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Integrative Identification of Frailty Status

in Elderly Patients with Atrial Fibrillation
Using a Noise-Resilient Multimodal Machine
Learning Approach

ABSTRACT
ORIGINAL INVESTIGATION

Background: Frailty is common yet underdiagnosed in elderly patients with atrial fibrilla-
tion (AF), worsening outcomes and complicating treatment. Traditional assessments are
time-consuming and subjective, while physiological monitoring offers potential for auto-
mated detection. Combining machine learning (ML) with multimodal data, especially
electrocardiogram (ECG) and clinical features, may improve frailty identification, even
in noisy real-world conditions. To develop a noise-resilient ML framework for identifying
frailty status in elderly patients with AF using multimodal clinical and ECG data and to
compare traditional and deep learning models under varying signal conditions.

Methods: This retrospective study included 110 patients aged >65 with documented AF.
Frailty was assessed via a composite of the Fried Phenotype and Clinical Frailty Scale.
Electrocardiogram data (resting 12-lead and Holter) were processed through a denois-
ing and segmentation pipeline. Over 180 ECG features and clinical parameters were used
as inputs. Five models (Random Forest, Extreme Gradient Boosting, 1-dimensional con-
volutional neural network, bidirectional long short-term memory-attention, SiamAF)
were trained and evaluated using an 80:20 split. Performance metrics included accuracy,
F1-score, receiver operating characteristic-area under the curve (ROC-AUC), and Brier
score; robustness was tested with synthetic noise.

Results: Frailty and pre-frailty prevalence were 41.82% and 34.55%. The SiamAF achieved
the best performance (accuracy 90.00%, F1-score 89.75%, ROC-AUC 93.00%, Brier score
0.084), maintaining robustness under noise. Deep learning models also showed strong
performance (ROC-AUC > 90%). Key predictors included standard deviation of normal-
to-normal (NN) intervals, corrected QT interval, N-terminal pro-brain natriuretic pep-
tide, and grip strength.

Conclusion: Multimodal ML effectively identifies frailty statusin elderly patients with AF.

H 1
The SiamAF model demonstrated strong discriminatory performance and noise robust- Shangying Hu

ness in this single-center cohort; however, these findings should be considered hypoth-
esis-generating and require external validation in larger, multicenter AF populations
before clinical adoption. Given the limited sample size relative to the high-dimensional
feature space, these results should be interpreted as exploratory and hypothesis-gen-
erating. The present framework primarily leverages predefined ECG-derived features
rather than fully end-to-end raw-signal learning.
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The main sustained cardiac arrhythmia of atrial fibrillation (AF) is currently a
major public health problem, especially among older populations. It has been
reported that the epidemiological data show that the prevalence of AF is more
than 10% in persons above the age of 80 years, and the prevalence has been
increasing along with the increase in life expectancy. The condition is not linked
to increased risks of stroke and systemic embolism only, as they are accompanied
by an increased susceptibility to functional impairment, falls, and dependence;
in particular, they become more serious in terms of functional impairment when
combined with frailty. The syndrome of frailty, with its physiologic deficit being
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cumulative and stress tolerance minimal, contributes sig-
nificantly to both morbidity and mortality related to AF.
The interaction of these 2 leads to a vicious cycle in which
AF increases frailty via compromised hemodynamics, neu-
rohormonal imbalance, and polypharmacy, whereas frailty
predisposes to poor outcomes of procedures and arrhyth-
mia complications. Although there is increased awareness
of this complicated interaction, it is poorly represented in
the majority of clinical predictive algorithms, which are very
specific toward cardiovascular risk without considering the
limitations of physiological reserve or functional capacity.
Thus, constructing integrative assessment models, including
multimodal data, primarily, electrocardiogram (ECG)-based
signals, vital trends, and other clinical indicators, is essential.
This strategy presents an opportunity for timely and individ-
ualized intervention that encourages long-term outcomes
and quality of life in aging patients with AF.™*

Frailty itself is a multidimensional syndrome characterized
by reduced physiologic reserve, which includes tissue defi-
cit in strength, mobility, cognitive function, nutrition, and
homeostasis. It has conventionally been assessed on the
basis of phenotype models such as the Fried criteria or index
models such asthe Rockwood frailty index.*¢ Although these
tools are well validated, they rely heavily onin-person physi-
cal evaluations, grip strength, and detailed questionnaires;
thus, they may not act as practical tools for frequent use in
most clinical environments. Additionally, these tools notsen-
sitive enough to detect the minor physiological alterations
in the early phases; therefore, opportunities for proactive
intervention may be missed. In this regard, the emergence of
machinelearning (ML) techniques, in aspecific deep learning

HIGHLIGHTS

e Frailty and pre-frailty were highly prevalent (76.36%)
among elderly patients with atrial fibrillation (AF) using
a composite of Fried Phenotype and Clinical Frailty
Scale.

e A multimodal machine learning framework integrating
>180 electrocardiogram (ECG)-derived features with
clinical, laboratory, echocardiographic, and functional
data was developed for frailty risk prediction.

e The SiamAF dual-stream ECG +photoplethysmogra-
phy model achieved the best performance (accuracy
90.00%, receiver operating characteristic-area under
the curve 93.00%, Brier score 0.084) and maintained
superior robustness under increasing synthetic noise
levels.

e Key predictors of frailty included heart rate variability
indices (e.g., standard deviation of normal-to-normal
intervals), corrected QT interval duration, N-terminal
pro-brain natriuretic peptide, serum albumin, and grip
strength, linking autonomic dysfunction, cardiac strain,
and physical frailty.

e The proposed noise-resilient models support scalable,
wearable, and remote frailty screening in real-world
AF populations and warrant validation in larger multi-
center cohorts.
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architecture able to adapt to complex time-based data, has
opened the possibility of automating fractional detection
with passive physiological monitoring. The adaptation of the
ECG-based parameters, such as heart rate variability (HRV),
P-wave morphology, QT dynamics, and signal entropy, which
reflect autonomic tone and cardiovascular resilience, is
among the most promising approaches. These biomarkers
tend to show premature variations in frail people even prior
to the obvious functional decline. Machine learning models
can construct a high-dimensional representation of frailty
risk when combined with structured clinical parameters
such as age, comorbidity burden, medication use, and func-
tional scores. Longitudinal studies have demonstrated that
this integrated approach significantly improves the predic-
tive performance of frailty models over conventional tools,
allowing earlier identification and stratification of at-risk
elderly populations.”™

Nevertheless, one of the critical technical challenges is still
present in spite of these achievements: the ECG records are
subjected to noise, which most ML algorithms do not tolerate
well, at least not when applied in real-world (or ambulatory
or wearable) conditions. In addition, motion, signal dropout,
lead displacements, electromyographic interference, and
baseline drift are common causes of artifacts in outpatient
and home ECG recordings, unlike the well-controlled clini-
cal setting. Such distortions have the capability to puzzle
feature extraction and augment the performance of even
the most advanced ML models. This is of particular con-
cern in geriatrics in which tremor (frailty associated), pos-
tural instability, and arrhythmic symptoms may additionally
increase the variability of the signal. To cope with this, most
modernresearch hasintroduced robust algorithmic methods
that seek to filter and correct the noisy data before they are
ingested by the model."™ These can be the adaptive filtering
techniques to dynamically adapt to nonstationary noise and
wavelet-based denoising that have the ability to leave the
morphology of the signal intact, and the attention masking
methods that ignore segments that are less confident dur-
ing training.™ " New model architectures have been formu-
lated in parallel with specific goals of increasing robustness
to noisy conditions. Interestingly, ECGNET employs atten-
tion-weighted filtering based to reject any irrelevant noise,
ArNet-ECG employs the residual learning of the hierarchical
architectures to preserve the relevant features, and SiamAF
employs contrastive learning, the parallel inputs of the ECG
and photoplethysmography (PPG) to impose noise-invariant
representations.™" Individually as well as mutually, these
strategies are essential steps on the path toward the devel-
opment of frailty-AF risk predictors applicable in practical
situations and capable of acting consistently in various clini-
cal and community contexts.

The realization of hemodynamic interaction and vulner-
ability within the systems is another major aspect in the
integration of frailty and AF. The unrelated behavior of the
ventricular response in AF creates inconsistencies in stroke
volume, which causes subsequent poor perfusion in the
vital organs, such as the brain, muscles, and kidneys."®' This
adds to tiredness, sarcopenia, orthostatic intolerability, and
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mental misfunctioning, characteristics of the frailty pheno-
type. At the same time, baroreflex problems that are asso-
ciated with frailty also increase the vulnerability of aged
people to the symptomatic and hemodynamic impacts
of AF.22 As an example, weak people can have an unusual
course of symptoms including delirium or falls instead of pal-
pitations, which delay the diagnosis and treatment. Further,
they have an increased risk of procedural complications,
bleeding caused by anticlotting drugs, and nonadherence to
therapeutic recommendations caused by polypharmacy or
changes in cognition.?? This abidirectional relationship in
terms of pathophysiology callsinto the need for the creation
of predictive models, which would not be limited by 1 single
domain input. Good models need to combine the hemody-
namic parameters, signs of frailty, patterns of comorbidities
with real-time biosignals to reflect the dynamic interaction
between vagaries of cardiac rhythm and loss of systemic
functionality. To thisend, multidomain data containing ECGs,
echocardiograms, blood biomarkers, history of medication,
and patient-reported functions are indispensable. Also,
the use of the expertise of geriatrics, cardiology, neurology,
and biomedical engineering leads to the interdisciplinary
design of models that are more realistic of the true complex
nature of physiology in the aging man.?*28 With the help of
such integrative models, adverse outcomes can not only be
predicted more reliably but also entail the development of
more individualized methods of management (because they
depend on the peculiarities of needs and restrictions of frail
and elderly patients with AF).

The further development of remote sensing, eHealth
devices, and mobile ECG recorders has further democratized
the collection of data, realizing in real time the possibility to
screen frailty outside the clinical environment. Continuous
monitoring studies have been able to find fine variations
in the dynamics of the heart rate and abnormalities in the
heart rhythm that herald the occurrence of frailty transi-
tions.?’*° The combination of ECG and the assessment of
blood pressure variability, sleep, and activity allows a more
comprehensive physiological picture to be created, makingit
possible to actively plan care in high-risk elderly patients.™**
Noteworthy, an example of AF detection and risk stratifica-
tion tools based on ML is PhysioNet-derived or commercial
wearable datasets, which are being translated to usein con-
current populations of frailty risk profiling.*® When trained
using heterogeneous data sets that include elderly people
living in community settings, these models hold potential
to classify who is resilient versus pre-frail versus frail with
respect to their trajectories, thus intervening in a timely
fashion. In this context, ECG-derived features are explored
as complementary physiological markers that may enhance
scalability and automation of frailty screening, rather than
replacing established clinical, laboratory, or echocardio-
graphic assessments.

Despite increasing recognition of the bidirectional rela-
tionship between AF and frailty, frailty assessment remains
inconsistently integrated into routine AF management,
largely due to time constraints and reliance on in-person
evaluations. Automated, physiology-based frailty detection

Hu and Feng. Integrative Identification of Frailty Statusin Elderly Patients

using multimodal ECG and clinical data may offer a scal-
able alternative, particularly in elderly patients frequently
monitored for arrhythmia care. However, real-world ECG
recordingsin AF are inherently noisy, irregular, and heteroge-
neous, posing challenges for conventional ML approaches.
The present study therefore aims to develop and evalu-
ate a noise-resilient multimodal ML framework for frailty
prediction in elderly AF patients. This work is intended as a
hypothesis-generating investigation, assessing feasibility,
robustness, and clinical interpretability rather than defini-
tive clinical deployment.

METHODS

Study Design

This was a retrospective, observational, ML-based diag-
nostic modeling study conducted over a period of 18 months
at a tertiary care academic medical center. The study was
approved by the Institutional Ethics Committee, and writ-
ten informed consent was obtained from all participants
or their legally authorized representatives prior to enroll-
ment. The research adhered to the principles outlined in the
Declaration of Helsinki. A total of 110 elderly patients aged
>65 years with a documented diagnosis of AF were consecu-
tively enrolled from the outpatient and inpatient cardiology
and geriatrics units.

Inclusion Criteria

e Age>65years

e Confirmed diagnosis of AF on 12-lead ECG or Holter
monitoring

e Ability toundergo frailty assessment and ECG testing

e Availability of recent clinical and laboratory records

Exclusion Criteria

e Advanced cognitiveimpairment (e.g., Mini-Mental State
Examination <18) limiting reliable frailty assessment

e Terminalillness with life expectancy <é months

e Presence of implanted pacemaker or defibrillator inter-
fering with ECG readings

e Incomplete datarecords or withdrawal of consent

Frailty Assessment

The frailty status of elderly patients enrolled was closely
measured at baseline with a 2-method study that combined
the calculation of both objective phenotypic and ascale with
clinical comprehension to create better diagnostic sensitiv-
ity and detail. The physical frailty indicator—a validated
and well-used model Fried Frailty Phenotype was utilized to
determine the physical indicators of frailty. This phenotype
consists of 0-5 core items including (1) unintentional weight
loss, which is more than 4.5 kg or an increase of over 5% of
body weight over the last 12 months, (2) Canadian Experts
Consensus Definition self-reported fatigue, which is mea-
sured using validated items of the Center for Epidemiologic
Studies Depression scales, (3) low physical activity, which
is measured through the Minnesota Leisure Time Activity
Questionnaire, (4) slowness, which is ascertained using
4-meter gait speed, and (5) muscle weakness. The partici-
pants who fulfilled 1or more of the above rules became frail,
those with 2 or 3 criteria were pre-frail, and those with none
were robust.
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To expand the phenotypic classification and represent a
more comprehensive manifestation of functional decline,
there was also a modified presence of Clinical Frailty Scale
(CFS). A 9-point ordinal scale assesses frailty based on clini-
cal assessment of mobility, burden of comorbidity, cogni-
tive ability, and activity of the day in terms of dependability.
Trained geriatric clinicians who were blinded to ECG data
and ML results used the scale to eliminate bias. Patients with
CFS scores of 1-3 (very fit to managing well), 4 (vulnerable),
and 5 or higher (mildly to severely frail) were classified as
robust, pre-frail, and frail, respectively. When the Fried phe-
notype and CFSscoresdid not agreein classification, the dis-
crepancy was resolved through consensus adjudication by 2
senior clinicians. The hybrid assessment approach resulted
in a more objective ground truth for frailty to be used in the
subsequent training and testing of ML models.

Electrocardiogram Data Collection and Processing

Each of the enrolled participants was subjected to a typical
12-lead resting ECG recording. The duration of the recorded
data was at least 10 seconds and measured in a supine
position in calm and ambient surroundings to guarantee
permanence of the signal and limit contamination. A high-
resolution digital electrocardiograph that is set to a 500 Hz
sampling rate with 16-bit amplitude resolution was used
to capture the ECG data and provides a high fidelity of the
waveform data that is ideally computed. The placement of
the electrodes was according to standard clinical practices,
thus there would be reproducibility among the participants
and there would be less variation about the placement of the
leads.

A subsample of 70 patients was used to facilitate 24 hours of
Holter monitoring of dynamic cardiac behavior via compact
and portable ECG monitors. The long recordings were able
to record HRV beat to beat, circadian autonomic patterns,
and paroxysmal arrhythmias which would not be recorded
in long resting ECGs. A combination of short-term as well as
long-duration ECG data offered a more complete descrip-
tion of electrical cardiac performance in older patients with
AF (Figure 1).

Signal Preprocessing Pipeline

A multistage signal preprocessing framework was designed
to ensure the integrity and analytical value of ECG signals
used in the ML pipeline. In the first place, high-pass filter-
ing with a cutoff frequency of 0.5 Hz rectified baseline wan-
der that usually occurs during respiration or movement of a
patient. Then, power line interference caused by environ-
mental electrical noise around 5060 Hz was reduced through
a narrow-band notch filter without loss of important spec-
tralelements of the heartsignal. Inorder toincrease the level
of signal clarity further, processes of de-noising were also
provided, which were performed using wavelet-based tech-
niques. This included multilevel discrete wavelet transforms
filters to appropriately filter high-frequency (HF) noise
except for the structures’ morphology important in diagno-
sis (i.e., P wave, QRS complex, and T wave). After denois-
ing, R-peaks were identified and the heartbeat segmented
employing the Pan-Tompkins algorithm, which is a proven
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method due toits reliability and is computationally efficient.
The presence of R-peaks was identified as anchors to slice
and synchronize heartbeat windows as standardized inputs
of the same model.

The Data Quality Index (DQI) was subsequently calculated
based on a product of signal-to-noise ratio, RR interval con-
sistency, and waveform completeness, which were were
evaluated for each segmented ECG window. The model
training and evaluation datasets comprised only segments
with a DQI that was beyond the currently specified thresh-
old. The segments thatdo not match the quality requirement
have also been discarded to avoid weakening the perfor-
mance of the conventional and noise-immune ML models.
Such a demanding preprocessing pipeline was necessary to
ensure that the ECG data used as inputs, both in clinic and
ambulatory settings, were of adequate quality to support
predictive modelingin elderly AF patients.

Multimodal Feature Extraction

In this work, a multimodal extensive feature set was created
to detect both electrophysiological and clinical factors asso-
ciated with frailty in elderly patients with AF. Besides the
parameters extracted based on the ECG, the participants
were assessed using clinically relevant data based on their
electronic health records. Among them were the core demo-
graphic parameters, including age, sex, and body mass index
(BMI), which are known to be stable factors of cardiovascu-
lar risk stratification. The presence of such comorbidities
as hypertension, diabetes mellitus, chronic kidney disease
(CKD), chronic obstructive pulmonary disease (COPD),
along with a history of stroke, were recorded systematically.
Medical histories and their medication profiles were also
assessed, paying special concern to the medications known
to affect cardiovascular and autonomic activity, namely,
anticoagulants, beta-blockers, angiotensin-converting
enzyme (ACE) inhibitors, and diuretics (Figure 2).

The feature set included laboratory tests conducted earlier
than 2 weeks post-enrollment, which included hemoglobin
levels, serum creatinine, N-terminal pro-brain natriuretic pep-
tide (NT-proBNP), and serum albumin, all of which are associ-
ated with frailty or other cardiovascular degradation. Also,
the echocardiographic index, like the size of the left atrium,
left ventricular (LV) ejection fraction, and LV mass index,
were included to represent structural and functional heart
remodeling. Out of the ECG recordings, over 180 quantitative
measures were retrieved through a combination of nonlinear,
time-domain, and frequency-domain signal processing pro-
cedures. The time-domain HRV measures were the standard
deviation of NN intervals (SDNN), the root mean square of
successive differences (RMSSD), and the ratio of the low-fre-
quency (LF) to HF power distribution. Electrophysiological dis-
persion was captured by morphological parameters that were
calculated: QRS duration, P-wave duration, and corrected QT
interval (QTc). Additional nonlinear indices, such as sample
entropy and fractal dimension, were calculated to evaluate
the complexity and irregularity of the signal that demon-
strated association, in the past, with autonomic dysfunction
and with the loss of signal complexity with age.
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Figure1. Electrocardiogram data collection and processing.

To mitigate the risk of overfitting associated with high-
dimensional feature spaces, feature importance ranking and
model-internal regularization were applied during training.
No manual feature selection was performed prior to model
development, and all features were treated as candidate
predictors within regularized learning frameworks.

This study employed predefined ECG-derived features
based on established time-domain, frequency-domain, and
nonlinear metrics. End-to-end learning directly from raw
ECG waveforms was not the primary objective of the pres-
ent work. Consequently, the model may not capture latent
or previously unrecognized ECG patterns associated with
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Multimodal Feature Extraction

In this study, a comprehensive multimodal feature
set was extracted to capture both electrophysiolog-
ical and clinical determinants of frailty in elderly
patients with atrial fibrillation.

V

Relevant clinical data were obtained from participants’
electronic health records (EHRs). These included key
demographic variables such as age, sex, and body
mass index (BMI), the presence of comorbidities,

and medication profiles

A4

~
Laboratory investigations performed within two weeks
of enrollment were included in the feature set,
comprising hemoglobin levels, serum cretatininc,
NT-proBNP, and serum albumin, among others

A4

Echocardiographic indices such as left atrial size,

left ventricular ejection fraction (LVEF), and left.

ventricular (LV) mass index were incorporated to

account for structural and functional cardiac reodeling
7

V

From the ECG recordings, more than 180 quantitative
features were extracted using time-domain,
frequency-domain, and non-linear signal processing
techniques

Figure 2. Multimodal feature extraction.

frailty that could potentially be learned through fully data-
driven deep learning approaches.

Machine Learning Model Development

The remaining dataset of multimodal features was fur-
ther randomly divided into a training set (80%, n=88) and a
test set (20%, n=22), and the stratified sampling was done
to maintain the proportions of frailty status in both sets. A
number of supervised ML models were used to classify frailty,
both conventional and deep learning ones. These were
Random Forest (RF), Extreme Gradient Boosting (XGBoost)

— N

in the form of ensemble-based tree modeling, 1-dimensional
convolutional neural network (1D-CNN) in the form of pro-
cessing the temporal specifics of the ECG, and a bidirectional
long short-term memory (BiLSTM) network with attention
modules in the form of extracting sequential dependencies.
A noise-robust variant of SiamAF, a dual-stream neural net-
workbasedon ECG-PPG fusion, wasalso conceivedand eval-
uated in a sub-cohort of patients with concurrent PPG data.
In order to enhance the model resistance to the label noise,
particularly in the case of frailty categories, which are prone
to being assessed subjectively, multiple noise-suppression
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methods were combined. Such featuresincluded generalized
cross-entropy loss functions to stabilize training in the con-
text of uncertain labels, mixup data augmentation to regu-
larize feature space, label smoothing to avoid overfitting,
and early stopping of training based on the performance of
the validation area under the curve (AUC). The grid search
and 5-fold cross-validation in the training dataset were used
to tune model hyperparameters. The unobserved test set
was used to test the final model performance to guarantee
generalizability. Despite these measures, the ratio of predic-
tors to sample size remains a limitation of the present study
and may affect model stability and reproducibility. Although
convolutional and recurrent architectures were evaluated,
these models were applied to processed ECG representa-
tions rather than fully raw, unsegmented ECG waveforms.

Outcome Measures

The major measure of model development was the binary
classification of frailty, and therefore frailty was classified
as frail or non-frail, depending on the composite frailty mea-
sure built earlier. The primary objective of this study was
cross-sectional classification of frailty status at the time of
assessment, rather than prediction of future frailty progres-
sion or clinical outcomes. The secondary outcomes were
multiclass frailty prediction in 3 categories alone; namely,
robust, pre-frail, and frail. Frailty was analyzed primarily as
abinary outcome (frail vs. non-frail) to ensure adequate sta-
tistical power and model stability given the limited sample
size and class imbalance. A secondary multiclass analysis
distinguishing robust, pre-frail, and frail states was addition-
ally performed to explore clinical gradations of vulnerabil-
ity. Moreover, the installation of synthetic ECG noise on the
model performance was also investigated to estimate the
possibility of real-life deployment to ambulatory environ-
ments. Interpretability of the models was evaluated with the
help of Shapley Additive Explanations (SHAP) that indicated
the influence of each feature on final model predictions.

Statistical Analysis

All statistical analyses were performed using IBM Statistical
Package for the Social Sciences Statistics for Windows,
Version 27.0 (IBM Corp., Armonk, NY, USA) and R soft-
ware, Version 4.3.1 (R Foundation for Statistical Computing,
Vienna, Austria). Machine learning model development and
evaluation were conducted using Python Version 3.9 within
the Anaconda distribution (Anaconda Inc., Austin, TX, USA),
utilizing the followinglibraries:

e Scikit-learn (Version 1.2.2; Google LLC, Mountain View,
CA, USA) for classical ML models and performance
metrics

e TensorFlow (Version 211; Google Brain Team, Mountain
View, CA, USA) for deep learning architectures including
1D-CNN, BiLSTM-Attention, and SiamAF

e SHAP (Version 0.41; Lundberg Lab, University of
Washington, Seattle, WA, USA) for modelinterpretability

Continuous variables were examined for normality using the
Shapiro—Wilk test and summarized as mean + standard devi-
ation (SD). Model performance was assessed using accuracy,
precision, recall, F1-score, negative predictive value (NPV),
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specificity, false-positive rate (FPV), receiver operating
characteristic-AUC (ROC-AUC), and Brier score for calibra-
tion. Confusion matrices and calibration plots were gener-
ated to evaluate diagnostic reliability. A 2-tailed P value <
.05 was considered statistically significant.

Hyperparameter tuning was performed using grid search
with 5-fold cross-validation within scikit-learn. Synthetic
noise experiments were implemented in Python using con-
trolled Gaussian and baseline-wander noise functions to
evaluate model robustness.

RESULTS

Demographic and Clinical Characteristics

The study sample comprised 110 elderly individuals diag-
nosed with AF, with the mean age of 72.6 years (SD=5.4),
which is typical of geriatric patients. A slight male predomi-
nance was observed, with 54.55% male participants (n=60)
and 45.45% female participants (n=50). The mean BMI of
the participants was 26.32 + 3.7 kg/m?, which significantly
was in the overweight range. Hypertension was recorded
in 78 patients (70.91%) and diabetes mellitus in 65 patients
(59.09%), with the prevalence of the comorbid conditions
being especially high, indicating the metabolic burden in
the study population. Also, 42 people (38.18%) had CKD and
29 (26.36%) had COPD (Table 1). Cases of heart failure were
recorded in 36 patients (32.73%), and a history of previous
stroke was recorded in 18 patients (16.36%), both of which
have been demonstrated to worsen frailty and compromise
the management of AF. Atrial fibrillation type was classified
with the highest percentage of persistent AF (57.27%) rela-
tive to paroxysmal AF (42.73%), implying that the majority of
patients experienced long-standing arrhythmic events. The
biomarker analysis demonstrated an impressively high mean

Table 1. Demographic and Clinical Characteristics (n=110)

Variables Number (n) Percentage (%)
Age (years) 72.6 +5.4

Male 60 54.55
Female 50 45.45
BMI (kg/m?) 26.3+3.7
Hypertension 78 7091
Diabetes mellitus 65 59.09
Chronic kidney disease 42 3818
Chronic obstructive 29 26.36
pulmonary disease

Prior Stroke 18 16.36
Heart Failure 36 32.73
Atrial fibrillation type 47 42.73
(Paroxysmal)

Atrial fibrillation type 63 57.27
(Persistent)

NT-proBNP (pg/mL) 1580.6 +790.2
Hemoglobin (g/dL) 11.3+1.6

Albumin (g/dL) 37+0.4

Creatinine (mg/dL) 1.3+£0.6
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NT-proBNP level of 1580.6 + 790.2 pg/mL that suggested the
presence of cardiac strain or heart failure in asignificant per-
centage of the sample. Moderate degradation in hemoglo-
bin (11.3 + 1.6 g/dL) and albumin (3.7 + 0.4 g/dL) parameters
was also found in the laboratory markers indicating poor
functional outcomes and an increased frailty risk. The mean
serum creatinine level was 1.3 mg/dL (SEM=0.6), indicat-
ing mild renal impairment in most of the cases. Although AF
type (paroxysmal vs. persistent) was recorded, AF burden,
symptom severity, and treatment strategy were not system-
atically quantified and therefore were not directly incorpo-
rated into model feature interpretation.

Frailty Classification Based on Composite Criteria

The level of frailty status used a composite model of strati-
fication between the Fried Phenotype and a CFS. The
patients among the sample included 26 of the 110 partici-
pants (23.64%) who were assessed to be robust with the low-
est CFS score of 2.4 + 0.6 and medium grip strength of 28.5
+ 4.3 kg that resulted in preserved functional and muscular
integrity. The pre-frail subset of patients (N=38, 34.55%)
showed a stable CFS score of 4.0, which is the transition
betweenrobustness and frailty. They averaged aslow as22.3
+ 3.9 kg of grip strength, the first symptoms of sarcopenia
and physical deterioration (Table 2 and Figure 3). The large
subgroup was the frail group, which comprised 46 patients
(41.82%), indicating a great burden of functional vulnerabil-
ity amongst this population with AF. The patients showed a
mean CFS value of 6.1 + 0.8, indicating moderate to severe
frailty, and a mean grip strength of 17.6 + 4.7 kg, which shows
severe physical limitation. This allocation shows why frailty
screening needs to be incorporated into the management of
AF since almost 76% of patients were either pre-frail or frail.

Medication Profile

The patterns associated with medication usage represented
general AF and comorbidity treatment praxis, whereas some
of the prescriptionsimplied the effort to cover the syndrome
associated with frailty. The most frequent drug group was
anticoagulants, with 88 patients using them (80.00%), which
is in line with preventive measures of strokes in AF. Beta-
blockers were taken by 72 individuals (65.45%) and most
probably to control the rate and protect the cardiovascu-
lar system, and ACE inhibitors were prescribed in 54 cases
(49.09%) to have standard care with respect to high blood
pressure and heart failure (Table 3 and Figure 4). Forty-nine
patients (44.55%) were using diuretics, further supporting
the high prevalence of fluid overload or symptomatic heart
failure in the cohort. In 36 cases (32.73%), calcium channel

Table 2. Expanded Frailty Classification Based on Composite
Criteria

Number Mean Clinical Mean Grip
Frailty of Percentage Frailty Scale Strength
Status  Patients (%) Score (kg)
Robust 26 23.64 2.4+0.6 28.5+4.3
Pre-frail 38 34.55 4.0+0.0 22.3+39
Frail 46 41.82 61+0.8 17.6 4.7

— ]
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blockers were prescribed, which could be an alternative to
rate control with beta-blockers. Digoxin use was observed
in 22 patients (20.00%), reflecting its conventional role in
the management of heart failures and AF. Statins were pre-
scribed to 60 patients (54.55%) for lipid management and
secondary cardiovascular prevention. Interestingly, anti-
depressants were used by 19 patients (17.27%), which may
indicate underlying depression, a common comorbidity
associated with frailty and chronic cardiac conditions. This
pattern of multidrug use highlights the complexity of elderly
patients with AF, in whom polypharmacy may influence both
frailty progression and ECG signal interpretation during ML
model development.

Random Forest Model

The RF classifier applied recently yielded a very acceptable
overall accuracy of 84.09%, which served as a good base-
line in assigning implicit and explicit predictions of the frail
or non-frail patients based on multimodal input. Its 82.00%
precision and 81.36% recall imply good balance in the accu-
racy of classifying frail persons and not overpredicting.
The specificity of the model (85.45%) and the NPV (84.38)
ensure stable detection of non-frail people, with the FPR
(14.55%) being rather low. Its F1 score of 81.68% indicates
even harmonic hitting of both precision and recall (Table 4
and Figure 5). The RF model has a Brier score of 0.121and an
ROC-AUC of 88.00%, indicating that the machine is well-
calibrated and discriminates. It also demonstrated a rapid
training pace (2.3 seconds) and is desirable to be deployed
into clinics en masse.

Extreme Gradient Boosting Model

Out of most of the measured metrics, though marginally, the
XGBoost model slightly surpassed the RF model. It showed
a precision of 83.75%, an accuracy of 85.45%, and a recall of
84.09, whichindicatedits fit with positive (frail) and negative
(non-frail) class distributions better. Specificity also slightly
went up to 86.36%, and NPV went up to 85.71%, but FPR
reduced to 13.64%, indicating a fewer number of misclassi-
fications of non-frail cases. It has a better F1score (83.92%),
which means its performance is more consistent, which is
also justified by the higher ROC—AUC of 8910%, indicat-
ing good separability between the classes. The Brier score
increased to 0.116, which is anindication of better probability
calibration. Training time was effective enough, at 3.8 sec-
onds, and it consists of the best compromise between speed
and performance.

One-Dimensional Convolutional Neural Network

The temporal ECG features learning 1D-CNN also improved
the performance of the classification. It achieved perfor-
mance measuring the accuracy with 86.36%, precision with
85.10%, and recall 85.45%, implying precise frailty identifica-
tion. The points of specificity improved to 87.27% and NPV
up to 86.84% with low FPR of 12.73%, indicating improved
performance on either end of the frailty measure. The high
fidelity of prediction of 85.27% and bare robustness of clas-
sification of a ROC—AUC of 90.2 clearly show high fidelity
in F1 score of prediction and classification. The Brier score
dropped to 0.109 and itindicated better probabilistic fitness.
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Figure 3. Expanded frailty classification based on composite criteria.

Although the training duration was extended to 14.5 sec-
onds, performance improvements are worth the cost in
terms of computation.

Bidirectional Long Short-Term Memory with Attention
Mechanism

Bidirectional long short-term memory +attention model
went further and captured sequential relationships as well
as able to focus on relevant time-series attributes. It showed
a significant jump in the reliability of the prediction with
a precision of 88.18%. An assessment of precision (87.90%)
and recall (88.18%) implies that they have an outstanding
ability to identify frail patients accurately, at minimal cost.
Specificity (89.09%) and NPV (88.89%) were also very large
and FPR decreased to 10.91%, which implies less false alarm-
ing. The model achieved an F1score of 88.04%, ROC—AUC of
91.50%, and a far better Brier score of 0.096 as an indication
of impressive discrimination and calibration. Its 21.4-second

Table 3. Expanded Medication Profile

Number of Percentage

Medication Category Patients (%)
Anticoagulants 88 80.00
Beta-blockers 72 65.45
Angiotensin-converting 54 49.09
enzyme inhibitors

Diuretics 49 44.55
Calcium channel blockers 36 32.73
Digoxin 22 20.00
Statins 60 54.55
Antidepressants 19 17.27

training time may seem long, but making it interpretable by
attention weights makes it clinically relevant.

SiamAF Model (Electrocardiogram + Photoplethysmography
Fusion)

Amongthem, thebest performing one wasthe SiamAF archi-
tecture, which has considered the dual-modality input given
that it combined both ECG and PPG signals. It produced an
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Figure 4. Expanded medication profile.

9 e—



Hu and Feng. Integrative Identification of Frailty Statusin Elderly Patients Anatol J Cardiol 2026; XX(X): 1-16

Table 4. Model Performance—Binary Frailty Classification

Recall F1 False-

Accuracy Precision (Sensitivity) Specificity Score NPV Positive ROC-  Brier Training Time
Model (%) (%) (%) (%) (%) (%) Rate(%) AUC(%) Score (Seconds)
Random Forest  84.09 82.00 81.36 85.45 81.68 84.38 14.55 88.00 0.121 2.3
XGBoost 85.45 83.75 84.09 86.36% 8392 85.71 13.64 8910 0.116 1D-CNN
86.36 85.10 85.45 87.27 85.27 86.84 12.73 90.20 0.109 14.5 BIiLSTM + Attention
88.18 8790 88.18 89.09 88.04 88.89 1091 91.50 0.096 21.4 SiamAF (ECG +PPG)
90.00 89.50 90.00 9091 89.75 91.30 9.09 93.00 0.084 25.7

BiLSTM + Attention, Bidirectional long short-term memory + Attention; ECG, electrocardiogram; NPV, negative predictive value; PPG,
photoplethysmography; ROC—AUC, receiver operating characteristic—area under the curve; 1ID-CNN, 1-dimensional convolutional neural network.

accuracy of 90.00%, precision of 89.50, and recall of 90.00, was very precise inits value of 90.91, NPV was 91.30, and FPR
which leads to the conclusion that there is minimal misclas-  decreased to 9.09, which is very reliable in all the domains of
sification and a high ability to detect frailty in individuals. It~ predictability. Among all the models, this model was the best
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discriminative performer as shown with an F1score (89.75%)
and ROC—AUC (93.00). It had the most accurate probabi-
listic predictions with the smallest value of Brier score of
0.084. The only sacrifice was that it required a longer train-
ing period of 25.7 seconds, but this is expected because it is
complex and can process 2 signals.

Electrocardiogram Feature Summary (Mean + Standard
Deviation)

The corresponding descriptive statistics of the most impor-
tant ECG features found by analysis of the study cohort, with
reference to the electrophysiological cardiac behavior in
connection with the frailty status, are provided in this table.
A typical measure of autonomic variability, the SDNN was
38.4+10.2 ms on average, which is moderate in terms of HRV
in the elderly AF population. Likewise, the RMSSD, anindica-
tor of the parasympathetic mark, was 291 + 8.6 ms, which is
slightly lower compared to the norms of healthy elderly per-
sons and is in keeping with the autonomic dysfunction that
may happen in frail patients. Sympathovagal balance used
an LF/HF ratio of 2.45 + 1.30, which is indicative of relative
sympathetic dominance commonly associated with chronic
disease and frailty secondary to aging. The corrected heart
rate QTcinterval had a normal mean of 435.2 + 21.5 ms at the
upper end of normal limits, suggesting cardiovascular risk
and electrophysiological disorders of repolarization in the
cohort (Table 5 and Fig. 6).

The QRS duration was noted to be 94.6 + 12.3 ms, within
normal physiological limits, and the P-wave duration was
108.5 + 131 ms, slightly prolonged in patients, which repre-
sented delays in atrial conduction that were characteristic
of patients with AF. Amplitude of the T-wave was also on
expectation, butacertainvariationwasobserved, 0.26 +0.07
mV. The PRinterval that denotes atrioventricular conduction
time was 166.2 + 18.4 ms, slightly increased in frail subjects,
potentially as a hint towards early involvement of the con-
duction system. Sample entropy (mean 1.28 + 0.31) and frac-
taldimension (mean 112+ 0.08) have anonlinear domain that
showed poor signal complexity and variability—aspects of

Table 5. Electrocardiogram Feature Summary (Mean + SD)

Value (Mean + Standard

Electrocardiogram Feature Deviation)
SDNN (ms) 38.4+10.2
RMSSD (ms) 291+8.6

LF/HF ratio 2.45+1.30
QTcinterval (ms) 4352 +21.5
QRS duration (ms) 94.6+12.3
P-wave duration (ms) 108.5+131
T-wave amplitude (mV) 0.26 +0.07
PRinterval (ms) 166.2+18.4
Sample entropy 1.28 £ 0.31
Fractal dimension 112+ 0.08

HF, high frequency; LF, low frequency; QTc, corrected QT interval;
RMSSD, root mean square of successive differences; SDNN, standard
deviation of NN intervals.
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aging and disruption of physiological variability. These wave-
form and complexity-related features are detailed features
whose descriptive character was important in enabling ML
models to predict frailty in this analysis.

Expanded Effect of Noise on Model Performance (SiamAF)
Table 6 and Figure 7 show how strongly the SiamAF model
performs when synthetic noise is added to ECG signals at
different levels, which can be critical in a real-world applica-
tion, particularly in anytime/anywhere kinds of applications
or wearable devices. In clean ECG, the SiamAF model per-
formed best, where accuracy, ROC—AUC, and F1scores were
90.00%, 93.00%, and 89.75%, respectively, resulting in good
discrimination and calibration. All the precision (89.50%),
recall (90.00%), and specificity (90.91%) were highly bal-
anced, and the FPV (9.09%) was low, and the NPV (91.30%)
was also strong. Probability estimates were further proved
to be well calibrated by a Brier score of 0.084.

Addition of low noise to the ECG data placed a minor
decrease in performance. The accuracy reduced to 87.27,
and the ROC—-AUC to 90.20, but the F1score and other mea-
sures were reduced only by a small amount, but still very
clinically reliable. The Brier score increased and was equal
to 0.098, signifying minimally lower accuracy in probabilistic
forecasts. Moderate noise revealed that the effect on per-
formance increased. The accuracy dropped to 83.64, the
ROC—-AUC to0 8710, and the F1score to 82.90. Though, by that,
it did not lose decent specificity (84.55%) and NPV (85.00%),
the FPR grew to 15.45%, whereas such growth reflected the
susceptibility of predictive boundaries to noise. The Brier
score deteriorated to 0.117, and the calibration error was on
therise. In high noise, the performance of the SiamAF model
was worse. The accuracy and ROC—AUC reduced to 78.18%
and 81.60%, respectively, and precision (76.82%), recall
(78.18%), and F1score (77.49%) decreased in a working trend.
The specificity was 79.09%, but FPR increased to 20.91%. The
Brier score was 0138, which meant that there would be less
confidenceinthe predicted probabilities. These findings also
explain the need to use signal de-noising and noise-tolerant
architecture, particularly in cases where the clinical condi-
tions are not controlled ones.

DISCUSSION

This study should be interpreted within the context of its
exploratory and hypothesis-generating design. The cohort
was derived from a single tertiary-care center and included
a relatively small number of elderly patients with AF, with
further reduction in the subgroup analyzed using ECG-PPG
fusion. These factors limit generalizability across diverse
healthcare settings, ethnic backgrounds, AF phenotypes,
and treatment strategies. Accordingly, the results should
be regarded as preliminary, and external validation in larger,
multicenter AF cohortsis essential before clinical translation
or adoption into decision-making pathways.?°?? This study
focuses on cross-sectional identification of frailty status
rather than prediction of future frailty progression, heart
failure, or adverse clinical outcomes. While such prognos-
tic endpoints are clinically important, they require longitu-
dinal follow-up and were beyond the scope of the present
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Figure 6. Electrocardiogram feature summary (mean + standard dev

retrospective dataset. Accordingly, the clinical value of the
current framework lies in rapid, automated frailty screening
atthe point of care, which may supportimmediate risk strat-
ification and management decisions in elderly patients with
AF. The prevalence of CKD and COPD observed in more than
25% of participants has been shown to exacerbate whole-
body inflammation and cardiovascular aging weakening,
which are independent risk factors of frailty. The prevalence
of heart failure of 32.73% and prior stroke of 16.36% is simi-
lar to the result of other authors,” who highlighted that car-
diac dysfunction and prior stroke have a significant add-on
burden to AF morbidity and may have a synergistic effect
on the development of frailty. Most of the patients had per-
sistent AF instead of paroxysmal, which confirms the idea
that the length and burden of AF grow with age and comor-
bidity rate. An increase in NT-proBNP implies pressure on
the heart; previous literature?*?* have pointed out that it
is linked with worsened cardiovascular outcomes and pos-
sible recurrence following AF ablation. Further, decreased
hemoglobin and albumin levels found in this case could be
the malnutrition condition associated with chronic diseases
or anemia of inflammation, which was also noted by Liu et al

as an independent predictor of frailty among older adults
with AF.2¢

The predominance of persistent AF in this cohort is clinically
relevant, assustained AF is associated with greater hemody-
namic instability, cumulative AF burden, and progressive loss
of physiological reserve, which may accelerate frailty devel-
opment. However, important AF-related variables including
AF burden, symptom severity (EHRA class), adequacy of rate
control, and rhythm-control strategies were not systemati-
cally captured and therefore could not be incorporated into
modelinterpretation. Inclusion of these parametersin future
studies may improve clinical interpretability and applicabil-
ity of frailty prediction modelsin AF populations.

A key methodological limitation of thisstudyistheimbalance
between sample size and the dimensionality of the feature
set. Although over 180 ECG-derived features and multiple
clinical variables were extracted, the cohort consisted of 110
patients, whichincreases the risk of overfitting and may limit
reproducibility. While regularization, cross-validation, and
held-out testing were applied, these strategies cannot fully
substitute for larger sample sizes. Therefore, the reported

Table 6. Expanded Effect of Noise on Model Performance (SiamAF)

Accuracy F1Score Brier
Noise Level (%) ROC-AUC (%) Precision(%) Recall(%) Specificity (%) (%) NPV (%) FPR(%) Score
Moderate noise 83.64 8710 8218 83.64 84.55 82.90 85.00 15.45 0117
High noise 7818 81.60 76.82 7818 79.09 77.49 80.00 2091 0138

NPV, negative predictive value; ROC—AUC, receiver operating characteristic—area under the curve.
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Figure 7. Expanded effect of noise on model performance (SiamAF).

performance metrics should be interpreted cautiously and
validated inindependent, larger cohorts.

The combination of Fried Phenotype and CFS made it pos-
sible to determine the status of frailty with subtleties. The
results of this AF population show the predominance of pre-
frail and frail patients (76.37%), which emphasizes the neces-
sity to screen frailty in cardiac outpatients on aroutine basis.
The downward trend in grip strength as it pertains to the
frailty groups supports the sarcopenic aspect of frailty, as
was reasserted by other researchers?? in their ECG-based
ML study, where low muscle mass was associated with low
signal complexity.

Notably, the robust group was characterized by increased
grip strength and reduced CFS scores indicating the intact
physiological reserve. The frail category (the largest per-
centage of 41.82%) showed a poorer capacity besides being
more dependent in functioning, a fact that aligns with find-
ings by other authors,?” where they pinpoint the syndrome
of frailty as a multidimensional disorder affecting both the
physical and cognitive aspects. In addition, some authors®*®*
have also implied that the application of functional mea-
sures such as grip strength, along with digital biomarkers,
increases the accuracy of ML models in the classification of
AF and prediction of outcomes. This is validated by the pres-
ent study where a hybrid frailty model was found to help
realize the ground truth of further predictive modeling.

The medication history depicts the use of polypharmacy fre-
quently occurring in older adults with AF, and numerous of
them target or have some indirect effects on frailty trajec-
tories. The use of anticoagulants (in 80% of patients) is per
the latest guidelines in the management of AF and equally
important to prevent the occurrence of thromboembolism.
The conflicting nature of the risk of bleeding versus the

prevention of consequences, such as stroke, in multimorbid,
frail patients, was also stressed by other authors,* but this
aspectseemseven morerelevantwhen CFSscoresare higher.
Beta-blockers and ACE inhibitors recording strong rates of
prescriptions show that drugusage is standardized in AF rate
control and heart failure conditions. Medications wereincor-
porated as predictive features rather than causal determi-
nants, and associations between ECG-derived features and
frailty should be interpreted as correlational rather than
mechanistic, particularly in the context of polypharmacy.

Interestingly, the use of diuretics and the use of digoxin was
also high, with the latter being conventionally used in the
case of fixing the rate in AF concomitant with heart failure.
This is an indicator for a group of patients that are hemody-
namically compromised. Frailty overlaps with psychological
distress through the prescription of antidepressants (17.27%).
Some of the authors®?* demonstrated that the psychologi-
cal health status would not only affect the degree of frailty,
but when used in prediction modeling, it may be considered
noise in labeling and hence requires substantial noise-resis-
tant algorithms used in this study. Further, the reduction of
cardiovascular risks through statin therapy in more than
half of the patients (54.55%) is compliant with the patients.
The effect that it has on muscle strength and its ability to
enhance sarcopenia among frail older adults is, however,
disputed. According to previous literature,* such pharmaco-
logical confounders have to be considered when developing
interpretable and reliable multimodal models for conducting
AF detection and prognosis.

Random Forest model provided a solid baseline score in the
prediction of frailty with an accuracy of 84.09 and a reason-
ably good ROC—AUC score of 88.00. The metrics emphasize
its performance in distinguishing frail and non-frail peo-
ple by applying a combination of clinical and ECG-derived
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features. Other such ensemble techniques are reported
to perform satisfactorily in cardiovascular risk stratifica-
tion. As an example, successfully stark making use of RFs
when using their cardiovascular retrieving framework.*
Nonetheless, the RF models can be overfitted on such small
or noisy datasets. The XGBoost model slightly outperformed
the RF in all the benchmark measurements as it had better
precision (83.75%) and a better ROC-AUC (89.10%), which is
consistent withits reputation for handling nonlinearinterac-
tions in tabular data. Interestingly, a comparable gradient
boosting-driven structure, named DeepBoost AF, was also
established by another author®** and demonstrated superior
performance with raw ECG signals due to the integration of
feature learning and boosting approaches. These results are
similar, especially in terms of precision and calibration (Brier
score: 0.116), which proves the potential use of XGBoost to
model frailty.

The architecture of ID-CNN proved better at representing
the temporal dynamics of ECG with ROC-AUC=90.20% and
F1 score=85.27, respectively. These results are consistent
with the findings of Ben Moshe et al® who demonstrated that
raw ECG-based CNN architectures are capable of extract-
ing features of frailty-related ECG waveform nuances faith-
fully. Although the training process takes longer, the rise in
discriminative powerindicates that CNNs could be accepted
in the real-time screening of frailty, at least in wearable
or remote-monitoring conditions. The BiLSTM + Attention
was a bigger step still, giving an ROC—AUC of 91.50%, and
the lowest Brier score of the unimodal models (0.096). The
weights of attention in the BiLSTM also facilitate clinical
explainability, which is of paramount importance to high-
stakes geriatrics decision-making.

Clinical Implications of Frailty Stratification in Atrial
Fibrillation

Although frailty was dichotomized for the primary model
outcome, clinical management of AF differs substantially
across robust, pre-frail, and frail states. Robust elderly
patients may tolerate rhythm-control strategies, invasive
procedures, and standard follow-up schedules. Pre-frail
individuals represent a clinically important transitional
group in whom intensified monitoring, medication optimi-
zation, physical rehabilitation, and early geriatric referral
may prevent progression to overt frailty. Frail patients often
require conservative rate-control strategies, careful antico-
agulation risk-benefit assessment, shared decision-making
regardinginvasive interventions, and closer follow-up. In this
context, ML-based frailty estimation may supporttreatment
individualization rather than binary eligibility decisions.

The most successful model was the SiamAF model, which
fused ECG and PPG signals by a Siamese neural architecture
and achieved the impressive figure of ROC-AUC of 93.00%,
as well as the highest score of F10of 89.75%. This validates the
importance of multimodal physiological signal-based fusion
of predicting frailty. SiamAF was first proposed and its abil-
ity to withstand data heterogeneity.*” Interpretation of HRV
measures in AF requires caution. Unlike sinus rhythm, HRV
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indices such as SDNN and RMSSD in AF reflect a composite
of intrinsic RR irregularity, autonomic modulation, and loss
of physiological complexity. Consequently, these measures
should not be interpreted as pure autonomic markers but
rather as indicators of rhythm irregularity and systemic dys-
regulation. The predictive value of HRV features observed
in this study likely reflects combined electrophysiological
instability and reduced physiological reserve, both of which
are accentuated in frailty®** that pointed at autonomic dys-
regulationin frail AF patients.

Frailty prediction in the real world requires tolerance to sig-
nal artifacts and noise. The SiamAF model still showed high
prediction power even atlow (ROC—AUC: 90.20%) and mod-
erate noise (ROC—AUC: 87.10%). The design of loss functions
was considered extremely important by other authors*3 to
improve model robustness in case of noisy conditions; here,
the approach of tracking the Brier score fits this outlook.

An additional potential application of this frameworkislon-
gitudinal frailty monitoring. This application was not evalu-
ated in the present study and should be considered a future
research direction. Although longitudinal prediction was
notevaluatedinthe presentstudy, thisrepresentsanimpor-
tant direction for future research. The performance of
SiamAF dropped significantly under high noise (ROC—-AUC:
81.60%), but it nonetheless had the best results among tra-
ditional models. It aligns with previous authors®*® who dem-
onstrated that label noise and data artifacts can severely
affect the classification accuracies unless tackled through
architecture-level approaches. Thisis in line with the lower
levels of the Brier scores of the model across the noise levels,
which indicates a well-calibrated output probability dis-
tribution, which is one of the requirements of using ML in a
clinical setting as deemed vital. From a clinical perspective,
these models are intended to augment clinician-led frailty
assessment and risk stratification rather than replace clini-
caljudgment.

Study Limitations

This study has several limitations. Firstly, it was conducted at
a single tertiary care center, which may limit the generaliz-
ability of the findings to broader or more diverse elderly pop-
ulations. Secondly, although the sample size of 110 patients
was adequate for ML modeling, larger multicentric datasets
are needed for external validation. Third, signal artifacts and
real-world noise were simulated and may not fully reflect
actual ambulatory ECG/PPG recordings. Analyses involving
ECG—PPG fusion were exploratory, as PPG data were avail-
able only in a subset of patients. Additionally, while frailty
assessment combined objective and clinical metrics, subjec-
tive biasin CFS scoring cannot be excluded. Finally, the study
focused primarily on AF patients, limiting extrapolation to
other elderly cohorts. The study does not evaluate longitu-
dinal outcomes or future clinical events, and therefore does
not provide prognostic prediction of frailty progression,
heart failure, or mortality.

The high feature-to-sample ratio represents a substantial
limitation and may inflate model performance estimates,
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underscoring the need for external validation and dimen-
sionality reduction in future studies. Another important limi-
tation is the reliance on predefined ECG-derived features
rather than fully end-to-end learning from raw ECG signals.
While handcrafted features offer interpretability and clini-
cal familiarity, they may constrain the discovery of latent
or previously unrecognized electrophysiological patterns
related to frailty. Future studies incorporating large-scale
datasets and raw-signal deep learning architectures may
enable identification of novel ECG representations associ-
ated with frailty and physiological vulnerability. Given the
vulnerability of elderly patients with AF, over-reliance on
algorithmic outputs carries ethical and clinical risks. The
ML-based frailty predictions should function as decision-
support tools rather than autonomous determinants of
therapy. Integration with cardiology and geriatric expertise
is essential to mitigate automation bias and ensure patient-
centered care. Additionally, AF-specific factors such as AF
burden, symptom severity, and treatment strategy were not
captured, limiting assessment of how frailty prediction may
interact with rate- or rhythm-control decisions. The use of
predefined ECG features, rather than end-to-end raw ECG
modeling, may limit the ability to capture latent electro-
physiological signatures of frailty.

CONCLUSION

In conclusion, this study demonstrates the feasibility of
exploring noise-resilient multimodal ML approaches in
a small, single-center cohort. The SiamAF architecture
achieved high discrimination and calibration within a single-
center cohort; however, these findings are exploratory and
hypothesis-generating. External validation, incorporation
of AF burden and symptom metrics, and longitudinal assess-
ment are required before clinical implementation. When
appropriately integrated, Al-based frailty screening may
support individualized AF management rather than dictate
treatment decisions. These findings are limited to feature-
based ECG representations and do not reflect latent pattern
discovery from raw ECG signals.
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