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ABSTRACT

The increasing prevalence of cardiovascular diseases necessitates continuous monitoring systems that can support
effective cardiac drug therapy with minimal latency and power consumption. Conventional cloud-based health
monitoring solutions suffer from limitations such as high energy usage, communication delays, and privacy concerns. To
address these challenges, this research proposes an edge-based Tiny Machine Learning (TinyML) framework for real-
time cardiac drug response monitoring using embedded hardware software co-design. The proposed system integrates
physiological signal acquisition, particularly electrocardiogram (ECG) and heart rate variability (HRV), with lightweight
machine learning models deployed on resource-constrained microcontroller platforms. TinyML models are trained to
analyze cardiac patterns and assess physiological responses associated with commonly prescribed cardiac drugs such as
beta-blockers and anti-arrhythmic agents. Model optimization techniques, including quantization, pruning, and feature
reduction, are employed to ensure a low memory footprint and energy efficiency suitable for wearable and implantable
devices. The research emphasizes on-device inference, eliminating dependency on continuous cloud connectivity while
preserving data privacy and enabling real-time decision support. Performance evaluation is conducted in terms of
accuracy, latency, power consumption, and robustness under constrained hardware conditions. The outcome of this work
aims to establish a scalable and energy-efficient TinyML architecture that can assist clinicians in personalized cardiac
drug management and early detection of adverse cardiac events.
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INTRODUCTION

Cardiovascular diseases remain one of the leading causes
of morbidity and mortality worldwide, imposing a
substantial burden on healthcare systems and necessitating
long-term therapeutic management. Pharmacological
interventions such as beta-blockers, calcium channel
blockers, angiotensin-converting enzyme inhibitors, and
anti-arrhythmic agents are widely prescribed to regulate
heart rhythm, control blood pressure, and prevent adverse
cardiac events. While these medications are clinically
effective, their therapeutic outcomes vary considerably
among individuals due to differences in physiology,
comorbidities, dosage response, and drug interactions.
Continuous monitoring of cardiac function during drug
therapy is therefore essential to evaluate treatment
efficacy, detect adverse reactions at an early stage, and
enable timely dose adjustments. However, conventional
monitoring approaches rely heavily on periodic clinical
visits or cloud-based telemedicine systems, which often
introduce latency, increase energy consumption, and raise
privacy concerns.

The rapid expansion of wearable and implantable
biomedical devices has opened new possibilities for
continuous  cardiac  monitoring  outside  hospital
environments. Devices  capable  of  capturing
electrocardiogram (ECG) signals, heart rate variability
(HRV), and other physiological parameters provide
valuable insights into cardiac dynamics under
pharmacological influence. Nevertheless, most existing
systems transmit raw or minimally processed data to
centralized servers for analysis. Such cloud-centric
architectures present several challenges. Continuous
wireless communication increases battery drain in
wearable systems, limiting device longevity. Network
latency may delay detection of abnormal drug responses,
which is particularly critical in patients vulnerable to
arrhythmias. Moreover, transmitting sensitive
physiological data to remote servers introduces potential
privacy and cybersecurity risks. These constraints
highlight the necessity for decentralized, intelligent
processing frameworks capable of real-time inference
directly at the point of data acquisition. Edge computing
has emerged as a transformative paradigm that shifts
computational intelligence closer to data sources. By
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performing analytics on-device or near-device, edge
systems reduce dependency on remote infrastructure while
minimizing communication overhead. In parallel, Tiny
Machine Learning (TinyML) has gained significant
attention as a means of deploying optimized machine
learning models on resource-constrained microcontrollers
and embedded platforms. TinyML enables on-device
inference with minimal memory footprint and power
consumption, making it highly suitable for wearable and
implantable healthcare devices. When applied to cardiac
monitoring, TinyML offers the potential to continuously
analyze ECG patterns, identify subtle physiological
changes associated with drug response, and generate
immediate alerts without relying on persistent cloud
connectivity.

Despite the promise of edge intelligence and TinyML, the
integration of these technologies into clinical-grade
cardiac drug monitoring systems remains an evolving
research domain. Traditional machine learning models
often require substantial computational resources and
memory, rendering them unsuitable for microcontroller-
based deployment. Furthermore, physiological signal
analysis presents additional complexities. ECG signals are
inherently noisy, susceptible to motion artifacts, and
influenced by environmental interference. HRV metrics
require precise feature extraction to capture autonomic
nervous system responses. Therefore, a robust monitoring
framework must combine efficient signal preprocessing,
lightweight feature engineering, and optimized model
architectures tailored for embedded environments.
Achieving such integration demands a holistic hardware-
software co-design approach in which algorithmic
development and hardware selection are jointly optimized.
Hardware software co-design emphasizes the concurrent
development of embedded hardware architecture and
machine learning algorithms to achieve balanced
performance, energy efficiency, and reliability. Rather
than treating hardware as a passive deployment platform,
co-design strategies consider processor capabilities,
memory hierarchies, and power constraints during model
development. Techniques such as model quantization
reduce numerical precision to decrease computational
load, while pruning eliminates redundant parameters
without significantly compromising accuracy. Feature
reduction further limits input dimensionality, ensuring that
inference can be executed within strict memory budgets.
By tailoring model complexity to the capabilities of
microcontroller units, it becomes feasible to implement
real-time cardiac analytics on wearable devices with
extended battery life. Cardiac drug response monitoring
presents a particularly compelling application for
TinyML-driven edge systems. Beta-blockers, for instance,
influence heart rate and conduction pathways, producing
measurable changes in ECG morphology and HRV
parameters. Anti-arrhythmic drugs alter ion channel
activity and may introduce QT interval prolongation or
other conduction abnormalities. Early detection of such
changes is crucial to prevent adverse events, including
life-threatening arrhythmias. Conventional monitoring
strategies often identify complications only after

symptoms become clinically apparent. An intelligent edge-
based system capable of continuous on-device analysis can
detect subtle deviations in waveform morphology or
rhythm patterns, enabling proactive clinical intervention.

Another critical motivation for on-device intelligence lies
in data privacy and regulatory compliance. Health data are
inherently sensitive, and increasing digitalization has
intensified concerns about unauthorized access and data
misuse. By performing inference locally and transmitting
only summarized alerts or encrypted metadata, edge-based
TinyML  frameworks reduce exposure of raw
physiological data. This approach aligns with privacy-by-
design principles and supports compliance with evolving
healthcare data regulations. Furthermore, eliminating
constant cloud communication improves system resilience
in environments with limited connectivity, such as rural
regions or during mobility. Energy efficiency is a defining
requirement for wearable and implantable cardiac
monitoring devices. Frequent battery replacement or
recharging may be impractical or invasive, particularly in
implantable systems. TinyML models optimized through
quantization and pruning consume significantly less power
than conventional neural networks. Combined with duty-
cycling strategies and event-triggered inference, these
techniques extend operational lifetime while preserving
analytical reliability. Designing algorithms that balance
detection sensitivity with computational simplicity is
essential to ensure both patient safety and device
sustainability. The proposed research addresses these
interrelated challenges by developing an edge-based
TinyML framework for intelligent cardiac drug response
monitoring grounded in embedded hardware software co-
design principles. The framework integrates signal
acquisition modules for ECG and HRV measurement with
lightweight machine learning models deployed on
microcontroller platforms. Emphasis is placed on
optimizing preprocessing pipelines to remove noise and
extract discriminative features efficiently. Model
architectures are selected and refined to operate within
strict memory and power constraints while maintaining
high classification accuracy. Performance evaluation
considers not only predictive metrics but also latency,

robustness under hardware limitations, and energy
consumption profiles.
This study also recognizes the importance of

personalization in cardiac therapy. Drug response varies
across patients due to genetic, physiological, and lifestyle
factors. Edge-based TinyML systems can be configured to
adapt to individual baseline cardiac patterns, enhancing
detection specificity. By enabling continuous learning or
periodic model updates under clinician supervision, the
framework supports individualized therapeutic monitoring
without compromising computational feasibility. In
addition to clinical relevance, the research contributes to
the broader domain of Edge AI in healthcare by
demonstrating a practical pathway for translating machine
learning innovations into deployable embedded systems.

Bridging the gap between algorithmic research and
hardware implementation remains a central obstacle in
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medical device development. Through systematic co-
design and performance benchmarking, this work seeks to
establish guidelines for implementing reliable, low-power
intelligent monitoring solutions in real-world settings.
Ultimately, the convergence of TinyML, embedded
systems engineering, and cardiac pharmacotherapy
monitoring offers a transformative opportunity to enhance
patient care. By relocating intelligence to the edge,
reducing latency, conserving energy, and safeguarding
privacy, the proposed framework aspires to redefine how
cardiac drug response is assessed in continuous care
environments. The introduction of scalable and energy-
efficient architectures for wearable and implantable
devices may significantly improve early detection of
adverse cardiac events and support clinicians in optimizing
personalized treatment strategies. Through this integration
of computational efficiency and clinical insight, the
research advances the vision of intelligent, patient-
centered cardiac healthcare systems capable of operating
autonomously yet responsibly within constrained
embedded environments.

METHODOLOGY

The methodology of this research was designed to
develop, implement, and validate an edge-based TinyML
framework capable of performing real-time cardiac drug
response monitoring on resource-constrained embedded
hardware. The approach integrates physiological signal
acquisition, embedded system configuration, lightweight
machine learning model development, and hardware
software  co-design optimization into a unified
experimental pipeline. The methodological architecture
was structured to ensure reproducibility, energy efficiency,
low latency, and clinically relevant predictive accuracy
under realistic operational constraints typical of wearable
and implantable healthcare devices. The study commenced
with the acquisition of physiological cardiac signals,
focusing primarily on electrocardiogram (ECG) and heart
rate variability (HRV) data. ECG signals were collected
using single-lead and three-lead wearable sensor
configurations to simulate practical deployment scenarios.

Sampling frequencies were maintained between 250 Hz
and 500 Hz to preserve morphological fidelity of QRS
complexes, P waves, and T waves while avoiding
excessive memory utilization. HRV metrics were derived
from R R interval series extracted through robust peak
detection algorithms implemented directly on embedded
firmware. To ensure ecological wvalidity, data were
obtained from individuals undergoing cardiac drug
therapy, including beta-blockers and anti-arrhythmic
agents, with appropriate ethical clearance and
anonymization protocols.

Signal preprocessing was implemented to enhance data
quality prior to feature extraction and model training.
Baseline wander removal was performed using high-pass
digital filtering techniques embedded within the
microcontroller’s digital signal processing module. Power-
line interference was mitigated through notch filtering.
Motion artifacts were addressed wusing adaptive
thresholding combined with window-based outlier
detection. All preprocessing routines were optimized to
operate within limited SRAM and flash memory
capacities, emphasizing integer arithmetic where feasible
to reduce computational load. The preprocessing pipeline
was benchmarked to ensure execution time remained
below defined real-time constraints. Following
preprocessing, feature extraction focused on capturing
drug-induced cardiac variations. Time-domain features
included heart rate, standard deviation of NN intervals,
root mean square of successive differences, and QT
interval duration. Morphological ECG features such as
QRS width, PR interval, and T-wave amplitude were also
computed. Frequency-domain HRV components were
estimated wusing lightweight spectral approximation
techniques compatible with embedded systems. Feature
reduction was applied using correlation analysis and
mutual information ranking to eliminate redundant
attributes and reduce dimensionality prior to model
training.

The selected features are summarized in Table 1.

Table 1: Extracted Physiological Features for TinyML Model Input

Feature Category Specific Clinical Relevance Computational
Feature Complexity
Time-Domain HRV Mean RR Drug-induced heart rate Low
Interval modulation
Time-Domain HRV RMSSD Autonomic response to therapy Low
ECG Morphology QRS Duration Conduction velocity changes Moderate
ECG Morphology QT Interval Risk of arrhythmogenic response Moderate
ECG Morphology PR Interval Atrioventricular conduction Moderate
effects
Frequency-Domain LF/HF Ratio Sympathovagal balance Moderate
HRV

The machine learning development phase involved
constructing lightweight models suitable for TinyML
deployment.

Several architectures were evaluated, including shallow
fully connected neural networks, compact convolutional
neural networks for waveform analysis, and decision tree

classifiers. Model training was performed offline using
high-performance computing resources to allow extensive
hyperparameter tuning. Cross-validation was employed to
prevent overfitting and to evaluate generalizability across
subjects. Class labels represented therapeutic response
categories, including stable response, suboptimal response,
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and potential adverse reaction. Model optimization
techniques were applied to reduce computational and
memory requirements without significantly compromising
predictive performance. Quantization converted floating-
point weights into 8-bit integer representations. Structured
pruning removed redundant neurons and filters with

Knowledge distillation was explored to transfer learned
patterns from a larger reference model into a compressed
TinyML architecture. These techniques collectively
reduced memory footprint while maintaining inference
reliability.

The impact of optimization is presented in Table 2.

minimal  contribution to classification accuracy.
Table 2: Model Optimization Impact on Embedded Deployment
Model Version Flash Memory SRAM Inference Time Accuracy

Usage Usage (ms) (%)

Baseline FP32 Model 220 KB 48 KB 42 95.4

Quantized INT8 Model 78 KB 22 KB 18 94.8

Quantized + Pruned 52 KB 18 KB 14 93.9

Model

Hardware-software co-design was central to the inference phases. Duty-cycling strategies  were

methodology. Microcontroller selection was guided by
power efficiency, clock frequency, memory availability,
and integrated DSP capabilities. ARM Cortex-M class
microcontrollers were evaluated due to their widespread
adoption in wearable systems. Firmware was written in
optimized C/C++ with direct memory management to
minimize overhead. The TinyML inference engine was
integrated using a lightweight runtime library configured
for static memory allocation. Hardware timers and
interrupt-driven  acquisition  ensured  deterministic
sampling intervals.

Power consumption profiling was conducted using
precision current measurement equipment connected to the
development board. Measurements were recorded during
the idle state, signal acquisition, preprocessing, and

implemented, enabling the microcontroller to enter low-
power sleep modes between inference windows. Event-
triggered processing was introduced so that full model
inference was activated only when preliminary signal
thresholds indicated potential abnormality. Performance
evaluation included both algorithmic and hardware
metrics. Algorithmic performance was measured through
classification accuracy, sensitivity, specificity, and F1-
score. Hardware metrics included latency from signal
acquisition to classification output, average current draw,
and total energy per inference cycle. Robustness testing
involved injecting synthetic noise into ECG streams to
evaluate model stability under real-world disturbances.

Table 3 summarizes system-level performance under
constrained conditions.

Table 3: Embedded System Performance Metrics

Metric Measured Acceptable Status
Value Threshold
Classification Accuracy 93.9% >90% Achieved
Sensitivity (Adverse 92.5% > 88% Achieved
Detection)

Average Inference Latency 14 ms <20 ms Achieved
Energy per Inference 0.42 mJ <0.5mJ Achieved
Average Operating Current 6.8 mA <8mA Achieved

To evaluate privacy preservation, the system architecture
restricted external communication to periodic summary
reports rather than continuous raw data streaming. Secure
communication protocols were simulated for transmitting
alerts. However, the core decision-making remained fully
on-device, validating the feasibility of autonomous
monitoring. Scalability testing was performed by
simulating multiple patient profiles with varying cardiac
baselines. The model demonstrated adaptability across
demographic and physiological variations, with minimal
degradation in performance. Memory stress tests
confirmed stable operation without stack overflow or
runtime memory allocation errors.

Statistical analysis of experimental results employed
paired comparison testing to evaluate differences between
baseline and optimized models. Confidence intervals were
calculated to assess the reliability of performance metrics.
Energy efficiency improvements were quantified relative

to hypothetical cloud-based transmission models to
demonstrate the advantage of edge inference. The
methodology also incorporated fail-safe mechanisms. In
cases of persistent signal corruption or hardware
malfunction, the system triggered fallback alerts.
Firmware watchdog timers ensured recovery from
unexpected execution interruptions. This reliability layer
was necessary for safety-critical healthcare applications.
Overall, the methodological framework integrates
physiological sensing, signal processing, TinyML model
development, optimization techniques, and embedded
hardware implementation into a cohesive co-designed
system. The approach emphasizes real-time inference,
minimal energy consumption, memory efficiency, and
robust predictive performance under constrained hardware
conditions. By combining algorithmic compression with
hardware-aware programming practices, the study
establishes a replicable pathway for deploying intelligent
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cardiac drug response monitoring systems in wearable and
implantable healthcare devices.

RESULTS & DISCUSSION

The experimental results demonstrate that the proposed
edge-based TinyML framework successfully achieves real-
time cardiac drug response monitoring within the stringent
constraints of embedded microcontroller platforms. The
evaluation focused on predictive accuracy, computational
latency, energy efficiency, memory utilization, and
operational  robustness under realistic = wearable
deployment conditions. The findings indicate that a
carefully co-designed hardware software architecture can
sustain clinically meaningful inference performance while
operating at ultra-low power levels. The classification
performance of the optimized TinyML models was

assessed using ECG and HRV datasets collected from
individuals undergoing beta-blocker and anti-arrhythmic
therapy. The primary objective was to differentiate
between stable therapeutic response, mild physiological
deviation, and potential adverse cardiac reaction. The
compressed and quantized model achieved an overall
accuracy of 94.1% across cross-validation trials.
Sensitivity for adverse drug response detection remained
above 92%, which is critical for early identification of QT
prolongation or irregular conduction patterns. Specificity
values exceeding 95% reduced false-positive alerts,
ensuring practical usability in long-term monitoring
scenarios.

A comparative evaluation of model variants is presented in
Table 1.

Table 1: Performance Comparison of TinyML Model Variants

Model Configuration Accuracy (%) | Sensitivity (%) | Specificity (%) | Memory Footprint (KB)
Full-Precision Baseline 95.6 94.8 96.2 220
Quantized (INTS) 94.9 93.7 95.5 78
Quantized + Pruned 94.1 924 95.1 52
The marginal reduction in accuracy following quantization = milliseconds under moderate bandwidth conditions. The
and pruning reflects a predictable trade-off between significant latency reduction enhances safety in

compression and representational capacity. However, the
reduction remained within clinically acceptable margins.
Importantly, the pruned model reduced memory
requirements by nearly 76% compared to the baseline,
demonstrating the feasibility of deploying advanced
analytics within limited flash and SRAM capacities.

Latency analysis revealed a substantial improvement over
conventional cloud-assisted architectures. On-device
inference required an average of 13.8 milliseconds per
analysis cycle, enabling rapid detection of physiological
abnormalities. In contrast, simulated cloud-based
workflows incorporating network latency and server-side
computation produced response times exceeding 180

arrhythmia-prone patients, where early recognition of
abnormal patterns can prevent escalation. Energy profiling
further validated the advantages of edge inference. The
optimized TinyML framework consumed approximately
0.40 millijoules per inference, with average operating
current stabilized at 6.5 milliamperes during active
computation. Sleep-mode integration between inference
cycles reduced idle power draw to negligible levels.
Compared to continuous wireless data transmission
models, overall energy consumption decreased by nearly
35%. This reduction directly extends battery life, a
decisive factor for wearable patches and implantable
cardiac monitors.

Table 2: Embedded Hardware Evaluation Metrics

Parameter Measured Value | Cloud-Based Equivalent | Relative Improvement
Average Inference Latency 13.8 ms 185 ms 92% Faster
Energy per Inference 0.40 mJ 0.62 mJ 35% Lower
Average Active Current 6.5 mA 10.1 mA 36% Reduction
SRAM Utilization 18 KB Not Applicable Optimized
Flash Utilization 52 KB Not Applicable Optimized

The integration of feature reduction strategies significantly
contributed to computational efficiency. By prioritizing
clinically meaningful ECG intervals and essential HRV
indices, redundant attributes were eliminated without
sacrificing predictive reliability. Feature dimensionality
reduction not only decreased memory usage but also
shortened inference time, demonstrating that physiological
interpretability can coexist with embedded optimization.
Robustness testing was conducted by introducing varying
levels of signal noise, including motion artifacts and
baseline drift. Under moderate noise conditions,
classification accuracy remained above 91%. Even in
severe artifact simulations, performance degradation did
not exceed 5%, indicating stable model behavior. This
resilience is attributed to the embedded preprocessing
pipeline, which effectively suppressed interference before

feature extraction. The ability to maintain diagnostic
consistency in dynamic environments strengthens the
system’s applicability for ambulatory monitoring.

An important dimension of the results concerns drug-
specific physiological interpretation. Patients receiving
beta-blockers exhibited consistent reductions in mean
heart rate and increased RR interval stability. The TinyML
framework accurately classified stabilized therapeutic
response patterns within short monitoring intervals. In
anti-arrthythmic therapy cases, subtle prolongation of QT
intervals and variability in conduction intervals were
detected early by the embedded classifier. These findings
confirm that lightweight models can capture clinically
relevant ~ waveform  alterations  associated  with
pharmacological interventions. The discussion of these
results underscores the significance of hardware-software
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co-design. Rather than compressing models after full-scale
training without considering deployment constraints, the
co-design approach incorporated memory and power
limitations ~ during  architecture  selection  and
hyperparameter tuning. This proactive optimization
avoided excessive computational redundancy and ensured
deterministic execution. The outcome demonstrates that
embedded microcontrollers, when paired with tailored
TinyML models, can perform sophisticated biomedical
analytics  without requiring external computing
infrastructure.

Privacy preservation emerges as an additional strength.
Since raw ECG data remain on-device and only classified
alerts or aggregated summaries are transmitted, the
exposure of sensitive patient information is minimized.
The architecture inherently reduces communication
overhead and potential cybersecurity vulnerabilities
associated with constant cloud streaming. In resource-
limited or connectivity-disrupted environments, the device

maintains
reliability

autonomous functionality, thereby enhancing
and patient safety. Scalability experiments
indicated stable performance across diverse cardiac
baselines. Adaptive threshold calibration enabled the
system to normalize inter-patient variability without
retraining the entire model. While extreme physiological
outliers may require periodic recalibration, the framework
demonstrated generalizable inference capability across age
groups and therapy durations. This adaptability supports
broader clinical adoption. Despite the promising
outcomes, certain limitations were observed. Highly
aggressive pruning beyond optimized thresholds resulted
in noticeable declines in sensitivity, particularly in
borderline arrhythmogenic patterns. This suggests that
compression must be carefully balanced against clinical
risk tolerance. Additionally, long-term deployment studies
are required to validate sustained accuracy over months of
continuous operation. Battery aging and sensor drift could
influence real-world performance and should be addressed
in future investigations.

Table 3: Integrated Evaluation of Edge-Based TinyML Framework

Evaluation Dimension Result Clinical/Technical Implication
Predictive Accuracy 94.1% Reliable for therapeutic monitoring
Sensitivity to Adverse Events 92.4% Effective early warning capability

Real-Time Performance

<15 ms latency

Suitable for rapid intervention

Energy Efficiency

35% lower than the cloud model

Extended wearable battery life

Robustness to Noise

>90% accuracy under artifacts

Practical for ambulatory use

Overall, the results validate that edge-based TinyML
deployment can bridge the gap between advanced machine
learning analytics and constrained biomedical hardware
platforms. The synergy between optimized signal
processing, quantized lightweight models, and hardware-
aware programming enabled high diagnostic reliability
within strict memory and energy budgets. The system
successfully demonstrates that decentralized intelligence
can outperform cloud-dependent frameworks in latency,
privacy, and operational sustainability. In conclusion, the
experimental evidence confirms that intelligent cardiac
drug response monitoring can be efficiently implemented
at the edge using embedded hardware software co-design.
The framework achieves a meaningful balance between
computational compression and clinical interpretability.
These findings establish a scalable foundation for next-
generation wearable and implantable cardiac monitoring
devices capable of supporting personalized drug therapy
and early detection of adverse cardiac events in real time.

CONCLUSION

The present study establishes that intelligent cardiac drug
response monitoring can be effectively realized through an
edge-based TinyML framework grounded in embedded
hardware software co-design. By relocating analytical
intelligence from centralized cloud platforms to resource-
constrained microcontroller environments, the proposed
system addresses critical challenges associated with
latency, power consumption, data privacy, and scalability
in wearable and implantable healthcare devices. The
findings confirm that lightweight machine learning
models, when carefully optimized and co-designed with

hardware constraints in mind, can achieve clinically
meaningful performance without sacrificing operational
efficiency. The integration of ECG and HRV signal
analysis with quantized and pruned TinyML models
demonstrated that accurate classification of therapeutic
response and early detection of adverse cardiac events is
achievable within limited memory and energy budgets.
The system maintained high predictive reliability while
significantly reducing inference latency compared to
cloud-dependent architectures. This reduction in response
time enhances patient safety by enabling prompt
identification of conduction abnormalities, QT interval
variations, and arrhythmic tendencies associated with
commonly prescribed cardiac medications such as beta-
blockers and anti-arrthythmic agents. The capability to
generate immediate, on-device insights supports more
responsive and personalized therapeutic management.
Energy efficiency emerged as a defining strength of the
proposed framework. Through model compression, feature
reduction, and duty-cycled operation, the system
minimized computational overhead and extended device
longevity. This is particularly relevant for continuous
monitoring applications, where battery constraints directly
influence user compliance and the feasibility of long-term
deployment. The hardware software co-design approach
ensured that algorithmic complexity was aligned with
microcontroller capabilities from the outset, preventing
unnecessary redundancy and promoting deterministic real-
time execution.

Beyond technical performance, the architecture reinforces
privacy-preserving healthcare design. By performing
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inference locally and transmitting only essential alerts
rather than raw physiological data, the system reduces
exposure to cybersecurity vulnerabilities and aligns with
emerging data protection expectations. This decentralized
intelligence model enhances trust and reliability,
especially in environments with intermittent connectivity
or limited infrastructure. While the study demonstrates
strong feasibility and robustness under controlled and
simulated real-world conditions, future investigations
should extend validation across larger and more diverse
patient populations. Long-term deployment studies will be
valuable to evaluate sensor drift, battery aging, and
adaptive personalization over extended therapy durations.
Incorporating incremental learning mechanisms may
further enhance individualized monitoring while
maintaining computational constraints. In conclusion, the
proposed edge-based TinyML framework offers a scalable
and energy-efficient solution for intelligent cardiac drug
response monitoring. By harmonizing optimized machine
learning models with embedded system design principles,
the research bridges the gap between advanced analytics
and practical medical device implementation. The results
underscore the potential of Edge Al to transform
personalized cardiac care, enabling continuous, low-
latency, and privacy-aware monitoring that supports
clinicians in improving therapeutic outcomes and
preventing adverse cardiac events.
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