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SUMMARY:
This study proposes a generative AI–based framework that integrates GANs, VAEs, and attention-based deep convolutional networks to detect COVID-19 from cough audio signals, improving robustness, data balance, and cross-dataset generalization for scalable, non-invasive screening.

[bookmark: bookmark=id.1t3h5sf][bookmark: _heading=h.3dy6vkm]ABSTRACT:
[bookmark: _Hlk217924010]Cough audio analysis provides a practical pathway for developing automated tools to support COVID-19 disease screening. Despite growing interest, many existing approaches remain sensitive to noise, class imbalance, and dataset variability, limiting their reproducibility. This work presents a structured generative artificial intelligence–driven methodology for COVID-19 detection using cough sound recordings. Experiments are conducted using two publicly accessible datasets, COUGHVID and Virufy, both of which comprise labeled cough samples. The proposed protocol consists of sequential preprocessing stages, including cough segmentation, denoising, and signal normalization. Acoustic characteristics are then captured through Mel-Frequency Cepstral Coefficients, chroma descriptors, and spectral contrast features. To improve representation learning and mitigate data imbalance, a hybrid generative framework integrating Variational Autoencoders and Generative Adversarial Networks is employed to synthesize feature-level samples. Classification is subsequently performed using Deep Convolutional Neural Networks and Attention-based DCNN models. Performance evaluation indicates that incorporating generative augmentation consistently improves over non-generative baselines, achieving a peak classification accuracy of 97.2% and an AUROC of 0.953 across the evaluated datasets. These results demonstrate the effectiveness of generative modeling for enhancing cough-based COVID-19 detection and establish a reproducible analytical pipeline for future research in acoustic health monitoring.

INTRODUCTION:
Respiratory acoustics have increasingly been explored as a non-invasive source of information for health assessment, particularly in the context of infectious and pulmonary diseases. Advances in signal processing and artificial intelligence (AI) have enabled automated analysis of cough and breathing sounds, supporting their use as digital biomarkers. Recent studies demonstrate that respiratory sounds captured using microphones embedded in smartphones, wearable devices, or clinical sensors can be effectively analyzed using deep learning models to detect COVID-19 infection1,5. These developments highlight the potential of audio-based screening as a rapid, contactless, and scalable complement to conventional diagnostic procedures. Coronavirus Disease 2019 (COVID-19), caused by the SARS-CoV-2 virus, primarily affects the respiratory system and induces measurable changes in airflow dynamics, lung function, and vocal tract behavior. Although reverse transcription–polymerase chain reaction (RT-PCR) testing remains the reference standard for diagnosis, its logistical constraints and delayed turnaround time limit its suitability for large-scale or continuous screening, motivating the exploration of alternative approaches based on respiratory sound analysis.

A growing body of literature has investigated AI-driven COVID-19 detection using cough, breathing, and speech signals. As summarized in Table 1, prior studies have explored diverse datasets, acoustic feature representations (e.g., MFCC, STFT, spectrogram-based features), and learning paradigms ranging from classical machine learning models to deep convolutional, recurrent, attention-based, and transformer architectures⁸–²⁷˒⁴³–⁴⁵. Several works have demonstrated promising screening performance using crowdsourced and clinically collected respiratory audio. In contrast, others have emphasized the importance of transfer learning, data augmentation, and explainable AI for improving robustness and trustworthiness. Rather than repeating a detailed study-by-study discussion, Table 1 provides a consolidated comparative overview of these representative approaches, enabling direct comparison of datasets, methodologies, and reported outcomes.

Despite these advances, several limitations hinder the robustness and real-world applicability of existing approaches. Respiratory audio datasets are frequently collected under heterogeneous recording conditions, leading to substantial variability across devices, acoustic environments, and subject populations2,3,4. Many publicly available datasets rely on self-reported COVID-19 status, introducing uncertainty in label reliability7. In addition, pronounced class imbalance and limited availability of clinically validated samples restrict the generalization capability of discriminative models trained solely on observed data4,5. Consequently, model performance reported under controlled experimental settings does not consistently translate to reliable deployment across diverse real-world scenarios.

Taken together, these limitations highlight a critical research gap: the absence of a unified framework that simultaneously addresses data scarcity, class imbalance, and robust generalization across heterogeneous datasets. Although generative models such as Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) have been explored to learn latent representations and synthesize realistic biomedical signals6,7, existing studies typically employ these models independently and evaluate them within a single dataset. Moreover, their integration with attention-enhanced convolutional architectures and evaluation under cross-dataset conditions remains insufficiently investigated.

To address this gap, the present study proposes a generative AI-assisted framework for COVID-19 detection from cough sounds that integrates acoustic feature extraction with a hybrid GAN–VAE model and attention-based deep convolutional neural networks (DCNNs). The generative component mitigates class imbalance and limited sample availability through structured latent representation learning and synthetic data generation, while the discriminative models enhance classification robustness across heterogeneous datasets. Unlike prior works that rely predominantly on within-dataset validation, the proposed framework is evaluated using cross-dataset testing on an independent dataset, enabling a more rigorous assessment of generalization performance. The framework is intended as a screening-oriented approach rather than a standalone diagnostic tool, and its design explicitly accounts for recording variability and label uncertainty to support reproducible and reliable deployment.

In this context, the novel contributions of the present study are threefold. First, a unified GAN–VAE hybrid generative framework is integrated with attention-based DCNN classifiers to jointly address class imbalance, limited data availability, and robust feature representation learning in cough-based COVID-19 screening. Second, the proposed approach is systematically evaluated using cross-dataset validation, providing a more realistic assessment of model generalization compared with conventional within-dataset testing. Third, the study presents a detailed analysis of the impact of generative augmentation under heterogeneous recording conditions, thereby positioning the framework as a reproducible proof-of-concept for scalable, practical COVID-19 screening.

[Place Table 1 here]

PROTOCOL
Proposed Methodology
This study proposes a generative AI–based framework for detecting COVID-19 from cough signals. The framework integrates generative models with discriminative classifiers, with training and evaluation data kept strictly separate. Figure 1 illustrates the detailed architecture of the proposed GAN–VAE–ADCNN framework, showing the flow from audio preprocessing and feature extraction through latent representation learning via a Variational Autoencoder (VAE), synthetic feature generation using a Generative Adversarial Network (GAN), and final classification using Deep Convolutional Neural Networks (DCNN) and Attention-based DCNN (ADCNN). The figure shows that generative components are used only during training, while classification is performed using discriminative models.

[Place Figure 1 here]

Model Architecture and Implementation
The generative and discriminative models used in this framework were implemented with fixed and reproducible architectures. The GAN consists of a generator with three fully connected layers (128, 256, and 512 units) using ReLU activation, and a discriminator with three fully connected layers (512, 256, and 128 units) using LeakyReLU activation followed by a sigmoid output.

The VAE encoder comprises two fully connected layers with 256 and 128 units, followed by latent mean and variance estimation with a latent dimensionality of 64. The decoder mirrors this structure and is trained using a combination of reconstruction loss and Kullback–Leibler divergence to learn a structured and probabilistic latent space.

The DCNN classifier includes four convolutional blocks with 3×3 kernels and 32, 64, 128, and 256 filters, respectively. Each block is followed by batch normalization, a ReLU activation, and 2×2 max pooling. The ADCNN extends the DCNN by incorporating a channel-wise attention mechanism after the final convolutional block. All models were optimized using the Adam optimizer with a learning rate of 0.0001 and a batch size of 32. As shown in Figure 1, the VAE and GAN operate only during training, while DCNN and ADCNN are used for classification. The complete training and evaluation procedure is summarized in Algorithm 1.

Algorithm 1: GAN–VAE-Based COVID-19 Detection Framework
Input: Pre-processed cough audio recordings
Output: Binary classification label (COVID-19 positive/negative)

The training and evaluation procedures followed a fixed, reproducible pipeline. All cough audio recordings were resampled to 16 kHz, subjected to noise reduction, and amplitude normalized. The recordings were segmented into fixed-length segments, from which MFCC, chroma, and spectral features were extracted. A total of 40 Mel-Frequency Cepstral Coefficients (MFCCs) were extracted from each audio segment. In addition, 12 chroma features were computed. The resulting representation forms a 52-dimensional feature vector for each cough segment. Subject-level splitting was performed to divide the data into training, validation, and test sets. The VAE was trained to learn probabilistic latent representations, and the resulting latent vectors were used to train the GAN for synthetic feature generation. The training dataset was augmented using GAN–VAE–generated samples, while synthetic data were excluded from validation and testing. DCNN and ADCNN classifiers were trained on the augmented training data, and final evaluation was conducted on the held-out test set using standard performance metrics.

Training Setup, Data Splitting, and Leakage Prevention
All experiments were conducted with a fixed, reproducible training configuration. Data splitting was performed at the subject level before audio segmentation to prevent data leakage. The dataset was divided into training, validation, and test sets at an 80:10:10 ratio, ensuring that all segments from the same recording were assigned to a single subset. The training set was used for model learning and generative data augmentation, the validation set for hyperparameter tuning and early stopping, and the test set was held out for final performance evaluation. Synthetic samples generated by the GAN–VAE framework were used exclusively during training and were strictly excluded from validation and testing to ensure fair evaluation.

Models were trained for a maximum of 100 epochs, with early stopping based on validation loss and a patience of 10 epochs. Optimization was performed using the Adam optimizer with a learning rate of 0.0001 and a batch size of 32. Binary cross-entropy loss was applied for classification, while reconstruction and adversarial losses were used for training the VAE and GAN components, respectively. This unified training and evaluation protocol ensures reproducibility, prevents data leakage, and maintains strict separation between training and evaluation stages.

Dataset Description
Two publicly available cough audio datasets—COUGHVID and Virufy—were used to balance large-scale acoustic diversity with clinically referenced labels, with clearly separated roles in training and evaluation.

COUGHVID is a crowdsourced collection of cough recordings with partial expert annotation and self-reported metadata. To ensure data quality, 428 recordings were selected after applying predefined quality-control criteria, including minimum signal duration, adequate signal-to-noise ratio, removal of corrupted or ambiguous samples, and the presence of identifiable cough events with symptom metadata. After preprocessing and segmentation, these recordings yielded 1,719 cough segments, standardized to WAV format at a 16 kHz sampling rate. COUGHVID was used for training both the generative models and discriminative classifiers.

Virufy consists of physician-supervised cough recordings labeled as RT-PCR positive or negative for COVID-19. All 16 available recordings were included, resulting in 234 cough segments after segmentation, also standardized to 16 kHz. Virufy was used exclusively for external cross-dataset evaluation to assess generalization performance and was not used for training, fine-tuning, or generative augmentation. 

The proposed framework should therefore be interpreted as a proof-of-concept screening approach evaluated under controlled experimental conditions rather than as a clinically validated diagnostic system.

Data Preprocessing and Segmentation
All recordings were resampled to 16 kHz, converted to mono, and subjected to silence removal, spectral noise reduction, and amplitude normalization. Segmentation was performed after subject-level splitting to prevent data leakage. Each recording was divided into overlapping 2–4 s segments, and low-energy or silent segments were discarded.

External Validation Protocol
External validation was conducted through cross-dataset evaluation. Models trained on COUGHVID were evaluated on Virufy for external validation. This protocol assesses generalization across datasets collected under different conditions rather than prospective clinical validation. Figure 2 provides a protocol-level overview of this workflow, illustrating dataset usage, preprocessing, feature extraction, classifier training, and evaluation scenarios. While Figure 1 focuses on the internal model architecture, Figure 2 emphasizes experimental design and data flow across training and testing stages.

[Place Figure 2 here]

RESULTS
Dataset Composition and Class Distribution Analysis
Following preprocessing and segmentation, the COUGHVID and Virufy datasets showed substantial differences in both dataset scale and segment density. COUGHVID contributed 428 out of 444 recordings (96.4%) and 1,719 out of 1,953 extracted cough segments (88.0%), confirming its role as the primary dataset for model training and generative augmentation (Figure 3). In contrast, Virufy contributed only 16 recordings (3.6%) and 234 cough segments (12.0%) and was reserved exclusively for external cross-dataset evaluation. Notably, despite its smaller size, Virufy yielded a higher average number of segments per recording compared with COUGHVID, reflecting differences in recording structure and segmentation outcomes (Figure 3).

In addition to differences in dataset size, class distribution analysis highlights the impact of imbalance on training stability and evaluation reliability. The evaluated imbalance scenarios (balanced, slightly imbalanced, hospital-based, and community-based) demonstrate how skewed class proportions may reduce effective learning diversity and increase bias toward majority classes (Figure 4). This is further supported by entropy and Gini impurity analysis, which indicates that balanced distributions retain higher information content and provide more reliable learning signals than imbalanced datasets (Figure 5). These results describe the dataset composition and distribution characteristics used in subsequent experiments (Figures 3–5).

[Place Figure 3 here]
[Place Figure 4 here]
[Place Figure 5 here]

Evaluation criteria
Five evaluation metrics are used to assess the performance of the proposed model: accuracy, precision, recall, specificity, and F1-score. Predictions are further analyzed using a confusion matrix, which provides a structured summary of classification outcomes by comparing predicted labels with the corresponding ground-truth classes. In the confusion matrix, rows represent the actual class labels from the dataset, while columns indicate the model’s predicted classes. This representation enables a clear quantification of true positives, true negatives, false positives, and false negatives. Based on these values, key performance indicators such as accuracy, precision, recall, F1-score, and the area under the ROC curve (AUC-ROC) can be computed, offering a comprehensive evaluation of the model’s classification capability for binary outcomes. Confusion matrices were generated for all evaluated models, including DCNN, ADCNN, GAN–DCNN, VAE–ADCNN, and the proposed GAN–VAE hybrid model, providing a class-wise breakdown of prediction outcomes and enabling assessment of misclassification patterns under class imbalance. A representative confusion matrix for the proposed GAN–VAE Hybrid model is shown in Figure 6.
[Place Figure 6 here]

Experimental Results
Performance values are reported as mean ± 95% confidence intervals across repeated runs using different random seeds. Table 2 presents a comparative evaluation of deep learning and generative AI–based models for cough-based COVID-19 detection. The evaluated configurations include DCNN, ADCNN, and the proposed GAN–VAE–augmented ADCNN model across different acoustic feature sets. Accuracy denotes the proportion of correctly classified samples among all tested instances. The proposed GAN–VAE + ADCNN model achieved the highest accuracy of 97.2%, outperforming the baseline DCNN (92.5%) and ADCNN (94.1%), indicating improved generalization capability. Precision is the proportion of correctly predicted positive cases among all predicted positives; the proposed model achieved 96.8% precision, demonstrating an effective reduction in false positives. Recall measures the ability of the model to identify actual positive cases correctly, and the GAN–VAE + ADCNN achieved a recall of 96.3%, minimizing false negatives, which is critical for early screening of COVID-19.
[Place Table 2 here]
[Place Figure 7 here]

Table 3 presents an ablation study evaluating the contribution of individual architectural components. Performance is assessed using accuracy, recall, and F1-score. The results demonstrate a progressive improvement as generative components are incrementally integrated into the classification pipeline. The combined GAN–VAE + ADCNN configuration achieves the highest accuracy (97.2%), recall (96.3%), and F1-score (96.5%), indicating that the joint use of GAN-based data augmentation and VAE-based latent representation learning significantly enhances classification performance and robustness.

[Place Table 3 here]
[Place Figure 8 here]

Figure 8 demonstrates the impact of generative data augmentation on class imbalance, highlighting the improved class distribution achieved after applying the GAN–VAE framework. The balanced representation contributes to the observed gains in recall and F1-score.

Training and validation loss and accuracy curves were analyzed to assess convergence behavior. The proposed GAN–VAE Hybrid model demonstrated stable convergence with reduced validation loss and improved validation accuracy (Figure 9).
[Place Figure 9 here]

Receiver Operating Characteristic (ROC) analysis was performed to evaluate discrimination across thresholds. The proposed GAN–VAE Hybrid model achieved the highest AUROC, reflecting superior class separability compared to baseline DCNN and ADCNN models (Figure 10).

[Place Figure 10 here]

To address class imbalance, generative models were used to synthesize additional cough feature representations. The VAE-generated samples exhibited smoother spectral patterns with reduced variability, whereas GAN-generated samples showed higher diversity with occasional artifacts. The GAN–VAE hybrid model produced synthesized samples with improved realism and balanced diversity relative to VAE- and GAN-only outputs  (Figure 11).

[Place Figure 11 here]

Parameter and Architectural Analysis
A comparative parameter-count and ablation analysis was conducted across DCNN, ADCNN, GAN–DCNN, VAE–ADCNN, and the proposed GAN–VAE Hybrid model. Progressive improvements in accuracy and robustness were observed with the inclusion of attention and generative augmentation. The corresponding architectural and parameter comparisons are summarized in Table 4.

[Place Table 4 here]

Comparison with Prior Studies
Table 5 compares existing audio-based COVID-19 detection approaches with the proposed GAN–VAE Hybrid model. Across prior studies, performance varied widely depending on datasets and validation strategies, with reported accuracies ranging from approximately 70% to 98%. The proposed framework achieved 97.2% accuracy, 97.5% specificity, 96.5% F1-score, 96.3% recall, and 96.8% precision, demonstrating competitive performance relative to the cited methods.

[Place Table 5 here]

Table 6 summarizes the classification performance of the proposed GAN–VAE Hybrid model evaluated separately on COUGHVID, Virufy, and the combined dataset. Performance remained stable across dataset configurations, supporting generalization across heterogeneous data sources. Although performance was high, results should be interpreted as proof-of-concept findings from retrospective datasets and not as evidence of clinical diagnostic validity.
[Place Table 6 here]

FIGURE AND TABLE LEGENDS 
Figure 1: GAN–VAE–ADCNN architecture overview. Schematic of the proposed hybrid pipeline, where cough-derived acoustic features are encoded using a VAE, augmented through GAN-based synthetic sample generation, and classified using DCNN and attention-based DCNN (ADCNN) models.

Figure 2: Workflow of the proposed COVID-19 cough screening framework. Illustration of the complete processing pipeline, including preprocessing, feature extraction (MFCC, chroma, spectral features), GAN–VAE-based representation learning and augmentation (training only), and final classification under subject-level splitting and cross-dataset evaluation.

Figure 3: COUGHVID and Virufy dataset distribution after preprocessing. Comparison of the number of recordings and extracted cough segments from COUGHVID and Virufy, highlighting differences in dataset scale and segmentation outcomes.

Figure 4: Class distribution scenarios across datasets. Visualization of balanced and imbalanced class scenarios, showing the distribution of COVID-19 positive and negative cough segments in COUGHVID, Virufy, and the combined dataset.

Figure 5: Dataset size and information content analysis. Comparison of dataset scale and information measures (entropy and Gini impurity) across class distribution scenarios, emphasizing the effect of imbalance on learning reliability.

Figure 6: Representative confusion matrix of the proposed GAN–VAE Hybrid model.
Representative confusion matrix illustrating true positives, true negatives, false positives, and false negatives obtained using the proposed GAN–VAE Hybrid model for comparative classification performance evaluation.

Figure 7: AUROC comparison across baseline, generative, and proposed models. ROC curves comparing the classification performance of DCNN, ADCNN, GAN–DCNN, VAE+ADCNN, and the proposed GAN–VAE Hybrid model, with AUROC values indicating discrimination capability across different decision thresholds.

Figure 8: Effect of GAN–VAE augmentation on class imbalance. Visualization showing improvement in class distribution after synthetic sample generation using the GAN–VAE framework.

Figure 9: Training and validation performance curves of the proposed GAN–VAE Hybrid model. Training and validation loss and accuracy curves across epochs for the proposed GAN–VAE Hybrid model, illustrating convergence behavior and generalization performance during model training.

Figure 10: ROC curve comparison of baseline and proposed models. Receiver Operating Characteristic (ROC) curves comparing DCNN, ADCNN, and the proposed GAN–VAE Hybrid model against a random baseline, illustrating differences in sensitivity–specificity trade-offs and overall discrimination performance across decision thresholds.

Figure 11: Synthesized cough feature samples from generative models. Time–frequency representations of synthesized samples generated using VAE, GAN, and GAN–VAE models, demonstrating differences in spectral smoothness, variability, and realism.

Table 1. Summary of existing COVID-19 audio-based detection studies. Comparative overview of prior cough/audio screening approaches, including datasets, methods, and reported performance.

Table 2. Performance comparison across feature sets and model types. Classification results for deep learning and generative AI–based models evaluated using different acoustic feature combinations.

Table 3. Ablation study of generative model components. Performance comparison showing the contribution of GAN augmentation and VAE latent encoding to overall classification improvement.

Table 4. Architectural and parameter analysis of evaluated models. Comparison of model complexity and architecture-level differences across DCNN, ADCNN, and generative hybrid configurations.

Table 5. Performance comparison with prior published approaches. Benchmark comparison of the proposed method against existing COVID-19 cough/audio detection studies using reported evaluation metrics.

Table 6. Dataset-wise performance of the proposed GAN–VAE hybrid model. Evaluation results of the proposed framework on COUGHVID, Virufy, and combined datasets, demonstrating generalization across heterogeneous data sources.

DISCUSSION:
The results demonstrate that the proposed generative AI–based framework can detect COVID-19 from cough signals across heterogeneous datasets. As shown in Table 4 and Table 6, the GAN–VAE hybrid model achieved the best performance, with 97.2% accuracy and an AUROC of 0.953, along with high precision, recall, F1-score, and specificity, indicating balanced classification performance.
Performance improved consistently when generative models were combined with discriminative classifiers. Both GAN–DCNN and VAE–ADCNN outperformed their respective baseline models, suggesting that generative augmentation enhanced feature learning and generalization, particularly under class imbalance and limited clinically verified data. MFCC features provided the strongest individual discriminative performance across datasets. While chroma and spectral contrast features performed lower individually, their combination with MFCCs improved robustness under heterogeneous recording conditions.

Dataset-wise evaluation confirms the complementary roles of COUGHVID for training and Virufy for external validation. Stable results across individual, cross-dataset, and combined evaluations indicate reasonable generalization. The proposed system should be interpreted as a non-invasive screening and decision-support tool rather than a diagnostic replacement for RT-PCR testing, with potential use in preliminary risk assessment and triage settings.

Ethical and Deployment Considerations
Ethical deployment is essential for AI-based COVID-19 screening systems. The framework partially relies on crowdsourced audio data, which may introduce variability in recording quality, demographic representation, and self-reported labels, potentially affecting fairness. To reduce bias, both crowdsourced and clinically referenced datasets were used and evaluated across heterogeneous settings. All datasets comply with their respective ethical guidelines, and no personally identifiable information was processed. Real-world deployment would require secure data handling, informed consent, and adherence to data protection regulations. The model is intended as a supportive screening tool rather than a standalone diagnostic system. False predictions, particularly false negatives, may pose clinical risks; therefore, integration within established healthcare workflows, transparent confidence reporting, continuous monitoring, and periodic retraining are necessary to maintain reliability.

Threats to Validity
Several validity considerations were examined to support cautious interpretation of the results.

Internal validity: Generative models such as GANs and VAEs may introduce overfitting or synthetic bias. To mitigate this, synthetic samples were used only during training and excluded from validation and testing. Cross-validation and multiple evaluation scenarios were performed, although residual bias cannot be entirely excluded.

External validity: Generalization is influenced by dataset characteristics. While COUGHVID provides acoustic diversity, Virufy contains a limited number of clinically verified subjects. Variations in recording devices, environments, and demographics may affect real-world performance. Cross-dataset evaluation, averaging over multiple runs, and restricting augmentation to training data were used to reduce dataset-specific overfitting. Formal statistical testing was not performed due to a limited number of clinically verified samples.

Construct validity: The framework relies on MFCC, chroma, and spectral features, which may not fully represent all physiological aspects of COVID-19. The absence of complementary clinical measurements limits interpretability.

Data and labeling validity: Crowdsourced data may contain noisy or uncertain labels. Although clinically referenced samples were included, some label uncertainty may remain.

Reproducibility validity: Experimental procedures, preprocessing, and evaluation protocols were explicitly described; however, variations in dataset versions or recording conditions may influence reproducibility.

Explainable AI Considerations
Explainability is supported through the attention mechanisms within the ADCNN architecture. These mechanisms assign adaptive weights to time–frequency regions of cough features, providing qualitative insight into model focus during classification. While attention maps improve transparency, further work is required to achieve clinically interpretable explanations suitable for direct medical decision-making.

Feature-Level Interpretation: MFCC and Chroma Analysis
Distinct acoustic differences were observed between COVID-19–positive and negative samples. Positive samples tend to exhibit increased spectral variability and more irregular energy distributions, reflected in variations in MFCC coefficients. In contrast, negative samples generally exhibit smoother, more stable spectral patterns. Chroma features further highlight harmonic instability in positive samples, supporting their relevance for respiratory disorder classification.

Importance of the Combined Feature Set
MFCCs primarily capture spectral-envelope characteristics related to respiratory and vocal-tract dynamics, while chroma features encode complementary harmonic structure. Their combination provides richer and more discriminative representations, improving robustness and generalization, particularly under class-imbalanced conditions and heterogeneous recording environments.

Limitations
This study has several limitations. Although COUGHVID provides acoustic diversity, only a quality-filtered subset was used, and the Virufy dataset included only 16 clinically verified subjects, which may limit statistical power and generalization. Generative augmentation using GAN–VAE models introduces potential risks of synthetic bias, mode collapse, and overfitting. However, synthetic samples were restricted to training data, and residual bias cannot be fully excluded. The datasets lack detailed clinical metadata, including comorbidities and demographic information, limiting comprehensive clinical interpretation. Evaluation was conducted in an offline setting without real-time or prospective clinical validation. Additionally, while attention mechanisms improve model focus, the system does not yet provide clinically interpretable explanations suitable for direct medical decision-making.

Future Work
Future research will focus on incorporating larger and more diverse clinically verified datasets through multi-center collaborations. The integration of multimodal data, including respiratory sounds, demographic attributes, and clinical variables, may further enhance robustness and generalization. Advanced generative techniques such as diffusion models and self-supervised learning will be explored to reduce synthetic bias and improve representation learning. Federated learning frameworks may support privacy-preserving training across institutions. Real-time deployment studies, edge implementation, and prospective clinical validation trials will be essential to establish safety, reliability, and regulatory readiness, alongside the further development of explainable AI techniques to improve clinical transparency.

Conclusion
This study proposed a generative AI–based framework for COVID-19 detection from cough audio by integrating a GAN–VAE augmentation strategy with DCNN and ADCNN classifiers under a strictly controlled training and evaluation protocol. Subject-level data splitting and cross-dataset validation were implemented to prevent leakage and assess generalization. Experimental results on the COUGHVID and Virufy datasets indicate that generative augmentation combined with attention-based classification can enhance performance in limited, acoustically variable data settings. While the findings demonstrate the feasibility of AI-assisted respiratory sound screening, further validation on larger clinically verified datasets is required before real-world deployment.
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