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COVID-19, which first emerged in 2019, quickly escalated into a global 
pandemic, officially declared by the World Health Organization (WHO) 
in March 2020. The infection exhibits symptoms such as fever, dry 
cough, sore throat, headache, and shortness of breath—similar to 
pneumonia and influenza—making early and accurate detection 
challenging. Individuals with underlying health conditions are particularly 
vulnerable, emphasising the importance of efficient diagnosis and 
disease management. Machine learning (ML) and deep learning (DL) 
have become essential tools in COVID-19 research, leveraging diverse 
datasets to enhance diagnostic accuracy and prediction capabilities. 
This review focuses on the use of various datasets—clinical, imaging, 
audio, and multimodal—in ML and DL models for COVID-19 detection 
and analysis. The study consolidates findings from existing research to 
evaluate model performance, highlight dataset significance, and identify 
current limitations, providing a structured perspective on data-driven 
approaches for pandemic response and healthcare innovation.
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Introduction 
The emergence of severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) in Wuhan, China, in December 
2019 marked the beginning of a global health crisis, later 
designated as COVID-19 by the WHO. As of November 2024, 
more than 776 million confirmed infections and millions 
of deaths have been reported worldwide.1,2 underscoring 
the pandemic’s profound public health and socioeconomic 
consequences. The virus’s rapid transmission, high mutation 
rate, and variable clinical presentation have made early 
detection and accurate diagnosis vital for mitigating its 
spread and improving patient outcomes.

COVID-19 has reached all regions of the world, affecting 
240 countries. The United States has recorded the highest 
number of cases (110 million), followed by China (105 
million), India (47 million), France (42 million), and Germany 

Country Confirmed Cases (Millions)
United States of America 110

China 105
India 47

France 42
Germany 40

(40 million) Table 1. Despite extensive preventive measures 
and global vaccination campaigns, healthcare systems 
continue to face challenges related to reinfection, long-
term complications, and diagnostic uncertainty. These 
figures highlight the urgent need for reliable, data-driven 
diagnostic and prognostic solutions that can aid in real-time 
decision-making and pandemic control.

https://www.adrpublications.in/medical-journals/international-journal-of-healthcare-education-medical-informatics
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SARS-CoV-2 shares significant genetic similarities with SARS-
CoV-1 but differs in terms of transmissibility, incubation 
period, and clinical severity.3 Unlike earlier coronavirus 
outbreaks, COVID-19 has led to unprecedented global 
restrictions, including lockdowns, curfews, and travel 
bans. Most infected individuals exhibit mild to moderate 
symptoms—such as fever, dry cough, sore throat, and 
fatigue—while severe cases can result in pneumonia, 
Acute Respiratory Distress Syndrome (ARDS), or multi-
organ failure.4 The virus’s ability to mutate and generate 
new variants adds complexity to diagnosis and treatment, 
necessitating adaptive, intelligent healthcare technologies.

Artificial Intelligence (AI), particularly ML and DL, has 
emerged as a transformative force in addressing these 
challenges. These computational techniques can extract 
meaningful patterns from diverse and complex datasets, 
providing a foundation for rapid, automated, and precise 
diagnosis.5 A PubMed search conducted in November 2024 
identified more than 456,000 publications focused on AI-
driven COVID-19 detection,6 reflecting the significant global 
research investment in data-centric healthcare innovation.

The success of ML and DL models in COVID-19 diagnosis relies 
heavily on the nature and quality of the datasets employed. 
Clinical datasets—including patient demographics, 
symptoms, laboratory parameters, and comorbidities—
facilitate risk stratification and severity prediction. Imaging 
datasets, such as chest X-rays, Computed Tomography 
(CT), and Magnetic Resonance Imaging (MRI), capture 
pulmonary abnormalities and disease progression. 
Audio datasets—comprising cough, breath, and speech 
recordings—offer non-invasive, cost-effective screening 
alternatives. Multimodal datasets, integrating these varied 
data sources, enhance model generalisability and predictive 
robustness by leveraging complementary features across 
modalities.

COVID-19’s overlapping symptoms with other respiratory 
disorders, such as pneumonia or Chronic Obstructive 
Pulmonary Disease (COPD), further complicate clinical 
diagnosis. In such cases, Computer-Aided Diagnosis (CAD) 
systems powered by ML and DL can assist clinicians by 
providing rapid image interpretation, risk assessment, and 
monitoring capabilities.7 These dataset-driven approaches 
offer scalable, accurate, and interpretable diagnostic 
support, making them indispensable for pandemic 
preparedness and control.

Given this context, the present review systematically 
examines the role of dataset types—clinical, imaging, 
audio, and multimodal—in the development of ML and DL-
based COVID-19 detection systems. Section 2 presents the 
research strategy, Sections 3–7 discuss individual dataset 

categories and their applications, Section 8 explores 
ongoing challenges and future directions, and Section 9 
concludes with perspectives on data-centric AI for infectious 
disease diagnostics.

Research Strategy
Studies that used deep learning and machine learning 
methods on various COVID-19 datasets were methodically 
assessed in this review.

A thorough search of the literature was done using Elsevier, 
Google Scholar, PubMed, and IEEE Xplore. “COVID-19”, 
“coronavirus”, “epidemic”, “computer-aided diagnosis”, 
“machine learning”, and “deep learning” were among the 
keywords. Additional keywords like “X-ray”, “CT scan”, 
“MRI”, “clinical data”, and “audio recordings” were used 
to find research that was unique to a certain modality.

The goal was to assess machine learning performance for 
early diagnosis, risk prediction, and patient monitoring 
across clinical, imaging, audio, and multimodal datasets. 
The discussion in the following parts was informed by 
insights gained from this approach.

Clinical Data
Structured patient data, such as comorbidities, lab results, 
and demographics, are available in clinical databases. 
Predicting illness severity, ICU admission, and mortality 
risk requires the use of these datasets. Early intervention 
tactics have been supported by the broad use of machine 
learning and deep learning models for clinical datasets.

Using laboratory testing for admission, Barough et al. 
(2023) created a mortality risk prediction model that had 
an Area Under the Curve (AUC) of 0.88. For the purpose of 
classifying ICU patients from non-ICU patients, Chieregato 
et al. (2022) suggested a hybrid model that combines deep 
learning and traditional machine learning.

High prediction accuracy was attained by several research 
studies, including Zhang et al. (2025) utilising support 
vector machines and Aktar et al. (2021) combining blood 
parameters with machine learning.5–11

Key research using clinical datasets for COVID-19 prediction 
is included in Table 2. These studies show that organised 
patient data can yield useful prognostic information when 
examined using cutting-edge machine learning algorithms.

Challenges with clinical datasets include missing values, 
inconsistent measurement protocols, and insufficient 
granularity. Integration with imaging and audio datasets 
can improve predictive accuracy and robustness.

Imaging Data
Imaging datasets, including chest X-rays and CT scans, provide 
visual evidence of pulmonary involvement. Convolutional 
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neural networks have achieved high diagnostic performance 
using these datasets. Apostolopoulos and Mpesiana (2020) 
achieved 96.78% accuracy using transfer learning on 
chest X-rays. Li et al. (2020) developed a CT-based model 
distinguishing COVID-19 from other pneumonia with an 
AUC of 0.92.12–18

Hybrid methods combining radiomic feature extraction with 
classical machine learning have also been employed. Yang 
et al. (2021) used random forests on CT-derived features, 
achieving 99% classification accuracy. Segmentation-based 
approaches further improve interpretability by highlighting 

infected regions. Table 3 presents a summary of studies 
using imaging datasets for COVID-19 detection.

Audio Data
Audio datasets, including cough, breathing, and speech 
recordings, enable non-invasive COVID-19 detection. Imran 
et al. (2020) developed AI4COVID-19 using cough recordings 
with 95% accuracy. Laguarta et al. (2020) achieved an AUC 
of 0.97 using cough and breathing sounds. Temporal models 
such as long short-term memory networks and ensemble 
methods capture dynamic acoustic features.19–25 Table 4 
summarizes representative studies on audio datasets.

Study Data Type ML/DL Model Outcome Predicted Performance

Barough et al. (2023) [5] Clinical & Laboratory Various ML models Mortality Risk AUC 0.88

Chieregato et al. (2022) [6] Clinical Hybrid ML/DL ICU vs Non-ICU AUC  0.81

Zhang et al. (2025) [7] Clinical SVM Severity Risk AUC 0.994

Aktar et al. (2021) [8] Blood Parameters ML & Statistical Severity Prediction >90% Accuracy

Yan et al. (2020) [9] Clinical XGBoost Mortality Risk AUC 0.91

Li et al. (2021) [10] Clinical Random Forest ICU Admission AUC 0.89

A. Suruliandi et al.(2024) [11] Clinical SVM Severity Risk 94.3% Accuracy

Table 2.Summary of Studies on Clinical Data for COVID-19 Prediction

Study Data Types Integrated Fusion 
Approach Outcome Predicted Performance

Yang et al. (2021) [12] Chest X-ray CNN Severity Prediction 99% Accuracy

Xue et al. (2021) [13] CT + Chest X-ray VGG16 Mortality Risk 99% Accuracy

Pahar et al. (2022) [14] Cough + Clinical Feature-level Fusion COVID-19 Detection 95% Accuracy

Barua et al. (2021) [15] X-rays SVM COVID-19 Detection 99.64% Accuracy

Zouch et al. (2021) [16] X-ray +CT CNN COVID-19 Detection 99.35% Accuracy

Singh et al. (2021) [17] CT CNN Mortality Prediction 95.4% Accuracy

Abdulsalam et al. (2022) [18] X-ray  CNN COVID-19 Detection 96% Accuracy

Table 3.Summary of Studies on Imaging Data for COVID-19 Detection
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Multimodal Data
Multimodal datasets combine clinical, imaging, and audio 
data to leverage complementary information. Zhang et al. 
(2022) fused chest X-rays and clinical records using CNN and 
multilayer perceptrons, achieving an AUC of 0.96. Pahar et 
al. (2022) integrated cough recordings with clinical data, 
improving detection accuracy from 91% to 95%.26–30 Table 
5 summarizes studies using multimodal datasets.

Comparative Summary of Dataset Modalities
Machine learning and deep learning models for COVID-19 
diagnosis exhibit varying strengths depending on the type 
of dataset used. Table 6 summarizes the comparative 
advantages, diagnostic roles, and key limitations of clinical, 
imaging, audio, and multimodal data sources.
This comparative summary illustrates that multimodal 
fusion approaches consistently outperform single-modality 
systems by combining complementary features. However, 
clinical and audio data remain vital for rapid and non-
invasive screening, particularly in low-resource contexts.

Table 4.Summary of Studies on Audio Data for COVID-19 Detection

Study Data Type Model Performance

Imran et al. (2020) [19] Cough CNN 95% Accuracy

Laguarta et al. (2020) [20] Cough + Breathing CNN AUC 0.97

Brown et al. (2021) [21] Cough Ensemble (MFCC + GB) 91% Accuracy

Coppock et al. (2021) [22] Cough + Speech LSTM + CNN 92% Accuracy

Pahar et al. (2021) [23] Cough ResNet50 94.5% Accuracy

Benmalek et al. (2021) [24] Cough PCA+ML 93% Accuracy

Usman et al. (2021) [25] Speech ML Recall   0.7892.

Table 5.Summary of Studies on Multimodal Data for COVID-19 Detection

Study Data Types Integrated Fusion Approach Performance

Santosh et al. (2022) [26] Audio + Chest X-ray CNN  98.70%

Hussain et al. (2021) [27] Cough + X-ray Hybrid DL 99.89 % Accuracy

khan et al. (2022) [28] X-ray + Clinical DL 97 % Accuracy

Turr et al. (2021) [29] Biomarkers + X-Ray Decision-level Fusion AUC 0.94

Kumar et al. (2021) [30] X-ray + Speech Attention-based Fusion 98.91% Accuracy

Table 6.Comparative analysis of dataset modalities for COVID-19 diagnosis

Dataset Type Diagnostic Stage Key Features Advantages Limitations

Clinical Early screening & risk 
stratification

Vital signs, symptoms, 
blood tests, 

comorbidities

Enables early 
prognosis; suitable 
for resource-limited 

settings

Missing values; 
variability in lab 
measurements

Imaging (X-ray, CT) Confirmation & 
severity assessment

Pulmonary opacity, 
consolidation 

patterns

High diagnostic 
accuracy; visual 
interpretability

Requires imaging 
equipment; radiation 

exposure

Audio (Cough, 
Breath, Speech) Preliminary screening Acoustic biomarkers, 

frequency shifts
Non-invasive, fast, 

cost-effective

Environmental noise; 
limited large-scale 

datasets

Multimodal 
(Clinical + Imaging 

+ Audio)

Comprehensive 
diagnosis & 
monitoring

Combined data 
representations

Highest predictive 
accuracy; improved 

robustness

Complex data fusion; 
higher computational 

cost
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Challenges and Future Directions
Despite advances, several challenges remain. Dataset 
heterogeneity, missing values, class imbalance, and limited 
annotated samples reduce model generalisation. Models 
trained on single-population datasets may fail when applied 
externally. Interpretability of deep learning models is 
limited, necessitating explainable AI methods, such as 
Grad-CAM and feature importance ranking.

Emerging directions include multimodal fusion, self-
supervised learning, contrastive learning, attention-based 
architectures, and federated learning for privacy-preserving, 
generalised model development. Future research should 
prioritise large, diverse datasets and advanced fusion 
strategies to enhance robustness and facilitate deployment 
in clinical settings.

Conclusion
This review demonstrates that machine learning and 
deep learning approaches have effectively utilised clinical, 
imaging, audio, and multimodal datasets for COVID-19 
detection. Clinical datasets facilitate early screening and 
risk prediction, imaging provides confirmatory evidence 
of infection severity, and audio data enable non-invasive, 
rapid community-level testing. Integrating these modalities 
through multimodal fusion significantly enhances predictive 
accuracy and robustness.

Despite promising progress, challenges such as dataset 
heterogeneity, limited labelled data, and model 
interpretability remain critical. Moreover, real-world 
deployment faces additional barriers, including data 
privacy, regulatory validation, and cross-population 
generalisation. Addressing these challenges through 
attention-based fusion, self-supervised learning, and 
federated learning will be key to achieving scalable, 
explainable, and privacy-preserving AI solutions. 
Overall, this dataset-driven perspective lays a foundation 
for advancing intelligent, reliable, and ethically aligned 
diagnostic systems for future pandemics.
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