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Heart rate recovery (HRR) provides valuable information on cardiovascular autonomic 

regulation and functional recovery after exercise, yet conventional assessment methods 

often rely on predefined thresholds and may not capture individualized recovery dynamics. 

This study proposes a physiologically constrained deep learning framework for wearable 

photoplethysmography (PPG)-based HRR assessment in patients undergoing cardiac 

rehabilitation. The proposed model integrates convolutional neural networks, temporal 

convolutional networks, squeeze-and-excitation mechanisms, and gated transformer 

networks to learn both local and long-range temporal characteristics from 60-s HRR 

sequences. To incorporate physiological knowledge into model optimization, an 

exponential decay constraint was introduced to guide the learning of recovery trajectories. 

A total of 1,307 HRR samples collected from 34 patients with coronary artery disease were 

analyzed using strict patient-level data partitioning and an independent test cohort. The 

proposed framework achieved an accuracy of 92.98%, sensitivity of 88.89%, and area under 

the curve (AUC) of 0.9730 on the independent test set. Comparative experiments with 

conventional machine-learning approaches, ablation studies, and SHapley Additive 

exPlanations (SHAP)-based interpretation further demonstrated the effectiveness and 

physiological relevance of the proposed method. These findings indicate that integrating 

physiological constraints with deep learning can improve the analysis of wearable-derived 

HRR signals and may support intelligent monitoring strategies for personalized cardiac 

rehabilitation. 

Keywords: 
heart rate recovery, wearable 

photoplethysmography, Physiological 

constraint learning, deep learning, coronary 

artery disease, cardiac rehabilitation, 

cardiovascular monitoring 

1. INTRODUCTION

Coronary artery disease (CAD) remains a major contributor 

to global cardiovascular morbidity and mortality, particularly 

among ageing populations. Early detection and continuous 

monitoring are essential for timely intervention, and wearable 

sensors now provide continuous, non-invasive monitoring of 

physiological signals that enable early identification of 

abnormal cardiac patterns [1-5].  

The increasing adoption of wearable technology has 

facilitated the large-scale collection of physiological signals 

such as heart rate (HR), heart-rate variability (HRV), and step 

count from individuals in daily life [6-8]. These data have been 

used to estimate cardiorespiratory fitness, predict 

hospitalization risk, and identify adverse cardiovascular 

outcomes [9-11]. Hybrid and Bayesian models have been 

developed to simulate personalized HR responses during 

workouts for more accurate fitness recommendations [12]. 

Heartbeat time-series analysis using machine learning has 

demonstrated diagnostic potential for differentiating health 

states based on HRV patterns [13], while non-linear modelling 

of RR-interval fluctuations has shown improved 

cardiovascular monitoring performance [14]. Recent studies 

have demonstrated that continuous heart rate recovery (HRR) 

monitoring from wearable ECG signals can identify 

cardiovascular risk groups. These findings support its use in 

large-scale population settings [15]. 

HRR is a key indicator of cardiovascular autonomic 

function, particularly following rehabilitation exercise. 

Delayed responses have been observed in individuals with 

type 1 diabetes and novice female runners [16, 17]. However, 

conventional HRR assessment methods are often based on 

fixed thresholds and may not fully capture the dynamic 

recovery behaviour observed across different individuals, 

potentially limiting their effectiveness for personalized CAD 

risk assessment during rehabilitation. As wearable devices 

continue to improve in signal fidelity, validation studies have 

confirmed their accuracy in heart-rate measurement during 

rehabilitation and exercise testing contexts, with acceptable 

error margins even among patients with cardiovascular disease 

[18]. 

Advances in machine learning and artificial intelligence 

have further supported applications in cardiovascular risk 

prediction, continuous monitoring, and short-term forecasting 
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using physiological and wearable-derived HR and HRV data 

[19-22]. These technologies have also been applied in exercise 

physiology to classify athlete profiles, estimate perceived 

exertion, and model recovery dynamics [23-25]. A recent 

review highlights deep learning for biomedical signal analysis 

[26]. 

However, most existing HRR classification approaches 

remain purely data-driven, and physiological recovery 

behaviour is rarely incorporated directly into model training. 

As a result, the learned representations may not fully reflect 

known cardiovascular recovery mechanisms. This limitation is 

particularly relevant for HRR analysis, where post-exercise 

recovery is commonly characterized by an exponential decay 

pattern. This physiological behaviour reflects the gradual 

withdrawal of sympathetic activity and reactivation of 

parasympathetic regulation following exercise cessation. 

Despite the growing application of deep learning in 

wearable cardiovascular monitoring, limited studies have 

explicitly incorporated physiological recovery mechanisms 

into HRR classification frameworks. Consequently, the 

potential benefits of integrating physiological recovery 

knowledge into wearable-based CAD assessment remain 

underexplored. This gap motivates the development of a 

learning framework capable of combining physiological 

knowledge with wearable-derived HRR data. 

Therefore, this study proposes an exponential decay-

constrained Convolutional Neural Network–Temporal 

Convolutional Network–Squeeze-and-Excitation–Gated 

Transformer Network (CNN-TCN-SE-GTN) framework for 

classifying HRR patterns using wearable-derived signals 

collected during cardiac rehabilitation. The framework 

incorporates a physiologically motivated exponential decay 

constraint during training. The objective is to encourage 

physiologically plausible recovery representations while 

maintaining classification performance for HRR assessment.  

The main contributions of this study are threefold. First, an 

exponential decay-constrained CNN-TCN-SE-GTN 

framework is developed for HRR classification. Second, a 

physiologically motivated exponential decay constraint is 

incorporated to guide recovery representation learning. Third, 

the proposed framework is comprehensively evaluated using 

patient-level testing, ablation analysis, traditional machine-

learning benchmarks, and SHapley Additive exPlanations 

(SHAP)-based interpretability analysis. 

 

 

2. METHODOLOGY 

 
Ethical approval for this study was obtained from the 

institutional research ethics committee (IREC 2023-194). All 

procedures were conducted in accordance with relevant 

guidelines and regulations and adhered to the ethical principles 

outlined in the Declaration of Helsinki. Informed consent was 

obtained from all participants before they participated in the 

study.  

Patients diagnosed with ischemic heart disease who had 

undergone coronary angiography were recruited for the study. 

Each patient was required to be clinically stable, capable of 

using smartphone-based rehabilitation applications, and at 

least 18 years of age. Exclusion criteria included patients with 

severe arrhythmias, recent myocardial infarction, or 

contraindications to exercise. 

A total of 34 patients were enrolled. Multiple home-based 

rehabilitation sessions were collected from each participant, 

resulting in 1,307 HRR samples. Each rehabilitation session 

generated one HRR sample consisting of a 60-s post-exercise 

recovery segment. The number of sessions per patient ranged 

from 6 to 55 sessions. Because multiple sessions were 

collected from the same individual, patient-level separation 

was enforced during model development to prevent 

information leakage between training, validation, and testing 

datasets. 

Clinical labels were assigned by a board-certified 

cardiologist based on coronary angiography findings and 

overall clinical assessment. Consequently, some diagnostic 

categories such as unstable angina (UA) were represented in 

both groups. Patients with UA without clinically significant 

coronary artery obstruction were classified as ‘Normal’, 

whereas patients with angiographically confirmed 

pathological findings were classified as ‘Abnormal’. 

Therefore, the binary labels reflected the final clinical 

interpretation of coronary angiography rather than the disease 

category itself. Patients with treated single-vessel disease 

(SVD) were classified as ‘Abnormal’ because they had a prior 

angiographically confirmed diagnosis of CAD. The binary 

labelling strategy was based on the final clinical diagnosis and 

angiographic findings rather than whether treatment had been 

performed. 

HR data were collected from a standardized rehabilitation 

exercise protocol, which consisted of: 

•120 s warm up 

•180 s run slowly 

•180 s run as fast as possible 

•60 s cooling down 

HRR data were recorded for 60 s beginning at the start of 

the cooling-down period using PPG-equipped wearables and 

uploaded to Firebase cloud storage for analysis.  

 
2.1 Heart rate recovery feature extraction and statistical 

analysis  

 

Statistical descriptors were derived from raw HRR 

sequences ({hr1, hr2, …, hr60}). These features were calculated 

for analysis and physiological characterization, but the final 

model used only the raw HRR sequence as input. 

 
𝐷𝑟𝑜𝑝: 𝐻𝑅𝑑𝑟𝑜𝑝 = ℎ𝑟1 − ℎ𝑟60 (1) 

 

𝑆𝑙𝑜𝑝𝑒: 𝐻𝑅𝑠𝑙𝑜𝑝𝑒 =
ℎ𝑟1 − ℎ𝑟60

60
 (2) 

 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒: 𝐻𝑅𝑣𝑎𝑟 =
1

𝑛 − 1
∑(ℎ𝑟𝑖 − 𝐻𝑅̅̅ ̅̅ )2

𝑛

𝑖=1

 (3) 

 
Baseline characteristics of patients were summarized. 

Continuous variables, such as age and HR, were expressed as 

mean ± standard deviation (SD). Meanwhile, categorical 

variables such as gender and clinical groups were reported as 

counts and percentages. 

The normal and abnormal groups were compared using the 

following tests: 

For an independent test, 𝑥̄1 and 𝑥̄2 represent the means of 

the two groups, 𝑠1
2  and 𝑠2

2  denote their respective variances, 

and 𝑛1 and 𝑛2 indicate the sample sizes of each group. 
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𝐼𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑡𝑡𝑒𝑠𝑡, 𝑡 =
𝑥1̅̅ ̅ − 𝑥2̅̅ ̅

√𝑠1
2

𝑛1
+

𝑠2
2

𝑛2

 
(4) 

 

The chi-squared test for categorical variables is defined as 

follows, where O and E represent the observed and expected 

frequencies, respectively: 

 

𝑥2 =
(𝑂 − 𝐸)2

𝐸
 (5) 

 

Fisher’s Exact Test was used for 2 × 2 categorical 

comparisons with a small sample size or zero counts to 

determine the exact p-value for the association between 

groups, where 𝑛 = 𝑎 + 𝑏 + 𝑐 + 𝑑. 

 

𝑝 =
(𝑎 + 𝑏)! (𝑐 + 𝑑)! (𝑎 + 𝑐)! (𝑏 + 𝑑)!

𝑎! 𝑏! 𝑐! 𝑑! 𝑛!
 (6) 

 

Analysis of variance (ANOVA) was used to test the age 

differences across clinical groups. Two-sided statistical tests 

were performed, and statistical significance was defined as p 

< 0.05. For results with very small p-values, p < 0.001 was 

reported to indicate strong statistical evidence. Effect sizes 

were additionally reported where appropriate. 

 

𝐹 =
𝑀𝑆𝑏𝑒𝑡𝑤𝑒𝑒𝑛

𝑀𝑆𝑤𝑖𝑡ℎ𝑖𝑛
 (7) 

 

2.2 Model development 
 

The hybrid model combines CNNs for local feature 

extraction, TCNs for temporal dependency modelling, SE 

blocks for adaptive feature recalibration, and a transformer 

(GTN) for long-range dependency analysis of HRR patterns 

(Figure 1). 

The model used only the 60-second HRR sequence sampled 

at 1 Hz as input. Each HRR sample was represented as a 60 × 

1 time-series vector corresponding to the recovery period 

immediately following exercise cessation. Demographic 

variables, clinical categories, and handcrafted statistical 

descriptors were excluded from the final model to evaluate the 

discriminative capability of HRR dynamics alone. 

 

 
 

Figure 1. Heart rate recovery (HRR) classification workflow pipeline 
Note: ANOVA = analysis of variance; ISMOTE = Improved Synthetic Minority Over-Sampling Technique; UA = unstable angina; SVD = single-vessel disease; 

CAD = coronary artery disease; Acc = Accuracy; CNN = Convolutional Neural Network; TCN = Temporal Convolutional Network; SE = Squeeze-and-

Excitation; GTN = Gated Transformer Network; SHAP = SHapley Additive exPlanations. 

 

To address class imbalance, we applied the Improved 

Synthetic Minority Over-Sampling Technique (ISMOTE) in 

the training split only, which generates synthetic minority 

samples by interpolating between data point xi and one of its 

nearest neighbours xnn: 

 

𝑥𝑛𝑒𝑤 = 𝑥𝑖 + 𝜆(𝑥𝑛𝑛 − 𝑥𝑖), 𝜆 ∈ [0,1] (8) 

2.3 Exponential decay constraint 

 

To investigate the influence of physiological recovery 

behaviour on model performance, several constraint functions 

were explored during model development. These constraints 

were designed to encourage recovery patterns that are 

consistent with known HRR characteristics. 
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Three constraint formulations were evaluated during the 

ablation study, including slope-based, variance-based, and 

exponential decay constraints. These constraints were 

assessed independently to determine their contribution to HRR 

classification performance. 

 

𝐿𝑠𝑙𝑜𝑝𝑒 =
1

𝑁
∑(𝑠𝑙𝑜𝑝𝑒𝑝𝑟𝑒𝑑 − 𝑠𝑙𝑜𝑝𝑒𝑡𝑟𝑢𝑒)2 (9) 

 

𝐿𝑣𝑎𝑟 =
1

𝑁
∑(𝑣𝑎𝑟𝑝𝑟𝑒𝑑 − 𝑣𝑎𝑟𝑡𝑟𝑢𝑒)2 (10) 

 

𝐻𝑅(𝑡) = 𝐻𝑅𝑟𝑒𝑠𝑡 + (𝐻𝑅𝑝𝑒𝑎𝑘 − 𝐻𝑅𝑟𝑒𝑠𝑡)𝑒−𝑘𝑡 (11) 

 

where, k denotes the exponential decay constant that controls 

the rate of HRR decline. In this study, k was estimated 

independently for each 60-s HRR session by fitting the 

observed HRR sequence to the exponential recovery equation 

using nonlinear least-squares curve fitting. Therefore, k was 

not treated as a fixed global parameter but was allowed to vary 

across sessions and patients. 

 

𝐿𝑒𝑥𝑝 =
1

𝑁
∑(𝐻𝑅𝑝𝑟𝑒𝑑(𝑡) − 𝐻𝑅𝑡𝑟𝑢𝑒(𝑡))2 (12) 

 

The final model employed the exponential decay constraint 

because it demonstrated the best performance during the 

ablation study. The total training loss combined categorical 

cross-entropy with the exponential decay constraint in Eq. 

(13).  

 

𝐿 = 𝐿𝑐𝑙𝑎𝑠𝑠 + 𝜆𝐿𝑒𝑥𝑝 (13) 

 

where, 𝐿𝑐𝑙𝑎𝑠𝑠 represents the standard sparse categorical cross-

entropy classification loss, 𝐿𝑒𝑥𝑝  is the physiologically 

grounded exponential decay trajectory reconstruction penalty, 

and 𝜆 is the regularizing hyperparameter, which was fixed at 

0.2 during model compilation to properly balance gradient 

updates between the classification and trajectory constraint 

tasks. 

The slope and variance constraints were evaluated during 

model development but were not included in the final model 

because they provided lower classification performance than 

the exponential decay constraint. 

 

2.4 Model training and evaluation data partition strategy 

 

The dataset was standardized using z-score normalization 

parameters calculated exclusively from the training data to 

prevent data leakage. Only the 60-second HRR sequence was 

used as input for model development. 

To evaluate true model generalization on entirely unseen 

individuals, strict patient-level data partitioning was enforced. 

Twenty-six patients were allocated to the model development 

cohort, consisting of 22 patients for training and 4 patients for 

internal validation, while 8 patients were fully reserved as an 

independent test cohort as shown in Table 1. All tracking 

sessions from a given patient were assigned exclusively to a 

single cohort partition. This manual patient-isolated holdout 

strategy guarantees 100% separation, ensuring that zero intra-

patient data leakage occurred between the training, internal 

validation, and testing steps.  

The model was trained using the Adam optimizer with a 

learning rate of 0.001, batch size of 32, and a maximum of 100 

epochs. Early stopping (patience = 10) and adaptive learning-

rate reduction (factor = 0.5, patience = 3) were employed to 

reduce overfitting and improve convergence. 

 

Table 1. Dataset partition 

 
Dataset Patients Samples 

Development Set 26 1008 

Training Partition 22 839 

Internal Validation Partition 4 169 

Independent Test Set 8 299 

Total 34 1307 

 

Following model development, the final model was 

evaluated on an independent test cohort consisting of eight 

previously unseen patients. Model performance was assessed 

at both sample level and patient level using accuracy, 

precision, sensitivity, specificity, F1-score, and area under the 

receiver operating characteristic curve (AUROC). Patient-

level predictions were obtained by averaging the predicted 

probabilities across all sessions belonging to the same patient 

and assigning the final patient label based on the majority 

prediction. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (14) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (15) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (16) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (17) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (18) 

 

 

3. RESULTS 
 

3.1 Baseline characteristics of participants 

 

Table 2. Baseline demographic and clinical group 

distribution 

 
Variables Overall (N = 1307) 

Age (years) 43.6 ± 10.5 

Male, n (%) 1035 (79.2%) 

Female, n (%) 272 (20.8%) 

Atypical symptom 375 (28.7%) 

UA 374 (28.6%) 

SVD 173 (13.2%) 

3VD 148 (11.3%) 

SVD but treated 102 (7.8%) 

Mild CAD 48 (3.7%) 

UA with Obesity 46 (3.5%) 

2VD 29 (2.2%) 

Heart Failure 12 (0.9%) 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary 

artery disease. 

 

A total of 1307 HRR samples were analyzed. The mean age 

of the participants was 43.6 ± 10.5. The majority of the 

samples were from male patients (79.2%), while samples from 
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female patients accounted for 20.8%. The most frequent 

clinical categories were atypical symptoms (28.7%) and UA 

(28.6%), followed by SVD (13.2%) and triple-vessel disease 

(3VD) (11.3%). Smaller subgroups included treated SVD 

(7.8%), Mild CAD (3.7%), UA with obesity (3.5%), double-

vessel disease (2VD) (2.2%) and heart failure (0.9%). Table 2 

and Figure 2 present the baseline demographic characteristics 

of participants. The dataset consisted of 731 Normal samples 

and 576 Abnormal samples. The distribution of samples across 

clinical diagnostic categories and binary classification labels 

is summarized in Table 3. 

 

3.2 Comparisons between normal and abnormal groups 

 

The comparison of demographic and clinical characteristics 

between the normal and abnormal groups is presented in Table 

4 and Figure 3. The abnormal group was significantly older 

than the normal group (p < 0.05). No significant gender 

differences were observed. Significant differences were 

observed in clinical subgroup distributions between normal 

and abnormal groups. 

 

Table 3. Distribution of clinical categories according to 

binary classification labels 

 
Clinical Group Normal Abnormal Total 

UA 262 112 374 

Atypical symptom 375 0 375 

SVD 0 173 173 

3VD 0 148 148 

SVD but treated 0 102 102 

Mild CAD 48 0 48 

UA with Obesity 46 0 46 

2VD 0 29 29 

Heart Failure 0 12 12 

Total 731 576 1307 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary 

artery disease. 

 

Table 5 presents the statistical comparison of HRR-derived 

physiological features between normal and abnormal groups. 

Significant differences were observed for HR mean, HR drop, 

HR slope, and HR variance, with moderate effect sizes ranging 

from 0.47 to 0.79. In contrast, the estimated decay constant k 

showed no significant difference between groups (p = 0.108) 

and a negligible effect size (d = 0.10). 

 

 
 

Figure 2. Distribution of heart rate recovery (HRR) samples across clinical categories 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary artery disease. 

 

 
 

Figure 3. Normal (blue bars)-abnormal (orange bars) clinical subgroup differences 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary artery disease. 
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Table 4. Comparisons of normal vs. abnormal groups  
 

Variables Normal Abnormal Test Statistic p 

Age (years) 37.3 ± 6.4 51.6 ± 9.0 t = −32.37 <0.001, Cohen's d = 1.87 

Gender, n Male: 575; Female:156 Male: 460; Female:116 X2 = 0.21 0.644 

UA 262 112  <0.001 

Atypical symptom 375 0  <0.001 

SVD 0 173  <0.001 

3VD 0 148  <0.001 

SVD but treated 0 102  <0.001 

Mild CAD 48 0  <0.001 

UA with Obesity 46 0  <0.001 

2VD 0 29  <0.001 

Heart Failure 0 12  <0.001 

Overall Group   X2 = 988.68, df = 8 <0.001 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary artery disease. 

 

Table 5. Statistical comparison and effect size analysis of heart rate recovery (HRR)-derived features 
 

Variables Normal Mean Abnormal Mean p-Value Cohen’s d 

HRR mean 130.92 117.61 <0.001 −0.79 

HRR drop 22.98 16.33 <0.001 −0.51 

HRR slope −0.383 −0.272 <0.001 0.51 

HRR variance 76.12 39.15 <0.001 −0.47 

k 0.0181 0.0221 0.108 0.10 

 

3.3 Comparisons of mean age across clinical subgroups 

 

One-way ANOVA revealed significant differences in mean 

age across the nine clinical subgroups (F = 268.66, p < 0.05). 

Patients with heart failure and SVD had a higher mean age 

than those with atypical symptoms or UA. Table 6 and Figure 

4 show the mean age across clinical subgroups. 

 

3.4 Heart rate recovery pattern analysis 

 

Figure 5 illustrates the mean HRR trajectories of the normal 

and abnormal groups in the independent test cohort. Both 

groups exhibited a progressive reduction in HR during the 60-

s recovery period. However, distinct recovery patterns were 

observed between groups throughout the recovery interval. 

The normal group demonstrated a consistently different HRR 

trajectory compared with the abnormal group, indicating that 

temporal recovery dynamics contain discriminative 

information for CAD classification. The variability bands 

further show that the proposed framework was trained on 

physiologically heterogeneous recovery patterns. 

 

Table 6. Mean age comparisons 

 
Variables n Mean age ± SD (years) 

Atypical symptom 375 33.2 ± 6.4 

UA 374 44.2 ± 6.0 

SVD 173 56.2 ± 10.6 

3VD 148 52.1 ± 8.2 

SVD but treated 102 45.8 ± 6.7 

Mild CAD 48 41.0 ± 0.0 

UA with Obesity 46 35.7 ± 7.2 

2VD 29 55.0 ± 0.0 

Heart Failure 12 58.0 ± 0.0 

Overall N = 1307 43.6 ± 10.5 

ANOVA  F = 268.66, p < 0.001 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary 

artery disease; SD = standard deviation, ANOVA = analysis of variance. 

 

 
 

Figure 4. Mean age (±SD) across clinical subgroups 
Note: UA = unstable angina; SVD = single-vessel disease; CAD = coronary artery disease; SD = standard deviation. 
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Figure 5. Mean heart rate recovery (HRR) recovery 

trajectories for normal and abnormal groups in the 

independent test cohort (shaded areas represent ±1 standard 

deviation (SD)) 

 

3.5 Performance comparison on independent test set 

 

An ablation study was performed to evaluate the 

contribution of each physiologically motivated constraint in 

Table 7, with additional metrics in Table 8. Five 

configurations were tested: no constraint, slope constraint, 

variance constraint, exponential decay constraint, and 

combined constraints. The combined model included slope, 

variance, and exponential decay constraints together. 

The exponential decay constraint achieved the best overall 

performance, with the highest accuracy, specificity, and F1-

score. Therefore, the exponential decay constraint was 

selected as the final model configuration. The combined 

constraint model did not improve performance, suggesting that 

adding multiple constraints may introduce competing 

optimization objectives. 

 

Table 7. Test set performance (key metrics)  

 
Model 

Configuration 
Accuracy AUC Sensitivity 

F1-

Score 

No constraint 0.9064 0.9722 0.8678 0.8824 

Slope Constraint 0.9064 0.9731 0.8974 0.8824 

Variance 

constraint 
0.9097 0.9699 0.8689 0.8870 

Combined 

Constraint 
0.8963 0.9725 0.8205 0.8610 

Exponential 

Decay Constraint 
0.9298 0.9730 0.8889 0.9083 

Note: AUC = Area Under the Curve. 
 

Table 8. Test set performance (additional metrics) 

 
Model Configuration Precision Specificity 

No Constraint 0.8678 0.9121 

Slope constraint 0.8678 0.8974 

Variance constraint 0.8689 0.9121 

Combined Constraint 0.9057 0.8205 

Exponential decay constraint 0.9286 0.9560 

 

3.6 Comparison with traditional machine learning models 

on the independent test cohort 

 

To benchmark the proposed framework, three traditional 

machine-learning models, namely Random Forest, XGBoost, 

and LightGBM, were evaluated using the same independent 

test cohort. As shown in Table 9 and Table 10, the proposed 

exponential-decay-constrained model achieved the highest 

overall accuracy (0.9298), AUC (0.9730), and F1-score 

(0.9083). Although Random Forest and XGBoost achieved 

competitive performance, their sensitivity values were lower 

than that of the proposed model. These findings suggest that 

incorporating temporal HRR dynamics through deep learning 

provides additional discriminative capability beyond 

conventional machine-learning approaches. 

 

Table 9. Test set performance (key metrics)  

 

Model Accuracy AUC Sensitivity 
F1-

Score 

LightGBM 0.8792 0.9441 0.8291 0.8362 

Random Forest 0.9130 0.9621 0.8376 0.8829 

XGBoost 0.9097 0.9590 0.8205 0.8767 

Proposed Model 0.9298 0.9730 0.8889 0.9083 
Note: AUC = Area Under the Curve. 

 

Table 10. Test set performance (additional metrics) 

 
Model Configuration Precision Specificity 

LightGBM 0.8435 0.9011 

Random Forest 0.9333 0.9615 

XGBoost 0.9412 0.9670 

Proposed Model 0.9286 0.9560 

 

3.7 Patient-level predictions on the independent test cohort 

 

Table 11 presents the patient-level predictions for the 

independent test cohort. Mean abnormal probabilities were 

consistently higher in abnormal patients (0.5847-0.8506) than 

in normal patients (0.1724-0.3419), demonstrating clear 

discrimination between the two groups. All eight patients were 

correctly classified, demonstrating consistent model 

performance at the patient level. 

 

Table 11. Patient-level predictions for the independent test 

cohort 

 

ID Session  
True 

Label 

Predicted  

Label 

Mean Abnormal 

Probability 

P27 15 Abnormal Abnormal 0.8506 

P28 48 Abnormal Abnormal 0.5847 

P29 54 Normal Normal 0.1750 

P30 54 Abnormal Abnormal 0.7990 

P31 31 Normal Normal 0.2026 

P32 22 Normal Normal 0.2198 

P33 49 Normal Normal 0.3419 

P34 26 Normal Normal 0.1724 

 

3.8 Model complexity analysis 

 

The proposed exponential decay-constrained CNN-TCN-

GTN-SE model contained 222,118 trainable parameters with 

a total model size of 867.65 KB. The model required 25.47 s 

for training and achieved an average inference time of 11.48 

ms per sample on the independent test set as depicted in Table 

12. 

 
Table 12. Model complexity and computational performance 

 

Parameters  
Model 

Size (KB) 

Training 

Time (s) 

Inference Time 

(ms/Sample) 

222118 867.65 25.47 11.48 

1967



3.9 Model interpretability analysis using SHapley Additive 

exPlanations 

 

SHAP analysis was performed on the final exponential 

decay-constrained CNN-TCN-GTN-SE model using the 

independent test cohort. As shown in Figure 6, the most 

influential features were concentrated between approximately 

10 and 20 seconds after recovery initiation, with hr16 

exhibiting the highest contribution to the classification 

outcome. These results suggest that the model primarily relied 

on intermediate recovery dynamics rather than a single heart-

rate measurement, indicating that temporal HRR patterns 

played an important role in distinguishing normal and 

abnormal recovery responses. 

 

 
 

Figure 6. SHapley Additive exPlanations (SHAP) analysis 

 

 

4. DISCUSSION  

 

The proposed exponential decay-constrained CNN-TCN-

SE-GTN framework achieved an independent test accuracy of 

92.98% and sensitivity of 88.89%. These findings demonstrate 

the potential of wearable-derived HRR signals for 

distinguishing between normal and abnormal recovery 

responses. Patient-level evaluation correctly classified all 

eight patients in the independent test cohort, indicating that the 

learned HRR representations generalized beyond individual 

rehabilitation sessions. This is particularly relevant because 

multiple sessions were collected from each participant. 

A key contribution of this study is the incorporation of an 

exponential decay constraint during training. Among the 

evaluated physiological constraints, the exponential decay 

formulation achieved the best performance in the ablation 

study. This result is consistent with the physiological 

behaviour of post-exercise HRR. By integrating physiological 

knowledge into the learning process, the proposed framework 

learned more representative HRR patterns while maintaining 

strong classification performance. 

The proposed framework also demonstrated competitive 

performance compared with Random Forest, XGBoost, and 

LightGBM under the same evaluation protocol. A contextual 

comparison with related studies is presented in Table 13. 

Direct numerical comparison should be interpreted cautiously 

because the studies employed different datasets, patient 

populations, sensing modalities, and prediction objectives. 

Therefore, Table 13 is intended to provide context for the 

present work rather than a direct benchmark against previous 

studies. Nevertheless, the findings support the potential of 

combining temporal deep-learning architectures with 

physiological constraints for modelling wearable-derived 

HRR trajectories. 

SHAP analysis indicated that the most influential features 

were concentrated between approximately 10 and 20 s after 

recovery initiation, suggesting that early-to-intermediate 

recovery dynamics contributed most strongly to classification 

performance. This finding is physiologically meaningful 

because autonomic reactivation is known to occur rapidly 

during the early phase of post-exercise recovery. The results 

further support that the proposed framework learned 

temporally relevant HRR characteristics rather than relying on 

isolated heart-rate measurements. 

Several limitations should be acknowledged. The dataset 

consisted of 1,307 HRR sessions collected from 34 patients 

and was derived from a single rehabilitation programme. In 

addition, wearable PPG signals may be affected by motion 

artefacts and sensor placement variability. The study was also 

retrospective in nature and has not yet been validated in a 

prospective clinical setting. Future work should focus on 

larger multi-centre datasets and prospective clinical 

validation. Although all eight patients in the independent test 

cohort were correctly classified at the patient level, this finding 

should be interpreted cautiously because of the limited number 

of test patients. In addition, age differed significantly between 

the normal and abnormal groups; therefore, future studies 

should evaluate age-matched cohorts or adjust for age-related 

HRR variation. The current analysis reports computational 

feasibility at the model level, but deployment on embedded 

wearable hardware remains future work. 

 

Table 13. Contextual comparison with related studies 

 
Ref. Method Result Lim. Highlight 

[27] Transformer 
Accuracy: 

93.4% 

Low 

interpretability 

HRR 

dynamics 

[28] CRNN 
Accuracy: 

65% 
Low specificity 

HRR 

features 

[29] GBoost 
Sensitivity: 

0.952 
Imaging 

Wearable 

HRR 

[30] LGBM 
AUROC: 

0.883 
Static 

Dynamic 

HRR 

[31] Hybrid 
Accuracy: 

98.7% 
Black-box 

Physics 

Loss 

This 

study 

CNN-TCN-

SE-GTN 

Accuracy: 

92.98% 

Sensitivity: 

88.89% 

Small Cohort 

Exponential 

Decay 

Constraint 

Note: Acc = Accuracy; HRR = heart rate recovery; CRNN = Convolutional 

Recurrent Neural Network; LGBM = Light Gradient Boosting Machine; 

CNN = Convolutional Neural Network; TCN = Temporal Convolutional 

Network; SE = Squeeze-and-Excitation; GTN = Gated Transformer 

Network. 

 

1968



 

5. CONCLUSIONS 

 

This study presented an exponential decay-constrained 

CNN-TCN-SE-GTN framework for classifying HRR patterns 

using wearable PPG data collected during cardiac 

rehabilitation. The proposed framework combines temporal 

deep-learning architectures with a physiologically motivated 

exponential decay constraint. Strong performance was 

achieved on an independent patient-level test cohort. The 

ablation and interpretability analyses further demonstrated the 

value of incorporating physiological knowledge into the 

learning process. Early recovery dynamics were also identified 

as important contributors to HRR classification. 

Overall, the findings support the potential of physiological 

constraint-based deep learning for wearable-based HRR 

analysis. Further validation in larger and more diverse 

populations is required. The findings provide a promising 

direction for future research in intelligent cardiac 

rehabilitation monitoring. 
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NOMENCLATURE 

 

Acc Accuracy, dimensionless 

AUC Area under the curve, dimensionless 

F1 F1-score, dimensionless 

HR(t) Heart rate at time t, bpm 

HRpeak Peak heart rate, bpm 

HRrest Resting heart rate, bpm 

HRmean Mean heart rate, bpm 

HRvar Variance of heart rate, bpm² 

HRdrop Heart rate drop, bpm 

k Exponential decay constant, s⁻¹ 
L Total loss function, dimensionless 

Lclass Classification loss, dimensionless 

Lexp Exponential decay loss, dimensionless 

Sens Sensitivity, dimensionless 

Spec Specificity, dimensionless 

t Time, s 

xi Input sample, dimensionless 

xnn Nearest neighbour sample, dimensionless 

xnew Synthetic sample (ISMOTE), dimensionless 

TP True positive, dimensionless 

TN True negative, dimensionless 

FP False positive, dimensionless 

FN False negative, dimensionless 

 

Greek symbols 

 

λ 
Weighting coefficient in loss function, 

dimensionless 

 

Subscripts 

 

class Classification component 

exp Exponential decay component 

i Sample index 

nn Nearest neighbour 

peak Peak value 

rest Resting value 

pred Predicted value 

true Ground truth value 
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