
 

 

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 8, Issue 5 May. 2026, pp: 796-807    www.ijaem.net      ISSN: 2395-5252 

                                      

 

 

 

DOI: 10.35629/5252-0805796807      | Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal      Page 796 

AI-Driven Cloud-Integrated Predictive Analytics Platform for 

Forecasting of Type 2 Diabetes-Related Complications Using 

Advanced Machine Learning Algorithms 
 

Nehemiah Ibitoye1, Ikeola S. Olatinwo2, OlugbebiMuyiwa3,Okemute Idonor4, 

Oladayo S. Buhari5 
1Department of Industrial and Production Engineering, University of Ibadan, Nigeria 

2Department of Computer Science, Faculty of Communication and Information Science, 

University of Ilorin, Nigeria. 
3 Department of Mechanical Engineering, Ladoke Akintola University of Technology, Nigeria 

4Department of Information Science, University of Arkansas at Little Rock, USA 
5Nasarawa State University, Keffi, Nasarawa State Department of Computer Science Faculty of 

Applied Sciences 

Corresponding Author: Ikeola S. Olatinwo 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

Date of Submission: 13-05-2026                                                                           Date of Acceptance: 28-05-2026 

----------------------------------------------------------------------------------------------------------------------------- ----------  

Abstract 
The escalating global issue of Type 2 Diabetes 

Mellitus (T2DM) necessitates the development of 

robust, scalable predictive models that facilitate 

early detection and proactive management. This 

study presents a comprehensive machine learning 

framework that rigorously evaluates advanced 

boosting algorithm: XGBoost, LightGBM, and 

Stochastic Gradient Boosting (SGB)all meticulously 

optimized through Bayesian hyperparameter tuning. 

Utilizing the extensive Diabetes Health Indicators 

dataset (n=253,680), the employed approach, 

grounded in the CRISP-DM model, integrated 

Cluster-Based Oversampling to mitigate class 

imbalance, alongside thorough preprocessing and 

dual feature selection employing Backward 

Elimination (BE) and Correlation Feature Selection 

(CFS). A comparative evaluation revealed that 

Stochastic Gradient Boosting, particularly when 

combined with Backward Elimination, attained the 

highest predictive performance, achieving a 

maximum accuracy of 85.81%, an F1-score of 

0.858, and the lowest error rate (0.142). This made it 

especially proficient in differentiating between 

diabetic and non-diabetic individuals. Despite the 

higher computational demands associated with 

SGB, its robustness rendered it the optimal choice 

for implementation. The model with optimal result 

was transformed and engineered into a real-time, 

cloud-based prediction service utilizing FastAPI, 

thereby creating a practical instrument that bridges 

algorithmic research with accessible healthcare 

diagnostics. 

 

Keyword: Machine Learning, Type 2 Diabetes 

Prediction, Health Informatics, LightGBM, CRISP-

DM 

 

I. Introduction 
Information and communication 

technology (ICT) serves to enhance patient care and 

fortify collaborative practices among organizations, 

particularly within the healthcare domain. It is 

regarded as one of the most impactful strategies for 

enhancing healthcare delivery. The integration of 

mobile devices, internet technologies, and various 

ICT tools has been propelled by progress in 

healthcare services and improvements in health 

outcomes across local, regional, and national 

contexts [1]. 

In recent years, the swift expansion of 

urban regions has resulted in significant alterations 

to our lifestyles, consequently leading to an increase 

in diabetes cases. Diabetes Mellitus (DM) is a 

medical condition characterized by elevated blood 

sugar levels. This elevation can occur either due to 

insufficient insulin production by the body or due to 

cellular resistance to insulin. Insulin is essential for 

regulating our blood sugar levels [2]. When an 

individual experiences hyperglycemia, it indicates 

that their body has difficulty utilizing glucose for 

energy efficiently, resulting in its accumulation in 

the bloodstream. 

The World Health Organization (W.H.O) has issued 

a shocking forecast: by the year 2040, diabetes may 

impact over 600 million individuals worldwide. This 

alarming statistic underscores the importance of 

addressing the rising prevalence of this condition 

[3]. The escalating number of confirmed cases 

emphasizes the urgent requirement for 
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comprehensive strategies designed to fight diabetes 

and mitigate its effects on global health. 

Type 2 Diabetes Mellitus (T2DM) is a 

chronic metabolic disorder primarily characterized 

by insulin resistance and an insufficient production 

of insulin. This condition poses considerable health 

challenges and risks, resulting in both microvascular 

and macrovascular complications that can severely 

impact an individual's quality of life[4]. 

Recognizing individuals who are at risk at an early 

stage facilitates prompt interventions that can 

greatly impede the advancement to serious 

complications. Conventional screening techniques 

generally rely on biochemical assessments (such as 

fasting plasma glucose and HbA1c) in conjunction 

with clinical evaluations[5]. These approaches, 

while diagnostically standard, are limited in 

scalability and may not support continuous, 

population-level screening without substantial 

health system resources. 

Many experts have noted the revolutionary 

impact of AI and ML on medical practices [6]. Their 

findings suggest that these technologies could really 

enhance patient care by improving predictions and 

enabling more personalized treatment strategies. 

Decision trees (DTs) can forecast health outcomes 

based on patient data, highlighting their importance 

in the realm of medical decision-making [7]. 

Support vector classification (SVC) in medical 

diagnostics has been extensively studied and shown 

to categorize medical pictures accurately [8].shed 

light on extreme gradient boosting for tailored 

therapy recommendations, underlining its 

importance in patient care [9]. 

[10] Machine learning (ML) serves as a 

robust instrument that can significantly improve 

clinical practice by uncovering predictive patterns 

within a variety of datasets, which encompass 

demographic, behavioral, and physiological data. 

These ML-based systems are capable of operating 

continuously and integrating multiple data sources, 

including electronic health records (EHR), wearable 

sensors, and patient feedback. Nevertheless, for ML 

solutions to be effectively implemented in real-

world scenarios, they must confront several critical 

challenges, such as class imbalance, redundant 

features and deployment logisticsissues that this 

study intends to address directly. In the following 

sections, we will conduct a thorough literature 

review, present a detailed methodology, and 

examine the empirical findings and deployment 

strategies. 

 

II. Literature Review 
Numerous studies have investigated 

statistical and machine learning methods for 

forecasting diabetes. In the initial stages, logistic 

regression and decision-tree models were favored 

options due to their simplicity and ease of 

implementation. 

[11] employed a logistic regression 

methodology and analyzed a dataset in their study. 

The results indicated that the highest degree of 

accuracy can be achieved by taking into account 

factors such as hyperglycemia, pregnancy, and body 

mass index (BMI). The author also sought to 

illustrate that the illness predominantly depends on 

seemingly minor attributes that have been 

recognized by medical professionals as potentially 

leading to an increased vulnerability to diseases in 

the future. The logistic regression model, which was 

trained using the most significant features, attained 

an accuracy rate of 82.92%. The predictive model 

yielded a probability of 0.458 for class zero and 

0.572 for class one, reflecting the expected risk of 

an individual developing diabetes. 

R was employed to develop models 

utilizing SVM, RF, DTs, and Logistic Regression 

[12]. The study involved 768 women aged over 20. 

Factors such as BMI, number of pregnancies, blood 

sugar levels, and diabetes pedigree function were 

considered. Individuals with diabetes were assigned 

a classification of 1, while those without were 

classified as 0. Following an accuracy comparison, 

the author selected the RF algorithm. The model that 

yielded the highest estimated accuracy was 

approximately 77%. DT and KNN were applied to 

two datasets containing 2000 and 768 instances, 

respectively. The model was trained using a set of 

eight distinct features, which included glucose 

levels, BMI, number of pregnancies, and blood 

sugar. The authors allocated 80% of the data for 

training and 20% for evaluation. 

[13] the PIMA diabetes dataset was 

utilized. The author employed Jupyter Notebook as 

the integrated development environment (IDE) to 

train the model using 8 out of the 9 attributes 

available in the dataset. The algorithms 

implemented included Random Forest (RF) and 

XGBoost. Following the configuration of 

hyperparameters, the models underwent training. 

The author recommends exploring additional 

algorithms within this domain of machine learning, 

such as hybrid models, to achieve improved 

accuracy. The RF classifier achieved an accuracy of 

71.9%. In contrast, the proposed hybrid model 

utilizing XGBoost attained an accuracy of 74.1%. 

The accuracies obtained from these models were 

relatively lower when compared to existing 

benchmarks. There is a need for enhanced 

hyperparameter tuning to optimize the algorithm 

effectively. 
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The study conducted by [14] utilized the 

methods of Decision Trees (DT), Support Vector 

Machines (SVM), K-Nearest Neighbors (K-NN), 

and Random Forest (RF). The PIMA Indian dataset 

was employed for this analysis. Subsequently, data 

normalization was performed, followed by the 

selection of relevant features. The advantage of this 

optimized machine learning model lies in its 

applicability to patients with diabetes mellitus 

(DM), making it relevant across various healthcare 

settings. The models were evaluated based on their 

accuracy, sensitivity, and specificity. Notably, the 

Decision Tree model achieved an accuracy of 

78.25%.  

Deep learning models, such as feed-

forward neural networks and convolutional 

architectures utilized in retinal imaging, have 

demonstrated potential for particular diagnostic 

applications (e.g., detection of diabetic retinopathy) 

[15]. However, these models frequently necessitate 

specialized data (images), considerably larger 

labeled datasets, and increased computational 

resources. As a result, for tabular health indicators 

where interpretability and reduced computational 

demands are essential, boosted tree ensembles 

continue to be a practical option. 

Tackling class imbalance is crucial in 

clinical machine learning. Methods such as SMOTE 

(Synthetic Minority Over-sampling Technique) 

create synthetic samples to ensure that minority 

classes are adequately represented during training, 

thereby enhancing sensitivity while minimizing the 

risk of increasing false positives excessively [16]. 

More advanced cluster-based oversampling 

approaches aim to maintain the local structures of 

minority classes, thereby decreasing the chances of 

synthetic samples overlapping with majority 

distributions [17]. 

Despite the advancements we have 

achieved, certain gaps remain to be addressed. Few 

studies provide comprehensive solutions that 

encompass all aspects, from meticulous 

preprocessing and model optimization to cloud-

based deployment for real-time clinical applications. 

This research seeks to fill that void by incorporating 

extensive preprocessing, comparative boosting 

analysis, Bayesian hyperparameter optimization, 

and a FastAPI-driven deployment model to establish 

a fully functional pipeline. 

 

III. Methodology 
The methodological pipeline is grounded in 

the CRISP-DM framework and encompasses several 

essential stages: data acquisition, preprocessing and 

balancing, feature engineering, modeling with 

hyperparameter optimization, evaluation, and 

deployment. Figure 3.1 illustrates the architectural 

framework diagram, emphasizing the iterative 

workflow and the feedback loops that link 

evaluation and data preparation. 

 
Figure 3.1: Architectural Framework Diagram 

 

3.1 Data Acquisition: The Diabetes Health 

Indicators dataset, which you can find on Gigasheet, 

is quite extensive, featuring 253,680 samples and 23 

different variables. These variables cover a range of 

important factors, including demographics like age 

and sex, behavioral aspects such as smoking and 

physical activity, and clinical measures like BMI 

and blood pressure indicators. While the dataset 

offers a multi-class representation, it has been 

simplified into a binary format for the main 
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predictive task: determining the presence or absence 

of Type 2 Diabetes or prediabetes. 

 

3.2 Preprocessing & Balancing: Initially, the raw 

data was processed by conducting quality checks, 

which included eliminating duplicates and verifying 

that all values were within acceptable ranges. The 

number of missing values was relatively low, so we 

addressed them through median imputation for 

continuous variables and mode imputation for 

categorical variables. For the categorical attributes, 

we applied one-hot encoding where appropriate. To 

address class imbalance, we utilized Cluster-Based 

Oversampling to identify significant minority 

subgroups, in conjunction with Max-Min 

Normalization for standardizing the data. 

 

3.2.1 Cluster-Based Over-sampling 

Techniques 

Clustering the Minority Class Samples 
{𝑐1, 𝑐2 … , 𝑐𝑘}  = k-means (𝑆𝑚𝑖𝑛 , 𝐾)  

     (3.1) 

Where each 𝑐𝑖 is a set of samples: 

𝑐𝑖 = {𝑥1
𝑖 , 𝑥2,…,

𝑖 𝑥𝑛𝑖
𝑖 }    

     (3.2) 

and 𝑛𝑖  is the number of samples in cluster 𝑐𝑖. 

Generating synthetic Samples 

For each cluster 𝑐𝑖: 

For 𝐽  = 1 to 
𝑛𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐

𝑘
 :   

     (3.3) 

Select two random samples 𝑥𝑝
𝑖 , 𝑥𝑞

𝑖 , 𝜖 𝐶𝑖 

     (3.4) 

Generate a synthetic sample: 

𝑥𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐  = 𝑋𝑝
𝑖 + 𝜆(𝑥𝑞

1 − 𝑥𝑝
𝑖 )  

     

 (3.5) 

Where 𝜆 ~ 𝑢(0,1)   

     

 (3.6) 

 

3.2.2 Data Normalization 

Max-Min Normalization with Dynamic Range 

Adjustment: By dynamically adjusting the range in 

accordance with the data distribution, this method 

scales the data between a predetermined maximum 

and minimum value, thereby ensuring maximal 

utilization of the entire data range. 

Let X = {𝑥1, 𝑥2 … , 𝑥𝑛}  be the set of original data 

values.    (3.7) 

Let 𝑥min and 𝑥max be the minimum and maximum values of the original 

dataset X: 

𝑥min = min (X)     

     

 (3.8) 

𝑥max = max (X)     

     (3.9) 

Let a and b be the new minimum and maximum 

value for the adjusted range 

The normalized value 𝒙𝒊
′  for each 𝒙𝒊is computed as 

follows: 

𝒙𝒊
′   = a + (

𝑥𝑖−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
) X (b – a)  

     (3.10) 

 

3.3 Feature Engineering and Selection:The study 

examined two strategies: Backward Elimination 

(BE) and Correlation Feature Selection (CFS). BE 

eliminated all features based on logistic regression 

model p-values, ensuring only statistically 

significant ones remained. CFS, on the other hand, 

used Pearson correlation to rank features based on 

their linear association with the target variable. BE 

resulted in 21 features, while CFS reduced it to 14 

 

3.4 Modeling and Hyperparameter 

Optimization:Three models were implemented 

namely: XGBoost, LightGBM, and Stochastic 

Gradient Boosting (SGB). The objective function 

for boosting can be expressed as:  

Obj = ∑ 𝑙(𝑦𝑖 , 𝑦𝑖̂)𝑖 + ∑ Ω(𝑓𝑘)𝑘   

     

 (3.11) 

where l is the loss (logistic loss for classification) 

and Ω is the regularization penalizing tree 

complexity.  

i. Bayesian Optimization (BO) was 

used to efficiently explore 

hyperparameter spaces (learning_rate∈ 

[0.01,0.3], max_depth∈ [3,10], 

n_estimators∈ [50,300]) by creating a 

surrogate for the Gaussian Process and 

using acquisition functions to choose 

the subsequent evaluation points. 

Compared to grid/random search, BO 

minimizes the number of expensive 

model evaluations. The surrogate 

model's steps are listed below: 

ii. Surrogate Model 

A surrogate model 𝑓(θ) is used to approximate the 

objective function Հ(∅;  θ) . Typically, a Gaussian 

Process (GP) is used as the surrogate model: 

𝐹̂(∅)~𝐺𝑃 (𝜇(θ), 𝑘(𝜃, 𝜃𝑖))   

     (3.12) 

• 𝜇(θ) is mean function 

• 𝑘(𝜃, 𝜃𝑖) is the covariance function (kernel) 

that measures the similarity between 

hyperparameters 

3.5 Evaluation Protocol:A random sample of 75% 

of the data was used to train the models, and the 
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remaining 25% was used for testing. Accuracy, 

precision, recall (sensitivity), specificity, F1-score, 

ROC-AUC, and computational metrics (training and 

inference time) were among the performance 

metrics. Using paired t-tests on prediction 

probabilities across cross-validation folds, the 

statistical significance between models was 

evaluated. 

3.6 Deployment:The best-performing model was 

wrapped in a FastAPI endpoint that offered input 

validation, preprocessing, inference, and JSON 

output after being serialized (joblib). 

Containerization (Docker), scalability through 

Kubernetes, and PHI security procedures (HTTPS, 

authentication) were among the deployment 

considerations. The pipeline from data sources to 

cloud deployment is shown in Figure 3.2 (System 

Flowchart). 

 
Figure 3.2: System Flow chart 
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IV. Experimental Results 
As shown in Table 4.1, Bayesian 

Optimization was successful in determining the best 

hyperparameter setups for every model. The 

optimization process notably converged towards the 

upper bounds of the learning_rate (0.3) and 

n_estimators (300) for all three algorithms and both 

feature selection techniques, suggesting that a more 

sophisticated model with a larger capacity was 

needed to learn from the dataset efficiently. 

 

Table 4.1. Optimal Hyperparameters Identified by Bayesian Optimization 

Model Feature Selection Learning Rate Max Depth n_estimators Best Score 

(AUC) 

XGBoost BE 0.3 10 300 0.8399 

LightGBM BE 0.3 10 300 0.778 

SGB BE 0.3 10 300 0.8581 

XGBoost CFS 0.3 10 300 0.8127 

LightGBM CFS 0.3 10 300 0.7651 

SGB CFS 0.3 10 300 0.8286 

 

4.2. Comparative Model Performance 

Table 4.2 provides a detailed comparison of the 

models' performance, especially with the Backward 

Elimination feature set. In every primary metric, 

Stochastic Gradient Boosting (SGB) was 

consistently the best performer. It had the lowest 

error rate (0.1419), the highest F1-score (0.8579), 

and the highest classification accuracy (85.81%). It 

also had the best-balanced sensitivity (0.8581) and 

specificity (0.8235), showing a high capacity to 

accurately detect both diabetic and non-diabetic 

cases. 

 

Table 4.2. Comparative Performance of Optimized Models with Backward Elimination 

 

Table 4.3. Comparative Performance of Optimized Models with CFS 

 

The study reveals that Stochastic Gradient 

Boosting (G. Boosting) is the best algorithm for 

predicting Type 2 diabetes, with an accuracy rate of 

85.81% and an F1-Score of 0.8579. Its inherent 

randomness helps mitigate overfitting, making it 

more resilient. XGBoost and LightGBM are 

deterministic approaches, with XGBoost securing 

second place due to its built-in regularization 

methods. LightGBM falls short due to its focus on 

speed and computational efficiency. The Backward 

Elimination (BE) technique shows superior 

performance in feature selection compared to 

Correlation Feature Selection (CFS), with a 

significant decrease in SGB accuracy from 85.81% 

to 82.86%, suggesting that BE's wrapper method 

offers a more advantageous feature set for this 

predictive endeavour. 

 

Table 4.4. Computational Time (Seconds) for Models with CFS 

Method F1-

score 

SENSITIVIY PRECISION SPECIFICITY ROC 

AUC 

ACCUARACY 

(%)  

ERROR 

RATE  

BE+XGBoost 0.8397 0.8399 0.8420 

 

0.8009 0.8399 83.99 0.1601 

BE+LightGBM 0.7776 0.7780 0.7799 0.7364 0.7780 77.8 0.222 

BE+ G. 

Boosting 

0.8579 0.8581 0.8598 0.8235 0.8581 85.81 0.1419 

Method F1. 

Score 

SENSITIVIY PRECISION SPECIFICITY ROC 

AUC 

ACCUARACY 

(%) 

ERROR 

RATE 

CFS + XGBoost 0.8124 0.8127 0.8148 0.7720 0.8127 81.27 0.1873 

CFS+LightGBM 0.7645 0.7650 0.7676 0.7164 0.7651 76.51 0.2349 

CFS+G.Boosting 0.8283 0.8286 0.8303 0.7921 0.8286 82.86 0.1714 

Technique Training Time (Secs) Testing Time (Secs) 

Backward Elimination + XGBoost 226.0900 4.3439 
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Table 4.5. Computational Time (Seconds) for Models with CFS 

 

A clear trade-off between model accuracy 

and computational efficiency is revealed by the 

study, which is essential for real-world 

implementation. Compared to XGBoost and 

Gradient Boosting, LightGBM has faster training 

times and is the most computationally efficient. The 

costliest method, stochastic gradient boosting, 

requires more than 700 seconds to train, but because 

of its stochastic subsampling and rigorous sequential 

building, it provides the best predictive accuracy. 

With its high accuracy and inexpensive training 

costs, XGBoost provides a well-balanced 

compromise. A more condensed feature set directly 

increases computational efficiency, although 

accuracy may occasionally suffer as a result, as the 

results also demonstrate that Correlation Feature 

Selection (CFS) consistently cuts down on training 

and testing times for XGBoost and LightGBM. 

 

4.3 Graphical Analysis 

a. Accuracy 

The data shows that while Backward Elimination 

(BE) is better for feature selection, Gradient 

Boosting consistently achieves the highest accuracy. 

Gradient Boosting's accuracy decreased from 

85.81% with BE to 82.86% with CFS. 

 

 
Figure 4.1 Classification Accuracy 

 

b. 

Sensitivity and Specificity 

According to the study, Gradient Boosting strikes 

the best balance between sensitivity and specificity, 

making it the most dependable model for detecting 

diabetic cases. A more reliable predictive model is 

produced when Backward Elimination performs 

better than Correlation Feature Selection, 

demonstrating its statistical significance for precise 

classification. 
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Figure 4.2 Sensitivity and Specificity 

 

c.  Error Rate and F1-Score 

With the lowest error rate and highest F1-score, gradient boosting performs better than other feature selection 

techniques, demonstrating its accuracy. All models exhibit lower error rates and higher F1-scores, 

demonstrating that Backward Elimination is more successful than Correlation Feature Selection. 

 

 
Figure 4.3 Error Rate and F1-Score 

 

4.4 Deployment over the web 

Once the model was exported utilizing joblib, the FastAPI for making predictions was established, subsequently 

followed by the configuration of the Laravel application to manage HTTP requests, thereby facilitating the web 

back-end operations of the FastAPI Consumption. The screen displayed below illustrates the deployed 

application operating under the optimal model. 

1. Welcome Page 
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The welcome page interfaces with the front-end user as the home page the moment the application opens on 

web. 

 

 
Figure 4.4: Home page 

 

2. Diabetes Analysis Page 

The screen displayed below illustrates the patient's input of the attributes factor, after which I click the diagnosis 

button, subsequently activating the optimal booting model for predicting type 2 diabetes. 

 

 
Figure 4.5: Diabetes Analysis page 

 

3. Prediction results pages 

The screen displayed below illustrates the prediction result page following the diagnosis of a particular patient's 

input, where the first screen indicates the presence of diabetes, and the second screen confirms the diagnosis of 

diabetes based on the patient's input. 
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Figure 4.6: Presence of diabetes 

 

While the The Figure 4.7 blow shows absence of diabetes 

 
Figure 4.7: Absence of diabetes 

 

V. Discussion 
The usefulness of boosting ensembles in 

managing structured clinical data is demonstrated by 

the empirical evidence. A number of crucial 

elements contribute to the BE-XGBoost model's 

exceptional performance: (1) XGBoost's 

regularization helps to lower model variance, (2) BE 

effectively keeps the most informative predictors by 

eliminating noisy or redundant variables, and (3) 

Bayesian Optimization skillfully finds 

hyperparameter configurations that work well in a 

variety of situations. 

Features like BMI, Cholesterol/CholCheck 

measurements, blood pressure indicators, and 

physical activity evaluations are important in 

influencing model decisions, according to the 

analysis of feature significance, particularly through 

gain-based approaches for tree models. These results 

improve the accuracy of the model's outcome 

predictions and are consistent with known 

information about diabetes risk factors. 

In the BE-XGBoost configuration, the model's 

sensitivitywhich is vital for the prompt identification 

of diseasesremained consistently elevated, resulting 

in a reduced number of missed diabetes cases. The 

clinical focus typically prioritizes higher sensitivity, 

particularly when early intervention can avert 

serious consequences, despite a minor reduction in 

specificity. Furthermore, the model's ROC-AUC 

values indicate a robust capacity to differentiate 

among various classes. 

Due to the complexity of the trees and the 

amount of data, XGBoost needed a manageable 

training time of about 226 seconds in terms of 

computational factors. However, it proved to be 

incredibly effective during inference, making it a 
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great choice for real-time API endpoints. On the 

other hand, LightGBM, which is usually faster in 

larger scenarios, was not accurate in this case. This 

disparity might result from the dataset's special 

characteristics and the requirement for parameter 

fine-tuning outside of the typical Bayesian 

optimization ranges. 

In the context of deployment, utilizing 

FastAPI for model presentation facilitates rapid 

integration into clinical workflows. Key production 

factors that must be taken into account include the 

management of model versions, monitoring for 

concept drift, compliance with latency service level 

agreements (SLAs), and ensuring adherence to data 

privacy standards as stipulated by HIPAA and 

GDPR regulations. 

 

VI. Conclusion and Future Work 
This research presents a comprehensive 

and applicable framework for predicting Type 2 

diabetes through the use of effective preprocessing 

methods combined with optimized boosting 

ensembles. The BE-XGBoost model distinguished 

itself by delivering superior predictive performance 

while achieving an excellent equilibrium among 

accuracy, sensitivity, and computational efficiency. 

Future efforts will focus on improving clinical 

transparency by incorporating SHAP explanations 

for API responses, utilizing federated learning to 

broaden data sources, implementing temporal 

models for longitudinal risk assessment, and 

prospectively evaluating the systm in clinical pilot 

studies to assess its utility and patient outcomes.. 
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