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Abstract
This systematic review evaluates the efficacy and diagnostic performance of deep learning algorithms for detecting brain tumors 
from computed tomography (CT) data. To assess the diagnostic performance of convolutional neural network (CNN)-based 
models, a descriptive analysis of metrics such as accuracy, specificity, and precision was conducted. Results from nine recent 
studies demonstrated high diagnostic performance for deep learning methods. Most models achieved accuracy, precision, and 
specificity exceeding 95% in the differential diagnosis of neoplastic versus non-neoplastic lesions on imaging. These findings 
highlight the potential of CNNs to facilitate the early diagnosis of brain tumors, particularly in emergency settings where CT 
serves as the first-line imaging modality.
The analyzed studies employed a wide range of CNN architectures—from pre-trained models to custom-designed networks—
yielding consistent and reliable results. However, several limitations were identified, including small sample sizes, reliance on 
retrospective data, insufficient external validation, and variations in approaches to interpreting results. Despite these limitations, 
the consistency of findings across independent studies confirms the reliability and practical potential of CNN-based methods for 
brain tumor detection in CT imaging. Future research should focus on prospective study designs, larger multicenter datasets, 
standardized reporting, and enhanced model interpretability to ensure safe and effective integration into clinical practice.
(International Journal of Biomedicine. 2026;16(3):306-313.)
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Introduction
Brain tumors represent a major global health challenge 

due to high morbidity and mortality rates.1 A lack of timely 
diagnosis and treatment for these neoplasms can lead to severe 
neurological impairment and death. Consequently, diagnostic 
accuracy and timeliness play a pivotal role in determining 
patient prognosis and survival. Recent studies indicate that 
only about 35.6% of adult patients diagnosed with a malignant 

central nervous system tumor survive beyond the five-year 
mark.2 Such statistics underscore the urgent need to develop 
methods for early and reliable diagnosis.

Clinical evidence consistently demonstrates that early 
detection and timely intervention significantly improve 
patient outcomes. For instance, in cases of glioblastoma 
multiforme—one of the most aggressive primary brain 
tumors—diagnosis within two weeks of symptom onset is 
associated with significantly higher survival rates compared to 
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cases involving delayed diagnosis.3 However, early diagnosis 
is challenging because brain tumors often present with 
nonspecific neurological symptoms common to a wide range 
of other conditions.

The diagnostic process is further complicated by the 
need to differentiate suspected brain tumors from numerous 
other conditions. Imaging findings and clinical presentations 
can mimic metastatic lesions, inflammatory processes, 
vascular anomalies, or other non-neoplastic neurological 
disorders.4 Conversely, some brain neoplasms may lack the 
classic signs of a space-occupying lesion, making it difficult 
to distinguish them from benign processes during both 
imaging and histopathological examination.5 These challenges 
highlight the need for reliable diagnostic tools to support 
clinical decision-making.

Medical imaging techniques play a pivotal role in the 
diagnosis and management of patients with brain tumors. 
Advances in computed tomography (CT) and magnetic 
resonance imaging (MRI), alongside the development of 
specialized imaging modalities, have significantly enhanced 
the ability to detect and characterize pathological lesions.6 

CT remains a first-line imaging modality in many clinical 
scenarios—particularly in emergency medicine—due to its 
rapid image acquisition, widespread availability, and cost-
effectiveness. Despite these advantages, CT has several 
known limitations. Compared to MRI, CT offers lower 
soft-tissue contrast, and artifacts caused by the “beam 
hardening” effect as radiation passes through the skull can 
obscure subtle pathological changes. Furthermore, the use of 
ionizing radiation and limited spatial resolution reduces the 
method’s diagnostic sensitivity, especially when detecting 
small or isodense lesions. Such limitations can lead to 
missed pathologies and significant inter-observer variability 
among radiologists, particularly under high workloads. 
To address these issues, the potential of computer-aided 
detection (CAD) systems as an assistive tool for reviewing 
imaging results is being investigated. Early CAD methods 
relied heavily on manually extracted image features, such as 
intensity distribution, texture descriptors, and morphological 
characteristics. However, these methods often lacked 
robustness and generalizability, limiting their diagnostic 
efficacy and potential for clinical implementation.7 

In recent years, artificial intelligence, particularly deep 
learning, has emerged as a powerful tool, fundamentally 
transforming approaches to medical image analysis. Deep 
convolutional neural networks (CNNs) can automatically 
learn to extract complex hierarchical features directly 
from raw imaging data, eliminating the need for manual 
feature engineering. Consequently, CNN-based models 
have demonstrated state-of-the-art performance across a 
wide range of radiological tasks, including the detection, 
classification, and segmentation of pathological lesions. In 
the field of neuroimaging, several studies have demonstrated 
the high diagnostic accuracy of CNN models for analyzing 
CT data; some achieved accuracy rates of approximately 
96%, with similarly high sensitivity and specificity.6 These 
findings suggest that deep learning methods can complement 
radiologists’ expertise, reduce diagnostic variability, and 

enhance clinical efficiency.8 Furthermore, recent efforts 
have focused on developing lightweight, computationally 
efficient CNN architectures that enable real-time analysis 
and deployment in clinical settings with limited computing 
resources, further underscoring the potential of AI for CT 
image interpretation.

Despite these promising results, the existing body 
of evidence on deep learning for brain tumor detection in 
CT images remains fragmented. Existing reviews in neuro-
oncology primarily focus on MRI analysis methods, whereas 
systematic summaries of data specifically concerning computed 
tomography are relatively scarce.9 Moreover, individual 
studies vary significantly in terms of the CNN architectures 
employed, training strategies, dataset composition, and 
evaluation metrics. Such methodological heterogeneity 
complicates direct comparisons of results and limits the ability 
to draw clinically relevant, actionable conclusions about the 
efficacy and reliability of deep learning models for CT data 
analysis.10

Concurrently, promising approaches such as secure 
federated deep learning, implemented on high-performance 
computing (HPC) infrastructure, are attracting increasing 
attention. These are considered scalable solutions that ensure 
privacy during collaborative analysis of medical images. 
Federated learning enables multiple medical institutions to 
jointly train deep learning models without exchanging raw 
patient data, thereby addressing critical issues related to data 
protection and regulatory compliance. When combined with 
secure aggregation methods and HPC resources, federated 
approaches have demonstrated high efficacy and strong 
generalization capabilities in classifying brain tumors using 
MRI data from heterogeneous sources.11 These advances 
underscore the growing importance of computational 
efficiency, data diversity, and privacy preservation in 
modern medical imaging research. Although most federated 
learning applications have been investigated in the context of 
brain tumor analysis using MRI data, these approaches are 
becoming increasingly relevant for CT as well—particularly 
in emergency care settings and multicenter studies, where 
data-sharing restrictions, variations in scanner characteristics, 
and the need for rapid system deployment pose significant 
challenges.

The accurate classification of brain tumors is a critical 
task in medical imaging, directly influencing diagnosis, 
treatment planning, and patient survival. Early detection 
not only improves clinical outcomes but also facilitates the 
development of more effective and targeted therapeutic 
strategies.12 More broadly, machine learning methods—a 
key field of artificial intelligence that employs probabilistic 
approaches and optimization algorithms to extract meaningful 
patterns from vast, complex datasets—drive progress across 
various stages of patient management in neuro-oncology, 
including diagnosis, prognosis, and the monitoring of 
treatment efficacy.13,14

In this context, a comprehensive and targeted analysis 
of existing scientific data is essential. This systematic review 
aimed to evaluate the performance of deep learning algorithms 
in detecting brain tumors using computed tomography (CT) 
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data. By systematically synthesizing performance metrics 
such as accuracy, specificity, and precision, the study assessed 
the diagnostic value, reliability, and limitations of CNN- based 
models. Furthermore, the review sought to identify common 
methodological approaches, persistent challenges, and research 
gaps that may affect model reproducibility and generalizability, 
and to assess their potential for implementation in clinical 
practice across various medical institutions.

Methodology 
Information Sources and Search Strategy

A comprehensive systematic search was conducted 
across electronic databases, including PubMed, Scopus, 
and Google Scholar, to identify relevant studies. The search 
employed combinations of keywords and MeSH terms, such 
as “deep learning,” “convolutional neural network,” “brain 
tumor,” and “CT imaging,” along with Boolean operators to 
ensure a comprehensive selection. The search was limited to 
English-language, peer-reviewed articles published between 
2017 and 2024.

All retrieved records were uploaded to the Rayyan 
QCRI platform, a web-based tool designed to facilitate the 
study selection phase of a systematic review. Duplicates were 
removed automatically, then manually verified. This review 
was conducted and reported in accordance with the PRISMA-
DTA guidelines for diagnostic test accuracy studies.
Study Selection Process

Two researchers independently assessed the titles and 
abstracts against the established inclusion criteria. Full-text 
articles were obtained for all potentially eligible studies and 
were also independently evaluated by the same researchers. 
Disagreements were resolved through discussion; if consensus 
was not reached, a third researcher was brought in. The study 
selection process and reasons for exclusion at each stage are 
presented in the PRISMA flow diagram (Figure 1).

The review included peer-reviewed original research 
articles involving human subjects that employed deep learning 
CNNs to detect or classify brain tumors using CT imaging data 
and reported quantitative metrics of diagnostic performance 
(accuracy, sensitivity, specificity, or precision). Only full-text 
journal articles in English were considered.

Studies based exclusively on MRI or other imaging 
modalities (other than CT) were excluded, as were review 
articles, editorials, conference abstracts, case reports, animal 
studies, and studies using phantoms. Additionally, studies 
lacking sufficient methodological detail or key quantitative 
performance metrics (e.g., unclear descriptions of the CNN 
methodology or insufficient data on diagnostic accuracy) were 
excluded. All inclusion and exclusion criteria were defined 
a priori and applied consistently throughout the selection 
process.
Rationale for Quantitative Synthesis Approach

Due to the significant heterogeneity in CNN 
architectures, dataset characteristics, validation strategies, 
and reporting methods for results—as well as the incomplete 
reporting of variability measures and confidence intervals 
in primary studies—conducting a formal meta-analysis to 
estimate pooled effect sizes was not feasible. Consequently, 
the synthesis of results was conducted using a structured, 
descriptive, and comparative quantitative approach, in 
accordance with the PRISMA-DTA guidelines for diagnostic 
test accuracy reviews, which do not allow statistical pooling 
of data.

This systematic review was not registered with 
PROSPERO.

The PRISMA flow diagram illustrates the study 
screening and inclusion process: identification of records, 
removal of duplicates, screening of records by title and 
abstract, assessment of full-text versions against eligibility 
criteria, and the final list of included studies.

All titles and abstracts of identified records were screened 
for inclusion in the review. Two researchers independently 
evaluated each record based on predefined selection criteria.  
Following the removal of duplicates, titles and abstracts of all 
remaining records were screened, and full-text articles were 
retrieved for potentially eligible studies. Subsequently, the full 
texts were evaluated in detail against inclusion and exclusion 
criteria. The number of studies included and excluded at each 
stage is shown in Figure 1, prepared in accordance with standard 
PRISMA methodology.

This systematic review was conducted and reported in 
accordance with the PRISMA-DTA guidelines for diagnostic 
test accuracy studies.
Data Extraction

Data extraction was performed independently by 
two researchers using a standardized and pilot-tested data 
extraction form. Extracted information included study 
identifiers (authors, publication year, country), study design 
characteristics (sample size and study population), details on 
CNN models (architecture and training data), and performance 
metrics such as accuracy, specificity, precision, and the area 
under the ROC curve (AUC). Where available, data on 
validation strategies (e.g., internal or external) and dataset 

Figure 1. Study selection.
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characteristics were also collected, as these are essential for 
interpreting model performance and subsequently assessing 
the risk of bias.

All extracted data were organized in Microsoft Excel 
tables to facilitate comparison and synthesis. Disagreements 
between researchers were resolved through discussion and 
consensus. To ensure transparency and reproducibility, the 
complete data extraction table and supplementary materials 
are available from the corresponding author upon reasonable 
request.
Risk of Bias Assessment

Figure 2 presents a summary of the risk-of-bias 
assessment for all studies included in the review. The bar chart 
illustrates the proportion of studies with low, high, or unclear 
risk of bias across each methodological domain. Overall, most 
studies showed a low risk of bias, particularly in the domains 
of outcome measurement and model performance assessment, 
indicating consistently high methodological quality. However, 
some studies exhibited an unclear or elevated risk of bias 
in domains related to patient selection and the handling of 
confounding factors, reflecting variations in study design and 
data reporting practices. The assessment was conducted in 
accordance with established guidelines for systematic reviews 
of diagnostic accuracy studies.

The risk of bias for each included study was assessed 
across specific domains using the QUADAS-2 tool, which 
is widely recommended for systematic reviews of diagnostic 
accuracy studies. Four key domains were evaluated: patient 
selection, the index test (CNN-based CT model), the reference 
standard, and flow and timing. The risk of bias in each domain 
was classified as low, high, or unclear based on predefined 
criteria, including the clarity of the inclusion criteria, the 
adequacy of the dataset and population descriptions, the 
validity of outcome labeling, the correctness of the analytical 
methods, and the consideration of potential confounding 
factors.

Figure 2 presents the distribution of studies across risk 
categories for each domain. The color-coded visualization 
reflects the overall consistency of methodological quality 

across the included CNN-based CT studies. As shown in 
Figure 2, a low risk of bias predominated across most domains, 
particularly regarding outcome assessment and model quality 
evaluation, thereby increasing confidence in the reported 
diagnostic performance. Moderate concerns arose primarily 
from potential confounding factors, including variations in 
dataset size, class imbalance, and differences in validation 
strategies. These methodological aspects were taken into 
account when interpreting the findings, enabling a balanced 
and cautious assessment of the evidence base while avoiding 
overestimating numerical performance metrics.

To assess the robustness of the findings, a sensitivity 
analysis was conducted to evaluate the impact of excluding 
studies with a high risk of bias based on one or more critical 
criteria. Excluding such studies did not substantially alter the 
overall pattern of diagnostic performance observed in the 
remaining studies, indicating that the main conclusions were 
not driven by studies with higher methodological risk.

Risk of bias assessments were conducted using the 
QUADAS-2 framework, with results summarized and 
visualized using standard spreadsheet software. Findings from 
the risk of bias evaluation were considered in the descriptive 
synthesis of results, particularly when comparing studies 
with differing methodological characteristics. Domains 
demonstrating higher or unclear risk of bias, especially 
those related to data selection and confounding control, were 
recognized as potential sources of variability across studies. 
ChatGPT by OpenAI was used to enhance figure presentation. 
The authors independently verified all scientific information 
and approved the final version of the manuscript.

The methodological quality of each included study was 
independently assessed by two experts using established risk of 
bias criteria adapted for diagnostic accuracy research. Aspects 
such as patient selection, image acquisition and interpretation, 
outcome measurement, and data transparency were evaluated. 
The risk of bias in each category was classified as low, high, or 
unclear in accordance with published guidelines; disagreements 
were resolved through discussion. An overall assessment of 
study quality was conducted using a cautious approach, placing 
greater weight on aspects most critical to diagnostic validity.

Results
Table 1 presents pre-trained CNN architectures, including 

ResNet-50, EfficientNet-B0, MobileNet-V1, VGG-16, and 
GoogLeNet. Accuracy metrics ranged from approximately 
94% to 99%, with the highest values ​​observed in studies 
utilizing EfficientNet-B0, ensemble models (combinations 
of multiple architectures), and 3D CNNs with data fusion. 
Custom-designed CNN architectures also demonstrated high 
diagnostic accuracy, particularly when employing optimization 
strategies or modules based on expert knowledge. Sensitivity 
values were inconsistently reported across the included 
studies, and information on sample size and validation type 
was frequently unavailable or limited to internal validation 
only. Overall, the results indicate high diagnostic performance 
across various CNN-based approaches, alongside diverse 
model designs and data representation methods (Figures 3-5).

          Figure 2. Risk of bias assessment.
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Study (First Author, Year) CNN Architecture Specificity, % Accuracy, % Precision, %

Woźniak et al., 2023 [17] Custom 8-layer CNN + CLM support 96.00 95.00 95.00

Anjum et al., 2022 [20] ResNet-50 (transfer learning) 96.00 94.00 96.00

ARI et al., 2018 [31] EfficientNet-B0 (transfer learning) 97.12 97.18 96.80

Moe et al., 2019 [30] MobileNet-V1 (transfer learning) 97.00 97.00 97.00

Mahmud et al., 2023 [19] Custom CNN (hyperparameter tuned) 97.00 93.30 90.00

Negm et al., 2023 [18] VGG-16 + ResNet (ensemble) 98.74 98.45 97.93

Mehrotra et al., 2020 [25] GoogLeNet (transfer learning) 99.29 99.04 99.30

Rao et al., 2019 [24] Custom CNN + knowledge module 94 .00 93 88.00

Almadhoun et al., 2022 [32] 3D CNN + data fusion 99.00 99.88 99.00

Table 1. 
Characteristics of selected studies.

Figure 3. Forest plot showing individual study accuracy 
estimates for CNN-based brain tumor detection using CT 
imaging. Each square represents the accuracy reported 
by an individual study, with horizontal lines indicating the 
corresponding confidence intervals where available. Variability 
in accuracy reflects differences in CNN architectures, dataset 
characteristics, and validation strategies.

Figure 4. Forest plot illustrating model precision (positive 
predictive value, %) across the included studies. Precision values 
varied between studies, reflecting differences in CNN architectures, 
training strategies, and dataset characteristics, including the use 
of transfer learning, ensemble models, and custom-designed 
networks. The figure is presented to facilitate visual comparison 
of precision performance across individual studies.

Figure 5. Forest plot illustrating specificity values (%) reported 
across the included studies. Specificity varied between studies, 
reflecting differences in CNN architectures, training strategies, 
and dataset characteristics, including the use of transfer learning, 
ensemble approaches, and custom-designed networks. The 
figure is presented to support visual comparison of specificity 
performance across individual studies.
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Discussion
This systematic review demonstrates that deep learning 

methods, specifically CNN-based models, consistently 
achieve high diagnostic performance for detecting brain 
tumors on CT scans. Across the nine studies included in the 
review, the CNN architecture demonstrated high accuracy, 
specificity, and precision, underscoring its robust ability to 
distinguish between cases with and without tumors. These 
findings reinforce the growing role of artificial intelligence 
in extracting clinically significant information from standard 
CT scans, which remain widely available and are frequently 
utilized in emergencies and acute care settings.15

Clinical Significance of AI in CT Image Analysis
A key strength of this review is its exclusive focus 

on CT-based tumor detection. This addresses a gap in the 
scientific literature on AI applications in neuroimaging, 
where the primary focus has historically been on MRI-based 
methods. Although MRI-related studies predominated during 
the initial selection phase, limiting the sample to CT-based 
research enabled an assessment specific to this imaging 
modality, thereby eliminating confounding factors. Given 
that CT is often the first-line imaging modality in emergency 
departments—owing to its rapid image acquisition, 
accessibility, and suitability for patients in critical or unstable 
condition—AI-assisted CT interpretation could facilitate 
earlier tumor detection when MRI is unavailable, delayed, or 
contraindicated.16  AI-based CT analysis should not be viewed 
as a replacement for MRI; rather, it serves as a complementary 
tool that streamlines patient triage and supports timely clinical 
decision-making in time-critical situations.
Consistency of Performance Metrics across Various CNN 
Architectures

Despite differences in model architectures and training 
strategies, all the studies included in the review yielded 
favorable diagnostic results, underscoring the reliability of 
CNN-based methods for detecting brain tumors in CT scans. 
Models employing transfer learning based on established 
architectures—such as ResNet-50, EfficientNet-B0, 
MobileNet-V1, and GoogLeNet—consistently demonstrated 
high performance. This confirms the effectiveness of pre-
trained neural networks in medical imaging, particularly when 
training datasets are limited.17,18

More advanced approaches, including ensemble models 
that combine different architectures (e.g., VGG-16 and 
ResNet), achieved further improvements in specificity and 
accuracy. This supports the hypothesis that integrating diverse 
feature representation methods enhances the system’s ability 
to distinguish between pathological and normal states.19 

Furthermore, studies using 3D CNNs combined with data 
fusion techniques reported the highest accuracy, highlighting 
the importance of volumetric information and spatial context 
for brain tumor detection in CT data. Custom-designed CNN 
architecture also yielded competitive results when optimized 
through hyperparameter tuning or curriculum learning, 
although the slightly lower accuracy observed in some 
studies may reflect dataset imbalance, limited sample size, or 
increased model complexity.20,21

Generalizability, Scanner Variability, and Reliability
Consistently high specificity and accuracy across studies 

indicate that CNN-based systems can reduce false-positive 
rates. This is crucial for clinical implementation, as it helps 
avoid unnecessary follow-up examinations and patient anxiety. 
However, model performance was influenced by CT image 
acquisition protocols and specific scanner characteristics. 
Optimal results were often observed when training and testing 
data originated from similar distributions or were acquired 
using similar equipment.21,22 This dependency highlights 
the issue of “domain shift” in applying AI to radiology and 
underscores the need for multi-center datasets—acquired with 
equipment from various manufacturers—to ensure robust 
generalizability of results across diverse clinical settings.
Risk of Bias, Validation Practices, and Interpretation of 
Performance Metrics

The studies were predominantly retrospective in nature 
and varied in sample size and patient selection criteria. Typical 
limitations included the narrow scope of the groups studied 
and insufficient descriptions of confounding factors,23,24 which 
could lead to inflated efficacy estimates when test datasets 
were highly similar to training datasets.   Furthermore, not 
all studies reported sensitivity data (with greater emphasis 
often placed on accuracy, specificity, and precision), limiting 
the ability to comprehensively evaluate model performance, 
particularly with respect to false-negative results. Consistent 
with broader trends in the AI radiology literature, studies 
incorporating external validation generally showed a slight 
decline in performance metrics relative to internal validation 
results, reflecting the impact of data heterogeneity and domain 
shift.18,25 Only a small fraction of the studies evaluated 
models on independent external datasets; these datasets often 
lacked geographic and demographic diversity and provided 
insufficient descriptions of population characteristics. 
Furthermore, none of the included studies conducted formal 
temporal validation across different time periods, limiting 
the ability to assess model stability over time. Although a 
heightened risk of bias in certain methodological aspects 
reduced confidence in the accuracy of quantitative metrics, no 
study was deemed methodologically flawed to the extent that 
its conclusions were called into question. Overall, the available 
evidence supports the efficacy of CNN-based approaches for 
detecting brain tumors in CT scans; however, it highlights the 
need for cautious interpretation of near-perfect performance 
metrics and for adopting more rigorous validation strategies 
in future research.26,23

Practical Significance and Future Directions
No clear evidence of publication bias was found, 

although the limited number of studies reporting low 
performance or negative results may reflect either publication 
bias or the inherently high efficacy of CNN-based methods 
in this field.27,28 Despite the relatively small number of 
eligible studies, due to the specific focus on CT imaging, the 
consistency of findings across independent studies reinforces 
confidence in the conclusions.29,30 Emerging research indicates 
that advanced post-processing techniques and optimized 
image representations can further suppress false positives 
and enhance object detection performance.19 Future research 
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should prioritize prospective designs, standardized reporting 
systems, and rigorous external and temporal validation across 
diverse clinical settings. Addressing these issues is crucial 
for confirming the reliability of CT-based tumor detection 
systems that utilize CNNs and for ensuring their responsible 
implementation in clinical practice.

Conclusion
This systematic review indicates that deep learning 

models, specifically CNN-based architectures, demonstrate 
consistently high diagnostic performance in detecting brain 
tumors on CT images. In the studies analyzed, CNN-based 
methods exhibited high accuracy, specificity, and precision, 
comparable to expert assessment results reported in previous 
literature. This highlights their potential as an assistive tool 
in diagnostic radiology, particularly in emergency care and 
resource-constrained settings.

By focusing specifically on CT images, this review 
addresses a significant gap in the existing literature and 
demonstrates that CNNs can effectively extract informative 
features despite inherent CT limitations, including reduced soft-
tissue contrast and inter-observer variability in interpretation. 
However, many studies relied on retrospective datasets with 
limited diversity and lacked robust external or temporal 
validation, raising questions about the generalizability of the 
findings.

Overall, deep learning with CNNs is a promising and 
evolving approach for improving brain tumor detection 
in CT data. Despite encouraging results, widespread 
clinical implementation requires larger multicenter studies, 
prospective validation, and performance assessment in real-
world clinical settings. This review can serve as a foundation 
for future research aimed at the safe, effective, and evidence-
based integration of artificial intelligence tools into neuro-
oncology practice involving CT imaging.
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