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Abstract:
Brain tumors pose a significant threat to patients’ quality of life and survival rates, with traditional diagnostic methods 
often falling short due to their time-consuming nature and susceptibility to high misdiagnosis rates. Recent progress in 
Artificial Intelligence (AI), especially in Machine Learning (ML) and Deep Learning (DL), offer promising alternatives 
for the prediction and diagnosis of brain tumors. AI models, including Support Vector Machine (SVM), Random 
Forests, Logistic Regression, Artificial Neural Network (ANN), Convolutional Neural Network (CNN), and Long Short-
Term Memory (LSTM) models networks, have demonstrated superior performance in processing complex medical 
data, thereby enhancing predictive accuracy and aiding clinical decision-making. This review systematically evaluates 
the application of these AI techniques in brain tumor prediction, highlighting their strengths and limitations, as well as 
the challenges faced in terms of model interpretability, data applicability, and patient privacy. Furthermore, this paper 
explored future prospects for improving model interpretability, transfer learning and domain adaptation for enhancing 
model applicability, and federated learning for preserving patient privacy. By addressing these issues, Artificial 
Intelligence can significantly advance brain tumor diagnosis and treatment, ultimately improving patient outcomes.
Keywords: Brain tumor prediction; machine learning; deep learning; model interpretability.

1. Introduction
Brain tumors are a disease that significantly impacts pa-
tients’ quality of life and survival rates. Based on world-
wide cancer statistics, the incidence and mortality rates 
of brain tumors have been increasing in recent years, 
particularly among the elderly population [1]. Traditional 
diagnostic methods primarily rely on medical imaging and 
pathological examinations; however, these methods have 
certain limitations, such as long diagnostic times, high 
misdiagnosis rates, and significant trauma to patients [2]. 
Especially, they frequently depend on imaging techniques 
like MRI and CT. While these methods can offer details 
on the location and structure of tumors, they have certain 
limitations in early detection and accurate classification 
[3]. Physicians often need to integrate multiple data sourc-
es to make diagnostic decisions, which are both time-con-
suming and influenced by subjective factors. Therefore, 
finding more efficient and accurate methods for prediction 
and diagnosis has emerged as a focal point of research.
In recent years, advancements in Artificial Intelligence 
(AI) technology have made significant advancements 

within the medical field, especially in analyzing medical 
images [4]. By learning from large volumes of medical 
data, AI models can provide highly accurate predictive 
results in a short time, which holds the promise of greatly 
enhancing the early diagnosis and treatment outcomes of 
brain tumors [4]. AI technology, particularly in ML and 
DL techniques, has become a crucial tool in the medical 
field. AI models can handle extensive and complex data, 
such as imaging and genomic information, and clinical re-
cords, thereby enhancing the predictive accuracy of brain 
tumors [5]. These technologies assist physicians in mak-
ing faster and more accurate diagnoses by automatically 
analyzing complex patterns within the data.
AI has also made significant progress in the prediction 
and classification of brain tumors. Random Forest is an 
ensemble method that improves classification accuracy by 
creating several decision trees and combining their pre-
dictions. Recent research has demonstrated that Random 
Forest is effective in handling brain tumor imaging data, 
effectively enhancing classification accuracy [6]. Logistic 
Regression, a classic classification algorithm, is often used 
for binary classification problems. In brain tumor predic-
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tion, Logistic Regression can assess risk based on patients’ 
clinical data and imaging features. Although its perfor-
mance in handling complex data is not as robust as deep 
learning methods, it still holds some application value [7]. 
CNNs are particularly efficient for image classification 
tasks, particularly in the analysis of brain MRI images. By 
automatically extracting image features, CNNs enhance 
the precision of brain tumor detection and have made sig-
nificant progress in segmentation and classification tasks 
[8]. Support Vector Machines (SVMs) classify data by 
constructing the optimal hyperplane and also perform well 
in brain tumor prediction. They are capable of managing 
high-dimensional data and achieving high accuracy in 
classification tasks [9].
Despite the significant advancements in AI technology for 
brain tumor prediction, it remains necessary to conduct 
a systematic latest review of current research due to the 
ongoing development of technologies and the emergence 
of new datasets. Rapidly evolving technologies and con-
tinuously updated data call for a comprehensive evalua-
tion of the field. This review will examine the practical 
application effects of various AI models in brain tumor 
prediction, the advantages and drawbacks of various al-
gorithms, the latest research findings, and future develop-
ment directions. Through a systematic analysis of existing 
studies, this paper aims to provide researchers, clinicians, 
and policymakers with up-to-date references to promote 
the application and development of AI in brain tumor di-
agnosis.

2. Method
This section outlines the methodology employed in the 
prediction of brain tumors, including both classic machine 
learning techniques and deep learning approaches. Each 
subsection provides an introduction to the specific algo-
rithms used, including SVM, Random Forests, Logistic 
Regression, ANN, CNN, and LSTM networks.

2.1 Traditional Machine Learning-Based Pre-
diction
In traditional machine learning, data preprocessing is cru-
cial for accurate brain cancer prediction. Common prepro-
cessing techniques include handling missing values, data 
normalization or standardization, feature engineering (such 
as creating new features and selecting important ones), 
encoding categorical variables (such as label encoding 
and one-hot encoding), and addressing data imbalance 
(such as resampling and using class weights). These steps 
enhance the performance of the model, thereby improving 
the precision of brain cancer predictions.
2.1.1 Support Vector Machine (SVM)

SVM is a powerful supervised learning technique used 

for classification and regression tasks. It works by finding 
the hyperplane that best separates data points into differ-
ent categories. The optimal hyperplane maximizes the 
margin, which is the distance between the hyperplane and 
the nearest data points from each category, called support 
vectors [10].
In the realm of brain tumor prediction, SVM has been 
extensively used due to its ability to perform well in 
high-dimensional spaces and its resistance to overfitting, 
particularly when there are more features than samples. 
For instance, Smith et al. proposed an SVM-based model 
that demonstrated significant accuracy in differentiating 
between malignant and benign brain tumors using MRI 
imaging data [11]. The model’s effectiveness was attribut-
ed to the careful selection of kernel methods, such as the 
RBF, and the optimization of hyperparameters through 
techniques like grid search and cross-validation [11].
2.1.2 Random Forest

RF is an integrated learning technique that constructs a 
multitude of decision trees during the training process. 
For categorization tasks, it outputs the most common class 
(mode) predicted by the individual trees, and for regres-
sion tasks, it gives the average of their predictions. Every 
tree is created from a random sample of the training data 
using bootstrap aggregating (bagging), which helps to 
minimize variance and avoid overfitting [12].
In brain tumor prediction, Random Forests have been uti-
lized because of their capability to manage large, high-di-
mensional datasets, their robustness to noise, and their ca-
pacity to provide feature importance scores, which can be 
insightful for understanding the contribution of different 
features in the prediction process [13]. Studies, such as the 
one by Zhang et al, have shown that Random Forest mod-
els can attain high accuracy in classifying various types 
of brain tumors by leveraging the ensemble’s strength and 
the model’s inherent feature selection mechanism [13].
2.1.3 Logistic Regression

LR is a statistical technique used for forecasting binary re-
sults. It calculates the likelihood that an input corresponds 
to a particular class by applying the logistic function to a 
weighted sum of the input features. Despite its simplicity, 
Logistic Regression is commonly utilized because of its 
interpretability and efficiency, particularly when there is 
a direct relationship between the two dependent and inde-
pendent factors.
In the domain of brain tumor prediction, Logistic Regres-
sion has been employed to develop models that predict 
the likelihood of tumor presence based on clinical and im-
aging features. For example, Chen et al. demonstrated the 
utility of Logistic Regression in predicting brain tumor 
types by using a set of carefully selected biomarkers and 
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imaging characteristics, highlighting the model’s effec-
tiveness in a clinical setting [14].

2.2 Deep Learning-Based Prediction
2.2.1 Artificial Neural Network

ANN are a type of deep learning model inspired by the 
architecture and functioning of the human brain [15]. 
ANNs are composed of multiple layers of interconnected 
nodes (neurons), where each connection has an associated 
weight [15]. These models have the ability to capturing 
complex nonlinear relationships between inputs and out-
puts through learning from data.
ANNs have been widely applied in brain tumor prediction 
tasks, particularly when handling large and complex data-
sets. The ability of ANNs to learn hierarchical representa-
tions of data makes them particularly suitable for medical 
imaging analysis. Xie et al. developed an ANN model that 
achieved remarkable performance in brain tumor classifi-
cation, leveraging multiple hidden layers to extract deep 
features from MRI scans [16]. An ANN typically com-
prises an input layer and one or more hidden layers, and 
an output layer. Each layer is composed of neurons that 
process input data and pass the results to the next layer, al-
lowing the network to learn and make predictions through 
a series of transformations and activations [17].
2.2.2 Convolutional Neural Network

CNN are specialized types of ANNs crafted to handle 
data with a grid-like structure, such as images, CNNs em-
ploy convolutional layers to automatically and adaptively 
learn spatial hierarchies of features from the input images 
through the application of filters. This makes them excep-
tionally effective for image analysis tasks [18]. In brain tu-
mor prediction, CNNs have become the standard approach 
for analyzing MRI and CT scans. CNNs’ capability to 
study complicated trait directly from original information 
image data, eliminating Manual feature extraction is very 
necessary, has resulted in major advancements in the field. 
For example, CNNs have been successfully applied to 
classify brain tumors using MRI scans, achieving high ac-
curacy and robustness. Research by Pereira et al. showed 
the efficacy of a CNN-based technique in distinguishing 
between different types of brain tumors, significantly out-
performing traditional methods [19]. 
2.2.3 Long Short-Term Memory

LSTM networks are a type of RNN specifically designed 
to manage sequential data and address the limitations 
of traditional RNNs, including the vanishing gradient 
problem. LSTMs address this by employing a memo-
ry cell that retains information over extended periods. 
Although LSTMs are typically used in time-series and 
tasks in natural language processing, they have also been 

used in brain tumor prediction, particularly when dealing 
with sequential data such as patient medical histories or 
time-series imaging data [20]. For instance, LSTMs can 
be employed to analyze sequences of MRI scans taken at 
different times, capturing the progression of tumor growth 
or response to treatment. This sequential analysis allows 
for more accurate prediction models that consider not only 
the current state of the tumor but also its evolution over 
time [21].
Studies have demonstrated the effectiveness of LSTM 
networks in this domain. For example, an LSTM-based 
model can integrate various types of data, including ge-
netic information, clinical notes, and imaging information, 
to provide a comprehensive assessment of tumor charac-
teristics and patient prognosis. This holistic approach is 
particularly beneficial in personalized medicine, where 
treatment plans are customized according to individual 
patient data. By leveraging the temporal dynamics in the 
data, LSTMs can offer improved prediction accuracy and 
better support clinical decision-making processes [22].

3. Discussions
Brain tumor prediction has undergone significant ad-
vancements with the shift from traditional machine learn-
ing methods to deep learning techniques. Classic machine 
learning algorithms, such as SVMs and Naïve Bayes 
classifiers, have been commonly applied in medical diag-
nosis because of their capability to classify data based on 
extracted features. However, these methods face notable 
drawbacks. Traditional models often require extensive 
feature engineering and might not identify complex, 
nonlinear relationships in data. Additionally, their perfor-
mance can be limited by the quality and quantity of manu-
ally engineered features, which can constrain the model’s 
capacity to apply to new, unseen data [23].
Deep learning, particularly through CNN and LSTM net-
works, addresses many of these limitations. CNNs excel 
in processing and analyzing imaging data, such as MRI 
scans, by automatically learning layered features derived 
from raw pixel data. This removes the requirement for 
manually extracted features extraction and allows for 
more accurate and robust classification. LSTMs, in con-
trast, excel at managing sequential data and capturing 
temporal dependencies, which is beneficial for analyzing 
patient medical histories and the progression of brain 
tumors over time. These deep learning techniques have 
shown superior performance in brain detection prediction 
tasks, providing more accurate and dependable results 
than traditional methods [24].

3.1 Limitations and Challenges in the Field
Despite the advancements brought by deep learning, sev-
eral limitations and challenges persist in the field of brain 
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tumor prediction.
3.1.1 Interpretability

Among the primary concerns with deep learning models 
is their interpretability. Unlike traditional machine learn-
ing models, which often provide clear insights into how 
decisions are made, deep learning models—especially 
artificial neural networks—frequently viewed as “black 
boxes.” his insufficient transparency can pose challenges 
clinical settings where it is essential to comprehend the 
rationale behind predictions for validating the model and 
gaining trust from medical professionals [25].
3.1.2 Applicability

The effectiveness of deep learning models largely depends 
on the volume and quality of the data available. In medi-
cal imaging, differences in imaging protocols, equipment, 
and patient conditions demographics can affect model 
performance. Moreover, deep learning models often re-
quire extensive training datasets, which may not always 
be accessible for all types of brain tumors or in all clinical 
settings. This can limit the applicability of these models in 
various different patient groups and situations [26].
3.1.3 Privacy

The use of patient data in deep learning research raises 
major privacy issues. It is crucial to ensure the confi-
dentiality and security of sensitive health data. While 
techniques such as data anonymization can mitigate some 
risks, the integration of patient data from multiple sourc-
es can still pose challenges in maintaining privacy and 
adhering to regulations such as the Health Insurance Por-
tability and Accountability Act (HIPAA) and the General 
Data Protection Regulation (GDPR) [27].

3.2 Future Prospects
To address these challenges and further advance the field 
of brain tumor prediction, several promising approaches 
are being explored.
3.2.1 Expert Systems, SHAP, LIME, Grad-CAM for 
Interpretability

Enhancing model interpretability is an ongoing area of 
research. Techniques such as SHAP and LIME offer ways 
to explain individual predictions made by deep learning 
models [28]. Additionally, visualization methods like 
Grad-CAM can highlight which areas of an image have 
the greatest impact on the model’s decision-making pro-
cess [28]. Integrating these techniques into deep learning 
workflows can improve transparency and foster greater 
adoption in clinical practice.
3.2.2 Transfer Learning and Domain Adaptation for 
Applicability

Transfer learning entails using pre-trained models from 

large datasets and adapting them to smaller, domain-spe-
cific datasets through fine-tuning. This approach can 
alleviate the need for vast amounts of labeled data and 
improve model performance in specialized areas [29]. 
Domain adaptation techniques further Improve the mod-
el’s capacity to adapt to various domains or populations, 
enhancing its robustness to data variations [29, 30].
3.2.3 Federated Learning for Privacy

Federated learning represents a significant advancement 
in privacy-preserving machine learning. This approach 
allows models to be trained collaboratively across multi-
ple institutions while keeping sensitive patient data confi-
dential. By aggregating updates from local models while 
keeping the data decentralized, federated learning can 
enhance the robustness and generalizability of prediction 
models while addressing privacy concerns [31].
In summary, while deep learning has revolutionized brain 
tumor prediction, overcoming challenges related to inter-
pretability, applicability, and privacy remains crucial. By 
exploring advanced techniques such as expert systems, 
transfer learning, and federated learning, the field can 
continue to progress towards more accurate, interpretable, 
and privacy-conscious solutions for brain tumor identify-
ing conditions and providing care.

4. Conclusion
In conclusion, the field of brain tumor prediction has sig-
nificantly advanced with the rise of deep learning technol-
ogies, offering notable improvements over traditional ma-
chine learning methods. While traditional models, such as 
Support Vector Machines and Naïve Bayes classifiers, face 
limitations related to feature engineering and model gen-
eralization, deep learning approaches like Convolutional 
Neural Networks and Long Short-Term Memory networks 
have demonstrated superior performance by automatically 
learning complex features and handling sequential data. 
Despite these advancements, challenges such as interpret-
ability, data applicability, and privacy concerns persist. 
Addressing these issues through techniques like SHAP, 
LIME, and Grad-CAM for interpretability, as well as 
exploring transfer learning, domain adaptation, and feder-
ated learning for enhanced data handling and privacy, rep-
resents the future direction of this field. By overcoming 
these challenges, deep learning can continue to enhance 
he precision and efficacy of brain tumor prediction, ulti-
mately aiding in better identifying conditions and provid-
ing care outcomes in clinical practice.
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