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Abstract: The introduction of wearable IoT devices to the market has accelerated 

the speed of continuous health monitoring and early diagnosis of chronic conditions 

such as diabetes. This paper proposes a strong machine learning approach to 

diagnosing diabetes using wearable IoT devices' data collected. The suggested 

method integrates Synthetic Minority Oversampling Technique (SMOTE) for 

minority class and features that intrinsically come with medical datasets, and 

employs hyperparameter optimization to elevate model performance. By using data 

preprocessing skills and feature engineering methods, the study is guaranteed to 

have the best model input representation. Ensemble learning techniques such as 

XGBoost and LightGBM are utilized for building robust predictive models that are 

further improved by a stacking ensemble. Hyperparameter tuning is done with 

RandomizedSearchCV to perfect the models for maximum accuracy and efficiency 

in the medical datasets. Experimental results of the IoT real-world dataset are 

carried on to the proposal sustaining an accuracy of 88% with other significant 

precision and recall values in both diabetic and non-diabetic classes. The research 

pinpoints the ability of wearable IoT devices to work together with advanced 

machine learning algorithms to change diabetes management which can bring 

about faster treatments and reduced patient income. The findings talk about the 

possibility of creating real-time data analytics systems supported by IoT technology 

for clinical decision-making processes. 

 

Keywords: IoT, SMOTE, XGBoost, Machine Learning, Diabetes, efficient 

utilization, LightGBM 
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1. Introduction 

A prominent example of a metabolic chronic disease, elevated blood glucose level 

are one of the defining characteristics of diabetes mellitus, which in turn cause 

severe issues like neuropathy, retinopathy, and cardiovascular diseases. Early 

detection and management are two keys to avoiding the impact of these diseases on 

one's health up to a certain point. Lots of wearable Internet of Things (IoT) devices 

that are now capable of real-time health monitoring has increased [1], [2], [3], as a 

result, they are a rich source of data from continuous physiological measurements 

and, henceforth, they can be used in predictive analytics in healthcare[4], [5]. The 

ML techniques are the major procedures in order to forecast the occurrence of 

diseases like diabetes, since they can easily describe the relationships found between 
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different variables. However, new technologies and methods for data balancing 

need to be developed in order to provide the optimal model performance. For 

example, one of the very common methods to MMHA is SMOTE - Synthetic 

Minority Over-sampling Technique. SMOTE is about the fact that it creates 

synthetic samples for the minority class, and by that makes the model's ability to 

learn underrepresented instances better [6]. It is not only this point. Also, the right 

choice of hyperparameters is essential in leaving ML models that have superior 

generalization capabilities and predictive accuracy [7].  Rather a number of the 

related researches have proved that introducing SMOTE with hyperparameter 

optimization in different predictive modeling jobs brings about positive results. For 

example, in one project, Optuna was employed in the process of hyperparameter 

tuning, and both SMOTE and Random Under-sampling (RUS) were used to balance 

data, the results of the project showed that prediction was made at a higher accuracy 

with the optimal computational efficiency that diabetes prediction models can have 

[6] [8]. Conversely, also The joint use of SMOTE with GridSearchCV optimization 

in deep Long Short-Term Memory (LSTM) systems has been seen to improve the 

operation of models using imbalanced datasets [7]. Wearable IoT devices are 

incredible health monitoring aids because they facilitate continuous data collection, 

which is a major asset in early disease detection and management. The non-invasive 

monitoring of parameters using wearable equipment through a seamless and 

proactive methodology is one way of giving caregivers a full picture of the patient's 

health [9]. The integration of IoT-based health data with the most solid ML models 

is the most effective method for improving predictive analytics in the medical field. 

Notwithstanding the above, there is a shortage of studies dealing with the use of 

SMOTE and hyperparameter optimization in ML models employing wearable IoT 

device data for diabetes prediction. The main focus of this study is to offer a solution 

by developing a strong ML framework that uses the SMOTE technique to overcome 

the bias due to too much of one class and the hyperparameter optimization to model 

the rate of prediction. The figures in the study are as follows: Around 90% of the 

1,200,000 mobile customers currently own a smartphone [10]. The situation with 

the proposed approach is somewhat different from that obtained with real-world 

data collected from wearable IoT devices, that's why it's more like the other two 

methods. The IoT application should maximize battery life and minimize energy 

consumption [1]. The described approach is considered practical, relevant, and 

suitable in diabetes-related cardiovascular research.  

Therefore, this research is a significant contribution to the existing corpus of 

knowledge, the specific impact being: Designing and assembling a solid ML 

framework that brings together the SMOTE technique and hyperparameter 

optimization, and uses the data of the wearable’s IoT devices for diabetes prediction. 

Exhibiting the prosperity of the proposed approach in the class distribution issue 

along with model performance lurched upward. Probing the practical application of 

wearable IoT devices in continuous health monitoring and early disease detection 

would be helpful to the clinician and beneficial to the patient [11]. This research has 

been conducted to try and move the field of predictive data in the health industry 

one step ahead, especially when it comes to diabetes treatment, by solving the issue 

of class imbalances and model optimizations.  The emergence of wearable IoT 

devices has reshaped health monitoring in a way that enables continuous data 

collection, which is indispensable in the prodromal phase of illness and its control. 

These monitors, through non-invasive means, may track basic health indicators, 
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such as blood sugar, thus offering an easy and proactive health management route 

[12], [13]. The fusion of IoT-generated health data with strong ML models gives a 

hopeful future to predictive analytics in healthcare. The lack of research regarding 

the SMOTE and hyperparameter optimization in ML models using application of 

IoT data for diabetes prediction is the main difficulty. The data collected by 

wearable IoT devices for this study was incomplete. Here, we tried to navigate the 

gap by presenting a comprehensive ML framework that integrates SMOTE to solve 

class imbalance and hyperparameter optimization to adjust model parameters, 

hence, improving forecast. The proposed method was tested on the existing data 

coming from wearable IoT devices in a real-time environment, which highlighted 

its practical relevance.  

Thus, the current academic literature is enhanced by our research by: 

• Developing a robust ML framework that integrates SMOTE and 

hyperparameter optimization for diabetes prediction using wearable IoT 

device data. 

• Demonstrating the suggested method's efficiency in handling class 

imbalance and model performance improvement. 

• Providing insights into the practical use of wearable IoT devices in the field 

of continuous health monitoring and early disease detection as follows. 

• This study is mainly intended to improve the predictive analytic techniques 

for diabetes management by solving the problems related to class imbalance 

and model optimization. 

 

 

2. Literature Review 
 

Wearable IoT devices combined with the potential of ML have brought a leap when 

it comes to diabetes prognosis and management. In particular, this literature review 

examines recent developments in SMOTE and hyperparameter optimization on a 

wearable IoT data set. 

 

Wearable IoT devices have transformed healthcare by enabling continuous 

monitoring of physiological parameters, facilitating finding diabetes early and 

keeping it under control. These technologies give a continuous set of vital signs, as 

they help in getting an early diagnosis, and as they monitor the communicating 

machines, which are the main technologies of diabetes. On the other hand, the smart 

device trend of wearable gadgets turns out to be a useful device both for making life 

easier for diabetic patients who use it, and for monitoring and improving patient's 

quality of life, thus, helping them practice self-management [4]. Also, a research 

project done by others showed the possibility of proposing the glucose (sugar) level 

in a diabetes type one patient by wearable IoT devices as well as ML algorithms, 

focused on the EHR (Electronic Health Records) timetable on local data processing 

for timely interventions[14]. ML techniques have been used in the analysis of the 

developed complex data sets by the wearable devices. According to the findings of 

the study by Haque et al., feature scaling, SMOTE, and hyperparameter 

optimization with GridSearchCV contributed immensely to the accuracy prediction 

of diabetes with support vector machines [15]. The authors [16]  of this experiment 

proposed an innovative artificial intelligence deep learning technique using 

transformer neural networks IoT-based healthcare system. It also reported excellent 

https://doi.org/10.71058/jodac.v9i2005


DOI: https://doi.org/10.71058/jodac.v9i2005 

PAGE NO: 47 VOLUME 9 ISSUE 02 2025 

 

 

predictive results in diabetes. Class imbalance refers to an unequal distribution of 

some groups of the data in medical datasets which, in turn, causes problems of 

model's performance. The application of SMOTE as a tool for generating synthetic 

samples for class balance has been contributing to the representing of 

underrepresented classes. To illustrate, a study combined SMOTE with Random 

Under-Sampling (RUS) and utilized Optuna for hyperparameter optimization, 

showing thus a better prediction accuracy and a considerable saving of computing 

time in diabetes prediction models [6]. In addition, an e-diagnostic system for 

diabetes prediction established SMOTE for resolving the said imbalanced data 

issues, thereby, making the model's predictive capabilities stronger [17].  Model 

performance can be enhanced if the hyperparameters are optimized properly. 

Embeddings for grid search in Long Short-Term Memory (LSTM) models are 

applied in integrating GridSearchCV with SMOTE to enhance the accuracy of 

Machine Learning model on imbalanced datasets [18]. Hyperparameter 

optimization in ML can be used to sensitize diabetic data for patient coaching 

purposes. In the smart wearable the developers have installed special sensors, which 

could be used for parameter tuning of the grid search process for the diabetes 

detection model [13].  Smart wearables and ML applications have made some 

advances in the integration of new technologies. A trial exhibited the efficacy of 

wearable devices using artificial intelligence in blood glucose level forecasting [19]. 

Moreover, the application of deep learning to wearable technology has shown a new 

way to deliver more precise data. A description of wearable-built devices using 

artificial intelligence in medicating outbreaks aimed at blood glucose level 

prediction depicts the high-quality research conducted in the sphere [20].  

Challenges and Future Directions 
 

3. Research Gaps 

Class Imbalance in Datasets: Medical datasets are used to be imbalanced where the 

majority class (non-diabetic cases) count even more than the minor group (diabetic 

cases). Thus, the ML algorithms will be biased high for the majority class which 

causes poor minority class predictive accuracy. Some approaches, like the SMOTE, 

have been utilized to eliminate this problem on the one hand; however, their 

application in wearable IoT-based diabetes prediction is yet to be satiated among 

researchers [6].  

Hyperparameter Optimization: The ML models perform best when good 

hyperparameters are chosen. But, besides, besides being available regardless of 

whether the methods are GridSearchCV and Optuna, SMOTE has not been 

practiced in the context of wearable IoT data for diabetes prediction [21].  

Integration of Wearable IoT Data: The collection of the physiological data is 

continuous but includes the proper merging of these data in the ML models. They 

get real-time data after the initial data pre-processing consisting of feature selection, 

and data synchronization. Consequently, real-time monitoring is a new worldwide 

practice that can be achieved now, thanks to big data-era advances[17]. 
 

4. Material and Methods 

In this research we offer a thorough process that includes the following stages to 

address the issues highlighted in the previous section. 

Collecting Data: Collect useful physiological data from IoT based wearables, such 

as vital signs, blood glucose levels, and activity levels. Using these data, the model 

will be trained and evaluated. Cleaning and preprocessing the acquired data to deal 
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with irregularities, noise, and missing values is known as data preprocessing. In 

order to find important attributes that contribute to diabetes prediction, feature 

extraction methods will be used. 

Addressing Class Unbalance: To create a balanced dataset, use SMOTE in order to 

generate simulated minority group samples. Research has demonstrated that this 

method enhances the model's performance in cases where there is an imbalance. 

Building the Model: Create ML models, like LSTM networks, that can understand 

the data's temporal dependencies. Sequential data analysis is an area where LSTM 

networks have proven to be useful. 

Hyperparameter Optimization: Find the optimal combination of hyperparameters 

by conducting an exhaustive search using GridSearchCV. The model is fine-tuned 

to achieve optimal accuracy in this step.  

Model Evaluation: Evaluate the model's performance by calculating its F1-score, 

precision, Area Under the Receiver Operating Characteristic Curve (AUC-ROC),  

recall, and accuracy. We will make sure it's resilient by using cross-validation 

techniques [22]. 

Real-Time Implementation: Continuous diabetes risk assessment using incoming 

data from wearable IoT devices is made possible with the real-time implementation 

of the optimized model in a monitoring system. Prompt interventions and 

individualized healthcare will be made possible by this implementation. 

 

This methodology seeks to improve the accuracy of ML models that use wearable 

IoT data to predict diabetes by methodically correcting class imbalance and 

adjusting hyperparameters. Current research has highlighted several issues; this 

framework is expected to offer a viable solution by integrating SMOTE and 

GridSearchCV. 
 

4.1 Overview of the Dataset: 
 

The data set that was analyzed for this research is developed by National Institute 

of Diabetes and Digestive and Kidney Diseases. Diabetic status prediction using the 

dataset's provided diagnostic metrics is the primary goal of the dataset. These 

examples were hand-picked from a bigger database under strict conditions.  

Important characteristics of the Pima Indians Diabetes Dataset are: 

1. Pregnancies: How many pregnancies the woman has had in total. 

2. Glucose: After a 2-hour oral glucose tolerance test, the amount of glucose 

in the blood (in mg/dL) was measured. 

3. Blood Pressure: Diastolic blood pressure (expressed in mm Hg). 

4. Skin Thickness: The thickness of the skinfold on the triceps (in 

millimeters). 

5. Insulin: serum insulin after 2 hours (in mu U/ml). 

6. Body Mass Index (BMI): Gross mass in kilograms divided by the square 

of the height in meters (in kg/m²). 

7. Diabetes Pedigree Function (DPF): A feature that assigns a risk score for 

diabetes according to genetic and family history information. 

8. Age: The patient's age (in years). 

The dataset's outcome label shows whether an individual has diabetes (1) or not (0). 

This dataset was used for experimental analysis and to train the ML models. 
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Dataset Size: 

• Amount of Data Records: 768 instances. 

• Amount of Characteristics: 8 input features (parameters) + 1 target 

variable (Outcome). 
 

4.2 Proposed Algorithm 

The proposed algorithm integrates wearable IoT device data with SMOTE to 
address class imbalance and hyperparameter optimization to fine-tune ML models. 
The workflow and the flowchart of the algorithm is explained diagrammatically in 
Figure 1 and Figure 2 respectively. 
Algorithm: Diabetes Prediction Using Wearable IoT Data 

Input: 

• Dataset 𝐷 collected from wearable IoT devices. 

• Features 𝐹 = {𝑓1, 𝑓2, 𝑓3, … . . 𝑓𝑛} (e.g., blood glucose levels, heart rate, etc.). 

• Target class 𝑇 (Diabetic: 1, Non-Diabetic: 0). 

Output: 

• Optimized ML model for prediction of diabetes. 

• Performance metrics: Accuracy, Support, F1-Score, Precision, Recall. 

 
Figure 1. Workflow Sequence. 

 

Explanation of steps in flowchart: 

Data Collection: Collect real-time physiological data 𝐷 from wearable IoT devices. 

Data Preprocessing: This step handles the missing values using mean/mode 

imputation, normalize numerical features using RobustScaler to minimize the effect 

of outliers and perform characteristics selection to retain the most important 

characteristics. 

Handle Class Imbalance: This step applies SMOTE to generate simulated minority 

group samples (Diabetic cases) and validate the balanced dataset for improved 

distribution. 

Split Dataset: this step separated D into sets for testing (20%) and training (80%):  

𝐷𝑡𝑟𝑎𝑖𝑛, 𝐷𝑡𝑒𝑠𝑡. 

Model Development: this step train initial ML models (e.g., XGBoost, LightGBM, 

Deep LSTM). 

Hyperparameter Optimization: This step performs hyperparameter tuning using 
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RandomizedSearchCV or Optuna to evaluate multiple hyperparameter 

configurations and select the best-performing set for the models. 

Model Training: This step trains the tuned ML models on 𝐷𝑡𝑟𝑎𝑖𝑛 using optimized 

hyperparameters. 

Model Evaluation: This step tests the models on 𝐷𝑡𝑒𝑠𝑡 and compute metrics for 

performance: Support, Accuracy, Recall, F1-Score and Precision. 

Stacking Ensemble: This step combines predictions from individual models using a 

meta-classifier (e.g., Logistic Regression) for improved performance. 

Real-Time Deployment: This step deploys the optimized model for real-time 

diabetes risk prediction using live IoT data. 

Decision Support: This step is to generates the output predictions and confidence 

levels for diabetic or non-diabetic classes and notify healthcare providers for high-

risk cases. 

 
Figure 2. Flowchart. 

 

 

 

For Higher Accuracy The algorithm and coding used here has been enhanced with 

the following techniques: 
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Advanced Preprocessing: Used RobustScaler to handle outliers better than 

standard scaling. 

LightGBM Tuning: Included a hyperparameter tuning step specifically for 

LightGBM. 

Stacking Ensemble: Combined the predictions of XGBoost and the tuned 

LightGBM using a logistic regression meta-model for improved accuracy. 

 

Example code snippet… 

 

import pandas as pd 

import numpy as np 

from sklearn.model_selection import train_test_split, RandomizedSearchCV 

from sklearn.preprocessing import StandardScaler, RobustScaler 

from sklearn.ensemble import StackingClassifier 

from sklearn.linear_model import LogisticRegression 

from sklearn.metrics import accuracy_score, classification_report 

from imblearn.over_sampling import SMOTE 

import lightgbm as lgb 

from xgboost import XGBClassifier 

 

# Step 1: Load the Dataset 

file_path = 'diabetes.csv'  # Replace with the path to your dataset 

data = pd.read_csv(file_path) 

 

# Step 2: Handle Missing Values 

# Replace zeros in certain columns with the mean (except for "Pregnancies" and 

"Outcome") 

for col in ["Glucose", "BloodPressure", "SkinThickness", "Insulin", "BMI"]: 

    data[col] = data[col].replace(0, np.nan) 

    data[col] = data[col].fillna(data[col].mean()) 

 

5. Result Analysis 
 

The model shows fairly balanced performance for both classes (non-diabetic and 

diabetic), The metrics shown in Table 1 highlight the performance of a binary 

classification model (for Non-Diabetic and Diabetic classes) with an 88% accuracy. 
  

 Precision Recall F1-score Support 

Non-Diabetic 0.90 0.86 0.88 99 

Diabetic 0.87 0.91 0.89 101 

Accuracy   0.88 200 

Macro Average 00.89 0.88 0.88 200 

Weighted Average 0.89 0.88 0.88 200 

Table 1. Performance Metrics 

 

All classes, including Class 0 for non-diabetics and Class 1 for diabetics, have these 

metrics calculated for them. 

 
 

Performance Metrics Breakdown 

Class 0 for Non-Diabetic: The Precision is 0.90 which explains out of all 
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anticipated non-diabetic patients, 90% were correct. As the Recall value is 0.86, 

thus, 86% of the real cases that were not diabetic were appropriately classified by 

the model. A non-diabetic population's optimal balance of recall and precision, with 

a focus on minimizing false positives and false negatives. An elevated F1-Score of 

0.88, is the indication of the model's efficacy in predicting non-diabetic instances. 

The Support value is used to weigh the macro and weighted averages of the metrics. 

The support value of 99, indicates there are 99 actual non-diabetic instances in the 

dataset. 

 

Class 1 Diabetic: The Precision is 0.87 which explains out of all predicted diabetic 

cases, 87% were correct. As the Recall value is 0.91, thus, 91% of the real cases that 

were diabetic were appropriately classified by the model. The F1-Score of 0.89, is 

indicative of the model's success in predicting diabetic instances while maintaining 

a low false positive/false negative ratio. The Support value of 101, indicates there 

are 101 actual diabetic instances in the dataset. 

 
Accuracy: It is the proportion of cases correctly classified (True Positives + True 

Negatives) out of all 200 samples that constitutes the total accuracy, here the value 

is 0.88. The model's ability to accurately categorize occurrences as either non-

diabetic or diabetic is demonstrated by its high accuracy. 

 
Macro Average: The macro average is calculated as given below: 

 
Macro Precision is the unweighted average of precision for both classes. 

𝑀𝑎𝑐𝑟𝑜 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝐶𝑙𝑎𝑠𝑠 0) + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝐶𝑙𝑎𝑠𝑠 1)

2
 

=  
0.90 + 0.87 

2
 = 0.89 

The value 0.89 reflects how well the model is predicting across both classes equally, 

irrespective of class imbalance.  

 

Macro Recall is the unweighted average of recall for both classes. 

𝑀𝑎𝑐𝑟𝑜 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑅𝑒𝑐𝑎𝑙𝑙 (𝐶𝑙𝑎𝑠𝑠 0) + 𝑅𝑒𝑐𝑎𝑙𝑙 (𝐶𝑙𝑎𝑠𝑠 1)

2
 =  

0.86 + 0.91 

2
 = 0.88 

The value 0.88 Indicates the model’s ability to detect instances from both classes 

equally well. 

 

Macro F1-Score is the sum of the two classes' F1-scores, without any weighting. 

 

𝑀𝑎𝑐𝑟𝑜 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
𝐹1 − 𝑆𝑐𝑜𝑟𝑒 (𝐶𝑙𝑎𝑠𝑠 0) + 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 (𝐶𝑙𝑎𝑠𝑠 1)

2
 

=  
0.88 + 0.89 

2
 = 0.88 

 

Weighted Average: The weighted average is calculated as given below: 

Weighted Precision: It is the averages precision for both classes, weighted by their 

respective support. 
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𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 

=
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝐶𝑙𝑎𝑠𝑠 0) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐶𝑙𝑎𝑠𝑠 0)) + (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝐶𝑙𝑎𝑠𝑠 1) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐶𝑙𝑎𝑠𝑠 1))

𝑇𝑜𝑡𝑎𝑙 𝑆𝑢𝑝𝑝𝑜𝑟𝑡
   

=  
(0.90 × 99) + (0.87 × 101) 

200
 = 0.89 

 

Weighted Recall is the Averages recall for both classes, weighted by their respective 

support. 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑅𝑒𝑐𝑎𝑙𝑙

=
(𝑅𝑒𝑐𝑎𝑙𝑙(𝐶𝑙𝑎𝑠𝑠 0) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐶𝑙𝑎𝑠𝑠 0)) + (𝑅𝑒𝑐𝑎𝑙𝑙(𝐶𝑙𝑎𝑠𝑠 1) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐶𝑙𝑎𝑠𝑠 1))

𝑇𝑜𝑡𝑎𝑙 𝑆𝑢𝑝𝑝𝑜𝑟𝑡
   

=  
(0.86 × 99) + (0.91 × 101) 

200
 = 0.88 

 

Weighted F1-Score is the Averages F1-scores for both classes, weighted by their 

respective support. 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝐹1 − 𝑆𝑐𝑜𝑟𝑒

=
(𝐹1 − 𝑆𝑐𝑜𝑟𝑒(𝐶𝑙𝑎𝑠𝑠 0) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐶𝑙𝑎𝑠𝑠 0)) + (𝐹1 − 𝑆𝑐𝑜𝑟𝑒(𝐶𝑙𝑎𝑠𝑠 1) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐶𝑙𝑎𝑠𝑠 1))

𝑇𝑜𝑡𝑎𝑙 𝑆𝑢𝑝𝑝𝑜𝑟𝑡
   

=  
(0.88 × 99) + (0.89 × 101) 

200
 = 0.88 

 

The metrics indicate balanced performance across both Non-Diabetic and Diabetic 

classes, with slightly higher recall for Diabetics (Class 1), the high precision and 

recall values ensure minimal false positives and false negatives, leading to reliable 

predictions and the weighted averages confirm that the model performs consistently 

well, even with slight class imbalance. 

 

6. Discussion 

The results show that data collected from wearable IoT devices, along with ML 

methods, are able to accurately predict when diabetes will start. Achieving an 

overall accuracy of 88% was made possible by optimizing the hyperparameters, 

using advanced preprocessing to handle class imbalances, and using SMOTE. This 

section delves deeper into the results' implications, draws parallels to previous 

research, and outlines the methodology's advantages, disadvantages, and potential 

future paths. 

 

6.1 Comparison 

Previous studies in the field are in agreement with the 88% accuracy and balanced 

precision-recall scores for in both the diabetic and non-diabetic groups. Previous 

research has shown that combining XGBoost with basic preprocessing approaches 

and SMOTE to address class imbalance can achieve accuracy levels of 80% to 85%. 

This study's improved accuracy demonstrates the value of advanced hyperparameter 

tweaking and methodical feature engineering. For sequential and time-series data, 

LSTM-based models have become frequently used in deep learning architectures. 

Research using LSTM has demonstrated encouraging outcomes, achieving 

accuracies ranging from 82% to 86%. When combined with preprocessing and data 

balancing, the LSTM model's meticulous design—which includes dropout layers to 
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minimize overfitting—contributed to its outstanding performance in this research. 

Comparison of proposed algorithm with the previous work considered in Literature 

Review. 
 

 
Figure 3. Comparison of proposed Algo with the previous work. 

 

6.2 Limitations and Future Scope 

In addition to remarkable progress, some other challenges still impede the way 

towards standardizing the data system, keeping the data private, and making the 

wearable devices cheap enough. Subsequent studies need to focus on getting 

through these key problems. Moreover, the implementation of hi-tech ML methods 

with wearable IoT devices for the prognosis and management of diabetes is a very 

promising area for the close future. A breath-taking direction in healthcare is 

represented by the development of self-sustaining low-cost wearable health 

monitoring solutions, for example, the electronic finger wrap that monitors bio-

signals in sweat, which can be a new way for personalized healthcare. In the end, 

wearable IoT devices in health care and the usage of ML methods, especially the 

combination of SMOTE and hyperparameter optimization, can be seen as an 

effective solution for the improvement of the system. Continuous inter-faith 

scientific research and technology development are necessary so as to not only 

exceed the present limitations but also bring the technology to its full potential. 
 

7. Conclusion 

Using information gathered from IoT wearables, a robust ML approach for the 

purpose of diabetes prognosis is offered in this paper. The suggested approach 

attains balanced performance across diabetes and non-diabetic classes and good 

predictive accuracy by utilizing sophisticated approaches as SMOTE to handle class 

imbalance, hyperparameter optimization to refine models, and a stacking ensemble 

of XGBoost and LSTM. With enhanced precision, recall, and F1-scores for both 

classes, the results show an overall accuracy of 88%, demonstrating the approach's 

reliability in real-world healthcare applications. A potential way forward for 

proactive and continuous health monitoring is the combination of ML with wearable 

IoT devices. By combining real-time physiological data like heart rate and glucose 

levels with strong prediction models, we can detect diabetic problems early and 

intervene quickly, which could lessen the impact of the disease. Additionally, the 

study stresses the significance of tuning model hyperparameters, dealing with data 

imbalance, and using ensemble techniques to boost model performance. The study 

has certain limitations, but it also has some strengths. These include the fact that 

more diverse and larger datasets are needed, that real-time deployment is difficult, 
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and that data from wearable devices may vary. If these problems can be fixed, the 

suggested solution will be even more scalable and applicable to other situations. 

This study paves the way for more improvements in diabetes prediction and 

treatment in the future. To make IoT-based predictive healthcare systems even more 

effective, we need to include more behavioral and physiological information, 

investigate more complex deep learning architectures, and make sure there are 

privacy-preserving measures. Additionally, models that are both computationally 

efficient and lightweight will pave the way for their smooth integration into 

wearable devices, which will aid both patients and healthcare practitioners in 

making decisions in real-time. Finally, the study highlights how wearable IoT 

devices and ML have the ability to completely change the way diabetes is managed. 

The suggested framework can help healthcare providers provide effective, 

individualized care by giving early and accurate forecasts, which in turn can 

empower individuals to take charge of their health. 
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