (GDM) is a type of diabetes that occurs during pregnancy and can lead
to significant maternal and fetal health complications if left undiagnosed or untreated. Early prediction
and intervention are critical to managing the condition effectively. In this study, machine learning (ML)
techniques are applied to predict the risk of GDM in pregnant women based on various clinical and
demographic factors. Using a dataset consisting of patient information such as age, body mass index
(BMI), blood pressure, glucose levels, and previous medical history, various ML models, including
logistic regression, decision trees, random forests, and support vector machines, are trained and
evaluated for their predictive performance. The models' accuracy, sensitivity, specificity, and area
under the receiver operating characteristic (ROC) curve (AUC) are analysed to determine the most
effective approach for GDM prediction. Results demonstrate that machine learning algorithms,
particularly random forests and support vector machines, provide high accuracy in predicting
gestational diabetes, suggesting their potential for clinical use in early screening and decision-making.
The findings highlight the value of integrating ML-based prediction tools into routine prenatal care to
enhance GDM detection and improve maternal-fetal health outcomes.

Keywords — Gestational Diabetes, Machine Learning, Predictive Modelling, Classification,
Healthcare.
INTRODUCTION:

Gestational diabetes mellitus (GDM) is a significant health concern affecting pregnant women, with
potential risks including pre-eclampsia, fetal macrosomia, and long-term development of type 2
diabetes in the mother. According to the World Health Organization, the prevalence of GDM has been
rising globally. Early detection of GDM allows for timely intervention, such as dietary modifications
and insulin therapy, reducing adverse outcomes.

Traditional methods of GDM screening include oral glucose tolerance tests (OGTT), but these are
often limited by high costs, invasiveness, and delayed results. Machine learning (ML) offers an
alternative for early diagnosis by leveraging patient data for predictive modelling. Gestational diabetes
(GDM) can be broadly defined as glucose intolerance during pregnancy that affects women without
previous diagnosis of diabetes or unknown state. The incidence is about 7% worldwide and this rate
has been growing during the last decades and is estimated to increase in the future. The most important
risk factors are maternal overweight and obesity, age greater than or equal to 35 years at delivery,
hypertension, metabolic syndrome, nonwhite ethnicity, family history of diabetes mellitus, prior
unexplained stillbirth, prior infant with congenital anomaly (if not screened during that pregnancy),
prior macrocosmic infant, history of gestational diabetes, chronic use of steroids, glycosuria, and
known impaired glucose metabolism. The importance of GDM is linked to the consequences of
pregnancy and also after pregnancy to both mother and newborn. Hyperglycaemia in the mother causes
abnormal metabolism while in the fetus it causes hyperinsulinemia and its consequences, and incidence
of complications is inversely proportional to glucose control. Macrosomia, polyhydramnios, operative
delivery, shoulder dystocia, birth injury, perinatal mortality, hypertensive disorders and preeclampsia,
congenital malformations (OR: 1.2-1.4), and risk of caesarean delivery are higher in women with
GDM,; in the long term, women with GDM have a higher risk of developing type 2 diabetes mellitus
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and cardiovascular diseases; long-term sequelae for offspring are obesity and metabolic syndrome.
Approximately 50% of women identified a shaving GDM will develop frank diabetes within 10 years.
To prevent or decrease the risk of GDM, weight loss before pregnancy and cardiovascular exercise
could be useful. In fact, aerobic exercise for 35-90 minutes 3-4 times per week during pregnancy is
associated with a significantly higher incidence of vaginal delivery and a significantly lower incidence
of caesarean delivery, with a significantly lower incidence of gestational diabetes mellitus and
hypertensive disorders. Prompt diagnosis and management are important to reduce worse pregnancy
outcomes. Nonetheless, screening, management, and follow-up of GDM are controversial on
international organizations recommendations.

Overview of Gestational Diabetes:

GDM is characterized by glucose intolerance that occurs during pregnancy. It typically manifests
between the 24th and 28th weeks of gestation and is diagnosed through blood glucose testing after oral
glucose intake. Factors such as maternal age, family history, obesity, and ethnicity influence the
likelihood of developing GDM.

Machine Learning in Healthcare:

Machine learning has made significant strides in healthcare, particularly in disease prediction and
diagnostic applications. The ability of ML models to learn complex patterns from large datasets has
facilitated improvements in early detection, risk assessment, and personalized treatment strategies.

LITERATURE REVIEW:

Previous Work on GDM Prediction:

Machine learning methods for GDM prediction have been investigated in a number of papers.
Numerous classifiers, including as decision trees, support vector machines (SVM), random forests,
and neural networks, have been used in these investigations. The Gestational Diabetes Dataset from
the UCI Machine Learning Repository and the Pima Indians Diabetes Database are often used datasets.
The models are frequently assessed using performance criteria such area under the receiver operating
characteristic (ROC) curve, sensitivity, specificity, and accuracy.

Claudia et al. [1] We found very little evidence about whether treating women who meet the TADPSG
criteria (One-Step test) for GDM but not by other less stringent criteria has an impact on unfavourable
pregnancy outcomes when compared to no treatment, despite ongoing debate about whether the One
Step or Two-Step test should be used for GDM screening. Furthermore, the study group with milder
condition was not treated for GDM (positive for IADPSG criteria, but negative for less strict criteria)
in any of the included trials. Additionally, we discovered that the literature used a wide range of criteria
(IADPSG, WHO, NICE, CDA, and C&C) for GDM screening.

Therefore, it is not unexpected that certain societies, like ACOG, continue to suggest the Two-Step
technique for screening, while others, like IADPSG, WHO, and FIGO, recommend the One Step
approach (thinking that identifying women with milder GDM would have benefits for them and their
newborns). This question could only be addressed by well-planned RCTs that included large
populations and compared the One-Step and Two-Step approaches. Regarding GDM management,
there are a lot of unanswered questions. After conducting a thorough literature analysis, we discovered
various standards for GDM screening, GDM monitoring, and the initiation of pharmaceutical
treatment. The goal is to arrive at widely accepted and agreed-upon recommendations to enhance
healthcare, lower expenses, and lessen negative consequences for women with GDM and their unborn
children.

Pouya et al. [2] The IDF Diabetes Atlas emphasises the need for immediate action to address diabetes
prevention, early detection, and care, as well as the disease's increasing worldwide burden. The
significance of public health programs aimed at risk factors like obesity, poor food, and inactivity is
highlighted by the sharp rise in prevalence. Around 50% of diabetics worldwide went undiagnosed in
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2019, highlighting a major obstacle to early detection and prevention. Thomas, R.L. et al. [3] An
Overview of Research on the Global Prevalence of Diabetes-Related Retinopathy Using Retinal
Photography examines a number of studies conducted between 2015 and 2018 that evaluated the
prevalence of diabetic retinopathy (DR) worldwide within the given time frame using retinal
photography. The review sheds light on the extensive effects of DR on diabetics and emphasises how
retinal imaging has emerged as a crucial diagnostic and monitoring tool. Based on variables like
geographic location, population demographics, and healthcare availability, the research under review
demonstrate differing incidence rates across a range of locales. The analysis highlights the need for
better screening, early identification, and intervention options to avoid vision loss in diabetic
individuals worldwide, as well as the growing global burden of DR as diabetes prevalence
rises.Increasing Prevalence of Gestational Diabetes Mellitus [4] Assiamira Ferrara talks on the
growing prevalence of gestational diabetes (GDM), a disorder in which high blood sugar levels occur
during pregnancy, worldwide. It draws attention to the causes of the rise, including shifting lifestyle
choices, an increase in obesity, and ageing mothers. The analysis highlights the health concerns that
mothers and babies face, such as delivery difficulties and the chance of type 2 diabetes in later life. In
order to control and lessen the effects of GDM on the health of mothers and children, the article
advocates for better screening, early identification, and preventive measures.Dahanayaka, N. J., and
others [5] The limits of employing a risk factor-based screening technique for gestational diabetes
mellitus (GDM) are criticised in Inadequacy of the Risk Factor-Based Approach to Detect Gestational
Diabetes Mellitus. It makes the case that focussing only on variables like age, obesity, and family
history frequently misses many women who are at risk, resulting in under diagnosis and lost chances
for early intervention. In order to ensure prompt detection and improved outcomes for both mothers
and newborns, the review emphasises that GDM can impact women who do not have typical risk
factors and promotes more widespread screening techniques, such as universal glucose testing. The
diagnosis and classification of diabetes mellitus, encompassing Type 1, Type 2, gestational diabetes,
and other less prevalent variants, is summarised in A. Sumathi et al. [6] Diagnosis and Classification
of Diabetes Mellitus. It describes the importance of the main diagnostic tests in identifying diabetes,
including haemoglobin Alc (HbAlc), oral glucose tolerance test (OGTT), and fasting plasma glucose
(FPG). Updated diagnostic standards from groups like the World Health Organisation (WHO) and the
American Diabetes Association (ADA) are also included in the article. It also emphasises how crucial
precise classification is for directing therapeutic approaches, controlling side effects, and stopping the
progression of the disease.Variable blood glucose levels during pregnancy are a hallmark of gestational
diabetes mellitus (GDM) [7]. According to one recent study, GDM is rapidly spreading over the world
and affects Chinese pregnant women. GDM mothers are at increased risk for preeclampsia, placental
malfunction, metabolic disruption, and caesarean birth. Reduced foetal growth and increased chances
of shoulder dystocia, preterm birth, macrosomia, and birth trauma are the outcomes of hyperglycaemia
and placental malfunction [8]. Obesity, type 2 diabetes, and heart attacks are among the postpartum
consequences that a mother with GDM and her newborn child face. In order to lower the incidence of
GDM and low unfavourable pregnancy, early diagnosis and prevention are crucial [9]. However, the
majority of GDM cases are identified by the Oral Glucose Tolerance Test (OGTT) between weeks 24
and 28 of pregnancy. Given the pre-existing foetal and placental growth, this is an appropriate window
for intervention. Early in pregnancy, the OGTT diagnosis approach was advised by the previous study
[10]. However, because GDM typically appears during mid-to-late delivery, it is costly and useless in
the majority of cases. Therefore, early in pregnancy, a basic model should be presented with the aid of
conventional medical knowledge. Measuring the risks of GDM and identifying high-risk mothers who
need early treatment, monitoring, and medication should be made easier using this methodology. In
this manner, universal OGTTs among women at low risk can be decreased. Classical regression
analysis is used in conjunction with newly discovered detection techniques to forecast GDM. However,
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by "learning" from the data, machine learning (ML), a data analytics technique, builds the model for
forecasting outcomes. This method has been highlighted as a capable substitute for regression analysis.
Additionally, ML can outperform classical regression, conceivably due to its ability to capture complex
interactions between predictive characteristics and nonlinearities [11]. Even though there have been
the most studies in this field, very few have used machine learning (ML) to predict GDM, and no
models have been compared to logistic regressions (LR). Xiong et al. [12] made the decision to use
Support Vector Machine (SVM) and light Gradient Boosting Machine (light GBM) to create a risk
prediction mechanism for the first 19 weeks with high-potential GDM predictors. A straightforward
strategy for identifying GDM in an early stage of pregnancy utilising biochemical markers and
machine learning was provided by Zheng et al. [13]. In order to construct an artificial intelligence (Al)-
based application, Shen et al.'s study [14] noted that the evaluation of the best Al approach in GDM
prediction requires the fewest clinical equipment and trainees. The PIMA dataset is used to predict
GDM using various machine learning techniques in the literature [15]. Therefore, applied performance
indicators were used to assess the accuracy of ML models. In the administration of the diabetes PIMA
data set, the confusion matrix, Receiver Operating Characteristic (ROC), and AUC measurements help
to understand the importance of the machine learning technique. A statistical approach for estimating
GDM with Microsoft Azure Al services was presented by Srivastava et al. [16]. It is known as ML
Studio and uses the drag-and-drop method to get best performance. Additionally, this study forecasted
the occurrence of GDM based on characteristics implicated in early stages of pregnancy using a
classification algorithm. To create the prediction schemes, the study took into account five traditional
machine learning techniques as well as the Cost-Sensitive Hybrid Model (CSHM). Temporary
Electronic Health Records (EHRs) have been used by the writers of the literature [17] to study the
future dangers of GDM. A small amount of data must be recorded and gathered in order to assemble
the dataset once the data cleaning process is finished. The Radial Basis Function Network (RBF
Network), an artificial neural network (ANN) technique, was created by the authors of the literature
[18], and performance validation and comparison analysis were carried out. This technique was used
to find potential cases of GDM, which can pose a number of dangers to both the foetus and the pregnant
woman. Ye et al. [19] used a variety of ML and traditional LR techniques to train their parameters.
Three different classifiers were used by Du et al. [20] to forecast future GDM risk. This study's
detection accuracy aids the clinician in making the best choices possible, which makes it easier to
prevent the condition. According to the study, the DenseNet model has the highest degree of flexibility
in detecting GDM. An ensemble of ML-based GDM prediction and classification models is presented
in the current study. Three processes—preprocessing, classification, and ensemble voting—are
included in the model that is being described. The researcher employed four machine learning models
for classification: Random Forest (RF), Support Vector Machine (SVM), k-Nearest Neighbour (KNN),
and Logistic Regression (LR). Additionally, a voting classifier was employed in conjunction with RF,
LR, and SVM classifiers to complete the final classification. The findings of the analysis obtained
from the offered model were compared with conventional approaches in order to verify the
effectiveness of the suggested approach. Additionally, a large number of experiments were carried out
on many topics.

METHODOLOGY:

Data Collection

This study utilizes publicly available datasets such as the Pima Indians Diabetes Dataset and the
Gestational Diabetes Database from UCI. The datasets include features such as age, BMI, blood
pressure, glucose levels, insulin, and family history, which are commonly associated with gestational
diabetes.
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PREPROCESSING:

Data preprocessing steps include handling missing values, normalization, and feature selection. For
this study, missing values are imputed using the mean for numerical features and the mode for
categorical features. Features are normalized to a standard scale to ensure fair model performance.

MODEL SELECTION:
We test a number of machine learning models:
o Logistic Regression (LR): A statistical method for binary classification that is simple yet
effective.
e Support Vector Machine (SVM): A powerful classifier that works well with high-dimensional
data.
o Random Forest (RF): An ensemble learning method that combines multiple decision trees to
improve accuracy and prevent overfitting.
e K-Nearest Neighbors (KNN): A non-parametric method that classifies based on proximity to
labeled examples.
o Artificial Neural Networks (ANN): A deep learning approach that learns complex patterns in
data through multiple hidden layers.

EVALUATION METRICS:
The models' performance is assessed using:
e Accuracy: The overall proportion of correctly classified instances.
e Sensitivity: The proportion of true positives correctly identified.
e Specificity: The proportion of true negatives correctly identified.
e Area Under the ROC Curve (AUC): A metric for evaluating the overall performance of a
binary classification model.

CONCLUSION:

Machine learning techniques offer promising solutions for predicting gestational diabetes, providing
faster and potentially more accurate assessments compared to traditional diagnostic methods. Among
the models tested, Random Forest demonstrated the best overall performance. Future work should
focus on improving the interpretability of machine learning models and exploring deep learning
methods for handling larger, more complex datasets. Additionally, the integration of these models into
clinical practice could lead to early and personalized intervention strategies for pregnant women at risk
of GDM.
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