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Abstract. Machine learning (ML) is transforming healthcare by providing advanced predictive 
models that help diagnose disease, optimize treatment, and monitor patients. These technologies 
enable clinicians to make more accurate, data-driven decisions, improve early detection of diseases, 
optimize personalized treatment plans, and continuously monitor patient health. This review explores 
the application of various ML models, including Random Forest, Support Vector Machines (SVM), 
and neural networks, which have shown considerable potential in analyzing large and complex 
medical data sets to predict patient outcomes and assist in clinical decision making. In addition, the 
review examines the current landscape of randomized clinical trials (RCTS) that assess the 
effectiveness of ML interventions in real care Settings. Despite the increasing implementation of ML 
in healthcare, there remains a significant need for rigorous RCTS to validate the clinical utility and 
safety of these models. In addition, the review discusses the integration of ML in digital health 
interventions, such as portable devices and mobile health applications, which are widely used for 
remote monitoring and chronic disease management. The study presents the potential of ML in 
healthcare while addressing ethical considerations, including transparency, algorithm accountability 
and data privacy. The importance of human loop systems, where health professionals work 
alongside ML models, is also highlighted as a key factor in improving the accuracy, reliability and 
adoption of these technologies in clinical practice. 
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1. Introduction 

Machine learning is applied in a wide range of healthcare use cases [1]. The healthcare industry 

gathers ever larger data sets, organizing the information in electronic health records (EHRs) as 

unstructured data. Using natural language processing, machine learning reorganizes this data into 

more structured datasets, enabling healthcare professionals to quickly extract actionable information 

from it [2]. 

ML is revolutionizing healthcare with predictive models that automate complex tasks, improve 

diagnostics and improve patient management. Drawing on large data sets such as EHRs, portable 

devices and diagnostic imaging, ML models can discover models that help clinicians predict disease 

outcomes and customize treatment strategies [3]. Supervised learning models, such as Random 

Forests and SVM, have been shown to be effective in predicting a range of health outcomes, from 

disease progression to the risk of readmission to hospital [4]. 

The adoption of ML in healthcare is also driven by the growing use of digital health tools, 

including applications for smartphones and portable devices. These tools collect large amounts of 

data that can be analyzed by ML algorithms to predict patient outcomes in real time, enabling 

personalized interventions. In addition, with a growing interest in precision medicine, ML algorithms 

can help clinicians offer more appropriate treatments by analyzing genetic data, lifestyle factors and 

medical history [5]. 

Despite the huge potential, there are still some obstacles to applying machine learning to healthcare. 

One of the most important challenges is the "black box" nature of some machine learning models, 

particularly deep learning algorithms, which limits interpretability and poses problems for some 

medical decisions. Clinicians may be reluctant to trust predictions generated by machine learning 

because they don't have a clear understanding of how AI makes diagnoses. In addition, the ethical 
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implications of the usage of ML in health care require careful consideration, particularly with respect 

to data confidentiality and security [6]. 

This review explores the nowadays state of machine learning in healthcare, focusing on predictive 

models, digital health interventions and validation of ML models through RCTS. By examining recent 

advances and challenges, the paper focus on providing a comprehensive overview of the role ML 

plays in transforming patient care and health care delivery. 

2. Methods 

2.1. Literature Search 

A comprehensive literature search was conducted using databases including PubMed, Scopus, and 

IEEE Xplore. The search focused on peer-reviewed articles published between 2015 and 2023 that 

explored the use of machine learning in healthcare. Keywords such as “machine learning,” “digital 

health,” “predictive models,” and “randomized clinical trials” were used. Studies that applied 

supervised learning algorithms for disease prediction, treatment optimization, or patient monitoring 

were prioritized, along with research examining the real-world effectiveness of ML-driven digital 

interventions [6]. 

2.2. Study Selection 

The review's inclusion criteria focused on studies that used ML models in clinical decision making 

or health outcomes. The focus has been on research to assess the performance of ML models in 

predicting patient outcomes, improving diagnostic accuracy or optimizing treatment plans. Studies 

involving RCTS of ML interventions were included to assess the clinical validation of these models. 

The exclusion criteria included articles that did not provide empirical data or those that dealt with 

areas other than health care. 

2.3. Data Extraction and Analysis 

Main information extracted from the studies included the type of machine learning model used, 

the area of health care (e.g., cardiology, oncology), data sources, sample size and outcome measures. 

Performance parameters such as accuracy, accuracy, recall and F1 score were analyzed to compare 

the effectiveness of different models. For studies involving RCTS, information on study design, 

sample size, type of intervention and trial results were extracted and analysed to assess the clinical 

validity of ML interventions. 

3. Result 

3.1. Applications of diseases Prediction 

One of the most important applications of ML in healthcare is disease prediction. Supervised 

learning models, particularly random forest and vector support Machines (SVMS), have been widely 

adopted to predict a variety of clinical outcomes. These models process large sets of data, often from 

EHRs or portable devices, to predict patient trajectoires, including hospital readmissions, disease 

progression and mortality [3] 

For example, in oncology, SVMS have been successfully used to analyze imaging data, such as 

mammograms and ct scans, to detect tumours at earlier stages. These models are able to distinguish 

between healthy and cancerous tissue by analyzing pixel patterns and comparing them with marked 

training data [4]. In addition, random forest models were used in cardiology to predict the probability 

of adverse cardiovascular events by analyzing clinical characteristics such as cholesterol levels, blood 

pressure and patient demographics. 

In a landmark study, ML models were applied to predict hospital readmissions of patients with 

heart failure, which is a cause of death worldwide. The study used a random Forest classifier to 
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analyze EHRs patient data, resulting in 83% accuracy in predicting 30-day readmission rates. The 

model quickly identified high-risk patients, allowing clinicians to intervene with targeted care [3]. 

Such predictive capabilities can significantly improve patient outcomes by enabling early intervention 

and personalized treatment plans. 

3.2. Digital Health Interventions 

ML models have also been integrated into digital health interventions, where they analyze 

information from portable devices, mobile health applications and remote monitoring systems. 

Digital health interventions that incorporate ML algorithms can provide personalized health 

recommendations based on real-time data, improving patient engagement and adherence to treatment 

plans. 

A systematic review by Triantafyllidis & Tsanas [5] has demonstrated the effectiveness of mrl-led 

mobile health interventions in the management of chronic diseases such as diabetes, obesity and 

depression. In one notable example, a mobile health application used a machine learning model to 

analyze data from phone sensors, including GPS and call models, to predict emotional states of 

patients with depression [7]. The model allowed the application to provide timely interventions, such 

as mood-based recommendations or alerts to health care providers, which helped reduce depressive 

symptoms in the patient cohort. 

Digital health tools have also been used in the management of cardiovascular diseases. Portable 

devices that track heart rate, blood pressure and activity levels feed data into ML models, allowing 

clinicians to remotely monitor patients and intervene when abnormal trends are detected. One of these 

systems used an SVM classifier to predict atrial fibrillation in patients with a history of heart disease, 

significantly reducing the risk of stroke by alerting clinicians to irregular heart rhythms [5]. 

Despite these successes, clinical adoption of ML in digital health interventions has been hampered 

by several challenges. Many digital health tools lack rigorous validation, and few undergo RCTS to 

confirm their effectiveness in the real world. In addition, issues related to data privacy, particularly 

with portable devices and mobile applications, have raised concerns about the widespread 

implementation of these technologies. 

3.3. Randomized Clinical Trials of ML Interventions 

RCTS are essential to validate the effectiveness of machine learning interventions in health. 

However, the number of RCTS performed on ml tools remains limited. In their systematic review of 

l-based RCTS, Plana et al. [6]. Found that only 41 RCTS were performed to assess the clinical utility 

of ML interventions, with many trials suffering from small samples and a lack of standardization. 

A significant proportion of these RCTS focused on gastroenterology, where ML models were used 

to improve the detection of colorectal adenomas during colonoscopy. A ct scan showed that a ml-

assisted colonoscopy system increased the rate of adenoma detection by 20% compared to standard 

procedures [6]. Although this trial proved promising, the review authors noted that most lm-based 

RCTS lacked diversity in patient demographics, limiting generalization of results [6]. 

The review also highlighted several methodological concerns, including lack of adherence to the 

ai consortium guidelines, which are designed to improve reporting of ai-based trials. Few studies have 

reported on the transparency of models, algorithmic performance or specific data sets used for training, 

raising concerns about reproducibility. In addition, many RCTS did not provide open access to 

algorithms or PRC code, making it difficult for other researchers to replicate results [6]. 

To address these challenges, researchers need to prioritize larger, multi-site RCTS that assess the 

performance of money laundering interventions in diverse populations. In addition, the adoption of 

standardized reporting frameworks, such as CONSORT-AI, will help ensure transparency and 

reproducibility in future ml based clinical trials. 



Highlights in Science, Engineering and Technology CSIC 2024 

Volume 124 (2025)  

 

262 

3.4. Human-in-the-Loop Systems 

The complexity of health data and the need for clinical monitoring have led to the development of 

human-in-the-loop (iML) systems. In iML, clinicians work alongside machine learning models, 

providing real-time feedback and corrections that improve model performance. This collaborative 

approach addresses one of the most important challenges of healthy ML: the "black box" problem, 

where the decision-making process of an ML model is not transparent. 

In emergency departments, iML systems were used to improve the accuracy of the yard. One study 

implemented an lML system that used random forest models to predict patient outcomes, with 

clinicians refining the predictions based on their expertise. This hybrid approach has significantly 

improved the accuracy of triage decisions, resulting in faster care and better patient outcomes [8].  

Integrating human expertise into ML workflows improves the interpretation of model predictions, 

making it easier for clinicians to understand and trust system-generated recommendations. This 

collaboration also helps ensure that ML models remain responsive to clinical needs and real-world 

data, which can evolve over time as new medical knowledge becomes available. 

4. Discussion 

Machine learning offers significant potential to transform healthcare by providing predictive 

models that improve diagnosis, treatment planning, and patient monitoring. Supervised learning 

models such as Random Forest and SVM have shown promise in disease prediction, particularly in 

oncology, cardiology and chronic disease management. In addition, digital health interventions 

supported by ML offer new opportunities for personalized care and real-time patient monitoring, 

particularly for chronic diseases such as diabetes and cardiovascular disease. Natural language 

systems are used in a lot of crucial clinical and research tasks like NLP based computation 

Phenotyping, such as clinical trial screening, pharmacogenomics, diagnostic categorization, 

Discovery of new phenotypes, drug interaction and detection of adverse drugs Events [9]. 

Despite these advances, a number of challenges remain to be addressed to realize the full potential 

of machine learning. First, many machines learning models, especially deep learning algorithms is 

lack of transparency, it is an obstacle to clinical application. Clinicians may be reluctant to rely on 

a"black box" model to provide predictions without explaining their decision-making process. The 

Human-in-the-loop system Provide solutions and improve interpretation by integrating clinical 

expertise into ML workflows Model prediction [4]. 

Another important challenge is the lack of rigorous clinical validation for many ml-based tools. 

Although some digital health interventions have undergone RCTS, the number of trials remains 

limited, and many suffer from methodological gaps. To ensure that money laundering interventions 

are safe and effective, larger, multi-site RCTS are required, with an emphasis on standardizing trial 

design and reporting according to consortium guidelines [6]. 

Data privacy and security are also critical concerns, especially with the growing use of portable 

devices and mobile health apps. Healthcare organizations need to implement robust data control 

frameworks to protect patient information. In addition, the development of ML models that are both 

transparent and safe is needed to be research, so that patients can receive personalized care without 

compromising their privacy. 

Since January 2020, the Coronavirus disease (COVID-19) has become a major global concern. It 

primarily affects the cardiovascular system and requires sensitive, rapid and specific tools to identify 

the disease early and allow for better preventive measures [10]. 

AI has played a crucial role in developing new text and data mining techniques to assist COVID-

19 research. It has been used in CRISPR-based COVID-19 detection trials, taxonomic classification 

of COVID-19 genomes, discovery of potential drug candidates, and survival prediction of severely 

ill COVID-19 patients [11]. 
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5. Summary 

Machine learning has the potential to revolutionize healthcare by enabling predictive models that 

improve diagnosis, treatment planning, and patient outcomes. However, for ML to be widely adopted 

in the clinic, several challenges must be addressed. These include improving the interpretation of ML 

models, conducting more rigorous RCTS to validate their effectiveness, and ensuring that data 

privacy and security are a priority in ml-led health systems. 

Future research should focus on developing looped human systems that integrate clinical expertise 

with machine intelligence, ensuring that ML models are both accurate and understandable. In addition, 

the healthcare industry must adopt standardized reporting frameworks such as CONSORT-AI to 

ensure transparency and reproducibility of ml clinical trials. By addressing these challenges, machine 

learning can become a powerful tool to improve patient care and advance healthcare delivery. 
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