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ABSTRACT

Recently, the world has observed emerging transformations in several domains due to the crucial developments in
computer vision and Artificial Intelligence (AI) such as Machine Learning (ML) and Deep Learning (DL) techniques.
This revolution has also inspired the medical sector as it generates a huge range of information. Among various medical
domains, these techniques have shown excellence in identifying and categorizing brain tumors using different modality
images. Thereby, this research study aims to review the use of Al techniques in brain tumor detection and classification
studies by using Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. This review
covers the insights about the review of several Al techniques for brain tumor detection and classification approaches,
concerning complicated tumor types and heterogeneous datasets. This review has also explored imaging modalities used
for brain tumor analysis along with the conceptual overview on performance measures considered and experimental
platforms considered for the experimentation. This analysis offered promising results to assist future researchers with a
comprehensive perspective on recent research trends and analysis of several DL methodologies. Finally, it also discusses
the challenges and future research directions on upcoming research challenges and opportunities for brain tumor detection
techniques to assist medical professionals.

KEYWORDS: Brain Tumor Detection and Classification, Medical Imaging and Analysis, Artificial Intelligence,
Machine Learning, Deep Learning, Systematic Review, Challenges and Research Trends.

1. INTRODUCTION

1.1. Background

Brain tumor is one of the diseases caused by uncontrollable cell growth in the brain, resulting in severe health problems
like motor impairment and memory loss [2]. Brain tumors are characterized by abnormal proliferation of brain cells,
representing the most crucial form of brain disease [6]. It has some generalized symptoms such as headaches, intracranial
hypertension, and in extreme cases, indicators like sixth-nerve palsy, vomiting, and nausea are also observed [7]. Hence,
early detection of brain tumors plays an essential role for extending the survival of patients [8]. However, advancing
technologies like Al and computer-aided diagnosis have shown a crucial role in facilitating radiologists for earlier
detection of brain tumors especially for reducing the probability of false diagnoses and reducing the manual burden to
radiologists and healthcare professionals [10, 11]. Generally, radiologists use Magnetic Resonance Imaging (MRI)
samples for detecting brain anomalies [13, 14]. However, the manual grading process is difficult and can lead to false-
positive or false-negative results, particularly in early stage anomalies [15]. Manual errors particularly can impact survival
rates for brain anomalies in individuals [18]. Recently, Deep Learning (DL)-based approaches have been employed for
brain image analysis for achieving excellent results [22]. These models have the ability to handle huge scales of data,
yielding promising results in several domains, especially in the biomedical area [23]. Segmentation, detection and
classification are three different processes with different functionalities considered for brain image analysis. Segmentation
outlines pixel-level and precise boundaries of the tumor, offering its precise size and shape. The detection process locates
the existence of a tumor in images and acquired the diagnosis results whereas the classification of brain tumors finds the
tumor type such as benign vs malignant categories. Thereby, this study analyzes and reviews the existing research works
in the field of brain tumor detection and classification by categorizing with the Al techniques along with the estimation
of theoretical concepts.

1.2 Objectives

The objectives of the SLR on brain tumor detection and classification framework are given here.

e To comprehensively analyze and compare the existing research works in the field of brain tumor segmentation,
detection and classification by categorizing with the techniques used like machine learning or deep learning techniques,
to revolutionize the biomedical sector.
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e To provide detailed insights into different imaging modalities used for the detection of brain tumor including magnetic
resonance imaging (MRI), and computed tomography (CT) images along with their advantages and disadvantages of the
traditional approaches to promote future directions.

e To estimate the underlying factors of brain tumor segmentation, detection and classification models like datasets,
metrics of performance, chronological analysis, along with the research challenges and gaps in existing models and the
future research directions.

1.2. Research Questions
This research study covered the following research questions.

e What do Artificial intelligence-based approaches demand while examining the multimodal medical images related to
neurology?

e How does the utilization of machine learning and deep learning techniques improve the medical sector in brain image
analysis?

e What are all the categories of datasets, metrics, and tools utilized for the brain tumor image analysis, especially for
brain tumor segmentation, detection and classification, to offer precise and early intervention and treatment options?

1.3. Chronological Analysis
The chronological analysis provides the analysis on the number of collected articles with respect to the year’s distribution.
Figure 1 shows the graphical representation of the chronological analysis of the acquired articles.
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Figure 1: Representation of the number of articles published against years on brain tumor detection and classification
models

1.4. Structure of the Paper

Briefly describe the layout of the paper sections. Section 2 gives the methodology for the article selection. Section 3
provides theoretic review on brain tumor detection and classification. Section 4 provides the conceptual overview on brain
tumor detection and classification methods. Section 5 provides the analysis of an end-to-end deep learning framework for
brain tumor. Section 6 gives the research challenges and gaps in existing models along with the future research directions.
Section 7 provides the conclusion to this SLR.

2. METHODOLOGY

To acquire relevant and conventional literature works, PRISMA approach is applied in this research for meeting the
objectives and formulated research questions. It is a well-described protocol, applied for ensuring a detailed and thorough
analysis.

2.1. Data Sources

To ensure widespread coverage of peer-reviewed and scholarly studies, several digital databases and repositories were
utilized. These include

IEEE Xplore Digital Library
ScienceDirect (Elsevier)
SpringerLink

MDPI Journals

Wiley Online Library

Frontiers Journals

BMC and PLOS Journals

arXiv (Cornell University Repository)
Google Scholar
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2.2. Search Strategy

The keywords such as ("brain tumour" OR "glioma") AND ("detection" OR "classification" OR "segmentation") AND
("MRI" OR "magnetic resonance imaging") ("deep learning" OR "machine learning") AND ("brain tumor") AND
("medical imaging" OR "radiomics") ("transformer" OR "vision transformer" OR "U-Net" OR "UNet++") AND ("MRI
segmentation" OR "brain tumor detection") ("explainable AI" OR "XAI" OR "interpretable model") AND ("brain tumor"
OR "neuroimaging") ("federated learning" OR "transfer learning") AND ("brain MRI" OR "medical image analysis") are
applied to identify relevant studies.

2.3. Selection Criteria

The inclusion and exclusion criteria applied during the study selection process are shown as follows. The studies must be
published in peer-reviewed articles or journals, written in English not older than 2019 are included. Moreover, the older
journals before 2019 are excluded and also written in other languages are also excluded.

2.4. Data Extraction

The data extraction is carried out by PRISMA methodology to extract and summarize data from selected papers. The
flowchart of the PRISMA methodology is given in Figure 2.

2.5. Synthesis Method

The collected articles were systematically analyzed by evaluating and screening several studies from several databases,
ensuring quality and relevance. The duplicate articles are removed and irrelevant records are excluded, and the full-text
articles are eligible for analysis and so, it is estimated by considering the inclusion criteria. Finally, 60 research articles
are synthesized through careful analysis, depicting key AI methodologies, brain tumor detection and classification
approaches.
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Figure 2: Flowchart of PRISMA methodology for article collection

3. Brain Tumor Detection and Classification: Theoretical Review

Existing methods on brain tumor detection and classification models using Al techniques are discussed for detailed
understanding and analysis of DL techniques to learn intrinsic patterns and can acquire crucial imaging features to identify
particular malignancy grades or tumor types. MRI-based brain tumor detection scheme is presented in [1] to detect classes
of brain tumors such as pituitary, meningioma, and gliomas. The YOLOv7 model has precisely identified the existence
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and location of brain tumors and achieved a higher accuracy rate. It is achieved by integrating the Convolutional Block
Attention Module (CBAM) attention scheme for enhancing features and acquiring the more suitable features correlated
with tumors to assist the detection process. ResNet101 coupled with CWAM (ResNet101-CWAM) [3] is proposed for
brain tumor classification to make precise clinical decision making abilities to guide precise patient outcomes and
treatment schemes. MRI image-based brain tumor classification is conducted to classify tumor categories such as pituitary,
no tumor, meningioma, and glioma, with higher classification accuracy. A hybrid approach using VGG16 and an attention
mechanism [4] is proposed for classification of brain tumors, maximizing performance and clinical utility. It has achieved
better diagnostic accuracy and also preserved clinical transparency. It also efficiently handled the mild class imbalance
problem and also reduced overfitting and improved generalization. The brain tumor segmentation process is carried out
in [5] by using Dual-Stream Iterative Transformer UNet (DSIT-UNet) to capture tumor boundaries and enhanced
segmentation robustness by conducting multiscale feature extraction and hierarchical attention strategies. This
segmentation helps in clinical neuroimaging applications especially to the 3D volumetric segmentation process. It
efficiently addressed the balance of precise boundary delineation with region homogeneity. The saliency map visualization
is incorporated for highlighting complicated tumor regions, which also predict clinically suitable features like internal
heterogeneity patterns and tumor boundaries, building trust in medical implementation. "A CNN-VGG16-based hybrid
scheme [9] is presented for brain tumor classification, to enhance diagnostic accuracy and trust in healthcare applications.
An explainable Al (XAI), a method called SHapley Additive exPlanations (SHAP) is utilized for offering pixel-level
attribution of model decisions, with transparent solutions to handle the black box problem, maximizing model robustness
and generalizability. This method is more suitable for differentiating among several neurological diseases. The integration
of Transformers’ self-attention in U-Net called TransUNet [16] is proposed for segmenting brain tumor regions. It has
enhanced the segmentation of small tumors and targets in the Transformer decoder. It is also required to reduce training
costs and improve overall effectiveness, maintaining consistency by integrating the similar hyperparameters like batch
size. Pre-trained and transfer learning models like DenseNetl121, VGG16, ResNet50, InceptionV3, MobileNetV2, and
Xception schemes [17] are applied for classifying brain tumors, reducing computational resources and training time along
with performance maximization on enhanced cancer diagnosis. These architectures have shown their capability for
acquiring intrinsic features and delivering higher accuracy in image classification works. The accurate and timely
decisions are observed to support clinicians in enhancing and automating the diagnosis process. On the other hand, transfer
learning approaches such as EfficientNetV2, InceptionV3, ResNet50, and VGG19 [19] models are applied for identifying
both binary (abnormal and normal) and multiclass outcomes as 17 classes such as Neurocytoma, Meningioma, Glioma,
and other categories of injuries like Cysts and Abscesses. The highly precise classification results were achieved and
acquired superior diagnostic precision, computational demands, and model complexity. It has demonstrated optimal
balance among specificity and sensitivity and so, crucial for clinical applications. ResNet50 is integrated with Grad-CAM
[20] for providing precise and explainable detection of brain tumors. It has detected brain tumors in an efficient and
effective way in training across several imaging environments. ResNet50 has efficiently handled the faster learning of
networks and also tackled the vanishing gradient problem. It has maintained efficacy and mitigated computational
complexity. The generalization capacity and performance of the proposed ResNet50 has ensured better brain tumor
diagnosis model. It has enhanced interpretability influencing decision-making process. A customized CNN [21] is
integrated for extracting significant features from images and the optimized XGBoost is proposed for brain tumor
classification, which makes precise and transparent decision-making process. This hybrid DL-based scheme has shown
precise outcomes for classifying multi-class brain tumors, enhancing the interpretability. Grad-CAM approach is further
applied for visualizing the regions on the predicted model, increasing the reliability of the model. The CNN-based
abnormal tissues are identified by [24] from the brain MRI images and also enhanced the overall efficiency of the
classifying brain tumors. This approach has conducted brain tumor classification to improve accuracy and also handled
the issue of probability of false negatives and false positives.

3.1. Al Techniques used in brain tumor detection
Different Al techniques used for brain tumor segmentation, detection and classification models are listed in Table 1.

Table 1: DL approaches applied for existing brain tumor segmentation, detection and classification models

References Tumor Segmentation Tumor Detection | Tumor Classification
You Only Look

[1] - Once version 7 -
(YOLOV7)

2] : : -

(3] - - ResNet101-CWAM

[4] - - VGG16, an attention mechanism

[5] Dual-Stream Iterative i )

Transformer UNet (DSIT-UNet)
[9] - CNN-VGGl6 -
[16] TransUNet - -
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Xception, MobileNetV2, InceptionV3,

[17] - - ResNet50, VGG16,
and DenseNet121
[25] nnU-Net -
[27] - - Multi-head attention mechanism
[28] - - Residual Vision Transformer (ResViT)
[29] - - CE-EEN-B0 and ResGANet
[30] - - DenseNet169
[32] U-Net - T-InceptionNet

multiple tasking Wasserstein
Generative Adversarial Network

[33] U-shape Network++ (MWG- i )

UNet++)
[34] - - GoogLeNet
[36] 3DUnet and 3DUnet Transformer | - -
[37] no-new-Unet (nn-Unet), and i )

NVIDIA-net (nv-Net)
[38] U-Net-based VGG-19 - -
[39] - - CNN
[40] - - CNN and an optimized ResNet101
[41] - - DenseNet121

Fully Convolutional Neural Network

[45] - - (FCNN) and You Only Look Once

version 5 (YOLOVS)

3.2. Different Imaging Modalities

This section discusses various imaging modalities considered related to this study. MRI images are more crucial to analyze
brain images as they facilitate high-resolution and detailed brain images, highlighting the visualization of tumor
characteristics and morphologies. MRI scans exploit multi-dimensional information such as contrast-enhanced sequences,
T1- and T2-weighted representations offering huge-range of information about internal composition, shape, size and
location insights. These multi-modal imaging data offer a comprehensive imaging of the tumor, facilitating the accurate
detection and classification of brain abnormalities. The utilization of MRI images with deep learning techniques provides
excellent potential to enhance patient care in neuro-oncology and development of reliable and robust approaches for
classification. From the analysis, MRI [1, 3, and 4], Fluid-Attenuated Inversion Recovery (FLAIR) MRI images [5] and
T1-Contrast-Enhanced, & T2-weighted MRI sequences, T1-weighted, and CT scans [27] are commonly applied for brain
tumor diagnosis models.

3.3. Comparative study
The comparative study on advantages and disadvantages related to existing studies on brain tumor diagnostic and
classification approaches are shown in Table 2.

Table 2: Comparative study on existing brain tumor diagnostic models
References | Technique applied Advantages Challenges
» It has improved diagnostic accuracy
(86%) and medical decision-making by
[49] CNN offering explainable and transparent
insights into the model detections,
especially for enhanced patient care.

» It struggles to handle data
imbalance, and is also required to
improve the comprehensibility and
reliability of the acquired results.

» Despite its excellent
performance, it observes the
challenges related to overfitting,

» It has achieved the highest accuracy
of 99.80%, enabling brain tumor
identification and reducing misdiagnosis

Cubic Support
Vector Machine

and weighte . . . > and also missed some irrelevant
52 SVM) and weighted d al issed irrel
. risks owing to the integration of . .
K-Nearest Neighbors .. . features chosen for classification,
optimization algorithms for feature . .
(KNN) L . leading to lower efficiency and
optimization and fusion.
accuracy.
» The hybrid model has efficiently » It may introduce false-positive
ResNet101. and captured both detailed and hierarchical predictions, leading to unnecessary
53 . ’ features from MRI images and enhanced | and unauthorized medical
Xception g
p the accuracy rate for classification, interventions along with
improving consistency across several frightening patient emotions.
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imaging conditions and reducing the
false negative rates.
» It has obtained an accuracy of
o . . .
99.24%, especially while processing > Although the designed web
large scales of 17,136 brain MRI images " .
with four different tumor classes. The application for processing the
[55] CNN with VGG16 . N medical images exhibits higher
created user-friendly web application has .
. . performance, it may lead to false
the potential to upload the images and .
. : negative rates.
predict the real-time tumor cases,
eradicating human errors.
> 1t oobserved e.xcc.ell.ent aceuracy » However, while testing the
(98.22%) by optimizing the smoothness unseen data on the desiened
Region-based CNN level and sharpening in harmony with the ) g .
. . . . model, it observed classification
[56] architecture called imaging spatial features and also o .
. L accuracy of 93.72%, which
Res-BRNet acquired discriminative local features .
. . . restricts the real-world
along with the tackling of vanishing S
- performance and generalizability.
gradient problems.
» It efficiently extracted dynamic
Deep Boosted features for léarnlng 1.ncon51stent and > The more detailed feature
Features and heteromorphic behavior of several L .
[57] . . o space visualization is required to
Ensemble Classifiers | tumors and acquired 99.56% of accuracy estimate the laree-scale dataset
(DBF-EC) rate, increasing classification & ’
performance.
» The ensemble of techniques such as > However, the real-world
DeepSCAN, nnU-Net, and DeepSeg are Lo .
. ) applicability is lacking due to the
applied for precise and automated lack of smaller size and
[58] Ensemble methods segmentation of detection of glioma . .
. . . complicated nature of brain tissue
boundaries in brain medical images, . o . .
. . . . in pediatric patients especially for
revealing high-quality segmentation . .
tumor tissue analysis.
outcomes.
231\1/:22;;2611 Dilated » It has focused on segmenting the » Though it suffers from
Attention tumor regions and also captures long- extracting the smaller percentage
[59] . range dependencies at several scales to of brain tissues along with
Convolutional o . . .
Transformer maximize j[he performance on different sizes and shapes of brain
(GDacFormer) segmentation tasks. tumors.
» The proposed model has extracted
CNN with focal characteristic input information from » It limits the performance due to
[60] cross and self- brain tumors and extracted local and the lack of balance among self-
attention richer semantic information to promote attention learning ability and
transformers the segmentation efficiency in terms of computational complexity.
dice coefficients.

4. Conceptual overview on Brain Tumor Detection and Classification
By analyzing the conventional methods in terms of datasets, performance evaluation measures and experimental settings,
the valuable insights into the development of DL-based brain tumor diagnostic and classification approaches are acquired.
It aims to discover areas, patterns and trends of enhancement in DL approaches for diagnosis. These findings will allow
researchers to make informed decisions regarding brain tumor analysis, especially leading to enhanced patient care and
prognosis.

4.1. Datasets
This section discusses the datasets and sources considered for the analysis. The use and availability of several and well-
formulated datasets considered [12] in the existing brain tumor detection schemes are considered in this study. The quality
of the dataset also plays a crucial role in final design and outcomes achieved by the Al-driven diagnosis models. Table 3

presents some of the datasets considered in the conventional diagnostic approaches.

Table 3: Analysis on the datasets and sources considered for the analysis of classical brain tumor diagnosis models

Citation | Datasets

2] Kaggle datasets like https://www.kaggle.com/datasets/sartajbhuvaji/brain-tumorclassification-
mri, and https://www.kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset

[3] Kaggle MRI dataset (https://www.kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-
dataset)

[25] BraTS 2020 dataset
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[26] Brain Tumor MRI 44c, Brain Tumor MRI 17¢, and Brain Tumor Multimodal CT and
MRI kaggle datasets

[28] Public BraTs 2023, Figshare, and Kaggle datasets

[29] Kaggle dataset

[30] Bangladesh Brain Cancer MRI Dataset

[32] MRI dataset comprising 485 cases

[33] BraTS dataset 2021

[34] Kaggle Brain Tumor MRI Dataset with 7023 images

[37] BraTS 2021 dataset (1251 images)

[38] The Cancer Imaging Archive (TCIA) dataset

[39] https://www .kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset

[40] MRI image dataset from Kaggle (https://www.kaggle.com/datasets/sartajbhuvaji/brain-
tumorclassification-mri)

[41] Figshare, SARTAJ, and Br35H datasets
("https://www kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset")

[45] https://www.kaggle.com/datasets/sartajbhuvaji/brain-tumor-classification-mri

4.2. Performance metrics

This section discusses the performance measures considered for the evaluation. These are crucial tools offering evidence
to the research works in terms of reliability and effectiveness of particular models or algorithms. Every metric has different
functionality, offering deeper insights about their significance and purpose. Table 4 presents the analysis on the different
measures considered in the literature.

Table 4: Performance evaluation measures considered in the literature brain tumor diagnosis models

Measures
Citati . ... | F1- . . . Accuracy
on Accura | Specifici | Sensitivi scor Precisi | Confusion Reca | Miscellane | .0
cy ty ty o on matrix 1l ous
[1] v v v v v v v - 99.5
Area under
the receiver
operating
[3] v - - v v - v characteristi | 99.83%
c (ROC)
curve
(AUC)
[26] v - - v v v v - 97.54%
[28] v - - v v - v - 98%
Error rate,
[29] v - - v v - v and Cohen’s | 99.11%
Kappa score
[30] |V - - v |V - v Jaccard 99.83%
score
[32] v v v v - - - ROC Curve | 93.40%
[33] v - - - - - - - 89.45%
[34] v i i v v ) v Classificatio 94%
n report
Intersection
[38] v - - v v - v over Union | -
(IoU)
[39] v v v v v - - - 94%
[40] v - - v v - v AUC 99%
[41] v - - v v - v ROC 97.30%
[45] v - - v v v v ROC 98.80%

4.3. Experimental settings
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The analysis on the experiment settings is crucial for the design and implementation of brain tumor detection and
classification models. It involves the use of specific tools and libraries for robust visualization, modeling, statistical
analysis and reliable data handling, facilitating future researchers to show the suitable platform. Figure 3 shows the
experimental settings considered in the existing brain tumor detection and classification approaches. These platforms are
mostly considered for the experimentation of brain image analysis, which helps the upcoming researchers.

Experimental settings considered for brain image
analysis

Kaggle Five-fold cross
Notebooks validation
platform 4

B3N

Figure 3: Experimental settings considered in the existing brain tumor diagnosis approaches

5. An End-to-End Deep Learning Framework for Brain Tumor Analysis

The sequential modeling is formulated for brain tumor detection and classification using deep learning involves several
key stages, from initial medical imaging to final clinical interpretation. The process pipeline is given in Figure 4.

The sequential model can be carried out by brain tumor detection through classifying outcomes among non-tumorous and
tumorous brain regions whereas the brain tumor classification is conducted by classifying the tumors into different
categories [31]. Initially, the data acquisition process is conducted by sourcing data from publically available datasets or
collected from medical institutions [35]. Secondly, the pre-processing is carried out to prepare the images for deep learning.
Thirdly, the tumor segmentation process is performed to localize the tumor region mask especially for finding whether a
tumor exists or where it is located. It also analyzes accurate tumor boundaries to isolate the tumor region for better
classification results. Feature extraction is another significant process applied for automatic extraction of significant
features, maximizing final detection/classification efficiency. The performance analysis is conducted by standard
performance evaluation measures such as accuracy, precision, recall, and precision. The final outcomes on tumor detection
or classification are beneficial to integrate the model into real-world adoption.

Input: Medical images Preprocessing
e Skull stripping (bmin extraction)
o e Noise removal (e.g., Gaussian filtering)
acquisition oise removal (e.g.. Gaussian filtering

* Intensity normalization

e Resizing /resampling (to fixed dimensions
like 2242224 or 256<256)

* Data augmentation (rotation, flipping,
contrast shift, ete.)

[

Segmentation (optional-not applicable for
all models)

l

Feature extraction

e U.Net
e U.-Net++

* Tumor morphology

« Shape and texture features
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Tumor detection Tumor classification

e ATDL approaches e ATDL approaches
* Output: e Output:
¥ Tumor ¥ Benign vs Malignant
¥ No Tumor Glioma / Meningioma / Pitaitary tumor

v
¥ High orade vs Low grade glioma
¥ Subiype classification (advanced)

Performance svaluation

|

Clinical
inferprefation ‘deployment

Figure 4: Representation of End-to-End Deep Learning Framework for Brain Tumor Analysis

6. Research Challenges and Future Research Directions

Brain imaging is more useful to visualize functional and structural variations in the brain, resulting from the underlying
pathophysiological abnormalities [42]. Various non-invasive medical imaging approaches are useful in detecting and
prognosis of neuro-logical diseases [43]. The AI/DL-based approaches are applied to analyze and acquire the outcomes
due to the need of labeled and huge-scale datasets for processing [44]. However, unavailability of these multi-modal data
for several neurological diseases is another complication in computer-aided design research especially while processing
smaller datasets and also observed generalizability problems [47]. An additional problem in this domain is the class
imbalance observed in acquired datasets, which also restricts the performance for diverse classes [48]. Moreover, the
selection of suitable DL architecture along with suitable hardware resources with the ability of handling huge scale multi-
dimensional arrays also increases the challenges especially using multi-modal and multi-class medical imaging data [50].
Additionally, the recent performance problems of the Al-aided computer-driven design approaches limit generalizability
and robustness that further hinder the incorporation of such research tools in medical practice [51]. While increasing the
accuracy of Al-driven diagnosis models, the complications of the Al system architectures also exponentially increased
[54]. It results in reducing the explainability and interpretability. Owing to the utilization of several parameters and layers,
DL methodologies have become very large. Despites its promising accuracy in brain tumor diagnosis tasks, their internal
processes are challenging to understand, which turns them into “black boxes”. This lack of transparency will result in
complexity of trusting these models by medical professionals. While considering the real-world clinical settings, the
precise decisions are required as it directly impacts human lives and also it can be disastrous affecting earlier treatments.
Therefore, it is crucial to integrate Explainable Al (XAI) solutions for handling these problems and improving trust along
with the use of Al in making clear and easier decisions for better interpretation for medical experts. In future, the
explainability models must be analyzed to showcase the interpretability and transparency of the brain tumor diagnosis
models. The large scale, different and extensive datasets must be analyzed in future for facilitating them to be more
generalizable across several neurological conditions. In addition, the technology available to a broad range of clinical
experts will use these systems in real-time applications especially towards commercial deployments.

7. CONCLUSION

DL approaches have significantly advanced the field of brain tumor analysis and also consequently improved patient
results. To summarize, the recent applications on Al-driven computer-assisted systems especially on brain tumor diagnosis
models will have huge benefits. Thus, it observes a demand for further research and design on creating more reliable,
comprehensive and diagnostic detection tools for brain tumors. The meticulous analysis of the aspects such as Al
techniques for detection and classification methods, performance measures, experimental settings, and dataset details have
revealed the significance of the existing frameworks and also guide the future research study on reliable analysis. This
review has further offered insights about medical diagnosis models especially on the detection and classification of brain
tumors to assist neurologists for earlier treatment.
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