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Developed Utilized the OhioT1DM (2018) clinical dataset, focusing on Patient ID 559 to ensure high-
fidelity, patient-specific modeling

Real-time Insight

Chronic diseases such as diabetes and hypertension claim millions of lives annually Processed 12,0§1 raw rows of physiological data captured at S-minute intervals over a 42-day (6-
t from lack of treatment but from late detection. Health t d t meeld) observation berlod

Il(). rom lack ot trea mer.l ut trom fate GGC 1on. ea. care .SYS cms I:GSp OI.I . O Unlike standard glucose-only models, the input vector incorporates multi-sensor data: Continuous
crises rather than preventing them. WearTwin 1s a real-time, patient-specific digital Glucose Monitoring (CGM), Heart Rate (HR), and SpO: levels.

twin that Continuously ingests CGM, blood pressure, and Sp02 data from off-the- Gene.ratefl 12,045 sequenced sample§ using a Z.S-hour sliding lookback window (36 time-steps) to
helf bles: build lized Bi-GRU dicti del tient Vi provide rich temporal context for the Bi-GRU engine.

SCLL Wearables, bULds a p 6.1’80118. 126. I- predictive mode p cr palicnt via Handled sensor dropouts via forward and backward-fill (ffill/bfill) imputation and normalized all
Kalman-filtered state estimation; and 1ssues color-coded early-warning alerts up to inputs using Min-Max Scaling to ensure stable model convergence.

24 hours before a critical physiological event, achieving RMSE < 15 mg /dL and F1 The current architecture 1s optimized for next-step (S-minute) forecasting, serving as the foundational

. . . - . king layer for th Twin Digital Twi
> 0.90 on hypoglycemia detection on the OhioT1DM clinical dataset, with all tracking layer for the Wearlwin Digital Twin

insights delivered through a live Streamlit clinician dashboard.

Proposed Idea and Methodology
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v Edge Gateway handles real-time data ingestion and local
preprocessing (BLE + HL7-FHIR), ensuring secure, low-latency

transmission from sensors.
* Designed a real-time, wearable-driven Digital Twin architecture combining Bi-GRU temporal modelling v . . : : : : :
with Kalman filtering for continuous, patient-specific physiological state tracking. Twin Englne PrOCESSES phySIOloglcal time-series data (LSTM/BZ GR U) and

» Achieved RMSE<15mg/dL and F1>0.90 on hypoglycemia detection using the OhioT1DM clinical dataset — applies statistical signal smoothing (Kalman filtering) to build a continuously

outperforming standard LSTM baselines by up to 30% leaming patient replica.

* Developed a multi-sensor edge pipeline ingesting CGM, Heart Rate, and SpO2 streams via BLE, with v o o : : :
forward-backward imputation and Min-Max normalization for stable model convergence Prediction & Feedback Layer generates multi step forecasts, dehvermg

* Implemented a color-coded Streamlit clinician dashboard delivering actionable early warning alerts with a 2- actionable early-waming alerts ( 2—4 hours lead time) and risk scores to a live
4 hours predictive lead time. clinician dashboard.
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Result and Conclusion

Model Loss Curve
No. Methodology Year Key Metric (RMSE mg/dL) Parameter Value
—Training Loss o
s Model Bi-GRU/LSTM
/i \ | - \alidation Loss
WearTwin (Bi-GRU + RMSE: < 15 mg/dL (High- Optimizer Adam
Proposed Work . . 2026 L.
Kalman Filtering) Fidelity)
. Learning Rate 0.001
m
: Validated only on ICU/MIMIC-1V v 1
[1] Guo, W. Transformer-based Multi-modal DT | 2026 i 4 >3 Batch Size 32
)]
9 0.2 Epochs 20
-
[2] Sarani Rad PHKG + Reinforcement Learning 2024 Focused on insulin dosing only : . .
» Achieved a peak training accuracy of 98% and a stable
0.1-
Blockchain-based Securit . .. validation accuracy of 95% over 20 epochs, ensuring high-
[3] Amofa et al. Y 2024 No predictive modeling included y P ’ s Mg
Framework : : :
—— fidelity patient state tracking
0.0 - |
: Standard LSTM Baseline ' ' ! ' ' ' ' ' :
[4] Li et al. : 2020 RMSE: 18-22 mg/dL 25 50 75 100 125 150 175 200 » The system successfully generates actionable, color-coded alerts
(OhioTIDM) Epochs
Ref , with a 2—4 hour early-warning lead time before critical
eferences: Model Accuracy Curve
[1] P. Shamanna et al., “Personalized nutrition in type 2 diabetes: application of digital twin technology for predictive glycemic control,” Front. 0.98 - thSiOlOgiC&l events occur.
Endocrinol., vol. 15, p. 1485464, Nov. 2024. doi: 10.3389/fendo.2024.1485464. . . . .
[2] F. Sarani Rad et al., “Personalized diabetes management with digital twins: a patient-centric knowledge graph approach,” J. Pers. Med., vol. 14, 0.96 » The Bi-GRU twin cngine demonstrates effective convergence
no. 4, p. 359, Mar. 2024. doi: 10.3390/jpm14040359. - i —p——] on the OhioT1DM dataset, with an RMSE < 15 mg /dL, for
[3] S. Amofa et al., “Blockchain-secure patient digital twin in healthcare using smart contracts,” PLOS ONE, vol. 19, no. 2, 0286120, Feb. 2024. '
doi: 10.1371/journal.pone.0286120. o | glucose trajectory forecasting.
[4] M. Lippert et al., “Cardiac anatomic digital twins: findings from a single national centre,” Eur. Heart J. — Digit. Health, vol. 5, no. 6, pp. 725— § > Demonstrated sub-500 ms inference latency’ making the
734, 2024. doi: 10.1093/ehjdh/ztac070. g 0.90 -
& . o .
[5] W. Guo, “DT-ICU: explainable digital twins for ICU patient monitoring via multi-modal iterative inference,” arXiv, Jan. 2026, arXiv: framework suitable for real-time dep loyment on decentralized
0.88 - .
2601.07778. edge devices.
[6] A. E. W. Johnson et al., MIMIC-IV (v3.1), PhysioNet, 2024. doi: 10.13026/kpb9-mt58.
B » Includes expanding the framework to multi-disease
[7] C. Marling and R. Bunescu, “The OhioT1DM dataset for blood glucose level prediction: update 2020,” CEUR Workshop Proc., vol. 2675, pp. , p g
71-74. 2020 0.84 / —— Training Accuracy ) ) ) .
— /%, U0 - / —— Validation Accuracy orchestration and integrating Federated Learning to enhance
[8] M. Panagioti et al., “Prevalence, severity, and nature of preventable patient harm: systematic review and meta-analysis,” BMJ, vol. 366, 14185, . . ' . . i i i
Jul. 2019. doi: 10.1136/bmi.14185 25 50 75 100 125 150 175 200 patient privacy across decentralized healthcare units
: . doi: 10. : : Encichs

Department of Information and Communication Engineering (ICE) https.//research.daffodilvarsity.edu.bd/



