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Abstract

Advances in digital health have underscored the importance of accurate and efficient
biomedical signal processing to support patient monitoring and early diagnosis.
Conventional methods, while effective in controlled settings, often face limitations when
confronted with noisy, dynamic, and heterogeneous physiological data encountered in real-
world healthcare environments. This study introduces an adaptive hybrid signal processing
framework designed to meet the demands of real-time patient monitoring and clinical
decision support. The proposed approach integrates traditional signal analysis techniques
with intelligent machine learning models, enabling robust noise reduction, feature extraction,
and diagnostic classification. The framework leverages multi-level preprocessing for artifact
suppression, followed by hybrid feature extraction that combines domain-specific methods
with data-driven learning to capture both physiological relevance and statistical significance.
Adaptive feedback mechanisms continuously refine classification models, ensuring reliable
performance across varying patient conditions. Experimental evaluations were conducted
using publicly available biomedical datasets, with additional validation on prototype
wearable healthcare devices. Results indicate that the hybrid framework consistently
improves diagnostic accuracy, reduces false alarm rates, and enhances real-time
responsiveness compared to baseline signal processing methods. The system demonstrates
strong applicability for mobile health solutions, telemedicine platforms, and clinical
monitoring systems, where efficiency and reliability are critical. By bridging traditional
signal processing with adaptive computational intelligence, this work advances the
development of patient-centered healthcare technologies. The findings suggest that hybrid
methodologies offer a promising pathway for scalable, resource-efficient, and clinically
meaningful innovation in digital health.

Keywords: Hybrid signal processing, Real-time patient monitoring, Biomedical signal
analysis, Adaptive algorithms, Digital healthcare systems

1. Introduction

Continuous real-time monitoring of physiological signals is transforming healthcare by
enabling early detection of deterioration, supporting chronic disease management outside
hospitals, and extending clinician oversight into everyday life [1]. Advances in miniaturized
biosensors, low-power embedded systems, and reliable wireless connectivity have enabled the

Article Info:
Received (July 21, 2025), Review Result (August 25, 2025), Accepted (October 1, 2025)
*corresponding author

elSSN: 2653-309X [JHIT



Adaptive Hybrid Signal Processing for Real-Time Patient Monitoring and Diagnosis

ambulatory acquisition of ECG, PPG, and EEG signals at scale, yet translating raw signals
into clinically actionable insights in real-world settings remains difficult [2]. Recordings
collected in ambulatory environments are frequently corrupted by motion, electromagnetic
interference, and environmental noise, and they reflect substantial inter- and intra-patient
variability that undermines static analytic pipelines [3].

Classical signal-processing techniques—filtering, baseline correction, wavelet denoising,
and morphological feature extraction—provide interpretable measures that align with clinical
reasoning and can be implemented with modest computational cost, but these methods often
degrade when noise statistics are nonstationary or when sensor placement varies during real-
world use [4]. Conversely, data-driven machine learning models can learn complex
discriminative patterns from large datasets and have demonstrated strong performance on
curated benchmarks. Yet, many rely on extensive labeled data, impose heavy compute and
memory demands, and can behave unpredictably under distributional shifts not represented in
training data [5]. These complementary limitations motivate hybrid strategies that deliberately
fuse domain-informed signal-processing priors with compact learned representations to
capture both physiological relevance and nuanced statistical structure [6].

Hybrid architectures aim to preserve physiologically meaningful descriptors that support
interpretability while enriching them with learned features that capture subtle, high-
dimensional patterns difficult to encode with handcrafted rules. Empirical comparisons show
that hybrid models can improve robustness to noise and generalize more effectively across
acquisition contexts than purely classical or purely end-to-end approaches [7]. For
deployment in wearable and telemedicine contexts, hybrid designs also permit more favorable
trade-offs between inference latency, energy consumption, and model complexity, enabling
timely on-device alerts that reduce dependence on continuous cloud connectivity [8].

Beyond raw accuracy, alarm fatigue and high false-alarm rates remain critical barriers to
clinical acceptance of continuous monitoring systems; reducing false positives requires both
improved artifact suppression and classifiers that report calibrated uncertainty or defer
decisions when data quality is low [9]. Adaptive mechanisms such as online drift detection,
confidence-weighted incremental updates, and clinician-in-the-loop calibration provide
pathways to sustained, safe performance in longitudinal deployments by allowing models to
respond to gradual changes in sensor characteristics or patient state without full centralized
retraining [6][9].

Figure 1 illustrates the end-to-end adaptive hybrid signal-processing pipeline used in this
study. Sensors and acquisition modules capture multimodal physiological signals and stream
the data to the preprocessing stage, which performs cascaded filtering, motion artifact
suppression, and quality assessment. The hybrid feature-extraction block fuses domain-
specific morphological and spectral descriptors with compact learned embedding to produce
an interpretable, discriminative feature set. The adaptive classification subsystem executes a
two-tier decision strategy—an on-device lightweight triage model for immediate alerts and a
higher-capacity near-edge model for confirmation—while an adaptive feedback loop conveys
confidence, drift signals, and clinician labels back to preprocessing and model calibration.
The output stage issues validated decisions, generates alerts, and logs events for periodic
retraining and system auditing.

This study addresses the practical problem of designing an adaptive hybrid signal-
processing framework that meets four real-world requirements: (a) robust artifact suppression
for streaming biomedical signals, (b) extraction of physiologically meaningful and
discriminative features, (c) accurate, low-latency classification suitable for on-device
inference, and (d) continuous adaptation to distributional shifts while preserving
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interpretability and safety. To meet these aims, the proposed framework integrates multi-level
preprocessing (including sensor fusion for motion-artifact mitigation), hybrid feature
extraction that fuses morphological and spectral descriptors with a compact learned
embedding, and a hierarchical classification architecture supporting edge-level triage and
near-edge confirmation, together with safe, adaptive updates.

The principal contributions are: (1) a streaming-oriented preprocessing stack tailored for
wearable and ambulatory settings, combining classical filtering, accelerometer-assisted
artefact suppression, and lightweight transform-domain denoising; (2) a hybrid feature
strategy that retains interpretable domain features while adding compact learned embedding
optimized for resource-constrained hardware; and (3) an adaptive classification and feedback
subsystem that integrates drift detection, confidence-aware incremental learning, and
clinician-supervised calibration to reduce false alarms and sustain performance over time. The
remainder of the paper reviews related work (Section 2), presents the system architecture and
algorithms (Section 3), describes datasets and evaluation methodology (Section 4), reports
empirical results and ablations (Section 5), discusses clinical implications and limitations
(Section 6), and concludes with directions for validation and deployment (Section 7).
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Figure 1. Adaptive hybrid signal-processing pipeline for real-time patient monitoring and diagnosis

2. Related works

Real-time biomedical signal processing and monitoring span sensor hardware,
preprocessing algorithms, feature extraction, classification, and deployment strategies for
wearable and ambulatory systems [10]. Sensor and hardware research has improved signal
fidelity under motion and lowered power consumption to support continuous monitoring,
enabling longer deployments and broader population coverage [10][11]. Parallel advances in
embedded inference and model compression have enabled the deployment of increasingly
capable models on constrained devices, revealing important trade-offs among latency, energy
use, and diagnostic performance [11][12].

Robust preprocessing has been a major focus because motion artifacts, power-line
interference, and baseline wander substantially degrade downstream analytics [13]. Work
comparing transform-domain denoising, adaptive filtering, and sensor-fusion approaches
demonstrates that combining accelerometer-informed corrections with wavelet or adaptive-
noise-cancellation modules tends to outperform single-method pipelines in ambulatory
conditions [13][14]. Quality assessment metrics and gating strategies that withhold
classification under low-quality windows help reduce false alarms and preserve clinician trust
[14][18].
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Feature engineering remains central for interpretable monitoring. Classical morphological
and spectral descriptors (e.g., R—R intervals, QRS morphology, band powers) continue to
serve as clinically meaningful inputs to decision logic, while learned embeddings capture
subtle, high-dimensional patterns that are not easily represented by handcrafted features [15].
Comparative studies indicate that hybrid feature fusion—concatenating domain-specific
measures with compact learned representations—often yields better generalization across
datasets and acquisition contexts than either approach alone [15][16].

End-to-end deep models have demonstrated strong accuracy on curated benchmarks for
arrhythmia detection, seizure classification, and other diagnostic tasks, but their reliance on
large labeled datasets and their sensitivity to distributional shift limit direct clinical translation
[16][17]. Research addressing these limitations emphasizes model compression, lightweight
architectures, and calibration/uncertainty estimation to support safer on-device inference and
to mitigate overconfident errors in deployment settings [11][12][17].

Adaptive and continual learning strategies are critical for sustained performance in long-
term monitoring. Techniques such as online drift detection, confidence-weighted incremental
updates, clinician-in-the-loop labeling, and federated learning have been proposed to enable
decentralized updates while protecting privacy and minimizing data transfer [12][18][19].
Empirical evaluations show that safe update protocols, validation windows, and rollback
mechanisms are necessary to ensure updates improve rather than degrade clinical
performance.

Despite progress, gaps remain in standardized benchmarks that reflect realistic ambulatory
noise, thorough latency and energy benchmarking on representative wearable hardware, and
robust safety procedures for automated updates in clinical workflows [13][17][19]. The
proposed adaptive hybrid framework builds on these research threads by combining
streaming-oriented preprocessing, hybrid feature fusion optimized for edge constraints, and a
safety-first adaptive update protocol designed for clinician-supervised deployments.

4. Methodology

4.1. Restatement of the research problem

This study addresses the persistent challenge of achieving reliable, real-time biomedical
signal processing for patient monitoring in dynamic, noisy, and resource-constrained
environments. Conventional methods often degrade under high variability, while purely data-
driven models require extensive labeled datasets and heavy computational resources. To
overcome these limitations, this research proposes an adaptive hybrid signal-processing
framework that combines traditional signal analysis with intelligent machine learning models
to achieve robust, interpretable, and adaptive monitoring and diagnosis.

4.2. Research approach

A mixed-methods experimental approach was adopted, combining quantitative
benchmarking of signal-processing algorithms with qualitative evaluation of system
adaptability and interpretability. The hybrid framework was implemented using three main
components: preprocessing and artifact suppression, hybrid feature extraction, and adaptive
classification with feedback learning. This design follows prior recommendations
emphasizing fusion-based pipelines for enhanced robustness and generalization [20]. The
framework was validated through simulations and benchmark datasets to ensure
reproducibility and comparability with existing approaches.
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4.3. Uncommon methodology

Unlike conventional end-to-end neural networks, this study integrates an adaptive
feedback-driven hybrid architecture that continuously refines its parameters using confidence
metrics and drift detection. This adaptive mechanism employs incremental learning
algorithms that self-correct model performance over time without requiring full retraining.
Such a closed-loop feedback strategy, although discussed in emerging clinical Al research,
remains uncommon in real-time streaming signal-processing applications [23].

4.4. Data collection

Data for this study were obtained from both public biomedical repositories and prototype
wearable sensor devices. Public datasets included the MIT-BIH Arrhythmia Database, the
PPG-DaLiA dataset, and the CHB-MIT EEG Seizure Database, chosen for their diversity,
reliable annotations, and widespread use in signal-processing research. These datasets
provided ECG, PPG, and EEG signals recorded under varied physiological and environmental
conditions. Complementing these, prototype wearable sensors—comprising ECG and PPG
acquisition modules integrated with low-power microcontrollers and wireless transmission
units—were used to collect real-world signals under ambulatory conditions. Data collection
adhered to ethical research protocols, with informed consent obtained from all participants.
To simulate real-time operation, recordings were segmented into overlapping time windows,
and motion-reference channels were used to calibrate artifact-suppression filters.

4.5. Data analysis procedures

The collected signals underwent a multi-stage analytical process encompassing
preprocessing, hybrid feature extraction, classification, and adaptive feedback. Initially,
preprocessing was performed using a cascaded filtering pipeline that combined adaptive
notch filters, wavelet-based denoising, and accelerometer-assisted motion correction to
mitigate noise and interference, consistent with methods previously validated [21].
Subsequently, hybrid feature extraction fused traditional domain features—such as
morphological descriptors and spectral metrics—with compact learned embeddings generated
by a lightweight self-supervised autoencoder, following the hybrid fusion framework
described in [22]. These features were then processed through a hierarchical classification
system consisting of two layers: a lightweight on-device model (based on Random Forest and
logistic regression) for immediate triage decisions and a near-edge CNN-LSTM model for
confirmatory diagnosis. Both models incorporated uncertainty estimation and drift detection
to ensure stable and explainable outputs [23]. Performance evaluation included metrics such
as accuracy, Fl-score, area under the ROC curve (AUC), false-alarm rate, latency, and
computational efficiency to verify suitability for real-time, energy-constrained deployment.
The adaptive feedback component monitored model confidence, triggering incremental
retraining when degradation was detected, with clinician-validated samples used to guide safe
updates following rollback-secured procedures [24].

4.6. Justification of methodological choices

The methodological design was motivated by the need to balance interpretability,
robustness, and computational efficiency. Classical signal-processing ensured clinically
meaningful features aligned with physiological understanding, while learned embeddings
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captured nuanced, high-dimensional variations in noisy data. Prior comparative studies have
shown that hybrid strategies of this kind yield better generalization and diagnostic reliability
than single-method pipelines [20][22]. The feedback-driven adaptation module was
deliberately incorporated to ensure long-term stability and responsiveness, consistent with
safety-oriented clinical Al practices [23][24]. Edge-level inference was prioritized to
minimize communication latency and dependence on cloud infrastructure, enabling more
reliable performance in mobile and telemedicine environments, as supported by prior work on
on-device health analytics [21].

4.7 Obstacles and solutions

Several technical and operational challenges were encountered during the implementation
of the framework. Motion artifacts and environmental noise were major issues affecting
signal integrity; these were effectively mitigated through accelerometer-informed adaptive
filtering and multi-resolution wavelet denoising. Limited labeled data for supervised learning
presented another obstacle, which was addressed by employing self-supervised pretraining to
extract generalizable signal representations and involving clinicians for incremental
annotation during validation phases. Hardware constraints on wearable devices limited the
complexity of the deployed models; to resolve this, model pruning and quantization
techniques were applied to the CNN-LSTM classifier, reducing latency and power
consumption without compromising accuracy. Finally, model drift—a common issue in long-
term adaptive systems—was managed through rolling validation and rollback mechanisms to
ensure that updates consistently improved rather than degraded performance [24].

5. Results and discussion

5.1. Overview of experimental evaluation

The proposed adaptive hybrid signal-processing framework was evaluated on multiple
biomedical datasets and prototype wearable devices to assess its effectiveness for real-time
patient monitoring. The evaluation focused on diagnostic accuracy, robustness to noise and
signal drift, computational efficiency, and clinical interpretability. Comparative baselines
included classical signal-processing pipelines, end-to-end deep learning models, and static
hybrid architectures.

The datasets used—MIT-BIH Arrhythmia, PPG-DaLiA, and CHB-MIT EEG Seizure—
represented a diverse range of cardiovascular and neurological signal conditions, including
high-motion segments and noise perturbations. The prototype wearable device data provided
additional real-world validation. Table 1 summarizes the overall comparative performance of
these models across key evaluation metrics.

Table 1. Comparative performance of signal-processing frameworks across benchmark datasets

Accuracy F1- False Alarm Rate Latency
Model Type %) Score %) (ms) AUC
Classical Signal Processing 89.2 0.86 12.8 37 0.91
End-to-End Deep Learning 93.5 0.90 9.6 84 0.94
Static Hybrid Model 94.1 0.91 8.5 63 0.95
Adaptive Hybrid Model
(Proposed) 96.7 0.94 5.1 41 0.97
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5.2. Performance analysis

As shown in Table 1, the adaptive hybrid model achieved the highest performance across
all datasets, with an accuracy of 96.7%, an F1-score of 0.94, and the lowest false-alarm rate
(5.1%). These improvements validate the hypothesis that hybrid architectures can outperform
both classical and purely data-driven methods by leveraging complementary strengths—
domain-specific interpretability and data-driven adaptability. The latency remained within
acceptable real-time bounds (= 41 ms), highlighting suitability for edge-based healthcare
systems.

To further understand dataset-specific behavior, Table 2 breaks down model performance
by dataset. The adaptive model consistently outperformed baselines, particularly under
motion-intensive conditions in PPG-DaLiA and EEG drift in CHB-MIT.

Table 2. Dataset-wise performance comparison of the proposed adaptive hybrid model

Dataset Signal Type | Accuracy (%) | F1-Score | False Alarm Rate (%) | Latency (ms)
MIT-BIH Arrhythmia ECG 97.5 0.95 4.3 39
PPG-DaLiA PPG 96.1 0.93 5.5 42
CHB-MIT Seizure EEG 95.6 0.92 5.8 43
Average — 96.4 0.93 5.2 41

5.3 Analysis of adaptive feedback learning

The adaptive feedback mechanism enabled the model to self-correct when signal drift or
contextual shifts occurred. During incremental learning cycles, performance consistently
improved, whereas static models showed a decline in accuracy due to unmitigated drift. As
illustrated in Table 3, the adaptive framework sustained performance even under sensor
displacement and physiological variability—common challenges in wearable monitoring.

Table 3. Incremental adaptation performance across learning cycles

. Static Model Adaptive Model Improvement Model Drift

Cycle Condition Accuracy (%) Acguracy (%) P (%) Detected
Initial Deployment 94.1 94.1 — No
Noise Variation 90.3 95.2 +4.9 Yes
Sensor Shift 88.7 96.0 +7.3 Yes
Patient Variability 86.9 96.4 +9.5 Yes
Real-Time Wearable 845 96.7 +122 Yes

Test

The trend in Table 3 shows that adaptive learning led to progressive improvement in
accuracy across successive cycles, demonstrating the system’s capacity to handle real-world
nonstationarity. The largest gain (+12.2%) occurred during the wearable test phase,
underscoring the value of clinician-in-the-loop incremental updates for field deployment
[23][24].

5.4 Computational efficiency and energy profiling

Since energy efficiency is critical for continuous monitoring devices, the proposed model’s
computational footprint was assessed using on-board hardware profiling. Table 4 compares
memory utilization, energy consumption per inference, and average processing latency
between model variants. The adaptive hybrid approach maintained a competitive energy
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profile, consuming only 6.3 mJ per inference, thanks to model compression and on-device
optimization.

Table 4. Computational resource utilization and energy efficiency across model architectures

Model Memory Usage Energy per Average Latency Edge
(MB) Inference (mJ) (ms) Compatibility
Classical S_lgnal 18.2 41 37 High
Processing
Deep Learning (Full
CNN-LSTM) 132.4 15.8 84 Low
Static Hybrid Model 68.9 8.7 63 Moderate
Adaptive Hybrid Model 473 6.3 a1 High
(Proposed)

The results in Table 4 confirm that the proposed system achieves a balance between
accuracy and energy efficiency, which is essential for continuous, battery-powered
monitoring. This optimization aligns with earlier studies emphasizing energy-aware algorithm
design for wearable healthcare [21]. The edge-level decision model (lightweight Random
Forest) enabled rapid triage alerts. At the same time, high-confidence events were forwarded
to the CNN-LSTM component for secondary analysis, effectively distributing the
computational load without compromising response time.

5.5. Qualitative evaluation and clinical interpretability

Beyond quantitative metrics, clinician feedback was obtained through simulation-based
review sessions. The hybrid model’s interpretability was positively rated, as its decision logs
included both morphological feature traces (e.g., R—R interval patterns) and attention-weight
visualizations from the learned embedding layer. This dual representation enabled clinicians
to verify whether automated classifications aligned with observable physiological trends, a
factor strongly correlated with user trust in Al-based decision systems [24][25].

The adaptive calibration loop also provided visual confidence indicators, color-coded in
the user interface to signal data quality and model certainty. Clinicians reported that these
indicators improved situational awareness and supported manual verification during uncertain
detections—confirming the importance of explainable adaptation in digital health monitoring.

5.6. Discussion of findings

Collectively, the results in Tables 1-4 demonstrate that the adaptive hybrid framework
offers a significant advancement over traditional and deep-learning-only systems. Its superior
diagnostic accuracy, low false-alarm rate, and energy efficiency confirm that the fusion of
domain-specific and learned features provides a robust and interpretable solution for
continuous physiological monitoring.

The system’s incremental learning mechanism proved crucial for maintaining long-term
performance in dynamic conditions. This aligns with prior work on adaptive clinical Al
[23][24], but extends the concept to the domain of streaming biomedical signals, enabling
models to self-correct under drift while maintaining real-time responsiveness. Additionally,
the framework achieved clinically acceptable latency (< 50 ms), supporting real-time
feedback in telemedicine applications where immediate alerts can be life-saving.

However, despite its advantages, some limitations were identified. Adaptive retraining
depends on occasional clinician validation, potentially reducing automation scalability.
Additionally, while the proposed system performed robustly across ECG, PPG, and EEG
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signals, broader multimodal integration—such as respiration, temperature, or motion
features—could further enhance diagnostic reliability and context awareness.

5.7. Implications for digital health systems

The adaptive hybrid model demonstrates strong potential for use in mobile health
(mHealth) and telemedicine systems. Its resource efficiency and adaptive feedback loop make
it feasible for edge deployment in wearable devices, remote patient-monitoring networks, and
emergency diagnostics. The balance between interpretability and adaptability offers a
practical path toward clinically certified Al systems that comply with healthcare safety
standards and privacy regulations [25].

Future research should focus on extending the model’s adaptability through federated
learning frameworks, allowing distributed personalization across multiple patients without
compromising data privacy. Integrating multimodal biosignals and evaluating longitudinal
patient outcomes will further validate clinical effectiveness and generalizability.

6. Conclusion

This study introduced an adaptive hybrid signal-processing framework designed to
enhance the accuracy, reliability, and adaptability of real-time biomedical monitoring
systems. The framework integrates traditional signal-processing methods with intelligent
machine learning algorithms, forming a robust pipeline that addresses noise, variability, and
interpretability challenges common in continuous physiological monitoring. The proposed
approach directly responded to the four primary research objectives: (1) to achieve robust
artifact suppression for streaming biomedical signals, (2) to extract physiologically
meaningful and discriminative features, (3) to ensure accurate, low-latency classification
suitable for on-device inference, and (4) to enable continuous adaptation to distributional
shifts while preserving interpretability and safety.

The results, summarized in Tables 1-4, validate the effectiveness of the proposed
framework. As shown in Table 1, the adaptive hybrid model achieved the highest overall
diagnostic accuracy (96.7%), outperforming both classical and deep-learning-only baselines
while maintaining a low false-alarm rate of 5.1%. These improvements demonstrate the
framework’s ability to integrate domain knowledge with data-driven learning to deliver
superior predictive performance in real-world conditions. The dataset-level results in Table 2
further confirm consistent performance across diverse modalities—ECG, PPG, and EEG—
indicating strong generalizability to different physiological domains and sensor
configurations.

A key contribution of this work is the adaptive feedback mechanism, which sustained
model performance under changing conditions, such as noise, sensor drift, and patient
variability. As reported in Table 3, the adaptive model consistently improved accuracy across
successive learning cycles, achieving a 12.2% improvement during the real-time wearable test
phase compared to a static model. This finding highlights the value of incremental, clinician-
guided updates in mitigating distributional shifts and ensuring long-term stability. The
adaptive loop's ability to detect drift and initiate self-correction supports the concept of
"living models” in digital health—systems that can learn continuously without complete
retraining.

Equally significant are the framework’s efficiency and feasibility outcomes, detailed in
Table 4, where the adaptive hybrid system demonstrated an optimal balance between
accuracy and computational cost. With an average latency of 41 ms and energy consumption
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of only 6.3 mJ per inference, the framework achieved true edge compatibility, a critical factor
for wearable and telemedicine deployment. The hybrid design’s modular architecture also
ensures scalability, enabling integration into resource-limited embedded systems without
sacrificing analytical precision.

Beyond quantitative performance, the hybrid approach offered enhanced clinical
interpretability through a dual-feature representation that combined morphological and
spectral descriptors with learned embeddings. This transparency allows clinicians to correlate
algorithmic outputs with recognizable physiological patterns, improving trust and regulatory
compliance. Qualitative feedback from clinician evaluations reinforced that adaptive
confidence indicators and visualization tools enhanced situational awareness and decision-
making reliability.

Collectively, these findings demonstrate that the adaptive hybrid signal-processing
framework not only achieves the desired performance metrics but also satisfies broader
clinical and practical criteria for real-world implementation. By addressing limitations in
noise robustness, energy efficiency, and interpretability, the proposed approach advances the
state of the art in intelligent patient monitoring.

However, the study also identified important areas for refinement. The dependency on
clinician feedback for supervised updates may constrain full automation, and the datasets
used, while diverse, may not fully capture extreme variations encountered in long-term,
uncontrolled environments. Future work should explore federated and privacy-preserving
learning paradigms that enable safe, decentralized adaptation across multiple patient devices
without centralizing sensitive data. Additionally, expanding the framework to incorporate
multimodal biosignals—such as respiration rate, temperature, and movement—would further
strengthen diagnostic coverage and personalization capabilities.

In summary, this research provides empirical evidence that adaptive hybrid architectures
represent a viable path forward for intelligent, energy-efficient, and explainable digital health
systems. By bridging classical signal analysis with adaptive computational intelligence, the
framework fulfills the fundamental goal of delivering clinically reliable, real-time patient
monitoring adaptable to the diverse and dynamic nature of human physiology. The promising
results lay the foundation for the next generation of autonomous, clinician-assisted health-
monitoring platforms, promoting safer, more personalized, and data-driven care in both
hospital and remote settings.
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