Critical Reviews in Oncology / Hematology 209 (2025) 104682

Contents lists available at ScienceDirect

Oncology
Hematology

Critical Reviews in Oncology / Hematology

FI. SEVIER

journal homepage: www.elsevier.com/locate/critrevonc

L))

Check for

Advances of artificial intelligence in clinical application and scientific | e
research of neuro-oncology: Current knowledge and future perspectives

Yankun Zhan®, Yanying Hao®, Xiang Wang*, Duancheng Guo "

2 First People’s Hospital of Linping District; Linping Campus, The Second Affiliated Hospital of Zhejiang University School of Medicine, Hangzhou, 311100, China
Y Cancer Institute, Fudan University Shanghai Cancer Center; Department of Oncology, Shanghai Medical College, Fudan University, Shanghai 200032, China

ARTICLE INFO ABSTRACT

Keywords:

Artificial intelligence
Machine learning
Deep learning
Neuro-oncology
Brain tumor

Brain tumors refer to the abnormal growths that occur within the brain’s tissue, comprising both primary
neoplasms and metastatic lesions. Timely detection, precise staging, suitable treatment, and standardized
management are of significant clinical importance for extending the survival rates of brain tumor patients.
Artificial intelligence (Al), a discipline within computer science, is leveraging its robust capacity for information
identification and combination to revolutionize traditional paradigms of oncology care, offering substantial
potential for precision medicine. This article provides an overview of the current applications of Al in brain
tumors, encompassing the primary Al technologies, their working mechanisms and working workflow, the
contributions of Al to brain tumor diagnosis and treatment, as well as the role of Al in brain tumor scientific
research, particularly in drug innovation and revealing tumor microenvironment. Finally, the paper addresses
the existing challenges, potential solutions, and the future application prospects. This review aims to enhance our
understanding of the application of Al in brain tumors and provide valuable insights for forthcoming clinical

applications and scientific inquiries.

1. Introduction

Brain tumors include primary tumors that originating from the
central nervous system (CNS) and metastatic lesions arising from else-
where in the body and spreading to the brain. In the United States, brain
and other nervous system tumors are the leading causes of cancer-
related deaths in men under 40 years of age and women under 20
years of age and are significant economic and social burdens (Siegel
et al., 2022). Malignant primary brain tumors cause more than 250,000
deaths each year, with a five-year survival rate of approximately 36 %
(Sung et al., 2021). Among all patients with primary malignant brain
tumors, the median survival of patients with glioblastoma, the most
common type of tumor, is less than 2 years (Lah et al., 2020; Tan et al.,
2020). In addition, in patients with metastases originating from the
primary lesion, the brain is considered the most common site, affecting
approximately 23-28 % of this patient population (Lamba et al., 2021).
Brain tumors have caused serious threats to human life and health.
Therefore, early identification, accurate staging and appropriate treat-
ment are considered to be highly clinically important.

Conventional diagnosis of brain tumors relies on traditional imaging
techniques such as magnetic resonance imaging (MRI) and computed
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tomography (CT), followed by a clinicians’ empirical interpretation.
However, this process is highly susceptible to human interference and
has significant potential for inaccuracies. These inaccuracies can occur
in tumor segmentation, differentiation of tumor-like lesions, diagnosis of
tumor types and stages, and differentiation of post-treatment changes,
etc (Clarke and Chang, 2009; Fukuya et al., 2019; Huisman, 2009; Na
et al.,, 2014; Wang et al., 2020). Moreover, advancements in medical
technology have raised expectations for more precise clinical practices.
There is now a growing demand for improved preoperative and intra-
operative planning, refined precision in cancer treatment, and stan-
dardized patient management throughout the entire disease process. In
scientific research, the development of novel drugs and delivery sys-
tems, the mapping of the tumor microenvironment (TME) landscape and
the investigation of the underlying mechanisms of tumorigenesis and
progression, are also matters of pressing urgency. The introduction and
application of artificial intelligence (AI) in the field of neuro-oncology is
bringing hope for the solution of the above needs, and bringing amazing
technological innovations for the accurate diagnosis, precise treatment
and scientific research of brain tumors.

Al is a branch of computer science in which computers or computer-
controlled machines are used to perform tasks associated with human

E-mail addresses: 18969933661 @163.com (X. Wang), guoduancheng@shca.org.cn (D. Guo).

https://doi.org/10.1016/j.critrevonc.2025.104682

Received 1 November 2024; Received in revised form 16 February 2025; Accepted 25 February 2025

Available online 1 March 2025

1040-8428/© 2025 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nec-nd/4.0/).


mailto:18969933661@163.com
mailto:guoduancheng@shca.org.cn
www.sciencedirect.com/science/journal/10408428
https://www.elsevier.com/locate/critrevonc
https://doi.org/10.1016/j.critrevonc.2025.104682
https://doi.org/10.1016/j.critrevonc.2025.104682
http://crossmark.crossref.org/dialog/?doi=10.1016/j.critrevonc.2025.104682&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

Y. Zhan et al.

intelligence, such as reasoning, discovering meaning, generalizing, or
learning from past experiences (Haug and Drazen, 2023; Wang et al.,
2023). Based on the availability of high-dimensional datasets, progres-
sively innovative algorithmic patterns, and their powerful ability to
identify and combine information, Al techniques are gradually reshap-
ing our established patterns of tumor diagnosis and treatment, holding
great promise for the future of precision medicine (Bhinder et al., 2021;
He et al., 2023). In recent years, Al-based technologies have also been
widely applied in the scientific research and clinical management of
brain tumors.

In this review, we provide an in-depth introduction to the funda-
mentals of Al techniques and offers a comprehensive overview of its
current applications in neuro-oncology. Our research seeks to investi-
gate how Al may bring new experiences to the precise, standardized, and
whole-process management of brain tumors, and promote the scientific
research. The current challenges, possible solutions and future prospects
are discussed, with the anticipation of propelling the advancement of the
discipline.

2. Artificial intelligence, machine learning, and deep learning
2.1. Overview of common concepts in Al field

Al is a branch of computer science originally defined as the use of
machines to perform tasks associated with human intelligence, such as
language recognition, visual perception, making decisions, and more. In
simple terms, Al can be thought of as a programmed machine that rec-
ognizes and learns patterns and relationships between input and output
data and is able to make decisions on entirely new input data based on
the knowledge gained. In medicine, the application of Al includes two
main branches as entity object and virtual component (Hamet and
Tremblay, 2017). Entity objects are mainly various medical devices,
robots, while virtual component is represented by two main branches as
machine learning and deep learning. In Fig. 1, we delineate some pivotal
concepts within AI realm, including artificial intelligence, machine
learning, and deep learning, and elucidate the interconnections and
distinctions among them.

Machine learning, a core branch of A, enables computer systems to
learn data and execute decisions without explicit programming (Deo,
2015; Greener et al., 2022). Predictions are made by finding patterns in
existing data (Fig. 1A). Machine learning methods can be broadly
categorized into supervised learning, unsupervised learning,
semi-supervised learning and other different learning methods
(Hashimoto et al., 2020). Supervised learning uses labeled data to train
models that can predict outputs based on new inputs (Jiang et al., 2020;
Lo Vercio et al., 2020) (Fig. 1B). Unsupervised learning deals with un-
labeled data, aiming to discover underlying patterns and structures
(Yang et al., 2023) (Fig. 1C). Semi-supervised learning, cross between
supervised and unsupervised learning, combines a small amount of
labeled data with a large amount of unlabeled data to improve model
performance(Huynh et al., 2022; Yurt et al., 2022). It is particularly
useful when labeled data is scarce or expensive to obtain. Common
machine learning algorithms include linear regression, logistic regres-
sion, naive bayes, decision tree, random forest, k-nearest neighbor
(KNN), k-means, support vector machine (SVM), etc.

Deep learning is a subset of machine learning that uses neural
networks (NNs) with multiple layers to make predictions. These net-
works are inspired by the structure of the human brain and are capable
of learning complex patterns from data (Bini, 2018; Castiglioni et al.,
2021). The core of deep learning is NNs, which consist of layers of
interconnected neurons. Each neuron receives multiple inputs and
produces a single output, which is then passed to the next layer
(Fig. 1D). This hierarchical structure allows deep learning models to
learn features at multiple levels of abstraction, making them highly
effective for processing complex and high-dimensional data. By
increasing the number of layers in these networks, deep learning models
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can learn more complex and abstract features, leading to more accurate
classification and prediction. This capability sets deep learning apart
from traditional machine learning methods, making it particularly
powerful for handling intricate data patterns. Common deep learning
algorithms include multilayer perceptron (MLP), convolutional neural
networks (CNNs), recurrent neural networks (RNNs), long short-term
memory (LSTM), gated recurrent unit (GRU), deep residual networks
(ResNet), etc.

2.2. Workflow of training AI models

After identifying the type of clinical problem and objective of the Al
model (such as classification, clustering, or other tasks), the workflow
for training and deploying an Al model can typically be broken down
into the following key steps (Fig. 2):

2.2.1. Data collection and preprocessing

Data collection is crucial to AI model training. Advances in medical
imaging and detection have led to the availability of diverse datasets,
including traditional clinical data (radiology, pathology, electronic
health records) and emerging omics data (genomics, transcriptomics,
proteomics) (Subrahmanya et al, 2022). Multimodal datasets
combining multiple data types can offer more comprehensive disease
characterization (Acosta et al., 2022). Table 1 lists the common data
types currently applied to Al technologies in brain tumors.

Subsequently, collected data needs to be preprocessed for the follow-
up model training (Chahid et al., 2023). In the medical field, data pre-
processing typically encompasses data cleaning, handling missing
values, and standardization/normalization to enhance data quality
(Chahid et al., 2023). Additionally, feature extraction and data
augmentation are employed to boost the model’s performance and
interpretability. Each data type also has unique preprocessing re-
quirements. For instance, image data often needs to be organized into
multidimensional arrays or tensors (Salvi et al., 2021). Multimodal data
requires temporal and spatial alignment and fusion to ensure consis-
tency. Proper and correct preprocessing can transform the data into a
format suitable for AI model training, thus improving the model
accuracy.

2.2.2. Model selection

The selection of an appropriate Al model requires a comprehensive
consideration of the objectives of the study, the nature of the data, the
performance requirements of the model and so on. For example, deep
learning models and SVMs can learn from medical data and predict the
presence of diseases, which is suitable for the diagnosis of diseases (Din
et al., 2022; Fathi et al., 2022; Resmini et al., 2021). Survival analysis
can be used to predict the prognosis of disease. Cox proportional hazard
regression model is the most widely used to predict survival, but it is
limited by its linear nature (Ahmed et al., 2007; Prentice and Zhao,
2021). Incorporating Cox regression into deep learning can well
enhance the effect of prognosis prediction (Ching et al., 2018; Katzman
et al., 2018). In addition, machine learning algorithm models such as
linear regression, decision trees, and random forests can be applied for
continuous or discrete numerical data. And for image data such as
medical radiological images, CNN is usually used.

2.2.3. Model training and evaluation

The pre-processed data is input into the selected algorithm for model
training. The existing dataset is typically partitioned into a training set, a
validation set, and a test set, with a standard allocation of 70 % for
training, 15 % for validation, and 15 % for testing, and these pro-
portions can be modified based on specific requirements. Choose an
appropriate loss function to train the model with the training set,
through continuous iteration to minimize the loss. Validation datasets
are utilized to assess and verify and evaluate the training effects,
adjusting parameters and architecture to enhance its performance.
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Fig. 1. An overview of some concepts in the artificial intelligence (AI) field. (A) Concepts and common algorithms of Al, machine learning and deep learning.(B) The
working paradigm of supervised machine learning. Supervised learning methods provide known input and output data so that a computer program can learn the
mapping relationship between the input and output, and outputs can be predicted based on new inputs. (C) The working paradigm of unsupervised machine learning.
Unsupervised learning deals with data without labeled responses, and the computer system needs to explore and discover underlying patterns and structures from
t‘hese data. (D) The working paradigm of deep learning.

Data collection and preprocessing

Model selection

Model training and evaluation

model
workflow

Model tuning

Fig. 2. Life-cycle of an Al model. The workflow for training and deploying an Al model can generally be broken down into the following key steps: (1) Data collection
and preprocessing; (2) Model selection; (3) Model training and evaluation; (4) Molde tuning; (5) Model deployment and management.

2.2.4. Hyperparameter tuning ongoing performance and updates.

Unlike the model parameters learned from model training, hyper-
parameters are fixed parameters that are manually set before the 3. Application of Al in brain tumor diagnosis
training begins. Selecting the best combination of hyperparameters
(such as number of layers, learning rate) to optimize the model perfor- The integration of Al in diagnosing brain tumors is swiftly pro-
mance is of great significance to improve the prediction accuracy and gressing, marking several significant advancements. Below are insights
achieve the best performance of the model. into the most recent research findings and practical applications.

After training, the Al model can be deployed in a production envi-
ronment, with continuous monitoring and feedback loops ensuring its
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Table 1
Common data types applied to Al techniques for brain tumors.
Data type Methods of data Description Reference
collection
Radiographic CT, MRI, PET, Radiographic (Ko et al.,
imaging data SPECT, etc. imaging data refers 2021; Song
to the data obtained et al., 2019;
through Zacharaki
radiographic et al., 2009;
imaging techniques, Zahoor et al.,
including CT, MRI, 2022)
PET, etc., which are
widely used in all
aspects of the
diagnosis and
treatment of brain
tumors
Histopathological Traditional Traditional (Lietal.,
data examination of histopathology 2019; Liu
tissue samples evaluates tissue et al.,, 2023;
sections through Nasrallah
microscopy to obtain et al., 2023)

Terahertz data

Raman imaging

data

Omics data

Terahertz time-
domain
spectroscopy

Raman-based
methods

Genomics: WGS,
Sanger, NSG
Epigenetics: WGBS,
Chip-seq, ATAC-
seq
Transcriptomics:
RNA-seq, scRNA-
seq, SAGE
Proteomics: MS,
TMT, LFQ
Metabolomics: GC-
MS, LC-MS NMR

pathological data,
which provides
important
information for the
diagnosis, grading
and treatment of
brain tumors.
Terahertz
spectroscopy
enables the analysis
of biomolecular and
conformational
characteristics and
has been applied for
the detection,
grading, and
identification of
molecular features
of brain tumors.
Stimulated Raman
histology is a swift,
label-free, and cost-
effective optical
imaging technique
that capitalizes on
the natural
vibrational
attributes of
molecules to create
image contrast. It
has been effectively
utilized for the
detection and
grading of brain
tumors.

Omics data, when
integrated with Al
algorithms, offer a
robust instrument
for the precision
treatment of brain
tumors.
comprehensively
describe tumor
status, understand
disease
characteristics,
predict treatment
response and
prognosis, and
provide patients
with personalized
treatment
prescriptions.

(Gavdush
et al., 2019;
Meng et al.,
2014; Wu
et al., 2024)

(Hollon et al.,

2023; Hollon

and Orringer,

2021)

(Chen et al.,
2022; Yu

et al., 2024;
Zhang et al.,
2024)

Critical Reviews in Oncology / Hematology 209 (2025) 104682

Table 1 (continued)

Data type Methods of data Description Reference
collection
Hematology data Liquid biopsy, The results of (Eyraud et al.,

traditional blood various 2023;

test, plasma hematological tests Herrgott
degradation can be used for early et al., 2023;
profiles detection, diagnosis, Podnar et al.,
differential 2019;
diagnosis, molecular Tsvetkov
subtype et al., 2021)
identification and
prognostic
prediction of brain
tumors.
Clinical data Records of Records of clinical (Crabb et al.,
patients’ medical information 2022;
data including patient Oermann
age, risk factors, et al., 2013)

adverse events, etc.
can be used for
patient care and
management.
Multimodal data The integration of

Integration of (Guo et al.,

different types of different types of 2023; Hollon

data data, such as et al., 2023;
neuroimaging, Juvekaretal.,
genomics, and 2024)

clinical information,
can provide a more
comprehensive
description of
disease
characteristics.

3.1. Tumor screening and early detection

Early detection and diagnosis of brain tumors are crucial for timely
treatment and improving patient outcomes, as the survival rate is
negatively correlated with tumor stage. While biopsy is the gold stan-
dard for diagnosis, it is invasive and carries risks (Soomro et al., 2023).
Non-invasive neuroimaging methods like CT and MRI are widely used
but face challenges due to the complexity of tumor shapes and the need
for expert interpretation. To address these challenges, Al-dependent
detection models have been increasingly applied in clinical studies,
showing promise in early screening and detection. Accurate image
segmentation is key to precise diagnosis, and it can be achieved through
traditional image processing, machine learning-based methods, and
deep learning strategies (Soomro et al., 2023; Zhang et al., 2021). In
Table 2, we list a summary of the primary methodologies for segmenting
brain tumors, along with their respective strengths and limitations.

Traditional image segmentation encompasses a variety of techniques
such as threshold-based, feature-based, contour-based and region-based
methods. Each method has its own advantages and limitations, making
them suitable for different types of images and specific applications. For
instance, threshold-based methods segment images by identifying pixel
intensity levels, working well for images with simple backgrounds
(El-Hag et al., 2021; Jumiawi and El-Zaart, 2022; Kamireddy et al.,
2024). Feature-based approaches differentiate tumors from normal tis-
sues using characteristics such as texture, morphology, and intensity
variations(Julesz, 1981; Xu et al., 2022). Contour-based segmentation is
effective for tumors with clear boundaries but performs poorly with
fuzzy edges (Comelli et al., 2019; Essadike et al., 2018). Region-growing
techniques are ideal for segmenting regions with uniform properties
(Letteboer et al., 2004; Mittal and Tayal, 2021; Sivakumar and Jana-
kiraman, 2020). As technology advances, these traditional methods are
increasingly being integrated with machine learning and deep learning,
thereby enhancing the accuracy and efficiency of segmentation pro-
cesses (El Kader et al., 2021; Md Ashafuddula and Islam, 2024).

Machine learning open up a new dimension in the screening and
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Advantages

Disadvantages

Reference

simple in construction; fast in execution; flexible
to use; easy to optimize

Table 2
Primary methodologies for segmenting brain tumors.
Method
Traditional image Threshold-based
processing method
techniques

Feature-based
method

Contour-based
method

Region-based
method

Machine learning Support Vector

Machine

Random Forest

K-Means

Deep learning Convolutional

intuitive and easy to understand; high
computational efficiency; less require in data
amount

intuitive and easy to understand; better to keep
the details

intuitive and easy to understand; better to keep
the details

able to handle high-dimensional problems; able
to learn from small sample sizes

high accuracy; overfitting suppression;
automatic feature selection; adaptability to
various data types

simplicity and ease of implementation of the
algorithm; good clustering effects;

automated feature extraction; multi-scale and

difficult to determine appropriate threshold
value in complex images; sensitive to light
and noise

rely on prior knowledge; challenge of
feature selection

high calculation cost; limitation in dealing
with complex scenes limitations of contour
evolution

high calculation cost; may need to adjust the
parameters manually

consume a lot of memory and computation
time when handling large number of
samples

sensitive to noise; poor model
interpretability; high consumption of
computational resources

sensitive to the choice of initial cluster

(Jumiawi and El-Zaart, 2022;
Kanmani and Marikkannu, 2018;
Nowosielski et al., 2014)
(Chaddad, 2015; Islam et al.,
2013; Pei et al., 2020)

(He et al., 2007; Zhang et al.,
2011)

(Battalapalli et al., 2022; Biratu
et al., 2021; Khosravanian et al.,
2021)

(Chen et al., 2021; Zhou et al.,
2005)

(Kifle et al., 2023; Pereira et al.,
2018; Zhou et al., 2024)

(Abualhaj et al., 2017; Babu et al.,

Neural Network multi-level feature learning; strong
generalization ability
Ensembling

method

Ensembling
method enhance overall performance; effective in
handling complex image scenes and

backgrounds

leverage the strengths of multiple models to

centers; sensitive to noise and outlier 2021)
high demand for computational resources; (Havaei et al., 2017; Pereira et al.,
high training costs; limited recognition 2016)

capability for small targets and details
high computational costs; potentially
reduced model interpretability

(El-Hag et al., 2021; Li et al.,
2019; Preethi and Aishwarya,
2021)

detection of brain tumors. Traditional machine learning methods
significantly enhance the efficiency and accuracy of brain tumor
detection by extracting image features—such as shape, grayscale, and
texture—and putting them into classifiers like SVM, random forests, and
KNN. Anwar and colleagues utilized an algorithm grounded in expec-
tation maximization coupled with k-means clustering for the identifi-
cation and extraction of tumor regions. Upon evaluation with the Brain
Tumor Segmentation Challenge (BRATS) 2015 dataset, this technique
achieved an average Dice coefficient of 0.92, indicative of its superior
performance in tumor detection (Anwar et al., 2018). Rajan et al.
developed an image segmentation algorithm that integrates k-means
clustering with fuzzy c-means (KMFCM), and then employs SVM for
image classification. This method adeptly identifies brain tumors with
less execution time by efficient segmentation, precise edge detection,
and intensity adjustment (Rajan and Sundar, 2019). In addition to
KMFCM, a variety of algorithms based on fuzzy c-means (FCM) have also
been developed and have exhibited good image processing effects,
improving the accuracy and efficiency of brain tumor detection. Given
the intricate data distribution typically found in MRI brain images, Bai
and colleagues employed the concept of center-free to overcome the
limitations of the FCM algorithms and proposed a novel clustering
method called Intuitionistic center-free fuzzy c-means (ICFFCM). The
method was refined by leveraging pixel-to-pixel similarities and
pixel-to-cluster similarities, which made it better suited for capturing
the complexities of MRI brain images while simultaneously improving
their segmentation capabilities. Employing authentic brain MRI image
datasets curated by BrainWeb, IBSR, and other researchers, a compar-
ative analysis was conducted among ICFFCM, seven other clustering
techniques and two standard voxel-based methods, specifically Statis-
tical Parametric Mapping and FMRIB’s Automated Segmentation Tool
(Bai et al., 2019). The findings demonstrate that the ICFFCM method
exhibits robustness and efficacy, surpassing the performance of the
fuzzy-based clustering methods and attaining results on par with those
of Statistical Parametric Mapping and FMRIB’s Automated Segmenta-
tion Tool. Shree et al. proposed a machine learning method that used
discrete wavelet transformation to capture wavelet coefficients and the
gray-level cooccurrence matrix to glean statistical features from the
imagery. This method subsequently utilized a probabilistic neural

network (PNN) as a classifier to detect tumor. The evaluation results
showed that the accuracy of this method in identifying normal brain
tissues and brain tumors is close to 100 % (Varuna Shree and Kumar,
2018). In conclusion, machine learning techniques notably enhance the
efficiency and precision of brain tumor detection, demonstrating robust
performance. However, traditional machine learning algorithms face
several limitations. Firstly, they often necessitate manual feature
extraction. Secondly, their performance is highly contingent upon the
quality and quantity of the data. Additionally, they are prone to issues of
overfitting and underfitting. Lastly, when confronted with
high-dimensional data or complex nonlinear relationships, their per-
formance often falls short of expectations. Collectively, these factors
constrain the overall effectiveness of traditional machine learning al-
gorithms. Deep learning, as an emerging subset of machine learning,
offers substantial advantages in overcoming these challenges. By
employing data augmentation and synthetic data generation techniques,
deep learning algorithms can significantly mitigate the dependency on
large volumes of high-quality data. Through the implementation of
regularization, early stopping, and ensemble learning methods, deep
learning effectively curtails the risks of overfitting and underfitting.
Moreover, the multi-layer NN architecture inherent in deep learning
enables the automatic extraction of features across multiple levels of
abstraction, demonstrating remarkable prowess in handling complex
and high-dimensional datasets. As a result, deep learning is increasingly
gaining favor among researchers.

An increasing number of deep learning algorithms have been
developed and applied to the automated detection and identification of
brain tumors in imaging. CNNs excel especially in images or two-
dimensional data processing, utilizing convolutional layers to autono-
mously discern and learn the intrinsic features of images, eliminating the
need for manual feature extraction. Within a CNN architecture, there are
three primary types of layers: the convolutional layer, which filters the
input data through convolution to extract features; the pooling layer,
tasked with downscaling the feature maps; and the fully connected
(dense) layer, which ultimately performs the classification task (Chen
etal., 2023; Kuntz et al., 2021; Shah et al., 2023). Pereira et al. proposed
an automatic segmentation method for the detection and segmentation
of gliomas based on a CNN using 3 x 3 small kernels to design a
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profound architecture and prevent overfitting (Pereira et al., 2016).
When evaluated against the BRATS 2013 dataset, the algorithm ach-
ieved Dice similarity coefficients of 0.88 for the complete region, 0.83
for the core, and 0.77 for the enhancing areas of the tumor. In the
assessment with the BRATS 2015 dataset, the corresponding coefficients
for the complete, core, and enhancing tumor regions were 0.78, 0.65,
and 0.75, respectively. Another fully automated CNN-based brain tumor
segmentation method designed by Havaei has amplified the model’s
processing velocity by a factor of 30, attributable to the incorporation of
a novel dual-path architecture that captures both intricate local details
and expansive global context, in conjunction with the technique of
stacking two CNNs to account for dependencies among local labels. The
model’s convolutional properties, coupled with the expedited compu-
tation capabilities of graphics processing units (GPUs), have condensed
the segmentation time for the entire brain to a span of 25 seconds to
3 minutes, thereby significantly enhancing the velocity and efficiency of
diagnosing brain glioma (Havaei et al., 2017). Mohammad et al. pro-
posed a 3D-Znet model based on deep CNNs, which mainly consists of
four modules as four encoders, four decoders, initial input and final
output. The 3D-Znet structure, developed for processing 3D MRI data,
was inspired and improved from the framework of previous 2D-Znet
model, in which every encoder-decoder block includes a
double-convolution 3D layer, 3D batch normalization, as well as an
activation function (Chen et al., 2018; Ottom et al., 2023; Ottom et al.,
2022). The model underwent training, validation and evaluating uti-
lizing the multimodal stereotactic neuroimaging dataset from BRATS
2020, demonstrating robust performance with high Dice coefficient
scores as the whole tumor= 0.91, tumor core= 0.85, and enhanced
tumor= 0.86. Deep learning-based methods can autonomously distill
the essential characteristics from data, diminishing the reliance on
manual intervention. These methods are adept at capturing intricate and
abstract data representations, exhibiting strong generalization capabil-
ities. As a result, they demonstrate superior performance and remark-
ably high operational efficiency in the early identification and screening
of brain tumors. Nonetheless, their deployment typically necessitates
substantial datasets and the use of powerful GPUs or tensor processing
units (TPUs), while also potentially encountering “black box™ issues. The
“black box” challenges refer to the phenomenon where the internal
decision-making processes of some AI models, particularly complex
deep learning models, are opaque and difficult to interpret (Gallée et al.,
2023; Handelman et al., 2019). This is due to the fact that deep learning
models typically contain an extremely large number of parameters that
interact through multi-layered network structures, making the
decision-making process hard to track and interpret. Additionally, the
non-linear hierarchical nature of these models further complicates the
relationship between inputs and outputs, exacerbating the issue of
uninterpretability. During training, models form decision rules by
learning implicit patterns from vast amounts of data, patterns that are
often not easily interpretable through traditional methods. These factors
collectively contribute to the emergence of the “black box” challenges.
Consequently, in clinical practice, the choice suitable of Al-based models
should be tailored to the specific context and the characteristics of the
data in question.

Ensembling method is being applied gradually in order to improve
the overall detection efficiency and reduce errors through the combi-
nation of multiple models. Li et al. designed a method for brain tumor
detection called multi-CNNs that combines multi-modal information
fusion with CNNs (Li et al., 2019). By combining MRI images, this
method first extends 2D-CNN to multi-modal 3D-CNN to obtain the
characteristics of brain lesions in three-dimensional space under
different modes. Then, a weighted loss function was devised to diminish
the impact of non-diseased regions and improve the accuracy of detec-
tion. The evaluation results showed that this multi-CNN method was
significantly improved in terms of Dice coefficient, sensitivity and
specificity compared with the original single-modal method. Preethi
proposed another ensembling method for brain tumor detection and
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segmentation based on MRI and positron emission tomography (PET)
images (Preethi and Aishwarya, 2021). Initially, the input images are
fused through the application of discrete wavelet transform alongside a
novel fusion strategy. Subsequently, gray-level co-occurrence matrix
features are extracted. An optimal deep neural network (DNN) is then
employed for the classification of brain tumor and normal brain tissue
images. In this context, the selection of the network’s weights of is
performed optimally by employing the spider monkey optimization al-
gorithm. Conclusively, a weighted k-means algorithm is implemented
for the segmentation and identification of tumor areas. The proposed
technique is further substantiated by validation against image re-
positories from diverse sources. The outcomes demonstrate a roughly
30 % improvement in performance over standard DNNs, with a sensi-
tivity of 1.00, specificity of 0.89, and overall accuracy of 0.93.

Al-based models for detecting brain metastases are also being pro-
gressively developed. The deep learning method developed by Madhu-
giri et al. demonstrates a sensitivity of 79.2 % and a positive predictive
value of 95.6 % in detecting brain metastases. Notably, for lesions
smaller than 0.1 cc, the sensitivity of Al exceeds that of manual detection
methods (Madhugiri and Prasad, 2025). The study conducted by Huang
et al. has further enhanced the sensitivity and accuracy of brain
metastasis detection to 97.5 % and 98.7 %, respectively, demonstrating
exceptional performance (Huang et al., 2022).

It should be highlighted that molecular testing also plays a signifi-
cant role in early screening, complementing conventional neuroimaging
methods. Wang and colleagues utilized feature selection techniques
based on SVM algorithms and mass spectrometry to pinpoint nine lipids
as the most critical indicators for the early detection of early-stage lung
cancer. They subsequently developed an Al-based detector for lung
cancer that boasts a detection rate with a sensitivity exceeding 90.00 %
and a specificity of 92.00 % (Wang et al., 2022). In glioma, Hollon has
developed an Al-enabled rapid diagnostic screening system named
DeepGlioma. This system is trained on multimodal datasets including
stimulated Raman histology (SRH), large-scale genomic information,
enabling it to swiftly screen for molecular alterations in glioma speci-
mens (Hollon et al., 2023).

Hematology test outcomes could also be instrumental in the early
detection of brain tumors. Tsvetkov et al. devised a cancer detection
approach grounded in the plasma degradation profiles identified
through differential scanning fluorimetry. With blood samples collected
from 84 glioma patients and 63 healthy individuals, they discovered that
this plasma degradation profiles could discern between cancer patients
and healthy individuals with an automatic accuracy of 92 %, with the
utilizing of machine learning algorithms (Tsvetkov et al., 2021). Like-
wise, Podnar et al. have demonstrated the viability of employing ma-
chine learning for screening brain tumors through routine blood tests,
which achieved a detection accuracy that rivaled that of neuroimaging
data, with respective sensitivities and specificities of 96 % and 74 %
(Podnar et al., 2019). These studies confirm the practicality of con-
ducting early screenings for brain tumors using standard blood tests,
which has significant practical implications.

It is widely acknowledged that the higher the grade of a brain tumor
upon diagnosis, the poorer the patient’s survival prognosis tends to be.
Consequently, early detection is crucial for enhancing the therapeutic
outcomes and prognosis of patients with malignant brain tumors. In the
realm of early brain tumor detection, Al-based technologies have
demonstrated expansive potential for application. However, they face
constraints due to the necessity for substantial and high-quality data,
ethical and societal concerns, as well as the need for clinical validation
and regulatory approval. These challenges are anticipated to be sur-
mounted as technological progress is made and further research is
conducted.

3.2. Tumor diagnosis and differential diagnosis

Brain tumors exhibit remarkable diversity, with over 150 distinct
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varieties, and can develop in any region of the brain or skull (Gritsch
et al., 2022; van den Bent et al., 2023). Accurate diagnosis and differ-
entiation are essential elements for the treatment, follow-up, and man-
agement of brain tumor patients. Currently, a variety of well-established
neuroimaging techniques, such as X-ray, CT, MRI, and PET, are exten-
sively utilized for diagnosing and differentiating brain tumors. None-
theless, due to the interference of human factors, characteristics of
image data, and the intricate nature of disease, direct analysis from
medical imaging still faces limitations in various respects. Traditional
neuroimaging techniques face limitations in differentiating tumors from
tumor-like lesions (Huisman, 2009), distinguishing benign from malig-
nant growths (Schaff and Mellinghoff, 2023; Wang et al., 2020), iden-
tifying primary tumors versus brain metastases (Lah et al., 2020; Weller
et al., 2015), and accurately monitoring post-treatment changes, such as
pseudoprogression or radiation necrosis (Brandsma et al., 2008; Thust
et al., 2018; Walker et al., 2014; Zikou et al., 2018). The integration of
Al-based methods into brain tumor diagnosis has significantly mitigated
these challenges.

Zahoor et al. proposed a novel two-stage hybrid framework for
automated brain tumor detection and classification, leveraging a CNN-
based boosted feature space to enhance the accuracy of both tumor
identification and subsequent tumor type classification (Zahoor et al.,
2022). The initial stage involved the creation of a CNN-based boosted
feature space and an ensemble classifier scheme, designed to differen-
tiate between tumorous and healthy brain images. The subsequent stage
proposed a classification approach for brain tumor types, grounded in a
deep hybrid feature space, capable of identifying various types of brain
tumors, including meningioma, glioma, and pituitary tumors. Upon
validation using standard benchmark datasets from reputable sources
such as Kaggle (accessible online at: Kaggle Brain MRI Dataset) and
FigShare (available online at: FigShare Brain Tumor Dataset), the tumor
detection method achieved an accuracy of 99.56 % and a precision of
0.9991. Furthermore, when validated using Contrast-Enhanced-MRI
datasets, the classification technique obtained an accuracy of 99.2 %
and a precision of 0.9906. This innovative multi-stage framework
streamlines the diagnostic process by sequentially performing tumor
detection and classification. By breaking down the complex task into
manageable steps, it significantly boosts the overall efficiency and ac-
curacy. It offers new ideas and approaches for the automated diagnosis
of brain tumors. Similarly, Sekhar et al. constructed a brain tumor
classification model utilizing the principles of transfer learning. This
model was trained and evaluated using the Contrast-Enhanced-MRI
dataset from Figshare and demonstrated a robust ability to differen-
tiate between meningiomas, gliomas, and pituitary tumors. The model
achieved an impressive classification accuracy of 91.28 % (Sekhar et al.,
2022). Moreover, with the Harvard medical repository datasets, the
model achieved 95-100 % accuracy in classifying normal, glioblastoma,
sarcoma, and metastatic bronchogenic carcinomas.

Kang and colleagues devised a method for classifying brain tumors
that integrates deep features with machine learning classifiers. They
employed nine distinct machine learning classifiers, including KNN,
random forest, adaptive boosting, SVM, and others, to assess the deep
features extracted from thirteen pre-trained CNNs. The top three deep
features were selected to create a composite feature set (Kang et al.,
2021). This amalgamation of deep features was then input into various
machine learning classifiers to forecast the final outcome. This fully
automated scheme for brain tumor classification has proven effective in
categorizing brain tumors and has demonstrated commendable perfor-
mance across three datasets (referred to as BT-Small-2c, BT-Large-2c,
and BT-Large-4c) sourced from Kaggle.

Abdolmaleki and colleagues developed a three-tiered artificial neu-
ral network (ANN) aimed at differentiating malignant from benign brain
tumors in individuals with astrocytic gliomas (Abdolmaleki et al., 1997).
Utilizing thirteen distinctive parameters derived from the visual
assessment of pre- and post-contrast MRI images from a cohort of 129
patients by three neuroradiologists, they constructed a relatively simple
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NN for tumor classification. This method demonstrated superior diag-
nostic capabilities, with an accuracy rate of 94 % for identifying tumors
and 91 % for malignant ones, outperforming the 84 % accuracy ach-
ieved by neuroradiologists.

Furthermore, the deep learning model developed and verified by
Tariciotti et al. was capable of reliably identifying fuzzy cases of regional
glioblastoma, primary CNS lymphoma, and solitary brain metastases
through MRI scans, which laid the groundwork for selecting appropriate
subsequent therapeutic strategies (Tariciotti et al., 2022). Similarly, the
approach grounded in machine learning, as put forward by Zacharaki
et al., successfully differentiated primary brain tumors from brain me-
tastases, achieving respective accuracy, sensitivity, and specificity rates
of 85 %, 87 %, and 79 % (Zacharaki et al., 2009). This methodology has
also demonstrated commendable performance in identifying various
types of primary brain tumors, encompassing meningiomas, gliomas,
and glioblastomas.

With the advent of novel therapeutic modalities, including drug
therapy and cellular immunotherapy, the identification of pseudoprog-
ression has become increasingly complex. For instance, immunotherapy
works by stimulating the patient’s immune system to target and destroy
tumor cells. However, this process can also trigger immune cell infil-
tration and an inflammatory response, as well as tumor cell necrosis and
the release of antigens. Additionally, the delayed effects of immuno-
therapy may cause the tumor to appear larger on imaging scans, creating
a false impression of disease progression. Similarly, certain chemo-
therapy can also produce a similar illusion of pseudoprogression
(Esparragosa Vazquez et al., 2023; Sharma et al., 2019). To effectively
address these challenges, Al technology can integrate multiple imaging
features with clinical data to offer a more comprehensive and accurate
diagnostic support. For instance, the deep learning model developed by
Moassefi et al. achieved an average accuracy of 76.4 %, an average area
under the curve (AUC) of 0.7560, and an average sensitivity of 88.72 %
in identifying true and false progression of glioblastoma (Moassefi et al.,
2022). Lee et al. further proposed a CNN-LSTM model, which achieves a
relatively high AUC of 0.81 under the optimal model configuration (Lee
et al., 2020). Amino acid PET imaging using the tracer
O-(2-[18F]-ﬂuoroethyl)-L-tyrosine (*8F-FET) has been demonstrated to
provide valuable information for distinguishing true tumor progression
from pseudoprogression. In a study by Kebir, a machine learning algo-
rithm based on linear discriminant analysis achieved an AUC of 0.93 in
identifying true and false progression in isocitrate dehydrogenase (IDH)
wild-type glioblastoma (Kebir et al., 2020). This result is significantly
higher than that of traditional manual interpretation methods for
18 FET PET imaging, suggesting that machine learning-enhanced
18F_FET PET may offer greater accuracy in differentiating true from
false progression.

Complementing the conventional use of imaging data for tumor
diagnosis, Nadiya et al. discovered that microRNA profiling in cere-
brospinal fluid (CSF) can serve as biomarker for identifying glioblas-
toma. Ulteriorly, by employing an SVM-based machine learning
approach, it achieved a classification accuracy of 91-99 %, effectively
distinguishing between glioblastoma and metastatic brain cancer
(Teplyuk et al., 2012). In pediatric brain tumors, certain proteins in
waste CSF have been identified as potential biomarkers for dis-
tinguishing brain tumors from non-neoplastic conditions. The integra-
tion of Al in this area may bring surprising results (Bruschi et al., 2021).
Additionally, Capper and colleagues developed a machine
learning-based tumor classifier designed to categorize CNS tumors using
DNA methylation patterns (Capper et al., 2018). This innovative
approach enhances diagnostic precision in neuropathology and holds
the potential to revolutionize the field of tumor pathology. Mass spec-
trometry serves as a principal analytical instrument for omics-level
studies, ranging from the molecular to the cellular scale. Cao and col-
leagues developed a Pd-Au synthetic alloy for the mapping and analysis
of metabolic fingerprints using mass spectrometry. By employing ma-
chine learning techniques on these metabolic fingerprints, they were
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able to distinguish medulloblastoma patients from healthy individuals
with a sensitivity of 94.0 %, a specificity of 85.7 %, and an accuracy of
89.9 % (Cao et al., 2020).

3.3. Tumor grading and molecular features

Tumor grading is the process of evaluating the degree of malignancy
based on the histological features and biological behavior of the tumor.
Currently, gliomas are categorized using the grading system established
by the World Health Organization (WHO), typically ranging from grade
1 to grade 4 (Louis et al.,, 2021). Grades 1 and 2 are identified as
low-grade gliomas, which may be entirely excised through surgery. In
contrast, grades 3 and 4, known as high-grade gliomas, exhibit pro-
nounced malignant properties and are associated with a generally un-
favorable prognosis. Precise grading is essential for formulating
therapeutic strategies and forecasting patient outcomes.

Previously, Zacharaki introduced a machine learning-based model
designed to extract features like tumor shape, intensity, and texture from
MRI scans, employing SVM for feature subset selection (Zacharaki et al.,
2009). This model achieved an accuracy, sensitivity, and specificity of
88 %, 85 %, and 96 %, respectively, in discerning between low-grade
and high-grade gliomas. In recent years, Naser et al. developed a deep
learning methodology, employing CNNs based on U-net integrated with
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transfer learning based on the VisualGeometry Group 16 pre-trained
convolutional layers, and merged these with a fully connected classi-
fier to facilitate tumor grading. The assessment demonstrated that the
segmentation model achieved a tumor detection accuracy of 92 %.
Furthermore, the classification model attained accuracy, sensitivity, and
specificity rates of 95 %, 97 %, and 98 %, respectively, specifically for
the identification of low-grade gliomas (Naser and Deen, 2020).
Beyond neuroimaging data, Chang et al. presented another study
based on digital pathology data that integrated Fourier transform
infrared microscopy with deep learning techniques for the grading of
glioma tissue sections and identification of microvascular characteristics
(Lietal., 2019). Microvascularity is a significant histological attribute of
gliomas, closely associated with the tumor’s grade and subtype. The
result showed that this method offers a significantly expedited process,
and promises enhanced accuracy, specificity, and sensitivity.
Molecular subtypes are categorized based on distinct genetic and
molecular traits that mirror the tumor’s biological actions. Molecular
features offer supplementary insights for tumor grading, enabling the
anticipation of a patient’s therapeutic response and prognosis. Common
molecular subtypes of gliomas encompass: IDH mutations, 1p/19q
codeletion, TERT promoter mutations, epidermal growth factor receptor
(EGFR) amplification, O°®methylguanine-DNA methyltransferase
(MGMT) methylation, H3K27M mutations, ATRX mutations, CDKN2A/

Table 3
Application of Al techniques in the prognostication of glioma molecular subtypes.
Al technique Molecular features Data type Performance Reference
A Machine learning model IDH mutation MRI (APTw) AUC= 0.87; accuracy= 84 % (Wu et al., 2024)

(support vector machine
classifier)

Cryosection Histopathology
Assessment and Review
Machine

IDH mutation Histopathological data

3D-dense-Unets

A machine learning model

Self-Supervised Transfer
Learning

A deep learning model

Support vector machine

An automated machine
learning

A machine learning model

A deep learning model

A single multi-task CNN

A machine learning model

A spatial-temporal
integration model

A weakly supervised deep
learning

Optimal SVM predictive
models

A machine learning model

MGMT methylation
MGMT methylation

BRAF mutation

TERT mutation
TERT mutation

H3K27M mutation

EGFR amplification

CDKN2A/B
homozygous deletion
IDH mutation, 1p/19q
codeletion

IDH mutation, 1p/19q
codeletion

IDH mutation, 1p/19q
codeletion, TERT
mutation

IDH mutation, ATRX
mutation, 1p19q
codeletion

IDH mutation, ATRX
loss

IDH mutation, MGMT
methylation, 1p/19q
codeletion

MRI (T2WI)
18F-DOPA PET images

MRI

MRI

MRI

MRI

Terahertz spectroscopic
data

MRI

MRI

Genome-wide somatic
copy number alteration

data
MRI

Histopathological data

MRI

MRI

AUC= 0.79-0.82 (Nasrallah et al.,
2023)

AUC= 0.93; accuracy= 94.73 %; sensitivity= 96.31 %; (Yogananda

specificity= 91.66 % et al., 2021)

Accuracy= 80 % + 10 % (Qian et al.,
2020)

Training cohort: AUC of 0.82, 0.87, and 0.85 for BRAF wild type,
BRAF fusion, and BRAF V600E, respectively; validation cohort: AUC
of 0.72, 0.78, and 0.72 for BRAF wild type, BRAF fusion, and BRAF
V600E, respectively

Training cohort: AUC= 0.990; validation cohort: AUC= 0.890

Sensitivity= 85.7 %; specificity= 54.8 %; PPV=75.9 %;

NPV= 69.7 %; accuracy= 74.1 %

Training cohort: accuracy= 0.788-0.867, AUC= 0.903, average
precision= 0.911; validation cohort: accuracy= 0.60-0.84,
AUC= 0.85, average precision= 0.855

AUC= 85.8 %

ResFN-Net: ACC= 0.813, AUC= 0.8804; FN-Net: ACC= 0.9236,
AUC= 0.9704
IDH-AUC= 0.90; 1p/19q-AUC= 0.85

IDH-AUC> 0.95; 1p/19g-AUC= 0.97

Prospective cohort: accuracy-IDH1 = 0.85 =+ 0.04, accuracy-TERTp
= 0.84 £ 0.05, accuracy—1p/19q= 0.88 + 0.04; AUC-

IDH1 = 0.89 + 0.02, AUC-TERTp= 0.80 + 0.04, AUC—-1p/

19q= 0.85 + 0.06

Training cohort: IDH-AUC= 0.95, ATRX-AUC= 0.90, 1p19q-
AUC= 0.80; validation cohort: IDH-AUC= 0.90, ATRX-AUC= 0.79,
1p19g-AUC= 0.87

IDH1 mutation: accuracy= 94.74 %, AUC= 0.931,

sensitivity= 100 %, specifity= 85.71 %, PPV=92.31 %,

NPV= 100 %; ATRX mutation: accuracy= 91.67 %, AUC= 0.926,
sensitivity= 94.74 %, specifity= 88.24 %, PPV= 90.00 %,
NPV=93.75 %

Training cohort: IDH-sensitivity= 0.88, IDH-specificity= 0.86,
MGMT-sensitivity/specificity= 0.76-0.83, 1p/19q-sensitivity/
specificity= 0.76-0.83; validation cohort: IDH-sensitivity and
specificity= 0.83-0.85

(Tak et al., 2024)

(Zhang et al.,
2023)
(Yamashita et al.,
2019)

(Su et al., 2020)

(Wu et al., 2024)

(Zhang et al.,
2024)

(van der Voort
et al., 2023)
(Nuechterlein
et al., 2021)

(Xie et al., 2023)

(Hewitt et al.,
2023)

(Ren et al., 2019)

(Jian et al.,
2021)
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B homozygous deletion (Horbinski et al., 2022; Smith et al., 2022). In
Table 3, we list the applications of Al techniques in the prognostication
of the predominant molecular subtypes of gliomas. To ascertain the
molecular traits of gliomas, tissue samples are commonly procured
through invasive surgery for subsequent immunohistochemical exami-
nation or gene sequencing. Nevertheless, with the ongoing advance-
ments and deployments of Al models, there is an emerging prospect that
the molecular classification of tumors may be achievable through
non-invasive approaches.

IDH mutation is among the most prevalent molecular alterations in
adult gliomas and serves as a significant prognostic indicator, typically
correlated with a more favorable outcome. (Eckel-Passow et al., 2015).
The 1p/19q codeletion subtype is predominantly identified in oligo-
dendrogliomas and oligoastrocytomas, referring to a co-deletion of the
chromosomal arms 1p and 19q. This molecular status is linked to
heightened responsiveness to chemotherapy and radiotherapy and is
generally associated with an extended survival (Familiari et al., 2023).
Sebastian et al. have crafted a deep learning technique for glioma
grading and molecular subtype prediction. They developed a multi-task
CNN that harnesses MRI data to forecast the IDH mutation status, the
1p/19q co-deletion status, and the tumor grade for glioma patients. In
the evaluation using a test set, the model secured an AUC of 0.90 for IDH
prediction, an AUC of 0.85 for 1p/19q co-deletion, and an AUC of 0.81
for tumor grading, thereby facilitating the non-invasive prognostication
of molecular features and tumor grading in gliomas (van der Voort et al.,
2023).

TERT promoter mutations represent one of the most prevalent ge-
netic modifications observed in adult-onset diffuse gliomas. Such mu-
tations are implicated in the dysregulated upregulation of the TERT
gene, a molecular aberration that correlates with increased tumor ma-
lignancy and a diminished patient prognosis (Hasanau et al., 2022).
Fukuma designed a CNN to forecast tumor molecular subtypes directly
from MRI data. By harnessing AlexNet on four types of MRI sequences to
glean CNN textural features, followed by the application of a linear SVM
for classification. The CNN texture features utilized in this deep learning
mode provide superior capture of IDH and TERT genotype information
in grade 2/3 gliomas compared to the traditional radiomic features
(Fukuma et al., 2019). Fukuma designed a CNN to forecast tumor mo-
lecular subtypes directly from MRI data. By harnessing AlexNet on four
types of MRI sequences to glean CNN textural features, followed by the
application of a linear SVM for classification. The CNN texture features
utilized in this deep learning mode provide superior capture of IDH and
TERT genotype information in grade 2/3 gliomas compared to the
traditional radiomic features (Fukuma et al., 2019).

The promoter region methylation of the MGMT gene is typically
linked to increased sensitivity to alkylating agent-based chemotherapy
and a more favorable prognosis. Maldjian and colleagues developed a
deep learning network that utilized T2-weighted imaging solely to assess
MGMT promoter methylation. The model achieved a mean accuracy,
sensitivity, and specificity of 94.73 %, 96.31 %, and 91.66 %, respec-
tively (Yogananda et al., 2021).

In summary, the application of Al for brain tumor grading and the
forecasting of tumor molecular subtypes has demonstrated remarkable
proficiency in both operational efficiency and precision. The utilization
of novel datasets, including terahertz and multi-omics information, of-
fers fresh perspectives for the precise identification of molecular fea-
tures. And the neuroimaging-based Al techniques circumvent the need
for any supplementary invasive procedures.

3.4. Diagnosis of pediatric brain tumors

Pediatric brain tumors exhibit significant differences in histology
and molecular biology compared to adult brain tumors, making it
inappropriate to extrapolate data from adults to children. Therefore, the
development of specialized Al tools tailored for pediatric brain tumors is
essential.
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Most current research is primarily focused on developing tools for
the diagnosis and differential diagnosis of pediatric brain tumors. Grist
et al. employed a combination of multi-parametric MRI, univariate
analysis, and machine learning techniques to differentiate between
high-grade and low-grade pediatric brain tumors, achieving a high-
precision classification accuracy of 85 % (Grist et al., 2020). Arle et al.
developed a computer-based NN that integrates magnetic resonance
spectroscopy data (ratios of N-acetyl-aspartate, choline, and creatine)
with 10 characteristics of tumor tissue derived from MRI studies, as well
as tumor size and patient age and sex, to diagnose posterior fossa tumors
in children (Arle et al., 1997). When utilizing all available data, the NN
achieved a 95 % accuracy rate in tumor identification, compared to a
73 % accuracy rate by neuroradiologists, thereby significantly
enhancing the precision of tumor diagnosis. A recently reported study
introduces an end-to-end, MRI-based federated learning platform for
posterior fossa brain tumors, known as FL-PedBrain, which is built on a
large pediatric dataset sourced from 19 international institutions (Lee
et al., 2024). Compared to isolated learning from localized and limited
data sources, the federated learning approach has demonstrated a
20-30 % improvement in tumor segmentation performance.

Al is also being developed to determine subtypes or grades within
individual entities. Wang et al. combined machine learning with pre-
surgical MRI to offer a noninvasive and cost-effective approach to pre-
dicting medulloblastoma molecular subsets (Wang et al., 2024). The Al
diagnostic model exhibited highly accurate preoperative prediction of
molecular subpopulations, achieving an AUC of > 0.8 and an F1 score of
> 0.7 across internal, external, and continuous validation cohorts. This
model holds promise in supporting surgical planning and optimizing the
care of patients with medulloblastoma. Similarly, Lv et al. conducted a
study that leveraged radiomic features derived from MRI and integrated
them with machine learning techniques (Iv et al., 2019). Their approach
also demonstrated outstanding performance in identifying the molecu-
lar subsets of medulloblastoma. Deep learning methods have also been
developed to predict the molecular subtypes of pediatric low-grade
gliomas in a non-invasive manner (Tak et al., 2024).

While the development of Al tools for pediatric brain tumors is still in
its early stages, these tools hold great potential to transform the clinical
diagnosis of pediatric tumors. Looking ahead, accelerating the devel-
opment of these tools and fostering regional collaboration are expected
to bring significant advancements.

4. Application of Al in brain tumor treatment

The application of Al in diagnosing brain tumors enhances diagnostic
precision and aids in the subsequent establishing of therapeutic
schemes. AI applications in brain tumor treatment encompass pre-
operative planning, intra-operative assistance, and post-operative care,
facilitating personalized treatment plans, improving surgical outcomes,
and aiding in prognostic evaluations.

4.1. Pre-operative planning

Exposing patients with advanced brain tumors to invasive proced-
ures that minimally impact their survival or enhance their quality of life
is not advisable. Thus, careful deliberation is essential when deter-
mining the suitability of surgical treatment for patients, particularly
those with high-grade brain tumors. Predicting the survival of brain
tumor patients and the operability of tumors is challenging, but an Al-
based technique might provide some assistance. Ko and colleagues
have shown that a machine learning-based approach can precisely
forecast the progression and recurrence of meningiomas, utilizing solely
preoperative radiological data (Ko et al., 2021). Oermann et al. utilized
integrated clinical data, including patient age, systemic disease status,
the type of primary tumor, and the count of metastatic tumors, and
employed deep learning techniques to effectively forecast the one-year
survival rate of patients with brain metastases who underwent
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radiation surgery. And the predictive performance of their model out-
performed that of conventional methods for survival prediction
(Oermann et al., 2013).

Judging the resectability of brain tumors is also complicated due to
the heterogeneity of their anatomical structure and the complexity of
surgical resection. In cases of glioblastoma, for instance, complete
resection is achieved in only approximately one-third of patients. Mar-
cus and colleagues pinpointed the five most critical anatomical features
indicative of glioblastoma excisability and leveraged these to devise a
scoring system (Marcus et al., 2017). Utilizing a machine learning al-
gorithm founded on ANN, their model is capable of precisely predicting
the surgical resectability of glioblastoma, achieving an area under the
curve and accuracy of 0.87 and 83 %, respectively (Marcus et al., 2020).
The Al model developed by Marcus et al. accurately predicts the surgical
resectability of glioblastoma, which can help guide surgical
decision-making and potentially reduce unnecessary surgeries in pa-
tients with unresectable tumors, optimizing the allocation of medical
resources. Looking ahead, Al-based technology may emerge as a vital
tool to assist in the intricate decision-making processes for brain tumors.

4.2. Intra-operative assistance

The principal aim of brain tumor surgery is to accurately excise the
tumor while sparing as much healthy brain tissue as feasible. Research
indicates that the intraoperatively residual tumor tissue is the primary
reason for tumor recurrence (Fabelo et al., 2019). Nonetheless, accu-
rately discerning tumor from healthy tissue during an operation poses a
significant challenge for neurosurgeons. At present, imaging technolo-
gies are utilized to assist with navigation during brain tumor surgeries,
yet they encounter certain limitations. Employing preoperative imaging
and an intraoperative navigation system enhances surgical guidance, yet
the precision in defining tumor margins tends to diminish as the surgery
advances (Gerard et al., 2017). The use of intraoperative MRI extends
the duration of the procedure and necessitates sophisticated operating
room setups (Gandhe and Bhave, 2018). Hyperspectral imaging, which
captures and analyzes data across a broad spectrum of wavelengths,
predominantly the visible and infrared ranges, offers a non-invasive,
label-free, ionizing-free, and real-time imaging modality (Fabelo et al.,
2018; Lu and Fei, 2014). Its potential in tumor imaging is anticipated to
overcome the constraints of existing imaging techniques. Fabelo et al.
employed hyperspectral imaging technology in brain tumor surgery and
developed a deep learning model to process the hyperspectral data of
brain tissues (Fabelo et al., 2019). This model produces thematic a map
that outlines the brain’s parenchymal regions and pinpoints the tumor’s
location, thereby facilitating surgeons in accurately and effectively
excising the tumor. Additionally, the model includes an auxiliary visu-
alization system that assists surgeons in adjusting the thematic map to
identify the optimal classification threshold during surgery.

The extracellular acidosis that results from the metabolic reprog-
ramming of cancer cells serves as a dependable marker of regions where
tumors have infiltrated. Jin and colleagues developed a surface-
enhanced Raman Scattering navigation system for the resection of
brain tumor (Jin et al., 2022). This system analyzed the pH levels of
metabolites through automated Raman spectroscopy, and by employing
a deep learning algorithm to process the Raman spectra, the tumor
resection margin is effectively demarcated. Compared with traditional
surgery, Jin’s surgery navigation system significantly improved overall
survival in animal models. Furthermore, Song et al. designed a U-Net--
based automatic segmentation model, processing computed tomography
angiography images, for surgical navigation during pituitary adenoma
surgery (Song et al., 2019). This model significantly minimized the risk
of harming critical neurovascular structures throughout the surgical
process.

Al technology has been implemented in the analysis of surgical
workflows as well, yielding impressive outcomes. By employing com-
puter vision to analyze surgical videos, Al is capable of recognizing
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surgical phases, operator movements, technical proficiency, anatomy
structure, and pathological traits, while offering immediate feedback.
The integration of Al for workflow analysis aids in refining surgical
processes and pathways, standardizing surgical steps and protocols,
detecting and cautioning about critical risk periods, producing surgical
documentation, and supporting training and simulation endeavors.
Through the collaborative agreement of an international expert panel, a
workflow for endoscopic transsphenoidal resection of pituitary ade-
nomas has been established (Marcus et al., 2021). On this basis, Khan
et al. utilized CNN and RNN network models to analyze the corre-
sponding surgical videos, with results indicating that the model could
precisely discern surgical phases (with 91 % accuracy) and steps (with
76 % accuracy) (Khan et al., 2022). This research lays a foundation for
future research into the analysis of surgical processes for pituitary ad-
enomas and other brain tumors, and it is anticipated to be instrumental
in the training of novice physicians and the advancement of automated
surgical procedures, exerting a profound influence on the surgical
practice for brain tumors.

Currently, the application and deployment of AI technology in brain
tumor surgery predominantly centers on offering decision-making sup-
port and advancing surgical automation. This has demonstrated signif-
icant promise in enhancing the precision of surgical procedures, refining
surgical techniques, and ameliorating patient outcomes. Over the past
few decades, surgical robots have been increasingly utilized across a
spectrum of surgical operations, encompassing neurosurgery (Miller
et al., 2017; Rasouli et al., 2021). The combination of Al with surgical
robotics represents an exceedingly promising research avenue, poised to
facilitate a monumental stride in both automation and precision, and is
anticipated to herald a new epoch in the surgical management of brain
tumors. As Al research in neurosurgery continues to progress, it is bound
to assume an increasingly pivotal role across all facets of surgical
practice.

4.3. Postoperative care and management

Al-based techniques are also being developed and applied for the
care and surveillance of brain tumor patients. The postoperative stage of
brain tumor patients is fraught with risks. Post-surgery, they may
encounter infections, venous thromboembolism, pressure ulcers, falls,
and other complications or adverse events, with the potential for unin-
tended hospital readmission (Alshehri et al., 2016; Salle et al., 2021).
Consequently, the creation of a risk prediction and assessment system is
deemed essential. Approximately 10 % of individuals who undergo
transsphenoidal surgery for pituitary adenomas face the risk of unin-
tended readmission, a risk that is challenging to forecast. By gathering
patient data from various academic medical institutions, Cheng et al.
designed a machine learning-based risk stratification system for the
unpredictable readmission of patients subsequent to pituitary adenoma
resection (Crabb et al., 2022). This system aids in the identification of
high-risk patients and significantly enhances the quality of patient care.
Furthermore, a multitude of Al-based programs have been devised to
analyze patients’ medical records in order to forecast the likelihood of
infections or other potential postoperative complications (Hopkins et al.,
2020; Howcroft et al., 2017; Hsiao et al., 2015). This facilitates the
implementation of precautionary measures and diminishes the proba-
bility of postoperative problems.

4.4. Brain tumor radiotherapy

Malignant brain tumors often require adjuvant chemotherapy and/
or radiotherapy. The deployment of Al in brain tumor radiotherapy
primarily pertains to the delineation of gross target volume targets. As
previously stated, the development of Al-based automated segmentation
models for aids in the precise demarcation of the radiotherapy target
area. During radiotherapy, it is crucial to minimize exposure of healthy
brain tissue to radiation. Nevertheless, whole brain radiotherapy
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continues to be a significant treatment option for patients presenting
with multiple brain metastases. In the United States, over 200,000 in-
dividuals with brain tumors are treated with whole brain radiation
therapy annually (Tsao et al., 2018). Exposure of healthy brain tissue to
radiation can impair the hippocampus tissue, a region integral to
learning and memory processes, potentially leading to post-radiation
neurocognitive dysfunction (Gondi et al., 2012; Monje et al., 2002).
Hence, it is crucial to avoid the hippocampus tissue during irradiation.
Lin et al. developed a deep learning framework to create a fully auto-
mated process for hippocampal avoidance whole brain radiotherapy.
Their model demonstrated the capability to rapidly and precisely pro-
duce a clinically viable radiation plan within approximately 10 minutes,
thereby enhancing the therapeutic efficiency for patients with brain
metastases (Lin et al., 2023).

4.5. Prediction of treatment response and patient prognosis

Accurate assessment of treatment response and prognostic outcomes
is a crucial step for directing the therapy of brain tumors. The manual
evaluation based on Response Assessment in Neuro-Oncology (RANO)
or Response Evaluation Criteria in Solid Tumors (RECIST) criteria is
cumbersome, labor-intensive and time-consuming, potentially missing
vital tumor response details. Researches have manifested that Al-based
methodologies offer enhanced reproducibility and standardization in
assessing treatment responses on MRI images in neuro-oncology, sur-
passing the conventional manual two-dimensional measurements of
tumor burden (Prezelski et al., 2024; Vollmuth et al., 2023). Papi et al.
developed a U-Net architecture, utilizing the BRATS 2018 dataset, for
the segmentation and classification of gliomas to assess the efficacy of
treatment responses (Papi et al., 2023). Stember employed deep CNN,
optimized through neuroevolution approach, to scrutinize MRI image
data derived from metastatic brain tumors (Stember et al., 2023). This
approach can precisely differentiate the progression from regression of
brain metastases with an accuracy rate of 100 %. Likewise, a range of AI
techniques have been devised to forecast prognostic indicators,
including overall survival and progression-free survival, for primary or
metastatic brain tumors, which facilitates an estimation of the disease
progression (Kim et al., 2019; Li et al., 2023; Prasanna et al., 2017).

The application of amino acid PET for monitoring changes in the
metabolic tumor volume has emerged as a significant tool in assessing
the therapeutic response for brain tumor patients (Suchorska et al.,
2015). Gutsche et al. developed an innovative no new U-Net ANN to
process the '®F-FET PET scan data (Gutsche et al., 2023). Deployed to a
previously published ®F-FET PET dataset, this model successfully
identified 92 % of lesions with heightened uptake and 85 % of lesions
with equal or diminished metabolism. The model ensures a dependable,
robust, and comprehensive evaluation of metabolic tumor volume
modifications in individuals with brain tumors.

Several gene expression biomarkers have also been suggested for the
prediction of therapeutic response and patient prognosis. For instance,
Chen et al. collected data of 173 meningioma patients to formulate a 34-
gene expression risk score, which were then validated against data from
1856 additional patients (Chen et al., 2023). Their findings indicated
that these biomarkers significantly enhanced the differentiation of out-
comes for local recurrence and overall survival compared to all other
systems evaluated within the clinical validation cohort, achieving a
five-year area under the curve of 0.81 and 0.80, respectively. Moreover,
this model identified that patients with meningiomas could potentially
benefit from postoperative radiotherapy and suggested optimized post-
operative management for 29.8 % of the patients. Similarly, Wang et al.
constructed a 20-gene panel utilizing ANN that had the potential to act
as biomarkers for foreseeing treatment outcomes and prognostic bene-
fits post-immunotherapy in glioma patients (Wang et al., 2024). This
model aided clinicians in precisely identifying patient likely to gain
clinical benefits from such interventions.

Cell morphology serves as a significant biomarker as well. Liu
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developed and validated a machine learning framework based on
cellular morphometric subtypes that extract specific cell morphometric
information from tissue slice images. These subtypes were linked to
distinct molecular signatures, immune microenvironments, therapeutic
responses, and prognostic indicators, thereby enabling the prediction of
treatment responses and outcomes for glioma patients (Liu et al., 2023).

4.6. Treatment of pediatric brain tumors

Al technology has also been increasingly utilized to guide the
treatment of pediatric brain tumors. Al-guided drug screening is
emerging as a powerful tool that could pave the way for promising and
innovative treatments for pediatric brain tumors (Carvalho et al., 2022).
In medulloblastoma, Bruschi et al. utilized a machine learning algorithm
to analyze CSF proteins, successfully identifying the long-chain fatty
acid transporter 4 (SLC27A4) and laminin B-type (LMNB1) as significant
biomarkers indicative of tumor residuals and recurrences. The expres-
sion levels of SLC27A4 and LMNB1 could be used to inform treatment
strategies and to forecast tumor relapse (Bruschi et al., 2022). The
multimodal deep learning approach developed by Mahootiha et al.,
which leverages tumor characteristics from MRI, has enhanced post-
operative risk stratification for pediatric low-grade gliomas and is
anticipated to significantly inform and guide postoperative
decision-making processes (Mahootiha et al., 2025). Similarly, the study
by Grist et al. integrates multi-site MRI images with machine learning,
employing survival characteristics for both unsupervised and supervised
machine learning to identify new subgroups associated with survival
outcomes. Their model achieves a high accuracy of 98 % in classifying
high and low survival risks in pediatric brain tumors (Grist et al., 2021).

Al is also demonstrating robust performance in aiding surgical pro-
cedures. SRH has been employed for rapid intraoperative diagnosis of
pediatric brain tumors. Utilizing image features derived from the SRH
field of view, a decision-tree machine learning model was developed and
validated. This model achieved 100 % accuracy in classifying 25 fresh
pediatric surgical specimens into normal and diseased tissues, as well as
low-grade and high-grade tumors (Hollon et al., 2018). This outstanding
performance provides critical information to guide the surgical man-
agement of pediatric brain tumors. Robotic stereotactic assistants have
also been developed for use in pediatric neurosurgery (De Benedictis
et al., 2017). These image-guided devices provide precise spatial posi-
tioning and orientation guidance for a variety of neurosurgical in-
struments based on pre-planned trajectories. After offline planning, the
surgeon can oversee the robot’s autonomous execution of movements
and can also directly control and maneuver surgical instruments during
the procedure. This robotic stereotactic assistant is highly versatile,
effectively enhancing the safety and feasibility of surgeries while
reducing procedural risks and operative times. It can be utilized for a
wide range of operations, as well as endoscopic guidance procedures and
stereotactic biopsies.

5. Application of Al in brain tumor drug research

Al-based techniques are assuming a more pivotal role in the research
of pharmaceuticals for brain tumors, with its utilization permeating
various facets, including drug screening, research and development, and
appropriate treatment options.

Machine learning and deep learning can be trained using high-
throughput screening data to construct predictive models that forecast
the responses of cancer cell lines and patients to novel drugs or drug
combinations (Neves et al., 2020; Yang et al., 2018). Bui’s research
discovered octenidine as a new Bcl-xL inhibitor by employing deep
learning algorithms of structural features and performing molecular
docking on a library of approved pharmaceuticals (Bui et al., 2022).
Octenidine has the capacity to directly target the anti-apoptotic protein
Bcl-xL, inducing mitochondrial apoptosis in cancer cells and thus
impeding the progression of tumors. Bui’s study not only identifies
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octenidine, an existing drug, as a novel Bcl-xL inhibitor, thereby offering
new targets and strategies for cancer treatment, but also highlights the
remarkable potential of Al-driven drug repurposing. Olsen’s study
employed an Al predictive engine of the PandaOmics TargetID to sort
through hypothetic targets concerning cancer and aging (Olsen et al.,
2023). This research suggested that CNGA3, GLUD1, and SIRT1 were
prospective novel targets for therapeutic intervention for aging and
glioblastomas. Furthermore, the Perturbation Theory Machine Learning
models developed by Munteanu et al. can be employed for the virtual
screening of nanoparticle-drug complexes in the context of glioblastoma
(Munteanu et al., 2021). In pediatric patients with ACVR1-mutant
diffuse intrinsic glioma, a potential therapeutic combination of vande-
tanib and everolimus was identified through an Al-based platform
designed to search for effective compound treatments. Four patients
who received this combination therapy experienced a significant
extension in survival and a notable reduction in tumor burden (Carvalho
et al., 2022). The finding suggest that Al-driven drug screening holds
promise in informing and guiding clinical studies of brain tumors in
children.

Houy et al. employed an Al model to explore an optimal personalized
treatment plan for the administration of temozolomide (Houy and Le
Grand, 2019). At the time of admission, patients’ pharmacokinetic pa-
rameters were just partially observed. The model progressively refined
its calculations through Bayesian inference as treatment progressed,
adjusting the treatment regimen based on feedback from the patients’
reactions to the medication. The personalized treatment plan derived
from this model resulted in a notable decrease in tumor size, with an
average reduction of 67.2 g compared to the standard maximum toler-
ated dose regimen after 12 cycles, and a decreased incidence of severe
toxicity among patients.

A number of micro-robots endowed with self-propulsion and navi-
gation capabilities are being progressively developed for non-invasive
drug delivery, offering promising prospects for precision medicine.
Nanorobots are minuscule robotic systems engineered for operations at
the nanometer scale, and their use in drug delivery holds the potential to
transform the treatment of brain cancer (Rai et al., 2023). Zhang and
colleagues present a neutrophil-based microrobot capable of control-
lable and active cargo delivery to malignant gliomas in vivo (Zhang
et al., 2021). In contrast to conventional drug injections, the targeted
delivery mediated by these “neutrorobots” markedly suppressed the
proliferation of tumor cells. These “neutrorobots” are propelled by a
magnetic navigation system, with its movement behavior analyzed
through computer vision software. Al algorithms can be employed to
train intelligent controllers that dynamically adjust magnetic field pa-
rameters in response to real-time visual feedback, thereby enabling
more precise path planning and motion control. Moreover, leveraging
computer vision and deep learning algorithms allows for the real-time
processing of imaging data to automatically identify and track the po-
sition of micro-robots within the body, thus providing more precise
feedback signals for magnetic navigation systems. Al holds the potential
to optimize the design and control of these microrobots, facilitating
precise navigation, targeted drug delivery, and real-time feedback on
their performance in complex brain environments.

6. Al reveals the brain tumor microenvironment

Brain is an intricate ecosystem where various cell types sustain its
normal functioning through exact coordination and interaction. TME is
a complex milieu consisting of not only tumor cells but also a variety of
non-cancerous cells, including various immune cells, stromal cells,
vascular endothelial cells, and other cells, all situated within the
extracellular matrix (de Visser and Joyce, 2023). Within the TME of
brain tumors, immune cells, encompassing T lymphocytes, B lympho-
cytes, neutrophils, macrophages, mast cells, innate lymphoid cell and so
on, all play important roles. Research into the immune microenviron-
ment of brain tumors offers vital insights into the dynamic changes and
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immune regulatory mechanisms of brain tumors and provides directions
for the development of novel immunotherapeutic approaches.

In-silico multidimensional model refers to a computer-based model
that integrates and analyzes data from various biological levels, such as
gene expression, protein interactions, and metabolic pathways, to
simulate the complex behaviors and characteristics of biological sys-
tems. In cancer research, in-silico multidimensional models are capable
of simulating the evolving conditions within the TME, dissecting the
intricate relationships between tumor and immune cells, and aiding
researchers in gaining a deeper comprehension of the complex trans-
formations that occur during tumor progression. These models offer
innovative therapeutic approaches and fresh perspectives for the treat-
ment of cancer. The research conducted by Ravi et al. employed an in-
silico multidimensional model to scrutinize and integrate the spatial
transcriptomics and single cell data of 45615 immune cells derived from
12 tumor specimens (Ravi et al., 2022). Their findings revealed that
HMOX1" myeloid cell subsets, known to produce interleukin-10, were
located within the mesenchymal-like tumor region and contribute to T
cell exhaustion, thereby fostering an immunosuppressive microenvi-
ronment. This study underscores the significance of integrating
single-cell with spatial transcriptomic data modeling in brain tumor
research, which is instrumental in devising effective immunotherapeutic
strategies. Employing large-scale machine learning techniques, Xiao
et al. identified SOX10 as a significant immunomodulator of macro-
phages within gliomas (Xiao et al., 2022). SOX10 exhibited a positive
correlation with the cytokine production of macrophages while exerting
a negative regulatory effect on their chemotaxis and migration. The
findings implied that SOX10 could represent a promising target for the
immunotherapy of gliomas. Oliver et al. developed a 3D
micrometer-scale blood-brain barrier niche platform to simulate the
process by which tumor cells traverse the blood-brain barrier and
infiltrate the cerebral microenvironment, leading to the establishment of
brain metastases (Oliver et al., 2020). This model utilized fluorescence
imaging and confocal tomography techniques to capture and reconstruct
images that depict alterations within the TME and the progression of
micro-metastases. By harnessing Al techniques, it becomes feasible to
discern intrinsic phenotypic variations among cancer cells capable of
brain metastasis, yielding quantifiable metrics of their metastatic pro-
pensity. Integrated with AI methods, the model can garner extensive
data regarding the TME and brain metastases, which facilitates a deeper
understanding of the mechanisms behind brain metastases formation,
aids in the development of pertinent preventative strategies, and in-
forms the creation of targeted therapeutic plans.

In recent years, the swift advancement in technologies such as single-
cell transcriptome sequencing, spatial transcriptomic analysis, and
multi-cycle immunofluorescence, alongside the broad application of Al
technology, offers potent tools for researching the TME, the dynamics of
cell-to-cell interactions, and the composition of tissue structures.
Painting a detailed picture of TME within brain tumors aids not only in
precise diagnoses, prediction of therapeutic responses and prognoses but
also lays a theoretical foundation for strategies to more effectively
inhibit tumor progression, prevent brain metastasis, and devise prom-
ising treatment approaches.

7. Challenges and future prospects

Al with its robust capabilities in information recognition, analysis
and combination, has brought about significant transformations across
various domains, including the diagnosis, treatment, and research of
brain tumors. It has demonstrated immense promise in enhancing the
accuracy of diagnoses and the effectiveness of treatments, promoting
patients’ prognoses, as well as in advancing the research of diseases.
Nonetheless, there are still challenge to overcome.

Acquisition of extensive and high-quality datasets is essential for the
effective deployment of Al In general, Al-based algorithms necessitate
ample, dependable, and accessible data for both training and validation
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processes (Balagurunathan et al., 2021; Luo et al., 2023). There is a
growing need for multimodal datasets as well. While data from retro-
spective studies are typically easy to gather and compile, while the
images or parameters derived from various studies may vary, impacting
the model’s training efficacy and the reproducibility of outcomes, and
potentially causing algorithmic bias. If the data used to train the Al
model is not representative of the general population, these variations
can lead to biases, such as selection bias or performance bias (Nagendran
et al., 2020). Consistently parameterized, high-quality data can be
procured through randomized controlled trials, but it is costly in
manpower, material resources and time. Consequently, this underscores
the value of collaborative efforts among multiple agencies, as well as the
coordination and sharing of data. Such collaboration and data sharing
are instrumental in constructing larger datasets, thereby furnishing the
ample and reliable data necessary for further Al research in the realm of
brain tumor studies. Interdisciplinary cooperation is essential as well.
The deployment of Al in brain tumor research necessitates the exchange
and cooperation among professionals from various fields, encompassing
neurology, radiology, pathology, bioinformatics and so on, but it can
also encounter hurdles in communication and the alignment of efforts.

The model’s interpretability and generalization capabilities are
critical aspects that warrant attention (O’Sullivan et al., 2019; Reddy
et al., 2020; Zwanenburg et al., 2020). Deep learning models, often
considered “black boxes”, obscure the mechanisms by which they
convert input data into outputs, posing challenges related to trans-
parency and the establishment of user trust. Therefore, it is essential for
deep learning models to be interpretable, allowing users to comprehend
the decision-making process, thereby instilling confidence in the
model’s application within clinical environments. Employing suitable
interpretation methods and leveraging visualization techniques can
enhance the model’s transparency and credibility (Wen et al., 2024).
Moreover, models must be capable of generalizing across diverse pop-
ulations and types of tumors. Variances in image acquisition parameters
can restrict a model’s generalizability across different datasets. By
incorporating a range of datasets to enrich the model’s diversity and
refining the model’s architecture and training procedures, the AI
models’ generalization capabilities can be significantly improved
(Midya et al., 2018; Zwanenburg, 2019). This ensures robust perfor-
mance on unseen data, adapting effectively to a variety of clinical
scenarios.

Ethical, legal, and social issues are topics of extensive debate
(O’Sullivan et al., 2019). On one hand, during the data collection pro-
cess, ensuring that patients provide informed consent, safeguarding
their privacy, and preventing data breaches and misuse are deemed
significant concerns. The onus of social responsibility and the demands
of legal systems also emphasize the need for algorithmic fairness. Biases
in research or imperfections in training data could result in discrimi-
natory decisions, a scenario that must be circumvented (Ambe et al.,
2020; Butterfield et al., 2022; Carrano et al., 2021). Furthermore, the
deployment of Al systems risks perpetuating and exacerbating biases
against gender, race, ethnicity, socioeconomic status, and other
marginalized groups in society. To counter this, enhancing the diversity
within AI development teams and incorporating a representative range
of data encompassing different genders, races, ethnicities, socioeco-
nomic backgrounds, and populations in the training datasets can aid in
ensuring the algorithm’s fairness and inclusivity.

The current application of Al technology in the brain tumor is pre-
dominantly concentrated on diagnosis and therapy, where it has
demonstrated effective supportive capabilities. This includes areas such
as early tumor screening, diagnosis, differential diagnosis, grading,
molecular characteristic identification, preoperative planning, and sur-
gical assistance. Looking ahead, the potential for Al to deliver remark-
able outcomes in an expanded range of domains is promising. The
integration of Al technology in the development and research of onco-
logical drugs and the depiction of brain tumor microenvironment is a
burgeoning field. Gaining insights into the mechanisms of tumor
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formation and progression is instrumental for crafting targeted treat-
ment strategies. With the advent of multi-modal, large-sample databases
that encompass radiology, pathology, and omics data, the prospect of
utilizing Al to forecast the risk of brain tumors in the general population
or to devise personalized prevention, diagnosis, treatment, and man-
agement protocols presents a highly valuable avenue for exploration.
Furthermore, in the education of early-career physicians, the aggrega-
tion of extensive datasets and the evolution of Al-assisted tools are
making significant contributions to the professional development of
clinical practitioners.

Ultimately, the advancement of Al technology hinges on ongoing
development and innovation to augment its efficacy in the diagnosis,
treatment, management, and research of brain tumors and other ma-
lignancies. There is a pressing need for further exploration and the
creation of novel algorithms and tools across various domains, including
imaging techniques, computational models, and data fusion strategies. It
is crucial to highlight that, while Al technology has achieved significant
milestones in healthcare and even demonstrates the potential to
outperform human capabilities in certain respects, it is not expected to
entirely supplant the role of medical professionals. Instead, Al is more
likely to serve as an auxiliary tool. The future of medical practice may
increasingly integrate Al technology, yet the specialized expertise,
clinical acumen, and compassionate care provided by physicians will
remain irreplaceable.

8. Conclusions and discussion

Based on its robust capacity for information recognition and com-
bination, extensive utilization of high-dimensional datasets, coupled
with the evolution of sophisticated algorithmic models, Al is progres-
sively transforming conventional diagnostic and therapeutic paradigms
for brain tumors, holding out significant promise for the precision
medicine of tomorrow. Al models, encompassing traditional algorithms
to advanced deep learning techniques, have demonstrated significant
potential in enhancing the accuracy and efficiency of brain tumor
diagnosis, including screening, differential diagnosis, grading, and mo-
lecular characterization. Throughout the entire treatment process of
brain tumors, Al technology also provides valuable support across
various stages, including pre-operative planning, intra-operative assis-
tance, postoperative care and management and prediction of treatment
response and patient prognosis. In brain tumor scientific research, Al
aids in drug screening, development, and the determination of optimal
treatment plans, as well as in ensuring the precision of drug delivery.
Moreover, it assists researchers in more accurately characterizing the
brain tumor microenvironment and its dynamic evolution, laying a
theoretical foundation for the development of innovative therapeutic
strategies. This paper reviews the concepts of Al and its applications in
the diagnosis, treatment, and scientific research of brain tumors (Fig. 3).

Nonetheless, the accessibility and reliability of the datasets, inter-
pretability and generalization capabilities of the models, and the pres-
ence of ethical and legal concerns are also challenges that need to be
addressed. Looking ahead, it is anticipated that with ongoing advance-
ments and innovations in Al technology, along with the development of
new algorithms and tools, these issues will be resolved. Al technology is
poised to bring about even more remarkable transformations in the
management of brain tumors and other diseases. While the future of
medical practice may increasingly incorporate the application of Al
technology, it will predominantly serve as an auxiliary tool. The
specialized expertise, clinical experience, and human touch provided by
physicians will always remain essential.
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Fig. 3. Application of Al in clinical management and scientific research of brain tumors. (A) The integration of AI models and various types of patient data including
neuroimaging, histopathology data, multi-omics data, clinical data and so on is widely used in clinical diagnosis, treatment and scientific research of brain tumors.
(B)The application of Al in brain tumor diagnosis aids in tumor screening and early detection, diagnosis and differential diagnosis, grading and identification of
molecular characteristics. (C)AI serves as a valuable auxiliary tool in the whole process of brain tumor treatment, including pre-surgical planning, intra-operative
assistance, postoperative care and management, adjuvant radiotherapy, prediction of treatment response and patient prognosis. (D)The application of Al in brain

tumor research facilitates drug developmen and precision delivery, and the study on tumor microenvironment, which offers a foundational mechanism for the
innovation of novel therapeutic approaches.
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