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Abstract
Atrial fibrillation (AF) is a prevalent cardiac rhythm disorder that requires accurate and reli-
able detection from electrocardiogram (ECG) recordings. This study proposes a patient-level,
threshold-aware heterogeneous CNN–XGBoost probability-fusion framework that integrates
complementary waveform-based and engineered ECG representations for AF detection using
the PTB-XL database. The study included 21,799 twelve-lead ECG recordings, comprising
1,514 AF and 20,285 non-AF recordings. A total of 91 ECG-derived temporal, morpho-
logical, statistical, and frequency-domain features were used by the XGBoost branch, while
a convolutional neural network (CNN) model learned representations directly from prepro-
cessed twelve-lead ECG waveforms. Patient-level partitioning was used to prevent patient
overlap between development and independent test sets. Within the development set, strict
five-fold out-of-fold (OOF) predictions were generated for model comparison, fusion-weight
selection, and decision-threshold selection, while the independent test set remained com-
pletely untouched until final evaluation. CNN and XGBoost probabilities were combined
using development-OOF-selected weights of 0.75 and 0.25, respectively, and the decision
threshold was fixed at 0.740 before independent testing. On 4,429 independent test ECG
recordings, the proposed fusion achieved 98.56% accuracy, 90.29% precision, 89.14% sen-
sitivity, 99.27% specificity, 89.71% F1-score, 94.20% balanced accuracy, 0.889 Matthews
correlation coefficient (MCC), 0.889 Cohen’s kappa, 0.9897 ROC-AUC, and 0.9453 PR-
AUC, with a Brier score of 0.0134. Compared with the CNN alone, fusion produced a larger
observed increase in PR-AUC than in ROC-AUC, while also yielding a lower Brier score.
These findings show that integrating complementary waveform-based and engineered ECG
representations was associated with improved precision–recall performance under leakage-
controlled patient-level evaluation. External validation using independent multicentre and
prospective ECG datasets is required to assess generalizability.

Keywords: Atrial fibrillation, Electrocardiography, Ensemble learning, Machine learning,
XGBoost.
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1. INTRODUCTION

Atrial fibrillation (AF) is a prevalent sustained cardiac rhythm disorder and is linked to major
complications including stroke, heart failure, dementia, and increased mortality. Its occurrence
rises with advancing age and the presence of cardiovascular risk factors [1]. Electrocardiography
(ECG) remains a principal tool for AF detection because it provides direct information about cardiac
electrical activity [1, 2]. However, AF can be difficult to identify when rhythm abnormalities
are intermittent or when recordings must be assessed at scale. These challenges have motivated
the development of automated ECG interpretation through machine-learning and deep-learning
techniques [3, 4].

A broad range of computational approaches has been investigated for automated AF and arrhyth-
mia detection, including conventional machine-learning methods, convolutional neural networks,
QRS- and beat-centric approaches, and Transformer-based architectures [4–10]. Studies have also
explored AF and atrial flutter detection [11], single-lead ECG analysis [12], PTB-XL-based ECG
classification [13–15], resource-efficient monitoring [16], and explainable artificial intelligence [17,
18]. Multi-lead architectures have further demonstrated the value of combining information across
ECG leads for arrhythmia detection [19]. Collectively, these studies demonstrate the potential of
automated ECG analysis, but they also show that performance depends on the representation of
ECG information, class distribution, probability calibration, and evaluation design [4, 20].

A limitation of relying on a single representation is that waveform-based deep-learning models
and engineered-feature models represent distinct characteristics of ECG signals. A CNN can derive
task-specific representations frommultilead waveform signals, whereas engineered features can ex-
plicitly describe temporal, morphological, statistical, and frequency-domain properties. Integrating
these complementary representations may consequently provide information that may not be fully
represented by either modelling approach individually. Ensemble learning offers a suitable mech-
anism for this integration [21, 22]. However, robust evaluation of an ensemble requires separation
at the patient level and strict control of model-development information, especially when a dataset
contains multiple ECG recordings from individual patients [23].

The choice of operating threshold is another important consideration used to convert predicted
probabilities intoAF classifications. A default threshold of 0.50may not provide a suitable operating
point for an imbalanced classification setting, and calibration should be evaluated independently of
discrimination [20, 24]. In addition, ROC-AUC alone may not provide a complete characterization
of performance when the positive class is relatively uncommon; precision–recall analysis, calibra-
tion measures, and additional classification metrics can offer complementary information [4, 20].

The principalmethodological contribution of this work lies in combining complementarywaveform-
based and engineered-feature representations within a patient-level, OOF-controlled probability-
fusion framework for AF detection. A CNN processes twelve-lead ECG waveforms, while XG-
Boost models 91 engineered ECG features. Rather than relying on a logistic-regression stacking
layer, the two model probabilities are combined through a development-set OOF-selected weighted
fusion. The decision threshold is also selected exclusively from development OOF predictions
and fixed before evaluation on an independent patient-level test set. This design separates model
development and operating-point selection from final evaluation while directly testing whether the
heterogeneous representations provide complementary predictive information.
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Accordingly, the specific contributions of this study are:

1. Heterogeneous representation fusion: A CNN–XGBoost framework integrates representa-
tions learned directly from twelve-lead ECG waveforms with 91 engineered temporal, mor-
phological, statistical, and frequency-domain ECG features.

2. Leakage-controlled patient-level development: ECG recordings are partitioned at the patient
level, and strict five-fold OOF prediction is used within the development data so that each
OOF prediction is generated without training on recordings from the corresponding held-out
patients.

3. Development-only fusion and threshold selection: Fusionweights and the final decision thresh-
old are selected exclusively from development OOF predictions, with the independent patient-
level test set remaining untouched until final evaluation.

4. Comprehensive independent evaluation: The final system is evaluated using discrimination,
precision–recall performance, classification measures, calibration, bootstrap confidence inter-
vals, paired statistical comparisons, and SHAP analysis of the engineered-feature XGBoost
component.

The resulting framework is intended to provide a rigorous evaluation of whether combining het-
erogeneous ECG representations can improve AF detection beyond the information captured by an
individual modelling branch, while maintaining strict separation between development and inde-
pendent testing.

2. MATERIALS AND METHODS

2.1 Overall Framework

The developed framework integrates two heterogeneous representations of twelve-lead ECG record-
ings: a waveform-based representation learned by a convolutional neural network (CNN) and an
engineered-feature representation modeled by XGBoost. The CNN operates directly on the prepro-
cessed ECG waveform, whereas XGBoost uses 91 engineered ECG features describing temporal,
morphological, statistical, and frequency-domain characteristics. The two branches therefore pro-
cess complementary representations rather than identical inputs.

The experimental workflow consists of patient-level partitioning, fold-specific data processing and
model training, five-fold out-of-fold (OOF) prediction within the development set, CNN and XG-
Boost model training, development-set probability fusion, development-only decision-threshold se-
lection, and final evaluation on an independent patient-level test set. All operations involving model
comparison, fusion-weight selection, and threshold selection are restricted to the development data.
The independent test set is not used during model development or selection. FIGURE 1 summarizes
the complete workflow and emphasizes the separation between development-stage OOF processing
and independent patient-level testing.
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Figure 1: Overall workflow of the proposed patient-level OOF-guided threshold-aware heteroge-
neous CNN–XGBoost probability-fusion framework for atrial fibrillation detection.

2.2 PTB-XL Dataset

The experiments used the PTB-XL version 1.0.3 database [23]. After application of the study-
specific labeling criterion, 21,799 twelve-lead ECG recordings sampled at 100 Hz, each with a
duration of 10s, were incorporated in the analysis. AF cases were identified using the AFIB diag-
nostic annotation in the PTB-XL metadata. The resulting dataset contained 1,514 AF recordings
and 20,285 non-AF recordings from 18,869 patients.

To prevent patient-level information from crossing the development–test boundary, the dataset was
partitioned at the patient level before model development. The development partition contained
17,370 ECG recordings from 15,095 patients, including 1,201 AF recordings and 16,169 non-AF
recordings. The independent test partition contained 4,429 ECG recordings from 3,774 patients,
including 313 AF recordings and 4,116 non-AF recordings. No patient was shared between the
development and independent test partitions.

All model selection, data-derived feature-processing steps, fusion-weight selection, and decision-
threshold selection were performed using the development data. The independent test partition was
retained entirely for the final assessment of the finalized models and was not used during model
development or selection. The dataset characteristics and patient-level partitioning used in the
experiments are summarized in TABLE 1.
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Table 1: Characteristics of the PTB-XL dataset and patient-level experimental partitioning used for
model development and independent evaluation.

Dataset Characteristic Value
Total ECG recordings 21,799
Total patients 18,869
AF recordings 1,514 (6.95%)
Non-AF recordings 20,285 (93.05%)
Development ECG recordings 17,370
Development patients 15,095
AF recordings in development set 1,201
Non-AF recordings in development set 16,169
Independent test ECG recordings 4,429
Independent test patients 3,774
AF recordings in independent test set 313
Non-AF recordings in independent test set 4,116
Number of ECG leads 12
Sampling frequency 100 Hz
Recording duration 10 s
Handcrafted ECG features 91

2.3 ECG Preprocessing and Feature Extraction

ECG recordings were represented as 10-s, 12-lead signals sampled at 100 Hz, corresponding to 1000
samples per lead. For the handcrafted-feature branch, the ECG signals were converted to floating-
point representation, centered using the median of each lead, and filtered using a fourth-order
Butterworth band-pass filter with cutoff frequencies of 0.5 and 40 Hz. Wavelet denoising based
on the Daubechies-4 (db4) wavelet was subsequently applied before extraction of the handcrafted
features. No 50-Hz notch filter was applied. The handcrafted representation comprised 91 ECG-
derived features. Seven global features were calculated from Lead II, including mean heart rate,
SDNN, RMSSD, pNN50, RR-interval count, QRS width, and median ST-segment deviation [25].
The remaining 84 features consisted of seven descriptors calculated independently for each of the
12 leads: mean, standard deviation, root-mean-square amplitude, signal energy, and power in the
0–4, 4–8, and 8–15 Hz frequency bands. Thus, the feature representation contained 7 global and 84
lead-wise features.

QRS-related features could be unavailable when the implemented R-peak/QRS detection procedure
did not identify a valid QRS-width estimate. In the development-set OOF experiments, missing
QRS-width values were assigned using the median estimated from the corresponding training fold.
Feature scaling was implemented using a StandardScaler fitted on the corresponding training fold
and subsequently applied to its held-out fold. The independent test-set feature processing used
imputation and scaling parameters fitted on the complete development set only. For the CNNbranch,
the ECG signals were processed separately using the fixed 0.5–40 Hz fourth-order Butterworth
band-pass filter followed by per-lead median/MAD normalization. The resulting CNN input had a
dimension of 1000 × 12. The CNN preprocessing did not use the db4 wavelet-denoising step used
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in the handcrafted-feature branch. No parameters for preprocessing, imputation, or scaling were
estimated from the independent test set.

2.4 Classification Models

Decision Tree (DT), Random Forest (RF), AdaBoost, Extra Trees (ET), and XGBoost were evalu-
ated using the 91 engineered ECG features. These models were included to compare conventional
and ensemble-based classifiers within the engineered-feature representation. The waveform-based
branch used a convolutional neural network (CNN) trained directly on the twelve-lead ECG wave-
forms. The CNN comprised four convolutional blocks with 32, 64, 128, and 256 filters, followed
by global average pooling and fully connected layers. The network contained 171,233 trainable
parameters and was trained using binary cross-entropy loss with the Adam optimizer. XGBoost
was selected as the engineered-feature branch for the proposed heterogeneous probability-fusion
framework, while the CNN constituted the waveform-based branch. The configurations of all
evaluated models are summarized in TABLE 2.

Table 2: Model configuration of the machine learning models evaluated in this study.

Model Hyperparameter Value

Decision Tree (DT) Criterion Gini
Random state 42

Random Forest (RF)
Number of trees 300
Criterion Gini
Random state 42

AdaBoost (AB) Number of estimators 200
Random state 42

Extra Trees (ET)
Number of trees 300
Criterion Gini
Random state 42

XGBoost

Number of estimators 600
Maximum depth 6
Learning rate 0.03
Random state 42

CNN

Input Size 1000 × 12
Convolutional filters 32, 64, 128, 256
Dropout rate 0.40
Batch size 64
Learning rate 0.001
Maximum epochs 25
Trainable parameters 171,233
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2.5 CNN–XGBoost Probability Fusion and Threshold Selection

The CNN and XGBoost models generated probability estimates of AF for each ECG recording.
These probabilities were integrated using a weighted probability-fusion strategy based exclusively
on development-set out-of-fold (OOF) predictions.

For an ECG recording 𝑖, the fused probability was calculated as

𝑃 𝑓 𝑢𝑠𝑖𝑜𝑛 = 0.75𝑃𝐶𝑁𝑁 + 0.25𝑃𝑋𝐺𝐵𝑜𝑜𝑠𝑡

where 𝑃𝐶𝑁𝑁 and 𝑃𝑋𝐺𝐵𝑜𝑜𝑠𝑡 denote the predicted probabilities of AF from the CNN and XGBoost
models, respectively. Fusion weights were selected from the development-set OOF predictions by
evaluating CNN weights from 0.00 to 1.00 in increments of 0.05, with the corresponding XGBoost
weight defined as 1 minus the CNN weight. The configuration maximizing OOF ROC-AUC was
selected, yielding a CNN weight of 0.75 and an XGBoost weight of 0.25. These weights were
fixed before evaluation on the independent patient-level test set. The decision threshold for con-
verting the fused probability into a binary AF classification was also selected exclusively from the
development-set OOF fusion probabilities. The threshold was chosen by maximizing the F1-score,
with Matthews correlation coefficient (MCC) used as the tie-breaking criterion. This procedure
yielded a threshold of 0.740, which was fixed before independent test evaluation. Thus, both
the fusion weights and the final decision threshold were determined entirely from development-
stage OOF predictions, while the independent patient-level test set remained untouched until final
evaluation.

2.6 Performance Evaluation and Statistical Validation

Model performance was assessed using accuracy, precision, sensitivity, specificity, F1-score, bal-
anced accuracy, Matthews correlation coefficient (MCC), Cohen’s kappa, ROC-AUC, PR-AUC,
and Brier score. Strict patient-level five-fold out-of-fold (OOF) prediction was performed within
the development set. In each fold, four patient-level folds were used for model training and the
remaining patient-level fold was held out for prediction. The CNN and XGBoost models were
independently trained on the four training folds, and predictions were generated for the correspond-
ing held-out fold. This procedure was repeated across all five folds so that every development-
set recording received exactly one OOF prediction from a model that had not been trained using
recordings from the same patient.

Fold-specific data-derived preprocessing parameters, feature imputation, and feature scaling were
determined using training data only and then applied to the corresponding held-out fold. CNN
preprocessing used the predefined filtering and normalization procedure described in Section 2.3.
The resulting OOF probabilities were used for model comparison, fusion-weight selection, and
decision-threshold selection. The independent patient-level test set was not used during OOF pre-
diction, fusion-weight selection, or threshold optimization. After model development and selection
were completed, the finalized models, fusion weights, and decision threshold were evaluated on
the independent patient-level test set. Bootstrap resampling of the independent test predictions was
used to estimate 95% confidence intervals for the principal performance measures.
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Paired bootstrap comparisons were performed between the proposed fusion and each individual
model to estimate differences in ROC-AUC and PR-AUC, together with corresponding 95% confi-
dence intervals and p-values. McNemar’s test was used to compare paired classification outcomes at
the specified fixed decision thresholds. Calibration was assessed using the Brier score and calibra-
tion curves [24]. The Brier score was used as a quantitative measure of probabilistic prediction error,
with lower values indicating lower squared probability error on the evaluated test set. SHAP analysis
was used to examine the contribution of engineered ECG features in the XGBoost component [26].
For fixed operating-point comparison, the development-selected threshold of 0.740 was applied to
the CNN probabilities, whereas XGBoost was evaluated using its fixed threshold of 0.50.

3. RESULTS AND DISCUSSION

3.1 Development OOF Results and Fusion Selection

Strict patient-level five-fold OOF prediction was performed within the development set, with each
recording receiving a prediction from a model that had not been trained using recordings from the
same patient. The CNN achieved an OOF ROC-AUC of 0.9907 and PR-AUC of 0.8938, whereas
XGBoost achieved an OOF ROC-AUC of 0.9628 and PR-AUC of 0.7268.

The OOF probabilities from the two branches were used to evaluate the probability-fusion config-
uration without using the independent test set. Combining CNN and XGBoost probabilities using
weights of 0.75 and 0.25, respectively, produced an OOF ROC-AUC of 0.9919 and PR-AUC of
0.9146. At the reference threshold of 0.50, the fusion yielded an F1-score of 0.8448 and MCC of
0.8381.

The final decision threshold was subsequently selected from the development-set OOF fusion prob-
abilities by maximizing F1-score, with MCC used as the tie-breaking criterion. This procedure
yielded a threshold of 0.740. Neither the labels nor the predictions from the independent patient-
level test set were used during threshold selection, and the selected threshold was fixed before
independent test evaluation.

TABLE 3 presents the development-set OOF performance and fusion results.

Table 3: Development-set out-of-fold performance of the evaluated models and fusion strategies.

Model/Configuration OOF ROC-AUC OOF PR-AUC F1-score MCC
XGBoost OOF 0.9628 0.7268 0.6146 0.6090
CNN OOF 0.9907 0.8938 0.8284 0.8226
CNN–XGBoost Fusion 0.9919 0.9146 0.8448 0.8381
Note: F1-score and MCC in this table are reported at a threshold of 0.50. The final decision
threshold of 0.740 was selected separately from the development-set OOF fusion probabilities by
maximizing F1-score, with MCC as the tie-breaking criterion, and was fixed before independent
test evaluation.
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3.2 Independent Test Performance

After completion of development-stage model selection, fusion-weight selection, and decision-
threshold selection, the finalized models were evaluated on the independent patient-level test set
comprising 4,429 ECG recordings from 3,774 patients, including 313 AF and 4,116 non-AF record-
ings. No patient was shared between the development and independent test partitions, and the
test set was not used for model training, fusion-weight selection, or threshold optimization. The
performance of the evaluated classifiers is presented in TABLE 4. XGBoost achieved a ROC-AUC
of 0.9575 and PR-AUC of 0.7413, with an accuracy of 95.46% and F1-score of 60.97%. The CNN
achieved a ROC-AUC of 0.9892, PR-AUC of 0.9113, accuracy of 98.37%, and F1-score of 88.92%.

Table 4: Performance of the evaluated classifiers on the independent patient-level test set.

Model ThresholdAccuracy Precision Sensitivity Specificity F1 BA MCC 𝜿 ROC-AUCPR-AUC Brier
(%) (%) (%) (%) (%) (%) (%) (%)

Decision
Tree

0.50 91.35 39.88 44.09 94.95 41.88 69.52 0.373 0.372 69.75 24.11 0.0842

Random
Forest

0.50 94.04 81.01 20.45 99.64 32.65 60.04 0.389 0.307 94.23 61.85 0.0425

AdaBoost 0.50 92.93 0.00 0.00 100.00 0.00 50.00 0.000 0.000 84.87 35.63 0.0910
Extra Trees 0.50 94.02 82.43 19.49 99.68 31.52 59.59 0.383 0.296 93.92 63.33 0.0438
XGBoost 0.50 95.46 77.72 50.16 98.91 60.97 74.53 0.603 0.587 95.75 74.13 0.0335
CNN 0.740 98.37 85.76 92.33 98.83 88.92 95.58 0.881 0.880 98.92 91.13 0.0164
CNN–
XGBoost
Fusion

0.740 98.56 90.29 89.14 99.27 89.71 94.20 0.889 0.889 98.97 94.53 0.0134

Note: BA, balanced accuracy; MCC, Matthews correlation coefficient; 𝜅, Cohen’s kappa. ROC-AUC and PR-AUC
are threshold-independent. For the CNN, 0.740 denotes the development-selected fusion threshold applied for fixed
operating-point comparison; XGBoost was evaluated at its fixed threshold of 0.50.

The proposed CNN–XGBoost fusion achieved a ROC-AUC of 0.9897 and PR-AUC of 0.9453.
At the development-selected threshold of 0.740, the fusion achieved 98.56% accuracy, 90.29%
precision, 89.14% sensitivity, 99.27% specificity, and 89.71% F1-score. Balanced accuracy was
94.20%, MCC was 0.889, and Cohen’s kappa was 0.889. The Brier score was 0.0134. Relative
to the CNN, the fusion increased PR-AUC from 0.9113 to 0.9453, while ROC-AUC changed from
0.9892 to 0.9897. The corresponding statistical comparison of these differences is presented in
Section 3.3. The ROC curves of the evaluated classifiers on the independent patient-level test set
are shown in FIGURE 2. The precision–recall curves for the evaluated classifiers on the independent
patient-level test set are presented in FIGURE 3.
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Figure 2: Receiver operating characteristic curves of the evaluated classifiers on the independent
patient-level test set.

Figure 3: Precision–recall curves of the evaluated classifiers on the independent patient-level test
set.
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3.3 Statistical Validation and Calibration

Bootstrap resampling of the independent patient-level test predictions was used to estimate 95%
confidence intervals for the principal performance measures. The proposed fusion achieved a ROC-
AUC of 0.9897 (95% CI: 0.9820–0.9953), PR-AUC of 0.9453 (95% CI: 0.9221–0.9640), accuracy
of 98.56% (95% CI: 98.22–98.89%), F1-score of 89.71% (95% CI: 87.14–91.99%), and MCC of
0.889 (95% CI: 0.861–0.914). The corresponding confidence intervals are shown in FIGURE 4.
The bootstrap 95% confidence intervals for the principal performance metrics and the Brier scores
of all evaluated models are reported in TABLE 5. Paired bootstrap comparisons showed that the
difference in ROC-AUC between the fusion and CNN was 0.0004 (95% CI: -0.0033 to 0.0042; p =
0.789), indicating no statistically supported difference in ROC-AUC. In contrast, the fusion showed
a PR-AUC increase of 0.0331 relative to the CNN (95% CI: 0.0051–0.0676; p = 0.018). Compared
with XGBoost, the fusion showed differences of 0.0322 in ROC-AUC (95% CI: 0.0245–0.0403; p
< 0.001) and 0.2039 in PR-AUC (95% CI: 0.1659–0.2442; p < 0.001).

Figure 4: Bootstrap 95% confidence intervals for the principal performance measures of XGBoost,
CNN, and the proposed fusion.

McNemar’s test yielded p = 0.185 for the fusion versus CNN comparison and p < 0.001 for the
fusion versus XGBoost comparison at their respective fixed operating thresholds. Calibration was
assessed using Brier scores and calibration curves. The Brier scores were 0.0335 for XGBoost,
0.0164 for CNN, and 0.0134 for the fusion, with the corresponding calibration curves shown in
FIGURE 5.
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Figure 5: Calibration curves for XGBoost, CNN, and the proposed CNN–XGBoost fusion on the
independent test set.

Table 5: Bootstrap 95% confidence intervals and Brier scores for the evaluated models on the
independent patient-level test set.

Model ROC-AUC
(95% CI)

PR-AUC
(95% CI)

Accuracy
(95% CI)

F1-score
(95% CI)

MCC
(95% CI)

Brier

XGBoost 0.9575
(0.9455–0.9670)

0.7413
(0.6976–0.7837)

95.46
(94.85–96.05)

60.97
(55.78–65.83)

0.603
(0.553–0.653)

0.0335

CNN 0.9892
(0.9825–0.9942)

0.9113
(0.8744–0.9440)

98.37
(98.01–98.74)

88.92
(86.26–91.30)

0.881
(0.853–0.907)

0.0164

CNN–
XGBoost
Fusion

0.9897
(0.9820–0.9953)

0.9453
(0.9221–0.9640)

98.56
(98.22–98.89)

89.71
(87.14–91.99)

0.889
(0.861–0.914)

0.0134

3.4 Explainability of the Feature-Based Component

SHAP analysis was implemented for the XGBoost branch to examine the influence of the engi-
neered ECG features. The SHAP summary plot showing the contribution and direction of these
features is presented in FIGURE 6. The analysis identified contributions from heart-rate and heart-
rate-variability measures, QRS-related characteristics, ST-segment measures, lead-wise statistical
descriptors, and frequency-domain features. These findings provide an interpretable view of the
engineered-feature branch and complement the waveform-based representation learned by the CNN.
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Because SHAPwas applied only to XGBoost, the resulting feature contributions should not be taken
as explanations of the CNN representations or of the complete CNN–XGBoost fusion model.

Figure 6: SHAP summary plot showing the contribution and direction of engineered ECG features
in the XGBoost component.

3.5 Discussion

The results indicate that the CNN and XGBoost branches capture complementary representations
of ECG information. The CNN learns directly from twelve-lead waveforms, whereas XGBoost
operates on engineered temporal, morphological, statistical, and frequency-domain features. The
proposed probability fusion therefore combines two distinct representations rather than relying on a
single input representation. On the independent test set, the fusion increased PR-AUC from 0.9113
for the CNN to 0.9453 and reduced the Brier score from 0.0164 to 0.0134. These changes indicate
that the principal observed benefit of the heterogeneous fusion was in precision–recall performance
and probabilistic prediction error rather than a material change in ROC-AUC.
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The statistical analysis provides an important qualification to this observation. The difference in
ROC-AUC between the fusion and CNNwas 0.0004 and was not statistically supported (p = 0.789),
whereas the increase in PR-AUC of 0.0331 was statistically supported (p = 0.018). Compared with
XGBoost, statistically supported differenceswere observed for both ROC-AUC and PR-AUC. Thus,
the results support the value of evaluating the heterogeneous fusion using metrics beyond accuracy
and ROC-AUC, particularly in the presence of substantial class imbalance.

An important practical aspect of the study is the separation of model development from final evalu-
ation. Patient-level partitioning prevented recordings from the same patient from appearing across
the development and independent test sets. Within the development set, five-fold OOF predictions
were used for fusion-weight selection and decision-threshold selection, while the independent test
set remained untouched until final evaluation. The decision threshold of 0.740 was therefore de-
termined without using independent test predictions. This design reduces the risk of information
leakage during model selection and provides a clearer estimate of performance on previously unseen
patients.

The heterogeneous fusion also introduces additional modelling complexity compared with using
the CNN alone. The observed increase in PR-AUC and reduction in Brier score provide empirical
justification for evaluating this added component, but the computational and implementation costs
of maintaining both branches should be considered in practical deployment. The present results
therefore support the methodological utility of the fusion within the evaluated setting rather than
establishing that the additional branch is necessary for every AF-detection application.

There are several limitations to this study. First, the analysis was conducted using PTB-XL, and
external validation on independent multi-centre and prospective ECG datasets is required to assess
generalizability across patient populations, acquisition systems, and clinical settings [27]. Second,
the bootstrap analysis was performed at the ECG-recording level and did not explicitly account for
within-patient clustering. Third, SHAP analysis was limited to the engineered-feature/XGBoost
component and therefore does not provide a complete explanation of the waveform-based CNN or
the fused prediction. Finally, the fixed fusion weights and decision threshold were selected within
the development dataset; their robustness should be evaluated in external datasets before clinical
use.

4. CONCLUSION

This study presented a patient-level heterogeneous CNN–XGBoost probability-fusion framework
for atrial fibrillation detection using the PTB-XL database. The framework combines waveform rep-
resentations learned from twelve-lead ECGs with engineered ECG features and uses development-
set out-of-fold predictions to determine the fusion configuration and decision threshold while pre-
serving an independent patient-level test set for final evaluation. On the independent test set, the
proposed fusion achieved an accuracy of 98.56%, F1-score of 89.71%, ROC-AUC of 0.9897, PR-
AUC of 0.9453, and Brier score of 0.0134 at the fixed decision threshold of 0.740. Compared
with the CNN, the fusion produced a statistically supported increase in PR-AUC, whereas the
difference in ROC-AUC was not statistically supported. These findings indicate that the principal
observed benefit of combining the two representations was in precision–recall performance and
probabilistic prediction error. The study also demonstrates the importance of patient-level separa-
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tion and development-only OOF procedures when evaluating ensemble ECGmodels. However, the
findings are based on PTB-XL, and external validation on independent multi-centre and prospective
ECG datasets is required before assessing generalizability to other populations and clinical settings.
Future work should also evaluate the robustness of the fusion configuration and threshold across
external datasets and account explicitly for patient-level clustering in statistical validation.
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