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Abstract- Magnetic resonance imaging (MRI) is the reference modality for brain tumor diagnosis, yet manual
delineation remains slow, expertise-dependent and subject to inter-observer variability. Over the last four
years the literature has shifted decisively from handcrafted feature pipelines to convolutional, encoder-
decoder, transformer and hybrid learning architectures. This paper presents a systematic review of forty-one
primary studies published between 2023 and 2026, selected from 412 records through a PRISMA-style
protocol. The reviewed work is organised into a four-branch taxonomy - classical machine learning, CNN
backbones, encoder-decoder segmentation networks and transformer/hybrid ensembles - and is compared
on a common footing of accuracy, precision, recall, F1-score, Dice similarity coefficient and intersection over
union. Reported classification accuracy ranges from 93.30% to 99.70% and Dice from 0.650 to 0.961, but the
spread is shown to be driven as much by dataset choice and evaluation protocol as by architecture. A reference
hybrid detection-segmentation pipeline that couples classical preprocessing and region-based localisation
with CNN feature learning and a margin-based or meta-learned decision layer is formalised as two algorithms,

and priorities for trustworthy, federated and explainable neuro-oncology Al are set out.

Keywords- brain tumor, MRI, systematic review, deep learning, U-Net, transformer, hybrid model,

segmentation, explainable Al.

I. INTRODUCTION

Brain tumors are among the most lethal neurological disorders; outcome depends heavily on how early
and how precisely the lesion is identified and delineated. Magnetic resonance imaging (MRI) is the
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modality of choice because it delivers high soft-tissue contrast, multi-parametric structural information
and no ionising radiation [1], [2]. Its interpretation, however, is a specialist task: manual reading is time
consuming, is sensitive to tumor size, shape, intensity and location, and shows measurable inter-
observer variability. This has made computer-aided detection and segmentation an active area of neuro-
oncology research [3], [4].

The methodological centre of gravity of that research has moved several times, as summarised in Fig.
Early automation relied on intensity thresholding, atlas registration and rule-based heuristics; these
methods were transparent but brittle against the natural variability of tumor appearance. Classical
machine learning then paired handcrafted descriptors - grey-level co-occurrence matrix (GLCM) texture,
shape and intensity histograms - with support vector machines (SVM), random forests and boosting [5],
[6]. From 2015 onward convolutional neural networks (CNN) and encoder-decoder architectures such
as U-Net displaced feature engineering altogether, and since 2023 the dominant direction has been
hybridisation: attention modules, vision and shifted-window transformers, ensembles and stacked
meta-learners, increasingly accompanied by explainability layers [7]-[9].

That rapid progress has produced a difficult secondary problem. Reported figures are extremely high
and extremely close together - many recent studies claim above 98% accuracy or above 0.90 Dice - yet
they are obtained on different datasets, with different splits, different class definitions (binary
tumor/non-tumor versus three- or four-class typing) and different post-processing. Headline numbers
therefore cannot be compared directly, and the field lacks a consolidated, protocol-driven picture of
what is actually established.

This paper addresses that need. Its contributions are: (i) a PRISMA-style review protocol, stated as an
explicit algorithm, applied to 412 records and yielding 41 primary studies from 2023-2026; (ii) a four-
branch taxonomy of methods with the design assumptions and failure modes of each branch made
explicit; (iii) a normalised quantitative comparison across classification and segmentation metrics, with
the confounding role of dataset and protocol separated from architectural merit; (iv) a structured gap
analysis mapping each observed limitation to concrete research directions; and (v) a reference hybrid
pipeline that consolidates the practices most consistently associated with strong and reproducible
results.

Rule-based & classical ML thresholding.
l32“’0f;’2 atlas registration. GLCM = SVM / RE.
Low adaptability to tumor variability.
+
2012 - CNN era: VGG, ResNet, Inception learn
>017 hierarchical features end-to-end: FCN
replaces handcocrafted pipelines.
+
2018 - Encoder-decoder dominance: U-Net, 3D
>0=2=2 U-Net, attention gates: BraTlTsS challenges
standardise benchmarking.
-
2023 - Hybrid & transformer era: Swin/Vi'l,
2026 CNN+SVM J XGBoost fusion, stacked
ensembles, XAIL federated validation.

Fig. 1. Methodological eras in MRI-based brain tumor analysis, from rule-based processing to hybrid
and transformer architectures.
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Section Il states the review methodology, Section Ill develops the taxonomy, Section IV covers datasets
and metrics, Section V the comparative analysis, Section VI the gap analysis, Section VIl the reference
pipeline, and Section VIII concludes.

Il. REVIEW METHODOLOGY

The review follows a reproducible protocol, given as Algorithm 1 and illustrated in Fig. 2. Six sources
were queried

- IEEE Xplore, SpringerLink, ScienceDirect, MDPI, PubMed and arXiv - for the window January 2023 to
March 2026, using the Boolean expression ("brain tumor" OR glioma OR meningioma OR pituitary) AND
(MRI OR "magnetic resonance"”) AND ("deep learning” OR "machine learning" OR segmentation OR
classification). The search returned 412 records; 144 duplicates were removed.

Screening criteria are listed in Table I. A study was retained only if it evaluated an ML or DL method on
brain MRI, reported at least one quantitative metric on a named dataset, and described its architecture
in enough detail to be reproduced in principle. Editorials, non-MRI modalities, purely clinical papers
without a computational contribution and works reporting only qualitative results were excluded. Title
and abstract screening removed 172 records; full-text assessment removed a further 55, leaving 41
primary studies. Of these, 27 report accuracy or Dice on a recognised benchmark and enter the
quantitative comparison of Section V.

For each retained study the architecture family, backbone, preprocessing chain, dataset and modality,
task definition, train-test protocol and every reported metric were extracted. Where several
configurations were reported, the best configuration on the primary dataset was recorded together with
its protocol, so that like is compared with like in Section V.

Table 1. Inclusion and exclusion criteria applied during screening

Inclusion criterion Exclusion criterion
Peer-reviewed article, conference paper or | Published before 2023 or not retrievable in full text
indexed preprint, 2023-2026
Brain MRI as the primary imaging modality CT, PET, histopathology or non-brain imaging

ML or DL method for detection, Purely clinical, epidemiological or hardware-
classification or segmentation oriented study
At least one quantitative metric on a named| Qualitative results only, or dataset not identified
dataset

Architecture and training protocol described| Method described only at block-diagram level
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Fig. 2. PRISMA-style selection flow: 412 records screened down to 41 primary studies, of which 27 are

Algorithm 1: Systematic Review and Evidence Synthesis Protocol

quantitatively comparable.

Input: source list S, query Q, window W = [2023, 2026] Output: synthesised evidence table E, gap

set G

T.R<0

2: for each source s € S do

3: R < R U Query(s, Q W)

4: R — DeduplicateByDOIANndTitle(R)

5:Rqy < {r € R: ScreenTitleAbstract(r) = accept }

6: R, < {r € Ry : FullTextEligible(r, criteria of Table I) } 7: for each r € R, do

8: e — Extract(r): family, backbone, preprocessing,

dataset, task, split, metrics

9: e.metrics — NormaliseMetrics(e) D unify Acc, Dice, loU

10: E< E U {e}

11: T « GroupBy(E, family) D taxonomy of Section IlI
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12: C — CompareWithinDatasetStrata(T) D removes dataset bias 13: G < IdentifyRecurringLimitations(E,
@)
14: return E. G

I1l. TAXONOMY OF EXISTING APPROACHES

Fig. 3 summarises the four branches into which the 41 primary studies fall. The branches are ordered by
how much of the representation is learned rather than specified.
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Fig. 3. Four-branch taxonomy of MRI brain tumor analysis methods, with representative models,
datasets and evaluation metrics.

1. Classical machine learning and feature-engineered pipelines

This branch separates description from decision. Preprocessing removes acquisition artefacts (median
and Wiener filtering, N4ITK bias-field correction, z-score normalisation); a segmentation stage isolates
candidate regions using Otsu thresholding, seeded region growing, marker-controlled watershed or
fuzzy C-means clustering; GLCM texture and contour-based shape descriptors are then classified by
SVM, k-nearest neighbours, random forest or gradient boosting. Shemanto et al. reached 96.46%
accuracy with high-order filtering followed by edge and morphological segmentation [9], while Tseng
and Tang combined CLAHE enhancement, k-means segmentation and particle-swarm feature selection
with XGBoost for 97% accuracy and 98% precision [6]. Alghtani et al. coupled fuzzy C-means with an
SVM classifier on the CE-MRI corpus and obtained 98.2% accuracy with a Dice of 0.961 and markedly
lower runtime than deep baselines [19]. These pipelines remain competitive, are cheap to train, and are
inherently auditable - each stage can be inspected - but they degrade when tumor appearance departs
from the assumptions encoded in the descriptors.

2. CNN backbones for detection and typing
Transfer-learned CNN backbones dominate classification. Ahmed et al. fine-tuned VGG-16 to 97.33%
accuracy and added layer-wise relevance propagation to expose the evidence behind each decision [8];
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Saeedi et al. compared a 2D CNN (96.47%) and an auto-encoder (95.63%) against several classical
learners on a four-class task [10]; Mahmud et al. reported 93.3% accuracy and 98.43% AUC for a
purpose-built CNN evaluated against ResNet-50, VGG-16 and Inception-V3 on 3,264 images [16]. Ariful
Islam et al. benchmarked DenseNet-121 with Grad-CAM++ against seventeen architectures including
ViT, ConvNeXt and MobileNetV3, reaching up to 99.3% accuracy across two datasets and performing
particularly well on non-enhancing gliomas and small metastatic lesions [27]. Abdusalomov et al. instead
treated the problem as detection, extending YOLOv7 with CBAM attention and a bidirectional feature
pyramid [12]. The recurring weakness of this branch is that a single backbone produces correlated errors
and is sensitive to class imbalance on small medical corpora.

Table 2. Representative classification-oriented studies

Study Method Dataset Best result
Ahmed [8] VGG-16 + LRP Kaggle MR Acc 97.33%
Saeedi [10] 2D CNN, auto-encoder, 4-class MRI Acc 96.47%

KNN
Mahmud [16] Custom CNN vs. ResNet-50 3,264 MRI Acc 93.30%,
/ VGG-16 AUC 98.43%
/ Inception-V3
Tseng [6] CLAHE + k-means + PSO + MRI (public) Acc 97%, Prec
XGBoost 98%
Alghtani [19] CLAHE + FCM + SVM CE-MRI Acc 98.2%, Dice
0.961
Islam [27] DenseNet-121 + Grad- 2 MRI corpora Acc 99.3%
CAM++
Asif [35] Ensemble of deep models MRI scans Acc 98.3%
Vijayvargiya [40] Xception + ConvNeXt + |Kaggle 4-class (7,212 Acc 98.92%
Swin, meta-learner stacking images)

3. Encoder-decoder segmentation networks

Voxel- and pixel-wise delineation is dominated by U-Net and its descendants. Asiri et al. fine-tuned a
CNN with a ResNet-50 encoder and a U-Net decoder on TCGA-LGG and TCIA, reporting loU 0.91 and
Dice 0.95 [11]; Metlek and Cetiner introduced ResUNet+ with convolution and attention blocks for Dice
up to 0.931 [13]; Rajagopal et al. fused GLCM features with U-Net and a 3D CNN for whole-tumor
accuracy of 99.4% [15]. Tiwary et al. replaced the U-Net encoder with EfficientNet to improve long-
range context modelling, reporting 99.25% accuracy on the 3,064-slice CE-MRI corpus [28]. Rahman et
al. embedded topological data analysis into a SegUNet to make the network shape-aware [37], and
Alanazi et al. combined densely connected convolutions with bidirectional ConvLSTM layers [42]. The
BraTS challenge family supplies the standardised annotations and lesion-wise metrics on which most of
this branch is benchmarked [20], [26].
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Table 3. Representative segmentation-oriented studies

Study Method Dataset Best result
Asiri [11] ResNet-50 encoder + U-Net TCGA-LGG, TCIA Dice 0.95, loU
0.91
Metlek [13] ResUNet+ (conv. + attention) Multiple MRI Dice 0.931
Rajagopal [15] GLCM + U-Net + 3D CNN BraTS Acc 99.4%
Hashmi [22] MedNeXt + ensembling BraTS-SSA / pediatric Dice 0.896 /
0.830
Moawad [26] Challenge winner, lesion-wise BraTS-METS Dice 0.65 +
scoring 0.25
Ahsan [24] YOLOVS5 detector + 2D U-Net MRI mAP 89.5%,
Dice 0.881
Tiwary [28] EfficientNet-enhanced UNet CE-MRI (3,064 Acc 99.25%
slices)

4. Transformer and hybrid ensemble architectures

The newest branch treats architectural diversity itself as the design variable. Self-attention and shifted-
window attention supply the global context that convolution cannot, and are combined with
convolutional streams either by feature fusion or by probabilistic stacking. Vijayvargiya and Singh
trained Xception, ConvNeXt and a Swin Transformer independently and fused their class-probability
vectors through a meta-learner fitted on out-of-fold predictions, reaching 98.92% test accuracy on a
balanced four-class task with a train-test gap of only 0.1% [40]. Hussain et al. and Musthafa et al.
integrate segmentation and classification into single multi-task pipelines [36], [34];

Ahsan et al. cascade a YOLOV5 detector into a 2D U-Net and outperform both standalone U-Net and
Mask R-CNN [24]; Hassan and Boulila combine fuzzy thresholding with deep classifiers [39]. Recent
surveys agree that hybrid CNN-transformer designs give the best trade-off between local texture
sensitivity and global context, at the cost of parameter count and training complexity [31], [38].

IV. DATASETS AND EVALUATION METRICS

Four corpora account for most reported results (Table V). The Figshare CE-MRI collection contains 3,064
T1-weighted contrast-enhanced slices from 233 patients across glioma, meningioma and pituitary
tumor, each 512x512 with a manually delineated border and binary mask [41]. The BraTS family supplies
multi-parametric, expertly annotated volumes with standardised lesion-wise evaluation and has
expanded to metastases, meningioma radiotherapy planning, sub-Saharan African and pediatric cohorts
[20], [22], [26]. TCGA-LGG/TCIA links imaging to genomic annotation, and the balanced Kaggle four-
class corpus is widely used for classification benchmarking.
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Table 4. Benchmark MRI datasets used across the reviewed studies

Dataset Content Task Used in
CE-MRI (Figshare) 3,064 T1-CE slices, Typing, segmentation| [19], [28],
233 patients, 3 tumor types, borders + [41]

binary masks
BraTS (2012-2025) Multi-parametric volumes (T1, T1-CE, T2, Voxel-wise [20], [22],
FLAIR), expert annotation segmentation [26], [29]
TCGA-LGG / TCIA Imaging linked to genomic and clinical Segmentation, [11], [15]

annotation grading
Kaggle BT-MRI ~7,000 images, balanced glioma / 4-class classification [8], [16],
meningioma / pituitary [35], [40]
/ no-tumor

Classification studies report accuracy, precision, recall and F1-score computed from the confusion-
matrix counts TP, TN, FP and FN, while segmentation studies report the Dice similarity coefficient (DSC),
the intersection over union (loU) and, in the BraTS protocol, the 95th-percentile Hausdorff distance:

Accuracy = (TP + TN) /(TP + TN + FP + FN) (1)
Precision = TP / (TP + FP) (2)
Recall = TP /(TP + FN) (3) F1 = 2 - Precision - Recall / (Precision + Recall) (4) DSC(P, G) =2 |P
n G|/ (P| +|G)) (5)
IoUPP, G) =|Pn G|/ |P U G| (6)

where P is the predicted tumor region and G the ground-truth annotation. Two protocol details
determine comparability far more than the choice of metric: whether Dice is computed per case or per
lesion - lesion-wise scoring penalises missed small metastases heavily, which is why the BraTS-METS
winner records 0.65 while whole-tumor studies exceed 0.90 - and whether accuracy refers to a binary
or a four-class decision.

V. COMPARATIVE PERFORMANCE ANALYSIS

Fig. 4 orders the reviewed classification studies by reported accuracy and colours each by architectural
family. The distribution is compressed into a narrow band between 93.3% and 99.7%, and no family is
uniformly superior: the highest single figure comes from a hybrid DCNN-LuNet pipeline (99.70% [5]),
the second from a U-Net/3D-CNN combination (99.40% [15]), and a CNN backbone with an
explainability layer is third (99.30% [27]). Differences of a few tenths of a percent between studies on
different corpora are not evidence of architectural superiority.
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Fig. 4. Reported classification accuracy across the reviewed studies, grouped by architectural family.

Fig. 5 shows the same effect more sharply for segmentation. Studies evaluated on whole-tumor tasks
with case-level Dice cluster above 0.93, whereas the BraTS-METS metastasis task under lesion-wise
scoring falls to 0.65 and the pediatric BraTS-SSA cohort to 0.830. The variance here is attributable to
lesion size, cohort and scoring rule, not to the networks, all of which are modern encoder-decoders.
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Fig. 5. Reported Dice similarity coefficients. Variation tracks task difficulty and scoring protocol rather
than architecture.

Fig. 6 shows how the corpus is distributed over publication year and family. Classical feature-engineered

work contracts from four studies in 2023 to none in 2026, while transformer and hybrid contributions
grow from one to three, confirming the trajectory of Fig. 1. Table V consolidates the four families.
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Fig. 6. Distribution of the 41 reviewed studies by publication year and architectural family.

Table 5. Consolidated comparison of the four architectural families

Family Typical Acc.‘ Typical Dice ‘ Strength ‘ Principal limitation
Classical ML 96-98% 0.90-0.96 Low cost, fully auditable Descriptors fail on atypical
stages appearance
CNN backbone | 93-99% n/a Strong local texture, Correlated errors, imbalance
transfer learning sensitivity
Encoder-decoder| 98-99% 0.65-0.95 |Precise boundaries, BraTS-| Weak on small and metastatic
standardised lesions
Transformer / 98-99% 0.88-0.96 Global context + local Parameter count, training
hybrid detail, low overfitting gap complexity, data hunger

VI. RESEARCH GAPS AND OPEN CHALLENGES

Six limitations recur across the corpus and are set out in Table VI. First, benchmarking is not comparable:
datasets, splits, class definitions and scoring rules differ, so the near-saturated accuracies of Fig. 4 cannot
be ranked. Second, performance collapses on small and metastatic lesions - the BraTS-METS analysis
attributes the fall to false negatives and spatial misregistration below 100 mm? [26]. Third, generalisation
is demographically and technically narrow; the BraTS-SSA and pediatric results show measurable
degradation under distribution shift [22]. Fourth, almost all pipelines are unimodal, discarding the
clinical metadata - age, presenting symptoms, prior histology - that a radiologist uses routinely. Fifth,
the highest-performing backbones remain opaque; layer-wise relevance propagation and Grad-CAM++
are applied post hoc in only a minority of studies [8], [27]. Sixth, evaluation is retrospective throughout:
no reviewed study reports prospective clinical deployment, and regulatory and workflow-integration
barriers are acknowledged but unaddressed [33], [38].

Table 6. Identified gaps and corresponding research directions

Gap (evidence) Research direction
Non-comparable benchmarking | Common protocol: fixed splits, lesion-wise and
[2], [26], case-wise Dice reported together, released
[31] inference containers
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Small and metastatic lesion failure| Size-stratified loss weighting, high-resolution

[26] decoders, detection-then-segmentation cascades
Demographic and scanner bias Augmentation-aware and federated training
[22], [24] across sites; explicit subgroup reporting
Unimodal input [17], [23] Joint fusion of imaging with clinical and genomic

metadata in a shared latent space
Opacity of deep backbones [8], | Intrinsically interpretable modules plus calibrated

[27] uncertainty, not post-hoc saliency alone
Retrospective evaluation only [33],| Prospective reader studies, workflow integration
[38] and regulatory-grade validation

VII. A REFERENCE HYBRID PIPELINE

The practices most consistently associated with strong and stable results across the reviewed corpus
can be assembled into the single reference pipeline of Fig. 7, formalised in Algorithm

2. It retains the classical preprocessing and region-based localisation that make the early stages
auditable, learns the representation with a CNN or Mask R-CNN encoder augmented by GLCM and
shape descriptors, and delegates the decision either to a margin-based classifier or to a meta-learner
fitted on out-of-fold base-model probabilities. Post-processing suppresses false positives and an
explainability overlay accompanies every prediction. increments on saturated retrospective benchmarks,
will determine whether MRI-based tumor analysis reaches routine neuro-oncology practice.
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Fig. 7. Reference hybrid detection-segmentation pipeline consolidating the practices observed across
the reviewed literature.
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Algorithm 2: Reference Hybrid Detection and Segmentation Pipeline

Input: MRI volume x, trained encoder 0, decision head g¢ Output: label y, tumor mask M,
confidence ¢, saliency map S 1: x — MedianfFilter(x); x < N4ITKBiasCorrect(x)

2: x «— SkullStrip(x); x = ZScoreNormalise(x)

3: R « OtsuThreshold(x) U RegionGrow(x, seeds)

4: R — MarkerWatershed(x, R) D candidate regions 5: F_deep « fB(x) D learned representation 6:
F_hand — GLCM(R) & ShapeDescriptors(R)

7: z — Concat(F_deep, F_hand) 8: if ensemble mode then

9: for each base learner k do p* — M,(x)

10: z < [p" I p? Il ... I p¥] D out-of-fold stacking

11: 9 —argmax<gp(z) D SVM / softmax / meta-learner 12: M « Decoder(F_deep); M «
RemoveSmallComponents(M) 13: ¢ « maxc g@(z); S « GradCAMpp(fB, x, ¥)

14 return v. M. ¢ S

Two design choices in this pipeline are directly supported by the evidence. Fitting the decision layer on
out-of-fold predictions rather than on training-set outputs is what keeps the train-test gap of the best
stacked ensemble at 0.1% [40]. Retaining handcrafted descriptors alongside learned features is what
allows the fuzzy-clustering plus SVM design to match deep baselines at a fraction of the runtime [19],
and preserves stage-level auditability that a monolithic network cannot offer.

VIil. CONCLUSION AND FUTURE DIRECTIONS

This review synthesised 41 primary studies published between 2023 and 2026 on machine learning for
brain tumor detection and segmentation in MRI. Four architectural families were distinguished and
compared on normalised metrics. Reported accuracy occupies a narrow 93.30-99.70% band and Dice a
wide 0.650-0.961 band, and the analysis shows that the variance in both is governed principally by
dataset composition, lesion size distribution and scoring protocol rather than by architecture. Hybrid
designs that combine convolutional local sensitivity with transformer global context and fuse decisions
through a learned meta-classifier currently offer the best accuracy-stability trade-off, while classical
feature-engineered pipelines remain competitive where interpretability and runtime matter.

The field's binding constraint is no longer model capacity but evidence quality. Priorities are therefore
protocol standardisation with size-stratified and lesion-wise reporting; federated and augmentation-
aware training to address demographic and scanner shift; genuine multimodal fusion of imaging with
clinical and genomic metadata; intrinsically interpretable architectures with calibrated uncertainty rather
than post-hoc saliency; and prospective, reader-study-based clinical validation. Progress on these fronts,
rather than further
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