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Abstract. Population aging increases the need for accessible cardiac
rhythm screening outside clinical settings. We present a proof-of-concept,
low-complexity pipeline for at-home electrocardiogram (ECG) rhythm
screening tailored to Ambient Assisted Living (AAL). To mimic single-
lead devices, we extract interpretable features from lead II, including ven-
tricular rate, QRS duration, QT/QTc, RR-interval statistics, and simple
counts derived from wavelet-based delineation. We compare a compact
Fully Connected Neural Network (FCN) against a tree-based model (XG-
Boost). Models are developed on ChapmanECG under an 11-class label
space and evaluated in matched splits; XGBoost yields higher mean ac-
curacy than the FCN. For an external, system-level check, we apply
the trained pipeline to short excerpts from the MIT-BIH Arrhythmia
Database and harmonize labels via a graded protocol (Correct/Partially
Correct /Incorrect) to account for taxonomy differences. Under this pro-
tocol, the pipeline attains 82.98% accuracy. While not a diagnostic study,
the findings indicate that feature-based, interpretable models can pro-
vide practical, low-weight rhythm screening suitable for AAL contexts
and merit further validation with clinically curated, single-lead home
recordings.
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1 Introduction

The global demographic shift toward population aging is accelerating and will
strain healthcare delivery models that were optimized for episodic, clinic-centered
care. Cardiovascular diseases (CVDs) remain the leading cause of mortality, ac-
counting for an estimated 32% of all deaths worldwide in 2019, underscoring the
need for continuous risk assessment and timely intervention [14]. In high-income
countries such as Australia, the proportion of adults aged > 65 years is projected
to reach 22% by 2057, a transition that is expected to increase healthcare expen-
ditures and disability-adjusted life years attributable to age-related conditions
[1, 5]. Traditional, reactive care pathways are poorly suited to managing chronic,
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fluctuating CVD risks in older adults, who often present with multimorbidity,
polypharmacy, and functional decline.

Ambient Assisted Living (AAL) and Machine Learning (ML) together offer a
scalable, preventive alternative. AAL systems embed unobtrusive sensing into
the home and community, e.g., wearables, contactless radar, and environmental
sensors, to create longitudinal, context-rich physiological and behavioral time
series.
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Fig.1: Overview of the AAL ECG monitoring pipeline: single-lead ECG
acquired in a home setting, denoised and processed for feature extraction (RR
mean,/variance, QRS duration, QT/QTc), followed by lightweight classification
(XGBoost selected; Fully Connected Neural Network (FCN) as baseline).

ML methods can transform these multimodal streams into digital biomarkers
and individualized risk models, enabling early detection of decompensation (e.g.,
evolving arrhythmia, heart-failure exacerbation), anomaly detection against per-
sonal baselines, and prediction of adverse events to trigger just-in-time interven-
tions. Edge deployment further reduces latency and preserves privacy by process-
ing locally, while periodic, secure aggregation supports population-level model
refinement [10, 7]. By shifting from episodic to continuous, personalized moni-
toring and decision support, integrated AAL-ML pipelines have the potential to
improve outcomes for older adults living with or at risk for CVDs, while allevi-
ating pressure on overstretched health systems [14, 1, 5]. The main contributions
of this work are:

— A compact feature set and reproducible extraction workflow for single-record
ECG analysis.
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— A controlled comparison of a Fully Connected Neural Network (FCN) versus
an Extreme Gradient Boosting (XGBoost) model under matched train/test
splits.

— An integrated MATLAB application demonstrating the end-to-end use of
the system from signal input to classification.

2 Related Work

A review of the literature reveals two primary areas of research that are pertinent
to this study: the application of Ambient Assisted Living (AAL) technologies for
elderly care and the use of deep learning for cardiovascular diagnosis.

Ambient Assisted Living for Cardiovascular Health aims to improve the quality
of life for elderly individuals, allowing them to live independently and safely in
their own homes for longer. Using advanced Ambient Intelligence technologies,
AAL systems create smart environments that support daily activities. These sys-
tems integrate sensors, accelerometers, glucometers, and ECG to monitor health,
thereby extending the period older adults can live autonomously. In addition,
home monitoring can help reduce the inconvenience of visiting a doctor [12].
Triantafyllidis et al. [13] proposed a framework for integrating sensors into Am-
bient Assisted Living (AAL) systems to enable remote monitoring of patients
with chronic conditions, particularly elderly individuals. The architecture re-
lies on wearable sensors that continuously capture physiological parameters and
transmit the data via Bluetooth to a smartphone. The smartphone processes
the incoming signals and forwards the information to a medical center, where
it is reviewed by professional caregivers within the AAL infrastructure. Such a
system facilitates reactive services that support patient self-management, while
also enabling proactive interventions initiated by the system to enhance patient
safety.

Deep Learning in Cardiovascular Diagnosis has emerged as a transformative
field over the past decade, with electrocardiogram (ECG) analysis representing
one of the most successful applications of artificial intelligence in cardiovascular
medicine. Landmark studies trained large CNNs on single-lead or 12-lead record-
ings and reported cardiologist-level performance for rhythm detection; subse-
quent benchmarking on PTB-XL confirmed strong results for ResNet /Inception-
style architectures [6, 11]. However, these gains often require considerable com-
pute, memory, and energy budgets, and models can be brittle under domain
shift, which are issues that matter in AAL/edge contexts. Parallel to end-to-end
deep learning, feature-based pipelines remain competitive when curated clinical
features (e.g., rates, intervals, morphology cues) are available. Gradient-boosted
trees, notably XGBoost [3]|, have shown strong ECG rhythm classification on
tabular feature sets and hybrid fusion settings, offering favorable complexity
and interpretability compared to deep networks [§]. Several recent studies in
cardiology and biomedical signal processing report XGBoost (or ensembles with
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XGBoost meta-learners) as effective baselines that are easier to deploy on con-
strained hardware.

3 Methods

This section details the end-to-end pipeline used for ECG rhythm classification
in an Ambient Assisted Living (AAL) context: signal preprocessing and wave
delineation, feature computation, learning algorithms, a controlled train/test
protocol, and a minimal MATLAB application for system integration and us-
ability. The approach emphasizes a compact, clinically motivated feature set and
lightweight learners suitable for resource-constrained settings.

3.1 Dataset

The ChapmanECG dataset of Zheng et al. [15] was used for model development.
It comprises 12-lead ECG recordings from 10,646 patients with accompanying
rhythm and cardiac-condition labels, as well as a per-patient spreadsheet of
basic features. Each ECG lead segment contains N = 5000 samples. Amplitudes
are expressed in pV after conversion from raw ADC counts using the dataset-
provided gain g (counts/mV) and baseline b:

—b
Viey = xg . Viy =103 Viny.

For external evaluation, the MIT-BIH Arrhythmia Database [9, 4] was employed.
It consists of 48 half-hour two-channel ambulatory ECG recordings from 47
subjects, collected between 1975 and 1979 at the BIH Arrhythmia Laboratory.
The signals were digitized at 360 samples/s per channel with 11-bit resolution.

3.2 Signal Preprocessing and Wave Detection

We apply wavelet denoising (Biorthogonal 2.6, decomposition level 8) to reduce
baseline wander and high-frequency noise. The signal is decomposed into ap-
proximation and detail coefficients; low-frequency drift is attenuated by zeroing
the lowest-frequency approximation coefficients and high-frequency noise by ze-
roing detail coefficients, followed by reconstruction. R-peaks are then detected
using a wavelet-based procedure, and QRS onsets/offsets as well as T-offsets are
delineated to support interval computations used downstream.

From the denoised signal and delineated fiducial points, we compute clinically
motivated features: Ventricular Rate, Atrial Rate, QRS Duration, QT Interval,
QTc (Bazett’s correction), QRS Count, @ Onset, Q Offset, T Offset, and RR-
based statistics (mean_ rr, var_rr). Age and gender (numeric-mapped) comple-
ment the physiologic features. RR statistics derive from inter-R-peak intervals;
QTc is computed as QTc = QT/vRR (with RR in seconds). The operational
extraction steps for each feature (e.g., counting R-peaks for QRS count, slope-
change analysis for Q onset/offset, and T offset) follow the implementation de-
scribed in the system.
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3.3 Model training

We implemented a compact FCN in TensorFlow 2.1 with ReLLU activations and
a Softmax output layer. Kernel L2 regularization (A=0.01) is applied to all dense
layers. Training uses Adam (learning rate 10~3) with EARLYSTOPPING and RE-
DUCELRONPLATEAU monitored on validation loss. We train up to 1,000 epochs
with batch size 32 and report test accuracy on held-out data. For comparison, we
used a gradient-boosted tree classifier with multi:softmax objective for multi-
class prediction. Hyperparameters are: learning_rate= 0.01, subsample= 0.9,
and n_estimators= 500. The number of classes is set to the number of unique
rhythm labels in the training split. This configuration provides a strong tabular
baseline with favorable complexity for edge deployment.

To ensure a fair comparison, we used a standardized preprocessing and splitting
protocol for both model families. From the ChapmanECG feature table we form
X from { PatientAge, Gender, VentricularRate, AtrialRate, QRSDuration, QTIn-
terval, QT Corrected, QRSCount, QOnset, QOffset, TOffset, mean_rr, var_rr},
map Gender to {0,1}, and encode the target Rhythm with a label encoder. We
adopt a 70/30 train/test split with a fixed random seed for each run and repeat
the experiment for seeds 1..10 so that FCN and XGBoost are compared under
matched splits with reduced variance.

4 Results

4.1 Performance on ChapmanECG

Across ten randomized, matched splits, XGBoost outperformed the compact
FCN on accuracy. A paired comparison yielded p = 1.45594 x 10~1! (< 0.01),
supporting XGBoost as the selected model. The seed-wise accuracies and sum-
mary statistics are shown in Table 1. A more detailed comparison is presented

Table 1: Minimum, average, and maximum accuracy comparison

FCN _accuracy XGBoost accuracy

Average 85.43 90.16
Maximum 86.41 91.17
Minimum 84.35 89.32

in Figure 2, where the confusion matrices for both classifiers are shown using a
random seed of 3. Both models showed strong performance for SB, SR, ST, SVT,
acceptable performance for AFIB, but weak performance for SA; both exhibited
several zero-prediction classes (AT, AVNRT, AVRT, SAAWR) owing to sample scarcity.
XGBoost produced a non-zero prediction for AF and higher accuracy on AFIB,
SA, SVT; FCN was slightly better on SR, ST.
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4.2 External System-Level Evaluation on MIT-BIH

For each MIT-BIH record, the first 10,000 samples were used, matching the de-
velopment window. Because the MIT-BIH taxonomy differs from the 11-class
scheme used during development (e.g., N=SR, SBR=SB), predictions were judged
using three grades (Appendix: Table 2): Correct, Partially Correct, and Incor-
rect, following the source’s stated criteria and using PhysioNet annotations for
verification (cf. Table 6.3 of the source for MIT rhythms [2]). Counting Partially
Correct as acceptable, the system-level accuracy is 82.98%; this is lower than the
mean development accuracy (90.16%) due to the additional feature-extraction
step and cross-dataset taxonomy differences.

On ChapmanECG, XGBoost is consistently superior to FCN across matched
splits ( mean accuracies 90.16% vs. 85.43%). On MIT-BIH, counting Partially
Correct as acceptable yields 82.98% system accuracy, with residual errors con-
centrated in classes affected by taxonomy mismatch and signal/noise-induced
feature extraction errors.

5 Discussion

Our results indicate that a compact, feature-based pipeline can achieve practi-
cal performance for 11-class rhythm recognition in an AAL setting, even under
cross-dataset evaluation. Despite differences between the development (Chap-
manECG) and system-level evaluation (MIT-BIH)—including channel configura-
tion, sampling rates, annotation guidelines, patient mix, and noise profiles—the
system-level accuracy of 82.98% suggests that clinically motivated features (ven-
tricular rate, QRS duration, RR-interval statistics) provide robust discrimination
without relying on large deep networks. This aligns with AAL constraints such as
limited device resources, the need for low latency, and strong privacy guarantees
through on-device processing.

Misclassifications concentrate among clinically adjacent rhythms that share
morphology and rate characteristics in short segments (for example, sinus vari-
ants and supraventricular categories). To reflect this nuance, we report a com-
plementary Partially Correct metric that treats taxonomically compatible map-
pings as not fully incorrect, following common merges (e.g., grouping sinus vari-
ants SR/SB/ST; aligning AF with AFIB; consolidating SVT-like supraventric-
ular rhythms). This yields a more realistic view of utility in AAL scenarios.

Cross-dataset testing highlights distribution shifts likely to occur in real de-
ployments. While the inductive bias of hand-crafted features mitigates some
shift, targeted domain adaptation remains promising: personalized baselines
(e.g., subject-specific RR statistics), light-weight calibration with a small num-
ber of labeled events, and robust signal-quality indices (SQI) to exclude degraded
segments. These strategies should improve transferability without materially in-
creasing model complexity or compute cost.

Short analysis windows reduce latency and energy consumption but may miss
transitions. Practical stabilizers include overlapping windows, beat-to-episode
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aggregation, and simple temporal smoothing (e.g., majority voting) or light se-
quential models (e.g., HMM/CRF) applied to the discrete label stream. In paral-
lel, harmonized label spaces and a specified evaluation protocol (fixed splits and
seeds, consistent windowing) are as critical as model choice for reproducibility
and fair comparison.

As a non-diagnostic triage tool, the system can encourage earlier clarification
of suspicious rhythms, potentially reducing unnecessary visits while prioritizing
cases that warrant clinician review. Clear user guidance and effective commu-
nication of uncertainty are essential to minimize false-negative risk and ensure
that ambiguous outputs prompt timely follow-up. Overall, our findings support a
“low-complexity first” design principle for AAL ECG screening, with a roadmap
toward prospective validation, domain adaptation, and seamless integration into
home-care and telecardiology workflows.

6 Limitations & Future Work

The model is trained on a single development database (ChapmanECG). Sev-
eral basic rhythms are rare therein, leading to zero predictions in those classes
and limiting generalization to uncommon patterns. Future work should expand
training diversity to mitigate these effects.

Evaluation is performed on MIT-BIH, whose taxonomy and annotation prac-
tice differ from the 11-class scheme used for development. The study, therefore,
introduces a Partially Correct grade to acknowledge clinically compatible pre-
dictions when labels diverge semantically or temporally. Broader cross-dataset
harmonization and label mapping would further reduce such frictions.

Evaluation uses a2 30s excerpts (first 10,000 samples at 360 Hz), matching
development-window length. Short windows can under-represent rhythm vari-
ability and transitions. Extending or adapting windowing strategies is a direct
avenue for improvement.

7 Conclusion

This proof-of-concept AAL system combines clinically motivated ECG features
with a lightweight XGBoost classifier. On ChapmanECG, XGBoost surpassed
a compact FON across ten matched splits (paired t-test p = 1.45594 x 10~11)
and was therefore integrated into the application. On MIT-BIH (first 10,000
samples per record), the whole pipeline achieved 82.98% accuracy under an
11-class scheme, with a grading protocol to account for taxonomy and timing
differences. The study also motivates a feature-based design via an explicit com-
putational analysis of CNNs on long ECG segments. While limitations arise from
class rarity, cross-dataset differences, and feature-extraction sensitivity, the re-
sults indicate that a feature-efficient, lightweight approach is viable for AAL-
oriented rhythm monitoring and merits further development on broader data
with strengthened signal processing.
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A  Appendix

Table 2: Label harmonization between ChapmanECG (11 classes) and MIT-BIH
record-level rhythms used for grading. 'PC’ denotes Partially Correct.

Chapman class MIT-BIH rhythm(s) Grade rule
SR (Sinus Rhythm) N (Normal sinus rhythm) Correct

SB (Sinus Bradycardia) SBR (Sinus bradycardia) Correct

ST (Sinus Tachycardia) (no direct MIT record label) PC vs. N/SVT-like"
AFIB AFIB Correct
AFL AFL Correct

SA (Sinus Arrhythmia) N (with high RR variability) PC

SVT SVTA (Supraventricular tachyarr.) Correct/PC
AT SVTA PC
AVNRT SVTA PC

AVRT SVTA PC
SAAWR N or NOD (junctional), case-dependent PC

“Short 10-30s windows with elevated rate but lacking explicit MIT rhythm change
are graded PC when consistent with sinus tachy features.
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(b) Confusion matrix of the XGBoost model.

Fig. 2: Comparison of classification results for the two approaches.



