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Abstract: Machine learning (ML) and deep learning (DL) provide a great power to healthcare predictive 

analytics, which create a drastic change in clinical practice by making it possible to find diseases early on, 

make accurate predictions about their prognoses, and customize treatment plans.  Using PubMed, IEEE Xplore, 

and Elsevier, this research methodically evaluates 41 peer-reviewed studies from 2019 to 2022 to assess ML 

and DL uses in healthcare prediction. Unsupervised methods like (K-means), reinforcement learning (e.g., Q-

learning) and supervised algorithms (e.g., random forests, SVM), and DL architectures (e.g., CNNs, LSTMs).  

Although the results show that DL is quite accurate in complex diagnostics (e.g., 100% for heart disease), 

instead of this it shows that there are still many problems with it, such as data heterogeneity, ethical biases, 

scalability, privacy, and model interpretability.  Novel metrics such as the Cross-Disease Accuracy Gap 

(CDAG) and the Fairness Disparity (FD) provide help for the identification of five essential research gaps: 

limited generalizability, interpretability limitations, data imbalance, real-time limits, and fairness difficulties.  

To improve fairness and robustness, some suggested approaches are transfer learning, explainable AI (XAI), 

and federated learning.  This paper provides a roadmap for academics to enhance predictive analytics while 

assuring clinical dependability and societal effect, using Python-generated line charts as visualizations. 

 

Keywords: Healthcare Prediction, Machine Learning, Deep Learning, Predictive Analytics, Artificial 

Intelligence, Medical Diagnosis. 

 

2.1   Introduction 

 

Introduction of artificial intelligence (AI) to predictive analytics, healthcare around the world is 

changing in big ways. Leveraging massive datasets—electronic health records (EHRs), medical imaging, 

genomic profiles, and wearable sensor outputs—to reduce illness risks, optimize diagnosis, and tailor therapies 

[1, 2], machine learning (ML) and deep learning (DL) have become indispensable technologies. Recent 

research shown that using such innovations have the potential to improve patient outcomes, decrease healthcare 

expenses, and shorten diagnosis times for diseases including diabetes and heart disease, with an accuracy rate 

of up to 98% [32, 34]. Using predictive analytics is important for dealing with problems like growing chronic 

diseases and an aging population on a global level. In regional levels, it helps systems with limited resources 

by figuring out which actions are most important [3]. In developing countries, for example, ML models have 

improved tuberculosis detection, therefore bridging gaps in diagnostic infrastructure [29]. 
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From rule-based systems to data-driven intelligence, ML and DL in healthcare show a change. Machine 

learning algorithms, such as logistic regression will excel at structured data processing, but having 

shortcomings in dealing with unstructured inputs such as photos it fueled the growth of deep learning [7]. Deep 

learning designs especially convolutional neural networks (CNNs) and recurrent neural networks (RNNs), 

have changed the standards by finding skin cancer as well as other dermatologist’s problems [1]. This progress 

is hampered by disparate data formats, opaque models, computational needs, HIPAA privacy threats, and 

biases that worsen health inequities [4, 43]. These difficulties highlight the need of a thorough evaluation of 

present possibilities and future capacity. 

Reviewing 41 papers from 2019 to 2022, this report provides a thorough summary of ML and DL 

applications in healthcare prediction. The survey catalogs techniques—supervised, unsupervised, 

reinforcement learning, and DL—and introduces new metrics (e.g., Interpretability Index, Fairness Disparity) 

to measure research gaps, building on Badawy et al. [5]. Our goals are three-fold: to assess performance across 

diseases (e.g., COVID-19, liver disease), to pinpoint obstacles restricting clinical use, and to suggest future 

lines of research. Supported by Python-generated visuals, this effort intends to allow academics, doctors, and 

policymakers to develop predictive analytics, so aligning with your goal to local healthcare demands, hope to 

make AI-driven forecasts accurate, fair, and accessible. 

2. Background  

2.1 Artificial Intelligence in Healthcare. 

AI models human intellect for use in data analysis and decision-making [6]. Whereas DL utilizes neural 

networks for challenging tasks, ML, an artificial intelligence subset, learns patterns [7]. Their nested 

relationship is seen in figure 1. 

Graph illustrating artificial intelligence, machine learning, and deep learning as nested domains; artificial 

intelligence includes machine learning, while machine learning includes deep learning.  

Fig 1: shows AI, ML, and DL as nested domains, with AI encompassing ML, and ML encompassing 

DL 

 

2.2 Machine Learning Techniques 

 

ML spans supervised, unsupervised, and reinforcement learning, each vital for healthcare [8]. 
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2.2.1 Supervised Learning 

 

Uses labeled data for prediction: 

 

Linear Regression: Predicts continuous outcomes, e.g., risk scores; limited by linearity [9, 10]. 

Logistic Regression: Classifies binary outcomes; interpretable but non-linear weak [11, 12]. 

Decision Trees (DT): Hierarchical classification; risks overfitting [13]. 

Random Forest (RF): Robust ensemble; resource-heavy [14]. 

Support Vector Machines (SVM): High-dimensional strength; tuning-intensive [15]. 

K-Nearest Neighbors (KNN): Flexible; slow on large data [16]. 

Naive Bayes (NB): Efficient for text; assumes independence [17].       

 

Table 1: Supervised Learning Methods 

 

Method Advantages Disadvantages 

Linear Regression Simple, fast Assumes linearity 

Logistic Regression Interpretable probabilities Outlier-sensitive 

Decision Trees Categorical data handling Overfitting risk 

Random Forest Robust, accurate Resource-intensive 

SVM High-dimensional strength Complex tuning 

KNN Multi-class capable Computationally costly 

Naive Bayes Fast, small-dataset friendly Independence assumption 

 

Source: Adapted from [5, 18]. 

 

2.2.2 Unsupervised Learning 

Finds patterns in unlabeled data: 

o K-Means: Clusters patients; centroid-sensitive [20]. 

o Principal Component Analysis (PCA): Reduces dimensions; linear-limited [21]. 

o Apriori Algorithm: Finds patterns; computationally heavy [22].        

Table 2: Unsupervised Learning Methods 

Method Advantages Disadvantages 

K-Means Efficient K-sensitive, irregular clusters weak 

PCA Complexity reduction Linear assumption 

Apriori Parallelizable Many candidates 

Source: Adapted from [5, 23]. 
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2.2.3 Reinforcement Learning 

Optimizes via trial-error, e.g., treatment plans: 

o Q-Learning: Policy learning; slow for large spaces [25]. 

o Monte Carlo Tree Search (MCTS): Exploration balance; scales poorly [26]. 

 

 

Table 3: Reinforcement Learning Methods 

 

Method Advantages Disadvantages 

Q-Learning Wide applicability Initial condition sensitivity 

MCTS Large space effective Poor scalability 

 

Source: Adapted from [5, 27]. 

 

 

2.3 Deep Learning Techniques 

DL uses multi-layer networks: 

o Convolutional Neural Networks (CNNs): Image diagnostics, e.g., tumors [29]. 

o Recurrent Neural Networks (RNNs): Sequential data, e.g., EHRs with LSTMs [30]. 

o Deep Belief Networks (DBNs): Feature learning; resource-intensive [31]. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2:  Line chart showing DL outperforming ML as data complexity increases. 
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3. Methodology 

We reviewed 41 studies (2019–2022) from PubMed, IEEE Xplore, and Elsevier, focusing on ML and DL 

in healthcare prediction, grouped by disease and method. 

 

3.1 Study Selection 

Searched keywords: “machine learning healthcare,” “deep learning prediction.” From 1,200 papers, 

41 met criteria: 

o Relevance:  Predictive tasks. 

o Quality: Q1/Q2 journals, top conferences. 

o Evidence: Quantitative metrics. 

 

 

 

3.2 Data Extraction and Analysis 

 Extracted objectives, datasets, techniques, metrics, limitations: 

o Quantitative: Metrics like accuracy:  Accuracy =
TP+TN

TP+TN+FP+FN
 

o AUC: AUC = ∫ ROC(𝑡)
1

0
 𝑑𝑡 

o Qualitative: Coded challenges (e.g., interpretability) via NVivo. 

 

3.3 Dataset Characteristics 

 Size: 500–1.2 million records. 

 Type: EHRs, images, lab results. 

 Source: Public (MIMIC-III), private. 

 

Table 4: Dataset Characteristics 

 

Study Disease Size Type Source Public/Private 

Men et al. 32 Diabetes 1,00,000 
EHR, 

Glucose 
Private Private 

Al Fahhal et al. 33 COVID-19 5,000 CT Images Private Private 

Gonsalves et al. 34 
Heart 

Disease 
70,000 EHR, ECG MIMIC-III Public 

Almustafa et al. 35 
Liver 

Disease 
583 Lab Results UCI Public 

Khan et al. 36 Multiple 12,00,000 EHR Private Private 
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3.4 Evaluation Metrics 

Accuracy: Common, imbalance-sensitive. 

o F1-Score:   

F1-Score = 2 ∗
Precision ∗ Recall

Precision + Recall
 

    where:   

Precision =
TP

TP + FP
,    Recall =

TP

TP + FN
 

  

o AUC-ROC:  

   Classification-robust. 

  

o MSE:    

   Regression:  MSE =
1

𝑛
∑ (𝑦𝑖̂ − 𝑦𝑖)

2𝑛
𝑖=1  

 

4. Results and Discussion 

  4.1 Performance- 

o DL (LSTM, CNN) led in complex cases, e.g., heart disease (100%) [34].  

o ML (logistic regression) suited simpler data, e.g., COVID-19 (98.5%) [33].  

o ML excels for small datasets [37]. 

 

 

Table 5: Study Summery 

 

Disease Papers ML Techniques 
DL 

Techniques 
Highest Accuracy 

Diabetes 16 Logistic Regression, RF, 
SVM 

ANN, LSTM, 
CNN 

DL (98.07%) [32] 

COVID-19 8 Logistic Regression, RF, K-
Means 

CNN, LSTM Logistic Regression (98.5%) 
[33] 

Heart 
Disease 

10 Logistic Regression, SVM CNN, LSTM CSO-LSTM (100%) [34] 

Liver 
Disease 

1 Logistic Regression, RF - Logistic Regression (75%) 
[35] 

Multiple 7 Logistic Regression, RF DNN, MLPs Logistic Regression (98.5%) 
[36] 
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Figure 3 Line chart comparing accuracy and AUC for ML and DL across diseases. [5, 32–36]. 

 

    4.2 Challenges 
 
Key challenges include: 
 

 Heterogeneity: Diverse data integration [38]. 

 Interpretability: DL opacity [39]. 

 Scalability: Resource demands [40]. 

 Privacy: HIPAA compliance [41]. 

5. Research Gaps 

Five critical gaps were identified: 

1. Generalizability 

• Issue: Disease-specific models fail broadly [42]. 

• Evidence: 17% of studies multi-disease; 10% accuracy drop [36 ]. 

• Metric: 

CDAG =
1

𝐾
∑(Acctrain,𝑖 − Acctest,𝑖)

𝐾

𝑖=1

 

 

 

 

2. Interpretability 

 Issue: DL black-box, e.g., CNN tumor detection [44].   

 Evidence: 12% used SHAP/LIME; SHAP boosts trust 20% [53].   

 Impact: Blocks adoption.   

 Metric:   

II =
Explained Predictions

Total Predictions
⋅ Trust Score 
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3. Data Imbalance.  

  Issue: Rare diseases skew results, e.g., liver disease (80% negative) [35].   

  Evidence: 68% studies imbalanced; F1-scores 15% lower [5].   

  Impact: Misdiagnoses minorities.   

  Metric:   

IR =
Majority Class

Minority Class
 

 

 4. Real-Time   

 Issue: Batch models slow for ICU; DL 2–5s latency [48].   

 Evidence: 5% tested real-time; >1s delays [5].   

 Impact: Emergency-limited.   

 Metric:   

PL =
Inference Time

Predictions
 

 5. Ethics   

 Issue: Biases, e.g., male heart models misdiagnose women 25% [43].   

 Evidence: 7% addressed fairness; fair algorithms cut bias 25% [59].   

 Impact: Inequity persists.   

 Metric:   

FD = max
𝑔∈𝐺

(Acc𝑔) − min
𝑔∈𝐺

(Acc𝑔) 

 

Figure 4: Line chart showing percentage of studies affected by gap. [5, 42–59] 
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 6. Future Directions 

 

1. Cross-Disease: Transfer learning; BERT boosted accuracy 12% [50]. Reduce CDAG 8% [51].     

 2. Explainable AI: SHAP/LIME; 20% trust gain [53]. Target II > 0.8. 

 3. Imbalanced Data: GANs; 15% F1-score gain [55]. IR < 2.0. 

 4. Real-Time: Edge computing; 30% latency cut [57]. PL < 1s. 

 5. Ethics: Fair algorithms; 25% bias reduction [59]. FD < 0.05. 

 6. Federated Learning: 95% accuracy [61]. 90% AUC multi-hospital. 

 

 

 

Figure 5: Line chart comparing current vs. proposed performance [5, 50–61]. 

7. Conclusion 

This analysis of 41 studies from 2019 to 2022 shows how powerful machine learning (ML) and deep learning 

(DL) can be in healthcare prediction. DL is very good at easier cases like COVID-19, scoring 98.5% accuracy, 

while ML is better at more complex cases like heart disease, scoring 100% accuracy. Generated graphs (Figures 

1–5) show these tendencies among disorders. Still there are some difficulties in our study of 500,000 to 1.2 
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million record datasets that exposes deficiencies in generaliz-ability, interpret-ability, data balance, real-time 

performance, and ethical issues, defined by measures including Fairness Disparity (FD) and Cross-Disease 

Accuracy Gap (CDAG). While 68% of studies dealt with imbalances, just 17% dealt with various disorders; 

as a result, F1-scores were reduced by 15% (5,365, 365,36). Proposed solutions, including transfer learning, 

explainable AI, GANs, edge computing, and federated learning, try to overcome these issues, with federated 

learning achieving 95% accuracy (616161). Reword these ideas, maybe concentrating on local health issues, 

to make this work yours. Future studies have to close these gaps to provide fair, accurate, and timely prediction 

analytics, so enhancing world precision medicine. 
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