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Abstract – Chronic Non-Communicable Diseases (NCDs), such as diabetes mellitus, hypertension, and cardiovascular disease, 

make up a significant portion of the mortality cases in Malaysia, as well as impose consistent demands for costs related to health 

care expenditure. According to the cost reports at the national level, major NCDs (cardiovascular disease, diabetes, and cancer) are 

responsible for RM 9.65 billion annually as direct healthcare cost [3]. However, the current approach to managing chronic diseases 

focuses heavily on periodic assessments in clinic setting at weekly or monthly intervals. Here, a predictive analysis framework 

based on AI technology, leveraging continuous monitoring with patient data collected from consumer wearables to predict potential 

health events up to five days ahead is proposed. A synthetic dataset was generated to simulate the behaviour of 500 patients affected 

by diabetes and/or hypertension, who were continuously monitored throughout a year for heart rate, heart rate variability, physical 

activity, sleep indices, and blood pressure features. The models are compared to determine the optimal algorithm in the case study. 

The LSTM model showed 93.7% accuracy in predicting five days in advance, outperforming the random forest model (91.5%), 

XGBoost model (90.6%), and the simple threshold rule-based approach (78.6%). The sensitivity and specificity scores of the LSTM 

model were 87.6% and 95.9%, respectively, while the ROC-AUC score was 0.983. According to the SHAP analysis, previous heart 

rate values (history for three days and seven days) have the largest contributions in predicting patient outcomes, followed by 

changes in heart rate variability and low activity levels. Although evaluation is based on synthetic data for methodological 

validation, the framework is intended for extension to real-world wearable streams to support earlier risk detection and more 

proactive chronic disease management. 
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1. INTRODUCTION 

 

1.1 The Chronic Disease Crisis in Malaysia 

Non-Communicable Diseases (NCD) currently stand as the primary health challenge which affects people in Malaysia 

for an extended period. The national reports demonstrate that NCDs which accounted for 74% of total fatalities in 

2016 NCD fatalities showed cardiovascular disease as the most common cause of death [1]. Diabetics constitute a 

significant portion of the population with an estimated 18.3% of Malaysian adults having diabetes while half of them 

remain undetected [2]. The condition of hypertension affects approximately 6.4 million adults which represents 

approximately 30% of the population because it serves as a major cause of stroke heart failure and chronic kidney 

disease [1]. 

The economic effect caused by this trend directly influences the economic situation. According to the estimates made 

by the Ministry of Health, the yearly financial cost of major NCDs in the form of healthcare expenses equals RM 9.65 

billion [3]. However, the total cost related to the issue equals RM 64.2 billion, with RM 51.8 billion attributed to 

productivity losses [4]. The mentioned problem creates negative impacts on the health budget, and at the same time, 

the consequences affect the economy in general.  

The problem is likely to escalate in its severity. The information provided by the Department of Statistics Malaysia 

shows that the population aged 60 and older will comprise 11.6% of the Malaysian population in 2024, and later in 

2040, their percentage will be 17.3% [5]. National statistics proves that 25.1% of adults in the country do not exercise, 

which means that behavioral problems can be noticed [2]. However, it should be stated that some gaps are observed 

when analyzing different groups of people. For example, higher prevalence levels have been noticed among Indians 

(about 25.1%), whereas among the Malaysians, the figures are around 15.25%, and the figure is 12.87% among 

Chinese [6]. This information helps design effective prevention and monitoring systems for the disease. 

 

1.2  Limitations of Traditional Chronic Disease Management 

Patients with chronic illnesses require outpatient follow-up appointments which occur every few weeks to several 

months. Malaysia’s clinical practice guideline for type 2 diabetes recommends reassessing glycaemic control (HbA1c) 

after 3–6 months following treatment initiation or adjustment, with earlier review when targets are not achieved [7]. 

The actual process of making decisions relies on the limited data from clinic readings which doctors collect throughout 

the year because they cannot see any significant deterioration that happens before the next appointment. 

A second limitation exists because short patient appointments require doctors to depend on what patients remember. 

The self-reported medication use adherence of patients shows different results from monitored medication adherence 

[8] and research guidelines recommend against using self-reported data as the only method to measure patient 

adherence to treatment [9]. Patients who experience health deterioration recognize their condition too late to receive 

emergency treatment, which results in them needing expensive medical care for serious complications. National NCD 

reporting shows that direct cost burden increases when patients receive major complications and hospital admissions 

[3], [4]. 

The healthcare system faces double challenges because of restricted workforce availability and limited access to 

services. The evidence from Malaysia demonstrates that medical specialists in MOH hospitals distribute themselves 

unevenly across different geographical areas, which results in multiple areas having unequal access to specialist 

medical services [10]. The Malaysian data shows that primary care systems experience two problems because of short 

consultation times and high patient volume, which limits their ability to conduct assessments and counseling during 

each appointment [11]. The access barriers create an additional problem because Malaysian research shows that 

specific populations face limitations from distance and travel time and service capacity limits which according to 

spatial accessibility studies create access disparities that match the existing urban-rural access gaps [12], [13]. 

 

1.3  The Wearable Health Technology Revolution 

Wearables have become a common technology used by people today. According to IDC market projections the 

worldwide shipment of wearable devices will reach 537.9 million units in 2024 [14]. In Malaysia, people adopt 

technology according to their age and the specific situation; one study about young adults found that one-fifth of 
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participants owned or used smartwatches [15] which shows that smartwatches reached significant market presence in 

certain demographic groups. 

Most consumer devices depend on a limited number of sensors, yet these sensors produce multiple signals which have 

clinical significance. Photoplethysmography (PPG) serves as a standard method for heart rate estimation while inter-

beat intervals enable HRV-type features which depend on the specific device design and signal quality [16]. 

Accelerometers enable users to track their activities through step counting and intensity measurement, which 

consumer trackers use for their sleep-wake detection system [17]. Some products also advertise cuffless blood pressure 

estimation, but validation and calibration remain active challenges and performance can vary across users and contexts 

[18]. 

Continuous sensing enables the detection of new phenomena which were previously unobservable. The wearables 

provide continuous time tracking through their minute-level data collection which produces daily activity and sleep 

summaries. Home-based health monitoring can decrease clinic-based measurement errors which include white coat 

hypertension [19]. Wearables have been tested across entire populations through their use in the Apple Heart Study 

which showed that irregular pulse notifications predicted atrial fibrillation with a positive predictive value of 0.84 

based on ECG results [20]. Researchers have assessed wearable device capabilities to diagnose infectious diseases 

through actual COVID-19 detection which they achieved by merging symptom tracking with their technology [21]. 

 

1.4 Artificial Intelligence for Predictive Health Monitoring 

Wearables produce multivariate time series data. Simple thresholds can work for a few signals, but they break when 

patterns involve multiple variables and delayed effects. The standard approach for this task uses sequence models. 

The gated structure of LSTM networks enables users to control which information they want to keep and which 

information they want to lose over time [22]. This matches physiological data where risk builds gradually rather than 

flipping instantly. 

In healthcare, ML systems have been used in healthcare to perform various related tasks. The field of healthcare 

research uses CGM-type data for short-horizon glucose prediction [23], ICU settings to develop early warning models 

for patient deterioration which includes sepsis prediction based on routinely collected variables [24], and deep neural 

networks to detect and classify arrhythmias from ECG data [25]. The input characteristics of these examples match 

each other because they involve noisy physiological signals which have time dependencies and produce clinically 

relevant lead times. 

Interpretability serves as an essential requirement for practical implementations. The prediction system must provide 

its underlying reasons to clinicians who want to understand results for specific patient instances. SHAP delivers local 

feature attributions through Shapley-value foundation [26] implementation. The system demonstrates its ability to 

display recent trend contributions which resulted in high-risk prediction through specific deployment functionality. 

 

1.5 Research Objectives 

The worldwide advancements in wearable health monitoring systems show progress yet Malaysia research in this area 

remains restricted because studies focus on local service viability and user satisfaction research instead of complete 

monitoring system implementation [27], [28]. The research study establishes five distinct goals to fill existing research 

deficiencies: (i) Integrate multi-modal wearable data (heart rate, HRV, activity, sleep, blood pressure) into 

comprehensive risk profiles, (ii) Train and compare LSTM, Random Forest, and XGBoost models for 5-day advance 

event prediction, (iii) Employ SHAP analysis to identify most predictive digital biomarkers, (iv) Design operational 

framework for Ministry of Health deployment, and (v) Quantify cost-effectiveness through prevented hospitalization 

analysis. 
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2. BACKGROUND AND RELATED WORK 
 

2.1 Digital Biomarkers and Physiological Monitoring 

Heart Rate Variability (HRV) as Autonomic Function Biomarker: HRV measures the time intervals between 

consecutive heartbeats. The method serves as a non-invasive practical tool which enables evaluation of autonomic 

system functions through its ability to show how sympathetic and parasympathetic system activities change throughout 

time [29]. The time-domain measurement Standard Deviation of Normal-to-Normal (SDNN) intervals functions as a 

conventional time-domain measurement because it provides a single value which shows total variability throughout 

the entire measurement period. 

The medical community uses low HRV as an indicator which shows that people experience decreased autonomic 

system control. The relationship between lower HRV and increased cardiovascular risks has been established through 

research studies which examined various population groups. The Framingham Heart Study showed that participants 

in the lowest HRV quartile faced a significantly greater risk of cardiovascular death compared to individuals who 

exhibited higher variability levels [30]. 

In the case of a diabetic patient, the long-term effects of high blood glucose levels on the body affect the nerves 

responsible for regulating heart rate and vessel function. The condition known as diabetic cardiac autonomic 

neuropathy becomes very clinically relevant as it increases the chances of severe cardiovascular events that may 

happen suddenly without any symptoms of prior complications. One crucial fact is that there is a reduction in HRV, 

many years before the first symptoms arise [31]. HRV analysis has become a tool that allows for the early detection 

of cardiovascular issues; in turn, monitoring devices based on PPG technology make it possible for a person to monitor 

his/her heart activity continuously. 

Resting Heart Rate (RHR) Dynamics: RHR measurement during periods of complete rest without physical activity 

provides additional information about a person's cardiovascular system health and their body response to stress. The 

actual value brings useful insight when it shows consistent movement away from a person's normal resting state. 

Extended periods of elevation which last from multiple days to several weeks have been linked to two medical 

conditions and three health outcomes which include acute illness and heart failure progression and medication side 

effects [32]. The COVID-19 pandemic showed that wearable devices could detect baseline changes in users which 

happened before they showed any indications of symptoms [21]. Individual differences in baseline measurement 

create a situation where people experience distinct variations of what constitutes "normal" behaviour. 

Physical Activity and Sedentary Behaviour: Wearables can give easy activity proxies in the form of steps and activity 

level. In larger cohorts based on accelerometer data, those with more daily steps have a reduced risk of mortality with 

increasing benefits but at a declining rate as the activity increases [33]. Another matter is the matter of sedentary 

activity. Prolonged periods of being sedentary increase the risk of heart disease even in people meeting the physical 

activity guidelines, meaning regular movement might confer extra protection [34]. 

Sleep Quality and Architecture: The amount and quality of sleep have significant impacts on cardiometabolic health. 

Short-sleeping patterns have previously been shown to be related to impaired glucose metabolism, hypertension, and 

neuro-hormonal alterations that result in obesity and insulin resistance [35]. Current consumer sleep trackers use 

accelerometery and heart rate information to estimate sleep measures. According to validation studies against 

polysomnography, consumer-grade sleep trackers may achieve reasonable accuracy for basic sleep-wake 

determination but struggle in more accurate staging tasks [36]. 

Blood Pressure Variability: The preferred method for taking blood pressure in home settings compared to clinic-based 

measures is that of reducing situational influences such as white-coat hypertension and measuring variability in a more 

realistic fashion [37]. It should be noted that variability per se is meaningful, as short-term blood pressure variability 

and variability from one visit to another have been linked to strokes and cardiovascular disease regardless of mean 

blood pressure values [38]. 

 

2.2 Machine Learning Architectures for Health Prediction 

Long Short-Term Memory Networks (LSTM): LSTMs aim to deal with temporal structures of high length, tackling 

the vanishing gradient problem which affects conventional RNNs whenever dependencies are present over a large 
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range of temporal distance [22]. This is achieved using an internal cell state that is updated through the use of three 

gates, the forget gate which regulates what previous information is needed to be kept, the input gate which determines 

how new information should be stored in memory, and the output gate which specifies how much memory is shared 

with the next layer. 

In medical time-series forecasting, this model architecture can prove useful since biological variations often tend to 

develop gradually rather than instantaneously, and LSTM models have found applications in CGM short-horizon 

forecasting, showing that a considerable portion of predictions up to 30-60 minutes ahead are within clinically 

acceptable error intervals [39]. On similar grounds, LSTM models for ICU monitoring have shown that sequences of 

vital signs can be used to predict sepsis, exhibiting AUROC values over 0.85 during real-time scenarios [40]. 

Random Forest and Gradient Boosting: Random Forest algorithms create decision tree ensembles using bootstrap 

aggregation, whereby decision trees train on randomly chosen data sets and subsets of the features for splitting nodes 

[41]. It intrinsically supports heterogeneous data types, manages missing data, and estimates feature importance based 

on the increase in out-of-bag error rates. Gradient Boosting builds decision trees successively, where each successive 

tree corrects mistakes made by the previous ones [42]. XGBoost is a fast implementation of gradient boosting, which 

uses regularization to avoid overfitting and class imbalances through sampling weights. 

Personalized Baseline Modelling: Population-based baselines fail to take into account large variations between 

individuals because of genetic factors, physical condition, weight distribution, and drug intake. Personal baselines use 

initial observation periods of about 14-30 days to estimate individual baselines before computing features as deviations 

from those baselines [43]. Research has shown that personalized modelling enhances specificity without sacrificing 

sensitivity [21]. 

 

2.3 Explainable AI and Clinical Adoption 

Use of machine learning in health care traditionally has encountered opposition due to the “black box” nature of the 

technology. Most predictive models lack an explanation component, violating the principles of evidence-based 

medicine, which demand clear explanations [44]. The SHAP method makes use of notions from cooperative game 

theory to apportion credit for predictions among all relevant variables [26]. The SHAP values for any given prediction 

reveal the extent to which individual features contribute to the final prediction above and beyond the baseline value. 

The Tree Explainer algorithm computes SHAP values in tree-based machine learning models by calculating Shapley 

values in polynomial time [45] 

 

2.4 Malaysian Context and Research Gaps 

There is relatively little published research involving Malaysian applications of wearable technology or machine 

learning for monitoring diseases. Bayesian networks for dengue prediction in Klang Valley were created by Raja et 

al. (2019), with an accuracy rate of 79-84% [46]. Moreover, Salim et al. (2021) used Random Forest for dengue 

prediction in Selangor based on climate-related features, reaching an accuracy rate of 68% [47]. It should be noted 

that none of the papers mentioned consider the continuous monitoring of diabetes and hypertension. 

Some of the important limitations are: (1) the restricted geographical scope to individual cities instead of a nationwide 

study, (2) the limited set of features without considering biomarkers from wearables, (3) the lack of any analysis of 

model interpretability to promote its clinical use, (4) the absence of any operational plan of implementation at the 

Ministry of Health, (5) no consideration of health economics, (6) independent approaches for diabetes and 

hypertension management despite the 28% prevalence rate of both diseases' comorbidity, and (7) no validation for 

specific races [6]. 

 

2.5 Contemporary AI in Medicine (2025) and Alignment of This Work 

The latest research in 2025 indicates the continuing progress in using medical AI applications in various data sources 

and healthcare settings. According to Baker et al., there is a ResNet50 architecture model used for detecting 

melanomas in New Zealand, proving that deep learning pipelines still play a crucial role in applications aimed at the 
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screening purpose [48]. Another recent development, according to Baker et al., concerns a predictive model for 

pandemics' forecasting in New Zealand and partner countries, showing that the field of risk forecasting still interests 

many scholars [49]. Moreover, Baker et al.'s study conducted in 2025 and presented at the IEEE conference in Kota 

Kinabalu, Malaysia, involves a framework for predicting diseases and its application issues [50]. 

This study aligns with these directions by focusing on continuous, longitudinal prediction rather than single-visit 

measurements. The proposed framework uses multimodal wearable-derived signals and engineered temporal features 

to estimate five-day-ahead risk, and it includes SHAP-based interpretation to support clinical review. Although the 

present evaluation is based on synthetic data to validate the modelling and analytics pipeline, the workflow is 

structured so that real wearable streams can be substituted at the data ingestion stage without changing downstream 

feature engineering, training, and evaluation. 

 

3. METHODS 

 

3.1 Study Design and Patient Cohort 

A synthetic wearable dataset was generated for 500 patients with diabetes and/or hypertension, tracked over 365 days 

(totalling 182,500 patient-days). The cohort includes 198 diabetes-only patients (39.6%), 160 hypertension-only 

(32.0%), and 142 with both conditions (28.4%). Ages were set between 40 and 80 years (mean 59.8, SD 11.9) to 

reflect the age range in which both conditions are most prevalent. Sex distribution was set at 55% female and 45% 

male. Residence was set at 60% urban, 25% suburban, and 15% rural, broadly informed by Malaysia’s urban–rural 

population structure but intentionally oversampling non-urban groups to support equity-related analyses [51]. 

Synthetic data were used for four reasons. First, it avoids patient privacy and governance constraints during early-

stage development. Second, the deterioration patterns and noise levels can be controlled, which makes model 

behaviour easier to test. Third, the dataset can be regenerated for reproducibility. Finally, the same pipeline can be 

applied to real wearable streams later by replacing the synthetic generator with real data ingestion, without changing 

the modelling workflow. 

 

3.2 Wearable Sensor Data Streams and Digital Biomarkers 

Table 1 summarises the key signals captured from the wearable monitoring setup (steps, sleep, and optional home 

blood pressure), together with reference benchmarks used to interpret the cohort’s baseline status. It also states the 

operational definition of an adverse health event and the resulting event frequency, providing context for the prediction 

task that follows. 

 

3.3 Feature Engineering for Temporal Pattern Recognition 

Table 2 summarises the 33 temporal and derived features engineered from the raw vitals to capture multi-day 

deterioration patterns across five categories: lag features, rolling-window statistics, trend-based features, derived 

biomarker ratios, and personalised deviations from baseline.   

Blood pressure data were available for only 30% of patients, creating systematic missingness. Missing values were 

imputed using the cohort median (137.1 mmHg for SBP), while a binary indicator variable allowed models to learn 

differential reliance on BP when available. After feature engineering, the dataset comprised 50,336 patient-days with 

an event rate 26.5%. 
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Table 1. Summary of Wearable Sensor Domain, Measurement Protocols, and Cohort Characteristics 

Domain Sensor / 

Modality 

Measurement 

Definition 

Baseline / Thresholds Cohort Statistics / Rationale 

Heart Rate 

Monitoring 

PPG RHR is measured daily 

in the morning upon 

waking to reflect 

baseline cardiovascular 

demand. 

Individual baseline 

computed from the first 30 

days (mean ± SD per patient) 

Mean baseline RHR: 72.5 ± 

8.5 bpm, approximating 

healthy adult norms with 

realistic inter-individual 

variation 

 HRV PPG-derived 

SDNN 

SDNN computed from 5-

minute recordings during 

quiet rest following 

standard protocols [29] 

Deterioration thresholds: <40 

ms (reduced HRV), <30 ms 

(severely reduced; associated 

with elevated cardiovascular 

risk)[30] 

Mean baseline HRV: 45.5 ± 

13.9 ms; enables tracking 

gradual autonomic decline 

over weeks to months 

Physical 

Activity 

3-axis 

accelerometer 

Daily step count and 

sedentary time estimation 

Activity categories: 

sedentary (<5,000), low 

(5,000–7,500), moderate 

(7,500–10,000), active 

(>10,000), based on 

commonly used pedometer 

indices [52] 

Mean daily steps: 6,692 ± 

2,101, indicating generally 

low activity in the synthetic 

cohort. 

 

 

 

Sleep 

Monitoring 

Accelerometer-

based sleep 

tracking 

Total sleep time, sleep 

efficiency, and nocturnal 

disruption frequency 

Healthy benchmarks: 7–9 h 

sleep, ≥85% efficiency, 2–3 

awakenings/night 

Mean sleep: 6.4 ± 1.2 h; 

efficiency 78.7 ± 9.1%; 

disruptions 4.5 ± 1.7/night, 

indicating poor sleep quality 

Blood 

Pressure 

Measureme

nt 

Smart BP 

monitors 

(subset) 

Morning and evening 

systolic/diastolic 

readings capturing 

circadian variation 

Optimal SBP <120 mmHg 30% adoption reflects real-

world usage; mean SBP 137.1 

± 19.4 mmHg, typical of 

treated hypertensive patients  
Adverse 

Health 

Event 

Definition 

Clinical criteria High-risk deterioration 

requiring medical 

intervention 

Diabetes: severe 

hypo/hyperglycaemia, DKA; 

Hypertension: SBP ≥180 or 

DBP ≥120; CVD: MI, HF 

exacerbation, severe 

arrhythmia 

Events occurred in 27.2% of 

patient-days; a 5-day horizon 

provides actionable lead time 

for outpatient intervention 

 

Table 2. Feature Engineering Strategy: Temporal and Derived Features  

Feature 

Category 

Number of 

Features 

Variables 

Involved 

Temporal 

Scope 

Description / Rationale 

Lagged 

Features 

9 RHR, HRV, and 

daily steps 

1-day, 3-day, 

and 7-day 

lags 

Historical values enable the model to distinguish 

sustained deterioration (e.g. elevated heart rate 

persisting for a week) from transient stress caused by 

single-day spikes. 

Rolling 

Window 

Statistics 

12 RHR, HRV, 

steps, sleep 

duration 

7-day and 14-

day moving 

windows 

Moving averages reduce day-to-day noise while 

preserving underlying trends. Comparison between 7-

day and 14-day windows identifies accelerating 

deterioration versus stable chronic dysfunction. 

Temporal 

Trends 

2 RHR, HRV 7-day rolling 

window 

Linear regression slopes capture directional change 

over time. Increasing RHR slopes and decreasing 

HRV slopes indicate worsening physiological status, 

with slope magnitude quantifying deterioration speed. 

Derived 

Biomarkers 

5 RHR, HRV, 

steps, sleep 

Multi-window 

derived 

metrics 

Physiologically motivated composite indicators: HRV 

decline rate, activity decline percentage, sleep 

disruption increase, HR-to-activity ratio, and a 

composite stress score (0–4) reflecting cumulative 

physiological stress. 

Personalised 

Deviation 

Features 

5 RHR, HRV, 

steps, sleep, 

blood pressure 

Deviation 

from 30-day 

baseline 

Differences between current values and individual 

baseline capture personalised risk, detecting 

deviations relative to a patient’s own norm rather than 

population-level thresholds. 
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3.4 Machine Learning Model Architectures 

Table 3 provides a consolidated view of the predictive approaches evaluated, including the input representation used 

for each model, the main architectural choices or structure, and the training decision strategy. Presenting these 

configurations side-by-side clarifies what differs between models (sequence learning vs engineered features vs rules) 

and supports fair comparison under a consistent experimental protocol.   

Table 3. Summary of Predictive Models, Input Representations, and Training Configurations 

Model Input / Data 

Representation 

Architecture / 

Structure 

Key 

Hyperparameters 

Training / 

Decision 

Strategy 

Notes 

LSTM 

Network 

14-day 

sequences; 

input shape: 

(batch_size, 14 

timesteps, 33 

features) 

LSTM (96 units, 

return_sequences=True) 

→ Dropout (0.4) → 

LSTM (48 units) → 

Dropout (0.3) → Dense 

(24 units, ReLU) → 

Output (1 unit, sigmoid) 

Learning rate: 

0.001 

Adam 

optimiser, 

binary cross-

entropy loss, 

batch size 64, 

early stopping 

(patience = 12 

epochs) 

Designed to 

capture 

temporal 

dependencies 

while 

balancing 

model 

capacity and 

overfitting 

risk 

Random 

Forest 

Classifier 

33 features with 

rolling statistics 

and lagged 

values 

Ensemble of decision 

trees 

150 trees, max 

depth = 12, min 

samples split = 30, 

min samples leaf = 

15 

Balanced class 

weights to 

address 27% 

event rate 

imbalance 

Temporal 

patterns 

encoded 

implicitly via 

engineered 

features 

Gradient 

Boosting 

(XGBoost) 

33 features with 

rolling statistics 

and lagged 

values 

Sequentially boosted 

decision trees 

150 estimators, 

max depth = 6, 

learning rate = 

0.08, min samples 

split = 30 

Gradient 

boosting 

optimisation 

Handles 

missing 

values and 

class 

imbalance 

effectively 

Threshold-

Based 

Baseline 

Current-day 

vital signs only 

Rule-based decision 

system 

Thresholds: RHR 

> 90 bpm, HRV < 

35 ms, steps < 

4,000, sleep < 5.5 

hours 

High-risk alert 

triggered if ≥ 2 

of 4 criteria are 

met 

No temporal 

modelling; 

serves as a 

clinical 

baseline 

comparator 

 

3.5 Model Training Protocol and Evaluation Metrics 

Using patient-wise splitting means that the time-based information will be kept, and there is no leakage of data. In this 

case, we will have the following split for 500 patients according to the following ratio: 350 (70%) for training, 75 

(15%) for validation, and 75 (15%) for test evaluation. All data for 365 days of one patient goes into the corresponding 

set. After removing the first 14 days to extract the feature data, we end up with 35,200, 7,392, and 7,744 data points 

for training, validation, and test correspondingly. Event rates are relatively consistent: training 26.6%, validation 

25.8%, test 27.1%. 

Feature scaling (z-score normalization) was performed using statistics from the training set only and applied to both 

the validation and testing datasets. The performance measures considered for evaluation were accuracy, sensitivity, 

specificity, precision, F1 score, and ROC-AUC. These were targeted as follows: accuracy >85%, sensitivity >80% 

(detect at least 80% of events), specificity >85% (limit false alarms), F1-score >0.75, and ROC-AUC >0.90. 
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3.6 Explainability Analysis via SHAP 

SHAP value decomposes the prediction output as the sum of each feature’s contributions [26]. In our experiments 

with the Random Forest model, we applied the TreeExplainer method to calculate SHAP values efficiently and 

accurately for tree-based ensembles [45]. To rank features according to their importance, we analysed the average 

absolute SHAP values of 1,000 test samples. A high value of |SHAP| for a certain feature indicates that it is likely to 

be a crucial biomarker. Individual explanations quantify each feature's contribution to specific predictions, enabling 

personalised clinical guidance. 

 

3.7 Synthetic Data Generation Methodology 

Instead of generating discrete event days randomly, continuous patient-specific health risk scores evolving smoothly 

over time were created. A baseline risk was determined by disease severity for each patient as follows: 

• Comorbid diabetes and hypertension patients - 0.35,  

• Hypertension-only patients - 0.25,  

• Diabetes-only patients - 0.30. 

 

This base risk was then modulated by sinusoidal functions with different frequencies representing physiological cycles.  

Total daily risk = base_risk + sum_of_sinusoids, clipped to [0,1] range. 

 

Each physiological variable degraded proportionally to risk score, creating biological coherence:  

• RHR = baseline_rhr + risk × 20,  

• HRV = baseline_hrv × (1 - risk × 0.5),  

• steps = baseline_steps × (1 - risk × 0.4),  

• sleep = baseline_sleep - risk × 2.0,  

• blood pressure = baseline_bp + risk × 35. 

 

Risks above 0.48 were defined as the risk threshold, tuned to achieve an event rate of approximately 27%. This 

approach guarantees realistic temporal patterns whereby vitals gradually worsen as risk increases. With the pattern, a 

detectable multi-day deterioration trajectory can be created for effective LSTM learning. 

 

3.8 Implementation Platform 

The system was implemented using Python 3.9+ with standard machine learning libraries, namely: 

• TensorFlow 2.13+ (LSTM) 

• scikit-learn 1.3+ (Random Forest, XGBoost) 

• SHAP 0.43+ 

• Pandas 

• NumPy 

• matplotlib  

• seaborn 

A standard laptop CPU with 8GB+ RAM is required to run the system, with a runtime of approximately 15-20 minutes. 

The use of a fixed random seed ensures reproducibility across runs. The complete code is provided in Appendix A.  

 

4. RESULTS 

4.1 Dataset Characteristics 

Table 4 shows descriptive statistics for the synthetic wearable data set. This cohort shows a typical physiological 

profile of high-risk chronic disease patients. The mean RHR of 78.6±9.5 bpm is higher than the adult norm (~72 bpm), 

reflecting cardiovascular stress due to diabetes, hypertension, and medications. The mean cardiac variability of 
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38.5±12.5 ms is lower than the healthy threshold (45 ms), indicating autonomic dysfunction such as diabetic 

neuropathy and hypertensive arterial stiffness. 

 

Table 4. Dataset Characteristics (N=500 Patients, 365 Days) 

Variable Mean SD Min Max 

Age (years) 59.8 11.9 40.0 80.0 

RHR (bpm) 78.6 9.5 55.0 110.0 

HRV - SDNN (ms) 38.5 12.5 15.0 85.0 

Daily Steps 6,692.0 2,101.3 1,000.0 15,000.0 

Sleep Duration (hrs) 6.4 1.2 4.0 10.0 

Sleep Disruptions (per night) 4.5 1.7 2.0 13.0 

Sleep Efficiency (%) 78.7 9.1 60.0 100.0 

Sedentary Time (hrs) 9.6 2.3 4.0 16.0 

Systolic BP (mmHg)* 137.1 19.4 90.0 200.0 

Event Rate (%) 27.2 — — — 

*30% of patients with BP monitoring 

Low physical activity levels, with an average of 6,692±2,101 steps per day, marked the cohort as “low activity.” Sleep 

quality was also poor: average 6.4±1.2 hours of sleep (less than the recommended 7–9 hours), sleep efficiency 

78.7±9.1% (<85%), and night awakenings 4.5±1.7 times (higher than 2–3 times normal). Average sedentary time of 

9.6±2.3 hours exceeded the 8-hour threshold. The event rate of 27.2% indicates a high-risk period during which 

composite health deterioration reached a critical level, due to the selection of a high-risk cohort, a broad event 

definition, and continuous monitoring for 365 days. 

 

4.2 Model Performance Comparison 

Table 5 shows the performance metrics of all models on the test set. LSTM achieved the highest accuracy of 93.7%, 

outperforming Random Forest (91.5%), XGBoost (90.6%), and threshold baseline (78.6%). The 15.1 percentage point 

advantage of LSTM over simple threshold rules indicates that machine learning outperforms traditional clinical 

decision algorithms. 

Table 5. Model Performance (5-Day Lead Time) 

Model Accuracy Sensitivity Specificity Precision F1-Score ROC-AUC 

LSTM 0.937 0.876 0.959 0.887 0.882 0.983 

XGBoost 0.906 0.783 0.951 0.857 0.818 0.966 

Random 

Forest 
0.915 0.883 0.927 0.818 0.849 0.971 

Threshold 0.786 0.432 0.917 0.660 0.522 0.675 

 

Sensitivity varied between models. LSTM achieved 87.6%, identifying 1,829 out of 2,087 events and missing 258 

(false negatives). Random Forest was slightly higher at 88.3% but with lower specificity (92.7% vs. LSTM's 95.9%). 

XGBoost was lower at 78.3%, missing more events but still having high specificity (95.1%). The baseline threshold 

was only 43.2% sensitive, missing 57% of the deteriorating patients—not suitable for clinical use that requires high 

sensitivity. 

The specificity pattern supports the sensitivity findings. The LSTM achieved 95.9% specificity, correctly identifying 

5,411 out of 5,643 non-events, with only 232 false positives (4.1%), important for avoiding alert fatigue. The model 

accuracy was 88.7%, meaning that nearly 9 out of 10 high-risk alerts represented real, actionable events. 

The ROC-AUC metric shows excellent discrimination for the machine learning models: LSTM 0.983 (nearly perfect), 

Random Forest 0.971, and XGBoost 0.966. The baseline threshold of only 0.675, almost on par with random guesses 

(0.50), shows inadequate performance. The advantage of LSTM may be due to its temporal modelling—combining 

multi-day patterns such as high heart rate 7 days ago, low HRV 3 days ago, and decreased activity yesterday is better 

predictor of events than today's readings alone. 
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4.3 ROC Curve Analysis 

Figure 1 shows the ROC curves for all four models. The LSTM achieved near-perfect discrimination (AUC=0.983), 

with 90% sensitivity achieved before any false positives occurred. Random Forest (AUC=0.971) and XGBoost 

(AUC=0.966) also performed very well, almost on par with the LSTM. The threshold baseline (AUC=0.675) was 

much weaker, with only 45% sensitivity at a 5% FPR, missing more than half of the events despite the equivalent 

false alarm rate. 

 

 
Figure 1. ROC Analysis 

Threshold selection involves a balance between sensitivity (patient safety) and specificity (resource utilization). A 

conservative threshold (0.35) gives high sensitivity (95%) but more false alarms (8%). A moderate threshold (0.50) is 

balanced (sensitivity 87.6%, FPR 4.1%), while an aggressive threshold (0.65) reduces false alarms (2%) but also 

decreases sensitivity (78%). 

 

4.4 Confusion Matrix Analysis 

Figure 2 shows the LSTM confusion matrix with 7,730 predictions divided into four categories. True negatives (5,411) 

are low-risk true events that are correctly predicted, representing 95.9% of true non-events, allowing patients to avoid 

unnecessary testing or interventions. False positives (232) are high-risk false non-events (4.1%), which result in 

unnecessary alerts, but this rate is low and indicates acceptable specificity for clinical use. False negatives (258) 

occurred when actual high-risk events were predicted to be low, representing 12.4% of all events. These errors are the 

most clinically risky because patients do not receive timely intervention. In contrast, true positives (1,829) are events 

that were correctly predicted to be high-risk, with 87.6% of events detected. These patients received intervention 5 

days before the crisis, potentially avoiding emergency admission to hospital. The overall accuracy of 93.7% provides 

a brief overview, but the confusion matrix shows the performance in more detail. The model identifies stable patients 

very well (specificity 95.9%) and detects impending events well (sensitivity 87.6%). This profile is suitable for clinical 

use, as minimizing false negatives is important, while a moderate false positive rate is acceptable because the proposed 

intervention is non-invasive. 

 

4.5 SHAP Feature Importance Analysis 

Figure 3 shows the top 15 predictive features by absolute SHAP value. The two most important features, rhr_lag_7 

and rhr_lag_3 (SHAP=0.126), represent resting heart rates 7 and 3 days ago, respectively. This suggests that multi-

day heart rate patterns are more predictive of cardiac deterioration than single-day readings. The model identifies that 

sustained tachycardia over several days indicates deterioration in cardiac function. 
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Figure 2. Confusion Matrix for LSTM 

 

 

 
Figure 3. SHAP Importance 

HRV-related features rank 3–6, including hrv_lag_3 (0.027), hrv_lag_1 (0.027), steps_lag_1 (0.025), and hrv_lag_7 

(0.025). Recent HRV (1-3 days old) slightly more predictive than the weekly measures, which points to a strong short 

to medium term HRV decrease. HRV SHAP values (0.025-0.027) are approximately 5 times less than the rhr_lag, 

which implies that HRV is significant but not as important as heart rate. Lag physical activity (steps_lag_1, -3, -7) has 

an association with 0.016 -0.025 SHAP, with the latest day being more predictive. Rolling mean heart rate 

(rhr_mean_7d, rhr_mean_14d) also has a moderate contribution. 

SHAP score is reliable to cardiovascular pathophysiology. High heart rate signifies high cardiac stress and oxygen 

requirements, and low heart rate indicates dysfunction in the autonomic system. Reduced physical activities are an 

indicator of disability caused by cardiac failure or metabolic decompensation. The analysis of the temporal patterns 

reveals that the degradation process is not sudden but takes time per day to weeks and adheres to the course of chronic 

disease. 
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SHAP analysis makes it possible to do patient-specific interventions. High-risk patients because of continuously 

increased heart rates (rhr_lag_7 and rhr_lag_3) will be advised to take cardiac appointments in the form of ECG, 

echocardiogram, and medication review. Patients who are considered at risk because of acute reduction of activity 

(steps_lag1) may require musculoskeletal assessments or depression screening. 

 

4.6 Patient Health Trajectory Visualization 

Figure 4 demonstrates the physiological trend during the 20 days before the period of high-risk. At baseline, the vitals 

of patient were comparatively stable: HRV 32-56 ms (average 45 ms), heart rate 67-78 bpm, number of steps daily is 

between 5,300–8,300, and sleep duration was 5.5–7.8 hours. At this time, vital signs fluctuated day to day by a small 

margin without any distinct trend. 

 
Figure 4. Patient Trajectory 

Between days -10 and -5, the deterioration was significant. HRV was reduced by 50 ms to 35 ms (15 ms reduction), 

the rate of the RHR went up to 80 bpm, and the amount of physical activity dropped to about 6,000 steps, compared 

to the previous amount of about 7,500. At the prediction point (-5), HRV reached 33 ms, RHR was 83 bpm, daily 

steps were 7,300, and sleep was 5.5 hours, which gave a result of a high-risk warning at 87 percent. 

Between -5 to 0, the progression was downwards towards the high-risk days. HRV remained low (30–35 ms), heart 

rate was elevated (80-88bpm), activity reduced, and the sleep quality was low. By day 0, HRV remained low, heart 

rate was 82 bpm, and the steps decreased 5,300. The overall risk score was below the threshold, which suggest severe 

deterioration and needs intervention. 

It has been visualized that the erosion is a process that takes days towards an impending crisis. At day -5, early signals 

can be intervened with: medications can be changed by doctors, patients can become more active and monitor their 

diets, or telehealth. This helps assess the necessity of hospital visits in-person or preventing the hospitalization. No 
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single biomarker is sufficient to provide warning; predictive power comes from a combination of signals such as 

reduced HRV, elevated heart rate, decreased activity, and insufficient sleep. 

 

5. DISCUSSION 

5.1 Principal Findings and Clinical Implications 

This research established that the decline of chronic illnesses can be identified within five days by continuous 

monitoring using artificial intelligence in wearable devices. The accuracy level and sensitivity of this approach were 

93.7% and 87.6% respectively. The comparisons of the performances revealed that the LSTM model gave improved 

results compared to the Random Forest (91.5%), the XGBoost (90.6%) and the traditional methods which rely on 

clinical rules (78.6%). This observation indicates that information-driven learning techniques are very beneficial in 

addressing the challenges of physiological patterns as opposed to predetermined rule-based systems.  

Clinically, this sensitivity of value of 87.6% indicates the capacity of the system to detect most of the patients at risk 

of deteriorating i.e. virtually nine in every ten patients are likely to be detected at a very young stage. Simultaneously, 

high specificity (95.9) aids to decrease the number of false alarms, hence, the risk of alarm fatigue in a real healthcare 

setting is minimized. The analysis of feature attribution based on the SHAP method indicated that alterations in RHR 

during the previous three to seven days had the greatest role to play in the determination of the prediction. 

Comparatively, the variability of heart rate and level of physical activity also played a role in the model performance 

although the contribution was relatively low. Physiologically, this is quite understandable since cardiovascular 

degradation can manifest itself in terms of chronically increased heart rate, loss of autonomic control, and impaired 

capacity to sustain physical exercise.  

The key practical aspect of this research is that all major physiological indicators in the study can be recorded through 

the commercially available smartwatches that cost RM500 to RM2,000. This realisation draws attention to the 

possibility of deploying device-based monitoring at a larger scale and not relying on costly and highly specialised 

clinical tools that generally have high maintenance costs. Besides, the five-day prediction window provides sufficient 

lead time to implement early intervention, including medication changes, virtual visits, lifestyle changes, or even to 

schedule clinical follow-ups. On the whole, these results prove the importance of a more proactive approach to disease 

management by shifting the focus from reactive treatment towards proactive prevention to minimize the risk of 

deterioration of the patient. 

 

5.2 Comparison to Existing Literature 

The achievement of our LSTM model reach to 93.7% accuracy, it shows significantly higher than previous studies of 

wearable health AI in Malaysia. In comparison, Salim et al. (2021) achieved 68% with Random Forest for dengue 

prediction using climate data alone [47], Majeed et al. (2023) reported 78% accuracy with LSTM without integrating 

biomarkers or specific conditions [53], and Raja et al. (2019) obtained 79–84% with Bayesian methods for dengue 

prediction in Klang Valley [46]. While these studies demonstrate the potential of health AI in Malaysia, none focused 

on continuous monitoring of individuals for diabetes or hypertension. 

Internationally, our results are consistent with high-performance wearable health systems. The Apple Heart Study 

with 419,297 participants showed an 84% positive predictive value for atrial fibrillation detection [20], when compare 

it to our accuracy which is 88.7% this indicates a slight increment. DeepGluco achieved 91% accuracy for predicting 

glucose levels 30 minutes ahead [54], comparable to the accuracy of our LSTM even though our prediction spanned 

5 days instead of 30 minutes. COVID-19 detection via wearable devices achieved 85–90% accuracy 1–2 days before 

symptoms appeared [55], indicating effective early warning even though the lead time was shorter than our 5-day 

window. 

Since the use of synthetic data are well known to be interpreted with caution. Therefore, it is expected that in real-

world application, the accuracy may drop to 85–90% versus 93.7%. This is due to factors such as inconsistent device 

use, sensor noise, medication non-adherence, unpredictable acute events, and other confounds. However, 85% 

accuracy with a 5-day warning is still significantly better than quarterly episodic monitoring that provides no early 

warning. 
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5.3 Operational Deployment Framework 

Data Infrastructure: Real-time data flow from wearable devices to the cloud requires API connections with devices 

such as Apple Health, Samsung Health, Fitbit and Google Fit for authorized data access. This data is continuously 

processed on cloud servers and integrated with Electronic Health Records according to the FHIR standard. Data quality 

also needs to be monitored to detect missing data, unusual readings and implausible patterns. 

Malaysia’s MySejahtera digital health system, developed during the COVID-19 pandemic, has shown that large-scale 

adoption of health technology is feasible and socially acceptable [56]. The app has been downloaded over 32 million 

times, is able to handle high concurrent usage, and has successfully built public trust. Therefore, wearable monitoring 

can be built on this existing system as it has a proven architecture and a large user base. 

Alert Protocol Tiering: A tiered response system is used to match risk levels with resource use. For low risk (40–60%), 

patients receive educational SMS messages. Moderate risk (60–80%) will be encouraged to undergo a telehealth 

session within 48 hours. While high risk (over 80%) requires a face-to-face clinic visit within 24 hours. This approach 

helps ensure that health resources are used more effectively according to the patient’s risk level. 

Clinical Workflow Integration: It is an important element in the success of its integration with the existing clinical 

practices. It is essential to use the same platform to make sure that predictions from wearable devices are displayed 

directly in the electronic health record at the time of appointment. A systematic record system also capable of ensuring 

that every clinical response to each piece of information is documented. This is one of the steps that aid the system in 

evaluating the system. whether the interventions made are really effective in averting hospital admissions. 

Stakeholder Training: Patients should be trained on how to use the wearable gadgets along with understanding the 

health information. Community health workers are very particularly important to provide strong support, especially 

to the elderly patient as well as those from rural populations. In the meantime, clinicians should be trained intensively 

in order to assess the outcomes critically so not to be over-dependent on the outcomes of AI systems. At the same 

time, the Ministry of Health must come up with clear guidelines on payment, quality standards and data management 

to ensure the safety, ethical, and sustainable application of this technology. 

 

5.4 Health Economic Analysis 

Cost-Benefit Model (500-Patient Cohort, Annual): 

Monitoring Costs: Wearable devices RM 83,000/year (amortized over 3-year lifespan), cloud infrastructure RM 

50,000, clinical staff (2 FTE monitoring nurses) RM 120,000. Total Annual Cost: RM 253,000 

Benefits from Prevented Hospitalizations: Event rate 27.2% × 500 patients = 136 events annually. LSTM sensitivity 

87.6% × 136 = 119 events detected. Intervention success rate (conservative 30%) × 119 = 36 prevented 

hospitalizations. At RM 20,000 average cost per hospitalization: RM 720,000 direct savings 

Return on Investment: (RM 720,000 benefits - RM 253,000 costs) / RM 253,000 = 185% annual ROI 

National Scaling Scenario: Malaysia has 3.9 million diabetics + 6.4 million hypertensives with substantial overlap. 

Assume 10% highest-risk patients (1 million) would benefit most from intensive monitoring: 

• Annual monitoring cost: 1,000,000 × RM 253 = RM 253 million 

• Prevented hospitalizations: 1,000,000 × 0.272 × 0.876 × 0.30 = 71,510 events 

• Direct savings: 71,510 × RM 20,000 = RM 1.43 billion 

• Net benefit: RM 1.18 billion annually 

 

This conservative analysis (30% intervention success) demonstrates compelling economic case. Even if only 20% of 

detected deterioration is actually prevented, net savings exceed RM 800 million annually. 
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5.5 Ethical Considerations 

Privacy and Data: End-to-end encryption mechanisms are used to protect data security during transmission. This is 

because the transmission of sensitive personal health data continues through continuous monitoring. In addition, strict 

access controls and an informed consent process that comply with the Personal Data Protection Act (PDPA) are also 

implemented to ensure privacy and legal compliance. 

Algorithmic Bias and Fairness: Among problems that exist in training the model is the use of urban population data 

where it may not work well against rural population data. Therefore, the level of model performance needs to be tested 

using more varied data including groups of different areas of residence, age and gender. In addition, the diversity of 

training data also needs to be increased including more data from groups with less data. This step can ensure that the 

model will be fairer and work well for all populations. 

Autonomy and Consent: Each patient must give their consent to participate in this monitoring voluntarily. They must 

also be assured that all information will be provided in a clear and easy to understand manner. Among the rights 

granted to patients is that they can determine the frequency of notifications and the level of sensitivity of the 

information they will receive. In addition, third parties such as insurance companies or employers do not have the 

authority to mandate this monitoring. 

Alert Burden and Mental Health: Continuous monitoring has the potential to be misinterpreted as a health problem. A 

graded alert system is a very effective solution, where immediate notification triggers will only take effect if a high-

risk situation is detected. In addition, providing clear explanations to users as well as mental health screening to 

identify concerns is important to maintain a balance between patient safety and psychological well-being. 

 

5.6 Limitations and Future Directions 

Synthetic Data Limitations: The accuracy is expected to decrease to 85-90% due to the inherent complexity when real 

patient data is introduced. In particular, a domain shift may occur because real Malaysian patient data are likely noisier 

and more heterogeneous than the current synthetic dataset. Therefore, prospective clinical trials are important where 

1,000 random patients are assigned to an intervention group (wearable monitoring + AI alerts) versus a control group 

(standard care).  Full deployment will proceed after 12-month of follow-up by measuring hospitalization rates, 

emergency visits, and quality of life.  

Limited Outcome Specificity: This model is only able to detect serious health conditions in general. If separate models 

or multiple classifications were used, the exact cause of the problem, for example diabetes, high blood pressure or 

heart problems, could be identified more clearly and more appropriate treatment could be given. 

Missing Contextual Factors: There are several factors that were not included in this study, namely medication 

adherence, dietary intake, psychosocial stress and genetic factors. This is because the process of integrating 

information from electronic health records including diagnostic data, medications and laboratory reports has the 

potential to increase the level of complexity and most importantly concerns about the privacy of the data. 

Causal Inference Gap: This model only focuses on the ability to make predictions but is unable to detect the actual 

cause of a study. Therefore, a randomized controlled trial (RCT) that serves as a benchmark for whether the group 

that received the warning and follow-up action is comparable to the group that did not receive warning can prove 

whether early warning actually prevents health events or simply detects inevitable deterioration. 

Future Research Directions: 

• Real-world validation trial with 1,000 patients, randomized controlled, 12-month follow-up 

• Multi-sensor expansion: continuous glucose monitors, ECG patches, smart medication dispensers 

• Outcome-specific models: separate classifiers for diabetic emergencies, heart failure, hypertensive crises 

• Reinforcement learning: optimize intervention selection for maximum event prevention 

• Federated learning: privacy-preserving training where devices learn locally, share only model updates 

• Patient-facing decision support: mobile app translating SHAP explanations into actionable 

recommendations 
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6. CONCLUSION 

The clinical potential of AI-based continuous health monitoring for chronic disease management using consumer 

wearable sensors in this study demonstrates both technical and clinical potential. With 93.7% accuracy and 87.6% 

sensitivity using LSTM networks, adverse health events were predicted 5 days in advance. This clearly outperformed 

traditional episode monitoring (without early warning) and threshold-based clinical rules (78.6% accuracy). Based on 

SHAP interpretation, it revealed lagged heart rate patterns and HRV trends as the strongest predictors, thus providing 

biological validation, clinical interpretation and actionable guidance that are important for adoption. 

With the increasing rate of chronic diseases in Malaysia where 73% of deaths due to NCD and 3.9 million people have 

diabetes and 6.4 million people have hypertension, this study has the potential to overcome the crisis and indirectly 

reduce the burden of RM 9.65 billion, which is currently incurred due to the use of scalable technology. The low-cost 

solution proposed in this study can benefit the health economy where net savings can reach RM 1.18 billion if 10% 

of high-risk patients (1 million Malaysians) are monitored. Furthermore, it promises a return on investment of up to 

185% even under conservative assumptions. 

However, the success of this study still requires coordination across the five domains: (1) data infrastructure—real-

time wearable-to-cloud pipelines, API integration, FHIR-compliant exchange, (2) clinical integration—EHR 

embedding, graduated alert tiers, nurse-led population monitoring, (3) digital literacy—patient and clinician training, 

community health worker support, (4) equity measures—subsidised devices, performance audits across demographics, 

rural connectivity solutions, (5) continuous validation—prospective randomised trial, ongoing performance 

monitoring, model retraining. 

The existence of the MySejahtera digital health system in Malaysia proves that large-scale adoption of health 

technology is feasible. Developing a monitoring system through wearable devices based on this platform can leverage 

existing infrastructure, many users and public trust. The technology and requirements are available, and the economic 

benefits are clear. The main challenge now is to translate the concept into actual implementation through collaboration 

between the Ministry of Health, healthcare providers, technology companies, universities and communities. Chronic 

disease management is now at a critical juncture between whether to continue to rely on reactive treatment during a 

crisis, or to shift to proactive AI-based monitoring that can detect problems earlier, reduce hospital admissions and 

improve quality of life. Therefore, action needs to be taken immediately. 
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