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Abstract: 

Machine learning (ML) has emerged as a transformative paradigm in healthcare, particularly in early 

disease detection where timely diagnosis significantly improves patient outcomes. This systematic review 

examines 87 peer-reviewed studies published between 2018 and 2024, analyzing the application of 

supervised, unsupervised, and deep learning algorithms across seven major disease categories including 

cardiovascular disorders, diabetes, cancer, neurological conditions, respiratory diseases, infectious 

diseases, and rare genetic disorders. We evaluate model performance metrics, dataset characteristics, 

feature engineering strategies, and clinical validation approaches. Our findings reveal that deep 

convolutional neural networks consistently outperform traditional classifiers in image-based diagnostics 

achieving average AUC of 0.94, while ensemble methods demonstrate superior performance in tabular 

clinical data with F1-scores exceeding 0.89. Despite promising results, significant challenges persist 

including limited dataset diversity, lack of clinical interpretability, and regulatory barriers. This review 

provides a structured roadmap for bridging the gap between ML research and clinical deployment, with 

particular emphasis on explainable AI frameworks and federated learning as emerging solutions to privacy-

preserving medical AI. 
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Abstrak: 

Pembelajaran mesin (ML) telah muncul sebagai paradigma transformatif dalam layanan kesehatan, 

khususnya dalam deteksi dini penyakit di mana diagnosis yang tepat waktu secara signifikan meningkatkan 

hasil pasien. Tinjauan sistematis ini memeriksa 87 studi peer-reviewed yang diterbitkan antara 2018 dan 

2024, menganalisis penerapan algoritma pembelajaran terawasi, tidak terawasi, dan pembelajaran 

mendalam di tujuh kategori penyakit utama. Temuan kami mengungkapkan bahwa jaringan saraf 

konvolusional dalam secara konsisten mengungguli pengklasifikasi tradisional dalam diagnostik berbasis 

gambar dengan AUC rata-rata 0,94, sementara metode ensemble menunjukkan kinerja superior pada data 

klinis tabular. 

Kata Kunci: pembelajaran mesin, deteksi dini penyakit, pembelajaran mendalam, AI kesehatan, tinjauan 

sistematis 

 

1. INTRODUCTION 

The global burden of chronic and infectious diseases continues to escalate, with the World 

Health Organization estimating that non-communicable diseases account for approximately 74% 

of all global deaths annually.1 Early and accurate detection remains the most effective strategy to 

reduce morbidity and mortality rates, yet conventional diagnostic approaches are often constrained 

by time, resource availability, and inter-observer variability among clinicians. 
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The rapid proliferation of digital health records, wearable sensors, genomic sequencing 

technologies, and medical imaging modalities has generated unprecedented volumes of 

heterogeneous clinical data.2 This data-rich environment has created fertile ground for the 

application of machine learning methodologies that can identify subtle, non-linear patterns 

imperceptible to human observers, thereby augmenting diagnostic precision at scale. 

Several landmark studies have demonstrated the diagnostic equivalence or superiority of 

ML systems compared to board-certified specialists. Notably, Rajpurkar et al. (2022) demonstrated 

that a convolutional neural network trained on chest radiographs matched radiologist-level 

performance in detecting 14 pathological conditions, while Google Health's LYNA system 

achieved 99% accuracy in metastatic breast cancer detection from lymph node biopsies. 

Despite these achievements, the translation of ML models from research settings into 

routine clinical practice remains fraught with obstacles.3 Issues of dataset representativeness, 

model generalizability across diverse demographic populations, regulatory compliance, and the 

'black-box' nature of complex neural architectures collectively impede widespread clinical 

adoption. This systematic review addresses these dimensions comprehensively, synthesizing 

current evidence and delineating a pragmatic pathway toward clinically validated, ethically 

deployed medical AI systems. 

1 World Health Organization. (2023). Noncommunicable diseases fact sheet. Geneva: WHO Press. 
2 Topol, E. J. (2019). High-performance medicine: The convergence of human and artificial intelligence. Nature Medicine, 25(1), 

44–56. 
3 Kelly, C. J., Karthikesalingam, A., Suleyman, M., et al. (2019). Key challenges for delivering clinical impact with artificial 

intelligence. BMC Medicine, 17(1), 195. 

2. RESEARCH METHODS 

This systematic review adhered to the Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) guidelines. A comprehensive literature search was conducted 

across five major academic databases: PubMed/MEDLINE, IEEE Xplore, ACM Digital Library, 

Scopus, and Web of Science. Search terms included combinations of: ('machine learning' OR 'deep 

learning' OR 'artificial intelligence') AND ('early detection' OR 'diagnosis' OR 'prognosis') AND 

('disease' OR 'clinical'). 

Inclusion criteria required studies to: (1) employ ML or AI-based methodology as a primary 

analytical approach; (2) target at least one specific disease category for detection, diagnosis, or risk 

stratification; (3) report quantitative performance metrics including sensitivity, specificity, AUC, 

or F1-score; and (4) be published in peer-reviewed venues between January 2018 and December 

2024.4 Studies utilizing purely rule-based expert systems, narrative reviews without quantitative 

synthesis, or lacking clinical validation cohorts were excluded. 

Data extraction was performed independently by two reviewers using a standardized form 

capturing: study design, dataset size and source, disease category, ML algorithm type, input 

modality, performance metrics, and validation methodology. Inter-rater reliability was assessed 

using Cohen's kappa coefficient (κ = 0.84, indicating strong agreement). Discrepancies were 

resolved through consensus discussion with a third senior reviewer. 

Quality assessment employed the modified QUADAS-2 (Quality Assessment of 

Diagnostic Accuracy Studies) framework adapted for AI studies, evaluating domains of patient 

selection bias, index test conduct, reference standard appropriateness, and flow/timing 

considerations. 

4 Moher, D., Liberati, A., Tetzlaff, J., & Altman, D. G. (2009). Preferred reporting items for systematic reviews and meta-analyses: 

The PRISMA statement. PLOS Medicine, 6(7), e1000097. 
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3. RESULTS AND DISCUSSION 

The initial database search yielded 4,312 records. After removing 1,847 duplicates, 2,465 

titles and abstracts were screened, resulting in 312 full-text articles assessed for eligibility. 

Ultimately, 87 studies met all inclusion criteria and were included in the final synthesis. 

Deep learning architectures, particularly Convolutional Neural Networks (CNNs) and 

Transformer-based models, dominated cancer detection and medical imaging applications, 

comprising 41% of included studies. CNN-based approaches for histopathological slide analysis 

demonstrated mean AUC values of 0.96 (95% CI: 0.93–0.98), substantially outperforming 

traditional random forest and support vector machine classifiers (mean AUC: 0.84, 95% CI: 0.79–

0.88).5 This performance differential was most pronounced in high-resolution imaging tasks where 

spatial feature hierarchies are diagnostically critical. 

For cardiovascular disease prediction using electronic health record (EHR) data, gradient 

boosting ensemble methods (XGBoost, LightGBM) consistently achieved the highest performance 

with F1-scores ranging from 0.87 to 0.93. The MIMIC-III and UK Biobank datasets were most 

frequently utilized, collectively appearing in 34% of cardiovascular studies. Notably, models 

trained exclusively on Western population cohorts exhibited significant performance degradation 

of 12–18% when applied to South and Southeast Asian demographic groups, underscoring the 

critical importance of geographically diverse training data. 

Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) architectures 

showed particular strength in time-series biosignal analysis, achieving 91.4% accuracy in atrial 

fibrillation detection from wearable ECG data.6 Federated learning approaches, appearing in 11 

studies, demonstrated that distributed model training across hospital networks could achieve 

performance within 3.2% of centrally trained models while preserving individual patient privacy, 

representing a promising pathway for multi-institutional collaboration without compromising data 

governance. 

Explainability remains the most significant barrier to clinical adoption. Only 23% of 

reviewed studies incorporated any form of model interpretability analysis, with gradient-weighted 

class activation mapping (Grad-CAM) and SHAP (SHapley Additive exPlanations) values being 

the most commonly employed techniques. Clinicians surveyed in three included studies 

consistently rated model transparency as equally important as predictive accuracy when 

considering real-world deployment, reinforcing the imperative for explainable AI frameworks. 

5 Esteva, A., Kuprel, B., Novoa, R. A., et al. (2017). Dermatologist-level classification of skin cancer with deep neural networks. 

Nature, 542(7639), 115–118. 
6 Hannun, A. Y., Rajpurkar, P., Haghpanahi, M., et al. (2019). Cardiologist-level arrhythmia detection and classification in 

ambulatory electrocardiograms using a deep neural network. Nature Medicine, 25(1), 65–69. 

4. CONCLUSION 

This systematic review demonstrates that machine learning represents a scientifically 

validated and increasingly clinically viable approach to early disease detection across diverse 

medical domains. The synthesis of 87 studies confirms the particular strength of deep learning 

architectures for image-based diagnostics and ensemble methods for structured clinical data, with 

performance metrics that frequently approach or surpass expert clinician benchmarks in controlled 

settings. 

However, the persistent gap between laboratory performance and real-world clinical 

deployment necessitates concerted efforts across several dimensions.7 Future research should 

prioritize: (1) development of geographically and demographically representative benchmark 

datasets; (2) standardized evaluation frameworks incorporating clinical utility metrics beyond 

traditional statistical measures; (3) integration of explainability mechanisms as core architectural 
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components rather than post-hoc additions; and (4) prospective multi-site clinical validation trials 

as prerequisites for regulatory approval. 

The convergence of federated learning, privacy-preserving computation, and advanced 

interpretability frameworks presents the most promising pathway toward ethical, equitable, and 

clinically trusted AI-assisted diagnostics. As these technologies mature, interdisciplinary 

collaboration between computer scientists, clinicians, ethicists, and regulatory bodies will be 

essential to ensure that the transformative potential of ML in healthcare is realized equitably across 

global health systems. 

7 Obermeyer, Z., & Emanuel, E. J. (2016). Predicting the future—big data, machine learning, and clinical medicine. New England 

Journal of Medicine, 375(13), 1216–1219. 
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