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Early and accurate detection of brain tumours using Magnetic Resonance Imaging (MRI) is critical for effective treatment and improved patient outcomes. This systematic review investigates the application of hybrid machine learning (ML) and deep learning (DL) models in enhancing the computational efficiency and diagnostic accuracy of brain tumour analysis from MRI images. The study synthesizes recent advances in combining traditional ML models such as Support Vector Machines (SVM) with deep neural networks like VGG-19 and YOLOv10n. A PRISMA-based literature search strategy was employed across major databases, including PubMed, Scopus, and IEEE Xplore, selecting 25 relevant studies published between 2019 and 2024. The review evaluates the performance of standalone and hybrid models using metrics such as Dice Similarity Coefficient (DSC), Intersection over Union (IoU), accuracy, precision, recall, and F1-score. Findings indicate that hybrid models, particularly those combining SVM with CNN-based architectures like VGG-19, demonstrate improved classification accuracy and reduced false positives, outperforming single-model approaches. Lightweight versions such as YOLOv10n offer faster inference times suitable for real-time applications while maintaining competitive accuracy. Despite these advances, challenges remain in model generalizability, lack of large, annotated datasets, and limited adoption of Explainable AI (XAI) for interpretability. This review highlights the potential of hybrid models for brain tumour detection and offers recommendations for future research to focus on scalable, interpretable, and clinically deployable solutions.
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1 Introduction

Clinical imaging is a valuable tool for diagnosing a variety of diseases. In 1895, Roentgen found that X-rays could examine the human body non-invasively, rapidly adopting X-ray radiography as the first diagnostic imaging method (Scatliff and Morris, 2014). Since then, various imaging modalities have been created, like MRI, CT, ultrasound, and positron emission tomography, as well as increasingly complicated imaging methods. Image information is crucial for the decision-making process in patient care, encompassing various stages, such as the identification, characterization, staging, evaluation of treatment response, surveillance of disease recurrence, and the direction of interventional procedures, surgical interventions, and radiation therapy (Einstein et al., 2014).

Incorporating ML and DL approaches into the analysis of clinical images signifies a fundamental change in the healthcare sector, fostering transformative advancements in diagnostics, treatment planning, and overall patient care. The combination of advanced computer methods and medical imaging is changing healthcare by providing new insights and improving efficiency. The application of artificial intelligence to evaluate complicated clinical images, such as CT, MRI, and X-ray scans, provides evidence of this technology potential to enhance precision and streamline decision-making processes (Pugliesi, 2018).

Traditional medical image analysis methods have long relied on manual interpretation by trained professionals, fraught with challenges such as time consumption, subjectivity, and the potential for human error (Dekker, 2017). In stark contrast, ML and DL algorithms have emerged as formidable tools to learn complex patterns and features within medical images. The clinical application of Artificial Intelligence (AI) is not yet a common practice. AI presents potential applications in the future, but some issues must be faced (Alharbi et al., 2023).

The exploration of ML and DL applications in clinical image analysis encompasses a spectrum of activities, like image segmentation, classification, and anomaly detection (Castiglioni et al., 2021). From the early identification of diseases to the customization of treatment strategies, these technologies facilitate a more personalized and precise approach to patient care (Manhas et al., 2022). This comprehensive analysis highlights the technological advancements propelling these innovations and addresses critical considerations such as challenges, ethical implications, and the potential transformative impact on patient outcomes.

As we delve into the intricate details of clinical image analysis, it becomes evident that the fusion of cutting-edge technologies with traditional medical imaging practices is revolutionizing diagnostics and opening new avenues for research and development (Najjar, 2023). The promises, possibilities, and responsibilities associated with harnessing the potential of ML and DL in healthcare are central themes in this dynamic and evolving field. This exploration guides the promises and challenges, emphasizing the transformative function of technologies in influencing the forthcoming landscape of medical care (Aceto et al., 2018).

Although the research in medical image analysis has been increasing, very few have used traditional systems routinely in the clinic (Tumpa and Kabir, 2021). One of the major reasons may be that CAD tools developed with conventional machine learning methods may not have reached the high performance that can meet physicians’ needs to improve both diagnostic accuracy and workflow efficiency (Vankdothu and Hameed, 2022; Virupakshappa and Amarapur, 2020). With the success of deep learning in many machine learning applications such as text and speech recognition, face recognition, autonomous vehicles, chess and Go game, in the past several years, there are high expectations that deep learning will bring breakthrough in CAD performance and widespread use of deep-learning-based CAD, or artificial intelligence (AI), to various tasks in the patient care process. The enthusiasm has spurred numerous studies and publications in CAD using deep learning. This review explores the challenges of developing DL-based CAD systems for clinical imaging and outlines the key requirements for their effective implementation in future clinical practice.


1.1 Research question


	1. What are the different applications of improving the computational efficiency of MRI brain tumour analysis using hybrid machine learning models?

	2. What methods have been employed in the implementation and development of this model?

	3. What is the optimal MRI brain tumour analysis model using a hybrid machine learning approach?





1.2 Significance of the study


	1. This research will support the healthcare sector by allowing medical professionals and researchers to select a suitable diagnostic method for brain tumour cancer, thereby minimizing time and enhancing accuracy.

	2. This investigation will advance knowledge about the application of cancer images in medical clinics.

	3. The application of medical image processing in oncology has markedly enhanced patient outcomes, lowered treatment expenses, and improved the comprehensive standard of care provided to patients.

	4. This study can serve as a foundation for future research in related fields of data science.






2 Literature review

The integration of machine learning (ML), deep learning (DL), and hybrid approaches in medical imaging has transformed the landscape of brain tumour detection. This section thematically organizes and reviews relevant literature across five critical dimensions: general applications of ML and DL in medical imaging, advances in deep learning architectures, hybrid models for brain tumour segmentation and classification, explainable AI (XAI), and challenges in clinical implementation.


2.1 Machine learning and deep learning in medical imaging

ML and DL models have increasingly demonstrated their utility in analyzing clinical images, especially in tasks like segmentation, classification, and anomaly detection. Fatima and Pasha (2017) provided a comparative survey of ML algorithms including Decision Trees (DT), Support Vector Machines (SVM), and K-Nearest Neighbors (KNN), underlining their respective diagnostic strengths and limitations. De Bruijne (2016) traced the application of ML from traditional detection to diagnosis stages in clinical workflows, highlighting the transition from manual to automated decision-making.

Willemink et al. (2020) stressed the importance of robust preprocessing—such as normalization and augmentation—for optimizing ML model performance. Varoquaux and Cheplygina (2022) offered a meta-perspective on methodological challenges and ethical considerations in ML adoption for medical imaging.



2.2 Advances in deep learning architectures

Deep learning models, particularly Convolutional Neural Networks (CNNs), have gained prominence due to their high performance in feature extraction and pattern recognition. Zhou et al. (2023) explored various DL models including CNNs, Recurrent Neural Networks (RNNs), and Generative Adversarial Networks (GANs), revealing their effectiveness in multiple imaging modalities like MRI, CT, and histopathology.

Puttagunta and Ravi (2021) showcased the increasing adaptability of DL in tumor detection, while Xu et al. (2014) proposed a hybrid of CNNs and multiple-instance learning to better handle complex feature spaces. Rashed and Popescu (2023) further emphasized DL’s dominance in classification and segmentation tasks.



2.3 Hybrid models for brain tumour segmentation and detection

The convergence of ML and DL has led to the emergence of hybrid models that exploit the strengths of both paradigms. Vadhnani and Singh (2022) surveyed the use of SVM variants with MRI images, noting high accuracy in segmentation and classification tasks. Hussain et al. (2020) developed a hybrid approach incorporating curvelet transformation, ant colony optimization, and SVM to improve image quality and classification accuracy.

Rasool et al. (2022) proposed a hybrid CNN-based architecture to improve tumour classification, while Shahzadi et al. (2018) used a CNN-LSTM model and reported superior performance with features extracted from VGG-16. Khan et al. (2020) employed a comprehensive method using VGG-16/VGG-19 and extreme learning machines (ELM), attaining an accuracy of 92.5%.

Other hybrid efforts include Hashemzehi et al. (2020), who combined CNN with neural autoregressive distribution estimation (NADE) for enhanced classification, and Sun et al. (2019), who used 3D CNNs for both segmentation and survival rate prediction in glioma patients.



2.4 Explainable AI in brain tumour imaging

For AI models to be clinically acceptable, they must offer transparency in decision-making. Park and Kim (2024) compared various CNN and Transformer architectures, using LIME and SHAP to visualize and explain prediction outputs. Their findings indicate that VGG-16 and ResNet-50, due to their architectural simplicity, produced clearer region-of-interest visualizations than ViT-Base-16.

Narayankar and Baligar (2024) and Mutkule et al. (2023) reviewed several XAI methods such as feature attribution, attention mapping, and rule-based systems. These approaches are gaining traction for their potential to foster clinician trust and regulatory compliance in AI-supported diagnostics.



2.5 Clinical limitations and challenges

Despite technical advancements, the deployment of these models in real clinical environments remains limited. Most studies rely on public datasets like BRATS, which lack diversity in patient demographics and imaging protocols (Senan et al., 2022). Additionally, real-time performance, data imbalance, and lack of annotated data limit model robustness (Liu et al., 2021).

Few studies provide comprehensive evaluations of inference time or hardware efficiency, critical for deployment in low-resource settings. Furthermore, regulatory and ethical issues such as data privacy, bias, and explainability remain under-addressed (Alharbi et al., 2023; Aceto et al., 2018).

This study explores the utilization of ML and DL approaches in medical images, particularly in healthcare imaging. One main ML and two DL techniques with Hybrid model are implemented to achieve this goal. We have analysed a range of papers on this subject, examining the techniques proposed and the obstacles encountered when analysing MRI brain tumours using ML, DL, and hybrid machine learning models. Moreover, the study assesses the strengths and shortcomings of the suggested approach to improving the computational efficiency of MRI brain tumour analysis using hybrid machine learning models, which have not been thoroughly examined before. In recent years, numerous studies have employed ML techniques like RNN, ANN, LSTM, SVR, and many more. This study evaluates the improvement in the computational efficiency of MRI brain tumour analysis using hybrid machine learning models, including SVM, VGG-19, YOLOv10, and the SVM + VGG19 Hybrid model.




3 Methodology

The systematic approach utilized in this review is consistent with the established guidelines specified by Xie et al. (2022) and Rashed and Popescu (2023). To meet the objectives of the survey, specific research questions were developed. A well-defined protocol was strictly followed, guaranteeing a thorough and detailed method for identifying relevant scientific literature.


3.1 Data collection process

Data from the full-text selected papers is called Brain MRI Images for Brain Tumour Detection, as its image data. We extracted the following data: journal, publication year, databases searched, study period, setting/scenario, purpose, intervention type, number of studies, study design, main results, opportunities, and implementation challenges. The dataset was obtained from the Kaggle website.

This methodological framework included the subsequent essential elements:


	1. Definition of Research Questions and Search Queries: Relevant search queries were carefully crafted to align with the research questions and were systematically implemented across suitable research databases. This approach facilitated a comprehensive review of the available scientific literature.

	2. Inclusion and Exclusion Criteria: Clear and well-defined guidelines were set to determine the selection of studies, specifying criteria for inclusion and exclusion. This structured approach ensured the relevance and quality of the chosen research while filtering out studies that did not meet the established standards.

	3. Study Selection Method: A methodical strategy was utilized to choose studies, which included extracting relevant information from each chosen study. This step facilitated the retrieval of valuable insights and data necessary for the subsequent analysis. Furthermore, the dataset is publicly available through multiple repositories such as Kaggle, GitHub, Roboflow, and other platforms.

	4. Analysis of Selected Studies: The chosen research underwent an in-depth evaluation, guaranteeing a thorough assessment of its methodologies, results, and contributions. This systematic method facilitated a detailed comprehension of the current literature.



Following this structured protocol, the review sought to deliver a meticulous, organized, and extensive synthesis of the pertinent scientific literature, providing significant insights into the field of study under consideration.



3.2 Search queries, analysis, and study selection

The search process involved querying multiple academic repositories, including Google Scholar, Papers with Code, ScienceDirect, and Springer. The search queries used included:


	• “Metrics of evaluation for segmenting and detecting medical images”

	• “Uncertainty quantification, segmentation, and detection of medical images”

	• “Hybrid models for segmentation and detection of medical images”

	• “Segmentation and detection of clinical images”

	• “State-of-the-art clinical image segmentation and detection”

	• “DL for segmentation and detection of medical images”



The initial search retrieved over 923 research articles. A systematic screening process was then applied, where articles were evaluated based on their titles and a brief review of their abstracts. Only studies that effectively addressed the research questions were chosen for further analysis, leading to a final selection of 31 articles; 537 were excluded, as shown in Figure 1.
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FIGURE 1
 PRISMA flowchart.




3.3 Inclusion and exclusion criteria

A thorough selection procedure was implemented to guarantee the pertinence and excellence of the studies included. Papers aligned with the defined research objectives and met the specified criteria were included, while those not following the research scope were excluded. This systematic approach maintained the integrity and formal rigor of the study. The Criteria for Inclusion and Exclusion are as follows:

Table 1 presents the inclusion and exclusion criteria applied during the study selection process. Table 1 provides further clarification on what qualifies as a peer-reviewed source. As indicated in Table 1, only peer-reviewed literature such as journal articles, conference papers, and academic book chapters were considered for inclusion.


TABLE 1 Inclusion and exclusion criteria.


	Inclusion criteria
	Exclusion criteria

 

 	Studies were chosen according to the following criteria: they must be published in peer-reviewed journals, articles, or books, written in English, and no older than 2015. 	Studies were excluded if they were written in a language other than English, published before 2015, or failed to address any of the research questions.




 



3.4 Preferred reporting items for systematic reviews and meta-analyses (PRISMA)

Prior to conducting the review, we drafted a written protocol following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) (Page et al., 2021; Stovold et al., 2014). The PRISMA statement includes the checklists, explanation and elaboration, and flow diagram.

The PRISMA flow diagram in Figure 1 outlines the study selection process conducted for this systematic review. Initially, 979 records were identified, 923 through database searches and 56 from other registers. Prior to screening, 402 records were removed, including 201 duplicates, 136 records excluded by automation tools, and 65 removed for different reasons. This left 628 records for title and abstract screening, from which 537 were excluded due to irrelevance or failure to meet the inclusion criteria. Of the remaining 72 reports sought for full-text retrieval, 54 could not be retrieved. Consequently, 49 full-text articles were assessed for eligibility. Among these, 31 were excluded as irrelevant, 16 were excluded for not being systematic reviews, and 2 were excluded due to lack of full-text access. Ultimately, 31 studies met the inclusion criteria and were incorporated into the review, represented by 27 individual reports.



3.5 Quality assessment

Inclusion of quality assessment is a fundamental and critical component of any systematic review process (Salloum, 2018; Salloum et al., 2019; Alhashmi et al., 2019a; Alhashmi et al., 2019b; Alhashmi et al., 2020). This study employed a quality assurance checklist comprising six evaluation questions to assess the methodological rigor of the 31 selected papers, as detailed in Table 2.


TABLE 2 Quality assurance questions.


	Question
	Quality assurance question

 

 	1 	Did the review clearly show the purpose of the research?


 	2 	Is the information presented clear and concise?


 	3 	Does the study provide enough explanation of its methodology?


 	4 	Do the study findings add to the understanding of brain tumor detection models?


 	5 	Are the conclusions clearly identified?


 	6 	Are the conclusions logical and concise with the flow of the paper?




 

Table 2 outlines the quality assurance questions used to evaluate the methodological soundness and clarity of the selected studies. These questions assess key elements such as the clarity of research objectives, the adequacy of methodological explanations, the relevance of findings, and the logical consistency of conclusions. This checklist served as a structured framework to ensure that only studies meeting a minimum standard of academic rigor were included in the review.



3.6 Evaluation metrics for medical image segmentation (MIS)

Accurate evaluation metrics are crucial for ensuring the effectiveness of MIR brain tumour medical image segmentation in diverse clinical applications. These metrics quantify predicted segments’ similarity and corresponding ground truth annotations. Although the field of MIS has introduced a wide variety of metrics over the past three decades, only a select few have proven to be both appropriate and consistently adopted as standard practices.


3.6.1 Accuracy

Accuracy, often called pixel accuracy, is a widely used statistical metric that measures the proportion of accurate predictions and the total number of predictions made. However, using MIS is not recommended because of the problem associated with class imbalance. Since accuracy includes true negatives in its calculation, it can produce deceptively elevated ratings, though a model incorrectly predicts the entire image as the background class (Popovic et al., 2007; Taha and Hanbury, 2015). Consequently, accuracy is deemed an unreliable metric for evaluating MIS models in scientific studies.



3.6.2 Metrics driven F-measure

The F-measure, commonly called the F-score, is an extensively used measurement unit in computer vision and MIS research. By combining sensitivity and precision, it evaluates the intersection between the anticipated corresponding ground truth and segmentation. This metric is particularly effective in addressing the challenges posed by class-imbalanced datasets in MIS, as it penalizes false positives. Based on the F-measure, the Dice Similarity Coefficient (DSC) and Intersection-over-Union (IoU) are among the most popular metrics (Taciuc et al., 2025). Notably, DSC, introduced by Dice (1945), has become a fundamental metric due to its simplicity and effectiveness in managing class imbalances.

While the Dice score is widely adopted for assessing the overlap between predicted and ground truth segmentations, it is primarily a mathematical comparison. It does not fully capture the clinical relevance or quality of the segmentation as perceived by human experts (Weld et al., 2024). In many cases, a high Dice score may not necessarily reflect accurate tumor boundary delineation, especially in regions where clinical precision is critical. Moreover, the Dice score does not account for anatomical plausibility or the clinical consequences of misclassifications. Therefore, relying solely on Dice or similar metrics may present a skewed picture of model performance, particularly when comparing AI models to human radiologists (Vlasceanu et al., 2024). This highlights the need for complementary evaluation methods that incorporate˘ expert assessments, clinical relevance, and real-world applicability.



3.6.3 Specificity and sensitivity

In healthcare, specificity and sensitivity (recall) are key metrics for evaluating model effectiveness. Sensitivity emphasizes the detection of true positives, in the context of precision measures, the accurate recognition of true negatives, for instance, the context class. Although sensitivity is a commonly utilised metric in MIS, it is often less effective than F-score-based metrics for comprehensive evaluation. Specificity, conversely, plays a critical role in assessing the framework’s ability to distinguish the foundational course, ensuring its operational reliability. However, high specificity values may not always reflect the comprehensive efficacy of the model (Liu et al., 2021).




3.7 Impact of class imbalance on assessment metrics

Clinical images often exhibit class imbalances, presenting substantial challenges for image segmentation tasks. Standard metrics like specificity or accuracy, which treat true negatives and positives equally, can produce inflated scores even when any pixel is mistakenly identified as the Region of Interest (ROI). This skews evaluation and renders the metrics inappropriate for assessing the effectiveness of segmentation in MIS. Metrics that focus solely on true positive classifications, disregarding true negatives, provide a more accurate assessment for clinical context. Consequently, metrics such as the Dice Similarity Coefficient (DSC) and Intersection-over-Union (IoU) are widely preferred and suggested in MIS (Liu et al., 2021).




4 Results

This section presents the synthesized findings from 31 selected studies on hybrid machine learning models for brain tumour detection using MRI, with emphasis on performance, model types, and evaluation metrics.


4.1 Performance of hybrid models

Hybrid models, particularly combinations of Support Vector Machines (SVM) with Convolutional Neural Networks (CNNs) such as VGG-19, consistently outperformed traditional and standalone models. These combinations achieved higher accuracy, precision, and recall rates in classification tasks. For instance:

SVM + VGG-19 models exhibited enhanced classification performance, particularly in distinguishing benign from malignant tumours.

YOLOv10n, a lightweight object detection model, achieved near real-time performance with competitive accuracy, making it suitable for resource-constrained clinical settings.



4.2 Evaluation metrics used across studies

The most common metrics used for performance evaluation included:


	Dice Similarity Coefficient (DSC) and Intersection over Union (IoU): Used to evaluate segmentation quality, particularly for handling class imbalance.

	Accuracy, Precision, Recall, F1-score: Standard metrics for classification performance.

	Specificity and Sensitivity: Employed to assess the model’s ability to detect tumour and non-tumour regions accurately.





4.3 Dataset characteristics

Most studies relied on publicly available datasets such as BraTS, Kaggle MRI datasets, and custom institutional collections. However, diversity in patient demographics and imaging protocols was limited, which may affect generalizability.



4.4 Classifications and analysis of studies

A classification framework was developed based on the analysis of all 31 research articles included in the systematic review, with each study evaluated in terms of its relevance to the research questions. Papers were marked accordingly when their primary focus aligned with a particular thematic category. For instance, while many articles briefly referenced various applications of brain tumour detection models, only those that provided an in-depth discussion or explicitly concentrated on a particular application were classified under the category segmentation tasks. Figure 2 illustrates the geographical distribution of the reviewed publications. There has been a growing interest in this area over the past two decades, evidenced by the increasing number of publications since 1990, with most contributions originating from the United States.
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FIGURE 2
 Publication distribution country-wise.




4.5 Clinical applicability and real-world impact

Hybrid machine learning models, particularly combinations such as SVM with VGG-19 or YOLOv10n, demonstrate significant potential for clinical use in brain tumor diagnosis. These models reduce diagnostic time, minimize human error, and improve detection rates compared to traditional manual interpretations of MRI scans. For instance, the SVM + VGG-19 hybrid achieves high accuracy and precision, making it suitable for classification tasks that can assist radiologists in prioritizing cases with suspected malignancy.

Regarding real-world applicability, models like YOLOv10n are particularly notable due to their lightweight architecture, enabling deployment in resource-constrained environments such as rural clinics or mobile diagnostic units. Their real-time processing capabilities can support faster clinical decision-making and potentially reduce time-to-treatment.

However, despite promising results, significant gaps exist in clinical translation. Most studies utilize retrospective data and control experimental conditions that may not represent the variability and complexity found in real clinical workflows. Challenges include variability in MRI protocols across hospitals, lack of large multi-institutional datasets, integration with existing radiology information systems (RIS), and model explainability, a critical factor for adoption by medical professionals.

Moreover, regulatory and ethical considerations, such as the need for transparency in AI decision-making and the risks of algorithmic bias, remain key barriers. Explainable AI (XAI) techniques like LIME and SHAP can improve trust and interpretability but are still underutilized in current implementations. Therefore, while hybrid models offer high technical performance, successful clinical integration demands a focus on reliability, interpretability, interoperability, and compliance with healthcare regulations.



4.6 Comparison with existing studies

To demonstrate the competitiveness of the proposed paper, improving the computational efficiency of MRI brain tumour, a comparison is provided in Table 3 showing results from related recent studies whose experiments were conducted using the same or different methods.


TABLE 3 Existing work related to brain tumours.


	Reference
	Proposed Methods
	Accuracy (%)
	Preprocessing
	Cross-validation
	Split

 

 	
Hussain et al. (2020)
 	NS-CNN + SVM 	95.6 	Yes 	– 	Yes


 	
Leo (2019)
 	VGG-19 CNN 	90.7 	Yes 	– 	Yes


 	
Yafooz et al. (2022)
 	K-NN + GLCM + Fusion Operator 	90.9 	Yes 	Yes 	Yes


 	
Zulpe and Pawar (2012)
 	GLCM + PCA + SVM 	90.0 	Yes 	Yes 	Yes


 	
Lundervold and Lundervold (2019)
 	K-mean + GLCM + k-NN 	85.0 	- 	– 	-


 	
Khawaldeh et al. (2017)
 	Alex-Net CNN 	91.2 	Yes 	– 	Yes


 	
El-Dahshan et al. (2010)
 	PCA + DWT + SVM 	86.67 	Yes 	– 	Yes




 



4.7 Answers to research questions


	• RQ1: What are the various applications of improving the computational efficiency of MRI brain tumor analysis using hybrid machine learning models?



The research was pertinent to improving the computational efficiency of MRI brain tumor analysis utilising hybrid ML models. This question highlights its significance and reflects the extensive interest it garners within the field. The consensus was that improving the computational efficiency of MRI brain tumor analysis utilising hybrid ML models were best used for glioma, meningioma, and pituitary tumors, as suggested by Senan et al. (2022), Babu Vimala et al. (2023), and Rashed and Popescu (2023). In addition, hybrid machine learning models can be used for different cancer models (Babu Vimala et al., 2023; Rasool et al., 2022).


	• RQ2: What methods have been employed in the implementation and development of this model? All 20 papers in the systematic review described various Strategies for the execution and advancement of MRI brain tumor analysis using hybrid ML models. For instance, Senan et al. (2022) outlines three implementation methods: AlexNet and ResNet-18 are used with the SVM.

	• RQ3: What is the optimal MRI brain tumor analysis model using a hybrid machine learning approach?



Most papers (62.5%) discuss SVM's implementation, limitations, and advantages. Specifically, Senan et al. (2022) compared three different approaches and identified the combination of SVM and the hybrid model as the most promising.




5 Discussion

This section interprets the key findings and explores the implications of hybrid ML/DL models for brain tumour detection, structured across major themes such as technical efficacy, clinical relevance, interpretability, and implementation challenges.


5.1 Technical efficacy and diagnostic power

Hybrid models demonstrated superior performance compared to single-method approaches. Integrating traditional ML (e.g., SVM) with DL (e.g., CNNs like VGG-19 or YOLOv10n) enabled:


	• Improved feature extraction and pattern recognition from complex MRI data.

	• Higher resistance to false positives and class imbalance, enhancing diagnostic reliability.

	• Better computational efficiency in real-time environments, especially with models like YOLOv10n.



These benefits are particularly impactful in distinguishing between glioma, meningioma, and pituitary tumours, as reported by Senan et al. (2022) and Rasool et al. (2022).



5.2 Clinical utility and real-world applications

Hybrid models showed promise in accelerating diagnosis, supporting radiologists, and reducing diagnostic errors. Their use is particularly viable in:


	• Triage systems that prioritize high-risk cases.

	• Mobile or rural diagnostic units due to their low computational requirements (e.g., YOLOv10n).

	• Supplementary decision support tools for improving detection sensitivity in early tumour stages.



However, clinical implementation remains limited due to gaps in integration with hospital systems and workflow interoperability.



5.3 Role of explainable AI in adoption

Interpretability remains a significant barrier to clinical acceptance. Few reviewed studies applied Explainable AI (XAI) techniques such as:


	• LIME (Local Interpretable Model-Agnostic Explanations)

	• SHAP (SHapley Additive exPlanations)



Models that incorporated XAI (e.g., VGG-19 + SHAP) produced more transparent decision pathways, allowing radiologists to understand why a tumour was classified as malignant or benign (Park and Kim, 2024).



5.4 Challenges and limitations

Despite promising results, several challenges persist:


	Data Limitations: Most studies used homogeneous datasets with limited variability, reducing generalizability.

	Lack of Standardization: Inconsistent evaluation metrics, training-validation splits, and reporting practices hinder direct model comparison.

	Limited Real-Time Testing: Most models were tested under controlled, retrospective conditions, with few deployed in prospective clinical settings.

	Ethical and Regulatory Concerns: Few studies addressed data privacy, algorithmic bias, or compliance with medical device regulations.





5.5 Priority for the future of research

To enable broader adoption of hybrid models in clinical settings, future work should prioritize:


	• Standardized benchmarks and open annotated datasets for fair comparison.

	• Interdisciplinary collaboration between clinicians, radiologists, and AI researchers.

	• Integration of XAI tools to improve transparency and trust.

	• End-to-end deployment pipelines that include image acquisition, preprocessing, classification, and clinical feedback loops.






6 Conclusion

This review has highlighted hybrid machine learning models’ growing relevance and performance benefits in brain tumour detection from MRI images. By analysing various studies, it becomes evident that combining the strengths of conventional ML models like SVM with deep learning models such as VGG-19 and YOLOv10n significantly enhances classification accuracy, computational efficiency, and robustness. These hybrid systems outperform standalone models by leveraging CNNs’ feature extraction capabilities alongside the decision boundaries offered by traditional classifiers.

Among the evaluated models, the SVM + VGG-19 hybrid demonstrated superior diagnostic performance, while YOLOv10n offered real-time inference benefits for segmentation tasks. Nonetheless, the adoption of such models in clinical environments is limited by challenges including data scarcity, model overfitting on small or homogeneous datasets, and insufficient integration of explainable AI mechanisms for transparency and trustworthiness in decision-making.

This review provides valuable insights into the effectiveness of hybrid ML and DL models in MRI brain tumour detection, offering a structured evaluation of existing methodologies and future research directions. Nevertheless, clinical image analysis, particularly detecting structures within clinical images using computational methods, is a rapidly evolving and growing discipline. Image detection is central to identifying critical regions of interest for diagnosis and treatment planning. Despite significant advancements, challenges remain due to inherent anatomical variations. The emergence of deep neural networks has revolutionized the field, delivering cutting-edge results in medical image detection. However, these methods have limitations, including reliance on deterministic predictions, limited interpretability, and the need for large datasets. In the medical domain, where accuracy and reliability are vital, prediction errors can lead to serious consequences.


6.1 Clinical emphasis

Beyond performance metrics, the true value of hybrid machine learning models lies in their potential to enhance clinical workflows and support timely, accurate diagnosis of brain tumours. This review shows that these models can significantly reduce computational burden and improve diagnostic performance, but also emphasizes that clinical applicability requires more than just algorithmic success.

Future efforts must prioritize developing models that are accurate and generalizable across diverse populations, compatible with clinical systems, and transparent enough to gain the trust of clinicians. Collaborations with healthcare professionals during the model development process and pilot testing in real clinical environments will be essential to ensure usability, safety, and ethical compliance.

Adopting lightweight, explainable, and clinically validated hybrid models can ultimately contribute to earlier diagnosis, personalized treatment planning, and improved patient outcomes, particularly in under-resourced healthcare settings. As such, hybrid models are not just a technical advancement, but a potential catalyst for more equitable and efficient cancer care.



6.2 Future research directions

Future research should prioritize the development of standardized benchmark datasets, the integration of advanced explainable AI (XAI) frameworks such as LIME and SHAP, and the creation of end-to-end pipelines that are both accurate and resource-efficient while maintaining interpretability. In addition, exploring the prospects of hybrid models by incorporating transfer learning and ensemble voting strategies would be highly beneficial. These approaches can enhance model generalizability, robustness, and predictive performance, especially in scenarios with limited annotated medical data.

Moreover, interdisciplinary collaboration between medical professionals and data scientists remains crucial to ensure that developed models meet clinical standards, ethical guidelines, and real-world usability requirements. By focusing on these areas, future work can contribute to advancing intelligent, transparent, and clinically viable solutions for brain tumour detection.




Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

NN: Investigation, Software, Writing – original draft, Visualization, Data curation, Methodology. RN: Methodology, Supervision, Validation, Funding acquisition, Writing – review & editing. J-CN: Funding acquisition, Resources, Validation, Methodology, Writing – review & editing, Supervision. IO: Project administration, Conceptualization, Methodology, Visualization, Validation, Writing – review & editing, Supervision, Resources.



Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This project is sponsored by DSI-NICIS National e-Science Postgraduate Teaching and Training Platform (NEPTTP).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The authors declare that no Gen AI was used in the creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References
	 Aceto,G., Persico,V., and Pescape,A. (2018). The role of information and communication technologies´ in healthcare: taxonomies, perspectives, and challenges. J. Netw. Comput. Appl. 107, 125–154. doi: 10.1016/j.jnca.2018.02.008
	 Alharbi,N. S., Jahanshahi,H., Yao,Q., Bekiros,S., and Moroz,I. (2023). Enhanced classification of heartbeat electrocardiogram signals using a long short-term memory–convolutional neural network ensemble: paving the way for preventive healthcare. Mathematics 11:3942. doi: 10.3390/math11183942
	 Alhashmi,S. F., Alshurideh,M., Al Kurdi,B., and Salloum,S. A. (2020). A systematic review of the factors affecting the artificial intelligence implementation in the health care sector. In Proceedings of the international conference on artificial intelligence and computer vision (AICV2020) (Springer), 37–49.
	 Alhashmi,S. F., Salloum,S. A., and Abdallah,S. (2019a). Critical success factors for implementing artificial intelligence (ai) projects in Dubai government United Arab Emirates (Uae) health sector: applying the extended technology acceptance model (tam). International conference on advanced intelligent systems and informatics (Springer), 393–405.
	 Alhashmi,S. F., Salloum,S. A., and Mhamdi,C. (2019b). Implementing artificial intelligence in the United Arab Emirates healthcare sector: an extended technology acceptance model. Int. J. Inf. Technol. Lang. Stud. 3, 27–42.
	 Babu Vimala,B., Srinivasan,S., Mathivanan,S. K., Mahalakshmi Jayagopal,P., and Dalu,G. T. (2023). Detection and classification of brain tumor using hybrid deep learning models. Sci. Rep. 13:23029. doi: 10.1038/s41598-023-50505-6
	 Castiglioni,I., Rundo,L., Codari,M., Di Leo,G., Salvatore,C., Interlenghi,M., et al. (2021). Ai applications to medical images: from machine learning to deep learning. Phys. Med. 83, 9–24. doi: 10.1016/j.ejmp.2021.02.006 
	 De Bruijne,M. (2016). Machine learning approaches in medical image analysis: From detection to diagnosis. Medical Image Analysis 33, 94–97. doi: 10.1016/j.media.2016.06.032
	 Dekker,S. (2017). The field guide to human error investigations (3rd ed.). Boca Raton, FL & Abingdon, Oxon: Routledge.
	 Dice,L. R. (1945). Measures of the amount of ecologic association between species. Ecology 26, 297–302. doi: 10.2307/1932409
	 Einstein,A. J., Berman,D. S., Min,J. K., Hendel,R. C., Gerber,T. C., Carr,J. J., et al. (2014). Patientcentered imaging: shared decision making for cardiac imaging procedures with exposure to ionizing radiation. J. Am. Coll. Cardiol. 63, 1480–1489. doi: 10.1016/j.jacc.2013.10.092 
	 El-Dahshan,E.-S. A., Hosny,T., and Salem,A.-B. M. (2010). Hybrid intelligent techniques for MRI brain images classification. Digit. Signal Process. 20, 433–441. doi: 10.1016/j.dsp.2009.07.002
	 Fatima,M., and Pasha,M. (2017). Survey of machine learning algorithms for disease diagnostic. J. Intell. Learn. Syst. Appl. 9, 1–16. doi: 10.4236/jilsa.2017.91001
	 Hashemzehi,R., Mahdavi,S. J. S., Kheirabadi,M., and Kamel,S. R. (2020). Detection of brain tumors from MRI images base on deep learning using hybrid model CNN and NADE. Biocybern. Biomed. Eng. 40, 1225–1232. doi: 10.1016/j.bbe.2020.06.001
	 Hussain,U. N., Khan,M. A., Lali,I. U., Javed,K., Ashraf,I., Tariq,J., et al. (2020). A unified design of ACO and skewness based brain tumor segmentation and classification from MRI scans. J. Control Eng. Appl. Inf. 22, 43–55.
	 Khan,M.A., Ashraf,I., Alhaisoni,M., Damaševičius,R., Scherer,R., Rehman,A., et al. (2020).ˇ Multimodal brain tumor classification using deep learning and robust feature selection: a machine learning application for radiologists. Diagnostics 10:565, doi: 10.3390/diagnostics10080565 
	 Khawaldeh,S., Pervaiz,U., Rafiq,A., and Alkhawaldeh,R. S. (2017). Noninvasive grading of glioma tumor using magnetic resonance imaging with convolutional neural networks. Appl. Sci. 8:27. doi: 10.3390/app8010027
	 Leo,M. J. (2019). MRI brain image segmentation and detection using K-NN classification. In Journal of Physics: Conference Series (IOP Publishing), 1362, 012073
	 Liu,X., Song,L., Liu,S., and Zhang,Y. (2021). A review of deep-learning-based medical image segmentation methods. Sustainability 13:1224. doi: 10.3390/su13031224
	 Lundervold,A. S., and Lundervold,A. (2019). An overview of deep learning in medical imaging focusing on MRI. Z. Med. Phys. 29, 102–127. doi: 10.1016/j.zemedi.2018.11.002 
	 Manhas,J., Gupta,R. K., and Roy,P. P. (2022). A review on automated cancer detection in medical images using machine learning and deep learning based computational techniques: challenges and opportunities. Arch. Comput. Methods Eng. 29, 2893–2933. doi: 10.1007/s11831-021-09676-6
	 Mutkule,P. R., Sable,N. P., Mahalle,P. N., and Shinde,G. R. (2023). Predictive analytics algorithm for early prevention of brain tumor using explainable artificial intelli-gence (xai): a systematic review of the state-of-the-art. Industry 4.0 convergence with AI, IoT, big data and cloud computing: Fundamentals, challenges and applications, 69
	 Najjar,R. (2023). Redefining radiology: a review of artificial intelligence integration in medical imaging. Diagnostics 13:2760. doi: 10.3390/diagnostics13172760 
	 Narayankar,P, and Baligar,V. P. (2024) Explainability of brain tumor classification based on region 2024 International conference on emerging Technologies in Computer Science for interdisciplinary applications (ICETCS) (IEEE), 1–6
	 Page,M. J., McKenzie,J. E., Bossuyt,P. M., Boutron,I., Hoffmann,T. C., Mulrow,C. D., et al. (2021). The prisma 2020 statement: an updated guideline for reporting systematic reviews. BMJ 372:n71. doi: 10.1136/bmj.n71 
	 Park,S., and Kim,J. (2024). Explainability of deep neural networks for brain tumor detection. arXiv preprint. arXiv:2410.07613.
	 Popovic,A., De la Fuente,M., Engelhardt,M., and Radermacher,K. (2007). Statistical validation metric for accuracy assessment in medical image segmentation. Int. J. Comput. Assist. Radiol. Surg. 2, 169–181. doi: 10.1007/s11548-007-0125-1
	 Pugliesi,R. A. (2018). The synergy of artificial intelligence and augmented reality for real-time decision-making in emergency radiology. Int. J. Intell. Autom. Comput. 1, 21–32. doi: 10.35880/ijiac.v1i1.27
	 Puttagunta,M., and Ravi,S. (2021). Medical image analysis based on deep learning approach. Multimed. Tools Appl. 80, 24365–24398. doi: 10.1007/s11042-021-10707-4 
	 Rashed,B. M., and Popescu,N. (2023). Performance investigation for medical image evaluation and diagnosis using machine-learning and deep-learning techniques. Computation 11:63. doi: 10.3390/computation11030063
	 Rasool,M., Ismail,N. A., Boulila,W., Ammar,A., Samma,H., Yafooz,W. M., et al. (2022). A hybrid deep learning model for brain tumour classification. Entropy 24:799. doi: 10.3390/e24060799 
	 Salloum,S. A. S. (2018). Investigating students’ acceptance of e-learning system in higher educational environments in the UAE: applying the extended technology acceptance model (TAM). (Master’s thesis). Dubai, United Arab Emirates: The British University in Dubai.
	 Salloum,S. A., Alhamad,A. Q. M., Al-Emran,M., Monem,A. A., and Shaalan,K. (2019). Exploring students’ acceptance of e-learning through the development of a comprehensive technology acceptance model. IEEE Access 7, 128445–128462. doi: 10.1109/ACCESS.2019.2939467
	 Scatliff,J. H., and Morris,P. J. (2014). From roentgen to magnetic resonance imaging: the history of medical imaging. N. C. Med. J. 75, 111–113. doi: 10.18043/ncm.75.2.111 
	 Senan,E. M., Jadhav,M. E., Rassem,T. H., Aljaloud,A. S., Mohammed,B. A., and Al-Mekhlafi,Z. G. (2022). Early diagnosis of brain tumour MRI images using hybrid techniques between deep and machine learning. Comput. Math. Methods Med. 2022:8330833. doi: 10.1155/2022/8330833
	 Shahzadi,I., Tang,T. B., Meriadeau,F., and Quyyum,A. (2018). Cnn-lstm: cascaded framework for brain tumour classification. In 2018 IEEE-EMBS conference on biomedical engineering and sciences (IECBES) (IEEE), 633–637
	 Stovold,E., Beecher,D., Foxlee,R., and Noel-Storr,A. (2014). Study flow diagrams in cochrane systematic review updates: an adapted prisma flow diagram. Syst. Rev. 3, 1–5. doi: 10.1186/2046-4053-3-54 
	 Sun,L., Zhang,S., Chen,H., and Luo,L. (2019). Brain tumor segmentation and survival prediction using multimodal mri scans with deep learning. Front. Neurosci. 13:810. doi: 10.3389/fnins.2019.00810 
	 Taciuc,I.-A., Dumitru,M., Marinescu,A., Serboiu,C., Musat,G., Gherghe,M., et al. (2025). Enhancing malignant lymph node detection in ultrasound imaging: a comparison between the artificial intelligence accuracy, dice similarity coefficient and intersection over union. J. Mind Med. Sci. 12:29. doi: 10.3390/jmms12010029
	 Taha,A. A., and Hanbury,A. (2015). Metrics for evaluating 3d medical image segmentation: analysis, selection, and tool. BMC Med. Imaging 15, 1–28. doi: 10.1186/s12880-015-0068-x 
	 Tumpa,P. P., and Kabir,M. A. (2021). An artificial neural network based detection and classification of melanoma skin cancer using hybrid texture features. Sensors Int. 2:100128. doi: 10.1016/j.sintl.2021.100128
	 Vadhnani,S., and Singh,N. (2022). Brain tumor segmentation and classification in MRI using SVM and its variants: a survey. Multimed. Tools Appl. 81, 31631–31656. doi: 10.1007/s11042-022-12240-4
	 Vankdothu,R., and Hameed,M. A. (2022). Brain tumor segmentation of mr images using svm and fuzzy classifier in machine learning. Meas. Sens. 24:100440. doi: 10.1016/j.measen.2022.100440
	 Varoquaux,G., and Cheplygina,V. (2022). Machine learning for medical imaging: methodological failures and recommendations for the future. NPJ Digit. Med. 5:48. doi: 10.1038/s41746-022-00592-y 
	 Virupakshappa, and Amarapur,B. (2020). Computer-aided diagnosis applied to mri images of brain tumor using cognition based modified level set and optimized ann classifier. Multimed. Tools Appl. 79, 3571–3599. doi: 10.1007/s11042-019-08273-5
	 Vlasceanu,G. V., Tarb˘a,N., Voncil˘a,M. L., and Boiangiu,C. A. (2024). Selecting the right metric: a detailed study on image segmentation evaluation. Brain. Broad Res. Artif. Intell. Neurosci. 15, 295–318.
	 Weld,A., Dixon,L., Anichini,G., Patel,N., Nimer,A., Dyck,M., et al. (2024). Challenges with segmenting intraoperative ultrasound for brain tumours. Acta Neurochir. 166:317. doi: 10.1007/s00701-024-06179-8 
	 Willemink,M. J., Koszek,W. A., Hardell,C., Wu,J., Fleischmann,D., Harvey,H., et al. (2020). Preparing medical imaging data for machine learning. Radiology 295, 4–15. doi: 10.1148/radiol.2020192224 
	 Xie,Y., Zaccagna,F., Rundo,L., Testa,C., Agati,R., Lodi,R., et al. (2022). Convolutional neural network techniques for brain tumor classification (from 2015 to 2022): review, challenges, and future perspectives. Diagnostics 12:1850. doi: 10.3390/diagnostics12081850 
	 Xu,Y., Mo,T., Feng,Q., Zhong,P., Lai,M., Eric,I., et al. (2014). Deep learning of feature representation with multiple instance learning for medical image analysis. In 2014 IEEE international conference on acoustics, speech and signal processing (ICASSP) (IEEE), 1626–1630.
	 Yafooz,W., Alsaeedi,A., Alluhaibi,R., and Abdel-Hamid,M. E. (2022). Enhancing multi-class web video categorization model using machine and deep learning approaches. Int. J. Electr. Comput. Eng. 12, 3176–3185. doi: 10.11591/ijece.v12i3.pp3176-3185
	 Zhou,S. K., Greenspan,H., and Shen,D. (2023). Deep learning for medical image analysis. Cambridge, MA, United States: Academic Press.
	 Zulpe,N., and Pawar,V. (2012). GLCM textural features for brain tumor classification. Int. J. Comput. Sci. Issues. 9, 354–359.


Copyright
 © 2025 Netshamutshedzi, Netshikweta, Ndogmo and Obagbuwa. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		A systematic review of the hybrid machine learning models for brain tumour segmentation and detection in medical images



		1 Introduction



		1.1 Research question



		1.2 Significance of the study









		2 Literature review



		2.1 Machine learning and deep learning in medical imaging



		2.2 Advances in deep learning architectures



		2.3 Hybrid models for brain tumour segmentation and detection



		2.4 Explainable AI in brain tumour imaging



		2.5 Clinical limitations and challenges









		3 Methodology



		3.1 Data collection process



		3.2 Search queries, analysis, and study selection



		3.3 Inclusion and exclusion criteria



		3.4 Preferred reporting items for systematic reviews and meta-analyses (PRISMA)



		3.5 Quality assessment



		3.6 Evaluation metrics for medical image segmentation (MIS)



		3.6.1 Accuracy



		3.6.2 Metrics driven F-measure



		3.6.3 Specificity and sensitivity









		3.7 Impact of class imbalance on assessment metrics









		4 Results



		4.1 Performance of hybrid models



		4.2 Evaluation metrics used across studies



		4.3 Dataset characteristics



		4.4 Classifications and analysis of studies



		4.5 Clinical applicability and real-world impact



		4.6 Comparison with existing studies



		4.7 Answers to research questions









		5 Discussion



		5.1 Technical efficacy and diagnostic power



		5.2 Clinical utility and real-world applications



		5.3 Role of explainable AI in adoption



		5.4 Challenges and limitations



		5.5 Priority for the future of research









		6 Conclusion



		6.1 Clinical emphasis



		6.2 Future research directions









		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Generative AI statement



		Publisher’s note



		References



















OPS/images/frai-08-1615550-g001.jpg
Records identified from™:
Databases (n = 923)
Registers (n = 56)

Records removed before
screening:
Duplicate records removed
(n=201)
Records marked as ineligible
by automation tools (n = 136)
Records removed for other
reasons (n = 65)

l

Records screened

Records excluded**
(n=537)

(n=628)

Reports sought for retrieval

Reports not retrieved

(n=72) (n =54)
Reports assessed for eligibili
(n =49) ooty Reports excluded:

Not relevant (n = 31)

Not a systematic review (n =
16)

Full-text not available (n = 2)

Studies included in review
(n=31)

Reports of included studies
(n=27)






OPS/images/frai-08-1615550-g002.jpg
6
5
4
g
2
1
0

2, z
%,
« 4 &
3
%
“y
&v*
%,
%, %
°
viw‘





OPS/images/cover.jpg
& frontiers  Frontiers in Artificial Intelligence

A systematic review of the hybrid
machine learning models for
brain tumour segmentation and
detection in medical images












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
’ frontiers Frontiers in Artificial Intelligence






