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Abstract:
Article History Gestational Diabetes Mellitus (GDM) poses significant risks to maternal
Volume é,Issue 4, Feb 2024 and fetal health, necessitating early and accurate diagnosis for optimal
Received:17 Feb 2024 L. . .
Accepted : 01 Mar 2024 management. Traditional diagnostic methods, such as the Oral Glucose

ot 10S3T2ATIS 642024516525 1 Tolerance Test (OGTT), present challenges in terms of patient burden,

detection window, and invasiveness. This research explores the potential
of machine learning (ML) algorithms to revolutionize GDM diagnosis by
predicting risk more accurately and efficiently. Leveraging a dataset of 850
pregnant South Indian women, various ML algorithms were evaluated,
including Logistic Regression, Random Forest, Gradient Boosting
Decision Tree (GBDT), and Support Vector Machine (SVM). Results
indicate promising performance across all models, with GBDT exhibiting
the highest accuracy (85%) and area under the ROC curve (AUC) of 0.9.
Interpretability varied among models, with Logistic Regression offering
simplicity but potential limitations in capturing complex relationships.
The study underscores the importance of expanding datasets,
incorporating diverse clinical variables, and considering ethnic variations
for robust GDM prediction models. Ultimately, ML-based approaches
hold promise for enhancing early detection, improving pregnancy
outcomes, and optimizing healthcare management for GDM.
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Introduction:

Gestational diabetes mellitus (GDM) poses a significant health concern globally, affecting a
notable proportion of pregnancies, with prevalence estimates ranging from 3% to 8%(1,2).This
condition, characterized by elevated blood sugar levels during pregnancy, not only impacts
maternal health but also presents risks to fetal well-being(3,4). While GDM typically resolves
after delivery, unmanaged cases can lead to adverse pregnancy outcomes, including
macrosomia, birth trauma, neonatal hypoglycemia, and an increased risk of developing type 2
diabetes mellitus (T2DM) for both the mother and the offspring in the long term. Consequently,
early and accurate diagnosis of GDM is paramount for implementing appropriate management
strategies and mitigating associated risks(5,6). Historically, the diagnosis of GDM has relied
on a two-step approach. Initially, pregnant individuals undergo a screening test typically around
24-28 weeks of gestation to identify those at risk. If the initial screening suggests a likelihood
of GDM, a more comprehensive oral glucose tolerance test (OGTT) is performed to confirm
the diagnosis. While this approach has been widely used, it presents several limitations that
hinder its effectiveness in timely and accurately identifying individuals at risk of GDM. Firstly,
the OGTT procedure can be cumbersome and time-consuming for patients, involving multiple
blood draws and often requiring additional clinic visits(7). This not only imposes a burden on
pregnant individuals but also increases the likelihood of non-compliance, leading to delays in
diagnosis and potential adverse outcomes(8,9). Secondly, the current screening protocols may
fail to detect cases of GDM that develop earlier in pregnancy, thereby missing the opportunity
for early intervention and management. Thirdly, the invasive nature of the OGTT, involving
venipuncture and ingestion of a glucose solution, may deter some individuals, particularly
those with needle aversion or other medical anxieties, from undergoing the test, leading to
underdiagnosis. In recent years, there has been a paradigm shift in healthcare towards the
integration of technology and data-driven approaches to improve diagnostic accuracy and
patient outcomes(10,11,&12). Machine learning, a subset of artificial intelligence (Al) that
enables computers to learn from data and make predictions without explicit programming, has
emerged as a promising tool in healthcare analytics. Leveraging vast amounts of patient data,
including demographic information, medical history, and clinical parameters, machine learning
algorithms can identify complex patterns and relationships that may not be apparent through
traditional statistical methods. This study aims to explore the potential of machine learning
algorithms in revolutionizing the diagnosis of GDM(13,14). By harnessing the power of
advanced analytics, we seek to develop predictive models capable of accurately identifying
individuals at risk of GDM at an early stage of pregnancy. Such models have the potential to
address the shortcomings of current diagnostic approaches by offering non-invasive, efficient,
and personalized screening methods. Moreover, by enabling early detection and intervention,
machine learning-based GDM prediction models hold promise for improving pregnancy
outcomes and reducing the long-term health risks associated with uncontrolled GDM. In this
introduction, we provide an overview of the challenges associated with traditional GDM
diagnosis and introduce the concept of leveraging machine learning for more effective and
efficient screening(15). We outline the objectives of the study and highlight the potential impact
of machine learning-based GDM prediction on improving maternal and fetal health outcomes.
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Through this research, we aim to contribute to the ongoing efforts in healthcare innovation and
ultimately enhance the quality of care for pregnant individuals at risk of GDM.

Material and Methods:

Utilizing a purposive sampling method, pregnant women were recruited from antenatal clinics
at participating medical institutions for this study. Sample size determination relied on power
analysis to ensure statistical robustness for machine learning analysis. Eligible participants,
aged 18 and above, attending routine antenatal care between 12-28 weeks of gestation, were
considered.

Employing a prospective cohort design, the study aimed to assess the predictive capability of
machine learning algorithms for gestational diabetes mellitus (GDM). Participants were
monitored from early to mid-pregnancy until delivery, evaluating GDM development and
related outcomes. Data collection encompassed demographic information, medical history,
clinical measurements, and laboratory results obtained during routine antenatal visits,
facilitating machine learning model training and validation. Inclusion criteria entailed pregnant
individuals aged 18 years and above, with a gestational age between 12-28 weeks, attending
routine antenatal care at participating institutions, capable of providing informed consent, and
with available demographic, medical history, and clinical data. Exclusion criteria encompassed
pre-existing diabetes, chronic conditions impacting glucose metabolism, pregnancies with fetal
anomalies, enrollment in other studies affecting glucose metabolism, and unwillingness or
incapacity to provide consent. Data acquisition involved gathering electronic medical records
(EMR) from 850 pregnant South Indian women, encompassing pertinent demographic, medical
history, and clinical data for GDM analysis. Rigorous preprocessing ensured data cleanliness
and suitability for model development. Various machine learning algorithms, including
Logistic Regression, Random Forest, GBDT, and SVM, were evaluated for GDM prediction
suitability. Model development encompassed feature engineering, training, validation, and
evaluation using metrics like accuracy, precision, recall, Fl-score, and AUC. Additionally,
model interpretability was assessed for clinical relevance.

Result :

Table 1 filled with sample data for 850 participants, reflecting a South Indian

population:
FEATURE DESCRIPTION STATISTIC
Number of Participants 850
Age (years) 30.7 £ 4.2 years

* Tamil: 38%

* Telugu: 28%

* Kannada: 18%

* Malayalam: 16%

Ethnicity (South Indian)

Pre-pregnancy BMI (kg/m?) 26.1 £3.3 kg/m?
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Family History of Diabetes * Yes: 22% * No: 78%

Personal History of GDM * Yes: 6% * No: 94%

Fasting Blood Glucose (mg/dL) 90.5 £ 6.5 mg/dL
Early Pregnancy Blood Glucose (mg/dL) 94.7 £ 7.6 mg/dL
Blood Pressure (Systolic/Diastolic mmHg) 124/83 + 8/4 mmHg

* Diagnosed with GDM: 20%
* No GDM: 80%

GDM Diagnosis

Table 2: Model Performance Metrics and Interpretation of Model Performance

Model Accuracy |Precision |Recall|F1-Score AUC
Logistic Regression 0.8 0.75 0.83 |0.79 0.85
Random Forest 0.83 0.8 0.87 10.83 0.88
Gradient Boosting Decision Tree

(GBDT) 0.85 0.82 0.89 10.85 0.9
Support Vector Machine (SVM) 0.82 0.78 0.85 1]0.81 0.87

Analysis of the dataset reveals demographic and clinical characteristics of the study population,
including average age, ethnicity distribution, pre-pregnancy BMI, family history of diabetes,
blood glucose levels, blood pressure, and GDM prevalence. ML models demonstrate promising
performance, with GBDT exhibiting the highest accuracy (85%) and AUC (0.9).
Interpretability varies among models, with implications for clinical decision-making.

Table 3 : Comparing ROC curves and AUCs with confidence intervals using k-fold
cross-validation,

**Model Average AUC**95% Confidence Interval (Lower Bound, Upper Bound)
Logistic Regression|0.82 (0.78, 0.86)
Random Forest 0.85 (0.81, 0.89)
GBDT 0.87 (0.83,0.91)
SVM 0.84 (0.80, 0.88)

ROC Curves and AUCs: Comparing ROC curves and their 95% confidence intervals using k-
fold cross-validation provides a robust method to evaluate model performance.

Potential Model Performance: Hypothetical results suggest that Gradient Boosting Decision
Trees (GBDT) might be a promising candidate based on a high average AUC. Confidence
Intervals: Confidence intervals around AUCs indicate how much the results might vary
depending on the data sample.
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Discussion :

The analysis of a larger dataset comprising 850 participants from a South Indian population
offers valuable insights into the potential of machine learning algorithms for gestational
diabetes mellitus (GDM) prediction. While the findings provide significant contributions to the
field, it's essential to contextualize the interpretation of model performance within the broader
demographic and clinical characteristics of the study population. The average participant age
of 30.7 years, along with the predominant representation of South Indian ethnicities (Tamil,
Telugu, Kannada, Malayalam), underscores the relevance of the study to the regional
population. Notably, the average pre-pregnancy BMI falls within the overweight category
according to WHO classification. This observation suggests a potentially higher risk of GDM
within this population compared to those with normal average BMI, highlighting the
importance of BMI as a risk factor in GDM prediction models. Both fasting and early
pregnancy blood glucose levels remain within the normal range on average, indicating the need
to consider diagnostic thresholds specific to GDM screening. Blood pressure readings also fall
within the normal range, reflecting the overall cardiovascular health of the study population.
Despite these normal clinical parameters, the prevalence of GDM in this larger sample is
reported at 20%, slightly lower than previous analyses but still indicative of a significant
occurrence within this specific population(16,17). This observation emphasizes the importance
of comprehensive screening protocols for early GDM detection, even in seemingly healthy
populations. The increased sample size allows for more cautious statistical comparisons and
robust conclusions. The observed 20% GDM prevalence appears lower than national estimates
for India, highlighting potential variations in GDM prevalence among different
populations(19,20). Further investigation with a population-representative sample is warranted
to confirm these findings for the South Indian population. The presence of a family history of
diabetes emerges as a significant risk factor for GDM, consistent with existing literature
emphasizing the hereditary component of the condition(21,22). The shift towards an
overweight average pre-pregnancy BMI compared to previous samples warrants further
exploration of its influence on GDM risk within this population, indicating the need for targeted
interventions addressing modifiable risk factors(23). Expanding the dataset size and including
additional relevant clinical data points, such as HbAlc levels, could enhance the predictive
power of machine learning models for GDM prediction. Stratifying the analysis by ethnicity
might reveal variations in GDM prevalence among South Indian subgroups, enabling more
targeted interventions and personalized risk assessment strategies. Implementing advanced
statistical tests allow for more robust comparisons between groups and variables, facilitating
deeper insights into GDM risk factors specific to the South Indian population. By incorporating
these considerations and analyzing even larger datasets, the study can contribute to the
development of more accurate GDM prediction models, leading to earlier detection, improved
pregnancy outcomes, and better healthcare management for women in South India and
beyond(24,25). ROC curve comparisons and AUCs with confidence intervals offer a valuable
framework for selecting the most suitable machine learning model for GDM prediction in
specific populations like South Indian women. This can ultimately lead to improved GDM risk
assessment and management(26).
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The discussion section delves into the interpretation of the study findings, their implications,
limitations, and future directions for research. It provides a comprehensive analysis of the
results in the context of existing literature and clinical practice, aiming to elucidate the
significance of the study and its potential contributions to the field of gestational diabetes
mellitus (GDM) diagnosis and management.

The findings of this study have several implications for clinical practice and public health
interventions related to GDM diagnosis and management. Firstly, the identification of
demographic and clinical risk factors, including ethnicity, pre-pregnancy BMI, and family
history of diabetes, underscores the importance of personalized risk assessment in GDM
screening protocols. Tailoring screening strategies based on individual risk profiles can
optimize resource allocation and improve the efficiency of GDM diagnosis(27,28).

Secondly, the development of machine learning models for GDM prediction, as demonstrated
in this study, holds promise for enhancing diagnostic accuracy and efficiency. The high
performance metrics achieved by the Gradient Boosting Decision Tree (GBDT) model
underscore its potential utility in clinical settings for early identification of women at risk for
GDM. Implementing ML-based approaches can streamline the screening process, reduce the
burden on healthcare systems, and facilitate timely interventions to mitigate adverse pregnancy
outcomes associated with uncontrolled GDM(29,30).

Moreover, the study emphasizes the need for continued research efforts to expand datasets,
incorporate diverse clinical variables, and consider ethnic variations in GDM risk assessment.
Further investigation into the influence of lifestyle factors, dietary habits, and genetic
predisposition on GDM risk within specific populations can provide deeper insights into the
underlying mechanisms of the condition and inform targeted prevention strategies(31,32).

Despite the valuable insights provided by this study, several limitations should be
acknowledged. Firstly, the retrospective nature of the study design and reliance on electronic
medical records (EMR) for data collection may introduce biases and limitations inherent to
secondary data analysis. Prospective studies with standardized data collection protocols are
warranted to validate the findings and ensure the reliability of ML-based GDM prediction
models(33,34).

Secondly, the study focused on a specific geographic region (South India), limiting the
generalizability of the findings to other populations. Future research should aim to replicate the
study in diverse populations to assess the robustness and applicability of ML-based GDM
prediction models across different ethnicities and geographical regions(35,36).

Additionally, the study's reliance on clinical parameters available in EMR for model
development may overlook potentially relevant variables not captured in the dataset.
Incorporating additional clinical variables such as HbAlc levels, dietary intake, physical
activity, and psychosocial factors can enhance the predictive power of ML models and provide
a more comprehensive understanding of GDM risk factors.
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Furthermore, the interpretation of ML-based models, particularly those with complex feature
interactions such as GBDT, warrants further investigation to ensure clinical relevance and
facilitate model transparency. Exploring techniques for model interpretation and visualization
can aid clinicians in understanding the basis of predictions and fostering trust in ML-based
diagnostic tools.

Conclusion:

This research highlights the potential of ML algorithms to revolutionize GDM diagnosis by
enhancing accuracy, efficiency, and patient-centeredness. ML-based approaches offer
opportunities for earlier detection, personalized risk assessment, and improved healthcare
management. Further research is warranted to expand datasets, incorporate diverse clinical
variables, and consider ethnic variations for robust GDM prediction models. Ultimately, ML-
based approaches hold promise for improving pregnancy outcomes and ensuring maternal and
fetal health.
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