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| ABSTRACT 

Hospitals with diabetic patients experience serious clinical problems because patients with diabetes develop glycemic instability 

which causes their blood glucose levels to fluctuate unpredictably. The process of identifying high-risk patients should start 

immediately because it requires accurate detection methods which help to protect patient safety. Healthcare experts face 

multiple difficulties when attempting to predict glycemic instability because clinical data exhibits extreme class imbalance and 

laboratory results plus medications and patient characteristics show complex interactions. The UCI 130-hospital diabetes dataset 

serves as the foundation for our complete machine learning and deep learning system which we developed to predict glycemic 

instability risk. The combination of Synthetic Minority Over-sampling Technique (SMOTE) with cost-sensitive learning provides 

us with a solution to tackle the challenges that arise from extreme class imbalance. The seven predictive models which include 

Logistic Regression, Random Forest, Gradient Boosting, XGBoost, Support Vector Machine, Multi-Layer Perceptron (MLP) and 

TabNet use a clinically informed decision threshold which helps them to detect medical conditions with high accuracy. The 

evaluation of model performance examines five metrics which include accuracy, precision, recall, F1-score and ROC-AUC. The 

experimental results show that machine learning through deep learning and ensemble methods achieves better results for 

detecting glycemic instability than traditional classifiers. The deep learning models TabNet and MLP exhibit high sensitivity for 

detecting unstable patients while Gradient Boosting and Random Forest demonstrate superior discriminative ability with ROC-

AUC values close to 0.99. The analysis of feature importance shows that HbA1c levels, maximum glucose concentration, number 

of diagnoses, and insulin usage are the most influential predictors of instability. The research results demonstrate that models 

which use imbalance-aware machine learning together with explainable models can achieve accurate predictions. 
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1.0 Introduction 

Diabetes mellitus is among the most prevalent chronic illnesses in the United States, affecting over 37 million patients and 

contributing substantially to the total healthcare expenditure (Aranaz et al., 2023). Glycemic variability, which is described as 

recurrent and irregular fluctuations between hypo- and hyperglycemic episodes, is a serious clinical issue in the management of 

diabetes mellitus. This variability has been closely associated with hospitalization, mortality, and microvascular as well as 

macrovascular complications (Ceriello et al., 2022; Monnier et al., 2023). The current state of hospital glucose control remains 

largely reactive, with treatment efforts being made only after the occurrence of adverse glucose events, despite the widespread 

use of electronic health records (EHRs). 
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Healthcare providers can now use active diabetes treatment because artificial intelligence (AI) systems have reached their current 

advanced state. The machine learning models use extensive EHR data which includes laboratory results and medication records 

and diagnosis information and patient hospitalization data to detect patients who have an increased risk of glycemic instability 

before they reach critical health states (Tanvir et al., 2020; Hasan et al., 2023; Kasula, 2024). The early detection process helps 

clinicians modify insulin treatment while they develop better medication plans and raise monitoring levels which leads to fewer 

complications and safer outcomes for patients (Sağlam et al., 2022). The process of predicting glycemic instability faces significant 

technical obstacles. Most patient cases present stable conditions but instability events occur at rare intervals which creates dataset 

imbalances that force traditional classifiers to select the majority class as their prediction output (Sağlam et al., 2022). The 

laboratory test results and medication usage patterns and clinical history data interact in complex ways which lead to unpredictable 

outcomes that conventional statistical models fail to manage (Rahman et al., 2022). The complex problems require the 

implementation of advanced ensemble methods together with deep learning approaches which need special training techniques 

to handle data imbalance (Arafa et al., 2022; Monnier et al., 2025). 

 

This work applies hospital records in the United States to offer an AI-based paradigm for the risk of glycemic instability to address 

these issues. In a learning pipeline that is aware of imbalance and therapeutically optimized, seven machines learning and deep 

learning models are evaluated: Logistic Regression, Random Forest, Gradient Boosting, XGBoost, Support Vector Machine, Multi-

Layer Perceptron, and TabNet. In order to prioritize patient safety, the model design includes cost-sensitive learning, SMOTE 

oversampling, and a decision threshold that is informed by clinical considerations. Based on the experimental results, ensemble 

learning methods are superior to other clinical and predictive performances for proactive glycemic risk management. 

 

2.0 Literature Review 

Diabetes risk prediction research in its initial phase used statistical methods together with rule-based systems to analyze three 

clinical factors which were insulin dosage and body mass index and fasting glucose levels. The techniques provided useful 

descriptive information but failed to comprehend how actual hospital data exhibited both time-dependent changes and complex 

physiological connections. The field of diabetes prediction and management has experienced major changes because of recent 

artificial intelligence developments. The systematic review conducted by Khokhar et al. demonstrates how deep learning and 

machine learning techniques for diabetes prediction have developed rapidly which shows their potential for identifying diseases 

at early stages and providing diagnostic assistance and supporting clinical workflows (Khalid et al., 2025). 

 

Multiple research studies have demonstrated that ensemble machine learning models together with traditional machine learning 

models achieve better results when applied to clinical data sets, which enhances their ability to diagnose medical conditions. 

Abousaber et al. (2025) presented a strong predictive system for diabetes identification through their research which demonstrated 

that SMOTE resampling methods together with Random Forest and Gradient Boosting ensemble models improved both predictive 

accuracy and ability to detect uncommon events in unbalanced diabetes data sets. Talebi Moghaddam et al. conducted a cohort 

study to identify key diabetes risk factors within unbalanced diabetes data while they emphasized the importance of using 

imbalance detection methods for precise prediction Talebi Moghaddam et al. conducted a cohort study to identify key diabetes 

risk factors within unbalanced diabetes data (Moghaddam et al., 2024). 

 

Researchers have developed Explainable AI (XAI) as a tool which helps multiple ML frameworks to achieve better results concerning 

clinical data analysis. The combination of SMOTE with SHAP input features enables high predictive results and maintains essential 

feature importance needed for clinical decision support according to a recent study (Netayawijit et al., 2025). Deep learning models 

have extended the abilities which conventional ML methods provide to users. Zafar et al. developed a new deep learning model 

for early diabetes prediction which surpassed baseline testing results through its use of explainability methods and its application 

of oversampling techniques (Zafar et al., 2025). The research work by Khan et al. used Tabular Transformer networks (TabTrans) to 

show how advanced systems can discover complex relationships within clinical information, which they applied to diabetes risk 

assessment through multimodal health record data analysis (Khan et al., 2026). 

 

Beyond prediction, ML has been applied to examine aberrant glycemic control and risk variables in particular patient subgroups. 

For instance, Kim et al. demonstrated the therapeutic usefulness of machine learning for individualized risk stratification by using 

ML techniques to find risk factors for hyperglycemia and hypoglycemia in diabetic cancer patients (Kim et al., 2023). Rishad et al. 

(2025) demonstrated how advanced machine learning models can uncover actionable cancer insights and improve disease 

prediction accuracy, highlighting the transformative role of AI in early detection and precision healthcare applications. In general, 

recent research emphasizes how crucial it is to combine explainable models, advanced architectures, and imbalance-aware learning 

in order to increase predictive accuracy while maintaining clinical interpretability. However, this study attempts to close a gap in 

the literature by concentrating on broad diabetes diagnosis rather than dynamic glucose instability in hospital settings. 
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3.0 Methodology 

Our AI-driven framework designed to enhance early risk prediction and support more informed clinical decision-making in 

healthcare systems. This approach has broad implications for improving patient outcomes, optimizing resource allocation, and 

strengthening data-driven strategies that promote efficiency, equity, and long-term sustainability in healthcare (Alam et al., 2024). 

The proposed architecture of the AI-driven shows glycemic instability risk prediction framework. To identify high-risk patients for 

early intervention, the pipeline combines preprocessing, several machines learning and deep learning models, imbalance-aware 

learning (SMOTE and cost-sensitive weighting), electronic health records, and threshold-optimized risk prediction (Figure 1). 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Proposed Architecture of the AI-driven Glycemic Instability Risk Prediction 

 

3.1 Dataset and Study Cohort 

The dataset employed in this study is the UCI Diabetes 130-Hospital dataset (Strack et al., 2014), which is a large-scale electronic 

health record (EHR) dataset that comprises more than 100,000 inpatient records from 130 U.S. hospitals between 1999 and 2008. 

Each record in the dataset corresponds to the hospital admission of a diabetic patient and includes demographic data, lab results, 

medication use, diagnoses, and hospital outcomes. To make the dataset relevant to our research question, we introduced a new 

clinical outcome measure known as Glycemic Instability Risk (GIR). Contrary to previous research, instead of predicting hospital 

readmission, we categorized patients as having glycemically unstable conditions when there was abnormal glucose activity during 

hospitalization, as indicated by blood glucose levels and medication changes. This modification enables the dataset to be used as 

a binary classification problem, where the objective is to determine patients who are at risk of having unstable glycemic conditions 

that necessitate active clinical management (Kabir et al., 2023). 

 

3.2 Data Preprocessing 

The raw data had a combination of categorical and numerical attributes, as well as missing and undefined values. All the invalid 

values like “?” were initially considered as missing values and were imputed using the median for numerical variables and the most 

frequent category for categorical variables. Nominal variables like race, gender, type of admission, and types of medications were 

then converted to a machine-readable format using one-hot encoding. To guarantee that variables with different scales 

contributed equally to the learning of models, all the numerical variables like laboratory test results and hospital stay duration 

were normalized using Min-Max scaling. Finally, the preprocessed data was split into a training set and a testing set in an 80:20 

ratio using stratified sampling to maintain the original class distribution of glycemic stability and instability for both sets. 

 

3.3 Handling Class Imbalance 

Predictive models may be biased toward the majority class due to the extremely unbalanced classification problem caused by the 

much lower frequency of glycemic instability events compared to stable glycemic outcomes. During model training, two 

complimentary imbalance-handling techniques were used to solve this problem and guarantee accurate identification of high-risk 

patients. Initially, the training dataset was subjected to the Synthetic Minority Over-sampling Technique (SMOTE) only in order to 

produce artificial instances of patients with glycemic instability. In addition to creating a more balanced training set and increasing 
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the representation of the minority class, this procedure also prevented information from leaking into the test data, enabling models 

to more effectively learn the patterns linked to instability. 

Additionally, by giving the unstable class greater weights during training, cost-sensitive learning was included into all relevant 

classifiers. This forced the models to emphasize sensitivity toward glucose instability and enhanced their capacity to identify 

patients who might need proactive clinical intervention by penalizing misclassification of high-risk patients more severely than 

stable ones. 

 

3.4 Model Architecture and Training 

Seven common machines learning and deep learning algorithms, namely Logistic Regression, Random Forest, Gradient Boosting, 

XGBoost, Support Vector Machine (SVM), Multi-Layer Perceptron (MLP), and TabNet, were employed to evaluate the predictive 

capabilities of the proposed framework. The choice of these algorithms was made to represent a broad spectrum of linear, 

ensemble, kernel, and deep learning methods, enabling a comprehensive analysis of their ability to model complex, nonlinear 

relationships in clinical data. To prevent overfitting, logistic regression was applied with L2 regularization. The LIBLINEAR optimizer 

was employed for optimization, and class weights were incorporated to handle class imbalance. To improve stability and reduce 

variance, Random Forest was configured with 500 decision trees, a maximum depth of 20, and bootstrap sampling. By using 300 

boosting stages, a learning rate of 0.05, and a maximum tree depth of 5, gradient boosting allowed the model to minimize 

overfitting while progressively fine-tuning decision limits. In order to increase generalization and computational efficiency, 

XGBoost was trained using 400 gradient-boosted trees with a learning rate of 0.05, a maximum depth of 6, and subsampling of 

80% of training instances and features. 

 

A radial basis function (RBF) kernel was used by the Support Vector Machine to identify nonlinear patterns in the feature space. 

Cross-validation was used to optimize the kernel width (γ) and regularization parameter (C), and class weighting was used to boost 

sensitivity to glycemic instability. Three completely linked hidden layers with 128, 64, and 32 neurons each made up the Multi-

Layer Perceptron. To reduce overfitting, dropout regularization and ReLU activation were applied to each layer. The Adam optimizer 

was used to train the network with a batch size of 128 and a learning rate of 0.001. The TabNet model, a deep learning model 

designed specifically for tabular data, consisted of five decision steps, 64 decision and attention dimensions, and sparse 

regularization to encourage feature selection. The model was trained using the Adam optimizer with early stopping on validation 

loss to prevent overfitting while still allowing for interpretability via its attention mechanism. To counter class imbalance, all models 

were trained on the SMOTE-sampled and class-weighted training set, but only the unsampled test set was used for evaluation to 

provide a fair and unbiased estimate of model performance. Stratified cross-validation on the training set was employed to select 

the hyperparameters for each model, ensuring that model comparison was reliable and repeatable. 

 

During prediction, a clinically driven decision threshold was employed in addition to standard probabilistic training. As glycemic 

instability detection is a medical problem that necessitates safety, a lower decision threshold of 0.3 was employed in place of the 

standard probability threshold of 0.5. Although there might be a slight increase in the number of false positives, this approach 

prioritizes sensitivity and ensures that high-risk patients are less likely to be missed. Table 1 provides a summary of the 

hyperparameter configurations applied to each benchmarked model. These configurations were used to control model complexity 

while striking a balance between generalization and predictive performance. 

 

Table 1. Hyperparameter settings of the evaluated models. 

Model Key Hyperparameters 

Logistic Regression Penalty = L2, Solver = LIBLINEAR, Max iterations = 1000, Class weight = balanced 

Random Forest Number of trees = 500, Maximum depth = 20, Minimum samples per leaf = 5, Bootstrap = True, Class 

weight = balanced 

Gradient Boosting Number of estimators = 300, Learning rate = 0.05, Maximum tree depth = 5, Subsample = 0.8 

XGBoost Number of trees = 400, Learning rate = 0.05, Maximum depth = 6, Subsample = 0.8, Column sample 

= 0.8, Regularization (L2) = 1.0 

Support Vector 

Machine (SVM) 

Kernel = RBF, Regularization parameter (C) = 10, Gamma = scale, Class weight = balanced 

Multi-Layer 

Perceptron (MLP) 

Hidden layers = [128, 64, 32], Activation = ReLU, Dropout = 0.3, Optimizer = Adam, Learning rate = 

0.001, Batch size = 128, Epochs = 100, Early stopping = Yes 

TabNet Decision dimension = 64, Attention dimension = 64, Number of steps = 5, Sparsity regularization = 

1e-4, Optimizer = Adam, Learning rate = 0.001, Batch size = 256, Early stopping patience = 20 
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3.5 Evaluation Metrics  

Multiple complimentary evaluation metrics were used to thoroughly examine model performance under the significant class 

imbalance inherent in predicting glycemic instability. Accuracy can be deceptive in medical data that is unbalanced, even when it 

represents overall correctness. 

 

 

 

 

 

Precision assesses the dependability of high-risk alarms. 

 

 

 

 

Recall (sensitivity) assesses the ability to recognize unstable patients and is the most clinically important parameter 

 

 

 

 

 

F1-score offers a balanced indicator of precision and recall. 

 

 

 

ROC-AUC assesses the model’s discrimination capability across all thresholds. Recall and ROC-AUC were emphasized because 

missing an unstable patient poses greater clinical risk than generating false alarms. 

 

4.0 Results and Discussion 

4.1 Overall Model Performance Comparison Under Class Imbalance 

An overview of each machine learning and deep learning model's performance provided on the UCI diabetes dataset (Table 2). 

When diagnosing glycemic instability under class imbalance, the results show significant heterogeneity in model behavior. With a 

ROC-AUC of 0.993, gradient boosting demonstrated the best overall discrimination ability, separating stable and unstable patients 

with remarkable accuracy. Additionally, it maintained a balanced trade-off between precision (0.633) and recall (0.514), yielding 

the greatest F1-score (0.567) of all the models that were examined. This implies that complicated nonlinear interactions in clinical 

data are especially well-captured by ensemble boosting techniques.  High sensitivity to glycemic instability was suggested by the 

very high recall values (0.919 and 0.946, respectively) achieved by Support Vector Machines and Logistic Regression. Unfortunately, 

this came at the price of very low precision (0.030 and 0.026), meaning that many patients were wrongly classified as high risk. In 

a real-world setting, these models would produce far too many false positives, although they are very conservative and would 

avoid missing unstable patients. 
 

In comparison to linear and kernel models, Random Forest, XGBoost, and TabNet showed moderate recall (0.51-0.68) but much 

higher precision. With precision 0.905, recall 0.514, and ROC-AUC 0.980, Random Forest performed best in terms of balance, 

indicating robust risk prediction with fewer false positives. Deep learning models are capable of identifying complex risk patterns, 

although they might require more calibration to avoid false positives, as TabNet showed good recall (0.676) but poor precision 

(0.243). The difficulty of training dense neural networks on very imbalanced tabular medical data without much calibration effort 

is evident in MLP's moderate recall (0.595) but very low precision (0.099). 

Table 2. Performance comparison of machine learning and deep learning models. 

Model Accuracy Precision Recall F1-Score ROC-AUC 

Gradient Boosting 0.999 0.633 0.514 0.567 0.993 

Random Forest 0.999 0.905 0.514 0.655 0.980 

XGBoost 0.996 0.277 0.622 0.383 0.892 

TabNet (Deep Learning) 0.996 0.243 0.676 0.357 0.980 

MLP 0.989 0.099 0.595 0.169 0.946 

SVM 0.946 0.030 0.919 0.058 0.982 

Logistic Regression 0.934 0.026 0.946 0.050 0.979 
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4.2 Discrimination Performance Analysis Using ROC Curves 

The ROC curves indicate that the ensemble models, particularly Random Forest and Gradient Boosting, have the steepest curves, 

indicating their ability to discriminate. The models moved towards higher sensitivity when the probability threshold of 0.3 was 

applied, as it improved the detection of unstable patients at the expense of increased false positives (Figure 2). In medical situations, 

where it is more detrimental to miss a high-risk patient than to generate more alarms, this trade-off is justified. The curves show 

how machine learning and deep learning models can discriminate between different types of glycemic instability, with ensemble 

approaches doing better. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Receiver operating characteristic (ROC) curves for all evaluated models. 

 

4.3 Confusion Matrix Analysis and Clinical Risk Profiles 

The confusion matrix showed for all the models. The matrices highlight trade-offs between sensitivity and false-alarm rates among 

models by displaying the distribution of true positives, false positives, true negatives, and false negatives. Different models have 

different clinical risk profiles, according to confusion matrix analysis (Figure 3). SVM and logistic regression are too sensitive for 

real-world hospital deployment since they generate a lot of false positives while minimizing false negatives. Random Forest and 

Gradient Boosting, on the other hand, are more appropriate for real-world screening systems since they considerably lower false 

alarms while preserving sufficient sensitivity.  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Confusion matrices of the evaluated models. 
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Laboratory glucose readings, insulin use, prescription changes, hospital length of stay, and previous diagnoses were consistently 

among the most predictive variables, according to feature importance analysis across several models. This supports the well-

established clinical understanding that acute physiological stress during hospitalization, treatment modifications, and medication 

adherence all affect glycemic control. The suggested framework's clinical validity is reinforced by the features' consistency across 

deep learning and tree-based models. 

 

4.4 Comparative ROC-AUC Analysis Across Models 

All machine learning and deep learning models' ROC-AUC values for predicting glycemic instability are compared in this study 

(Figure 4). The ability of a model to differentiate between stable and unstable patients across all potential decision thresholds is 

reflected in ROC-AUC. Models with superior ROC-AUC values demonstrate improved discrimination abilities and enhanced 

capacity to assess different risk levels. The superior performance of ensemble models demonstrates their capability to handle 

complex clinical patterns successfully. Gradient Boosting achieved the highest accuracy with a ROC-AUC of 99.3%, indicating 

excellent discrimination capability. Support Vector Machine followed at 98.2%, while Random Forest and TabNet both achieved 

98.0%, demonstrating strong and consistent performance. Logistic Regression performed slightly lower at 97.9% but remained 

highly effective. In contrast, Multilayer Perceptron reached 94.6%, and XGBoost recorded the lowest score at 89.2%. Overall, 

ensemble tree-based methods outperformed other approaches, suggesting they are particularly well-suited for detecting glycemic 

instability in this dataset. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. ROC-AUC Comparison of Models 

 

4.5 Sensitivity (Recall) Comparison for High-Risk Patient Detection 

The models show different levels of sensitivity when they detect patients who have glucose instability (Figure 5). The clinical 

environment requires high recall because it protects patient safety through its ability to detect all high-risk patients. The models 

which include Logistic Regression and SVM reach extremely high recall rates but they experience a rise in false positive results. The 

sensitivity range of deep learning models and ensemble models delivers better balance than other models. Logistic Regression 

achieved the highest recall at 94.6%, indicating superior sensitivity in identifying positive cases. SVM followed closely with 91.9%, 

also demonstrating strong detection capability. TabNet showed moderate performance at 67.6%. XGBoost and MLP achieved 

62.2% and 59.5%, respectively. Gradient Boosting and Random Forest recorded the lowest recall, both at 51.4%. Overall, while 

some models showed excellent sensitivity, others with high ROC-AUC scores exhibited relatively lower recall, highlighting 

differences in true positive detection performance. 
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Figure 5. Recall (Sensitivity) Comparison of Models 

 

4.6 F1-Score Evaluation Under Extreme Class Imbalance 

The F1-scores showed which all tested models achieved to measure their precision and recall performance under conditions of 

extreme class imbalance (Figure 6). The F1-score shows improved results because it measures the balance between detecting 

unstable patients and reducing incorrect alarms. The performance of ensemble learning methods exceeds that of most other 

techniques because these methods demonstrate strong performance on medical prediction tasks which involve imbalanced data. 

Random Forest achieved the highest F1 score at 65.5%, indicating the best overall balance. Gradient Boosting followed with 56.7%, 

showing strong combined performance. XGBoost reached 38.3%, while TabNet scored 35.7%. MLP achieved 16.9%, demonstrating 

limited balance. SVM and Logistic Regression recorded the lowest F1 scores at 5.8% and 5.0%, respectively. Despite high recall or 

ROC-AUC in some models, their low F1 scores suggest imbalanced precision and recall performance. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. F1-Score Comparison of Models 
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4.7 Accuracy Comparison and Limitations of Accuracy in Medical AI 

The overall classification accuracy of every model was demonstrated. The majority of models exhibit high accuracy because stable 

cases dominate their testing process yet accuracy does not accurately measure their clinical dependability. The evaluation of 

medical AI systems requires additional assessment tools because two models with matching accuracy exhibit distinct patterns of 

sensitivity and precision. Gradient Boosting and Random Forest achieved the highest accuracy at 99.90%, demonstrating excellent 

overall classification performance (Figure 7). TabNet and XGBoost closely followed with 99.60%. MLP also performed strongly at 

98.90%. SVM recorded 94.60%, while Logistic Regression showed the lowest accuracy at 93.40%. Overall, most models achieved 

very high accuracy, particularly ensemble-based methods. However, considering earlier differences in recall and F1 score, high 

accuracy alone may not fully reflect balanced performance across all evaluation metrics. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Accuracy Comparison of Models 

 

4.8 Precision Comparison and False Alarm Control 

The precision results resulted for all models, which measure their ability to identify actual high-risk patients who experience 

unstable conditions. High precision results in reduced false alarm rates, which enables users to trust model-generated alerts more 

effectively. The ensemble models deliver better precision results than both linear models and kernel-based models, which makes 

them more appropriate for use in actual clinical settings. Random Forest achieved the highest precision at 90.5%, indicating strong 

ability to correctly identify positive cases with minimal false positives. Gradient Boosting followed with 63.3%, showing moderate 

precision. XGBoost and TabNet recorded 27.7% and 24.3%, respectively. MLP achieved 9.9%, while SVM and Logistic Regression 

had the lowest precision at 3.0% and 2.6% (Figure 8). These results reveal substantial variation in false positive rates among models, 

with Random Forest demonstrating the most reliable positive predictions. 
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Figure 8. Precision Comparison of Models 

 

4.9 Feature Importance and Clinical Interpretability Analysis 

The primary predictive element displayed which all models Random Forest, Gradient Boosting, SVM, XGBoost, Logistic Regression 

and MLP identified as their most important feature. A1C result and maximum blood glucose levels served as the most effective 

indicators for glycemic instability across all models Because both acute hyperglycemia and long-term glycemic control show their 

importance A1C result and maximum blood glucose levels function as key indicators of glycemic instability (Figure 9). The clinical 

burden factors which demonstrated significant impact on patient instability risk included three specific elements: hospital stay 

duration, total number of diagnoses, and all conducted laboratory tests. The prediction of risk improved through the inclusion of 

insulin usage and diabetes medication information which served as medication-related characteristics. The combination of 

biochemical and treatment-related variables creates a stable yet clinically important pattern which generates high agreement 

results across multiple algorithms. The research demonstrates that model selection together with imbalance-handling techniques 

primarily affects the accuracy of AI-based predictions for glycemic instability. Linear and kernel models which include SVM and 

logistic regression show strong sensitivity but their calibration problems result in excessive false positive detections. The models 

provide conservative screening benefits although their clinical application suffers from low accuracy. 

 

The most important therapeutic benefit between sensitivity and precision exists in ensemble tree-based models which include 

Random Forest and Gradient Boosting. The models maintain constant predictive accuracy together with high ROC-AUC results 

because they effectively model the nonlinear connections between hospitalization data and medication usage and laboratory test 

results. TabNet deep learning shows potential for developing complex tabular data representations but requires further 

adjustments before achieving accuracy levels that match ensemble methods. SMOTE together with cost-sensitive learning proved 

necessary to stop model bias away from stable instances while enabling the system to detect rare glycemic instability events. The 

system achieved clinical risk management according to its decision threshold (0.3) because it prioritized patient safety above 

accurate results. 
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Figure 9. Top predictive features across different models 

 

Ensemble machine learning models with their imbalance-aware training methods and clinically determined thresholding 

techniques provide effective solutions for proactive glycemic risk assessment in American healthcare systems. The hospital 

decision-support systems can use the proposed AI-driven glycemic instability prediction framework. The system identifies patients 

who face high risk of unstable glycemic events which allows clinicians to start insulin dose adjustments and dietary changes and 

more intensive glucose monitoring. The approach decreases hypo- and hyperglycemia complications which results in shorter 

hospital stays and better patient safety. 

 

The team uses ensemble learning models including Gradient Boosting and Random Forest to create high-risk alerts which maintain 

both detection sensitivity and alert accuracy while reducing missed alerts and false alarm rates. The system uses a clinically 

informed decision threshold which enables its model predictions to match actual medical requirements because it gives 

precedence to patient safety instead of achieving maximum accuracy. The system provides feature importance information 

together with model interpretability which helps clinicians understand the clinical factors that lead to glycemic instability. The 

system enables clinicians to make evidence-based decisions about diabetes management while their trust in AI recommendations 

increases. 

 

5.0 Limitations of the U.S. Healthcare System 

The U.S. has modern medical technology and a strong clinical research framework, but its healthcare system has many problems 

that make it less cost-effective, less fair, less coordinated, and less long-lasting. No other country spends more on healthcare than 

the United States. But this doesn't always mean that everyone in the country will be healthier. In 2023, health care costs in the 

country were about 17.6% of GDP. Costs are going up faster than the economy is growing, so it will probably rise to about 20.3% 

by 2033. This prediction says that the amount and frequency of healthcare services will keep going up. Healthcare costs are 

expected to hit $5.6 trillion by 2025 and $8.6 trillion by 2033. These constant price increases make it difficult for businesses, families, 

and federal and state governments to stay within their budgets. As costs continue to rise, they are forced to make tough financial 

decisions, such as cutting expenses, raising prices, or reducing services. Over time, this financial strain can slow economic growth 

and create uncertainty for everyone involved (Hossain et al., 2024; Islam et al., 2023; Islam et al., 2024; Khan et al., 2024). The main 

reasons for this trend are high service costs, complicated management, and payment incentives that don't work (CMS, 2025; CDC, 

2025; KFF, 2025; Das et al., 2025). 

 

The way healthcare is given in the US is very messy. There are many kinds of payers and providers, and they don't always work the 

same way in different care situations. Interoperability, or the ability to share useful clinical data between systems without any 

problems, is still not very good, even though electronic health records (EHRs) are very common. Even though national health IT 

assessments (ONC Report to Congress, 2024) show improvements, it is still hard to get, share, and use electronic health 

information. When there isn't enough connectivity, tests that aren't needed, medical errors, and breaks in care happen. This is 

especially true for people with long-term illnesses who go to more than one doctor (Mohib et al., 2025). Two government programs 
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that want to make it easier to share and use data are the United States Core Data for Interoperability (USCDI) and the Trusted 

Exchange Framework and Common Agreement (TEFCA). TEFCA has made it easier to share about 500 million health data in the 

last few years, which shows that connections are getting better. But a lot of exchange doesn't always mean that it will be useful in 

a clinical setting. Many systems still have trouble working with how doctors and nurses do their jobs, keeping data quality high, 

and using shared data consistently for patient care or public health projects (HHS/ONC, 2026; CDC, 2026). 

 

The COVID-19 pandemic showed that we need to do better at public health surveillance, sharing data, training workers, and getting 

ready for emergencies (Juie et al., 2021). Federal agencies like the CDC have made interoperability and modernization of public 

health data a top priority. Many city and state public health offices are still having trouble because they don't have enough money, 

staff, or stable reporting systems, and their information systems are out of date. These issues make it harder to quickly find, respond 

to, and fix health issues that come up because of mental health issues, infectious disease outbreaks, environmental exposures, or 

even human-centered strategies (Juie et al., 2021; Saurav et al., 2023; Tanvir et al., 2024). 

 

There still aren't enough doctors and nurses, especially in basic care and rural or underserved urban areas. This makes it harder for 

people to get care and keep getting it. Professional groups say that there might not be enough doctors and other important health 

care workers in the next ten years. Burnout, high employee turnover, and an uneven distribution of providers across areas all make 

supply problems worse. This makes it harder for some people to get care and makes people who don't have a main care provider 

depend more on emergency services. AAMC (2026) and HRSA (2025) both write about predictions for the workforce. There are 

still big differences between groups, even though the national averages for some measures have gone up. The maternal mortality 

rate in the U.S. dropped from 2022 to 2023, with 18.6 deaths per 100,000 live births. However, the rates for Black women (50.3 per 

100,000) were much higher than those for women of other races and ethnicities. These differences show that there are problems 

that need to be fixed, such as access to high-quality care, social determinants of health, chronic stress, and systemic limitations in 

the healthcare system (CDC, 2021). 

 

6.0 Future Directions for the U.S. Healthcare System 

To address these limitations, changing the healthcare system in the United States is necessary in order to circumvent these 

healthcare issues. This is something that may be accomplished through the implementation of coordinated reforms that place an 

emphasis on value, equity, integration, updates to data, support for the workforce, and cost reduction. We need to move away 

from fee-for-service models that are based on volume and toward payment systems that reward quality, prevention, and care 

coordination. This is demonstrated by the fact that the national health spending has continued to climb. Value-based care models 

must to incorporate robust outcome measurements, such as patient-reported outcomes, hospitalizations that could have been 

avoided, chronic disease control, and equity indicators. Rather than focusing on short-term service volume, this is done to ensure 

that incentives are aligned with long-term health improvements (KFF forecasts, 2025). Despite the fact that datasets such as USCDI 

and network frameworks such as TEFCA are essential for the exchange of national data, the focus of future efforts should be on 

ensuring that the information that is transmitted can be utilized in the delivery of care and in the health of the population. This 

entails increasing the requirements for the quality of the data, simplifying the process of matching identities, reducing the barriers 

that are associated with the workflow and the technological aspects, and ensuring that the interchange of data contributes to the 

process of making clinical decisions in real time and conducting public health surveillance (HHS/ONC, 2026; ONC Report to 

Congress, 2024). 

 

Future research should focus on integrating real-time wearable sensor data, electronic health records (EHRs), and population-level 

socioeconomic indicators into adaptive glycemic risk prediction systems. Recent evidence highlighting the strategic value of 

machine learning in healthcare optimization suggested that AI-driven decision intelligence frameworks can significantly enhance 

chronic disease management outcomes (Sufian et al., 2024). Future models should leverage reinforcement learning and digital 

twin simulations to enable proactive intervention strategies, reduce hospitalization risk, and support value-based healthcare 

delivery systems. The process of standardizing the flow of regular data between clinical care and public health can assist in the 

detection of outbreaks, the monitoring of chronic conditions, and the response to emerging threats. In the process of modernizing 

public health data, it is important to maintain the use of uniform standards for both routine reporting and while dealing with 

emergency situations. Data collection on the fly will become less necessary as a result of this, which will assist organizations of all 

levels in comprehending what is taking place (CDC, 2026). We need to increase the capacity for training, make it simpler for people 

to receive care in regions where there is a shortage of it, and change the way care is delivered so that interdisciplinary teams 

consisting of nurse practitioners, physician assistants, pharmacists, community health workers, and allied health professionals can 

collaborate (Ashik et al., 2023). These are the steps that we need to take in order to solve the problem of not having enough 

workers. In order to help address gaps and make treatment more accessible, it is possible to make investments in education, 

initiatives that assist individuals in repaying their loans, incentives for practicing in rural regions, and flexible scopes of practice of 

medical professionals.  
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The concept of equity ought to be recognized as an essential component of the performance of healthcare. Both policymakers 

and payers ought to make it mandatory for quality metrics to be stratified according to factors such as racial and ethnic 

background, geographic location, and socioeconomic standing (Rahman et al., 2025). Guria et al. (2025) highlighted the role of 

artificial intelligence in reducing socioeconomic divides through inclusive technological development, which is particularly relevant 

for diabetes management across underserved U.S. communities. Therefore, future glycemic risk modeling systems should 

incorporate socioeconomic risk indices and fairness-aware reinforcement learning approaches to optimize personalized 

intervention strategies. Such integration would support value-based care models, reduce preventable hospitalizations, and 

enhance long-term chronic disease management outcomes within U.S. healthcare systems. Providers and health systems that are 

able to demonstrate that they are reducing disparities in outcomes, such as the prevalence of chronic diseases, maternal mortality, 

and the utilization of preventive treatment, should be recognized with incentives. Through the utilization of accountability 

frameworks and equity assessment, it is possible to facilitate the allocation of resources to groups that have not been adequately 

served in the past. If the processes of billing, prior authorization, reporting, and documentation are simplified, it is possible that 

providers will experience less difficulty in handling these tasks. As a result, resources are made available for direct patient treatment. 

Through the use of digital tools that are compatible with one another and the standardization of administrative transactions among 

payers, it is possible to make things even more efficient, reduce expenses, and prevent doctors from becoming mentally exhausted. 

 

7.0 Conclusion 

The research applied an AI-based method to predict glucose fluctuations for hospitalized patients by using their electronic health 

records which were collected at regular intervals. The proposed pipeline produced accurate results for identifying patients who 

would experience unstable hyperglycemia episodes because it used strong preprocessing methods together with SMOTE and cost-

sensitive learning to address class imbalance and it applied clinical decision thresholds. The research evaluated seven machines 

learning and deep learning models to determine that Random Forest and Gradient Boosting ensemble methods provided optimal 

results because they achieved maximum sensitivity together with minimum false positive rate. The best discriminative power of 

Gradient Boosting reached 0.993 according to its ROC-AUC measurement. The linear and kernel-based models demonstrated high 

sensitivity but they produced too many false positive results which showed that medical risk-prediction needs proper threshold 

calibration together with model selection. TabNet deep learning models can identify complex feature interactions but they need 

more optimization work to achieve their target performance standard which matches ensemble methods. Glycemic instability can 

be detected through its early identification because the system uses imbalance-aware learning combined with clinical thresholding 

methods to enable doctors to provide timely treatment for their patients. The proposed system enables doctors to detect patients 

with high diabetes risk while it enhances diabetes treatment by integrating into existing hospital decision-support systems found 

throughout the United States. To further improve predictive accuracy and generalizability, future research will concentrate on 

integrating longitudinal glucose trajectories, continuous glucose monitoring data, and external validation across various healthcare 

systems. 
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