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Abstract: Women with a history of gestational diabetes mellitus (GDM) face a substantially elevated
risk of developing type 2 diabetes mellitus (T2DM), yet healthcare systems lack systematic approaches
to prioritize these women for preventive interventions under resource constraints. This proof-of-con-
cept study develops and demonstrates an integrated framework that combines machine-learning—based
risk prediction with multi-algorithm optimization to enable evidence-based patient prioritization using
synthetic data. A two-phase methodology was implemented using synthetic data from 6,000 women
with prior GDM. Phase 1 deployed five classification algorithms (Logistic Regression, Random Forest,
XGBoost, LSTM, and CNN-1D) with 10-fold stratified cross-validation and SMOTE-ENN
resampling for T2DM risk prediction. Phase 2 implemented 9 optimization algorithms across 10
budget scenarios and 5 priority thresholds, yielding 450 optimization runs. The prioritization frame-
work targets postpartum and interpregnancy follow-up care for women with prior GDM. Logistic
Regression achieved the highest predictive performance with an AUC-ROC of 0.9454 (accuracy:
0.8875, recall: 0.8533, F1-score: 0.7913). SHAP analysis identified insulin treatment during pregnancy
(mean |SHAP| = 0.099), GDM recurrence history (0.073), and postpartum weight gain (0.063) as the
most influential predictors. Linear Programming consistently produced optimal solutions with a mean
total priority of 901.47 and 65.26% high-risk coverage. At a 25% budget allocation ($1.95 million),
60.5% of very high-risk women could be prioritized, whereas full high-risk coverage would require a
50% budget allocation. Overall, the proposed framework demonstrates the feasibility of integrating
risk prediction with constrained optimization to support resource allocation for T2DM prevention.
Clinical validation using real-world prospective data is required prior to practical implementation.

Keywords: Clinical decision support; Explainable artificial intelligence; Gestational diabetes mellitus;
Good Health and Well-being; Healthcare resource allocation; Machine learning; Risk prediction; Type
2 diabetes mellitus.

1. Introduction

Type 2 Diabetes Mellitus (T2DM) affects an estimated 537 million individuals globally
and is projected to reach 783 million by 2045 [1]. Beyond glycemic dysregulation, its cascade
of micro- and macrovascular complications imposes substantial morbidity, mortality, and
economic burden on healthcare systems worldwide [2]. Epidemiological evidence suggests
that T2DM is largely preventable through the timely identification of high-risk individuals
and the implementation of tailored lifestyle interventions [3], underscoring the need for com-
prehensive risk stratification.

Gestational Diabetes Mellitus (GDM), defined as glucose intolerance first diagnosed
during pregnancy, has emerged as one of the most significant predictors of future T2DM
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development [4]. Women with a history of GDM experience a seven-fold greater risk of de-
veloping T2DM compared to those with normoglycemic pregnancies, with cumulative inci-
dence rates reaching 50—70% within 10—20 years postpartum [5], [6]. The underlying patho-
physiological mechanisms—including reduced pancreatic beta-cell function, insulin re-
sistance, and persistent metabolic dysregulation—extend well beyond the gestational period
[7]. The rising prevalence of GDM, paralleling increases in maternal obesity and advanced
maternal age, has further expanded the population at heightened risk of T2DM |[8].

Despite strong evidence supporting postpartum prevention interventions—including
the Diabetes Prevention Program [9], metformin prophylaxis [10], and structured follow-up
protocols—clinical translation remains suboptimal. Fewer than 50% of women with prior
GDM receive the recommended postpartum glucose testing [11], [12], a gap exacerbated by
resource constraints and the absence of systematic methodologies for identifying those who
would most benefit from intensive intervention [13].

Machine learning (ML) has rapidly advanced healthcare risk prediction by leveraging the
growing availability of electronic health data [14], [15]. SHAP (SHapley Additive exPlana-
tions), introduced by Lundberg and Lee [16], provides a game-theoretic framework for trans-
parent feature attribution that is widely adopted in clinical prediction research [17]. To address
class imbalance—a pervasive challenge in healthcare prediction—the Synthetic Minority
Over-sampling Technique with Edited Nearest Neighbors (SMOTE-ENN) combines syn-
thetic minority oversampling with Edited Nearest Neighbors under-sampling [18], [19]. In
parallel, operations research (OR) methods have been applied to healthcare resource alloca-
tion [20], [21], with linear programming optimizing human immunodeficiency virus (HIV)
prevention resource allocation [22] and mixed-integer programming enabling individualized
diabetes management [23]. Metaheuristic and multi-objective optimization approaches have
further expanded the methodological landscape for complex healthcare decision-making
[24]-]26].

This study aims to develop a comprehensive framework for T2DM prevention in
women with prior GDM, with three interconnected objectives. First, we develop and rigor-
ously compare five ML architectures—Logistic Regression, Random Forest, Extreme Gradi-
ent Boosting (XGBoost), Long Short-Term Memory (LSTM), and one-dimensional Convo-
lutional Neural Network (1D-CNN)—to predict T2DM risk using GDM-relevant clinical and
lifestyle features [27]—[30]. Building on these predictions, the second objective systematically
evaluates nine optimization algorithms to prioritize women for intervention under realistic
budget constraints ranging from 5% to 75% of total intervention costs, while conducting a
multi-objective Pareto analysis to balance total priority scores with high-risk coverage. Finally,
the study establishes an empirical basis for resource allocation by quantifying budget—cover-
age relationships and providing model interpretability through SHAP analysis that distin-
guishes actionable modifiable risk factors from fixed clinical predictors, thereby delivering
evidence-informed guidance for healthcare decision-makers [31], [32].

Unlike existing research, which treats prediction and allocation as separate problems, the
proposed approach integrates predictive modelling with formal optimization to enable
healthcare systems to translate risk scores into actionable intervention priorities. By system-
atically comparing five ML architectures and nine optimization algorithms across 450 re-
source scenatios, this study provides empirical evidence for budget-constrained T2DM pre-
vention strategies in this high-risk population. The proof-of-concept framework achieves
strong predictive performance (AUC-ROC: 0.9454) while providing transparent and inter-
pretable support for clinical decision-making through SHAP-based explanations that distin-
guish modifiable from fixed risk factors.

The remainder of this paper is organized as follows. Section 2 reviews the relevant liter-
ature. Section 3 describes the proposed methodology. Section 4 presents the experimental
results. Section 5 discusses the findings, limitations, and future research directions. Finally,
Section 6 concludes the paper.

2. Literature Review

2.1 Risk Prediction Models for T2DM

Traditional risk scores incorporating clinical and demographic factors have established
baseline performance benchmatks. The Finnish Diabetes Risk Score (FINDRISC) [33]
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achieves an AUC of 0.72-0.87, while the Framingham model [34] obtains an AUC of 0.85
for 7-year prediction, and QDScore [35] achieves an AUC of 0.83-0.85. However, Noble et
al. [36] noted that most of the 94 reviewed models lacked validation in high-risk subgroups,
including women with prior GDM.

GDM-specific prediction models have attempted to address this gap with varying levels
of success. Kwak et al. [37] achieved an AUC of 0.73 in Korean women, and Kohler et al.
[38] reported an AUC of 0.76 using German registry data. Statistical approaches include Li et
al. [39], who reported a Cox model AUROC of 82.8%, and Man et al. [40], who achieved a
C-index of 0.68, while Chen et al. [41] applied Poisson regression for risk estimation. Belsti
et al. [42] developed antenatal (AUC: 0.76) and postnatal (AUC: 0.85) clinical models.

Omics-integrated approaches have further enhanced predictive accuracy. Allalou et al.
[43] identified anthranilic acid and glutamate as predictive metabolites. Khan et al. [44]
achieved an AUC of 0.92 by combining real-world and omics data. Lai et al. [45] reported a
median AUC of 0.883 using metabolic signatures, and Joglekar et al. [46] demonstrated that
mictoRNAs (miRNAs) improved the AUC from 0.83 to 0.92.

Machine learning methods have demonstrated strong performance in predicting T2DM
risk. Early work by Razavian et al. [47] achieved an AUC of 0.80 using convolutional neural
networks (CNNs), while Zou et al. [48] reported an AUC of 0.82 with random forests. Lai et
al. [45] achieved an AUC of 0.83 using deep learning on electronic health record (EHR) data,
and Kopitar et al. [49] showed gradient boosting approaching an AUC of 0.85. Recent GDM-
focused ML studies include Houti et al. [50], who reported an XGBoost AUC of 0.85; Kumar
et al. [51], who achieved a CatBoost AUC of 0.86; Ilari et al. [52], who reported penalized
logistic regression with an AUC of 0.884; and Prashanthan and Prashanthan [53], who
achieved an AdaBoost F1-score of 80.4%.

2.2. Optimization Methods in Healthcare Resource Allocation

Operations research (OR) has extensive applications in healthcare. Rais and Viana [20]
reviewed optimization models for facility location, staff scheduling, and resource allocation,
while Hulshof et al. [21] noted that disease prevention remains relatively underexplored. Lin-
ear programming has demonstrated effectiveness across diverse allocation problems. Earn-
shaw et al. [22] reported a 15-20% improvement in human immunodeficiency virus (HIV)
prevention resource allocation, ID’Aeth et al. [54] reported savings of 50,750-5,891,608 life-
years through optimized COVID-19 hospital prioritization, and Bertsimas et al. [23] demon-
strated approximately 20% improvement in personalized diabetes management. Stuart et al.
[55] further advanced constrained optimization for evidence-based prioritization of health
spending.

Metaheuristic algorithms provide approximate solutions to complex healthcare prob-
lems. Genetic algorithms (GAs) have been applied to nurse scheduling [24] and resoutce al-
location [56]. Particle swarm optimization (PSO) has also shown promise; for example, Wang
etal. [57] integrated PSO with Markov decision processes for emergency department resource
allocation. Ala et al. [58] combined whale optimization with NSGA-II for multi-objective
appointment scheduling, producing Pareto-optimal solutions that balance fairness and effi-
ciency.

Hybrid ML—optimization approaches have recently emerged as powerful tools. Mizan
and Taghipour [59] integrated predictive models with resource planning to reduce waiting
times. Zuo et al. [60] developed a graph-based deep reinforcement learning model (GTARS-
DRL) for outpatient scheduling, achieving high computational efficiency (ACPU = 0.762 )
while matching GA solution quality. Akbari-Moghaddam et al. [56] employed ensemble clus-
tering with priority score functions for patient segmentation, while Piyush Ingole [61] applied
artificial intelligence—powered constraint-satisfaction algorithms for hospital resource optimi-
zation.

Healthcare scheduling optimization has also reduced waiting times through various ap-
proaches. Moura and Pinho [62] developed mathematical model-heuristic hybrids for outpa-
tient prioritization across geographic areas. Multi-objective optimization—distinguishing be-
tween weighted aggregation and Pareto-optimal approaches [26]—has been applied to chem-
otherapy scheduling [63], facility siting [64], and operating room scheduling [65].

GDM-to-T2DM prevention optimization remains relatively underexplored. Neuwahl et
al. [66] used decision tree modelling to evaluate the cost-effectiveness of screening criteria,
finding the International Association of the Diabetes and Pregnancy Study Groups
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(IADPSG) criteria cost-effective at =223% Diabetes Prevention Program (DPP) participation
($48,588 per quality-adjusted life year [QALY]). Lloyd et al. [67] demonstrated that pregnancy
lifestyle intervention is a dominant cost-saving strategy, with a return on investment (ROI) of
AU$1.22 per dollar invested.

2.3. Integration of Prediction and Optimization

Despite concurrent developments, the integration of machine learning (ML) for predic-
tion and optimization in healthcare resource allocation remains limited. Bertsimas and Kallus
[68] proposed prescriptive analytics advocating decision-focused learning, while Elmachtoub
and Grigas [69] developed smart predict-then-optimize frameworks. Recent advances have
demonstrated notable progress. Mizan and Taghipour [59] integrated multi-target ML with
optimization models for medical resource allocation, achieving a 10.81% improvement in
prediction accuracy. Feuerriegel et al. [70] developed a data-driven decision model combining
counterfactual inference, ML, and optimization for diabetes prevention, demonstrating po-
tential annual savings of $1.1 billion when applied to U.S. prediabetic populations.

In chronic disease management, early work by Deo [71] combined prediction with sim-
ulation, while Liu et al. [72] applied reinforcement learning to diabetes treatment regimens.
More recent clinical validation studies have accelerated progress. Wang et al. [73] demon-
strated reinforcement learning—based insulin titration optimization (RL-DITR), achieving im-
proved glycemic control with a mean absolute error (MAE) of 1.10 £ 0.03 U compared with
standard clinical methods in a proof-of-concept trial published in Nature Medicine. Dénes-
Fazakas et al. [74] achieved 73% Time in Range using policy optimization for personalized
blood glucose management, while Zhou et al. [75] introduced Duramax, a reinforcement
learning framework for cardiovascular disease prevention that achieved a policy value of 93
versus clinicians’ 68.

Hybrid ML—optimization approaches have gained increasing attention. Sarode et al. [70]
reviewed artificial intelligence (Al) integration for dynamic resource allocation in healthcare
management systems. Ponsiglione et al. [77] proposed combining simulation models with ML
for healthcare management, while a comprehensive natrative review synthesizing 170 studies
[78] confirmed ML’s growing role in resource optimization, with reported prediction accura-
cies ranging from 88% to 95%. The prescriptive analytics market in healthcare, valued at $9.53
billion in 2023, is projected to reach $61.92 billion by 2030, reflecting the broader shift toward
decision-support systems that recommend optimal actions rather than merely forecasting out-
comes.

Despite these advances, GDM-to-T2DM prevention remains relatively underexplored
in the context of integrated prediction—optimization approaches. Lee et al. [79] proposed in-
tegrating social determinants of health with ML-driven decision support for diabetes case
management resource allocation. Tan et al. [80] developed ML models for predicting high
healthcare utilizers in diabetes populations for population health initiatives. However, the
systematic integration of risk prediction with budget-constrained prioritization of women
with prior GDM for post-GDM-to-T2DM prevention has not been adequately addressed,
representing a key gap that this study aims to address. Based on the literature review, several
critical gaps motivate the present study:

e  Absence of prediction—optimization integration: No existing framework seamlessly in-
tegrates risk prediction with optimization methods specifically for T2DM prevention
resource allocation in women with prior GDM.

e  Limited algorithm comparison: The comparative performance of exact methods, me-
taheuristics, and greedy heuristics for prioritizing women with prior GDM has not been
systematically evaluated across diverse resource scenarios.

e Insufficient multi-objective analysis: Prior work has not adequately addressed the multi-
dimensional trade-offs (e.g., health impact, high-risk coverage, efficiency, and equity)
inherent in prevention resource allocation.

e Lack of budget—coverage quantification: Healthcare administrators lack empirical evi-
dence quantifying the relationship between budget allocation and achievable coverage
among women with prior GDM.

e Limited consideration of intervention amenability: Existing prioritization approaches
primarily focus on disease probability without explicitly accounting for modifiable risk
factor profiles and the likelihood of response to preventive interventions.
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3. Methodology

3.1. Study Design

This study employed a two-phase integrated framework that combines ML-based pre-
dictive modeling with multi-algorithm optimization for T2DM risk prediction and prioritiza-
tion among women with prior GDM. The predictive phase develops and validates risk pre-
diction models, whereas the optimization phase addresses resource allocation under budget
constraints. The overall framework is illustrated in Figure 1.
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Figure 1. Two-phase integrated framework

The critical innovation lies in the vertical integration between prediction and allocation.
Unlike existing studies that treat these components as disconnected activities, the proposed
framework systematically links validated risk prediction with formal optimization via nine
algorithms—from Linear Programming (LP) to metaheuristics and dynamic programming—
while explicitly balancing total priority scores with high-risk coverage to promote both effi-
ciency and equity. This enables healthcare systems to address not only “who is at risk?”” but
also “who should receive limited resources first?” The framework’s modular design supports
local adaptation by combining predicted risk with intervention amenability within the com-
posite priority score. In addition, SHAP analysis and Pareto frontier visualization facilitate
clinical communication and trade-off assessment. This study is intended as a methodological
proof-of-concept using synthetic data; therefore, clinical validation with real-world data is
required prior to practical implementation.
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3.2. Data Source and Study Population

The study used a publicly available synthetic dataset [81] comprising 6,000 women with
prior GDM, including 28 predictor variables and one binary outcome (T2DM_risk), with an
observed class imbalance of approximately 3:1 (4,500 non-cases; 1,500 positive cases). The
study population represents women 6 months to 5 years postpartum following a GDM preg-
nancy. The prioritization framework targets postpartum and interpregnancy periods, and in-
terventions during pregnancy were explicitly excluded.

Synthetic data were selected to address real-world constraints, including the scarcity of
large longitudinal cohotts, privacy batriers that limit reproducibility, and the difficulty of sys-
tematically controlling class distributions for methodological validation. Statistical distribu-
tions were derived from multiple epidemiological studies to ensure clinically plausible feature
relationships. The dataset satisfies four key methodological requirements. First, the sample
size of 6,000 observations (approximately a 214:1 observation-to-feature ratio) substantially
exceeds AMIA guidelines and provides 53.6 events per predictor. Second, the 3:1 imbalance
reflects a realistic prevalence suitable for SMOTE-ENN validation. Third, the comprehensive
feature set spans both modifiable and immutable predictors, directly supporting composite
priority scoring. Finally, this feature mix facilitates SHAP interpretability by distinguishing
actionable targets from fixed prognostic indicators.

3.3. Data Preprocessing

The dataset was partitioned using stratified sampling into 80% training (n = 4,800) and
20% hold-out testing (n = 1,200). SMOTE-ENN was applied exclusively within the training
folds to prevent data leakage, and z-score normalization parameters were derived solely from
the training data and subsequently applied to the test set.

SMOTE-ENN was selected for its hybrid design, which combines synthetic minority
oversampling with Edited Nearest Neighbors (ENN) noise removal, thereby producing more
reliable decision boundaries than standalone SMOTE. This characteristic is particulatly im-
portant in medical datasets that often exhibit biologically diffuse class boundaries. Compared
with ADASYN’s more aggressive sampling behavior, the conservative nature of SMOTE-
ENN is better aligned with healthcare applications, where excessive false positives may im-
pose unnecessary resource and patient burden costs. The preprocessing pipeline successfully
transformed the 3:1 training imbalance into an approximately balanced 50:50 distribution
while preserving the original prevalence in the hold-out test set.

3.4. Feature Analysis and Selection

A multi-method feature selection strategy was employed using three complementary
techniques: Pearson correlation for linear target associations, mutual information for nonlin-
ear dependencies, and recursive feature elimination (RFE) with a Random Forest base esti-
mator (n_estimators = 100, max_depth = 5) to identify the 15 most informative features. A
rank aggregation procedure was then applied by averaging feature ranks across the three
methods.

Convergence across these techniques provides robust feature identification that is less
biased by any single statistical assumption. The selected 15 features—spanning modifiable
factors (e.g., BMI, physical activity, dietary quality) and non-modifiable predictors (e.g., age,
ethnicity, family history)—directly support the priority scoring methodology while reducing
overfitting risk and improving interpretability. Importantly, the ranked feature importance
feeds into the optimization phase through the composite priority score, where highly predic-
tive and modifiable features receive greater intervention amenability weights. This design rep-
resents a structured alternative to ad hoc priority rules commonly used in healthcare optimi-
zation studies.

3.5. Predictive Model Development

Five ML algorithms were selected (Table 1) to span a diverse modeling spectrum: Lo-
gistic Regression (interpretable baseline), Random Forest and Extreme Gradient Boosting
(XGBoost) (state-of-the-art ensemble methods), Long Short-Term Memory (LSTM) (sequen-
tial dependency evaluation), and one-dimensional Convolutional Neural Network (1D-CNN)
(convolutional pattern detection). Although LSTM and 1D-CNN are primarily designed for
sequential or temporal data, they were intentionally included to evaluate whether their capacity
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for automated feature interaction and nonlinear pattern detection provides any measurable
advantage over classical methods when applied to structured cross-sectional feature vectors.
This benchmarking question is methodologically relevant for future longitudinal extensions
of the proposed framework.

The results indicate that simpler interpretable models (particularly Logistic Regression)
were not outperformed, reinforcing their suitability for the present cross-sectional setting.
This model diversity enables identification of the appropriate complexity level for GDM-to-
T2DM prediction while balancing underfitting risk against overfitting and interpretability con-
straints. Each model was trained independently to enable rigorous comparative evaluation
and to identify the best-performing architecture for downstream optimization integration.

Table 1. Machine learning model configurations and hyperparameters

Algorithm Key Hyperparameters Rationale for Selection

Establishes an interpretable baseline; enables direct
Logistic L2 regularization (C = 0.1); Max itera- coefficient interpretation for clinical stakeholders;

Regression tions: 1,000; Solver: Ibfgs computationally efficient; well established in
healthcare risk prediction
Captures nonlinear relationships and feature inter-
Random p_estimators: 1 QO; max_depth: 6; actions; robu§t to outliers; provides feaFur'e im-
Forest min_samples_split: 20; max_features: portance .rankmgs; strong perforrnanc§ in imbal-
sqrt anced medical datasets; reduces overfitting through
ensemble averaging
State-of-the-art gradient boosting; handles class
n_estimators: 100; max_depth: 4;  imbalance effectively; sequential error correction
XGBoost learning_rate: 0.05; eval_metric: lo-  improves weak learners; regularization helps pre-
gloss; subsample: 0.8 vent ovetfitting; widely successful in healthcare
ML applications
LSTM layer: 32 units; Dropout: 0.5; Evaluates potential sequential dependencies in fea-
Recurrent dropout: 0.3; Dense layers:  ture representations; dropout and regularization
LSTM 16, 8 units; 1.2 regularization: 0.01;  mitigate overfitting in deep architectures; repre-
Batch normalization; Activation: sig-  sents an advanced neural network baseline for
moid comparison with simpler models
Convolutional layers: 32, 64 filters ~ Evaluates convolutional pattern detection in fea-
(kernel = 3); Max pooling: pool_size tute space; parameter sharing reduces model com-
1D-CNN = 2; Global max pooling; Dense lay- plexity relative to fully connected networks; pool-

ers with dropout (0.5); Optimizer:
Adam (Ir = 0.001)

ing extracts salient features; provides an alternative
deep learning architecture to LSTM

All models were implemented using scikit-learn 1.2.0, XGBoost 1.7.0, and TensorFlow

2.12.0 with the Keras API. Models were trained using identical 80/20 data splits with 10-fold
cross-validation. Deep learning models were trained for up to 50 epochs with eatly stopping
(patience = 10, monitored on the validation loss) and a batch size of 32. Hypetparameters
were selected through grid search or targeted manual tuning, with emphasis on predictive
performance, computational feasibility, and generalizability.

3.6. Model Evaluation and Risk Prediction

Model performance was evaluated using multiple complementary metrics, including Ac-
curacy, Precision, Recall (Sensitivity), F1-score, and Area Under the Receiver Operating Chat-
acteristic Curve (AUC-ROC). Training performance was additionally compared with valida-
tion results to detect potential overfitting.

The best-performing model was subsequently used to generate individual T2DM risk
probabilities (expressed as percentages) for all women with prior GDM.

3.7. Women with Prior GDM Priority Score Calculation

A composite priority score was constructed by integrating clinical risk with intervention
amenability. The modifiable risk factors considered included obesity or excessive postpartum
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weight gain, physical inactivity, unhealthy diet, smoking, alcohol intake, absence of postpat-
tum glucose testing, and breastfeeding status. The priotity scote was computed as:

Nmodifiable)

Priority Score = Pyjg X (0.7 + 0.3 x 1)

total
where Pk denotes the predicted T2DM risk probability, Nyoqifiable represents the num-

ber of modifiable risk factors present, and Nigta) is the total number of modifiable factors
considered.

3.8. Intervention Cost Estimation

Individualized intervention costs were estimated using a tiered cost model:

Cintervention = (Cbase + (Nmodifiable X Cfactor)) X Rmultiplier (2)

where the base cost (Cpase) Was set to $500, the cost per factor (Cacror) to $200, and the risk
multiplier (Rmuitiptier) to 1.5 for women with prior GDM whose predicted risk probability
exceeded 70%. Budget scenarios ranging from 5% to 75% of the total intervention cost were
evaluated.

Importantly, the probability thresholds used in this study (e.g., >70% for the risk multi-
plier) are intended for methodological prioritization purposes to support resource allocation
analysis and should not be interpreted as strict clinical decision cut-offs. Calibration against
prospective clinical data will be required before operational deployment.

3.9. Resource Allocation Optimization

Nine optimization algorithms were implemented to solve the selection problem for
women with prior GDM under budget constraints. Table 2 summarizes the algorithms, key
parameters, and implementation details.

Table 2. Optimization algorithms and key parameters.

Algorithm Key Parameters and Implementation Details

Linear Programming Continuous relaxation of binary selection with HiIGHS solver; thresholding
(LP) at 0.5 for binary decisions

Population size = 100; generations = 50; two-point crossover (probability =
Genetic Algorithm (GA) 0.7); mutation (probability = 0.2; individual bit flip = 0.05); tournament se-
lection (size = 3)

Simulated Annealing Initial temperature = 1000; cooling rate = 0.995; 5000 iterations; greedy ini-

(SA) tialization based on efficiency ratio
Particle Swarm 50 particles; 100 iterations; inertia weight = 0.7; cognitive coefficient = 1.5;
Optimization (PSO) social coefficient = 1.5
Ant Colony 30 ants; 50 iterations; pheromone evaporation rate = 0.5; heuristic based on
Optimization (ACO) priority-to-cost ratio

Greedy Heuristic  Sequential selection by descending priority-to-cost ratio until budget exhaus-
(Efficiency) tion

Greedy Heuristic S . . . . . .

- equential selection by descending priority score until budget exhaustion

(Priority)

Dynamic Programming 0—1 knapsack formulation; cost scaling factor = 100 for computational feasi-
(Knapsack) bility

Differential Evolution Continuous optimization with penalty for constraint violation; 50 iterations;

(DE) parallel evaluation

Each algorithm was evaluated across 10 budget scenarios (5%, 10%, 15%, 20%, 25%,
30%, 40%, 50%, 60%, and 75% of total cost) and five priority thresholds (0.0, 0.2, 0.3, 0.4,
and 0.5), resulting in 450 optimization runs. The total intervention cost was $7,806,250.

3.10. Multi-Objective Optimization and Solution Selection

Pareto frontier analysis was conducted using two objectives: Total Priority Score and
High-Risk Coverage (percentage of women with prior GDM with predicted risk >70%
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selected). Non-dominated solutions were identified, and a composite scoring function was
used for final solution selection:

€S = (0.4 x NP) + (0.3 X NC) + (0.2 x NE) + (0.1 x BU) ©)

whete CS represents the Composite Score, NP denotes Normalized Priority, NC refers to
Normalized Coverage, NE indicates Normalized Efficiency, and BU stands for Budget Uti-
lization.

3.11. Model Interpretability

SHapley Additive exPlanations (SHAP) analysis was performed to enhance model inter-
pretability. A Kernel SHAP explainer was constructed using k-means clustering (k = 50) on
a background sample of 200 women with prior GDM. SHAP values were then generated for
50 randomly selected women with prior GDM to quantify feature-level contributions to in-
dividual risk predictions.

4. Implementation and Results

4.1. Feature Selection Results

The multi-method feature selection approach identified 15 predictors with the highest
discriminative power for T2DM risk. The combined feature ranking is presented in Figure 2.
The selected top 15 features include insulin treatment during pregnancy, elevated HbAlc
during pregnancy, macrosomia (birth weight > 3.5 kg), large for gestational age, pregnancy
complications (hypertensive disorders), history of recurrence of GDM, abnormal oral glucose
tolerance test (OGTT) results, pregnancy complications (preterm delivery), obesity or un-
healthy postpartum weight gain, high pre-pregnancy BMI, physical inactivity, instrumental
delivery, gestational weight gain, unhealthy diet, and older maternal age.

Insulin_treatment_during_pregn... 4
Elevated_HbAlc_during_pregnanc... 4
Macrosomia_baby_birth_weight(D... 4

Large_for_gestational_age 4
Pregnancy_complications_hypert... 4
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Gestational_weight_gain
Unhealthy_diet 4

B Correlation Rank
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Rank (Lower is Better)

Figure 2. Combined feature ranking.
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4.2. Predictive Model Performance

Five classification algorithms were evaluated using 10-fold stratified cross-validation.

The performance metrics for all models are summarized in Table 3.

Table 3. Cross-validation performance of predictive models

Model (ﬁgiigg) Accuracy Precision Recall F1-Score Selected
Logistic Regression ~ 0.9431 = 0.0081 0.88 0.73 0.85 0.79 Best
Random Forest 0.9374 £ 0.0102 0.87 0.72 0.83 0.78 —
XGBoost 0.9294 £ 0.0169 0.86 0.74 0.82 0.77 —
LSTM 0.9335 + 0.0089 0.87 0.73 0.84 0.78 —
CNN-1D 0.9246 + 0.0167 0.85 0.74 0.81 0.76 —

Logistic Regression achieved the highest mean AUC-ROC of 0.9431 + 0.0081, indicat-
ing strong discriminative performance and stability across folds. Random Forest attained a
mean AUC-ROC of 0.9374 £ 0.0102, while XGBoost achieved 0.9294 * 0.0169. Among the
deep learning models, LSTM achieved an AUC-ROC of 0.9335 * 0.0089 and CNN-1D
achieved 0.9246 £ 0.0167. Based on these results, Logistic Regression was selected as the final

prediction model.

The final Logistic Regression model, trained on the fully resampled training set, was
evaluated on the independent hold-out test set (n = 1,200). The model demonstrated strong
performance, achieving an accuracy of 0.8875, precision of 0.7378, recall of 0.8533, F1-score

of 0.7913, and AUC-ROC of 0.9454. The confusion matrix is shown in Figure 3.
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I
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Figure 3. Confusion matrix of the logistic regression model
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4.2.1. Ablation Study: Impact of SMOTE-ENN and Hyperparameter Optimization

To isolate the individual and combined contributions of SMOTE-ENN and hyperpa-
rameter optimization, an ablation study was conducted using Logistic Regression under four

conditions:

SMOTE-ENN only
Hyperparameter optimization only

Combined SMOTE-ENN and optimization

Baseline (default hyperparameters, no resampling)

All configurations were evaluated using identical train—test splits with 10-fold cross-val-
idation to ensure a fair comparison. The results are summarized in Table 4.
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Table 4. Performance comparison across SMOTE-ENN and hyperparameter optimization condi-
tions

Configuration AUC-ROC Accuracy Precision Recall F1-Score A AUC (%)
Condition 1: Baseline (No
resampling; Default 0.8745 0.8367 0.7892 0.6733 0.7270 Baseline
params)
Condition 2: SMOTE-
ENN only (Default 0.8923 0.8450 0.7645 0.8133 0.7879 +2.0%
params)

Condition 3: Optimiza-
tion only (No resampling;  0.9212 0.8623 0.7245 0.7267 0.7724 +5.3%
Tuned params)
Condition 4: Final model
(SMOTE-ENN; Optimi-  0.9454 0.8817 0.7342 0.8533 0.7901 +8.1%
zation)

Note: All configurations were evaluated on the identical test set (n = 1,200) using Logistic Regression.
A AUC (%) represents relative improvement over the baseline.

The ablation analysis provides several important insights. The baseline model (Condition
1) achieved moderate performance (AUC-ROC = 0.8745; recall = 0.6733), reflecting the dif-
ficulty of identifying positive cases under the 3:1 class imbalance. Applying SMOTE-ENN
alone (Condition 2) substantially improved recall to 0.8133 (+20.9%), although with reduced
precision (0.7645) and only modest AUC-ROC improvement (0.8923, +2.0%). Hyperparam-
eter optimization alone (Condition 3) yielded a stronger AUC-ROC improvement (0.9212,
+5.3%), but recall remained comparatively lower (0.7267), indicating that parameter tuning
alone cannot fully address class imbalance.

The combined approach (Condition 4) produced the best overall performance, achieving
an AUC-ROC of 0.9454 (+8.1%), high recall (0.8533), recovered precision (0.7342), and the
highest accuracy (0.8817). These findings suggest that SMOTE-ENN and hyperparameter
optimization address complementary aspects of model petformance—namely class imbalance
mitigation and decision boundary refinement—and that their joint application is important
for achieving robust performance in imbalanced healthcare prediction tasks.

4.3. Risk Prediction

The optimal model was used to generate T2DM risk probabilities for all women with
prior GDM. The resulting risk distribution is illustrated in Figure. 4.

1
0304 m 1 — KDE
I == Mean: 26.7%
! Median: 0.3%
1
0.251 1
1
I
1
1
0.20 - !
> I
= 1
g 1
£ 0.15 !
a 1
]
1
0.10 :
I
1
! |
0.05 - :
B 1
]
1
0.00 — ‘ i
0 20 40 60 80 100

T2DM Risk (%)

Figure 4. Risk distribution
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The predicted T2DM risk distribution among women with prior GDM is distinctly bi-
modal and strongly right-skewed. Most individuals cluster near the low-risk region (median
= 0.3%), while a smaller subgroup clusters near the upper-risk boundary. The substantial
divergence between the median and the mean (26.7%) highlights the disproportionate influ-
ence of a relatively small high-risk subgroup on the overall distribution.

This pattern indicates that the model effectively stratifies the population into a large,
low-risk majority and a smaller, yet clinically important, high-risk group. Such separation sup-
ports a risk-guided rather than uniform approach to post-GDM surveillance. Based on the
predicted distribution, approximately one quarter of the cohort may warrant more intensive
follow-up for T2DM prevention.

4.4. Feature Importance Analysis

SHapley Additive exPlanations (SHAP) analysis was performed to quantify feature-level
contributions to model predictions. The mean absolute SHAP values for the selected predic-
tors are summarized in Table 5.

Table 5. Feature importance based on mean absolute SHAP values.

Rank Feature Mean |SHAP|
1 Insulin treatment during pregnancy 0.099
2 History of recurrence of GDM 0.073
3 Obesity or unhealthy postpartum weight gain 0.063
4 Elevated HbAlc during pregnancy 0.055
5 Large for gestational age 0.031
6 Macrosomia (birth weight > 3.5 kg) 0.031
7 Physical inactivity 0.029
8 Pregnancy complications (hypertensive) 0.028
9 Abnormal OGTT results 0.016
10 Unhealthy diet 0.014
High
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Obesity_or_unhealthy_postpartum_weight_gain . s '{
Elevated_HbAlc_during_pregnancy % 4
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SHAP value (impact on model output)

Figure 5. SHAP summary plot
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Insulin treatment during pregnancy emerged as the most influential predictor (mean
|[SHAP| = 0.099), followed by history of GDM recurrence (0.073), obesity or unhealthy
postpartum weight gain (0.063), and elevated HbAlc during pregnancy (0.055). Overall, the
importance profile reflects a combination of clinical severity markers and modifiable lifestyle
factors. Figure 5. SHAP summary plot illustrating feature contributions to T2DM risk pre-
dictions. Features are ordered by mean absolute SHAP value. Red points indicate higher fea-
ture values, whereas blue points indicate lower values. Positive SHAP values correspond to
increased predicted risk.

4.5. Optimization Algorithm Performance

Nine optimization techniques were evaluated across 10 budget scenarios and five priority
thresholds, resulting in a total of 450 optimization runs. Table 6 summarizes the aggregated
performance metrics for each algorithm.

Table 6. Optimization algorithm performance summary (mean across all scenarios)

Mean Women with High-Risk

Algorithm Mean Priority Prior GDM Coverage Efficiency
Linear Programming 901.47 1,199 65.26% 0.00044
Simulated Annealing 901.38 1,200 65.24% 0.00044

Dynamic Programming 901.37 1,200 65.24% 0.00044
Greedy (Efficiency) 901.37 1,200 65.24% 0.00044
Ant Colony 890.05 1,188 64.63% 0.00043
Greedy (Priority) 869.63 1,117 63.37% 0.00042
Genetic Algorithm 774.53 1,397 56.81% 0.00039
Particle Swarm 704.25 1,159 51.75% 0.00036

Linear Programming (LP) achieved the highest mean overall priority score (901.47) while
maintaining consistent performance across budget levels. Simulated Annealing (901.38) and
Dynamic Programming (901.37) demonstrated near-equivalent performance, with Greedy
(Efficiency) matching Dynamic Programming. The Genetic Algorithm (GA), despite a lower
mean priority score (774.53), selected, on average, a larger number of women (1,397), sug-
gesting broader solution-space exploration. Particle Swarm Optimization (PSO) exhibited the
lowest mean performance (704.25). The Differential Evolution (DE) algorithm was excluded
from further analysis due to technical constraints encountered during parallel computation.
Table 7 presents the optimal solutions identified for each budget scenario.

Table 7. Optimal solutions by budget scenatio

Budget Amount Best Algorithm Womet(l;lxgn;[h Prior Priority I_(I:l(’)gjlef:;sek
5% $390,313 Genetic Algorithm 908 695.17 50.5%
10% $780,625 Genetic Algorithm 2,958 685.33 48.5%
15% $1,170,938 Genetic Algorithm 2,970 695.72 49.3%
20% $1,561,250 Genetic Algorithm 2,997 712.17 50.7%
25% $1,951,563 Linear Programming 1,051 852.32 60.5%
30% $2,341,875 Linear Programming 1,238 999.75 71.3%
40% $3,122,500 Simulated Annealing 1,603 1,271.57 93.2%
50% $3,903,125 Linear Programming 2,123 1,400.71 100.0%
60% $4,683,750 Simulated Annealing 2,749 1,410.86 100.0%
75% $5,854,688  Linear Programming 3,633 1,413.17 100.0%

At lower budget levels (5-20%), the GA tended to identify solutions that selected more
women with prior GDM but yielded lower total priority scores. For moderate to high budget
levels (25—-75%), LP and Simulated Annealing consistently identified the highest-quality solu-
tions. At the 25% budget level ($1,951,563), LP selected 1,051 women with prior GDM,
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achieving a total priority score of 852.32 and 60.5% high-risk coverage. At the highest budget
level (75%), full coverage of high-risk women (100%) was achievable, with 3,633 women
prioritized. The heatmap in Fig. 6(a) visualizes total priority scores achieved by each algorithm
across budget levels, while Fig. 6(b) illustrates the mean algorithmic efficiency (priority per
dollar spent).
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Figure 6. Optimization results across budget scenarios. (a) Heatmap of total priority scores achieved by each algorithm at different
budget levels; (b) Mean algorithmic efficiency measured as priority per dollar spent.

4.6. Multi-Objective Optimization and Pareto Analysis

Pareto frontier analysis identified four non-dominated solutions that jointly optimize
total priority and high-risk coverage. These solutions were observed at the 75% budget level
using Linear Programming (LP), Simulated Annealing (SA), Greedy (Efficiency), and Dy-
namic Programming (DP), each achieving a total priority of 1,413.17 with 100% high-risk
coverage.

The Pareto frontier, shown in Figure 7, highlights the trade-off between maximizing
total priority and achieving high-risk coverage. At lower budget levels, clear trade-offs emerge
between maximizing aggregate priority and ensuring comprehensive coverage of the highest-
risk women with prior GDM. As the budget increases, the solution space converges toward
full high-risk coverage.
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Figure 7. Pareto frontier analysis.
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4.7. Optimal Resource Allocation Analysis
4.7.1. Selection of the Recommended Solution

The optimization framework evaluated multiple algorithms across budget scenarios
ranging from 5% to 75% of total intervention costs. Although the composite score provides
a useful aggregate indicator that combines priority, coverage, efficiency, and budget utiliza-
tion, selecting a practically deployable solution requires consideration of feasibility constraints
and public health objectives. Table 8 summatizes the highest composite score solution for
each budget category.

Table 8. Best composite score by budget category.

B Budget . quen with Total  Cost Used Budget High-Risk . Composite
udget Amount ($) Algorithm Prior GDM Priority ) Utilization (%) Coverage Efficiency Score
Selected (%)

5% 390,312.50 GA 2,881 655.67  3,735,150.00 956.96 46.46 0.000176 1.3517
10%  780,625.00 GA 2,958 685.33  3,814,900.00 488.70 48.53 0.000180 0.8997
15%  1,170,937.50 GA 2,970 695.72  3,867,450.00 330.29 49.34 0.000180 0.7468
20%  1,561,250.00 GA 2,997 71217 3,921,200.00 251.16 50.66 0.000182 0.6769
25%  1,951,562.50 LP 1,051 852.32  1,951,450.00 99.99 60.50 0.000437 0.6964
30%  2,341,875.00 LP 1,222 996.63  2,341,950.00 100.00 71.91 0.000426 0.7670
40%  3,122,500.00 LP 1,582 1,267.09  3,121,800.00 99.98 94.17 0.000406 0.9025
50%  3,903,125.00 LP 2,123 1,400.71  3,903,550.00 100.01 100.00 0.000359 0.9391
60%  4,683,750.00 LP 2,748 1,410.86  4,683,250.00 99.99 100.00 0.000301 0.9191
75%  5,854,687.50 LP 1,782 1,370.21  3,469,650.00 59.26 100.00 0.000395 0.9041

Inspection of Table 8 shows that GA solutions at lower budget levels (5-20%) achieve
higher composite scores (0.6769-1.3517). However, these solutions substantially exceed their
allocated budget limits, with utilization ranging from 251% to 957% of the designated budget.
Consequently, despite favorable composite scores, these configurations are not feasible for
real-world deployment under fixed public health budget constraints.

The 25% budget scenario using LP emerges as a practically balanced solution when con-
sidering both optimization performance and implementation feasibility. This configuration
achieves 99.99% budget utilization, ensuring near-complete deployment of allocated re-
sources without exceeding fiscal constraints. Table 9 summarizes the key characteristics of
this recommended configuration.

Table 9. Recommended solution characteristics (25% budget, LP).

Parameter Value
Budget Allocated $1,951,562.50
Budget Utilized $1,951,450.00
Budget Utilization Rate 99.99%
Women with Prior GDM Selected 1,051
Total Priority Score 852.32
High-Risk Coverage 60.50%
Efficiency (Priority per Dollar) 0.000437
Composite Score 0.6964

Execution Time 0.20 seconds

Table 10 provides a comparative analysis of algorithm performance at the 25% budget
level.
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Table 10. Optimal solutions by budget scenario

. Wo'men with Total Bfl%dgf.:t High-Risk . Composite

Algorithm Prior GDM Priority Utilization Coverage  Efficiency Score
Selected (%) (%)

Linear Programming 1,051 852.32 99.99 60.50 0.000437 0.6964
Simulated Annealing 1,051 852.32 99.99 60.50 0.000437 0.6964
Greedy (Efficiency) 1,051 852.32 99.99 60.50 0.000437 0.6964
Ant Colony 1,045 831.49 99.99 59.75 0.000426 0.6840
Greedy (Priority) 936 816.41 100.00 58.62 0.000418 0.6733
Genetic Algorithm 2,931 091.37 195.34 48.90 0.000181 0.6098
Particle Swarm 1,459 386.24 99.97 27.59 0.000198 0.3708

4.7.2 Characteristics of Priortitized Women

Analysis of the 1,051 selected women revealed consistent clinical patterns among the
highest-priority cases. Individuals with priority scores exceeding 0.91 generally exhibited
T2DM risk probabilities above 99.7% (very high risk) and presented multiple modifiable risk
factors, including obesity, physical inactivity, and unhealthy dietary patterns. The estimated
intervention cost for these high-priority individuals was approximately $2,250 per patient.

The mean predicted risk probability among the selected cohort was substantially higher
than the overall population average, indicating that the prioritization framework effectively
concentrates resources on individuals with elevated projected risk. Table 11 lists the top 10
women with prior GDM who are prioritized for intervention.

Table 11. Top 10 prioritized women with prior GDM for intervention

Patient ID T2DM Risk Probability Priority Score Intervention Cost ($)
1886 0.998465 0.912883 2250.0
1405 0.998465 0.912883 2250.0
2601 0.998465 0.912883 2250.0
3546 0.998465 0.912883 2250.0
548 0.998465 0.912883 2250.0
4733 0.998465 0.912883 2250.0
627 0.997881 0.912348 2250.0
5477 0.997804 0.912278 2250.0
929 0.997804 0.912278 2250.0
3443 0.997804 0.912278 2250.0

Figure 8 presents a SHAP waterfall plot illustrating the individual feature contributions
to the model prediction for a representative high-risk case. This visualization enhances intet-
pretability by enabling clinicians to identify the primary drivers of predicted risk at the indi-
vidual level, thereby supporting more informed clinical assessment and targeted preventive
planning.

5. Discussion

5.1. Primary Findings

This study developed and validated an integrated framework combining machine-learn-
ing—based risk prediction with multi-algorithm optimization to prevent T2DM among
women with prior GDM. The findings demonstrate the feasibility and practical relevance of
this two-phase approach for evidence-informed prioritization under resource constraints. Im-
portantly, the primary contribution of this work lies not in achieving the highest AUC (alt-
hough the predictive performance is competitive), but in systematically integrating risk pre-
diction with optimization-based prioritization within realistic budget constraints.
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Figure 8. SHAP waterfall plot for a representative high-risk woman with prior GDM.

5.1.1. Predictive model performance.

The Logistic Regression model demonstrated strong discriminative performance,
achieving an AUC-ROC of 0.9454 on the independent hold-out test set and outperforming
more complex approaches, including deep learning architectures. This observation aligns with
prior evidence indicating that, for structured tabular clinical data with well-defined predictors,
classical machine learning models often perform compatably to—or in some cases better
than—deep learning models while maintaining superior interpretability and computational
efficiency. The model also achieved high recall (0.8533), which is particularly valuable in
screening contexts where identifying true positive cases is prioritized over minimizing false
positives.

5.1.2. Key risk factors.

SHAP analysis identified insulin treatment during pregnancy as the most influential pre-
dictor of subsequent T2DM risk (mean |[SHAP| = 0.099). This result is clinically plausible,
as insulin requirement during pregnancy typically reflects more severe glucose intolerance and
underlying beta-cell dysfunction. History of recurrent GDM (| SHAP| = 0.073) emerged as
the second most important predictor, highlighting the cumulative metabolic burden associ-
ated with repeated gestational hyperglycemia. Notably, several modifiable lifestyle factors—
including obesity or unhealthy postpartum weight gain (| SHAP| = 0.063), physical inactivity
(|SHAP| = 0.029), and unhealthy diet (| SHAP| = 0.014)—also contributed meaningfully to
risk estimates, underscoring potential targets for preventive intervention.

5.1.3. Optimization performance.

Among the nine optimization techniques evaluated, Linear Programming (LP) consist-
ently achieved the highest total priority scores across budget scenarios, with a mean priority
of 901.47 and 65.26% high-risk coverage. The deterministic optimality properties of LP ap-
pear well suited to this resource allocation structure. Simulated Annealing and Dynamic Pro-
gramming produced near-equivalent results, indicating robustness across established optimi-
zation paradigms. Interestingly, the computationally simpler Greedy (Efficiency) heuristic
achieved performance comparable to that of Dynamic Programming, suggesting that, for this
specific problem structure, highly complex metaheuristics may not always yield additional
practical benefit.
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5.1.4. Budget-dependent resource allocation.

The relationship between budget allocation and high-risk coverage reveals important
operational trade-offs for healthcare planning. At a 25% budget allocation ($1.95 million),
approximately 60.5% of very high-risk women with prior GDM could be prioritized for in-
tervention. Full coverage (100%) of high-risk women was achieved at the 50% budget level
($3.90 million), after which marginal gains diminished. These quantified budget—coverage re-
lationships provide actionable planning insight for healthcare administrators when setting
funding levels and coverage targets.

5.1.5. Pareto-optimal solutions.

Multi-objective optimization identified four Pareto-optimal solutions that jointly max-
imized total priority and high-risk coverage. These solutions emerged at the 75% budget level,
each achieving comparable performance (priority = 1,413.17; coverage = 100%). This con-
vergence suggests that at higher budget levels multiple algorithms can reach similar optimal
frontiers, whereas under tighter budget constraints algorithm selection becomes more conse-
quential.

5.2. Contextual Comparison: Model Performance in Literature and Methodological
Positioning

The present study contributes to the T2DM prevention literature in women with prior
GDM by proposing an integrated framework that combines machine-learning—based risk pre-
diction with multi-algorithm optimization for budget-constrained prioritization. Rather than
focusing solely on predictive accuracy, the framework emphasizes the operational translation
of risk estimates into actionable resource allocation strategies.

Table 12 provides a contextual comparison with representative studies across both pre-
diction and optimization domains. The comparison highlights that most prior work has ad-
dressed either risk prediction or resource optimization in isolation, whereas relatively few
studies have attempted to bridge these components within a unified decision-support pipe-
line.

Table 12. Contextual comparison: model performance in literature and methodological positioning

Integration with

Study Domain/Scope Best Algorithm Key Metrics Key Findings Resource Allocation
T2DM prediction - o . -
. . . _ + .
Khan et al. [44] (GDM—T2DM) Decision Tree  AUC: 0.92; Acc: 91%  Real-world + omics Prediction only
Lictal o] L2PMprediction (post- 0 o qel AUROC: 82,8y,  TNon-invasive clinical fea- oo oty
partum) tures
Laictal 45 [20Mprediction (meta- g 0o dneq AUC: 0.883 Metabolic signatures at - i0io0 only
bolic) 6-9 weeks postpartum
Joglekar et al. T2DM prediction Penalized logistic AUC: 0.92 (miRNA); miRNAs enhance predic- Prediction only
[46] (miRNA) regression 0.83 (clinical) tion ediction only
Kumar etal. T2DM prediction (preg- CatBoost AUC: 0.86 Mid-pregnancy clinical Prediction only
[51] nancy) features ’
Houri et al, [50] 1 2PM prediction (glu- XGBoost  AUC: 0.85; Acc: 919, Clucose metabolismpat- o gi0 o0 oty
cose) terns
Ilari et al. (2022) T2DM pre.dlcnon (GDM L.2-LogReg AUC: 0.884; F1: 0.83 ML comparison in GDM Prediction only
[40] history) women
Belsti et al, [52] | 20M prediction (@nte- oo AUC: 0.76-0.85 ~ ntenatal and postnatal o oy
natal/postnatal) models ’
D'Aeth etal.  Hospital resource opti- Linear Program« 50,750-5.89M life- LP improves allocation Optimization only (LP)
[54] mization ming years saved efficiency
Mizan & Taghi- Medical resource alloca- ML + optimization Reduc?d waiting Hybrid approach Optlm.lzatl.on ley
pour [59] tion times ’ (multi-objective)
Stuart et al. [55] Health resource policy Constr.am?d opti- Ev1dence-based allo- Budget—c.o.nstr.amed pri- Opnrmzan(?n only (con-
mization cation oritization strained)
. . GTARS-DRL vs ) Deep RL matched GA Optimization only
Zuo etal. [60] Outpatient scheduling GA ACPU: 0.762 s quality (scheduling RL)
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Integration with

Study Domain/Scope Best Algorithm Key Metrics Key Findings Resource Allocation
Zhou et al. [75] CVD prevention Duramax R Policy value: 93 vs 68 Long—teFm. preventive Optimization only
optimization (treatment RL)

Optimization only (dos-
age RL)
Optimization only

Wang et al. [73] T2DM insulin titration RL-DITR MAE: 1.10£0.03 U Improved insulin dosing

Mortality: 3.8% —

Lee et al. [82] Acute dyspnea treatment PROP-RL 2.2% Robust offline RL policy (treatment RT)
Arora et al. [83] System-wide healthcare ML ensemble Framework study Integrated resource Both
allocation framework

Frommeyer et Precision medicine DTR Various RL 46 studies reviewed Multl—specla.lty RI appli- Optlmlzatlgn—focused
al. [84] cations review

Wu etal. [85] Healthcare operations RL methods 321 documents ~ Multi-level optimization Opmmlzrisir\lx;focused
Teo et al. [86] Generatlvcehil in medi- Foundation models Review End-to-end Al pipelines Both
Li et al. [87] Medical AT scaling Context—swltchlng Adaptive inference Cross-context robustness Both

paradigm
Neuwahl'etal. - GDM screening & pre- Decision Tree ICER: $48,588 Cost-effectiveness Both (economic focus)

[66] vention $122,279/QALY
Lloyd et al. [67] GDM prevention  Decision modeling ROI: AU$1.22 per $1  Cost-saving strategy ~ Both (economic focus)

Integrated predictive—
prescriptive framework
with SHAP interpretabil-

ity

AUC: 0.9454; Acc:
88.75%; F1: 0.79; Pri-
ority: 901.47

Both (ML prediction +
budget-constrained opti-
mization)

Integrated T2DM predic- Logistic Regression

This study . S
Y tion + prioritization + LP

Overall, the comparison indicates that prior studies have predominantly emphasized ei-
ther predictive modeling accuracy or standalone optimization. In contrast, the present work
focuses on the operational linkage between risk estimation and budget-constrained prioriti-
zation. The results suggest that such integration can provide complementary decision support
for population-level T2DM prevention planning among women with prior GDM. Im-
portantly, the contribution of this study should be interpreted as methodological integration
rather than solely predictive superiority. While the achieved AUC-ROC is competitive relative
to prior work, the primary added value lies in demonstrating how risk predictions can be
systematically translated into resource allocation decisions under explicit budget constraints.

5.2.1. Competitive Performance in Risk Prediction with Enhanced Applicability

With respect to predictive performance, the Logistic Regression model achieved an
AUC-ROC of 0.9454, indicating competitive discrimination relative to leading studies in the
literature. Importantly, the principal contribution of this work lies not in pursuing the highest
possible AUC, but in integrating risk prediction with optimization-based prioritization under
explicit resource constraints—a gap that remains insufficiently addressed in translational re-
search.

Khan et al. [44] reported an AUC of 0.92 using Decision Trees combined with omics
data, while Joglekar et al. [46] achieved comparable performance (AUC: 0.92) through circu-
lating miRINA integration. However, these approaches rely on specialized biomarker assays.
In contrast, the present model utilizes routinely collected clinical variables, which may en-
hance practical deployability, particulatly in resource-constrained settings. Similarly, Lai et al.
[45] achieved an AUC of 0.883 using metabolic signatures measured at 6—9 weeks postpartum,
which also require additional laboratory assessments.

When compared with machine learning models based on standard clinical features—
such as Kumar et al. [51] using CatBoost (AUC: 0.86), Houri et al. [44] using XGBoost (AUC:
0.85), Ilari et al. [52] using L2-penalized Logistic Regression (AUC: 0.884), and Li et al. [39]
using Cox models (AUROC: 82.8%)—the proposed model demonstrates strong and com-
petitive discrimination while maintaining interpretability through SHAP analysis. Belsti et al.
[42] reported AUC values ranging from 0.76 to 0.85 for antenatal and postnatal models, fur-
ther situating the present results within the upper range of reported performance for T2DM
prediction among women with prior GDM.
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5.2.2. Bridging the Optimization Gap in Preventive Care

Recent healthcare resource allocation studies have largely emphasized operational effi-
ciency rather than preventive prioritization. D'Aeth et al. [54] demonstrated the effectiveness
of Linear Programming (LP) for hospital bed allocation, while Mizan and Taghipour [59]
explored hybrid ML—optimization approaches to reduce patient waiting times, and Stuart et
al. [55] applied constrained optimization for evidence-based health resource allocation. Zuo
et al. [60] further investigated deep reinforcement learning for outpatient scheduling. How-
ever, these studies did not explicitly address budget-constrained patient prioritization for dis-
ease prevention.

More recent reinforcement learning approaches have shown promise in treatment opti-
mization. Zhou et al. [75] reported a 6% reduction in cardiovascular disease risk through long-
term lipid control (policy value: 93 vs. clinicians’ 68), Wang et al. [73] achieved improved
insulin titration with 90.2% physician adoption, and Lee et al. [82] reported mortality reduc-
tion from 3.8% to 2.2% in acute dyspnea management. While these studies optimize treat-
ment policies, they do not directly address preventive prioritization under explicit budget
constraints.

Comprehensive frameworks (Arora et al. [83]), systematic reviews (Frommeyer et al.
[84]; Wu et al. [85]), and recent advances in generative Al [86] and context-switching
paradigms [87] have broadened the methodological landscape. Nevertheless, the integration
of prediction with budget-constrained preventive prioritization for women with prior GDM
remains limited.

The few GDM-focused economic optimization studies—Neuwahl et al. [66] and Lloyd
et al. [67]—ptimatily evaluated cost-effectiveness (ICER: $48,588-$122279/QALY; ROI:
AU$1.22 per $1 invested) rather than operational patient selection under resource constraints.

In this context, the present study systematically evaluates nine optimization algorithms
across 10 budget scenarios. LP consistently achieved the highest mean total priority (901.47)
with 65.26% high-risk coverage. The analysis further indicates that full coverage of high-risk
women with prior GDM becomes achievable at the 50% budget level ($3.90 million), provid-
ing quantitative planning insight for healthcare administrators. Additionally, the identification
of Pareto-optimal solutions at the 75% budget level supports flexible multi-objective deci-
sion-making.

5.2.3. Novel Integrated Framework for Translational Impact

Unlike prior studies that typically examine prediction and optimization separately (see
Table 12), the proposed framework establishes a continuous translational pathway from risk
stratification to resource allocation. While Arora et al. [83] outlined a system-level resource
framework and recent advances in generative Al [86] and medical Al scaling [87] have im-
proved prediction and deployment capabilities, few studies have specifically integrated ML-
based T2DM risk prediction with budget-constrained prioritization for women with prior
GDM.

The proposed framework combines interpretable risk estimation (via SHAP) with sys-
tematic optimization benchmarking to address key operational questions: (i) which women
should be prioritized for intervention; (ii) how many high-risk individuals can be covered
under varying budget levels; and (iii) how trade-offs among coverage, efficiency, and resource
utilization can be balanced. By empirically evaluating these dimensions through structured
algorithm comparison and budget sensitivity analysis, the study provides a practical blueprint
for evidence-informed prioritization in preventive care settings.

5.3. Strengths

Several methodological strengths support the robustness of the present study. The vali-
dation strategy—combining 10-fold stratified cross-validation with an independent hold-out
test set—provides reliable generalization estimates. Importantly, SMOTE-ENN resampling
was applied exclusively within training folds, minimizing the risk of data leakage. The com-
prehensive benchmarking of nine optimization algorithms across 450 scenarios offers detailed
comparative insight for healthcare decision contexts. Pareto frontier analysis explicitly
acknowledges competing objectives in resource allocation, enabling flexible decision-making
rather than enforcing a single prescriptive solution.

Model interpretability is enhanced through SHAP analysis, which clearly identifies mod-
ifiable risk factors that may support targeted preventive strategies. The composite priority
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score—integrating both clinical risk and intervention amenability—helps ensure that selected
individuals are not only high risk but also potentially responsive to lifestyle interventions.
Finally, the sub-second execution time of LP (<0.5 seconds) indicates practical feasibility for
near—real-time clinical decision support environments.

5.4. Limitations

The primary limitation of this study is the reliance on synthetic rather than real-world
clinical data. Although the dataset was carefully constructed to reflect plausible epidemiolog-
ical patterns, synthetic data cannot fully capture real-world complexity, measurement error,
and unobserved confounding. Consequently, the observed AUC-ROC of 0.9454 should be
interpreted cautiously and may represent an upper-bound estimate; real-world performance
would likely decline in the presence of missing data, incomplete documentation, and loss to
follow-up. In addition, single-source development limits generalizability across populations
with differing demographics, healthcare access, and risk factor distributions, underscoring the
need for external validation.

A further limitation is the absence of a comprehensive calibration assessment. While
discrimination metrics were reported, the study did not assess agreement between predicted
probabilities and observed event rates—an important consideration for clinical decision-mak-
ing, where absolute risk estimates inform resource allocation. Calibration plots, calibration
slope, calibration-in-the-large, and decision curve analysis were not performed; therefore, the
potential for systematic risk misestimation cannot be excluded.

The optimization framework also has technical limitations that currently preclude direct
clinical deployment. Most notably, the Genetic Algorithm did not strictly enforce budget con-
straints, resulting in infeasible solutions that exceeded the budget limits (e.g., up to 957%
utilization under a 5% constraint). Formal Integer Linear Programming (ILP) or Mixed-Inte-
ger Linear Programming (MILP) formulations were not implemented, and feasibility repair
mechanisms or penalty-based constraint handling were not incorporated. These aspects re-
quire further methodological refinement before operational use.

Moreover, the cross-sectional dataset captures predictors at a single time point without
longitudinal follow-up linked to observed T2DM incidence, which limits confidence in long-
term prognostic validity. Future work incorporating longitudinal trajectories and time-varying
covariates could improve risk estimation and enable adaptive prevention strategies. The sim-
plified tiered intervention cost model—based primarily on the count of modifiable risk fac-
tors—does not fully reflect real-world cost heterogeneity across healthcare systems, delivery
modalities, or patient adherence patterns.

Finally, modeling T2DM risk as a binary outcome omits clinically relevant intermediate
glycemic states. Multi-class classification or time-to-event survival modeling could provide
more nuanced risk stratification across the continuum of glycemic deterioration. Collectively,
these limitations indicate that the present work should be interpreted as a methodological
proof-of-concept requiring further real-world validation prior to clinical deployment.

5.5. Clinical Implications

Despite the above limitations, the proposed framework illustrates the potential utility of
risk-stratified postpartum surveillance by directing preventive resources toward women at el-
evated T2DM risk. The finding that approximately 60.5% high-risk coverage may be achieved
at 25% of total potential spending provides a quantitative reference point for budget planning
and payer discussions.

SHAP-based interpretability further supports individualized intervention planning. For
example, women identified with obesity-related risk profiles may be prioritized for dietary and
weight-management programs, whereas those with prominent physical inactivity signals may
benefit from structured exercise interventions. Such differentiation may improve alignment
between risk drivers and preventive strategies.

From a health system perspective, the observation that full high-risk coverage becomes
achievable at approximately the 50% budget level offers an evidence-informed planning
benchmark. However, these estimates should be validated in real-wotld cohorts before being
used for policy decisions.
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5.6. Future Work

Prospective cohort validation following women with prior GDM over 5-10 years is a
critical next step to establish real-world performance. Such studies would enable comprehen-
sive calibration assessment, including calibration plots, calibration slope, calibration-in-the-
large, and decision cutve analysis, thereby complementing the discrimination metrics reported
here. From an optimization standpoint, the framework would benefit from reformulation
using ILP or MILP with strict constraint enforcement, explicit feasibility filtering, and trans-
parent reporting of feasible solution rates to support fair algorithm comparison and guaran-
teed budget adherence.

Multi-site external validation across diverse healthcare systems is also necessary to eval-
uate model transportability and identify potential recalibration needs, particularly given that
calibration often degrades across populations even when discrimination remains acceptable.
Integration with formal health economic modeling could further enable cost-effectiveness
evaluation incorporating QALY's and long-term cost savings.

Future methodological extensions may include longitudinal modeling with time-varying
covariates, heterogeneous treatment effect modeling, and algorithmic fairness auditing across
demographic subgroups to support equitable precision prevention. Embedding the frame-
work within electronic health record—based clinical decision support systems would facilitate
real-world deployment and enable continuous learning from observed outcomes.

5.7. Ethical Considerations

Al-driven prioritization systems raise important fairness and governance considerations.
Prior to deployment, rigorous subgroup performance evaluation across demographic dimen-
sions—including race/ethnicity, socioeconomic status, and geography—is necessary to miti-
gate the risk of amplifying existing healthcare disparities.

Transparent and explainable predictions, combined with appropriate human oversight,
appeal mechanisms, and procedural safeguards, are essential for responsible clinical use. Any
real-world implementation would require institutional review board approval and alignment
with established healthcare Al governance frameworks (e.g., WHO, NIH, FDA), alongside
ongoing monitoring for algorithmic bias and unintended consequences.

6. Conclusions

This study presents an integrated framework combining machine learning—based risk
prediction with multi-algorithm optimization for T2DM prevention among women with prior
GDM. The Logistic Regression model achieved strong discriminative performance (AUC =
0.9454), while SHAP analysis highlighted insulin treatment during pregnancy, GDM recur-
rence history, and postpartum weight status as influential predictors. Across optimization ex-
periments, Linear Programming consistently produced high-quality prioritization solutions,
with approximately 60.5% high-risk coverage achievable at a 25% budget level and full cov-
erage observed at 50% allocation within the simulated setting. By linking predictive modeling
with formal resource allocation, the framework illustrates a potential pathway from risk esti-
mation to operational decision support.

Importantly, the present study should be interpreted as a methodological proof-of-con-
cept based on synthetic data. Substantial real-world validation—including prospective evalu-
ation, external generalizability testing, calibration assessment, and workflow integration—re-
mains necessary before clinical adoption. Nevertheless, the publicly available framework pro-
vides a structured foundation for future validation studies aimed at determining whether in-
tegrated predictive—prescriptive approaches can translate into measurable improvements in
population-level diabetes prevention and patient outcomes..
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