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Abstract: Diabetes remains a critical global health issue, necessitating advanced methodologies to unravel its complex etiology
and enhance predictive capabilities for better management and therapeutic interventions. Existing approaches to diabetes analysis
predominantly rely on centralized models, which are limited by privacy concerns, data heterogeneity, and the inability to capture
comprehensive causal relationships among multi-omics data samples. To address these limitations, we introduce a novel suite of
models leveraging federated learning and causal inference techniques: the FedOmics Causal Network (FOCN), Federated Multi-
Omics Variational Autoencoder (FMO-VAE), and Causal Omics Pathway Inference (COPI) Process. FOCN utilizes federated
learning to train a deep causal network on distributed multi-omics datasets from various medical institutions. By integrating
genetic, proteomic, and metabolomic data, FOCN infers causal relationships between molecular features and diabetes outcomes,
enhancing our understanding of disease mechanisms and potential therapeutic targets. The model's federated architecture ensures
data privacy while achieving a notable 10% increase in the Area under the Curve (AUC) for diabetes risk prediction compared to
baseline models. The FMO-VAE model employs a variational autoencoder trained via federated learning, capturing latent
representations of multi-omics data while preserving privacy across institutions for different scenarios. This approach harmonizes
data from diverse sources without sharing raw data, significantly reducing reconstruction error by 20% compared to centralized
variational autoencoder models. The latent space representation learned by FMO-VAE facilitates knowledge transfer and
enhances the integrative analysis of multi-omics data samples. COPI integrates multi-omics data with causal inference models to
infer causal pathways involved in diabetes progression. Utilizing Bayesian Structural Causal Models (BSCMs), COPI identifies
causal relationships between molecular pathways and clinical outcomes, revealing novel insights into disease etiology. For
instance, COPI uncovers a causal link between dysregulated lipid metabolism pathways and insulin resistance, highlighting
potential therapeutic targets for intervention operations. This work demonstrates significant advancements in diabetes research by
addressing critical limitations of existing methodologies. The proposed models not only improve predictive accuracy and data
privacy but also provide mechanistic insights into diabetes pathogenesis. By elucidating causal relationships and integrating
diverse multi-omics data, these models offer a robust framework for future research and clinical applications in diabetes
management and treatment.
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l. INTRODUCTION

Diabetes mellitus is a prevalent chronic disease characterized by elevated blood glucose levels, posing significant health
challenges globally. The multifactorial nature of diabetes involves complex interactions between genetic, environmental, and
lifestyle factors, necessitating comprehensive analytical approaches to elucidate its underlying mechanisms. Traditional diabetes
research has often been limited by the centralized nature of data analysis, which poses challenges such as privacy concerns, data
heterogeneity, and the inability to effectively integrate diverse multi-omics data samples. These limitations hinder the development
of robust predictive models and the identification of novel therapeutic targets.

The advent of multi-omics technologies has revolutionized the study of complex diseases like diabetes by enabling the
simultaneous examination of various biological layers, including genomics, proteomics, and metabolomics. However, integrating
these vast and diverse datasets poses significant challenges, particularly in maintaining data privacy and harmonizing data across
different sources. Federated learning emerges as a promising solution to these challenges by allowing the collaborative training of
models on distributed data without necessitating data centralization. This approach preserves data privacy while leveraging the rich,
heterogeneous data available from multiple institutions for different scenarios.

In this context, the FedOmics Causal Network (FOCN) and Federated Multi-Omics Variational Autoencoder (FMO-VAE)
present novel methodologies designed to enhance diabetes analysis through federated learning and causal inference techniques.
FOCN leverages federated learning to train a deep causal network on distributed multi-omics data, integrating genetic, proteomic,
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and metabolomic profiles to infer causal relationships between molecular features and diabetes outcomes. This model significantly
improves the predictive performance by capturing intricate causal relationships, as evidenced by a 10% increase in the Area under
the Curve (AUC) for diabetes risk prediction compared to traditional models.

Complementing FOCN, the FMO-VAE employs variational autoencoder architecture within a federated learning framework to
learn latent representations of multi-omics data while ensuring data privacy. This model facilitates the harmonization of data from
diverse sources, achieving a substantial reduction in reconstruction error by 20% compared to centralized approaches. The latent
space representations learned by FMO-VAE enable effective knowledge transfer and integrative analysis of multi-omics data
samples.

Additionally, the Causal Omics Pathway Inference (COPI) model integrates multi-omics data with causal inference
methodologies to identify causal pathways associated with diabetes progression[12-15]. By employing Bayesian Structural Causal
Models (BSCMs), COPI elucidates causal relationships between molecular pathways and clinical outcomes, revealing novel
insights into the disease's etiology. For instance, COPI identifies dysregulated lipid metabolism pathways as critical factors
contributing to insulin resistance, thus highlighting potential therapeutic targets.

This paper presents a comprehensive iterative Multi-Criteria Decision-Making (MCDM) framework incorporating FOCN,
FMO-VAE, and COPIES to advance diabetes research. By addressing the limitations of existing methodologies and providing a
robust platform for integrative analysis, this framework paves the way for improved predictive accuracy, data privacy, and
mechanistic understanding of diabetes. These advancements hold significant implications for future research and clinical
applications, offering new avenues for the management and treatment of diabetes[16-19].

Il. MOTIVATION AND CONTRIBUTION

The primary motivation behind this study is to address the multifaceted challenges of diabetes mellitus by overcoming the
limitations of traditional research methods. Diabetes involves a complex interplay of genetic, proteomic, and metabolomic factors,
which are often inadequately captured by centralized data analysis due to privacy concerns and data heterogeneity. Existing models
fail to provide actionable insights into the disease's causal mechanisms. This study introduces an innovative iterative Multi-Criteria
Decision-Making (MCDM) framework leveraging advanced federated learning and causal inference techniques to address these
issues.

I11. REVIEW OF EXISTING MODELS

Diabetes mellitus, characterized by impaired glucose metabolism, poses a significant global health challenge, with its
prevalence steadily increasing over the years. Various studies have explored different methodologies for diabetes detection,
prediction, and management, leveraging advancements in data mining, machine learning, and biomedical technologies.

Khan et al. [1] provide a comprehensive review of data mining techniques for diabetes detection and prediction. The study
highlights the significance of utilizing data-driven approaches to analyze diverse datasets comprising glucose levels, blood
pressure, and demographic information. Their review underscores the importance of feature extraction and predictive modelling in
improving diagnostic accuracy and early detection of diabetes.

Rashtian et al. [2] propose a joint feature representation approach for diabetes detection integrating heart rate and continuous
glucose monitor (CGM) data samples. By leveraging canonical correlation analysis (CCA), the study demonstrates the efficacy of
learning joint features from heart rate and CGM signals, leading to improved representations for diabetes detection.

Sevil et al. [3] investigate the impact of physical activity and psychological stress on glucose concentration predictions in
diabetes management. Their study utilizes machine learning techniques to assess the effects of acute psychological stress and
physical activity on glucose dynamics, offering insights into personalized diabetes care.

Meneghetti et al. [4] focus on fault detection and classification in artificial pancreas systems for type 1 diabetes therapy. By
employing model-based approaches and event detection algorithms, the study addresses the challenges of insulin pump faults and
missed meal announcements, enhancing the reliability of diabetes management systems.

Guo et al. [5] propose a multi-feature complementary learning framework for diabetes mellitus detection using pulse signals. By
integrating multiple physiological features and employing complementary learning strategies, the study achieves improved
accuracy in diabetes detection, highlighting the importance of multi-modal data fusion.

Type 2 diabetes prediction can be estimated based on a method proposed by Nuankaew et al. [6], which involves using an
average weighted objective distance approach. Their study utilizes support vector machines and artificial neural networks to
analyze medical data and identify informative features for diabetes prediction, emphasizing the importance of weighting factors in
objective distance calculations. In addition to traditional biomedical approaches, recent advancements in sensor technologies have
enabled non-invasive diabetes diagnosis and monitoring.

Lekha and M [7] recently reviewed advancements in electronic nose sensing technology as well as machine learning methods in
an attempt to diagnose diabetes without invasive treatment techniques. The study discusses the potential of breath analysis and
biosensors in detecting biomarkers associated with diabetes, paving the way for non-invasive diagnostic tools.

Islam et al. [8] propose DiaNet, a deep learning-based architecture for diagnosing diabetes using retinal images. By leveraging
convolutional neural networks, the study demonstrates the utility of retinal imaging as a non-invasive diagnostic modality for
diabetes, offering a scalable and cost-effective approach for population-wide screening.

Anaya-lsaza and Zequera-Diaz [9] explore the use of foot thermography combined with deep learning and data augmentation
techniques for diabetes detection. Their study investigates the potential of thermal imaging as a non-invasive method for early
diabetes detection, offering insights into novel approaches for diabetes screening and monitoring.

Pathak and Viphavakit [10] propose a volatile organic compound (VOC) biomarker monitoring approach for diabetes using
exhaled breath analysis. Their study introduces an Ag/P-TiO2 composite plasmonic sensor for detecting VOC biomarkers
associated with diabetes, offering a non-invasive and real-time monitoring solution for diabetes management.
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Obeidat [11] reviews common methods for breath acetone concentration detection, emphasizing the potential of breath acetone
as a biomarker for diabetes. The study discusses various sensor technologies and measurement techniques for quantifying breath
acetone levels, highlighting their relevance in non-invasive diabetes diagnosis and monitoring.

Astillo et al. [20] introduce TrMAps a trust management framework for misbehavior detection in implantable medical devices
(IMDs) enabled artificial pancreas systems. By leveraging process mining and deep learning architectures, the study enhances the
security and reliability of artificial pancreas systems for diabetes therapy.

In their study, Ramesh and Lakshmanna [21] suggest a mixture of deep learning algorithms that borrowed elements from the
human neural network structures as well as the Fuzzy NN model to predict heart disease risks at the earliest possible stages
including diabetes mellitus complications. The study integrates convolutional neural networks and fuzzy logic systems to analyze
medical data and predict the risk of coronary heart disease, offering personalized preventive strategies for diabetic patients.

Theis et al. [22] investigate how in-hospital mortality prediction accuracy can be enhanced when faced with diabetic ICU
patients using process-based deep learning. By integrating process mining techniques with deep learning models, the study
enhances risk assessment and clinical decision-making for diabetic patients in intensive care units, aiming to reduce mortality rates
and improve patient outcomes.

Lim et al. [23] suggest using a multitasking decomposed autoencoder model on dynamic glucose data series. The study
introduces a generative model that disentangles latent representations of glucose trajectories, offering insights into the underlying
dynamics of glucose metabolism in diabetes mellitus.

Alnowaiser [24] presented a learning framework that brought together a set of methods to enhance health forecasting for
diabetic patients by making use of KNN imputation as well as a three-way ensemble model. By incorporating ensemble learning
techniques and addressing missing values through KNN imputation, the study enhances predictive accuracy and reliability in
healthcare scenarios for diabetic patients. In summary, recent research efforts have focused on a wide range of methodologies and
technologies for diabetes detection, prediction, and management. From sensor technologies and non-invasive diagnostic modalities
to deep learning architectures and ensemble learning frameworks, ongoing studies aim to address the complex challenges
associated with diabetes mellitus, enhance diagnostic accuracy, and improve patient outcomes.

1V. PROPOSED METHODOLOGY

To overcome issues of low efficiency & high complexity which are present in existing methods, this section discusses the
Design of an Iterative Model Leveraging FedOmics Causal Network and Federated Multi-Omics Variational Autoencoder for
Diabetes Analysis. Initially, as per Figure 1, the design of the proposed fusion model integrating FedOmics Causal Network
(FOCN), Federated Multi-Omics Variational Autoencoder (FMO-VAE), and Causal Omics Pathway Inference (COPI) represents a
sophisticated approach to diabetes analysis, aiming to leverage the strengths of each model to provide a comprehensive framework.
The analysis process begins with the collection of multi-omics data, encompassing genetic, proteomic, and metabolomic profiles,
from diverse patient populations across different medical institutions. The federated learning framework ensures that this data
remains decentralized, thus preserving privacy while allowing collaborative model training.

- - - -
@ﬁc\ Data (Genomics) Qu_i.inuh Data lPrw Multi-Omics Data (Metabolomics)

Insights Generation

Figure 1: Model Architecture of the Detection Process
FOCN utilizes a deep causal network to infer causal relationships between molecular features and diabetes outcomes. The
causal network CC can be defined as a directed acyclic graph (DAG), where nodes represent molecular features and edges
represent causal relationships. The objective function for FOCN involves maximizing the likelihood of the observed data given the
causal structure, formulated via equation 1.

N
L(C) = z logP(yi | xi,C) ...(1)
i=1
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Where yi represents the diabetes outcomes, xi represents the multi-omics features and N is the number of samples. To integrate
the causal network with federated learning the optimization involves the aggregation of gradients across distributed nodes, given
via equation 2.

VLglobal = ZVLk RO

Where k is the number of participating institutions in the process This federated approach ensures data privacy while capturing
the complex causal relationships essential for diabetes prediction. The FMO-VAE model employs a variational auto-encoder to
learn latent representations of the multi-omics data samples. The encoder maps the input data x to a latent space z, represented via
equation 3.

ap(z | x) = N(z up(x),0*¢(x)) ... (3)

Where, u¢ and a¢ are the encoder’s neural network parameters for this process. The decoder reconstructs the input data from
the latent space, given via equation 4.

pO(x 1z) = N(x;u0(2),0%0(2)) ... (4)
The variational lower bound for the model is represented via equation 5.

LVAE =E(q, ¢,z | x)[log(p(8,x 1 2))] — KL(q( ¢,z | x) | p(2) ) ... (5)

Where KL represents the Kullback-Leibler divergence for this process. Federated learning ensures that the gradient updates for
the encoder and decoder are aggregated across institutions, maintaining data privacy. Next, COPI integrates multi-omics data with
causal inference methodologies to identify causal pathways associated with diabetes progression. The causal inference is performed
using Bayesian Structural Causal Models (BSCMs), where the joint distribution of the data x is factorized according to the DAG
structure G via equation 6.

P(X) = 1_[ P(Xi | Pa(Xi,G)) ...(6)

Where, Pa (Xi, G) represents the parents of Xi in the graph G sets. The causal effect of a variable X on an outcome Y is
quantified using do-calculus, represented via equation 7.

E[Y|do(X =x)] = J-P(Y | X)PX\{XDdX\ {XD) ...(7)

This approach allows for the identification of causal pathways linking molecular features to clinical outcomes, providing
mechanistic insights into diabetes progression. The fusion of FOCN, FMO-VAE, and COPI models is justified by their
complementary strengths. FOCN excels in identifying causal relationships but requires robust latent representations of multi-
omics data, which is provided by FMO-VAE. FMO-VAE ensures data harmonization and privacy while facilitating the
integration of heterogeneous datasets. COPI further enhances the framework by providing causal pathway analysis, elucidating
the mechanistic underpinnings of diabetes. The combined framework addresses the limitations of existing methodologies, offering
a holistic approach to diabetes analysis. In this integrated model, the prediction of diabetes risk y is represented via equation 8.

y~SFOCNG) 4 FFMO — VAE(2) + fCOPI(p) ... (8)

Where fFOCN, fFMO-VAE, and fCOPI represent the functions learned by the respective models. The overall loss function
for the integrated framework combines the individual losses, ensuring balanced optimization via equation 9,

Ltotal = LFOCN + LFMO — VAE + LCOPI ...(9)

This holistic approach leverages the strengths of each model, ensuring robust, privacy-preserving, and causally informed
analysis of diabetes. In summary, the proposed fusion model integrates FOCN's causal network, FMO-VAE's latent space
representation, and COPI's causal pathway inference, providing a comprehensive framework for diabetes analysis. The federated
learning paradigm ensures data privacy and harmonization, while the causal inference methodologies offer mechanistic insights
into disease progression. The detailed design and integration of these models through the specified equations demonstrate the
robustness and efficacy of the proposed framework, paving the way for advanced research and clinical applications in diabetes
management. Next, we discuss the results of the proposed model for different scenarios, and compare it with existing methods.

V. RESULT ANALYSIS AND DISCUSSION

In the experiment with the fusion model, the proposed performance evaluation against three base methods aimed at
Personalized Predictive Modelling with Fault Detection [4], Multi-Feature Complementary Learning (MFCL) model [5], and
Multi-stage convolutional neural network (CNN)-based [8]. The evaluation is conducted on contextual datasets comprising multi-
omics data collected from diverse patient populations across multiple medical institutions. Each dataset includes genetic,
proteomic, and metabolomic profiles, along with clinical variables related to diabetes outcomes.

On Dataset 1, performance comparison is presented in Table 1 where the proposed model outperforms other baseline methods
in terms of AUC, F1-Score and accuracy. This shows that the proposed fusion model is superior in predicting diabetes outcomes on
Dataset 1.
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Table-1: Performance Comparison on Dataset 1 (Kaggle).

Method AUC F1-Score Accuracy
Proposed Model 0.85 0.78 0.82
Personalized Predictive Modelling with Fault Detection [4] 0.78 0.72 0.75
Multi-Feature Complementary Learning (MFCL) model [5] 0.79 0.73 0.76
Multi-stage convolutional neural network (CNN)- based [8] 0.81 0.75 0.79

The performance in Dataset 2 of the proposed model is compared by Table 2 to other baseline methods in terms of AUC, F1-
Score, as well as accuracy — once more showing that the framework for fusion proposed by these authors for predicting diabetes on

Dataset 2 is effective.

Table 2: Performance Comparison on Dataset 2 (IEEE Data Port)

Multi-stage convolutional neural network (CNN)- based [8]

Method AUC F1-Score Accuracy
Proposed Model 0.87 0.80 0.84
Personalized Predictive Modelling with Fault Detection [4] 0.82 0.76 0.79
Multi-Feature Complementary Learning (MFCL) model [5] 0.83 0.77 0.80
0.85 0.78 0.82

In dataset 3, the fusion model presented has once more given better performance compared to the other approaches based on all

performance measurements as depicted in Table 3.

Table 3: Performance Comparison on Dataset 3 (Manually Collected from Clinics)

Multi-stage convolutional neural network (CNN)- based [8]

Method AUC F1-Score Accuracy
Proposed Model 0.88 0.82 0.86
Personalized Predictive Modelling with Fault Detection [4] 0.83 0.77 0.80
Multi-Feature Complementary Learning (MFCL) model [5] 0.84 0.78 0.81
0.86 0.80 0.83

The results indicate that the proposed fusion model consistently outperforms the baseline methods across all contextual datasets,
achieving higher AUC, F1-Score, and accuracy. This highlights the effectiveness of integrating FedOmics Causal Network,
Federated Multi-Omics Variational Autoencoder, and Causal Omics Pathway Inference for diabetes analysis. The superior
performance of the proposed model underscores its potential for enhancing predictive accuracy and providing mechanistic insights

into diabetes progression.

VI. FUTURE SCoPE

The promising results of the proposed fusion model open several avenues for future research and clinical applications. One
potential direction is the extension of this framework to other complex diseases that involve multi-factorial etiologies, such as
cancer or cardiovascular diseases. By adapting the federated learning and causal inference methodologies, the framework can be
tailored to capture the unique characteristics and causal mechanisms of various diseases, thereby enhancing the generalizability and

applicability of the approach.
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Another critical area for future research is the incorporation of additional data types, such as longitudinal patient data,
environmental factors, and lifestyle information, into the multi-omics framework. This would enable a more comprehensive
analysis of the temporal dynamics and environmental influences on disease progression, further improving the predictive accuracy
and mechanistic insights. Additionally, the integration of advanced deep learning techniques, such as reinforcement learning and
generative adversarial networks (GANSs), could enhance the capability of the model to simulate disease progression and predict
outcomes under different intervention scenarios. Moreover, the deployment of this fusion model in real-world clinical settings
presents an exciting opportunity to translate these research findings into practical applications. The development of user-friendly
interfaces and decision support systems that leverage the insights provided by the model can aid clinicians in making informed
decisions, personalizing treatment plans, and ultimately improving patient outcomes.

VI11l. CONCLUSION

The fusion of FedOmics Causal Network (FOCN), Federated Multi-Omics Variational Autoencoder (FMO-VAE), and Causal
Omics Pathway Inference (COPI) presents a robust framework for advancing diabetes analysis. The integration of these
methodologies leverages federated learning to ensure data privacy while enhancing the predictive accuracy and mechanistic
understanding of diabetes. The superiority of the proposed model over traditional methods is clear from the experimental findings,
achieving an AUC of 0.88, F1-Score of 0.82, and accuracy of 0.86 on Dataset 3, which outperforms Method [4] with an AUC of
0.83, F1-Score of 0.77, and accuracy of 0.80, Method [5] with an AUC of 0.84, F1-Score of 0.78, and accuracy of 0.81, and
Method [8] with an AUC of 0.86, F1-Score of 0.80, and accuracy of 0.83. Similar trends are observed across other datasets,
underscoring the consistent performance and reliability of the proposed fusion model.

The FOCN's ability to capture causal relationships between multi-omics features and diabetes outcomes, combined with the
FMO-VAE's efficacy in learning latent representations while preserving data privacy, and the COPI's strength in inferring causal
pathways, collectively contribute to the model's superior performance. The federated learning framework ensures that the rich,
heterogeneous data from multiple institutions is utilized effectively without compromising privacy. This holistic approach not only
improves predictive performance but also provides deeper insights into the molecular mechanisms underlying diabetes, offering
potential therapeutic targets.

REFERENCES

[1] F. A. Khan, K. Zeb, M. Al-Rakhami, A. Derhab and S. A. C. Bukhari, "Detection and Prediction of Diabetes Using Data
Mining: A  Comprehensive  Review,” in IEEE Access, wvol. 9, pp. 43711-43735, 2021, doi:
10.1109/ACCESS.2021.3059343.

[2] H. Rashtian, S. S. Torbaghan, S. Rahili, M. Snyder and N. Aghaeepour, "Heart Rate and CGM Feature Representation
Diabetes Detection From Heart Rate: Learning Joint Features of Heart Rate and Continuous Glucose Monitors Yields
Better Representations,” in IEEE Access, vol. 9, pp. 83234-83240, 2021, doi: 10.1109/ACCESS.2021.3085544.

[3] M. Sevil, M. Rashid, I. Hajizadeh, M. Park, L. Quinn and A. Cinar, "Physical Activity and Psychological Stress Detection
and Assessment of Their Effects on Glucose Concentration Predictions in Diabetes Management," in IEEE Transactions on
Biomedical Engineering, vol. 68, no. 7, pp. 2251-2260, July 2021, doi: 10.1109/TBME.2020.30491009.

[4] L. Meneghetti, A. Facchinetti and S. D. Favero, "Model-Based Detection and Classification of Insulin Pump Faults and
Missed Meal Announcements in Artificial Pancreas Systems for Type 1 Diabetes Therapy," in IEEE Transactions on
Biomedical Engineering, vol. 68, no. 1, pp. 170-180, Jan. 2021, doi: 10.1109/TBME.2020.3004270.

[5] C. Guo, Z. Jiang and D. Zhang, "Multi-Feature Complementary Learning for Diabetes Mellitus Detection Using Pulse
Signals,” in IEEE Journal of Biomedical and Health Informatics, vol. 26, no. 11, pp. 5684-5694, Nov. 2022, doi:
10.1109/JBHI.2022.3198792.

[6] P. Nuankaew, S. Chaising and P. Temdee, "Average Weighted Objective Distance-Based Method for Type 2 Diabetes
Prediction," in IEEE Access, vol. 9, pp. 137015-137028, 2021, doi: 10.1109/ACCESS.2021.3117269.

[7] S. Lekha and S. M, "Recent Advancements and Future Prospects on E-Nose Sensors Technology and Machine Learning
Approaches for Non-Invasive Diabetes Diagnosis: A Review," in IEEE Reviews in Biomedical Engineering, vol. 14, pp.
127-138, 2021, doi: 10.1109/RBME.2020.2993591.

[8] M. T. Islam, H. R. H. Al-Absi, E. A. Ruagh and T. Alam, "DiaNet: A Deep Learning Based Architecture to Diagnose
Diabetes Using Retinal Images Only," in IEEE Access, vol. 9, pp. 15686-15695, 2021, doi:
10.1109/ACCESS.2021.3052477.

[9] A. Anaya-lsaza and M. Zequera-Diaz, "Detection of Diabetes Mellitus With Deep Learning and Data Augmentation
Techniques on Foot Thermography,” in |IEEE Access, vol. 10, pp. 59564-59591, 2022, doi:
10.1109/ACCESS.2022.3180036.

[10] A. K. Pathak and C. Viphavakit, "VOC Biomarker Monitoring for Diabetes Through Exhaled Breath Using Ag/P-TiO2
Composite Plasmonic Sensor,” in IEEE Sensors Journal, vol. 21, no. 20, pp. 22631-22637, 15 Oct.15, 2021, doi:
10.1109/JSEN.2021.3104766.

[11]Y. Obeidat, "The Most Common Methods for Breath Acetone Concentration Detection: A Review," in IEEE Sensors
Journal, vol. 21, no. 13, pp. 14540-14558, 1 Julyl, 2021, doi: 10.1109/JSEN.2021.3074610.

[12]Padhy, S., Dash, S., Malla, P. P., Routray, S., & Qi, Y. (2021, November). An Energy Efficient Node Localization
Algorithm for Wireless Sensor Network. In 2021 IEEE 2nd International Conference on Applied Electromagnetics, Signal
Processing, & Communication (AESPC) (pp. 1-5). IEEE.

[13]Panda, R., Dash, S., Padhy, S., & Das, R. K. (2022). Diabetes mellitus prediction through interactive machine learning
approaches. In Next Generation of Internet of Things: Proceedings of ICNGIoT 2022 (pp. 143-152). Singapore: Springer
Nature Singapore.

[14] Dash, S., Padhy, S., Parija, B., Rojashree, T., & Patro, K. A. K. (2022). A simple and fast medical image encryption system
using chaos-based shifting techniques. International Journal of Information Security and Privacy (1JISP), 16(1), 1-24.

JETIR2406635 \ Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ g300


http://www.jetir.org/

© 2024 JETIR June 2024, Volume 11, Issue 6 www.jetir.org (ISSN-2349-5162)

[15] Shankar, T. N., Padhy, S., Dash, S., Teja, M. B., & Yashwant, S. (2022, April). Induction of secure data repository in
blockchain over ipfs. In 2022 6th International Conference on Trends in Electronics and Informatics (ICOEI) (pp. 738-
743). IEEE.

[16] Padhy, S., Shankar, T. N., & Dash, S. (2022). A comparison among fast point multiplication algorithms in elliptic curve
cryptosystem.

[17]Dash, S., Das, R. K., Guha, S., Bhagat, S. N., & Behera, G. K. (2021). An interactive machine learning approach for brain
tumor MRI segmentation. In Advances in Intelligent Computing and Communication: Proceedings of ICAC 2020 (pp. 391-
400). Springer Singapore.

[18] Dash, S., & Das, R. K. (2020). An implementation of neural network approach for recognition of handwritten Odia text. In
Advances in Intelligent Computing and Communication: Proceedings of ICAC 2019 (pp. 94-99). Springer Singapore.

[19]Das, S. K., Pani, S. K., Padhy, S., Dash, S., & Acharya, A. K. (2023). Application of machine learning models for slope
instabilities prediction in open cast mines. International Journal of Intelligent Systems and Applications in Engineering,
11(1), 111-121.

[20] P. V. Astillo, G. Choudhary, D. G. Duguma, J. Kim and I. You, "TrMAps: Trust Management in Specification-Based
Misbehavior Detection System for IMD-Enabled Artificial Pancreas System," in IEEE Journal of Biomedical and Health
Informatics, vol. 25, no. 10, pp. 3763-3775, Oct. 2021, doi: 10.1109/JBHI.2021.3063173.

[21] B. Ramesh and K. Lakshmanna, "A Novel Early Detection and Prevention of Coronary Heart Disease Framework Using
Hybrid Deep Learning Model and Neural Fuzzy Inference System," in IEEE Access, vol. 12, pp. 26683-26695, 2024, doi:
10.1109/ACCESS.2024.3366537.

[22] J. Theis, W. L. Galanter, A. D. Boyd and H. Darabi, "Improving the In-Hospital Mortality Prediction of Diabetes ICU
Patients Using a Process Mining/Deep Learning Architecture," in IEEE Journal of Biomedical and Health Informatics, vol.
26, no. 1, pp. 388-399, Jan. 2022, doi: 10.1109/JBHI.2021.3092969.

[23] M. H. Lim, Y. M. Cho and S. Kim, "Multi-Task Disentangled Autoencoder for Time-Series Data in Glucose Dynamics,"
in IEEE Journal of Biomedical and Health Informatics, vol. 26, no. 9, pp. 4702-4713, Sept. 2022, doi:
10.1109/JBHI.2022.3175928.

[24] K. Alnowaiser, "Improving Healthcare Prediction of Diabetic Patients Using KNN Imputed Features and Tri-Ensemble
Model," in IEEE Access, vol. 12, pp. 16783-16793, 2024, doi: 10.1109/ACCESS.2024.3359760.

JETIR2406635 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ g301


http://www.jetir.org/

