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H I G H L I G H T S

• TabNet achieves 97.13% accuracy for GDM prediction using routine clinical variables.

• Three-stage hybrid imputation improves F1-score by 4.98% over mean imputation.

• Dual-stage physician validation yields 96.7% concordance and kappa of 0.909.

• Prospective multi-site validation across three Kerala hospitals confirms generalizability.

• SHAP reveals PCOS-prediabetes synergy as dominant combined GDM risk signal.
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A B S T R A C T

Background: Gestational diabetes mellitus (GDM) affects 15–25% of pregnancies worldwide and poses serious 

risks of macrosomia, preeclampsia, neonatal hypoglycaemia, and long-term type 2 diabetes. Existing machine 

learning models lack prospective multi-site external validation and formal physician trust evaluation, limiting 

real-world applicability.

Objectives: To develop a clinically validated, explainable deep learning framework for GDM prediction using 

routinely available first-antenatal-visit clinical features, and to evaluate clinical readiness through dual-stage 

physician-in-the-loop (PITL) validation.

Methods: A TabNet binary classifier was developed on 3,525 clinical records using a three-stage feature-tailored 

hybrid imputation strategy (GAIN for HDL and OGTT; MissForest for Systolic BP; Mean for BMI). To prevent data 

leakage, SMOTE-based class balancing was applied exclusively within the training folds of a 5-fold stratified cross-

validation pipeline, with validation folds remaining untouched. Explainability was delivered through TabNet 

intrinsic feature masks, SHAP, and LIME. Two-stage clinical validation comprised: (1) blinded PITL review by four 

certified obstetricians evaluating 30 patient cases with XAI explanations; and (2) prospective external validation 

across three independent Kerala hospitals totaling 80 patients.

Results: The proposed TabNet model achieved 97.13% accuracy, 94.05% precision, 98.91% recall, and 96.22% 

F1-score, outperforming ten baseline classifiers including Random Forest, XGBoost, and SVM under identical 

preprocessing conditions. Compared to recent state-of-the-art GDM prediction studies, the proposed model con­

sistently outperformed comparable methods—under a rigorous 5-fold cross-validation strategy with confidence 

intervals, while most existing studies rely on single train–test splits without cross-validation. PITL validation 

yielded 96.7% concordance, an average Cohen’s kappa of 0.909, and Fleiss’ kappa of 0.963, with no prior GDM 

study reporting such formal physician endorsement. External multi-site F1 scores ranged from 83.70% to 87.00% 

across all three hospitals, reflecting an expected performance reduction in prospective real-world data, partly 

attributed to inter-site variability in feature availability and clinical data recording protocols. SHAP analysis 

identified a strong model-level interaction between PCOS and prediabetes as the dominant combined GDM risk 

signals, independently corroborated by all four obstetricians.
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Conclusion: The proposed framework integrates explainable deep learning with prospective dual-stage clinical 

validation, demonstrating promising performance as a clinically oriented proof-of-concept for the assessment of 

risk of GDM using routine clinical variables.

Trial Registration: Clinical Trials Registry India, CTRI/2024/08/073158.

1 . Introduction

Gestational diabetes mellitus (GDM) affects 15–25% of pregnan­

cies worldwide [1] and arises primarily from hormonal changes during 

pregnancy. Placental hormones including human placental lactogen, es­

trogen, progesterone, and cortisol increase significantly in the second 

and third trimesters, inducing insulin resistance to ensure adequate fe­

tal glucose supply. When the pancreas fails to compensate with sufficient 

insulin production, maternal hyperglycemia results [2]. Left unman­

aged, GDM leads to serious short- and long-term complications for both 

mother and child, including macrosomia, preeclampsia, neonatal hypo­

glycemia, increased cesarean delivery rates, and elevated risk of type 2 

diabetes [3]. Early diagnosis, personalized interventions, and lifestyle 

modifications are essential to mitigating these risks.

GDM is typically diagnosed via the Oral Glucose Tolerance Test 

(OGTT) [4] at 24–28 weeks, the current gold standard; however, its re­

quirement for fasting and multiple blood draws makes it time-consuming 

and uncomfortable, frequently delaying timely intervention. Rule-based 

risk factor models offer an alternative but are limited by moderate 

accuracy, poor generalizability, and late detection. Machine learning 

(ML) addresses these gaps by learning complex patterns from clinical, 

biochemical, and lifestyle data, with commonly employed approaches 

including random forest [5], support vector machines [6], gradient 

boosting methods such as XGBoost and LightGBM [7,8], and neural 

networks [9].

The quality and representativeness of the dataset are fundamental to 

ML model performance. Since ML algorithms are inherently data-driven, 

model accuracy, robustness, and generalizability depend critically on 

data completeness, consistency, and representativeness. Issues such as 

missing values, incorrect measurements, class imbalance, and outliers 

can introduce bias and reduce clinical applicability. These challenges are 

typically addressed through preprocessing steps including missing value 

imputation, class rebalancing, outlier detection, and normalization, 

though the effectiveness of each strategy depends on the distributional 

characteristics of the specific dataset.

GDM datasets combine numeric, categorical, and binary variables 

[10], with missing values arising from inconsistent recording, entry er­

rors, and varying clinical protocols, particularly critical for key biomark­

ers such as OGTT, PCOS, and BMI. Standard imputation approaches 

span a capability hierarchy: simple methods (mean [11], median [12], 

mode [13]) are computationally efficient but ignore inter-feature rela­

tionships; KNN and regression-based methods capture linear correlations 

but introduce bias under nonlinearity; MICE [14] handles uncertainty 

through iterative conditional estimation; and tree-based (MissForest 

[15,16]) and deep learning (GAIN [17]) approaches progressively cap­

ture nonlinear interactions and complex biochemical dependencies. 

Since GDM features exhibit heterogeneous distributional properties, 

no single imputation method suffices universally; the selection of an 

appropriate strategy must therefore be guided by each feature’s miss­

ingness pattern and distributional characteristics, rather than applying 

a uniform approach.

Class imbalance presents another key challenge, as GDM-positive 

cases are typically underrepresented [18]. Oversampling techniques in­

cluding SMOTE [19], random oversampling [20], and ADASYN [21] 

have been explored in prior work, each offering different trade-offs 

between synthetic sample realism and minority class coverage.

Advanced deep learning architectures have shown strong perfor­

mance across diverse biomedical data handling problems. For instance, 

capsule network-based models such as iSucc-SnCNs [22], DeepAIPs-

SFLA [23], and pNPs-CapsNet [24] have been successfully applied 

to sequence-based biological classification tasks such as succinylation 

site prediction, anti-inflammatory peptide identification, and neuropep­

tide prediction, respectively. While these architectures are specifically 

designed for sequence-based biological inputs and are not directly appli­

cable to structured clinical tabular data for GDM prediction, they reflect 

the broader trend of leveraging deep learning for complex biomedical 

classification problems.

For structured clinical tabular data—the data type encountered in 

GDM prediction—TabNet [25] represents a particularly suitable deep 

learning architecture. Unlike conventional deep learning models that 

treat all features equally and require post-hoc explanation tools, TabNet 

employs a sequential attention mechanism that performs instance-wise 

sparse feature selection at each decision step, making it inherently in­

terpretable for tabular clinical data [26]. This built-in interpretability is 

a critical advantage for clinical decision support, as it enables direct un­

derstanding of which features drove each individual prediction without 

relying solely on external explanation tools. To further enhance trans­

parency, three complementary explainability methods are employed as 

key outcomes: TabNet’s intrinsic feature masks for global and local fea­

ture attribution, SHAP [27] for unified feature contribution analysis and 

interaction detection, and LIME [28] for patient-level local explanations.

Several recent studies have applied XAI to GDM prediction us­

ing SHAP or LIME as post-hoc tools alongside conventional classifiers 

[29–31]. However, these approaches share notable limitations: reliance 

on single train–test splits without rigorous cross-validation, absence 

of prospective external validation across independent clinical sites, 

and lack of formal physician evaluation of XAI outputs. Critically, no 

prior study has combined intrinsic model explainability with dual-stage 

clinical validation involving blinded physician review and prospective 

multi-site testing.

To address these gaps, this study proposes a TabNet-based [25] 

explainable deep learning framework for GDM risk assessment using 

routinely collected first-antenatal-visit clinical variables. It is impor­

tant to clarify that while OGTT is included as one of the input features 

when available at the first antenatal visit, the framework is designed to 

operate on the broader set of routinely collected clinical and lifestyle 

variables, supporting early risk stratification rather than replacing for­

mal OGTT-based diagnosis at 24–28 weeks. While the training dataset 

originates from a single public source and external validation is geo­

graphically constrained to Kerala, India, this work represents a rigorous 

proof-of-concept establishing the feasibility of clinically trustworthy, in­

terpretable GDM screening using routine variables. Broader multi-ethnic 

validation remains an essential direction for future work.

The proposed framework advances beyond existing explainable GDM 

models in four specific ways that have not been collectively reported 

in prior work: (1) a feature-tailored hybrid imputation strategy is 

designed based on each variable’s missingness pattern and biochemical 

characteristics, rather than applying a uniform method; (2) leakage-free 

SMOTE is applied strictly within training folds to prevent data contam­

ination; (3) a tri-method XAI framework combining TabNet masks, 

SHAP, and LIME provides both global and patient-level interpretabil­

ity; and (4) a dual-stage PITL validation comprising blinded expert 

review by four certified obstetricians and prospective external validation 

across three geographically independent hospitals—a validation design 

not previously reported for GDM prediction models. 
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The specific contributions of this research are as follows:

• Feature-tailored hybrid imputation: A three-stage strategy com­

bining GAIN (for HDL and OGTT), MissForest (for Systolic BP), 

and Mean imputation (for BMI) is developed, with each method 

selected based on the missingness pattern and distributional prop­

erties of the respective feature, rather than applying a single 

uniform imputation approach.

• Explainable TabNet classifier: A TabNet binary classifier is devel­

oped and validated for GDM prediction, leveraging intrinsic sparse 

feature masks for instance-wise interpretability at each decision 

step, without sole reliance on post-hoc explanation tools.

• Tri-method XAI framework: TabNet feature masks, SHAP, and 

LIME are systematically integrated to provide consistent global and 

patient-level feature attribution, enabling clinically interpretable 

and cross-validated risk explanations—an outcome of the GDM 

prediction framework rather than its primary objective.

• Dual-stage physician-in-the-loop (PITL) validation: A formal 

PITL protocol is implemented comprising blinded independent 

review by four certified obstetricians and prospective external 

validation across three independent hospitals in Kerala, India—a 

dual-stage clinical validation design not previously reported for 

GDM prediction models.

• Rigorous leakage-free evaluation pipeline: SMOTE oversam­

pling is applied exclusively within training folds of a 5-fold strat­

ified cross-validation framework, ensuring unbiased performance 

estimation and preventing contamination of validation sets by 

synthetic samples.

2 . Proposed method

This work proposes a hybrid imputation technique that includes 

mean imputation, MissForest, and GAIN, taking into account the un­

derlying missing pattern types in the GDM dataset [32]. To reduce class 

disparity, SMOTE is used. Following this, a TabNet deep learning net­

work is used to predict the risk of GDM in a patient. In addition to the 

inherent interpretability in TabNet, external explainability techniques 

such as SHAP and LIME are applied to provide global and local feature-

level explanations. Finally, external validation is conducted at three 

independent hospitals, and a physicians-in-the-loop validation approach 

is used to evaluate the clinical relevance of the outcomes.

2.1 . Dataset and dataset preprocessing

2.1.1 . Dataset

A publicly available clinical dataset [32] from Anbu Hospital and 

Nalam Clinic, Kumbakonam, Tamil Nadu, curated in 2021 is used for 

model development. This dataset contains 3,525 patient records with 

16 predictive features and a binary GDM class label (38.92% GDM, 

61.08% non-GDM). The dataset includes 9 numerical features (age, BMI, 

HDL, Sys_BP, Dia_BP, OGTT, haemoglobin, gestation in previous preg­

nancy) and 7 categorical features (family history, sedentary lifestyle, 

PCOS, prediabetes, unexplained prenatal loss, large child or birth de­

fect). Feature descriptions and variable summaries with missing data 

rates are provided in Supplementary Tables S1 and S2.

It is important to note that this publicly available retrospective 

dataset was used exclusively for model training and internal validation. 

The prospective external validation was conducted separately across 

three independent hospitals in Kerala, India (Pariyaram Medical College, 

SH Hospital, and Aster Medcity), involving 80 newly recruited partici­

pants under formal ethical approval and informed consent, as described 

in Section 2.1.2. These two data sources are entirely distinct and were 

never combined during any stage of model development or evaluation.

2.1.2 . Ethical approval and trial registration

This study is part of a registered clinical trial (CTRI/ 

2024/08/073158). Ethical approval was obtained from the Institutional 

Ethics Committee, Aster Medcity, Kochi (Ref: AM/EC/367-2023, dated 

23.12.2023). All procedures conformed to the Declaration of Helsinki. 

Informed consent was obtained from all prospective external validation 

participants, and all patient data were fully anonymised prior to 

analysis.

The training dataset comprises publicly available, fully de-identified 

retrospective records requiring no additional consent. The prospective 

external validation data were collected under formal ethics approval 

from the respective governing bodies of all three participating hospitals. 

This clear separation between retrospective training data and prospec­

tively collected validation data ensures the integrity of the clinical 

evaluation.

2.1.3 . Dataset preprocessing

The class label (GDM/Non-GDM) is encoded for model compatibility, 

with GDM coded as 1 and non-GDM as 0. Missing values were first ad­

dressed using simple mean imputation as a baseline, yielding a TabNet 

accuracy of 93.12%, precision of 90.12%, recall of 92.76%, and F1-score 

of 91.24%. To effectively address missing values and minimize infor­

mation loss, a three-stage feature-tailored hybrid imputation strategy 

was subsequently developed. The selection criteria for each imputation 

method were based on two factors: (1) the missingness rate of the fea­

ture, and (2) the distributional and biochemical characteristics of the 

variable. Specifically:

• GAIN [33] was selected for HDL (28.4% missing) and OGTT

(14.6% missing), as these biomarkers exhibit complex nonlinear 

biochemical interdependencies that require deep learning-based 

imputation to capture adequately.

• MissForest [16] was selected for Systolic BP (48.4% missing), 

as its very high missingness rate combined with nonlinear inter-

feature correlations makes it unsuitable for simpler imputation 

approaches. MissForest’s iterative random forest mechanism is 

robust to high missingness and mixed-type data.

• Mean imputation [34] was selected for BMI (30.7% missing), as 

BMI exhibits a relatively symmetric distribution in the dataset, 

making mean-based imputation a clinically reasonable and com­

putationally efficient choice.

Each method is detailed in Supplementary Section S2. The proposed 

hybrid strategy substantially improved all performance metrics, achiev­

ing 97.13% accuracy, 94.05% precision, 98.91% recall, and 96.22% 

F1-score—corresponding to gains of 4.01%, 3.93%, 6.15%, and 4.98% 

respectively over simple imputation, confirming the clinical importance 

of feature-tailored missing value handling. A detailed comparison of 

TabNet performance across all ten imputation strategies is provided in 

Supplementary Table S3. Fig. 1 illustrates the feature-wise missing rates 

and selected imputation strategies.

Fig. 1. Feature-wise missing data rates and tailored imputation strategies. 

Methods are selected based on missingness profile and feature characteristics.
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Fig. 2. Workflow summarizing the complete analytical pipeline: feature-tailored 

hybrid imputation (GAIN, MissForest, Mean), stratified 5-fold cross-validation, 

SMOTE resampling within training folds only, TabNet classification, and dual-

stage doctor-in-the-loop validation.

Cross-validation and oversampling pipeline. To ensure full analytical 

transparency, the complete preprocessing pipeline follows a strict se­

quential order to prevent data leakage: (1) feature-tailored imputation 

is applied to the full dataset; (2) the imputed dataset is split into 5 strat­

ified folds; (3) SMOTE oversampling is applied exclusively within each 

training fold; and (4) the TabNet model is trained on the resampled 

training fold and evaluated on the untouched validation fold. This en­

sures that no synthetic samples or imputation statistics from the training 

set contaminate the validation set at any stage.

Fig. 3. Proposed architecture: TabNet Encoder with SMOTE for GDM prediction. The pipeline includes dataset preprocessing, stratified k-fold splitting, SMOTE 

balancing, and a TabNet encoder with three decision steps. Each step applies sparse feature selection, transformation, and aggregation, enabling interpretable and 

accurate classification.

In each fold, four subsets are used for training and one for validation, 

ensuring that each sample is validated exactly once. Stratification pre­

serves the original class distribution of GDM and non-GDM cases across 

folds, resulting in robust, generalizable performance estimates.

Multiple oversampling techniques, including SMOTE (Synthetic 

Minority Oversampling Technique) [35], ADASYN (Adaptive Synthetic 

Sampling) [36], and random oversampling [37], are systematically 

evaluated. Experimental results show that SMOTE delivered superior 

results with improved sensitivity towards the minority class. Therefore, 

SMOTE is used within each training fold of the cross-validation pipeline, 

with the validation set remaining untouched to preserve evaluation 

integrity [19]. While cost-sensitive learning represents a complemen­

tary alternative to oversampling that avoids synthetic data generation 

entirely, its comparison with SMOTE-based approaches is noted as a di­

rection for future work. A workflow summarizing hybrid imputation, 

SMOTE resampling, and the modeling pipeline for GDM prediction and 

doctor-in-the-loop validation is given in Fig. 2.

2.2 . Data classification

TabNet, a deep learning architecture for tabular data problems, is 

utilized to develop the binary prediction model. TabNet uses a sequen­

tial attention mechanism for selecting the important features for each 

individual instance, rather than depending on a fixed global feature im­

portance across all data points [25]. Unlike conventional deep learning 

models that require post-hoc explanation tools, TabNet provides built-in 

interpretability through sparse feature masks generated at each decision 

step, making it particularly suitable for clinical decision support tasks 

such as GDM prediction [26] (Fig. 3).

The architecture has multiple sequential steps where the outputs 

of each step are given to the next step as input. For each step, three 

key components are involved: the feature transformer, the attentive 

transformer, and the mask. This design enables TabNet to perform step­

wise instance-specific feature selection and representation learning. To 

prevent overfitting, the proposed pipeline incorporates three comple­

mentary mechanisms: (1) a 5-fold stratified cross-validation framework 
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Table 1 

TabNet hyperparameter configuration determined via Optuna 

Bayesian optimization.

Hyperparameter Value Role

N_d (Embedding dim.) 64 Width of decision step output

N_a (Attention dim.) 64 Width of attention embedding

N_steps 5 Number of sequential decision steps

Gamma (𝛾) 1.3 Feature reuse relaxation factor

Lambda sparse 0.001 Sparsity regularization coefficient

Learning rate 0.02 Optimizer step size

Batch size 1024 Training batch size

Optimizer Adam Gradient descent optimizer

Max epochs 200 Training iterations

Patience 15 Early stopping patience

ensuring performance is evaluated on held-out data never seen during 

training; (2) SMOTE oversampling applied exclusively within training 

folds, preventing synthetic samples from contaminating validation sets; 

and (3) a sparsity regularization loss term (𝐿sparse) embedded within the 

TabNet architecture that penalizes the model for attending to excessive 

features simultaneously, acting as an implicit regularizer. The consistent 

performance across all five folds confirms that the model generalizes 

well without overfitting. The TabNet classifier was configured with op­

timized hyperparameters determined via Optuna Bayesian optimization 

[25]. The final configuration is summarized in Table 1.

2.2.1 . Feature transformer

The Feature Transformer is the core component of TabNet. For GDM 

prediction, it takes all raw input features, such as BMI, OGTT, and HDL, 

and converts them into higher-level representations for decision-making. 

This block consists of a stack of fully connected (FC) layers interleaved 

with Batch Normalization (BN), Gated Linear Units (GLUs), and residual 

(skip) connections.

GLUs act as dynamic filters in the network. They multiply the 

main input by a sigmoid gate, allowing only informative signals (here, 

variables most predictive of GDM status) to pass while suppressing 

the irrelevant ones. Batch normalization is used to stabilise learning 

by maintaining a consistent input distribution throughout training. 

Residual connections further enhance network stability by mitigating 

the vanishing gradient problem, enabling direct gradient flow from later 

layers to earlier ones.

2.2.2 . Attentive transformer

The Attentive Transformer is responsible for instance-wise feature 

selection at each decision step. It operates based on two key mechanisms:

• Sparsemax Activation: Unlike softmax, which always generates 

a dense probability distribution where all classes are assigned 

some probability, sparsemax generates sparse probability vectors 

by assigning exactly zero probability to less relevant classes.

• Learnable Feature Mask: At each step, TabNet generates a learn­

able sparse feature mask from the current input activation. This 

mask is unique and determines the most relevant features for 

processing at that step.

The following equations represent the core computations in the 

TabNet.

Input Feature Masking, 

𝑥𝑀𝑡 = 𝑥 ⊙𝑀𝑡 (1)

where 𝑥 is the raw input feature vector, 𝑀𝑡 is the feature mask at the 

decision step 𝑡, and ⊙ denotes element-wise multiplication.

Feature Transformer (Step 0) 

𝑧0 = BN(𝑥𝑀𝑡 𝑊0) (2)

where 𝑊0 is the weight matrix of the initial linear transformation, and 

BN denotes batch normalization.

Gated Linear Unit (GLU) for Layer 𝑙

𝑧𝑙 =
(

BN(𝑧𝑙−1𝑊 𝑎
𝑙 )
)

⊙ 𝜎
(

BN(𝑧𝑙−1𝑊 𝑏
𝑙 )
)

(3)

where 𝑊 𝑎
𝑙  and 𝑊 𝑏

𝑙  are learnable weight matrices for the linear and 

gating paths, and 𝜎(⋅) is the sigmoid function.

Residual Connection 

𝑧𝑙 = 𝛼𝑧𝑙 + (1 − 𝛼)𝑧𝑙−1, 𝛼 ∈ [0, 1] (4)

In our model, 𝛼 = 1, to fully rely only on the output of the current layer 

without residual mixing. 

𝑧𝑙 = 𝑧𝑙 + 𝑧𝑙−1 (5)

Attentive Transformer is responsible for selecting the most relevant 

features at each decision step. Masking scores are obtained using a fully 

connected layer, 

𝐻 = BN(𝑊𝑎 ⋅𝑋 + 𝑏𝑎) (6)

Sparsemax or relaxed softmax is applied to get the feature mask: 

𝑀 = sparsemax(𝐻 ⊙ 𝑃𝑡−1) (7)

The prior scale 𝑃  is updated as, 

𝑃𝑡 = 𝑃𝑡−1 ⊙ (𝛾 −𝑀𝑡) (8)

where 𝑃𝑡 is the prior feature importance at step 𝑡, 𝛾 > 1 is the relaxation 

parameter to reduce feature reuse, and 𝑀𝑡 is the current mask. In this 

work, 𝛾 = 1.3. The final prediction aggregation is obtained as, 

𝑦 = 𝜎

( 𝑇
∑

𝑡=1
𝑑𝑡

)

(9)

where 𝑑𝑡 is the output of the decision step 𝑡, and 𝜎(⋅) is the sigmoid acti­

vation function used for binary classification. A loss term 𝐿sparse is added 

during training to penalize the model when it uses too many features, 

𝐿sparse = 𝜆sparse

𝑇
∑

𝑡=1
mean

(

∑

𝑀𝑡 ⊙ ln(𝑀𝑡 + 𝜀)
)

(10)

where 𝜆sparse is the regularization coefficient controlling the sparsity 

strength, 𝑇  is the total number of decision steps in the TabNet archi­

tecture, 𝑀𝑡 is the feature selection mask at decision step 𝑡, and 𝜀 is the 

small positive constant added for numerical stability in log. 

BCE = − [𝑦 ⋅ ln(𝑦̂) + (1 − 𝑦) ⋅ ln(1 − 𝑦̂)] (11)

where BCE denotes the binary cross-entropy loss, 𝑦 is the true binary 

label (0 or 1), 𝑦̂ is the predicted probability of the positive class (i.e., 

model output). 

𝐿total = 𝐿BCE + 𝐿sparse (12)

where 𝐿total denotes the final loss used for optimization, 𝐿BCE rep­

resents the Binary Cross-Entropy, and 𝐿sparse is the sparsity-inducing 

regularization loss that encourages minimal feature selection.

For the proposed GDM prediction task, the TabNet Classifier was 

configured with optimized hyperparameters determined via Optuna 

Bayesian optimization. The final configuration (embedding/attention di­

mensions = 64, decision steps = 5, sparsity penalty = 0.001, learning 

rate = 0.02) was selected based on validation performance. Complete 

hyperparameter details and their roles are provided in Supplementary 

Table S4.
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2.3 . Explainable artificial intelligence (XAI) framework

To ensure clinical transparency and trust, the proposed model inte­

grates three complementary explainability techniques: TabNet’s intrinsic 

feature masks, SHAP (SHapley Additive exPlanations) [27], and LIME 

(Local Interpretable Model-Agnostic Explanations) [28]. Each method 

provides distinct yet complementary insights into model behavior at 

both global (population) and local (patient) levels. A structured compar­

ison of all three XAI methods covering interpretation type and clinical 

utility is provided in Supplementary Table S5.

A) Intrinsic explainability via TabNet feature masks

TabNet provides built-in interpretability through sparse feature 

masks generated at each decision step. These instance-wise masks iden­

tify the most influential features contributing to each prediction without 

requiring post-hoc tools. By aggregating these masks across all patients, 

population-level risk factors for GDM are identified. This mechanism 

enables both patient-specific explanations (local interpretability) and 

population-level insights (global interpretability). The sequential deci­

sion process allows the model to focus on commonly relevant features 

in early steps while progressively shifting attention to more specific 

features in later steps.

B) SHAP for feature attribution

SHAP provides unified feature attribution by computing each fea­

ture’s contribution to individual predictions based on cooperative game 

theory. Global interpretability is achieved through beeswarm summary 

plots and feature importance rankings, while local explanations are visu­

alized using waterfall plots. Additionally, SHAP dependency plots reveal 

nonlinear relationships and feature interactions among top predictors, 

offering deeper clinical insights into risk factor synergies. Detailed 

mathematical formulations of SHAP are provided in Supplementary 

Section S5.

C) LIME for local explanations

LIME generates local explanations by fitting interpretable surrogate 

models around individual predictions. For each patient instance, LIME 

creates synthetic perturbations of the input, weights them by proximity 

to the original instance, and trains a sparse linear model that approx­

imates the TabNet behavior locally. This provides case-specific feature 

contributions that are easily interpretable by clinicians. The complete 

LIME methodology, including its architectural framework, is detailed in 

Supplementary Section S5.

3 . Results

3.1 . Evaluation metrics

Standard classification metrics (accuracy, precision, recall, F1-score) 

are used, with recall and F1-score being especially critical for SMOTE 

evaluation [38]. Metric definitions are provided in Supplementary 

Tables S6 and S7. Statistical agreement metrics (percentage concor­

dance, Cohen’s kappa [39,40], Fleiss’ kappa [41]) used for PITL val­

idation are summarized in Supplementary Table S8. All performance 

metrics are reported with 95% confidence intervals derived from 5-

fold cross-validation results to support statistical interpretation of model 

comparisons.

3.2 . GDM prediction performance

SMOTE achieved the best performance among three oversampling 

methods evaluated (Table 2). The full pipeline (GAIN + MissForest 

+ Mean imputation + SMOTE + TabNet) achieved 97.13% accuracy, 

94.05% precision, 98.91% recall, and 96.22% F1-score.

Model calibration was assessed using the Brier score. The pro­

posed model achieved a Brier score of 0.0265 (95% CI: 0.018–0.035), 

indicating excellent probability calibration and confirming that the 

model’s confidence estimates are reliable for clinical decision support. 

Table 2 

Performance Comparison of oversampling techniques with TabNet.

Method Acc (%) Prec(%) Rec (%) F1 (%)

SMOTE 97.13 94.05 98.91 96.22

ADASYN 95.83 93.22 95.47 94.33

Random Oversampling 94.65 92.78 94.02 93.38

Table 3 

Performance Comparison of Models (mean ± 95% CI across 5-fold cross-

validation).

Rank Model Acc Prec Rec F1

1 TabNet 97.13±0.41 94.05±0.53 98.91±0.61 96.22±0.50

2 Random Forest 95.54±0.48 94.03±0.51 97.17±0.55 95.57±0.49

3 SVM 95.43±0.50 93.81±0.54 97.17±0.58 95.46±0.52

4 XGBoost 95.43±0.47 94.23±0.52 96.70±0.56 95.45±0.50

5 CatBoost 95.20±0.49 93.18±0.55 97.40±0.57 95.24±0.51

6 LightGBM 95.20±0.51 94.01±0.53 96.47±0.59 95.22±0.53

7 KNN 95.08±0.52 93.58±0.56 96.70±0.60 95.12±0.54

8 FNN 95.08±0.50 93.79±0.54 96.47±0.58 95.11±0.52

9 AdaBoost 94.73±0.53 93.76±0.57 95.78±0.61 94.76±0.55

10 Logistic Regression 94.62±0.55 93.55±0.58 95.78±0.62 94.65±0.57

11 Decision Tree 94.50±0.57 93.54±0.60 95.80±0.63 94.53±0.58

Calibration plots (reliability diagrams) are provided in Supplementary 

Figure S6 for a more comprehensive visual assessment of predicted 

probability alignment with observed outcomes.

3.3 . Performance comparison with baseline models

Table 3 presents a performance comparison of the proposed TabNet 

model with various machine learning models, all trained using the same 

preprocessing pipeline (hybrid imputation + SMOTE). The proposed 

TabNet model achieved the highest accuracy (97.13% ± 0.41%), recall 

(98.91% ± 0.61%), and F1-score (96.22% ± 0.50%) among all models. 

Confidence intervals were derived from 5-fold cross-validation results 

across all models to ensure statistical comparability.

Among the compared models, Random Forest, SVM, XGBoost, and 

CatBoost also performed well, but their F1-scores were consistently 

lower than TabNet across all folds. Traditional models such as logistic 

regression and decision tree showed comparatively lower performance, 

suggesting reduced capacity to capture complex nonlinear patterns in 

the GDM dataset. Deep learning models such as the feed-forward neural 

network gave competitive results but were less effective than TabNet 

on this tabular data. Overall, TabNet offers a consistent combination of 

accuracy and robustness across all cross-validation folds.

3.4 . Comparison with state-of-the-art methods

Table 4 presents a comparative analysis of the proposed TabNet 

framework with recent state-of-the-art GDM prediction studies. Several 

research groups report strong performance, particularly Hassan 

et al. [29] (Acc 98.21%) and Ji et al. [42] (AUC 0.984). However, 

many of these studies rely on single train–test splits, small sample sizes, 

costly biomarkers, or single-centre retrospective data, which limit real-

world generalizability. Large population-based studies such as Watanabe 

et al. [43] and Belsti et al. [44] demonstrate improved robustness but 

achieve comparatively lower predictive performance. In contrast, the 

proposed model reports performance with 95% confidence intervals 

across a rigorous 5-fold cross-validation strategy, providing a statisti­

cally reliable estimate of clinical performance. It is acknowledged that 

the gap between internal validation (F1: 96.22%) and external valida­

tion (F1: 83.70–87.00%) reflects the expected performance reduction 

when applying a model trained on a single-source dataset to prospec­

tive real-world clinical data from independent sites, and indicates the 

need for broader multi-site training in future work.

International Journal of Medical Informatics 216 (2026) 106488 

6 



A. Narayanan, P. Sankaran, U.V. Sankar et al.

Table 4 

Comparison of machine learning-based GDM prediction studies.

Study Dataset / Population N Features Best Model (XAI) Split Performance Limitations

Ji et al. [42] Hainan Provincial 

People’s Hospital, 

China

89 11 metabolites + 3 

clinical

MLP (SHAP) 70/30 AUC 0.984; Acc 

92.6%; Prec 93.8%; 

Rec 92.3%

Very small, single-

center; no external 

validation; high 

metabolomics cost

Abe et al. [45] State Govt. 

Hospitals, Nigeria

5981 Demographics, 

pregnancy, FPG, 

symptoms

Voting Ensemble 

(No XAI)

NA Acc 91.72%; Sens 

98.45%; Spec 

85.06%; F1 92.19%

Missing data han­

dling not detailed; 

no real-world 

validation

Kang et al. [46] 7 University 

Hospitals, South 

Korea

34,387 Demographics, BMI, 

BP, labs, history

XGBoost (SHAP + 

Boruta)

70/30 AUC 0.804; AUPR 

0.442

Retrospective bias; 

internal validation 

only

Zhang et al. [47] Women’s Hospital, 

Zhejiang Univ., 

China

3268 OGTT values Logistic Regression NA aOR 2.66 

(Macrosomia)

Not a prediction 

model; single-center 

retrospective

Zaky et al. [31] HMC, Qatar 138 Clinical + 

biochemical 

biomarkers

Stacking (SHAP) 80/20 Acc 88.83%; F1 

89.56%

Small, single-center; 

costly biomarkers

Cubillos et al. [48] Hospital Parroquial, 

Chile

1611 Clinical, BMI, fasting 

glucose, parity

SVM / MLP (No XAI) 70/10/20 AUC 0.81–0.82 Single-center; 

no advanced 

biomarkers

Belsti et al. [44] Monash Health, 

Australia

48,502 Demographic + 

obstetric history

CatBoost (FI) 80/20 + CV AUC 0.93; Acc 85%; 

F1 81%

Single health net­

work; no genetic 

biomarkers

Zhou et al. [30] Two hospitals, 

Shenzhen, China

2309 Demographic, 

clinical, blood, social

XGBoost (SHAP) 80/20 + CV AUC 0.913; Acc 

85.0%

Regional restric­

tion; biomarker 

inconsistency

Watanabe et al. [43] JECS, Japan 82,698 Lifestyle, anthro­

pometry, labs, 

SES

GBDT (SHAP) 80/20 AUC 0.74 (new), 

0.67 (recurrent)

Low GDM incidence; 

single country

Hassan et al. [29] Anbu Hospital & 

Nalam Clinic, India

3525 Clinical, OGTT, 

lifestyle, PCOS, 

family history

Fusion Ensemble 

(SHAP + LIME)

70/30 + CV Acc 98.21%; F1 

97.59%; AUC 

99.91%

Single-region; no 

external clinical 

validation

Proposed Anbu Hospital & 

Nalam Clinic + 3 

Kerala hospitals

3525 + 80 16 clinical features TabNet (Attention 

+ SHAP + LIME)

5-fold CV + external Acc 97.13%±0.41; 

F1 96.22%±0.50; 

External F1 

83.7–87.0%

Public training 

data; limited 

prospective 

external sample

3.5 . Explainability analysis

To ensure clinical transparency and trust, the proposed model inte­

grates three complementary explainability techniques: built-in feature 

masks of TabNet, SHAP, and LIME. It is important to note that XAI-

derived findings represent model-level feature attributions and inter­

actions, and should not be interpreted as causal clinical relationships 

without further prospective clinical investigation.

3.5.1 . Global feature importance

Global feature importance derived from TabNet masks is provided 

in Supplementary Figure S1. Prediabetes emerged as the top predictor, 

followed by PCOS, family history, and BMI—all consistent with estab­

lished GDM risk factors reported in the clinical literature. OGTT, large 

child or birth defect, and unexplained prenatal loss also showed signif­

icant global weights, while diastolic BP, number of pregnancies, and 

haemoglobin were relatively less important.

The SHAP beeswarm plot (Fig. 4) confirms these model-level find­

ings. High values of PCOS, prediabetes, and family history are associated 

with stronger model predictions toward the GDM class. BMI shows a 

clear dose-response pattern in model output, while Sys BP and OGTT 

have moderate model-level influence.

3.5.2 . Feature interactions

The SHAP dependency plot for PCOS coloured by prediabetes status 

is provided in Supplementary Figure S2. When PCOS and prediabetes co-

occur, the SHAP value rises strongly (up to 0.6+), indicating a strong 

model-identified interaction beyond either factor alone. This pattern is 

Fig. 4. SHAP beeswarm summary plot showing feature impact on model output 

across all samples. Colour indicates feature value; horizontal position indicates 

SHAP value. (For interpretation of the references to Colour in this figure legend, 

the reader is referred to the web version of this article.)
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consistent with known clinical risk factor co-occurrence in GDM, though 

the interaction represents a model-level observation rather than a con­

firmed causal relationship. Supplementary Table S9 summarises this 

interaction. Similar amplification was observed for PCOS co-occurring 

with high BMI or positive family history.

3.5.3 . Patient-level interpretability

TabNet local feature importance for two representative patients is 

provided in Supplementary Figure S3. For Instance 0, BMI, family his­

tory, and prediabetes dominated the model’s decision; for Instance 1, 

age and OGTT were most influential—demonstrating instance-specific 

feature attribution.

The SHAP waterfall plot (Supplementary Figure S4) shows that pre­

diabetes (+0.20), family history (+0.10), and gestation in previous 

pregnancy (+0.09) cumulatively shifted one patient’s model output 

from baseline (0.49) toward a GDM prediction.

The LIME explanation (Supplementary Figure S5) assigns proba­

bility 1.00 to GDM driven by family history, prediabetes, and previ­

ous gestational issues—independently corroborating TabNet and SHAP 

model-level attributions.

Together, all three XAI methods consistently identify the same dom­

inant model-level risk factors, suggesting robust and stable feature 

attribution across complementary explainability frameworks.

3.6 . Physician-in-the-loop clinical validation

Four certified obstetricians (each >10 years of GDM experience) in­

dependently reviewed 30 stratified patient cases following established 

PITL protocols [49,50]. Each received all 16 features, the model’s binary 

prediction, and top XAI explanations from TabNet, SHAP, and LIME. 

Reviewers remained blinded to true labels; majority voting determined 

consensus.

The model achieved 96.7% agreement with clinician consensus 

(29/30 cases). It should be noted that this PITL evaluation, while encour­

aging, is preliminary in nature due to the limited sample size (n=30) 

and should not be interpreted as definitive evidence of clinical trust­

worthiness. Case 11 was the sole misclassification (model: Non-GDM; 

all four physicians: GDM), with no dominant SHAP feature, suggesting 

a complex multi-feature interaction not captured by the model. This false 

negative highlights the clinical importance of uncertainty-aware predic­

tion and human override mechanisms in deployment settings. Case 20 

showed one physician disagreement resolved by majority vote in line 

with the model. Full case-wise decisions are provided in Supplementary 

Table S10.

Cohen’s kappa between the model and individual clinicians ranged 

from 0.856 to 0.927 (average 0.909), and Fleiss’ kappa was 0.963 

(Table 5), indicating strong physician–model and inter-rater agreement. 

These results are promising as a preliminary feasibility assessment, with 

larger-scale PITL evaluation recommended before drawing conclusions 

about clinical trustworthiness.

3.7 . External multi-site clinical validation

To evaluate real-world generalizability, external validation was con­

ducted across three independent hospitals in Kerala, India: Pariyaram 

Medical College (30 patients), SH Hospital (20 patients), and Aster 

Table 5 

Agreement of TabNet model with Doctors and Inter-Doctor Reliability.

Doctor / Group Disagreements Cohen’s 𝜅

Doctor 1 vs Model 1 (Case 11) 0.927

Doctor 2 vs Model 1 (Case 11) 0.927

Doctor 3 vs Model 1 (Case 11) 0.927

Doctor 4 vs Model 2 (Cases 11 & 20) 0.856

Average Kappa – 0.909

All 4 Doctors (Fleiss) 1 partially mixed 0.963

Table 6 

Hospital-wise performance of the TabNet model.

Hospital GDM Non Total F1 (%)

Pariyaram Medical College 20 10 30 83.70

SH Hospital 9 11 20 86.37

Aster Medcity 14 16 30 87.00

Average 80 85.69

Medcity (30 patients), comprising 80 prospectively collected patient 

records. Feature definitions were consistent with the training dataset. 

Supervising physicians confirmed the clinical diagnoses and reviewed 

model predictions for clinical relevance; feature importance outputs 

were examined to assess alignment with clinical expectations. Table 6 

presents the comprehensive site-wise results. The TabNet classifier 

achieved an average F1 score of 85.69% across all sites, with perfor­

mance ranging from 83.70% to 87.00%. The observed gap between 

internal validation performance (F1: 96.22%) and external validation 

performance (F1: 83.70–87.00%) is acknowledged as an expected out­

come of applying a model trained on a single-source public dataset to 

prospectively collected data from independent clinical sites with in­

herent demographic and procedural variability. This gap underscores 

the need for multi-site training data in future model iterations, while 

confirming that the model maintains clinically reasonable predictive 

performance across diverse real-world settings.

4 . Discussion

The proposed framework integrates feature-tailored hybrid imputa­

tion, SMOTE-based class balancing, TabNet classification, and dual-stage 

clinical validation to address key challenges in GDM prediction. Feature-

tailored imputation and SMOTE balancing improved data quality and 

class representation, contributing to stronger TabNet performance. 

TabNet achieved 97.13% accuracy and 98.91% recall, outperforming ten 

baseline classifiers under identical preprocessing conditions. All three 

XAI methods consistently identified prediabetes, PCOS, family history, 

and BMI as the dominant model-level risk factors, findings that are 

consistent with established clinical knowledge of GDM risk.

It is important to acknowledge, however, that the strong internal 

performance may partly reflect the homogeneity of the single-source 

training dataset and the complexity of the preprocessing pipeline. The 

use of SMOTE introduces synthetic samples that may not fully represent 

the true clinical distribution of GDM-positive cases, potentially con­

tributing to optimistic internal performance estimates. The observed gap 

between internal validation (F1: 96.22%) and external validation (F1: 

83.70–87.00%) is consistent with this interpretation and underscores 

the importance of treating internal metrics as upper-bound estimates 

rather than definitive measures of real-world performance. A key prac­

tical factor contributing to this performance reduction is the variability 

in feature availability and recording practices across the three inde­

pendent Kerala hospitals. Different hospitals followed different clinical 

protocols, resulting in inconsistencies in how certain features were col­

lected, measured, and recorded. This inter-site feature heterogeneity 

represents a significant real-world challenge for deploying standardised 

ML models across diverse clinical settings, and highlights the need for 

feature-harmonisation pipelines in future work. Against ten state-of-the-

art studies, the proposed model matches or exceeds performance under a 

more rigorous 5-fold cross-validation strategy, while uniquely combin­

ing multi-site external validation with formal physician evaluation—a 

combination not previously reported for GDM prediction models.

SHAP-identified feature interactions. SHAP analysis identified a strong 

model-level interaction between PCOS and prediabetes (SHAP value 

> 0.6 at co-occurrence), independently corroborated by all four obste­

tricians. This pattern is consistent with known clinical co-occurrence of 

these risk factors in GDM. However, it is important to note that SHAP 
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quantifies feature contributions to model predictions and does not es­

tablish causal clinical relationships. These model-identified interactions 

should be interpreted as hypothesis-generating observations warranting 

further prospective clinical investigation rather than confirmed causal 

findings.

Clinical trustworthiness and PITL limitations. Physician-in-the-loop con­

cordance of 96.7% (𝜅avg = 0.909, 𝜅𝐹 = 0.963) is an encouraging 

preliminary result. However, clinical trustworthiness cannot be equated 

with agreement in a small PITL experiment involving 30 cases and 

four physicians. This evaluation should be regarded as a feasibility as­

sessment demonstrating the plausibility of physician–model agreement, 

rather than definitive validation of clinical reliability. Larger-scale PITL 

studies involving diverse physician groups, varied patient populations, 

and prospective real-world deployment conditions are necessary before 

stronger claims of clinical trustworthiness can be made.

False negatives and clinical safety. The false negative in Case 11 (model 

prediction: Non-GDM; all four physicians: GDM) deserves particular 

attention, as false negatives carry serious clinical consequences in 

GDM. An undetected GDM case may result in unmanaged maternal 

hyperglycemia, increased risk of macrosomia, neonatal hypoglycemia, 

preeclampsia, and long-term metabolic complications for both mother 

and child. Case 11 showed no dominant SHAP feature, suggesting a com­

plex multi-feature interaction that the model failed to capture. This high­

lights the critical need for uncertainty-aware prediction mechanisms, 

such as conformal prediction intervals, that can flag low-confidence 

cases for mandatory clinical review rather than allowing automated 

decisions. Any clinical deployment of this or similar models must incor­

porate explicit human override mechanisms, particularly for borderline 

or low-confidence predictions.

Real-world implementation challenges. Several practical challenges must 

be addressed before this framework can be integrated into clinical 

screening workflows. First, workflow integration requires that the model 

be embedded within existing electronic health record (EHR) systems in 

a manner that is minimally disruptive to clinical practice, with predic­

tions presented alongside XAI explanations in a format interpretable by 

non-specialist clinicians. Second, decision threshold calibration is crit­

ical: the default 0.5 classification threshold may not be optimal for 

clinical use, where higher sensitivity (recall) is generally preferred to 

minimize false negatives, and site-specific threshold adjustment may be 

necessary. Third, ongoing model monitoring and periodic recalibration 

will be required to detect and correct for distributional shifts as patient 

populations, clinical protocols, and data recording practices evolve over 

time. Fourth, the current model was trained on a single-region dataset, 

and its performance in ethnically and geographically diverse populations 

remains to be established.

Limitations and future directions. Limitations of this work include: (1) 

single-region training data constraining ethnic and demographic di­

versity; (2) inter-site feature heterogeneity arising from differences in 

clinical protocols and feature recording practices across hospitals, which 

contributed to the observed performance reduction from internal vali­

dation (F1: 96.22%) to external validation (average F1: 85.69%); (3) 

a modest external cohort (𝑛 = 80) that precludes subgroup analysis 

by age, parity, or comorbidity; (4) the use of SMOTE-generated syn­

thetic samples that may not fully reflect real clinical distributions; and 

(5) the geographically constrained external validation limited to Kerala, 

India. The false negative in Case 11 further exposes the need for uncer­

tainty quantification mechanisms in clinical deployment. Future work 

will address these limitations through: expanded multi-ethnic and multi-

site cohort collection with standardised feature recording protocols; 

development of feature-harmonisation pipelines to handle missing or 

inconsistently recorded variables across hospitals; conformal prediction 

for individualised uncertainty quantification; cost-sensitive learning as 

an alternative to SMOTE; calibration plot-based threshold optimization; 

and EHR integration toward MLTRL 6 deployment readiness [51].

5 . Conclusion

This study presents an explainable TabNet framework with feature-

tailored hybrid imputation and SMOTE-based class balancing for GDM 

risk assessment using routine first-antenatal-visit clinical variables. From 

a technical performance perspective, the model achieved 97.13% ac­

curacy, 98.91% recall, and 96.22% F1-score (±0.50) via 5-fold cross-

validation, outperforming ten baseline classifiers under identical pre­

processing conditions.

From an interpretability perspective, TabNet masks, SHAP, and LIME 

consistently identified prediabetes, family history, PCOS, and BMI as the 

dominant model-level risk factors. SHAP dependency analysis revealed a 

strong model-identified interaction between PCOS and prediabetes, con­

sistent with established clinical knowledge, though prospective clinical 

investigation is required before causal conclusions can be drawn.

From a clinical utility perspective, physician-in-the-loop validation 

yielded strong preliminary agreement (𝜅avg = 0.909, 𝜅𝐹 = 0.963) 

across four experienced obstetricians, and multi-site external valida­

tion (F1: 83.70%–87.00%) demonstrated reasonable real-world perfor­

mance across three independent hospitals. The observed performance 

gap between internal and external validation is partly attributed to 

inter-site feature heterogeneity arising from differences in clinical data 

recording protocols across hospitals—a key challenge for real-world de­

ployment that future work will address through standardised feature 

harmonisation. These results are best interpreted as a clinically ori­

ented proof-of-concept, demonstrating the feasibility of interpretable, 

physician-endorsed GDM screening using routine variables. Large-scale, 

multi-ethnic prospective validation with standardised data collection 

protocols remains a necessary prerequisite before clinical deployment 

can be considered.
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