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PAPER

A Systematic Literature Review on Machine Learning 
in Healthcare Prediction

ABSTRACT
Rapid technological advancement will continue to create new values and transform experi-
ences in many sectors, including healthcare. Several key trends are shaping today’s healthcare 
system, including the use of machine learning (ML). This systematic literature review (SLR) 
explores the application of ML in healthcare, particularly in predictive analytics. The SLR also 
includes a few papers on machine learning operations (MLOps) in healthcare, reflecting lim-
ited studies on the topic. This suggests significant potential for further exploration in MLOps. 
The review compares findings from various studies, many of which agree that ML enhances 
the scalability and reliability of predictive models. This study aims to assess the most effective 
ML algorithms and methodologies used in healthcare prediction. It also attempts to identify 
features influencing the outcomes of ML applications in healthcare predictions. Findings sug-
gest that ML can improve prediction accuracy using the appropriate dataset, optimal feature 
selection model, and a tailored ML algorithm for specific tasks. The literature highlights chal-
lenges, including the need for specialised skills and the complexity of integrating MLOps into 
existing healthcare systems.

KEYWORDS
machine learning (ML), machine learning operations (MLOps), machine learning models, 
machine learning algorithms, healthcare prediction, healthcare

1	 INTRODUCTION

Technological innovation has taken place in every aspect of today’s life [1]. 
In healthcare, both providers and patients are significantly impacted by techno-
logical advancements. Given the current global population, healthcare systems are 
encountering substantial challenges [2], which influenced the rise of chronic dis-
eases and the demand for more efficient, personalised, and proactive healthcare 
solutions. In the old healthcare system, treatment is provided only when symptoms 
appear, along with general treatment plans. This approach is incompetent in today’s 
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complex environment that requires more personalised care. Traditional statistical 
methods used to predict outcomes often struggle to consider the complex interac-
tions among various clinical, demographic, and molecular factors impacting the pro-
gression of disease [3].

To overcome these problems, the healthcare system is undergoing a significant 
transformation, driven by the integration of new-wave technologies, such as machine 
learning (ML), artificial intelligence (AI), and big data analytics [4]. Specifically, ML 
is changing various aspects of healthcare—from predictive analytics and diagnos-
tic accuracy to treatment optimisation and patient monitoring [4]. One significant 
advantage of ML in healthcare is its potential to improve diagnostic accuracy and 
facilitate early disease detection and prediction [5]. For example, ML algorithms can 
analyse medical imaging data, including X-rays and MRIs, to detect anomalies that 
may show signs of cancer or neurological disorders [6]. This ability not only sup-
ports early diagnosis but also enables the development of personalised treatment 
strategies for each patient’s unique requirements, thereby improving overall care 
quality [7].

However, current healthcare prediction systems face substantial challenges such 
as data privacy and security, data diversity and generalisation, model personalisa-
tion, scalability and efficiency [8], [10]. ML models’ complexity requires substantial 
training and deployment resources [12], [13], and frequent updates are necessary 
to maintain accuracy as new data becomes available. The integration of machine 
learning operations (MLOps) presents a promising solution to these challenges. 
A fundamental goal of implementing MLOps in healthcare is to enhance the use of 
ML in clinical workflows [9].

According to [11], MLOps ensures efficient implementation of ML solutions while 
adhering to high standards of data management and compliance. This approach 
accelerates predictive analytics deployment and promotes continuous improvement 
through real-time monitoring [14]. A key element of MLOps is the implementation of 
continuous integration (CI) and continuous deployment (CD) practices. CI/CD pipe-
lines facilitate automated testing, building, and deployment of ML models, reducing 
manual intervention and minimising error risks. This agile approach is essential in 
fast-paced clinical environments [11]. Despite these advancements, there remains 
limited literature regarding the effective integration of MLOps with ML in health-
care prediction models.

This systematic literature review (SLR) aims to explore ML applications within 
the healthcare sector, focusing on prediction models’ effectiveness. By analysing 
existing studies, this review will highlight how MLOps can enhance ML model accu-
racy while identifying commonly used algorithms and methodologies in health-
care. It will also find the most influential features of ML models. Furthermore, it 
will examine key challenges and opportunities in deploying MLOps in healthcare 
settings, providing insights into leveraging these technologies to improve global 
health outcomes.

2	 RESEARCH METHODOLOGY

This systematic review provides a thorough overview of the application of ML 
algorithms and methods in healthcare prediction. To conduct the review, this paper 
adhered to the guidelines and procedures recommended by [15]. One approach was 
to follow the preferred reporting items for systematic reviews and meta-analyses 
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(PRISMA) protocol [16], [17]. The methodology used in conducting the review was 
divided into three stages:

•	 Planning the review
•	 Conducting the review
•	 Reporting the review

2.1	 Planning the review

In this initial stage, it is essential to define the research objectives and establish 
keywords for paper selection, as well as to formulate inclusion and exclusion crite-
ria. Since this paper aims to identify the application of ML in healthcare prediction, 
the keywords used for paper selection included healthcare prediction, healthcare, 
ML and ML operations.

The objectives of this study are:

1.	 To summarise data and features used in ML in healthcare prediction.
2.	 To evaluate common methods used by researchers in healthcare prediction.
3.	 To identify the ML algorithm used in healthcare prediction.

Once the research objective is clearly defined, the next step is to construct the 
research question [18]. The research questions of this study were mapped from the 
objectives stated above. Referring to guidelines by [15], three aspects were consid-
ered as the study criteria: population, intervention and outcomes of the study. Here 
are the specifics for each study criteria:

•	 Population: high school, higher educational institute and industrial sector
•	 Intervention: methods, algorithms and prediction techniques.
•	 Outcome: best features for prediction and successful prediction techniques 

or approaches.

The criteria outlined above then directed the formulation of the research 
questions (RQs) for this study:

•	 RQ1: What features are most commonly utilised by researchers in the healthcare 
sector for ML applications?

•	 RQ2: How do ML methods used by researchers in healthcare prediction influence 
the evaluation of model accuracy and effectiveness?

•	 RQ3: Which algorithms are considered the most effective in ML models within 
the healthcare sector?

2.2	 Conducting the review

This stage is where a screening process is performed to identify the most relevant 
papers to the research objectives. This study utilised the PRISMA guidelines [19] to 
conduct the screening process, which was divided into three phases.

Search strategy. Papers were collected from four different databases: IEEEXplore, 
ScienceDirect, SpringerLink and SAGE Publication, focusing on articles published 
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between the years 2020 and 2024. To obtain the most relevant dataset, a search 
strategy using related keywords was used. Papers related to healthcare prediction, 
healthcare, ML and MLOps keywords were selected before going through the next 
screening process. Table 1 summarises the databases used in this study and the 
number of papers collected from each database.

Table 1. Databases used for research findings

No. Database Name No. of Papers

1 IEEEXplore 52

2 ScienceDirect 61

3 SpringerLink 63

4 SAGE Publication 41

Selection criteria. Selection criteria are a guideline to ensure each selected 
paper is the best fit for a study. It is to guarantee that the selected articles clearly 
define their methods and findings, can be consistently replicated by other research-
ers, and do not rely on preconceived ideas or biases before the research is conducted 
[12, 13]. The criteria included were as follows:

•	 Studies that used ML, ML algorithms, ML techniques, or MLOps in healthcare 
prediction.

•	 Articles of real-world application of ML in clinical settings for prediction models.
•	 Studies of different ML models in healthcare prediction.

Papers selected based on the selection criteria then underwent inclusion and 
exclusion criteria to narrow down the findings.

Inclusion and exclusion criteria. The inclusion and exclusion criteria were then 
defined to decide whether or not a particular study should be included in this sys-
tematic review [14].

Inclusion criteria

1.	 Studies on healthcare prediction
2.	 Studies written in English
3.	 Studies published in the last five years (2020–2024)

Exclusion criteria

1.	 Studies that did not provide clear methodologies or results related to ML applica-
tions in the healthcare sector

2.	 Irrelevant titles, abstracts and keywords
3.	 Review papers

In the view of [15], extraction flow is very helpful in selecting papers. According 
to PRISMA guidelines [11], the first step is to identify papers equivalent to our 
research objectives. In this study, papers related to healthcare prediction using ML 
were searched. As stated in Table 1, 52 papers were retrieved from IEEEXplore, 
61 papers from ScienceDirect, 63 papers from SpringerLink and 41 papers from the 
SAGE publication database, making a total of 217 papers to be used in this review 
study. Seventy-two papers were excluded as they did not meet the established inclu-
sion criteria (review papers).
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In the second step, all papers were screened based on their title, abstracts, and 
full content. In this phase, 58 papers were removed as they had irrelevant titles 
and abstracts. Then, another 26 papers were removed due to not having enough 
explanation of ML algorithms, methods, and features used in their studies. From 
217 papers, 61 papers were selected. Figure 1 shows the PRISMA flowchart of this 
selection process.

Fig. 1. PRISMA flowchart of papers identification for review

2.3	 Reporting the review

This section provides tabulated data of all papers extracted from the 2.2 phase. 
Table 2 displays the paper ID and author/references for each of the included papers.

Table 2. Paper ID and author list

Paper Id Author/Reference Paper Id Author/Reference Paper Id Author/Reference

P1 [20] P22 [41] P43 [62]

P2 [21] P23 [42] P44 [63]

P3 [22] P24 [43] P45 [64]

P4 [23] P25 [44] P46 [65]

P5 [24] P26 [45] P47 [66]

P6 [25] P27 [46] P48 [67]

P7 [26] P28 [47] P49 [68]

P8 [27] P29 [48] P50 [69]

P9 [28] P30 [49] P51 [70]

P10 [29] P31 [50] P52 [71]

P11 [30] P32 [51] P53 [72]

P12 [31] P33 [52] P54 [73]

(Continued)
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Paper Id Author/Reference Paper Id Author/Reference Paper Id Author/Reference

P13 [32] P34 [53] P55 [74]

P14 [33] P35 [54] P56 [75]

P15 [34] P36 [55] P57 [76]

P16 [35] P37 [56] P58 [77]

P17 [36] P38 [57] P59 [78]

P18 [37] P39 [58] P60 [79]

P19 [38] P40 [59] P61 [80]

P20 [39] P41 [60]

P21 [40] P42 [61]

3	 RESULTS

In this section, a comprehensive analysis of features, methods and algorithms 
of ML and MLOps in healthcare prediction is provided. Each subsection answers 
a specific research question in detail.

3.1	 RQ1: What features are most commonly utilised by researchers 
in the healthcare sector for ML applications?

Many researchers agree that the selection and quality of features within a dataset 
play a vital role in enhancing the accuracy and reliability of ML models [81]. Proper 
feature selection boosts model performance and improves interpretability and gen-
eralisation across various datasets and applications.

Different researchers have mentioned different features that are best for their 
studies. From 61 papers reviewed, nine feature categories were detected to be com-
monly used by researchers. They were demographic information, clinical data, lab-
oratory test results, symptom descriptions, previous and current treatment data, 
behavioural factors, electronic health records (EHR) and image data.

Table 3 below shows the general description of each feature category, high-
lighting the types of attributes included in each feature category. Some attributes 
expressed the same meaning but were labelled differently. Not all nine features 
were addressed by every paper; some papers only mentioned one, two, three, four, 
or five of the features.

Table 3. Feature categories description

Feature Id Feature Description

F1 Demographic Information Age, gender, ethnicity and socioeconomic status of patients

F2 Clinical Data Medical history, family history of diseases, current 
medications and vital signs

F3 Laboratory Test Results Blood test results, imaging results (e.g., X-rays, MRIs) and 
genetic markers

F4 Symptom Descriptions Patient-reported symptoms and their severity

Table 2. Paper ID and author list (Continued)

(Continued)
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Feature Id Feature Description

F5 Treatment Data Previous treatment outcomes and response to medications

F6 Behavioural Factors Lifestyle choices such as smoking, alcohol consumption and 
physical activity levels

F7 Environmental Factors Exposure to toxins or pollutants and living conditions

F8 Electronic Health 
Records (EHR)

Comprehensive patient records including notes from 
healthcare providers

F9 Imaging Features Features extracted from medical imaging data using 
techniques like radiomics

According to Figure 2, clinical data emerged as a primary feature utilised by many 
researchers to enhance the performance accuracy of their ML models. [41] found 
that their system is showing better performance when integrated with clinical data. 
Table 4 shows a result tabulated by [45] showing the clinical dataset achieves the 
highest accuracy compared to other datasets. Additionally, a study by [82] empha-
sised the importance of various clinical features in predicting how patients will 
recover after surgery. Clinical data has the highest recurrence percentage at 68.85%, 
followed closely by demographic information at 85.25%.

The laboratory test results showed a significant impact with only 39.34%. 
Treatment and imaging features each accounted for 11.48% and 13.11%, respec-
tively, while EHR appeared in just 8.20% of the reviewed studies. Symptom descrip-
tions, behavioural factors, and environmental factors have the lowest recurrence 
rates, each at only 3.28% in this systematic literature review.

Despite the focus of all reviewed papers on the healthcare sector, many do not 
recognise symptom descriptions, behavioural factors and environmental factors as 
critical features to include in their datasets. This oversight may stem from the fact 
that many patients experience symptoms that healthcare providers fail to recog-
nise or document. Furthermore, behavioural and environmental factors are often 
intertwined with numerous variables, including biological, psychological and social 
influences. This complexity can make it challenging for researchers to effectively 
isolate and analyse these factors within their studies.

Fig. 2. Recurrence percentage of commonly used feature categories in healthcare prediction

Table 3. Feature categories description (Continued)
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Table 4. Example of dataset evaluation

[83] emphasised the importance of feature combinations in enhancing the per-
formance of prediction in ML algorithms. Specifically, they highlighted that “the 
multiple features reveal underlying patterns in the data, which is essential for accu-
rate predictions.”

Figure 3 illustrates that over 18% of studies opted to combine multiple features in 
their datasets. Specifically, 39.3% of the studies utilised two features, 31.1% employed 
three features, 9.8% incorporated four features and 1.6% of the studies combined 
five features in their datasets.

Fig. 3. Percentage of studies that utilised one or more features

Table 5 below records paper IDs for each feature category. 52 papers used 
clinical data in their study. Data like medical history, family history of diseases, 
current medications, and vital signs are certainly influential in shaping the ML 
model. Next, 42 papers indicate that demographic information is vital data for 
training the ML model. A study highlighted that many ML models failed to report 
sufficient demographic data, which led to biased outcomes and limited the appli-
cability of the models across different populations [83]. Out of 61 studies, 24 stud-
ies utilised laboratory test results to help elevate the predictive models. Table 4 
also indicates that treatment data and imaging feature data were prevalent in the 
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studies reviewed. Seven studies utilised treatment datasets, while another eight 
focused on imaging features. Treatment data allows for personalised models that 
predict how patients respond to different treatments. This is especially crucial in 
fields like psychiatry, where individual responses to medications can vary [81]. 
On the other hand, [84] found that imaging features provide a more detailed 
understanding of medical conditions, like tumour characteristics, improving 
prediction accuracy. Additionally, EHR datasets, which contain comprehensive 
patient information including notes from healthcare providers, were identi-
fied as a crucial predictor element in healthcare prediction models. Five studies 
reviewed highlighted EHR data as an essential feature in this context. Although 
there were only several studies that concentrated on the symptom descriptions 
dataset, the behavioural factors dataset, and the environmental factors dataset, 
each of these datasets was utilised by two papers, leading to a total of six distinct 
papers involved.

Table 5. Paper ID used by each feature category

Feature Id Paper Id

F1 P2, P5, P8, P9, P11, P13, P14, P15, P19, P20, P21, P22, P23, P25, P27, P31, P33, P34, P35, 
P36, P37, P38, P39, P40, P41, P42, P43, P44, P45, P46, P47, P48, P49, P50, P51, P52, P53, 
P55, P56, P57, P58, P61

F2 P2, P3, P4, P5, P6, P7, P8, P9, P10, P11, P12, P13, P14, P15, P18, P19, P20, P21, P22, P23, 
P25, P26, P27, P30, P31, P32, P33, P34, P35, P36, P37, P38, P39, P40, P41, P42, P43, P44, 
P45, P46, P47, P48, P49, P50, P51, P52, P54, P55, P56, P57, P58, P60

F3 P3, P15, P16, P18, P20, P21, P22, P24, P25, P27, P28, P31, P33, P35, P36, P39, P47, P48, 
P49, P51, P55, P56, P57, P58

F4 P33, P55

F5 P27, P30, P39, P41, P44, P45, P57

F6 P53, P58

F7 P34, P42

F8 P12, P23, P26, P29, P57

F9 P1, P4, P7, P14, P17, P22, P54, P59

3.2	 RQ2: How do ML methods used by researchers in healthcare prediction 
influence the evaluation of model accuracy and effectiveness?

There are two widely used ML methods in predictive modelling: classification 
and regression [85]. Table 6 tabulated data on methodologies used by each study. 
Both approaches are essential for making predictions based on labelled datasets but 
serve different purposes and are applied to different types of problems.

Classification is used when the output is categorical, indicating that it represents 
distinct classes or labels [86]. For instance, it can categorise data into “Yes” or “No,” 
or into multiple classes like blood type A, B, AB, or O. Classification is selected when 
the goal is to predict a category based on input features, making it suitable for tasks 
like image recognition, medical diagnosis and sentiment analysis.

On the other hand, regression is commonly applied when the output involves 
continuous data that can take any real value. It focuses on predicting numerical 
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outcomes rather than categories. Common applications of regression include 
forecasting values such as house prices, temperature prediction, or sales figures. 
Regression is particularly beneficial when estimating a value based on input 
variables, making it ideal for tasks like financial forecasting and demand pre-
diction [86].

Figure 4 shows the percentage of each methodology employed in this study. As 
shown, classification was utilised in 85.2% of the studies, followed by regression 
tasks at 8.2%. Additionally, 6.6% of the studies employed both classification and 
regression tasks. Most studies have used the classification method as they intend to 
get the result in categorical data, such as classifying patients as high risk or low risk 
in cancer [66], yes or no classification of relapse status in breast cancer patients [49], 
and temperature classification of the eye region [26]. To ensure the effectiveness of 
an ML model, it is essential to first consider the choice of ML methods to achieve 
the best and most accurate results. While most papers reviewed in this SLR have 
selected classification as their method, this does not imply that classification is the 
best choice for all prediction models.

Table 6. Methodologies used by each study

Method Used Paper Id

Classification P1, P2, P3, P4, P5, P7, P8, P9, P10, P11, P12, P14, P15, P16, P17, P18, P19, P20, P21, 
P22, P23, P24, P25, P26, P28, P29, P30, P31, P32, P33, P34, P35, P36, P37, P38, P39, 
P40, P41, P42, P43, P44, P45, P47, P49, P50, P51, P53, P54, P55, P56, P58, P59

Regression P6, P13, P48, P52, P61

Both P27, P46, P57, P60

Fig. 4. Percentage of methodologies commonly used in healthcare prediction
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3.3	 RQ3: Which algorithms are considered the most effective in ML models 
within the healthcare sector?

The choice of algorithm in ML plays a critical role in determining the performance 
and accuracy of prediction models. Different algorithms are designed to handle vari-
ous types of data and relationships. For instance, algorithms that excel in processing 
linear relationships may struggle with non-linear data, potentially compromising 
prediction accuracy [87]. Different algorithms also depend on different tasks.

Table 7 provides an overview of algorithm performance within this study. The 
data demonstrates a strong preference among researchers for utilising hybrid algo-
rithms in their models. The table presents performance metrics (precision, recall, 
AUC, F1 score and accuracy) for various ML algorithms evaluated in this study. 
However, due to different metrics reported across studies, there is a considerable 
amount of missing data, and it limits the ability to make direct comparisons.

Algorithms included in this study are hybrid algorithms, random forest (RF), 
gradient boosting (GB), neural network (NN), decision tree (DT), support vec-
tor machine (SVM), naïve bayes (NB), long short-term memory (LSTM), K-nearest 
neighbour (KNN), ada boost (AB) and logistic regression. Extreme gradient boosting 
(XGB), light gradient boosting (LGB) and hist gradient boosting (HGB) are categorized 
under the GBM category. Artificial neural networks (ANN) and convolutional neural 
networks (CNN) are categorised under the neural network category.

Table 7. Algorithm performance details

Bil. Algorithm Paper Id Precision Recall AUC F1-Score Accuracy

1 Hybrid P3 82 85 90 83 83.1

2 P5 – – 98.5 – 96.9

3 P6 94.29 91.7 – 93 95.6

4 P14 98 – – 98 97

5 P16 85.65 85.7 – – 87.4

6 P20 – – 91 – –

7 P22 95.31 85.7 – 90 94

8 P23 99 98.9 – 99.3 99.4

9 P25 – 71.3 80.7 48.6 74.4

10 P26 95.9 96 – 96 95.2

11 P27 – – 85.2 – –

12 P28 – – 98.9 98.4 98.9

13 P37 – – – – 97.2

14 P49 99.23 99.1 – – 99.1

15 P55 – – 81 – 71

16 P59 81.7 78.3 86.1 78.4 79.3

17 P60 – – 81.7 – –

(Continued)
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Bil. Algorithm Paper Id Precision Recall AUC F1-Score Accuracy

18 RF P1 96.49 – 99.2 – 97.4

19 P2 – – 87.2 44.4 95.4

20 P8 97 97.6 – 97 97.9

21 P11 – – 92 83 81

22 P12 – – 90.2 – 91.3

23 P15 – – 92 – 88

24 P18 – – 79.2 – 93.7

25 P31 – – 72.2 – 97.9

26 P33 – – 96.2 – 87.3

27 P38 98.61 97.9 99.9 98.5 98.9

28 P41 – – 88.5 – 86.8

29 P45 – – – 89.2 94.8

30 P56 – – – – 91.5

31 P57 96.6 96.4 – – 96.4

32 GB GBM P21 – – – – 95.1

33 P50 – – 90.2 – –

34 P61 98.65 100 – 99.3 99.1

35 P51 81.6 95.2 95.2 87.9 93.2

36 HGB P42 99.9 – – 99.8 99.8

37 LGB P10 – – 85.5 79.5 80

38 XGB P29 94.13 91 – 92.4 96.9

39 P40 – – 97 – 87.8

40 P58 – – – – 82.5

41 P61 – – – – 89.9

42 NN ANN P13 – – 88.5 – 98.2

43 P43 88 90 94 89 89

44 P47 100 100 – 100 100

45 P52 76.2 91.2 88.6 73.3 89.5

46 CNN P9 83.47 – – 82.3 82.3

47 GNN P30 97 99 98 98 98

48 NN P24 94 94 – 90 94

49 DT P7 94.44 94.4 – 94.5 96.1

50 P19 97.5 – 98 97.5 98

51 P44 92.31 – 97.5 96 95.7

52 P46 93.53 91.5 – 92.4 99

Table 7. Algorithm performance details (Continued)

(Continued)
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Bil. Algorithm Paper Id Precision Recall AUC F1-Score Accuracy

53 SVM P17 95.27 94.6 – 94.9 94.7

54 P36 – – – – 81.7

55 P54 – – – 60.9 82.5

56 NB P35 98 98 – 98 98.1

57 P53 14.8 14.8 86.9 11.4 83.4

58 LSTM P4 – – 98.7 92.3 97.1

59 KNN P32 – – 81.5 – 72.8

60 AB P39 88.26 88.5 – 88.4 94.4

61 LR P48 – – – – 77.3

This study has concluded that RF algorithms are the most effective single 
approach for making predictions in the healthcare sector. [20] agreed that RF is very 
powerful due to its robust feature selection process, effective handling of complex 
datasets, and superior performance compared to other algorithms. This statement 
is supported by [21], who stated that RF is a highly effective algorithm within their 
clinical decision support system, achieving high accuracy in disease prediction tasks. 
Fourteen studies concluded RF performs with the highest accuracy compared to 
other algorithms in their study.

Decision tree is structured like a flowchart, where each internal node represents 
a feature (or attribute), each branch signifies a decision rule, and each leaf node 
indicates the outcome. [26] mentioned that the flowchart-like structure allows users 
to easily understand how decisions are made, which is particularly valuable in fields 
like healthcare and finance where transparency is crucial. According to Table 6, most 
papers that acknowledged DT as their best performance algorithm used clinical data 
as their feature selection dataset.

Neural network mimics the way biological neurone’s function using weighted 
connections between nodes. Each node receives inputs, processes them using an 
activation function and produces an output to be sent to the next layer. This archi-
tecture allows neural networks to learn complex patterns in data [43]. [43] also 
highlighted various applications of neural networks across different fields, demon-
strating their versatility in tasks, such as image recognition, natural language pro-
cessing and predictive analytics.

Gradient boosting is an ensemble machine-learning technique that builds models 
in a stage-wise fashion. It combines the predictions of several weak learners, typically 
DTs, to create a strong predictive model [53]. XGBoost was recognised as the most 
popular algorithm chosen by researchers within the gradient-boosting category.

Support vector machine is a powerful supervised ML algorithm primarily used 
for classification and regression tasks. It excels in binary classification problems, 
where the goal is to separate data points into two distinct classes. [55] highlighted 
that SVM is particularly effective for classification tasks, especially in scenarios with 
high-dimensional data. This capability makes it suitable for medical applications 
where numerous features may be present [55].

Naïve bayes is based on Bayes’ theorem, which calculates the posterior prob-
ability of a class given the features. It assumes that the features are conditionally 

Table 7. Algorithm performance details (Continued)

https://online-journals.org/index.php/i-joe


	 168	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 21 No. 6 (2025)

Ahmad Sukri et al.

independent given the class label, which simplifies computation [72]. [72] also 
pointed out that NB performs competitively against other algorithms, particularly 
in scenarios where the independence assumption holds or when dealing with 
high-dimensional data.

Hybrid algorithms have been reported to achieve the highest accuracy in 17 stud-
ies. A hybrid algorithm is defined as one that combines different methods to effec-
tively tackle challenging problems. This approach aims to leverage the strengths of 
various algorithms, improving solution quality, convergence speed, and robustness 
[45]. [74] highlighted various applications of the hybrid algorithm, showcasing its 
adaptability in solving real-world optimisation problems across different fields. P28 
shows the real application of a hybrid algorithm in their cancer diagnosis model 
called En-MinWhale that combines SVM, DT, multilayer perceptron, and RF as 
the base learners to make initial predictions [47]. Figure 5 shows the workflow of 
En-inWhale.

Fig. 5. Example of real-world application of hybrid algorithm

Table 8 summarises the performance value of ML algorithms across different 
metrics. The averages recorded are significantly affected by missing values. RF exhib-
its high precision (97.18%) and recall (97.29%), indicating a strong balance between 
minimising false positives and false negatives. However, its AUC is lower than the 
other categories, and its F1 score is substantially lower than its precision and recall 
values. DT demonstrates high accuracy (97.2%), but its low AUC significantly affects 
the results. NN can also be categorised as a high-performing algorithm based on 
its high recall and accuracy averages. GB and hybrid algorithms are concluded as 
potentially strong performers. Despite limited data, it displays generally high aver-
age scores across precision, recall, AUC, and F1score. Conversely, NB and SVM fall 
under low-performing categories. It gives low precision and recall values compared 
to other algorithms. LSTM, KNN, AdaBoost and LR each provide only a single data 
point and are not representative of their performance. It is important to highlight 
that all the values are highly dependent on the specific dataset and experimental 
setup used in each study.
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Table 8. Algorithm performance summary (average values)

Algorithm Precision (Avg) Recall (Avg) AUC (Avg) F1-Score (Avg) Accuracy (Avg)

Hybrid 92.34 87.96 88.12 87.18 90.61

RF 97.18 97.29 89.66 82.42 92.73

GB 93.57 95.4 91.9825 91.78 91.59

NN 89.78 94.84 92.27 88.76 92.99

DT 94.445 92.945 65.18 95.1 97.2

SVM 95.27 94.63 0 77.9 86.29

NB 56.4 56.4 86.85 54.7 90.735

LSTM – – 98.7 92.3 97.1

KNN – – 81.5 – 72.8

AdaBoost 88.26 88.49 – 88.39 94.38

LR – – – – 77.33

4	 DISCUSSION

Machine learning has fundamentally improved the landscape of healthcare pre-
diction by enabling more accurate assessments and clinical decisions. Conventionally, 
prediction models relied on statistical methods to predict outcomes. However, these 
techniques often struggle to capture the complex interactions of vast clinical data. 
This paper showcases a five-year systematic review of the application of ML in pre-
dictive models within the healthcare sector. The analysis of 61 papers included in 
this review emphasises the most popular and effective features and algorithms that 
influence the performance of these predictive models.

In healthcare predictive models, nine features were commonly utilised, including 
demographic information, clinical data, laboratory test results, symptom descriptions, 
treatment data, behavioural factors, environmental factors, EHR, and imaging fea-
tures. Clinical data stood out as the most commonly used feature. Furthermore, many 
researchers were found to combine multiple features in their datasets to improve the 
effectiveness of their models. The use of suitable datasets and optimal feature selec-
tion can also significantly enhance the performance of prediction models.

The evaluation of common methods employed by researchers in healthcare pre-
diction revealed classification as a more effective approach for running predictive 
models compared to the regression approach. Nevertheless, some researchers opted 
to combine classification and regression methods in their models.

The findings of this study identified the most effective algorithms for healthcare 
prediction models. Hybrid algorithms, RF, GB, NN and DT emerged as popular choices 
among researchers. These algorithms showed the highest accuracy in their respec-
tive study. Specifically, hybrid algorithms have been reported to achieve the highest 
accuracy in 17 studies. This studies has also included the value of performance met-
rics (precision, recall, AUC, F1 score, accuracy) of various ML algorithms. However, 
the variability in reported metrics across different studies resulted in a considerable 
amount of missing data, thereby limiting the ability to make direct comparisons. 
Furthermore, it is important to highlight that all the values are highly dependent 
on the specific dataset and experimental setup used by each study. Performance is 
highly dependent on the specific datasets, pre-processing techniques, and experi-
mental setups.
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Although ML has significantly improved healthcare prediction models, its com-
plexity requires MLOps integration. Nevertheless, there are also limitations regarding 
appropriate timing, interoperability challenges and the need for skilled personnel.

In conclusion, the implementation of ML into healthcare prediction has signifi-
cantly enhanced the accuracy and effectiveness of clinical decision-making. By 
leveraging a combination of features and advanced algorithms, researchers can 
develop robust predictive models that better capture the complexities of clinical 
data. The findings from this review underscore the importance of using appropri-
ate methodologies, particularly classification techniques and hybrid algorithms, 
to optimise predictive performance in healthcare settings. As ML continues to 
evolve, its application in healthcare will likely lead to even greater advancements 
in patient care and outcomes. Nonetheless, the integration of these technologies 
also presents challenges, such as ensuring data privacy, maintaining regulatory 
compliance and addressing the ethical implications of AI-driven decision-making. 
Therefore, future research in ML for healthcare should focus on carefully manag-
ing model deployment and exploring approaches such as blockchain technology to  
enhance security.

5	 LIMITATIONS

This study has certain limitations that should be acknowledged. Firstly, most of 
the reviewed papers raised concerns regarding imbalanced datasets, highlighting 
the need for more appropriate datasets and noting how both excessively large and 
insufficient datasets could bias the results. Secondly, conducting a comprehensive 
comparison between models is challenging, as many papers do not provide essential 
information, such as pre-processing steps or the attributes of dataset features. Lastly, 
there were only a limited number of papers available on MLOps studies. Therefore, 
this study cannot focus solely on MLOps; it must also incorporate ML to expand the 
dataset and increase the number of studies included.
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