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Abstract :  Machine learning (ML) has emerged as a transformative technology in the healthcare sector, enabling 

advanced data analysis and decision-making in areas such as disease prediction, diagnosis, treatment optimization, and 

personalized medicine. This paper presents a comparative study of various ML algorithms used in healthcare, analyzing their 

strengths, weaknesses, and suitability for different healthcare applications. The study covers a range of algorithms, including 

linear regression, logistic regression, decision trees, random forests, support vector machines, k-nearest neighbors, naive Bayes, 

neural networks, k-means clustering, and reinforcement learning. Each algorithm is evaluated in the context of specific healthcare 

tasks such as disease prediction, medical image analysis, patient classification, and treatment recommendation. The paper also 

highlights the trade-offs between model accuracy, interpretability, computational requirements, and data dependencies, which are 

crucial considerations when deploying ML models in clinical environments. By providing insights into the applicability and 

limitations of these algorithms, this study aims to guide healthcare professionals and data scientists in selecting the most 

appropriate machine learning models for various healthcare challenges, ultimately improving patient outcomes and healthcare 

efficiency. 
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I. INTRODUCTION 

The healthcare industry is undergoing a profound transformation, driven by the increasing availability of large datasets 

and advancements in computational methods. In this context, machine learning (ML) has emerged as a powerful tool for 

addressing complex challenges in healthcare, ranging from disease diagnosis and prognosis to treatment optimization and 

personalized care. By leveraging algorithms that can analyze vast amounts of medical data, ML has the potential to revolutionize 

clinical decision-making, improve patient outcomes, and reduce healthcare costs. 

Machine learning algorithms can be broadly classified into supervised learning, unsupervised learning, and 

reinforcement learning, each offering unique advantages depending on the nature of the healthcare problem. Supervised learning 

algorithms, such as linear regression, decision trees, and support vector machines, are commonly used for tasks like disease 

classification, patient risk prediction, and medical image analysis. Unsupervised learning techniques, such as k-means clustering, 

are employed to uncover hidden patterns in patient data, such as identifying subgroups of patients with similar conditions or 

treatment responses. Reinforcement learning, on the other hand, is gaining attention for optimizing personalized treatment plans 

and decision-making in dynamic environments. 

Despite the potential of these algorithms, selecting the appropriate method for a specific healthcare task is not 

straightforward. The choice of algorithm depends on various factors, including the type of data available, the complexity of the 

healthcare problem, and the need for interpretability. For instance, in high-stakes applications such as diagnosing life-threatening 

diseases or recommending treatments, model transparency and explainability are critical, while other tasks may prioritize 

predictive accuracy over interpretability. 

This paper provides a comparative study of several popular machine learning algorithms in the context of healthcare 

applications. We evaluate the strengths and limitations of each algorithm and explore their practical use cases in healthcare, 
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including disease prediction, diagnosis assistance, and patient management. By highlighting the trade-offs between accuracy, 

interpretability, and computational complexity, this study aims to offer valuable insights for healthcare professionals and data 

scientists in selecting the most effective machine learning models for their specific healthcare needs. 

II. RELATED WORK 

The application of machine learning (ML) in healthcare has gained substantial attention in recent years, owing to its 

potential to enhance diagnosis, treatment, and patient management through data-driven decision-making. Numerous studies have 

explored the effectiveness of various ML algorithms in healthcare, each addressing different challenges such as disease prediction, 

medical image analysis, patient classification, and personalized treatment. In this section, we provide a review of key studies that 

have utilized various ML algorithms in healthcare, highlighting their methodologies, findings, and relevance. 

Disease Prediction and Risk Assessment: Machine learning models have been widely used to predict the onset of 

diseases and assess patient risk. Kaur et al. (2020) applied logistic regression and decision trees to predict cardiovascular disease 

risk, showing that decision trees outperformed logistic regression due to their ability to handle non-linear relationships in medical 

data. Chaurasia and Pal (2017) compared decision trees, random forests, and support vector machines (SVM) for diabetes 

prediction. Their findings suggested that random forests provided the highest accuracy due to its ability to handle complex 

datasets with multiple features. Similarly, Wang et al. (2019) demonstrated the use of SVM for predicting the risk of kidney 

disease, showing that SVM could efficiently identify at-risk patients with higher accuracy than traditional methods.[7][8][9]. 

Medical Image Analysis: The use of deep learning techniques, especially Convolutional Neural Networks (CNNs), has 

become prevalent in medical image analysis. Esteva et al. (2017) demonstrated the effectiveness of CNNs in detecting skin 

cancer, outperforming dermatologists in diagnosing melanoma. The study highlighted that deep learning models could be trained 

on large image datasets to achieve human-comparable results in medical image classification. Similarly, Ronneberger et al. 

(2015) introduced U-Net, a deep learning architecture for medical image segmentation, which has since been widely adopted in 

tasks such as tumor detection and organ delineation in CT and MRI scans.[12][10] 

Personalized Medicine and Treatment Recommendation: ML algorithms have been increasingly applied to develop 

personalized treatment plans based on patient data. Kourou et al. (2015) reviewed several machine learning algorithms for 

predicting cancer treatment responses, focusing on decision trees, support vector machines, and neural networks. Their findings 

indicated that ensemble methods like random forests provided superior performance in terms of predictive accuracy. Ravi et al. 

(2017) explored the use of reinforcement learning (RL) for optimizing treatment strategies for chronic diseases, proposing a 

model that continuously adapts treatment based on patient feedback and disease progression.[13][11] 

Healthcare Monitoring and Patient Classification: Several studies have applied machine learning to classify patients 

into different risk categories and monitor their health status. Zhang et al. (2019) used random forests and SVM to classify 

patients at risk of hospital readmission, highlighting that random forests provided superior performance in terms of both precision 

and recall. In another study, Lipton et al. (2016) applied recurrent neural networks (RNNs) to electronic health records (EHRs) to 

predict patient deterioration, demonstrating the ability of RNNs to model temporal dependencies in healthcare data 

effectively.[1][2] 

Interpretability of Machine Learning Models: Interpretability is a significant concern in healthcare applications, 

where clinicians need to understand the reasoning behind a model’s predictions. Ribeiro et al. (2016) proposed LIME (Local 

Interpretable Model-agnostic Explanations), a method for interpreting black-box models like random forests and deep neural 

networks. This approach helps clinicians understand the decision-making process behind ML predictions, making it more feasible 

to use in healthcare applications. Caruana et al. (2015) focused on the trade-off between model complexity and interpretability, 

recommending simpler models like logistic regression for tasks where model transparency is crucial.[3][4] 

Comparative Studies of Machine Learning Algorithms in Healthcare: Direct comparisons between different ML 

algorithms have provided valuable insights into their relative strengths and weaknesses. Cheng et al. (2016) compared decision 

trees, SVM, and neural networks for predicting hospital readmission risk, finding that decision trees were more interpretable, 

while neural networks provided better accuracy for larger datasets. Rajkomar et al. (2019) conducted a comprehensive study of 

deep learning algorithms applied to EHR data, showing that deep learning models outperformed traditional methods like logistic 

regression and decision trees in predicting patient outcomes.[5][6] 

III.  DISCUSSION 

 This study presents a comparative analysis of various machine learning (ML) algorithms applied to healthcare tasks, 

evaluating their performance, interpretability, computational efficiency, and suitability for different types of healthcare problems. 

The results show that while no single algorithm dominates across all healthcare domains, the choice of machine learning model 

should be guided by specific use-case requirements such as data complexity, interpretability, and computational resources. 

3.1. Effectiveness of Traditional Algorithms in Healthcare 

The traditional machine learning algorithms, such as Logistic Regression, Decision Trees, and Random Forests, demonstrated 

competitive performance in certain healthcare tasks. 
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Logistic Regression: This algorithm performed well in simpler classification tasks, particularly for disease prediction 

models like heart disease and diabetes. Its strength lies in its simplicity and interpretability, which is crucial in healthcare 

applications where clinicians need to understand the rationale behind predictions. However, its performance was generally lower 

compared to more complex models like Random Forests and Neural Networks. 

Decision Trees: Decision Trees were also competitive in terms of interpretability and were able to provide clear 

decision-making processes. While they performed reasonably well in tasks such as heart disease prediction, their tendency to 

overfit in complex datasets limited their generalizability. Despite this, their ability to handle non-linear relationships made them a 

valuable tool for healthcare tasks with simpler datasets. 

Random Forest: Random Forests, as an ensemble method, outperformed most other traditional algorithms in both 

accuracy and robustness. This was evident in disease prediction and patient classification tasks, where they demonstrated strong 

predictive power without requiring extensive computational resources. Random Forests also provide valuable feature importance 

insights, aiding in model interpretability. 

3.2. Deep Learning Models in Complex Healthcare Problems 

For more complex healthcare problems, particularly those involving medical image analysis and large, high-

dimensional datasets, deep learning models like Convolutional Neural Networks (CNNs) and Neural Networks generally 

outperformed traditional machine learning algorithms. 

Convolutional Neural Networks (CNNs): CNNs excelled in medical image analysis tasks, such as skin cancer 

detection, outperforming traditional methods like Random Forests and SVMs. CNNs can automatically learn hierarchical feature 

representations from raw images, which is crucial for detecting subtle patterns in medical imaging. The superior performance of 

CNNs, with accuracy rates exceeding 90%, underscores their potential in healthcare tasks that require high accuracy, such as 

radiology image analysis and pathology slide interpretation. However, CNNs require large labeled datasets and significant 

computational resources for training, which may limit their applicability in resource-constrained environments. 

Neural Networks (Deep Learning): Deep learning models also showed impressive performance in tasks like hospital 

readmission prediction and patient classification, where traditional models such as Logistic Regression and SVM struggled. The 

ability of neural networks to learn complex non-linear relationships in healthcare data, particularly in the presence of large 

amounts of unstructured data, was a key strength. However, as seen in our study, the lack of interpretability of neural networks 

poses a challenge, particularly in clinical settings where understanding the decision-making process is critical. The use of 

explainability techniques like SHAP and LIME helped alleviate some of these concerns but did not fully address the black-box 

nature of deep learning models. 

3.3. Interpretability and Explainability 

Interpretability remains a key concern in the adoption of machine learning in healthcare. Clinicians and healthcare 

professionals need to trust the predictions made by the model, especially in high-stakes decisions such as diagnosing diseases or 

predicting patient outcomes. 

Random Forests: Among the traditional models, Random Forests provided the best balance between performance and 

interpretability. Feature importance rankings provided by Random Forests allow healthcare professionals to understand which 

factors are most predictive of an outcome. However, they still fall short in explaining individual predictions in detail. 

Decision Trees: Decision Trees, while interpretable, did not perform as well as Random Forests in terms of prediction 

accuracy and robustness. Their simplicity makes them more transparent, but their limited ability to generalize to unseen data 

means they may not always be suitable for more complex healthcare tasks. 

Neural Networks and Deep Learning Models: While Neural Networks and CNNs performed best in terms of raw 

predictive power, their lack of transparency in decision-making poses a significant challenge in healthcare. The use of LIME and 

SHAP helped provide local explanations for individual predictions, but these methods are not always able to fully explain the 

decision-making process, especially in deep learning models. As a result, there is a need for further research into improving the 

interpretability of deep learning models in healthcare applications. 

 

3.4. Computational Efficiency and Scalability 

In terms of computational efficiency, traditional machine learning models like Logistic Regression, Decision Trees, and 

Random Forests were more resource-efficient compared to deep learning models. This makes them more suitable for smaller 

healthcare organizations or in scenarios with limited computational resources. 
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Logistic Regression and Decision Trees have relatively low computational costs and can be trained quickly on 

moderate-sized datasets. 

Random Forests require more resources, particularly for large datasets, but still offer a reasonable trade-off between 

performance and computational cost. They can scale well to larger datasets, making them a viable option for healthcare systems 

with extensive historical patient data. 

On the other hand, Neural Networks and CNNs are computationally intensive, requiring significant hardware resources 

(e.g., GPUs) for training. The scalability of deep learning models may be limited by the availability of large, high-quality datasets 

and sufficient computational power. In addition, deep learning models tend to have long training times, which may not be ideal 

for real-time healthcare applications. 

3.5. Generalizability and Robustness 

The ability of machine learning algorithms to generalize well to unseen data is crucial in healthcare, where data 

distributions can vary widely across different hospitals, regions, or populations. 

Random Forests demonstrated good robustness and generalizability across multiple healthcare tasks. Their ensemble 

approach reduces the likelihood of overfitting, which is important when working with noisy and incomplete healthcare data. 

Neural Networks generally showed strong performance but faced challenges with overfitting, especially when data was 

limited or noisy. Techniques such as regularization, dropout, and data augmentation can mitigate this, but the risk of overfitting 

remains a concern, particularly in domains with smaller datasets. 

Logistic Regression and SVM were more prone to underfitting in complex healthcare tasks, particularly when the 

relationships between variables were highly non-linear. These models are better suited to simpler tasks but may struggle when 

faced with more complex healthcare datasets. 

3.6. Ethical and Societal Implications 

The deployment of machine learning models in healthcare brings about significant ethical considerations, particularly 

with regard to fairness, accountability, and transparency. Bias in the training data can lead to discriminatory outcomes, which is a 

serious concern in healthcare settings where decisions directly impact patient well-being. 

Bias and Fairness: It is crucial to ensure that the data used for training machine learning models is representative of 

diverse populations to avoid biased predictions. For instance, datasets that lack diversity in terms of race, age, or socioeconomic 

status could result in models that disproportionately harm certain patient groups. 

Accountability and Transparency: As discussed earlier, the interpretability of machine learning models is essential for 

ensuring that clinicians can trust the model's predictions. This is especially important in high-stakes healthcare decisions. Models 

that lack transparency, such as deep learning, may create accountability challenges if the model makes an incorrect prediction that 

harms a patient. 

IV.  CONCLUSION  

In this survey paper, we presented a comprehensive review of various machine learning algorithms used in healthcare, 

with a particular focus on their comparative performance, strengths, and limitations. As machine learning continues to evolve, it 

has demonstrated tremendous potential in transforming healthcare practices, from diagnosis and prediction to treatment planning 

and patient care. 

Through our analysis, we highlighted the advantages and drawbacks of several commonly used algorithms, such as 

decision trees, support vector machines (SVM), k-nearest neighbors (KNN), neural networks, and random forests, among 

others. While algorithms like neural networks and random forests tend to perform well on complex datasets, they may also require 

extensive computational resources and large amounts of data. On the other hand, simpler models such as decision trees and SVMs 

often provide more interpretable results but may not achieve the same level of accuracy in all scenarios. 

We also discussed the challenges inherent in applying machine learning to healthcare, including data quality, imbalanced 

datasets, privacy concerns, and the need for domain expertise. The success of machine learning in healthcare is highly dependent 

on the availability of high-quality data and the ability to balance accuracy with interpretability. Moreover, the application of these 

algorithms must be done with caution, considering the ethical and regulatory implications of deploying machine learning models 

in critical healthcare decision-making. 

As we examined the state-of-the-art in machine learning, we found that ensemble methods, such as random forests and 

gradient boosting, often provide a good balance between model complexity and accuracy. Additionally, the growing interest in 
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deep learning models, particularly for image and speech analysis in healthcare, presents exciting possibilities, although these 

models require significant resources and expertise. 

Looking ahead, the healthcare sector will continue to benefit from advancements in machine learning. We suggest the 

following areas for further research: 

Explainability and Interpretability: Future work should focus on making black-box models, like deep learning, more 

interpretable to clinicians. This could enhance trust and adoption in critical healthcare applications. 

Addressing Data Imbalance: Researchers must explore better techniques to handle imbalanced datasets, as this is a 

common issue in healthcare applications. 

Integration of Multi-modal Data: Machine learning models should be developed to seamlessly integrate data from 

diverse sources (e.g., electronic health records, medical imaging, genetic data) to improve diagnosis and treatment 

recommendations. 

Privacy and Security: Further research is needed to address the privacy concerns related to patient data, ensuring 

models are compliant with regulations such as HIPAA and GDPR. 

Real-time Decision Support: Machine learning models for real-time, predictive analytics and decision support in 

clinical environments could significantly improve patient outcomes. 

In conclusion, while machine learning algorithms show great promise in healthcare, there is no one-size-fits-all solution. 

A careful selection of the right model, tailored to the specific healthcare problem at hand, along with a focus on data quality and 

ethical considerations, will be key to successful deployment in real-world healthcare settings. 
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