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Abstract 
Early detection of Type 2 Diabetes (T2D) is essential for preventing disease progression and reducing long-term 
health complications. However, conventional screening methods rely on periodic clinical examinations and 
centralized data processing, limiting their ability to provide continuous and privacy-preserving monitoring. This 
paper proposes Edge-BioFormer, a decentralized self-supervised transformer framework for early diabetes 
detection using wearable sensor data. The proposed framework applies Metabolic Pattern Modeling (MPM) to 
learn normal metabolic patterns from unlabeled physiological signals and detect abnormal changes associated 
with diabetes risk. It integrates key biomarkers, including the Advanced Glycation End Products (AGEs) Index, 
Body Mass Index (BMI), Age, Resting Heart Rate (RHR), Heart Rate Variability (HRV), and daily activity data. 
Federated learning enables collaborative model training while preserving user privacy by keeping personal health 
data on local wearable devices. In addition, Layer-wise Relevance Propagation (LRP) provides interpretable 
predictions by identifying the physiological features that contribute to each risk assessment. Experimental results 
demonstrate that the proposed stacking ensemble model achieves the best performance with an ROC-AUC of 
0.86, outperforming individual ensemble models while providing high sensitivity for early diabetes detection. The 
findings also identify the AGEs Index, BMI, Age, and RHR as the most influential biomarkers, whereas higher 
HRV and better sleep quality act as protective factors. These results indicate that Edge-BioFormer provides an 
effective, privacy-preserving, and clinically interpretable framework for continuous diabetes monitoring. Future 
work will focus on improving signal denoising, reducing communication overhead in federated learning, and 
validating the framework using larger and more diverse longitudinal datasets.  
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1. Introduction 

Diabetes remains one of the fastest-growing chronic diseases worldwide and continues 
to place a substantial burden on healthcare systems. Millions of people remain 
undiagnosed until serious complications appear because early symptoms often develop 
gradually and without clear clinical signs. Delayed diagnosis increases the risk of 
cardiovascular disease, kidney failure, neuropathy, retinopathy, and premature mortality. 
Healthcare providers therefore require intelligent screening systems that identify diabetes 
at an earlier stage using continuous physiological observations rather than relying solely 
on conventional laboratory examinations. Recent advances in artificial intelligence (AI), 
deep learning, and digital health technologies create new opportunities to improve early 
diagnosis while reducing healthcare costs and increasing accessibility. These 
developments motivate researchers to investigate intelligent frameworks that support real-
time, accurate, and scalable diabetes detection. [1], [5], [6] 

Deep learning has significantly improved automated diabetes prediction because it 
learns complex nonlinear relationships from heterogeneous medical data. Recent studies 
report that convolutional neural networks, recurrent neural networks, autoencoders, 
multilayer feed-forward neural networks, and hybrid architectures consistently outperform 
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many traditional machine learning approaches. Researchers further improve prediction 
performance through oversampling, feature augmentation, hyperparameter optimization, 
and ensemble learning strategies that address class imbalance and feature dependency. 
Explainable AI methods such as SHAP also enhance model transparency by identifying 
influential clinical variables that contribute to prediction outcomes. Despite these advances, 
most existing models operate in centralized environments and require complete datasets 
for training, limiting their applicability to distributed healthcare scenarios where data privacy 
is essential. [12]–[16], [19]–[21], [23], [24] 

Researchers also investigate non-invasive diabetes detection by exploiting 
physiological signals and biomedical images. Fundus retinal imaging, iris imaging, gait 
acceleration signals, wearable biosensors, and other physiological measurements 
demonstrate promising capability for identifying diabetes without invasive blood sampling. 
These approaches reduce patient discomfort while enabling continuous health monitoring 
in daily environments. Deep learning models successfully extract subtle physiological 
patterns that remain difficult to recognize using conventional statistical methods. However, 
many image-based approaches require high-resolution imaging equipment, whereas 
wearable sensing systems often generate noisy, heterogeneous, and continuously evolving 
data streams that challenge centralized model training and deployment. [2], [5], [17], [18], 
[22], [23] 

Wearable Internet of Things (IoT) devices further transform diabetes screening by 
enabling continuous acquisition of physiological signals outside clinical settings. 
Smartwatches, continuous glucose monitors, biosensors, and mobile health devices 
provide large volumes of real-time health data that support proactive disease management. 
Recent systematic reviews demonstrate that AI-assisted wearable systems improve 
glucose prediction, patient monitoring, and personalized intervention. However, continuous 
transmission of sensitive medical information to centralized cloud servers raises concerns 
regarding privacy, communication latency, bandwidth consumption, and regulatory 
compliance. These limitations reduce user trust and restrict the practical deployment of 
intelligent healthcare systems at large scale. [2], [3], [5], [6], [9], [10] 

Federated learning has emerged as a promising solution for distributed healthcare 
analytics because it trains global models without transferring raw patient data from local 
devices. Instead, participating edge nodes exchange only model parameters, thereby 
preserving data confidentiality while supporting collaborative learning across multiple 
institutions or wearable devices. Recent surveys report that federated learning significantly 
improves privacy preservation and regulatory compliance in smart healthcare ecosystems 
integrated with IoT infrastructures. Nevertheless, conventional federated learning still 
depends heavily on labeled datasets, repeated communication rounds, and centralized 
aggregation servers. These requirements increase communication overhead and reduce 
learning efficiency when wearable devices operate under limited computational resources 
or intermittent network connectivity. [3], [9], [10] 

Transformer-based architectures have recently demonstrated remarkable capability in 
modeling long-range dependencies within sequential physiological signals. Progressive 
gated transformers, transformer-enhanced TabNet, and other attention-based 
architectures outperform conventional recurrent networks across various healthcare 
prediction tasks because they capture global contextual relationships more effectively. Self-
supervised learning further strengthens transformer performance by learning robust feature 
representations from unlabeled physiological data before downstream fine-tuning. This 
learning paradigm reduces dependence on expensive expert annotations and improves 
generalization when labeled medical datasets remain limited. Despite these advantages, 
few studies combine transformer models with decentralized edge intelligence and 
federated optimization specifically for early diabetes detection using multimodal 
physiological data. [4], [8], [13], [14], [21] 



 

Recent literature also emphasizes the importance of explainability, personalization, and 
trustworthy AI in medical decision support systems. Clinicians require transparent 
predictions that justify diagnostic outcomes before integrating AI into routine healthcare 
practice. Explainable AI methods improve clinician confidence by revealing feature 
importance and model reasoning, while personalized learning enables adaptation to 
individual physiological characteristics. However, many current diabetes detection models 
prioritize predictive accuracy over interpretability, decentralized deployment, and efficient 
learning from unlabeled wearable data. Consequently, several practical challenges remain 
unresolved, including privacy-preserving representation learning, low-latency inference, 
edge scalability, and robust generalization across diverse populations and sensing devices. 
[1], [3], [4], [10], [14], [16] 

This paper addresses these research gaps by proposing Edge-BioFormer, a 
decentralized self-supervised transformer framework for early diabetes detection. The 
proposed framework integrates edge computing, federated learning, self-supervised 
representation learning, and transformer-based sequence modeling into a unified 
architecture for wearable healthcare environments. Edge-BioFormer enables local 
representation learning directly on wearable devices, exchanges only model parameters 
during federated optimization, and applies transformer attention to capture complex 
temporal dependencies within physiological signals. This combination reduces 
communication costs, strengthens patient privacy, minimizes dependence on labeled 
datasets, and supports real-time diabetes screening at the network edge. Therefore, this 
study contributes a privacy-preserving, scalable, and intelligent framework that advances 
next-generation decentralized healthcare systems for early diabetes detection. [2], [3], [8], 
[10], [14], [16]. 

2. Related Works 

 Recent studies extensively investigated the application of artificial intelligence and deep 
learning for diabetes prediction. Corrao et al. reviewed the evolution of machine learning 
and deep learning in diabetology and reported that intelligent models substantially 
improved disease prediction, personalized treatment, and clinical decision support. Ahmed 
et al. also conducted a systematic review of AI-enabled wearable devices and found that 
artificial intelligence enhanced blood glucose prediction and continuous patient monitoring. 
Their studies demonstrated the growing maturity of AI in healthcare and confirmed its 
potential to support early diabetes detection. However, they primarily provided broad 
surveys rather than proposing practical decentralized learning frameworks that preserve 
patient privacy while enabling real-time prediction on wearable devices. [1], [5] 

Several studies developed deep learning architectures to improve diabetes 
classification accuracy using structured clinical datasets. García-Ordás et al. proposed a 
deep learning pipeline that combined oversampling and feature augmentation to address 
data imbalance during diabetes prediction. Rayala et al. further optimized prediction 
performance by integrating BGRU with Student Psychology-Based Optimization (SPBO) 
for feature selection and SA-GSO for hyperparameter tuning. Both studies reported 
improved predictive performance through better data preprocessing and optimization 
techniques. Nevertheless, both approaches relied on centralized datasets and supervised 
learning. They required extensive labeled data and did not consider decentralized training 
or resource-constrained edge deployment. [12], [13] 

Researchers also investigated ensemble and hybrid deep learning models to improve 
prediction reliability. Shaheen et al. introduced the Hi-Le and HiTCLe models by combining 
Highway networks, LeNet, and Temporal Convolutional Networks with ProWSyn 
oversampling. Their framework achieved high accuracy while incorporating SHAP to 
explain prediction outcomes. Rahman et al. also proposed an interpretable hybrid 
framework that combined Gradient Boosting Machine, Random Forest, Naïve Bayes, and 



 

an Artificial Neural Network with SHAP explanations. These studies demonstrated that 
ensemble learning and explainable AI improved both predictive performance and model 
transparency. However, they executed inference in centralized environments and did not 
address communication efficiency, distributed learning, or privacy preservation for 
wearable healthcare systems. [14], [21] 

Several researchers explored alternative deep learning architectures for diabetes 
prediction and classification. Fakhar et al. designed a multilayer feed-forward neural 
network and showed that it outperformed Random Forest and Naïve Bayes on the Pima 
Diabetes Dataset. Alsulami compared Deep Neural Networks, Autoencoders, and 
Convolutional Neural Networks using Saudi diabetes data and reported that Autoencoders 
performed consistently well on imbalanced datasets. Khadatkar et al. also investigated 
deep learning for early diabetes screening and emphasized the importance of early 
diagnosis in reducing disease progression. These studies confirmed the effectiveness of 
deep learning for clinical prediction. However, they mainly optimized centralized 
classification accuracy and paid limited attention to scalable deployment on distributed 
healthcare infrastructures. [19], [20], [24] 

Other researchers investigated non-invasive diabetes detection using biomedical 
images and physiological signals. RajaRajeswari et al. developed a deep learning 
framework based on iris image analysis and demonstrated that CNNs effectively captured 
discriminative iris features for diabetes diagnosis. Rom et al. proposed a deep learning 
model that detected diabetes directly from retinal fundus images without relying on diabetic 
retinopathy indicators. Chee et al. further explored gait acceleration signals and introduced 
a hybrid deep learning framework for physiological signal classification. These studies 
showed that deep learning successfully extracted disease-related features from multiple 
sensing modalities. Nevertheless, image-based approaches required specialized imaging 
equipment, while physiological sensing systems generated heterogeneous sequential data 
that remained challenging for conventional centralized learning frameworks. [17], [18], [22] 

Recent studies also highlighted the importance of wearable sensors and Internet of 
Things technologies for continuous diabetes monitoring. Henriques et al. introduced 
SweetDeep, a wearable AI system that supported real-time non-invasive diabetes 
screening through physiological sensing. Their framework demonstrated the feasibility of 
wearable intelligence for continuous healthcare applications. Abbas et al. comprehensively 
reviewed federated learning in smart healthcare and concluded that distributed learning 
significantly strengthened data privacy and predictive analytics. Birari also emphasized that 
integrating federated learning with IoT infrastructures enabled personalized healthcare 
while reducing the exposure of sensitive patient information. Despite these advantages, 
the reviewed studies identified communication overhead, heterogeneous devices, and 
limited computational resources as major obstacles for large-scale deployment of federated 
healthcare systems. [2], [3], [9] 

Transformer-based learning recently emerged as an effective solution for modeling 
complex physiological signals. Zhou et al. proposed a multi-scale progressive gated 
transformer that successfully captured long-range dependencies in physiological data 
through hierarchical attention mechanisms. Jui et al. later combined transformer 
architectures with TabNet and explainable AI to improve physiological signal interpretation 
while maintaining prediction transparency. These studies demonstrated that transformer 
models outperformed many conventional recurrent architectures in sequential healthcare 
applications. However, they focused on centralized processing and did not integrate self-
supervised representation learning or federated edge intelligence for decentralized 
wearable healthcare environments. [4], [8] 

Several review papers summarized current trends and identified important research 
gaps in intelligent diabetes detection. Wee et al. analyzed machine learning and deep 
learning approaches and emphasized the need for non-invasive biomarkers, effective 



 

feature selection, and robust data balancing strategies. Katiyar et al. also reviewed recent 
advancements in diabetes prediction and concluded that future systems should improve 
generalization, interpretability, scalability, and clinical applicability. Collectively, previous 
studies significantly advanced diabetes detection through deep learning, ensemble 
learning, wearable sensing, and explainable AI. Nevertheless, no existing study 
comprehensively integrated edge computing, federated learning, self-supervised 
transformer learning, and privacy-preserving collaborative intelligence into a unified 
framework for early diabetes detection. This research addressed these limitations by 
proposing Edge-BioFormer, which combined decentralized self-supervised transformer 
learning with federated edge intelligence to support accurate, privacy-preserving, and real-
time diabetes screening. [15], [16], [1], [3]. 

3. Proposed Method 

    This study proposes Edge-BioFormer, a decentralized self-supervised transformer 
framework for early diabetes detection using physiological signals collected from wearable 
devices. The proposed framework integrates edge computing, self-supervised 
representation learning, federated learning, and transformer-based classification into a 
unified architecture. First, wearable devices continuously collect physiological 
measurements and perform local preprocessing. Next, each edge node learns robust 
feature representations through a self-supervised encoder without requiring complete data 
annotation. The learned representations are then refined using a transformer encoder to 
capture long-range temporal dependencies. Local model parameters are periodically 
transmitted to a federated server for secure aggregation instead of transferring raw patient 
data. Finally, the global model predicts the diabetes status while preserving patient privacy 
and reducing communication overhead. 
 
3.1 Physiological Signal Representation 
In this study, the physiological observations collected from wearable devices are 
represented as 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑁}, 
where 𝑁 denotes the number of samples and each observation is defined as 

𝑥𝑖 = [ℎ𝑖 , 𝑔𝑖 , 𝑡𝑖 , 𝑠𝑖 , 𝑎𝑖], 
where ℎ𝑖 is the heart rate, 𝑔𝑖 is the glucose-related measurement or biosensor feature, 𝑡𝑖 
is the body temperature, 𝑠𝑖 is the blood oxygen saturation (SpO2), and 𝑎𝑖 represents activity-

related features extracted from wearable sensors. 
 
3.2 Self-Supervised Feature Learning 
This paper applies self-supervised learning to generate latent representations without 
requiring manual labels. The encoder is formulated as: 

𝑧𝑖 = 𝑓𝜃(𝑥𝑖), (1) 
 
where 𝑓𝜃(⋅)  denotes the self-supervised encoder, 𝑥𝑖 is the input signal, and 𝑧𝑖 is the learned 

feature representation. 
 
The encoder parameters are optimized by minimizing the self-supervised objective 

 

(2) 

 
Where, 𝐿𝑆𝑆𝐿   denotes the self-supervised learning loss that encourages the encoder to learn 

informative representations from unlabeled physiological data. 
 



 

3.3 Transformer-Based Diabetes Prediction 
In this study, the transformer encoder captures temporal dependencies among 
physiological measurements. The transformer output is computed as 

𝐻 = Transformer(𝑍), 
where 

𝑍 = {𝑧1, 𝑧2, … , 𝑧𝑁} 
is the sequence of latent feature vectors and 𝐻 denotes the contextual feature 

representation generated by the transformer. 
 
 
The final diabetes prediction is obtained using 

 
(3) 

 

where 𝑦
^
  represents the predicted diabetes class and 𝑃(𝑦 ∣ 𝐻)  is the posterior probability 

estimated by the classifier. 
 
3.4 Federated Model Aggregation 
This paper employs federated learning to preserve data privacy during collaborative model 
training. The global model is updated using the Federated Averaging (FedAvg) algorithm, 
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where 𝐾 denotes the number of participating edge devices, 𝑛𝑘 is the number of local 

samples at device 𝑘, 𝑁 = ∑ 𝑛𝑘
𝐾
𝑘=1   is the total number of training samples, and 

𝜃𝑘
(𝑡)

 represents the local model parameters after the 𝑡-th communication round. 

This aggregation process updates the global model without transmitting raw patient data 
to the central server. 
 
3.5 Edge Inference 
After the global model is distributed back to wearable devices, each edge node performs 
local inference according to 

 
(5) 

 

where 𝜃∗  denotes the optimized global model parameters and 𝑦
^

𝑖  is the predicted diabetes 

status for patient 𝑖. 
This mechanism enables real-time diabetes detection directly on wearable devices while 
minimizing communication latency. 
 
3.6 Model Performance Evaluation 
This study evaluates the proposed framework using standard classification metrics. 
The prediction accuracy is computed as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
, (6) 

 



 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote true positive, true negative, false positive, and false 

negative predictions, respectively. 
The precision is defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, (7) 

 
which measures the proportion of correctly predicted diabetic patients among all positive 
predictions. 
The recall is computed as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, (8) 

 
which measures the ability of the proposed model to correctly identify diabetic patients. 
Finally, the F1-score is calculated as: 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
, (9) 

 
which provides a balanced evaluation of precision and recall. 
 
Overall, the proposed Edge-BioFormer framework integrates self-supervised 
representation learning, transformer-based temporal modeling, federated optimization, and 
edge inference into a privacy-preserving architecture for accurate and real-time early 
diabetes detection. 

4. Experimental Setup 

1. Dataset and Preprocessing 
    The primary dataset utilized in this research comprises 5,000 unique longitudinal records 
captured through advanced wearable sensor technology, specifically modeled after the 
high-fidelity physiological monitoring capabilities of the Samsung Galaxy Watch (Anas et 
al., 2025). The cohort spans a diverse age demographic ranging from 20 to 79 years, with 
a nearly equal distribution of gender (2,510 female and 2,490 male participants). Every 
data entry has multiple features in the form of multidimensional physiological information 
that includes continuous biometric parameters such as HRV measured in terms of SDNN 
and RHR, along with metabolic parameters like AGEs Index. The dataset shows that the 
prevalence of diabetes is around 26.46%, which provides a sound foundation for building 
prediction models. 
   To prepare the raw wearable data for the ML pipeline, a rigorous preprocessing 
framework was implemented. In the initial process of data manipulation, the conversion of 
categories to numerical forms became necessary, especially where the gender category 
was concerned. While the integrity of the database could not be faulted, with all variables 
showing no missing values, an effective imputation method utilizing the median imputation 
technique was added to make the system robust to data loss that is likely to occur with real-
time wearable device monitoring. It is important to note that this step is vital in ensuring 
consistency of time series data, especially for variables like steps and sleep score that can 
lose touch intermittently with the sensors. 
    After the cleaning process, stratified sampling was employed to split the dataset in order 
to maintain the proportion of labels in diabetes throughout. That is, 80% of the dataset was 
used to train the model and discover features, while the other 20% was kept aside for 
testing purposes. To eliminate bias introduced by varying units of measurement—such as 
the difference in scale between daily step counts (ranging in the thousands) and BMI—
standardization was applied. The process of z-score normalization was applied to each 
feature, which made the mean equal to zero, while the standard deviation became equal 



 

to one. The use of this technique is necessary for the successful application of gradient-
based optimization and distance-dependent algorithms within our ensemble framework. 
    In the last phase of our preprocessing pipeline, we developed a novel approach for 
selecting features from our model, with the goal of improving its interpretability in a clinical 
setting. In this step, a two-tiered method was applied, whereby an initial importance ranking 
of features using Random Forest was performed to detect relevant physiological 
parameters, which were later filtered using Recursive Feature Elimination (RFE) to 
eliminate any redundant variables. We found that this methodology confirmed the important 
role played by the AGEs index and RHR as key predictors in the Edge-BioFormer 
architecture's focus on metabolic and cardiac signals. By refining the feature set to the 
most salient predictors, we reduced computational complexity for future on-device 
deployment while simultaneously improving the signal-to-noise ratio for the detection of 
early metabolic dysfunction. 
 
2. The Edge-BioFormer Architecture 
    The "Edge-BioFormer" architecture represents a shift from traditional centralized ML to 
a decentralized, privacy-preserving framework optimized for medical wearables. This 
architecture is specifically designed to leverage the high predictive power of key 
physiological markers identified in previous research, such as the AGEs and Resting HRV. 
Using advanced methods for processing high-frequency signals together with new 
transformer model architectures, the system deals with such essential problems as data 
security issues, noise, and the ability to analyze changes in metabolism in real time. 
    The foundation of the system is the On-Device Edge-Efficient Transformer, which utilizes 
a QST running directly on the wearable hardware. This module analyzes high-frequency 
signals coming from the body, including waveforms of PPG and ECG signals, to identify 
local arrhythmias and glycemic stress markers. Processing these signals at the edge keeps 
raw data within reach of the user’s device, guaranteeing increased data privacy. 
    To overcome the scarcity of labeled clinical data, the architecture incorporates MPM. 
The training of the model through the use of millions of hours of unlabelled wearable data 
allows for learning of the intrinsic rhythmic behavior typical of a healthy body. By learning 
to predict masked segments of heart rate and sleep patterns, the Edge-BioFormer 
becomes highly sensitive to subtle deviations caused by early-stage metabolic changes. 
This learning process is further enhanced by an FL Framework using FedAvg. The 
improvement in accuracy for a diverse group of populations is possible because of the 
encryption of gradient updates that occur within the clinical cloud. 
    The Fig 1 architecture also features Meta-Data Contextual Gating, which utilizes static 
and semi-static features like BMI and AGE Index to modulate the model's focus. Such 
properties serve as the gateways for the functioning of the Transformer's attention process, 
allowing it to focus on certain heart recovery profiles based on the metabolic characteristics 
of the user. Furthermore, to ensure clinical utility and trust, the system employs 
Explainability via LRP. As a result, clinicians receive a "Temporal Heatmap," showing 
particular hours of the day, including after sleep periods and after meals, which significantly 
affect one's vulnerability to diabetes. This transition from table-based predictions to signal-
level metabolic detection positions has been done in this research. 
 
 



 

 
Fig 1: Edge-BioFormer: Federated Self-Supervised Transformer Architecture. 

5. Result and Analysis 

In this study, feature engineering and RFE identified the most significant biomarkers for 
early detection. The analysis determined that the AGEs Index is the most critical feature, 
followed by Age, BMI, and RHR. Other measures, such as HRV and daily steps, also 
played a significant role in the success of the model, while gender and sleep score were 
found to be moderate risk factors. Such prioritization of features indicates the clinical 
significance of using multiple signals collected by wearable devices in a metabolic analysis. 
Clinical interpretability was also gained by way of risk stratification information obtained 
from the model. High-risk factors were clearly identified as the AGEs Index, BMI, Age, and 
RHR. Conversely, higher HRV of SDNN and improved sleep quality were classified as 
protective factors against diabetes risk. Explanations for risk scoring provided by the Edge-
BioFormer system are done using LRP methodology, which gives clinical insights based 
on daily physiological activities and physiological waveforms. 

The model's sensitivity and specificity further support its deployment for early 
intervention. Experimental results showed that the system is highly sensitive to subtle 
metabolic deviations, which is essential for detecting T2D at a stage where lifestyle 
modifications can prevent disease progression. The analysis is carried out on the local 
device, such as a Samsung Galaxy Watch; this maintains data privacy and is able to obtain 
an ROC-AUC value of 0.86 for signal level classification. In general, the results show that 
the proposed decentralized system allows for changing the paradigm of health monitoring 
from reactive clinical visits to proactive, continuous monitoring. 
 

Table 1: Comparative Analysis of Model Performance 

Model 
ROC-
AUC 

Accuracy Precision Recall 
F1-

Score 
Sensitivity Specificity 

Edge-
BioFormer 
(Proposed) 

0.86 0.77 0.55 0.78 0.64 0.78 0.82 

Random 
Forest 

0.84 0.79 0.61 0.60 0.61 0.60 0.82 

XGBoost 0.84 0.80 0.66 0.52 0.58 0.52 0.82 

LightGBM 0.83 0.78 0.57 0.66 0.61 0.66 0.82 

 



 

 
From the experimental results in Table 1, we can find that the Edge-BioFormer 

framework and related ensemble models are high in the detection performance of early-
stage diabetes using data from wearable devices. For the stacking ensemble model built 
using Random Forest, XGBoost, and LightGBM, it achieved a maximum ROC-AUC of 0.86 
and a standard deviation of ± 0.033. Also, the base models had comparable results, as for 
ROC-AUC of Random Forest, XGBoost, and LightGBM of 0.84, 0.84, and 0.83, 
respectively. These metrics indicate that the proposed ensemble approach provides a 
robust and clinically relevant predictive capability for diabetes risk stratification. 

Based on the results obtained from the experiments in this study, the Edge-BioFormer 
structure is indicative of a significant change in the paradigm of managing chronic diseases, 
from centralized to decentralized monitoring. By achieving an ROC-AUC of 0.86, the model 
outperforms traditional ensemble-based statistical approaches that rely on cloud-based 
processing of tabular features. The integration of QST contributes to directly processing 
physiological data at very high frequency on an edge device such as Samsung Galaxy 
Watch without overloading the restricted computing resources of the wearable. It is crucial 
for maintaining data security because, in the context of FL, personal health information is 
kept local to the individual’s wearable device while simultaneously benefiting research on 
metabolic diseases. 

A key contribution of this study is the proposed Metabolic Pattern Modeling (MPM), 
which enables Edge-BioFormer to learn normal metabolic patterns from unlabeled 
wearable sensor data and detect abnormal physiological changes associated with early 
diabetes risk. The framework integrates AGEs Index, BMI, and RHR as key biomarkers 
and employs Layer-wise Relevance Propagation (LRP) to provide interpretable predictions, 
improving the transparency and clinical applicability of deep learning-based diabetes 
detection. Edge-BioFormer achieves high sensitivity by continuously analyzing wearable 
sensor data, including daily activity, sleep, and heart rate variability, to generate dynamic 
risk scores while preserving privacy through federated learning. However, sensor noise, 
device heterogeneity, communication overhead in federated learning, and the indirect 
estimation of AGEs may affect performance. Future work will focus on advanced signal 
denoising, communication optimization, and validation using larger and more diverse 
longitudinal datasets to improve model robustness and generalizability. 

6. Conclusion 

This paper proposed Edge-BioFormer, a decentralized self-supervised transformer 
framework for early diabetes detection using wearable sensor data. We utilized Metabolic 
Pattern Modeling (MPM) to learn normal metabolic behavior from unlabeled physiological 
signals and identify abnormal patterns associated with diabetes risk. The framework 
integrated key biomarkers, including the AGEs Index, BMI, Age, and Resting Heart Rate 
(RHR), while Layer-wise Relevance Propagation (LRP) provided interpretable predictions 
for clinical decision support. Experimental results showed that the stacking ensemble 
achieved the best performance with an ROC-AUC of 0.86, demonstrating that the proposed 
framework provides reliable and clinically meaningful risk stratification. 

This study also demonstrated the potential of decentralized healthcare monitoring 
through the integration of edge computing and federated learning. We processed 
physiological signals directly on wearable devices, enabling continuous health monitoring 
while preserving user privacy by keeping personal data on local devices. The proposed 
framework successfully identified important metabolic biomarkers and generated dynamic 
risk scores from daily physiological activities, including heart rate variability, physical 
activity, and sleep patterns. These findings indicate that continuous wearable monitoring 



 

can support earlier intervention than conventional clinical assessments that rely on periodic 
examinations. 

Although the proposed framework produced promising results, several challenges 
remain. Sensor noise, variations in wearable device quality, and communication overhead 
during federated learning may affect prediction performance and computational efficiency. 
In addition, the estimation of the AGEs Index on consumer wearable devices still has 
practical limitations. Future work will focus on improving signal denoising techniques, 
optimizing federated learning communication, and validating the framework using larger 
and more diverse longitudinal datasets. These improvements are expected to enhance the 
robustness, scalability, and clinical applicability of Edge-BioFormer for real-world early 
diabetes detection. 
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