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 Diabetes mellitus is a significant health problem worldwide, and the identification of high-

risk people before clinical complications occur allows intervention and individual 

prevention. In this study, the definition of early diabetes prediction was to detect diabetes 

risk, based on standard physiological and lifestyle factors, prior to the onset of advanced 

disease complications. Early detection and prediction can effectively diminish and prevent 

critical complications. The rapid progression of the Internet of Things (IoT) with a vision 

toward intelligent as well as smart healthcare devices has provided an opportunity for 

wearable devices and various smart health sensors to continuously record vital and 

physiological signs, which can contribute toward developing methods of early identification 

of diabetes and supporting real-time monitoring. This article introduces an IoT Signal 

Analytics based Feature-Aware Transformer (ISA-FT) framework for early diabetes 

prediction. The proposed ISA-FT method aims to identify individuals at risk of diabetes 

using healthcare attributes associated with diabetes progression. The presented technique 

employs the Boruta algorithm to eliminate irrelevant features, followed by SHapley 

Additive exPlanations (SHAP) to rank and interpret the most influential features affecting 

diabetes prediction. Furthermore, the selected features are classified using a Feature 

Tokenizer Transformer (FT-Transformer) with a Multi-Layer Perceptron (MLP) 

classification head to distinguish diabetic and non-diabetic individuals accurately. By 

integrating feature-aware signal analytics with transformer-based learning, the proposed 

ISA-FT method effectively captures the significance of diabetes-related features and their 

complex interactions, thereby improving early diabetes prediction performance. To improve 

the learning capability of the proposed ISA-FT framework, parameter optimization is carried 

out using the AdamW optimizer. The experimental evaluation of the proposed technique is 

conducted using the diabetes prediction in India dataset, and the obtained results 

demonstrate the superiority of the proposed method over existing diabetes prediction 

approaches.  
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1. INTRODUCTION 

 

Diabetes mellitus (DM) has emerged as a threatening global 

public health concern due to increased mortality and morbidity 

among a large global population, posing a great pressure to 

healthcare infrastructure due to various diabetic 

complications, such as heart diseases, thus affecting people's 

quality of life and health spending due to the chronicity of the 

disease [1]. Early diagnosis of diabetes can prevent 

progressive damage by enabling early interventions. However, 

the traditional screening approach based on blood biochemical 

parameters is highly sensitive, expensive, and not a desirable 

approach for population-level screening and continuous 

screening [2]. Traditional screening tests typically rely on 

laboratory infrastructure and well-trained healthcare providers 

and repeated clinical visits; hence, they offer limited 

practicality and accessibility, particularly in a low-resource 

setup where the required diagnostic facility is out of reach for 

rural residents [3]. Such limitations were clearly addressed in 

remote areas, remote mobile health camps, community-based 

screening programs, and primary health centers, etc., where 

lab infrastructure and services may not be readily accessible, 

and in such settings, a centralized pathology report remains an 

initial analysis for initial assessment and risk identification in 

some areas [4]. Therefore, a non-invasive, inexpensive, safe, 

convenient, and readily accessible diagnostic screening 

strategy that is suitable for a decentralized approach is urgently 

required [5]. In this regard, engineering-based sensing 

technology has drawn significant attention due to its 

application in monitoring diabetes risk through portable and 

Internet of Things (IoT) devices. Portable and IoT-enabled 

sensing devices promise enormous potential for on-demand 

and remote risk monitoring to ensure people's engagement and 

improve people care at their premises [6]. 

Recent developments in wearable technologies, non-

invasive biosensing, and artificial intelligence (AI) have 

allowed novel strategies for risk assessment and diabetes 

monitoring. The usage of Machine Learning (ML) algorithms 

for predicting and diagnosing diabetes from actual patient 

information has been broadly exploited [7]. Although certain 
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techniques have attained the best predictive outcomes in 

forecasting diabetes with higher precision, the interpretability 

of this system has rarely been estimated [8]. Hence, a deep 

learning (DL) approach is valuable for both understanding the 

causes of diabetes and developing treatment options [9]. DL 

tools take a look at a wealth of genetic, lifestyle, and clinical 

data and apply a learning model, or structure, to the data 

similar to that found in the human brain. They are able to 

uncover obscure and complex correlations in the data in order 

to make smarter personalized treatment recommendations and 

to anticipate an impending diagnosis [10]. The DL model pulls 

information from a patient’s genetic makeup, his or her 

medical background, and his or her behavioral choices to 

predict an increased likelihood of future diagnosis and to allow 

for personalized care recommendations [11]. Although ML 

and DL have shown remarkable results in health data 

prediction, there exist challenges such as a lack of 

interpretability, high feature redundancy, and the difficulty of 

integration with IoT-related health data. Hence, there is a 

necessity to develop an efficient and interpretable method for 

the prediction of diabetes in the early stages. In this paper, the 

IoT Signal Analytics based Feature-Aware Transformer (ISA-

FT) model is presented for IoT- enabled health monitoring for 

high accuracy with advanced DL, and by providing better 

insight into health features related to risks. The major 

contributions of this study are as follows: 

•Proposes an ISA-FT approach for early diabetes prediction 

by integrating IoT-enabled healthcare data with advanced DL 

techniques. 

•Applies the Boruta feature selection method along with 

SHapley Additive exPlanations (SHAP) analysis to identify 

and interpret the most relevant diabetes-related risk factors, 

enhancing both model performance and explainability. 

•Utilizes a Feature Tokenizer Transformer (FT-

Transformer) with a Multi-Layer Perceptron (MLP) 

classification head to efficiently learn complex relationships 

among selected healthcare attributes for accurate diabetes 

prediction. 

•Employs the AdamW optimizer to improve model training 

efficiency and enhance generalization performance. 

•Evaluates the proposed ISA-FT model on the Diabetes 

Prediction in India dataset and demonstrates its efficiency 

compared to existing methods. 

 

 

2. REVIEW OF LITERATURE 
 

This section presents a preview of the current works on 

diabetes prediction and discusses the research gaps noticed. 

Hong et al. [12] developed a new diabetes forecasting 

architecture, SLAF-ResNet, which incorporates a self-

learning activation function (SLALU) with an improved 

Residual Network. During training, the adaptive activation 

system adaptively adjusted neuron responses, removing the 

requirement for manual selection and improving the method’s 

capability to extract risk patterns in clinical information. 

Isabelmonika et al. [13] designed a convolutional neural 

network (CNN)-GRU framework that integrates the superior 

characteristics of both networks for predicting the possibility 

of diabetes on the basis of medical patient data that can be 

obtained. Demographic data and symptom-based variables 

were gathered from persons through investigations. Jain and 

Singhal [14] proposed a novel system that utilizes a Lattice 

Homomorphism-based Deep Neural Network (LH-DNN) to 

forecast gestational diabetes mellitus (GDM) in a timely and 

deliver personalized diet recommendations. The process starts 

with organizing and cleaning the information to guarantee it is 

balanced and reliable. Afterward, Long Short-Term Memory 

(LSTM) models are utilized to detect patterns in a person’s 

clinical records. If an analysis is validated, the LH-DNN 

delivers a diet that suggests traditional clinical criteria.  

Devi et al. [15] examined an intelligent diabetes prediction 

technique that exploits both hybrid and individual system 

methods to enhance consistency and diagnostic performance. 

Various strategies, such as a CNN, a random forest (RF), an 

LSTM, a graph neural network (GNN), Naive Bayes, and 

logistic regression, were assessed by employing measures. 

The input information comprised physiological sensor 

readings, namely body temperature, pulse rate, and glucose 

levels, gathered from devices including wearable 

thermometers, pulse sensors, and glucose meters. Attipoe et al. 

[16] investigated improving the accuracy of forecasting 

diabetes mellitus by applying the stacking system. This 

particular system technique was preferred simply because of a 

potential mix made of prediction models. Karunarathna and 

Liang [17] introduced a new technique that removes manual 

data entry by collecting the multi-modal passively, 

automatically recorded sensor data from wearable non-

invasive sensors, thus enabling practical and real-time glucose 

prediction. 

 

Table 1. Comparative analysis of existing diabetes prediction approaches, highlighting key limitations and research gaps 

 
Existing Approach Limitation Gaps Identified 

Traditional Machine Learning (ML) 

approaches (SVM, Logistic Regression, 

Random Forest) 

Limited ability to capture nonlinear and 

complex feature interactions 

Lack of deep representation learning for 

diabetes prediction 

Deep Learning models (ANN, CNN, 

LSTM) 

Require large data and often ignore feature 

interpretability 
Poor explainability and redundant feature usage 

Transformer-based models 
Strong learning capability, but not tailored 

for tabular healthcare data 
Lack of feature-aware selection mechanisms 

IoT-based healthcare systems 
Focus mainly on data collection and 

monitoring 

Limited integration with advanced predictive 

intelligence for early disease diagnosis 

Feature selection methods (basic 

filter/wrapper methods) 

Do not consider feature importance 

interpretation jointly 

Lack of combined selection and explainability 

(absence of SHAP-based interpretability 

integration) 

Existing diabetes prediction systems 
Mostly static models without optimization 

tuning 

Lack of adaptive optimization strategies like 

AdamW for better generalization and 

convergence stability 
Note: Internet of Things (IoT), Long Short-Term Memory (LSTM), convolutional neural network (CNN); SHAP = SHapley Additive exPlanations. 
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Table 1 proves that feature interpretability, nonlinearity 

learning, and IoT-based health systems are the weaknesses of 

current approaches, motivating the development of an 

intelligent and feature-informed predictive method. To 

address these shortcomings, the proposed ISA-FT model 

integrates feature selection, interpretability, and transformer-

based learning for improved diabetes prediction. While many 

feature selection methods have been proposed in the literature, 

traditional filter methods tend to assess the value of the 

variables separately and do not consider interdependencies 

between features. The wrapper approaches yield improved 

prediction accuracy, but they are very costly in terms of 

computation, and they may result in different subsets of 

features from one learning algorithm to another. Embedded 

methods are more efficient for calculations, but typically offer 

few insights into which features were selected. The proposed 

Boruta-SHAP is, however, a framework that integrates strong 

feature relevance estimation with model explainability. While 

Boruta determines all the features that are relevant to the 

overall prediction, SHAP provides a numerical value to each 

feature that has been kept in the prediction model.  

 

 

3. RESEARCH METHODOLOGY 

 

Figure 1 presents the architecture overview of the proposed 

ISA-FT model. Healthcare data have been first collected and 

preprocessed through steps like cleaning, encoding, outlier 

detection, and normalization. Second, a feature selection 

approach such as Boruta is adopted for filtering out beneficial 

features of the dataset. Following this step, the selected feature 

set can be further visualized through SHAP to evaluate the 

features' importance for classification. Ultimately, the filtered 

feature dataset is sent as the input to the FT-Transformer to 

capture the intricate interdependencies between features via 

self-attention. Binary classification is performed to classify 

between non-diabetic and diabetic patients by employing an 

MLP classification head. The optimization algorithm AdamW 

has been utilized during the training stage to efficiently guide 

the learning process and enhance the model's generalization 

capabilities. 

 

3.1 Dataset description 

 

For implementing the proposed approach, we utilized the 

diabetes prediction in India Dataset available at Kaggle [18]. 

The diabetes prediction in India dataset was chosen for this 

study due to its extensive database of demographic, lifestyle, 

physiological, and clinical information, which closely mimics 

the diverse data produced in IoT-powered healthcare settings. 

In contrast, the selected dataset has more samples (5,292 

instances) and more healthcare variables, which facilitate 

learning feature interactions more effectively with the 

proposed FT-Transformer architecture than conventional 

datasets like the PIMA Indian Diabetes Data Set. Moreover, 

the presence of several health-related attributes allows 

meaningful feature selection using Boruta and model 

interpretability analysis by SHAP. This dataset contains a total 

of 5,292 observations with 27 original features related to 

lifestyle, physical, and clinical conditions. Among them, 18 

key features have been identified after feature selection to 

develop the model. The 27 original attributes of healthcare 

data were examined, with nine that proved less informative or 

redundant dropped and 18 identified as being highly relevant 

by Boruta. The feature subset was then used to perform SHAP 

analysis and quantify the contribution of each feature to the 

prediction output. Instead of a second feature elimination step, 

SHAP's results are validated by ranking the features based on 

their global importance and giving explanations for each 

prediction at the local level. The extracted SHAP ranking was 

similar to the Boruta-based feature subset, which confirmed 

that the importance of the features was not significantly 

influenced by the proposed prediction system. It is a 

marginally balanced dataset with 2,588 observations 

representing the non-diabetic individuals and 2,704 

observations representing the diabetic individuals, as 

illustrated in Table 2.  

 

 
 

Figure 1. Overall architecture of the IoT Signal Analytics based Feature-Aware Transformer (ISA-FT) model 
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Table 2. Dataset description and class distribution of the 

diabetes prediction in India dataset 

 
Class Labels Class Count 

Non-Diabetic 2588 

Diabetic 2704 

Total 5292 

 

A marginally balanced distribution helps to alleviate the 

sampling-based biases in model learning, as well as improve 

the stability and uniformity of the classification performance. 

For adapting the study in the realm of the IoT-enabled 

healthcare ecosystem, each feature has been envisioned 

corresponding to some relevant wearable or biosensing device 

for generating real time physiological signals, as depicted in 

Table 3. 

 

Table 3. Mapping of dataset attributes to corresponding IoT-

based wearable and biosensing devices 

 
Attribute Name Used Sensor  

BMI HX711 Load Cell Sensor 

Physical_Activity MPU6050 Accelerometer 

Heart_Rate MAX30102 PPG Sensor 

Stress_Level Grove GSR Sensor 

Hypertension 
MPX5050DP Blood Pressure 

Sensor 

Fasting_Blood_Sugar Dexcom G6 CGM Sensor 

Postprandial_Blood_Sugar Dexcom G6 CGM Sensor 

Glucose_Tolerance_Test_Re

sult 
Dexcom G6 CGM Sensor 

Waist_Hip_Ratio Stretch Sensor 

 

In real world IoT healthcare settings, physiological sensor 

readings can be subject to motion artefact, communication 

delay, environmental noise, and sometimes signal loss. The 

use of an offline benchmark dataset does not make the present 

study less applicable to real-world data; the proposed 

preprocessing stage (outlier removal and normalization) does 

offer some robustness against noisy measurements. 

 

3.2 Preprocessing 

 

The preprocessing stage is performed to improve data 

quality and enhance the effectiveness of the diabetes 

prediction model [19]. Initially, the dataset will be encoded, 

outliers will be removed & discarded, and MinMax 

normalization will be applied to all features before applying 

feature selection and classification. 

•Encoding: The dataset consists of numerical and 

categorical features, such as 'Physical activity', 'stress level', 

and 'hypertension', which is a categorical feature, so we 

transform it to a numerical value using the appropriate 

encoding technique so that the FT-Transformer model is 

capable of handling this heterogeneity. 

•Outlier detection and removal: Outliers can adversely 

impact model performance because outliers introduce new and 

extreme features into the dataset, which makes the prediction 

process less accurate. Hence, outlier detection and elimination 

are required in order to clear away these extreme values for a 

good diabetes prediction dataset. 

•Min-max normalization: After outlier removal, the feature 

values are normalized using Min-Max normalization to scale 

all attributes within a common range. The Min-Max 

normalization is computed as: 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 (1) 

 

where, 𝑋𝑛𝑜𝑟𝑚 is the normalized feature value, 𝑋 represents the 

original feature value, 𝑋𝑚𝑖𝑛  indicates the minimum value of 

the feature, and 𝑋𝑚𝑎𝑥  is the feature’s maximum value. 

Encoding, outlier detection and removal, and Min-Max scaling 

process the dataset to produce a unified representation, setting 

up the Boruta-SHAP feature selection and FT-Transformer 

diabetes prediction tasks for enhanced outcomes. 

 

3.3 Boruta-SHapley Additive exPlanations feature 

selection 

 

This section explains the feature selection process used for 

identifying the most relevant features and improving model 

interpretability. 

 

3.3.1 Boruta 

The intent behind this work is to figure out which are the 

important features to determine for early predicting diabetes 

using the Boruta algorithm [20]. The Boruta algorithm is the 

feature selection algorithms that use RF. Boruta identifies a 

feature by comparing attributes against features with the 

permutation of the features of those features known as 

"shadow features". They make shadow features by permuting 

the current feature set of the features, creating a new feature 

set, and running the model with both datasets to get a measure 

of the features' importance. Boruta tries to measure the relative 

importance of current features against shadow features using 

the Z-score, such that they determine whether actual features 

are more significant for making predictions and help them to 

find the more significant features. The Boruta algorithm 

generates shadow features by randomly shuffling the original 

feature values and trains an RF model using both original and 

shadow features. Feature importance scores are then computed 

and compared using Z-scores, where features that consistently 

achieve higher importance than their shadow counterparts are 

retained as relevant, while less significant features are 

discarded. 

 

𝑍𝑖 =
𝐼𝑖 − 𝜇𝑠ℎ𝑎𝑑𝑜𝑤

𝜎𝑠ℎ𝑎𝑑𝑜𝑤

 (2) 

 

where, 𝐼𝑖  = Importance score of the 𝑖𝑡ℎ feature, 𝜇𝑠ℎ𝑎𝑑𝑜𝑤  = 

Mean importance score of the shadow features, and 𝜎𝑠ℎ𝑎𝑑𝑜𝑤  = 

Standard deviation of the shadow feature importance scores. 

The Boruta algorithm has a unique advantage when it comes 

to selecting optimal features since it includes all pertinent 

features, even those features that have interactions with other 

features. The method aims to keep important predictive 

features to prevent overfitting and maintain the generalization 

performance of the system. In this present study, the Boruta 

algorithm is used to discard non-relevant information provided 

by IoT-based sensors to make a decision for predicting the 

outcome of diseases that influence diabetes patients. 

 

3.3.2 SHapley Additive exPlanations 

While Boruta excels in selecting a portion of informative 

features from the original feature set by comparing the original 

with generated shadow features (for noise and redundancy 

reduction), the approach itself acts like a feature filter. To 

serve this purpose and to further enrich post-hoc explanation 

for features, we then apply SHAP for the selection and ranking 
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of those important IoT features. The two combined, i.e., 

Boruta first for selection of the IoT features, followed by 

SHAP for ordering and interpretation, offer a two-tier solution 

where important features are screened by the latter, and the 

interpretability aspect for the prediction of diabetes based on 

this feature set is analyzed by the FT-Transformer.  

By providing an explanation, SHAP reports the influence of 

each feature in a prediction while averaging over all possible 

combinations. It works by evaluating the marginal 

contribution of every feature against all other combinations to 

provide model-wise or local explanations without ignoring 

interactions. SHAP overcomes some of the limitations in 

traditional model interpretation methods, for example, by 

providing model-agnostic interpretation and allocating 

contributions fairly according to cooperative game theory. 

Thus, this algorithm makes SHAP an applicable method in 

healthcare domains. The SHAP value is calculated as: 

 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝐹 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝐹 ∣ !
𝑆⊆𝐹∖{𝑖}

[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] (3) 

 

Here, 𝜙ᵢ  represents the contribution of feature 𝑖  to the 

prediction, and the remaining terms define the feature subsets 

and model outputs involved in SHAP-based importance 

estimation. 

 

3.4 Feature Tokenizer Transformer with Multi-Layer 

Perceptron classification head 

 

This section presents the FT-Transformer model with an 

MLP classification head used for diabetes prediction. The FT-

Transformer model with an MLP classification head is 

designed to address the drawbacks noticed in standard ML 

approaches when performing on a combined diabetes dataset 

[21]. However, the FT-Transformer successfully conducts 

feature interactions by multi-head self-attention (MHSA) and 

token embeddings; its ability to convert the learnable 

representations into precise prediction outcomes needs a better 

classification mechanism. Hence, an MLP classification head 

is incorporated, and then the transformer encoder is utilized to 

increase the discrimination ability. This framework allows for 

gaining global contextual dependencies using attention, while 

executing efficient non-linear classification via dense 

transformations. The FT-Transformer architecture obtains the 

feature-selected and preprocessed input matrix 𝑋𝑡𝑟𝑎𝑖𝑛 . The 

feature tokenizer can be utilized to combine all the feature 

columns as a learnable vector representation. Considered an 

input vector 𝑥 ∈ ℝ𝑑 , the tokenizer maps to every feature 𝑥𝑗 

and token embedding as given below: 

 

𝑡𝑗 = 𝐸𝑗𝑥𝑗 + 𝑏𝑗 (4) 

 

Here, the parameter 𝑡𝑗 characterizes a 𝑗𝑡ℎ token embedding, 

and the mathematical form of 𝐸𝑗 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙  represents the 

feature-related projection matrix. Later, during tokenization, 

the positional encodings have been integrated into the token 

sequences and entered into the transformer encoder module. In 

the encoder, MHSA calculates contextual correlations 

between the embedded features: 

 

Attention(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 (5) 

In this mathematical form, 𝑑𝑘 points to the dimension of the 

key vectors, 𝐾 indicates the key matrix, 𝑉 denotes the value 

matrix, and the term 𝑄 indicates the query matrix.  

This method allows the model to dynamically obtain feature 

interactions between IoT sensor-based features, namely 

fasting blood sugar, physical activity, stress level, BMI, 

postprandial blood sugar, and hypertension, thus gaining 

intricate dependencies related to diabetes risk. Additionally, 

the outcome of every self-attention layer is handled by residual 

connections, layer normalization (LN), and a feed-forward 

transformer module to produce the higher-level contextual 

representation represented by 𝐻𝐹𝑇 . 

Later, the produced transformer representation is entered 

into an MLP classification head that contains fully connected 

(FC) layers with non-linear activation functions. The MLP is 

calculated by: 

 

𝑧(1) = 𝜎(𝑊1𝐻𝐹𝑇+𝑏1) 

𝑧(2) = 𝜎(𝑊2𝑧(1)+𝑏2) 
(6) 

 

Here, the term 𝑏1  and 𝑏2  represent bias vectors, the 

parameter 𝑊1 and 𝑊2 indicate trainable weight matrices, and 

the symbol 𝜎(⋅) points out the nonlinear activation function 

like GELU.  

The MLP classification head improves the discriminative 

ability of the transformer representation through learning 

intricate nonlinear decision boundaries related to diabetes 

prediction. The final prediction representation can be 

determined by: 

 

𝑢 = 𝑧(2) (7) 

 

A final classification layer encompassing a sigmoid 

activation function and dropout is utilized to produce the 

probability of diabetes occurrences. The model has been 

trained by applying Binary Cross-Entropy (BCE) loss 

described as: 

 

𝐿 = −[ylog(𝑦̂) + (1 − 𝑦) log(1 − 𝑦̂)] (8) 

 

Now, the parameter 𝑦̂ points to the predicted probability, 

and  𝑦  indicates the true class label. This architecture 

effectively performs feature interactions and non-linear 

patterns of decision-making with the help of embedding FT-

Transformer and MLP as classification layers, thus improving 

the accuracy of timely diabetic diagnosis by employing 

features obtained from an IoT sensor network. Figure 2 

represents the architecture of the FT-Transformer with an 

MLP classification head. 

 

3.5 AdamW optimization 

 

This section describes the AdamW optimization method 

used to improve model training and enhance generalization 

performance. AdamW is an enhanced form of the Adam 

optimizer that improves model training by avoiding overfitting 

and increasing generalization [22]. It uses L2 regularization 

instead of standard Adam, decouples weight decay and 

gradient update with L2 regularization so as to update weights 

more effectively. Weight decay can be effectively applied in 

the FT-Transformer early diabetes prediction model, which 

guarantees consistent convergence and better performance in 

classification accuracy. The weight update rule is derived from 

Eq. (9): 
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𝜃𝑡 = 𝜃𝑡−1 − 𝜂(
𝑚𝑡

√𝑣𝑡 + 𝜖
+ 𝜆𝜃𝑡−1) (9) 

 

The AdamW optimizer improves training efficiency and 

model generalization by effectively handling weight decay, 

resulting in enhanced classification performance for early 

diabetes prediction. 

 

 
 

Figure 2. Structure of the Feature Tokenizer Transformer (FT-Transformer)-Multi-Layer Perceptron (MLP) classification model 

 

 

4. EXPERIMENTAL RESULT ANALYSIS 

 

This section describes the experimental configuration, 

experimental procedures, and analysis of the results. The 

proposed ISA-FT model was developed with a Python (Keras 

/ TensorFlow) based DL framework. This experiment has been 

conducted on a personal computer (PC) with an operating 

system (OS) on Windows, with an Intel(R) Core (TM) i5-

based CPU, 16 GB of memory, and a graphics processing unit 

(GPU) on the RTX series. 

4.1 Performance analysis 

 

Figure 3 shows the confusion matrices of the 80:20 training 

phase (TRAP) and testing phase (TESP). The higher values 

along the diagonal indicate that most Diabetes mellitus 

samples were properly categorized, comprising non-diabetic 

and diabetic instances. In contrast, a few records were 

misclassified amongst the types. These outcomes indicate that 

ISA-FT functions well in classification tasks. 

 

 
 

Figure 3. Classifier outcome of (a), (b) 70% and 30% confusion matrices 

 

 
 

Figure 4. Accuracy and loss curve of the IoT Signal Analytics based Feature-Aware Transformer (ISA-FT) method 
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Table 4. Diabetes mellitus classification of the IoT Signal Analytics based Feature-Aware Transformer (ISA-FT) approach with a 

70:30 split 

 
Training Phase (TRAP) (70%) 

Class Labels Accuracy (𝐴𝑐𝑐𝑢𝑟𝑦) Precision (𝑃𝑟𝑒𝑐𝑖𝑛) Recall (𝑅𝑒𝑐𝑎𝑙𝑙) F1-score (𝐹1𝑆𝑐𝑜𝑟𝑒) MCC 

Non-Diabetic 93.71 94.75 92.29 93.5 87.44 

Diabetic 93.71 92.76 95.07 93.9 87.44 

Average 93.71 93.75 93.68 93.7 87.44 

Testing Phase (TESP) (30%) 

Non-Diabetic 94.02 94.47 93.13 93.79 88.03 

Diabetic 94.02 93.6 94.86 94.22 88.03 

Average 94.02 94.04 93.99 94.01 88.03 
 

 
 

Figure 5. Precision-Recall (PR) and Receiver Operating Characteristic (ROC) curves of the IoT Signal Analytics based Feature-

Aware Transformer (ISA-FT) method 

 

Table 4 represents the ISA-FT of the proposed system under 

a 70:30 train-test split. The results show that the ISA-FT 

approach effectively distinguishes between the two types. The 

proposed ISA-FT technique attains an average value of 

𝑎𝑐𝑐𝑢𝑟𝑦  of 93.71% in TRAP and 𝑎𝑐𝑐𝑢𝑟𝑦  of 94.02 in TESP, 

where the MCC Score of 87.44 and 88.03 for both the TRAP-

TESP split values, emphasizing the stronger predictive 

performance and robustness in the Diabetes Mellitus 

classification. 

Figure 4 depicts the training (TRAING) and validation 

(VALIDN) accuracy and loss curves of the ISA-FT algorithm. 

Figure 4(a) exhibits an accuracy curve that increases steadily 

and reaches a higher level, demonstrating effective learning 

and convergence. Figure 4(b) shows the loss curve reduces 

sharply in initial epochs, and then progressively alleviates as 

training progresses, signifying the efficiency of the proposed 

methodology in learning discriminative features for Diabetes 

Mellitus classification.  

Figure 5 reveals the Precision-Recall (PR) and Receiver 

Operating Characteristic (ROC) curves of the ISA-FT method. 

Figure 5(a) shows that the PR analysis of the ISA-FT approach 

reaches a maximum precision solution and achieves a minimal 

recall value through dual categorization. In addition, Figure 

5(b) exhibits the ROC inspection of the ISA-FT method, 

suggesting growing ROC values, obviously revealing that the 

ISA-FT technique achieves superior performance for both 

classes. 
 

4.2 Comparison analysis 

 

Table 5 portrays the comparison results of the ISA-FT 

system with other methodologies using evaluation metrics [23, 

24]. The results indicated that the RF, XGBoost Classifier, and 

TCN strategies have performed with lower values 𝑎𝑐𝑐𝑢𝑟𝑦  of 

70.80%, 75.00%, and 75.00%, respectively. In the meantime, 

the LSTM, InceptionNet, TIPNet Deep Model, and ANN 

approaches have attained closer performance. On the other 

hand, the ISA-FT system has achieved greater outcomes with 

𝑎𝑐𝑐𝑢𝑟𝑦 of 94.02%, 𝐹1𝑆𝑐𝑜𝑟𝑒  of 94.01%, 𝑟𝑒𝑐𝑎𝑙𝑙 of 93.55%, and 

𝑝𝑟𝑒𝑐𝑖𝑛 of 94.04% compared to the traditional methods. 

 

Table 5. Comparative outcomes of the IoT Signal Analytics 

based Feature-Aware Transformer (ISA-FT) system with 

existing models 

 

Model 𝑨𝒄𝒄𝒖𝒓𝒚 𝑭𝟏𝑺𝒄𝒐𝒓𝒆 𝑹𝒆𝒄𝒂𝒍𝒍 𝑷𝒓𝒆𝒄𝒊𝒏 

RF 70.80 71.54 60.00 68.82 

XGBoost Classifier 75.00 74.12 90.90 76.12 

ANN 91.67 90.11 91.67 92.43 

TCN 75.00 76.00 80.00 73.00 

LSTM 85.00 84.00 80.00 89.00 

InceptionNet 85.00 86.00 88.00 83.00 

TIPNet Deep Model 88.00 89.00 89.00 89.00 

ISA-FT 94.02 94.01 93.99 94.04 
Note: Long Short-Term Memory (LSTM), random forest (RF). 

 

Paired statistical significance analysis was conducted at a 

95% confidence level to ensure the observed performance 

increase has statistical significance. The proposed ISA-FT 

model showed statistically significant differences with the 

other models (p < 0.05), so it is assumed that the improvement 

in performance is not due to chance. 
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Table 6. Ablation study of IoT Signal Analytics based Feature-Aware Transformer (ISA-FT) model with existing methods 

 

Methods Accuracy F1-Score Recall Precision 

FT-Transformer + MLP (Without Boruta-SHAP & AdamW) 91.84 91.79 91.66 91.74 

Preprocessing + FT-Transformer + MLP (Without Boruta-SHAP) 92.53 92.48 92.34 92.41 

Preprocessing + Boruta-SHAP + MLP (Without FT-Transformer) 92.97 92.93 92.78 92.85 

Preprocessing + Boruta-SHAP + FT-Transformer (Without AdamW) 93.56 93.51 93.39 93.47 

ISA-FT (Preprocessing + Boruta-SHAP + FT-Transformer + AdamW) 94.02 94.01 93.99 94.04 
Note: Feature Tokenizer Transformer (FT-Transformer), Multi-Layer Perceptron (MLP). 

 

  
 

Figure 6. SHapley Additive exPlanations (SHAP)-based global feature importance and local explanation  

 

An ablation study measures the importance of specific 

elements by systematically eliminating or altering them. It 

supports classifying the most significant elements and their 

effect on the model performance. Table 6 signifies the ablation 

study of the ISA-FT technique. The results suggest that the FT-

Transformer + MLP (Without Boruta-SHAP & AdamW), 

Preprocessing + FT-Transformer + MLP (Without Boruta-

SHAP), Preprocessing + Boruta-SHAP + MLP (Without FT-

Transformer), and Preprocessing + Boruta-SHAP + FT-

Transformer (Without AdamW) strategies have obtained 

lower performances under various measures. For the 

meantime, the proposed ISA-FT (Preprocessing + Boruta-

SHAP + FT-Transformer + AdamW) approach has achieved 

higher performances with 𝑎𝑐𝑐𝑢𝑟𝑦  of 94.02%, 𝐹1𝑆𝑐𝑜𝑟𝑒  of 

94.01%, 𝑟𝑒𝑐𝑎𝑙𝑙  of 93.55%, and 𝑝𝑟𝑒𝑐𝑖𝑛  of 94.04%. These 

results demonstrate the efficiency of integrating all proposed 

elements into an integrated framework. 

 

4.3 Feature importance analysis 

 

Figure 6 exhibits the SHAP-based feature importance 

analysis of the chosen features. The outcomes implied that 

C_Protein_Level, Postprandial_Blood_Sugar, 

Fasting_Blood_Sugar, Vitamin_D_Level, and BMI are the 

most powerful factors influencing diabetes prediction. This 

enhances the efficacy of the Boruta-SHAP feature selection 

method in classifying significant diabetes-related features. 

 

4.4 Discussion 

 

The empirical outcomes clearly point out that the proposed 

ISA-FT model performed well compared to the existing ML 

and DL methods with respect to predicting the risk of 

developing diabetes. This improvement must be associated 

with the integrated influence of feature selection, transformer-

based learning, and an optimized training approach. The usage 

of Boruta ensures that only the most relevant features are 

retained, decreasing noise and increasing the stability of the 

model. The SHAP analysis supports interpreting the reasons 

for predicting risk factors, thus making it consistent from the 

medical perspective. The FT-Transformer efficiently gains 

intricate correlation among selected features, surpassing 

conventional classifiers that struggle with non-linear 

dependencies. Generally, the outcomes highlighted that the 

ISA-FT technique steadily surpassed other benchmark 

techniques based on metrics such as accuracy, precision, 

recall, and F1-score; it demonstrates that the integration of 

feature-driven learning and a transformer model is an effective 

technique for early detection of diabetes risk. 

In practice, the proposed ISA-FT framework is also 

computationally efficient as it achieves dimensionality 

reduction in input data before applying transformer learning 

through feature selection. FT-Transformer only considers the 

selected features, which helps to decrease the number of 

unnecessary computations without compromising the 

prediction accuracy.  

 

 

5. CONCLUSION 

 

In this work, the ISA-FT approach has been presented to 

predict diabetes using health-associated features. The main 

objective was to build a simple yet effective approach that can 

support early risk identification using data that can be gathered 

from IoT-enabled devices and health monitoring systems. The 

study shows that combining proper feature selection with a 

transformer-based model can improve prediction 

performance. With the help of Boruta and SHAP, the model 

determines factors most contributing to the result, and selected 

features learn the interdependencies in an effective manner by 

FT-Transformer. Therefore, the proposed method provides 

more reliable results compared to traditional approaches. 
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Although the results are encouraging, the model is evaluated 

on a single dataset, which may limit its generalization. The 

proposed ISA-FT framework will be further tested and 

validated in the future on multi-center healthcare datasets, k-

fold cross validation, external benchmark datasets, and real-

time IoT sensor streams to check the robustness and 

generalization capability. 
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