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Abstract: The integration of artificial intelligence (AI) in 

disease diagnosis is transforming the field of medicine, 

offering precise and efficient tools to detect critical health 

conditions. However, the diversity of algorithms and their 

applications raises questions about which of these are the 

most effective. Therefore, this systematic review aims to 

identify the most accurate AI models for detecting various 

diseases. A systematic review was conducted considering 

Scopus and Web of Science databases as main information 

sources, analyzing 416 studies that used AI algorithms 

within the medical field. Additionally, rigorous inclusion 

and exclusion criteria were applied, screening 26 articles 

that prioritize quantitative results relevant to clinical 

diagnosis. The most prominent model is Random Forest, 

with a frequency of use in 12 investigations and an average 

accuracy of 0.91. Likewise, the XGBoost, CNN, and SVM 

models were used in 9 investigations each and obtained 

accuracy results of 0.87, 0.88, and 0.96 respectively. These 

performances were particularly notable in applications 

related to dermatological, cardiological, and oncological 

diseases. The results position Random Forest as an efficient 

tool for medical diagnosis, although its practical 

implementation faces some technological and budgetary 

challenges. It is recommended to explore hybrid 

methodologies that combine advanced algorithms with 

more traditional approaches and conduct longitudinal 

studies to evaluate their impact in different clinical settings. 

Keywords—Artificial Intelligence, Algorithm, Machine Learning, 

Deep Learning, Disease 

 

I. INTRODUCTION 

Machine learning (ML) algorithmic models are types of 
artificial intelligence that allow a computer program to obtain 
information from errors, analyze data, recognize patterns, and 
produce informed judgments with minimal human 
intervention [1]. The use of this technology has revolutionized 
predictive work across many sectors, with healthcare being 
one of the most notable, where the ability to diagnose diseases 
with the support of computer systems has been enhanced. 

The impact of AI in the medical sector is largely 
recognized thanks to the wide diversity of scientific literature 
related to its use in the diagnosis of various diseases. 
Currently, a total of 3,508 articles have been identified 
globally on the application of AI in rheumatic diseases, with 
the United States and China being the nations that contribute 
the highest number of publications, followed by the United 
Kingdom, Germany, and South Korea. [2]. On the other hand, 
in countries like Mexico, ML techniques such as semi-
supervised learning have been applied for the segmentation 
and estimation of lung lesions caused by COVID-19, where 
local patient data was used to demonstrate the viability of 

these technologies in medical diagnosis. [3]. Likewise, in 
ophthalmological medical centers in Lima, Peru, deep 
learning (DL) was used as a tool for medical diagnoses. DL 
belongs to a subgroup of algorithms within ML and is based 
on the use of neural networks to make predictions. Among the 
different types of DL techniques, the convolutional neural 
network (CNN) algorithm achieved highly effective results, 
exceeding 85% accuracy in the diagnosis of eye diseases. [4]. 
AI applications in the healthcare sector continue to increase, 
and the use of different ML or DL techniques is becoming 
increasingly popular in medical practice across different parts 
of the world. 

Although today, these algorithmic models are not capable of 
replacing a doctor's work when identifying a disease [5], 
paradigms such as the use of support vector machines to 
predict patient response to cancer treatments [6] show that 
these models serve as important tools against misdiagnosis. 
Similarly, models based on DL and neural networks are 
another type of artificial intelligence technology that face 
significant challenges that keep them far from medical 
practice, such as the need to have a large amount of training 
data for effective operation [7]; however, the successful use of 
convolutional neural networks (CNN) in classification and 
detection processes related to medical images [8], have 
demonstrated that they could be tools of great potential for 
clinical treatments, showing accuracy values of up to 98.0% 
for the classification of breast lesions into benign and 
malignant [9]. 

This Systematic Literature Review on the use of artificial 
intelligence for disease diagnosis is important for the software 
engineering field not only because AI is widely used and has 
shown high growth in the last decade [10]; but also because it 
provides a detailed description of the different ML and DL 
technologies used in medical diagnostic processes, such as 
neural networks, SVM, logistic regression, decision trees, and 
random forests in cases of cardiac problems [11]. In this sense, 
recent studies demonstrate the success of DL in various 
medical applications, affirming the need to expand scientific 
literature to validate the use of these new approaches in 
clinical practice. 

 

II. METHODOLOGY 

The structure of this document follows the Systematic 
Literature Review (SLR) format, aiming to compile different 
sources related to the topic in question and group them 
together so that they collectively obtain a new meaning that 
will add value to scientific literature. 

The PICOC method shown in Table 1 was used to define the 
scope of this research. This strategy allowed us to identify 
concepts and key words in different dimensions to finally find 
a research question. 
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Table 1. Description of the PICOC method  

P Population/Problem 
Medical diagnosis of 
diseases 

I Intervention 
Algorithmic models of 
artificial intelligence 

C Comparison 
Machine Learning and Deep 
Learning Algorithmic 
Models 

O Outcomes Accuracy Level 

C Context In Healthcare Centers 

 

A. RESEARCH QUESTION 

Through the PICOC method and clearly defined concepts, the 
main question of the SLR seeks to answer: What algorithmic 
models of artificial intelligence are used to determine the 
accuracy level in medical diagnosis of diseases in healthcare 
centers? 

 

B. REVIEW SUB-QUESTIONS 

RQ1: What type of prediction problem is the most recurrent in 
the use of artificial intelligence algorithmic models for disease 
diagnosis? 

RQ2: What is the accuracy level of artificial intelligence 
algorithmic models in disease diagnosis? 

RQ3: In what types of healthcare centers have machine 
learning and deep learning models been applied for disease 
diagnosis? 

 

C. INCLUSION AND EXCLUSION CRITERIA 

In order to compile articles that contribute to answering the 
research question, inclusion and exclusion criteria were 
declared that served as a guide for publication search. The 
inclusion criteria considered that all empirical articles 
collected must be focused on the use of artificial intelligence 
algorithmic models. Likewise, they must compare 
performance metrics of different ML models, reporting their 
accuracy levels with a quantitative approach. The SLR only 
used studies conducted or applied in healthcare centers and 
related to the computer science field. On the other hand, the 
exclusion criteria determined all documents published before 
2024 or in a language other than English or Spanish. Similarly, 
research that uses artificial intelligence for other aspects of 
medical care that are not disease diagnosis or related to 
COVID-19 diseases will be discarded. 

 

D. PUBLICATION SOURCES 

For the compilation of the different publications in this 
study, the Scopus and Web of Science databases were used as 
sources, considered two of the most recognized in scientific 
research environments.  

1) SEARCH EQUATION FOR SCOPUS: 

The search equation for the Scopus database is represented 

by logical connectors and is: 
( TITLE-ABS-KEY ( "medical diagnosis" OR "analysis" OR 
"disease diagnosis" OR "clinical diagnosis" OR "diagnosis 

software" OR "pathological diagnosis" OR "computer-
assisted diagnosis" OR "computer-aided diagnosis" OR 
"medical radiological diagnosis" ) AND TITLE-ABS-KEY ( 
"Algorithm" OR "artificial intelligence" ) AND TITLE-ABS-
KEY ( "machine learning" OR "supervised learning" OR 
"unsupervised learning" OR "self-adapting computer" OR 
"ML system" OR "deep learning" OR "neural network" OR 
"neural net" OR "recurrent neural network" OR "RNN" OR 
"multilayer neural network" OR "convolutional neural 
network" OR "CNN" OR "Dictionary learning" OR 
"Cognitive systems" OR "Data augmentation" OR "Deep 
architecture" OR "Image augmentation" OR "Linear 
discriminant analysis" OR "Long short term memory" OR 
"Naive Bayes methods" OR "Photorealistic images" OR 
"Predictive analytics" OR "Radiomics" OR "Boosting" OR 
"Deep reinforcement" OR "Diffusion models" OR "Ensemble 
learning" OR "Hyperparameter" OR "Random forests" OR 
"Reinforcement learning" OR "Relevance vector machines" 
OR "Statistical learning" OR "Hierarchical learning" OR 
"Graph neural networks" OR "Image classification" OR 
"Image segmentation" OR "Learning systems" OR "Batch 
normalization" ) AND TITLE-ABS-KEY ( "result" OR 
"performance" OR "metrics" OR "accuracy" OR "precision" 
OR "recall" OR "F1 score" OR "ROC curve" OR "AUC" OR 
"Confusion matrix" OR "Mean Squared Error" OR "MSE" 
OR "Root Mean Squared Error" OR "RMSE" OR "Mean 
Absolute Error" OR "MAE" OR "specificity" OR "sensitivity" 
OR "true positive rate" OR "false positive rate" OR "R-
squared" OR "R²" ) AND TITLE-ABS-KEY ( "clinic" OR 
"hospital" OR "Medical centers" OR "Health facilities" OR 
"Primary care centers" ) ) AND PUBYEAR > 2022 AND 
PUBYEAR < 2026 AND ( LIMIT-TO ( SUBJAREA , 
"COMP" ) ) AND ( LIMIT-TO ( DOCTYPE , "ar" ) OR 
LIMIT-TO ( DOCTYPE , "cp" ) OR LIMIT-TO ( DOCTYPE 
, "ch" ) ) AND ( LIMIT-TO ( OA , "all" ) ) AND ( LIMIT-TO 
( LANGUAGE , "English" ) ) 

 

2) SEARCH EQUATION FOR WEB OF SCIENCE: 

The search equation for the Web of Science database is 

represented by logical connectors and is: 

 
"medical diagnosis" OR "analysis" OR "disease diagnosis" 
OR "clinical diagnosis" OR "diagnosis software" OR 
"pathological diagnosis" OR "computer-assisted diagnosis" 
OR "computer-aided diagnosis" OR "medical radiological 
diagnosis" (All Fields) and "Algorithm" OR "artificial 
intelligence" (All Fields) and "machine learning" OR 
"supervised learning" OR "unsupervised learning" OR "self-
adapting computer" OR "ML system" OR "deep learning" OR 
"neural network" OR "neural net" OR "recurrent neural 
network" OR "RNN" OR "multilayer neural network" OR 
"convolutional neural network" OR "CNN" OR "Dictionary 
learning" OR "Cognitive systems" OR "Data augmentation" 
OR "Deep architecture" OR "Image augmentation" OR 
"Linear discriminant analysis" OR "Long short term memory" 
OR "Naive Bayes methods" OR "Photorealistic images" OR 
"Predictive analytics" OR "Radiomics" OR "Boosting" OR 
"Deep reinforcement" OR "Diffusion models" OR "Ensemble 
learning" OR "Hyperparameter" OR "Random forests" OR 
"Reinforcement learning" OR "Relevance vector machines" 
OR "Statistical learning" OR "Hierarchical learning" OR 
"Graph neural networks" OR "Image classification" OR 
"Image segmentation" OR "Learning systems" OR "Batch 
normalization" (All Fields) and "result" OR "performance" 
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OR "metrics" OR "accuracy" OR "precision" OR "recall" OR 
"F1 score" OR "ROC curve" OR "AUC" OR "Confusion 
matrix" OR "Mean Squared Error" OR "MSE" OR "Root 
Mean Squared Error" OR "RMSE" OR "Mean Absolute 
Error" OR "MAE" OR "specificity" OR "sensitivity" OR "true 
positive rate" OR "false positive rate" OR "R-squared" OR 
"R²" (All Fields) and "clinic" OR "hospital" OR "Medical 
centers" OR "Health facilities" OR "Primary care centers" (All 
Fields) and Open Access and 2025 or 2024 or 2023 
(Publication Years) and Article (Document Types) and 
English (Languages) and Computer Science (Research 
Areas).  

 

E. THE PRISMA STATEMENT 

After compiling a total of 465 publications based on the search 
equations in the Scopus and Web of Science databases, the 
PRISMA statement diagram shown in Figure 1 was used as a 
guide to filter out articles outside the scope of the research. 
This method consists of three subtitles: Identification, 
Screening, and Inclusion. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1: Prisma statement diagram 

 
Identification is a pre-screening process that consisted of 
eliminating 50 duplicates found after consolidating both 
databases. After removing duplicate publications, screening 
continued. Within this process, 297 publications with titles 
and abstracts not strictly related to the research topic were 
eliminated. Likewise, 4 articles were left out because they 
could not be retrieved. Finally, through inclusion and 

exclusion criteria, another 88 articles were removed. After 
identification and screening, the inclusion of the PRISMA 
statement highlights the number of publications selected for 
the research, reaching a total of 26. 

 

III. RESULTS 

 

A. EXPLORATORY ANALYSIS OF SOURCES 

The source selection process for this SLR resulted in 26 

articles out of 2024 shown in Table 2. The countries where 

these publications were produced are China, India, USA, 

Italy, Oman, South Korea, Bangladesh, Saudi Arabia, 

Turkey, Belgium, Mexico and Taiwan. 

 
Table 2. Screened articles 

REFERENCE H-INDEX COUNTRY 

Lee et al. [12] 23 United States 

Gulamali et al. [13] 7 United States 

Parola et al. [14] 2 Italy 

Dubbioso et al. [15] 21 Italy 

Zhang et al. [16] 69 China 

Hong et al. [17] 29 South Korea 

Zhu et al. [18] 1 China 

Wu et al. [19] 15 China 

Nillmani et al. [20] 4 India 

Moni et al. [21] 59 Bangladesh 

Abdelhafez et al. [22] 1 Saudi Arabi 

Qasem et al. [23] 20 United States 

Zhang et al. [24] 2 China 

Panigrahi et al. [25] 14 India 

Cheng et al. [26] 6 China 

Fırat et al. [27] 8 Ankara, Turkey 

Gudigar et al. [28] 26 India 

Alaraimi et al. [29] 1 Oman 

Meena et al. [30] 10 India 

Karuppasamy et al. 

[31] 
3 Oman 

Mayrose et al. [32] 1 India 

Bhagubai et al. [33] 4 Belgium 

Cabrera Gaytán et al. 

[34] 
5 Mexico 

Li et al. [35] 1 China 

Chang et al. [36] 22 Taiwan 

Hu et al. [37] 19 China 
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Databases (n=2) 
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Records removed before 

screening: 

-Duplicate records 

(n=50) 

Records Screened 

(n=415) 

Title and abstract 

(n = 297) 

Records sought for 

retrieval 

(n = 118) 

Publications retrieved for 

eligibility: (n = 114) 

Records not retrieved 

(n = 4) 

Publications excluded: 

C1 (n = 88) 

New studies included in 

the review: 

(n = 26) 
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Figure 2: Frequency of countries per item 

 

Figure 2 shows that the countries with the most publications 

are China and India with seven and five publications 

respectively, followed by the United States with three. 

 

The number of references used by each article is presented in 

Figure 3, where each bar color corresponds to a specific 

country. It is observed that the highest number of references 

used belongs to Lee et al. from the United States (76), 

followed by Gudigar et al. from India (73), and in third place 

Zhang et al. from China (68). 

 

 
Figure 3: References by article and country 

 

The median impact factors of the articles used in this 

systematic literature review are between 4 and 5. Likewise, 

Figure 4 shows that 50% of publications have a Cite Score 

between 4 and 10, an impact factor between 3 and 6, and the 

highest proportion of authors' h-index is between 3 and 20. 

 

 
Figure 4: Distribution of article impact factors 

 

Figure 5 shows the set of most recurring keywords in the 

collection of publications used for this SLR, highlighting the 

terms machine learning, deep learning, human, article, 

artificial intelligence, major clinical study, and diagnosis. 

 
Figure 5: Keywords word cloud 
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Figure 6: Co-occurrence Keywords Clusters 

 

Figure 6 shows the keyword co-occurrence from the 26 

articles selected for this SLR. The VOSviewer software was 

used to distribute the words into different groups, where each 

cluster groups keywords based on how frequently they appear 

together in the same articles. Out of the 26 analyzed papers, 

42 key terms were found with a minimum of 3 occurrences 

across the articles. Notably, the words “machine learning” 

and “human” stood out with 14 and 13 occurrences, 

respectively. 
 

B. ALGORITHMIC MODELS BY DISEASE 

Table 3 shows a set of algorithmic models used for the 

prediction of a specific disease in each of the research 

articles. 
 

Table 3. Algorithmic Models by Disease 

REFERENCE DISEASE MODEL 

Lee et al. [12] Stroke 

Logistic Regression 

SVC 
Random Forest 

XGBoost 

SVC2 
Ensemble (MAX) 

Ensemble (MIN) 

Ensemble (MEAN)  
StrokeClassifier 

Gulamali et al. 

[13] 

Intracranial 

hypertension 
CNN 

Parola et al. [14] Oral cancer CNN 

Dubbioso et al. 
[15] 

Dysarthria Decision Tree 

Zhang et al. [16] 
Cardiovascular 

risk 

Random Forest 

Extra Trees 

Bagging 
Decision Tree 

XGBoost 
LGBM 

Gradient Boosting 

Support Vector Machine 
(SVM)AdaBoost 

Neural Networks (MLP) 

Hong et al. [17] Kidney disease 
SVM 

Logistic Regression 

Decision Tree 

KNN 
Random Forest 

Gradient Boost 

AdaBoost 
XGBoost 

LightGBM 

Zhu et al. [18] Cancer 

Logistic Regression 
Softmax 

Ridge 

SVM 
KNN 

Naive Bayes 

Random Forest 
AdaBoost 

CatBoost 

Extra Trees 
Ligh Gradient Boosting 

Gradient Boosting 

XGBoost 

Wu et al. [19] Gastrointestinal 

ConvNext 
T2T-ViT 

VGG-19 
Conformer 

HiFuse 

ShuffleNet V2 
GLA-TD 

Nillmani et al. 

[20] 

Tuberculosis 

(TB) 
CNN 

Moni et al. [21] Diabetes 

Logistic Regression 
KNN 

SVM 

Random Forest 
Decision Trees 

Neural Networks (MLP) 

XGBoost 
LightGBM 

Abdelhafez et al. 
[22] 

Diabetes 

Naive Bayes 

Decision Tree 

Logistic Regression 
Random Forest 

Neural Network 

SVM 

Qasem et al. [23] Cancer 

Gradient Boosting 

Neural network 

XGBoost 
Random Forest 

Bagging 

Histgradient boosting 
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SGD classifier 
Logistic egression 

Zhang et al. [24] 
Acute kidney 

injury 

Gradient Boosting Machines 

Extremely Randomized 

Forest 
Generalized Linear Models 

Random Forest 

Deep Learning 

Panigrahi et al. 

[25] 
Diabetes mellitus 

BMNABC + C4.5 

BMNABC + KNN 

BMNABC + NB  
BMNABC + RF  

MNABC + RS 

BMNABC + ODF(RFE) 
BMNABC + SVM 

Cheng et al. [26] Axial myopia 

XGBoost 

SVR  

Linear Regression 
Stacking Regressor 

Fırat et al. [27] Gastrointestinal 

Vanilla ViT 

Swin Transforme 
ConvMixer 

MLPMixer 

ResNet50 
SqueezeNet 

Gudigar et al. [28] Hypertension 

ResNet50 

ResNet50v2 
InceptionV3 

DenseNet201 

XeeptionNet 

Alaraimi et al. 
[29] 

Brain tumor 

GLCM+SVM 
GLCM+ANFIS 

GLCM+KNN 

GLCM+RF 
GLCM+Adaboost 

Meena et al. [30] 
Chronic kidney 

disease 

KNN 

RFC 
DTC 

GB 

XGBOOST 

Karuppasamy et 
al. [31] 

Breast cancer 

CLR 

CSVM-H 

CSVM 

VggNet-16 
ResNet-50 

Mayrose et al. [32] Dengue 

ML-MLP 

ML-RF 
ML-SVM 

ML-FCM 

ML-SVM 

Bhagubai et al. 

[33] 
Seizure 

ChronoNet 
DeepCNN 

EEGnet 
Pathology Dynamics 

UCLA CDx 

Neural Engineering Lab 
Brainify.ai 

Seizure Hunters 

Cabrera Gaytán et 

al. [34] 
Dengue 

ANN 

ANN-ROC 

 DIRECT+ANN-ROC 

Li et al. [35] 
Cerebral 

ischemia 

U-Net 

U-Net++ 
ResU-Net 

Swin-Unet 

DCSAU-Net 
GA-UNet 

HmsU-Net 

MCNMF-Unet 
LeaNet 

MDU-Net 

UTAC-Net(Ours) 

Chang et al. [36] Skin cancer 

AlexNet+VGGNet 
GoogleNet+AlexNet 

ResNet50+InceptionV3 

InceptionV3+Xception 

Customized EfficientNet-b4 
with ImageNet 

R-RGB-1 

SVM 
Proposed Hybrid CNN-

DenseNet 

Hu et al. [37] Prostate cancer TPAS 

 

As shown in Figure 7, the most recurring prediction 

algorithms across the set of articles are machine learning 

models related to decision trees such as RANDOM FOREST 

and XGBOOST, followed by SVM and the CNN 

convolutional neural network model. 

 
Figure 7: Frequency of use of models 

 

C. EFFICACY OF MODELS ACCORDING TO DISEASE 

From the total number of study items, 21 different diseases or 

medical conditions shown in Table 4 were identified, each 

associated with a specific model such as CNN, RANDOM 

FOREST, XGBOOST, etc. In each situation, several 

performance metrics were recorded, such as ACCURACY, 

ACCURACY, SENSITIVITY, F1-SCORE and AUC. 

 

 
Table 4. Best performing algorithmic model metrics 

DISEASE MODEL METRIC 

Stroke 
StrokeClassifier 

(Custom) 

Accuracy: 0.744 ± 0.009 

Precision: 0.743 ± 0.009 

F1 score: 0.740 ± 0.010 
Kappa: 0.629 ± 0.014 

Intracranial 
hypertension 

CNN 

Auroc: 0.80 

Precision: 0.738 
Sensitivity: 0.74 

Specificity: 0.73 

Oral cancer CNN Accuracy: 0.777 

Dysarthria RANDOM FOREST Wk: 0.8060 

Cardiovascular 
risk 

XGBOOST 

AUC: 0.902 

Accuracy: 0.867 
F1-Score: 0.701 
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Kidney disease 
GRADIENT 

BOOST 

Sensitivity: 0.594 
Specificity: 0.877 

Precision: 0.808 

Auroc: 0.826 
F1-Score: 0.603 

Cancer CATBOOST 

Auc: 0.852 

Accuracy: 0.796 

Sensitivity: 0.761 
Specificity: 0.832 

Gastrointestinal GLA-TD 

Accuracy: 0.9063 

Precission: 0.8958 
Recall: 0.9124 

F1-Score: 0.9076 

Tuberculosis 

(TB) 
CNN 

Accuracy: 0.9929 

Precision: 0.9930 
Recall: 0.9929 

F1-Score: 0.9929 

Auc: 0.999 

Diabetes LIGHTGBM 

Accuracy: 0.9615 

Precission: 0.9677 

Recall: 0.9677 
F1-Sore: 0.9677 

Auroc: 0.9582 

Diabetes RANDOM FOREST 

Accuracy: 0.9967 

Sensitivity: 0.997 
Specificity: 0.983 

Cancer RANDOM FOREST 

AUC: 0.717 

Accuracy: 0.718 
Senstivity: 0.684 

Specificity: 0.750 

Acute kidney 
injury 

DEEP LEARNING AUC: 0.830 

Diabetes mellitus RANDOM FOREST 

Accuracy = 0.9728 

Specificity = 0.9938 

Sensitivity = 0.9712 

Axial myopia SVM 
MAE = 0.37 ± 0.34 

RMSE = 0.82 

Gastrointestinal ResNet50 (CNN) 

Accuracy = 0.8744 

F1-Score = 0.87 
Precision = 0.88 

Sensitivity = 0.87 

Hypertension ResNet50 (CNN) 

Accuracy = 0.925 
Specificity = 0.901 

Sensitivity = 0.93 

UAC = 0.90 

Brain tumor SVM 

Accuracy = 0.9640 
Precision = 0.9643 

Sensitivity = 0.9770 

Specificity = 0.9439 
F1-Score = 0.9706 

Chronic kidney 

disease 
RANDOM FOREST 

Precision = 1.00 

Sensitivity = 1.00 
F1-Score = 1.00 

Breast cancer ResNet50 (CNN) 

Sensitivity = 0.99 

Specificity = 0.94 
Precision = 0.98 

F1-Score = 0.96 

AUC = 0.97 

Dengue RANDOM FOREST Accuracy = 0.9439 

Seizure ChronoNet AUC = 0.794 

Dengue DIRECT-ANN-ROC 

Sensitivity = 0.89 

Specificity = 0.99 
Ppv = 0.99 

Npv = 087 

Kapa = 0.87 
Ase = 0.02 

Cerebral 

ischemia 
UTAC-Net 

Dice Coefficient = 0.9175 

(IoU %) = 0.8476 

Skin cancer SVM Accuracy = 0.957 

Prostate cancer DL-TPAS 
AUC = 0.82 

AUPRC = 0.74 

 

IV. DISCUSSION 

 

Each article used in this systematic literature review has 

evaluated different types of artificial intelligence algorithms. 

The most commonly used are machine learning models 

related to decision trees such as Random Forest [16] [17] [18] 

[23] [24]; followed by models like XGBoost and SVM. 

Additionally, the use of Convolutional Neural Networks 

(CNN) for computerized image analysis in clinical contexts 

is quite recurrent across various publications [13] [27] [32]. 

 

The most recurrent type of prediction problem in the use of 

AI algorithmic models for disease diagnosis is identified 

through the metrics that each author has used to measure their 

models' performance. Although the authors do not explicitly 

mention it, the metrics used to measure each model's 

performance, such as AUC, sensitivity, and precision [16], 

demonstrate that each article is working with classification 

problems, as they predict a qualitative value. If, alternatively, 

other types of metrics that are also popular in the machine 

learning context had been used, such as R², MAE, MAPE, or 

RMSE, the type of problem would be regression [26], where 

the prediction aims at a continuous numerical value. 

 

In this regard, with respect to accuracy levels, Random Forest 

shows sensitivity and accuracy results above 90% according 

to the authors Monit et. al. [21] and Abdelhafez et. al. [22] 

compared to KNN models, where their performance ranges 

between 50% and 80% according to Hong et. al. [17] and 

Meena et. al. [30]. It was also found that CNN can reach 

performance levels of 99% according to Nillmani [20] in its 

investigation of computerized image analysis for the 

diagnosis of tuberculosis. 

 

Additionally, ML and DL models for disease diagnosis have 

been applied across a diverse range of healthcare institutions, 

including prestigious academic medical centers in the United 

States. [13], European university hospitals [14] [15], multiple 

tertiary hospitals in Asia [17] [18], specialized disease-

specific centers [12] [22], regional hospitals and provincial 

hospitals. Similarly, it is noteworthy that some research has 

been based on data from national health systems and 

ministries of health [25], which suggests implementation at a 

governmental level. 

 

A notable finding among the 26 selected papers is that some 

authors employ multiple models in combination to make 

predictions, achieving better results than when using 

individual algorithms. Lee et al. [12] integrated nine different 

models to classify stroke etiology in their study, achieving a 

precision level of 0.74. Meanwhile, Parola et al. [14] 

combined YOLO, DETR, and R-CNN models into a single 

ensemble model that reached an accuracy of 0.85 for oral 

cancer detection. Similarly, Zhang et al. [24] merged four 

models using AutoML in their work on acute kidney injury 

diagnosis, obtaining an AUC result of 0.96. These cases 

demonstrate how ensemble models are transitioning from an 

innovative framework to a more widespread practice in 

medical contexts. 
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It is important to note that, although multiple studies have 

applied machine learning algorithms for disease diagnosis, 

ethical concerns remain regarding their use in medical 

practice. Some authors argue that before AI can be widely 

adopted in clinical settings, key challenges such as data 

interpretability and model transparency must first be 

addressed [23] [25]. As noted by Wei et al., more 

interpretable AI models, such as Logistic regression, tend to 

yield lower predictive performance compared to complex 

models like neural networks. However, while DL algorithms 

may achieve superior diagnostic accuracy, their inherent lack 

of explainability prevents clinicians from understanding the 

underlying decision-making process. This limitation 

compromises the physician’s ability to clearly communicate 

the rationale for a diagnosis to the patient, thereby 

undermining the fundamental principle of autonomy and the 

requirement for truly informed consent [38]. 

 

V. CONCLUSION 

In this research, the most effective AI models for disease 

diagnosis were identified, highlighting the use of decision 

tree-related algorithms such as Random Forest with an 

average accuracy of 0.91, XGBoost with an average accuracy 

of 0.87, and convolutional neural networks with an average 

accuracy of 0.88. According to evaluation metrics such as 

precision, sensitivity, accuracy, and AUC, we found effective 

models that can reach 90% effectiveness in the analyzed 

studies. Thus, the studies conducted demonstrate that 

Random Forest is highly efficient in detecting 

dermatological, cardiological, and oncological diseases. This 

contrasts positively with other machine learning methods 

such as KNN and SVM. However, difficulties have been 

encountered in interpreting the results and applying these 

algorithms in clinical environments with technical 

limitations; this shows the need to improve the integration of 

these tools in the healthcare system. These difficulties 

highlight that for future projects, it is recommended to 

evaluate the effectiveness of mixed methods that combine 

Random Forest with conventional methods, as well as 

conduct longitudinal studies that assess the impact of these 

models on improving patient prognosis. 
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