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Abstract

Brain tumor classification from magnetic resonance imaging (MRI) can support computer-
aided diagnosis by enabling automated differentiation of tumor and non-tumor categories. 
This study presents DualXBrNet, a hybrid dual-level fusion framework for multiclass brain 
tumor classification using the original BRISC2025 dataset. Three pretrained convolutional 
neural networks (CNNs), ResNet50V2, MobileNetV2, and EfficientNetB0, were optimized 
to learn complementary representations of glioma, meningioma, pituitary tumor, and no-
tumor MRI images. Their deep features were integrated through a learnable Feature Fusion 
network, while the class probability outputs of the three CNNs and the Feature Fusion 
model were subsequently combined using a leakage-aware five-fold out-of-fold (OOF) 
decision-level stacking strategy. A low-complexity Logistic Regression meta-classifier was 
trained exclusively on the resulting 16-dimensional OOF probability representations to 
prevent information leakage during meta-learning. On the independent official test set, 
DualXBrNet achieved 96.80% accuracy and a macro-average ROC-AUC of 99.77%. Oracle, 
statistical, computational complexity, feature space, and Occlusion Sensitivity analyses were 
further conducted to assess model complementarity, computational efficiency, representa-
tion quality, and interpretability. The results demonstrate that feature-level fusion provides 
the primary performance improvement while OOF-based decision stacking offers comple-
mentary refinement within a leakage-aware evaluation protocol. Overall, the proposed 
framework emphasizes methodological rigor through leakage-aware meta-learning, inde-
pendent testing, and comprehensive model analysis, rather than relying on classification 
accuracy alone.

Keywords: brain tumor classification; MRI; DualXBrNet; transfer learning; feature fusion; 
out-of-fold stacking; logistic regression; occlusion sensitivity

1. Introduction
Brain tumors represent a serious neurological health concern because of their hetero-

geneous appearance, variable progression, and potential impact on critical brain functions. 
Accurate identification of tumor type is, therefore, important for diagnosis, treatment plan-
ning, and patient management. Magnetic resonance imaging (MRI) is widely used for brain 
tumor assessment because it provides high soft-tissue contrast and detailed visualization 
of intracranial structures without ionizing radiation. However, manual interpretation can 
be challenging and time consuming, particularly when tumor classes exhibit overlapping 
visual characteristics or considerable intraclass variability. These limitations have moti-
vated the development of computer-aided systems for more consistent and efficient MRI 
interpretation [1,2].
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Artificial intelligence (AI), particularly deep learning (DL), has demonstrated consid-
erable potential in medical image analysis. Convolutional neural networks (CNNs) can 
automatically learn hierarchical representations directly from medical images, reducing re-
liance on handcrafted features [3]. Transfer learning further improves their applicability by 
adapting representations learned from large-scale image datasets to medical imaging tasks 
with limited annotated data [4,5]. Architectures such as ResNet, MobileNet, and Efficient-
Net provide different representational and computational characteristics [6]. Nevertheless, 
the representations learned by an individual CNN remain influenced by its architectural 
characteristics and may not fully capture the diverse morphological patterns present across 
brain tumor classes [7]. This limitation has encouraged the use of complementary architec-
tures and fusion strategies to exploit diverse learned representations.

On the other hand, Feature Fusion provides a mechanism for combining comple-
mentary information learned by different network layers, scales, or architectural branches. 
Feature representations may be integrated through concatenation, element-wise addition, 
fixed weighting, or learnable transformations. Concatenation preserves information from 
each branch by stacking feature vectors or maps, whereas element-wise addition produces 
a compact representation but requires compatible feature dimensions. Learnable fusion 
allows trainable layers to model nonlinear interactions among the combined representations. 
At the pipeline level, feature-level fusion integrates latent representations before classifica-
tion, whereas decision-level fusion combines class scores or probability outputs generated 
by independently trained models [8,9]. Although both strategies have demonstrated ad-
vantages, using only one fusion level may leave complementary information unexploited, 
motivating the investigation of multi-level fusion.

Recent brain MRI studies have introduced transfer learning, hybrid architectures, atten-
tion mechanisms, and ensemble learning [10]. However, stacking needs a strict separation 
between the samples used to train the base models and those used to build the meta-classifier. 
The meta-level predictions derived from previously observed training samples may lead to 
information leakage and to overly optimistic estimates of performance. Furthermore, model 
complementarity, statistical reliability, computational complexity, and explainability are not 
always evaluated together within a unified framework [11].

To address these methodological considerations, this study proposes DualXBrNet, a 
dual-path cross-level fusion framework for multiclass brain tumor classification from MRI 
images. The methodological contribution of DualXBrNet does not lie in Feature Fusion, 
heterogeneous ensembling, or stacking individually. Instead, it establishes a hierarchical 
connection between representation-level fusion and decision-level stacking. Accordingly, 
DualXBrNet operates through two complementary paths: a representation-level Feature 
Fusion path and a decision-level stacking path. ResNet50V2, MobileNetV2, and Efficient-
NetB0 are employed as complementary CNN branches to generate heterogeneous deep 
representations and individual four-class probability outputs. Their latent representations 
are integrated through a learnable Feature Fusion pathway, which produces an additional 
four-class probability vector. This fusion-derived probability vector is then combined 
with the 12 probabilities produced by the three individual CNNs, forming a compact 
16-dimensional cross-level meta-representation. Thus, the final meta-classifier receives 
both architecture-specific decisions and an additional decision derived from the fused 
feature representation.

To reduce information leakage during meta-learning, the 16-dimensional represen-
tation is constructed using a strict five-fold OOF protocol, whereby each meta-training 
prediction is generated for a sample that was excluded from training the corresponding base 
model. The contribution of the fusion-derived probability vector is explicitly evaluated by 
comparing the proposed 16-dimensional representation with conventional 12-dimensional 
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CNN-only stacking. Following OOF meta-learning, the constituent deep models are re-
trained using the complete development set, while the official test set remains isolated 
until final evaluation. This protocol separates base model training, meta-level learning, 
and final testing, thereby providing a controlled basis for assessing the contribution of 
cross-level fusion.

The main contributions of this study are summarized as follows:
1. A hierarchical cross-level fusion architecture is introduced in which the probability 

output learned from heterogeneous feature fusion is incorporated into decision-level 
stacking alongside the outputs of ResNet50V2, MobileNetV2, and EfficientNetB0.

2. A compact 16-dimensional meta-representation is constructed from 12 individual-
CNN probabilities and four Feature Fusion probabilities. Its contribution is evaluated 
against 12-dimensional CNN-only stacking through paired ablation analysis.

3. A strict five-fold OOF protocol generates out-of-sample meta-features for all 5000 de-
velopment images while maintaining complete isolation of the official test set.

4. A low-complexity multinomial Logistic Regression meta-classifier is employed as a 
conservative second-level learner, and its performance is compared with RBF-SVM, 
Random Forest, and MLP alternatives.

5. The framework is evaluated through classification metrics, controlled ablation, comple-
mentarity assessment, statistical testing, computational analysis, t-SNE/UMAP feature 
space visualization, and Occlusion Sensitivity. DualXBrNet achieves 96.80% accuracy 
on the isolated BRISC2025 official test set and 94.94% on an additional public-source 
dataset without retraining or fine-tuning.
The remainder of this paper is organized as follows. Section 2 reviews related studies 

on brain tumor classification and ensemble learning. Section 3 describes the dataset, prepro-
cessing, OOF protocol, transfer learning models, and dual-level fusion framework. Section 4 
presents the experimental results and complementary analyses. Section 5 discusses the 
findings, comparisons, and limitations, while Section 6 concludes the study and outlines 
future research directions.

2. Related Work
Recent brain MRI research has increasingly moved from single-backbone CNNs toward 

hybrid, attention-based, and ensemble architectures to improve multiclass tumor classifi-
cation. Celik et al. [12] combined MobileNetV3 and EfficientNetB7 using a co-attention 
ensemble approach and achieved excellent results on Figshare and BraTS datasets, showing 
the benefit of fusing complementary feature maps from different networks.

Shaikh et al. [13] employed a stacking ensemble in which several CNNs, including 
MobileNetV3, VGG variants, ResNet50, AlexNet, and 3D CNN, served as base learners, 
with DenseNet201 as the meta-model. Haque et al. [14] further developed an explainable 
deep stacking framework integrating EfficientNetB0, MobileNetV2, GoogLeNet, and Cap-
suleNet with CatBoost as a meta-learner while also incorporating statistical validation and 
computational analysis.

More closely related hierarchical and meta-learning approaches have recently been 
reported. Ullah and Kim [15] proposed a dual-level ensemble that combines deep fea-
tures extracted by pretrained vision transformers and aggregates the outputs of optimized 
machine learning classifiers. Kakon et al. [16] introduced an explainable deep ensemble 
meta-learning framework that combines multiple predictive branches and incorporates 
explainability analysis.

Most notably, Uthra and Sivashankari [17] employed four independent base architec-
tures and concatenated their four-class probability outputs to construct a 16-dimensional 
meta-feature representation, which was generated using five-fold OOF prediction and classi-
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fied using LightGBM. This approach closely resembles DualXBrNet in terms of meta-feature 
dimensionality and leakage-aware stacking. However, the fourth probability vector in Du-
alXBrNet is not produced by an additional independent backbone. Instead, it is generated 
by a learnable Feature Fusion pathway that jointly integrates the latent representations of 
the same three heterogeneous CNNs. Consequently, the proposed meta-representation 
combines three architecture-specific probability vectors with an additional learned cross-
model consensus. The incremental contribution of this fusion-derived probability vector is 
explicitly evaluated by comparing the 12-dimensional CNN-only representation with the 
proposed 16-dimensional cross-level representation.

Other recent approaches further illustrate the diversity of fusion and ensemble strate-
gies. Chen et al. [18] fused aligned features extracted from ResNet101, DenseNet121, and 
Efficient-NetB0 before classification. Patro et al. [19] and Velpula et al. [20] employed ensem-
bles of deep CNNs and voting-based decision aggregation, whereas Eone Etoua et al. [21] 
combined handcrafted local descriptors and lightweight CNN representations through a 
macro-F1-weighted ensemble.

Al-Azzawi and Al-Suhail [22] proposed BrTxNet, which integrates EfficientNetB0 and 
VGG16 through learnable feature-level fusion for binary brain tumor MRI classification. 
Although the framework demonstrated the effectiveness of learning complementary deep 
representations, it remained limited to feature-level fusion and did not incorporate OOF 
probability-level stacking.

Recent studies have also explored optimized ensemble weighting and adaptive fusion. 
Talukder et al. [23] used a combination of multiple transfer learning architectures using a ge-
netic algorithm and grid search-based weight optimization and showed improved ensemble 
performance compared to individual CNNs. Singh et al. [24] proposed a dynamic ensemble 
of CNN, ResNet50, and EfficientNetB5 with adaptive model weighting and incorporated 
Grad-CAM, SHAP, SmoothGrad, and LIME to enhance interpretability. Panigrahi et al. [25] 
introduced a hybrid transfer learning and self-attention framework based on DenseNet201 
and Transformer-style attention, while also comparing several pretrained CNNs, including 
MobileNetV2 and ResNet50V2.

Feature-level fusion has likewise become an important direction. Jayaraman et al. [26] 
proposed a CNN–ViT framework using cross-attention fusion to combine complementary 
local and global representations for multiclass MRI classification. Yonar [27] developed 
a hybrid framework that combined deep features from several pretrained CNNs with 
metric learning and swarm intelligence-based feature selection. Sanchez-Moreno et al. [28] 
investigated an ensemble of VGG16, DenseNet121, and Inception-ResNet-v2 with majority 
voting together with Grad-CAM++ and Integrated Gradients, showing the importance of 
combining ensemble prediction with explainability.

Furthermore, attention-based and explainable models have attained promising results 
in multiclass tumor recognition. Zarenia et al. [29] proposed a hierarchical deformable 
attention framework with saliency mapping for joint brain tumor classification and segmen-
tation, and Mao et al. [30] enhanced DenseNet121 with dilated convolutions and Squeeze 
and Excitation attention to improve four-class MRI classification. Collectively, these studies 
confirm that feature fusion, heterogeneous ensembling, stacking, meta-learning, statistical 
evaluation, and explainability are established directions in brain tumor MRI classification. 
Accordingly, the contribution of DualXBrNet is not claimed to arise from any of these com-
ponents in isolation. The specific methodological distinction is the OOF-based hierarchical 
connection between the two fusion paths: the learnable Feature Fusion branch produces a 
four-class probability representation that is incorporated alongside the 12 individual-CNN 
probabilities within a 16-dimensional OOF meta-representation.
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This allows the meta-classifier to jointly model three architecture-specific decisions 
and an additional consensus decision learned from their fused latent features. The value 
of this connection is explicitly assessed through a paired ablation against 12-dimensional 
CNN-only stacking, rather than inferred solely from the final test accuracy. The frame-
work is additionally examined through model complementarity, statistical, computational, 
representation-level, and explainability analyses to clarify both the benefits and limitations 
of the proposed integration.

3. Proposed Methodology
The overall methodological framework of DualXBrNet is illustrated in Figure 1. The 

workflow comprises five sequential stages: strict five-fold OOF model development, cross-level 
OOF meta-feature generation, Logistic Regression meta-classifier training, final retraining of 
the deep models on the complete development set, and independent evaluation on the official 
test set. This design ensures that the decision-level meta-classifier is trained exclusively on 
out-of-sample predictions while preserving complete isolation of the final test set.

Figure 1. Overall workflow of the proposed DualXBrNet framework.

3.1. Datasets
3.1.1. BRISC2025 Dataset

The experiments were conducted using the original BRISC2025 brain MRI classification 
dataset [31], which contains 6000 MRI images distributed across four diagnostic categories: 
glioma, meningioma, no tumor, and pituitary tumor. The dataset provides an original 5000-
image training partition and an independent 1000-image official test set. In this study, the 
original training partition was treated as the development set. The development set consisted 
of all samples available for model development, including CNN training, internal validation, 
five-fold OOF prediction generation, meta-classifier training, and final model retraining. In 
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contrast, the official test set remained completely isolated throughout model development and 
was used only for the final unbiased evaluation. No duplicate removal or additional dataset 
cleaning procedure was applied in order to preserve the original dataset composition.

As shown in Table 1, the class distribution is moderately imbalanced, particularly 
within the development set; therefore, class weighting was incorporated during model 
training to reduce bias toward the more represented classes.

Table 1. Distribution of the BRISC2025 dataset.

Class Development Set Official Test Set Total

Glioma 1147 254 1401
Meningioma 1329 306 1635

No Tumor 1067 140 1207
Pituitary 1457 300 1757

Total 5000 1000 6000

3.1.2. Additional Public Dataset
To assess the behavior of the finalized framework on data obtained from another 

public source, an additional evaluation was conducted using the Brain Tumor MRI dataset 
published by Masoud Nickparvar [32]. The dataset contains 7200 MRI images evenly 
distributed across four classes, glioma, meningioma, no tumor, and pituitary tumor, with 
1800 images per class. The original dataset includes 5600 images in its training partition 
and 1600 images in its testing partition.

The BRISC2025-trained ResNet50V2, MobileNetV2, EfficientNetB0, Feature Fusion, and 
Logistic Regression meta-classifier were applied directly to all 7200 images without retrain-
ing, fine-tuning, model selection, or parameter modification. Each image was resized to 
256 × 256 pixels using the same bilinear interpolation and preprocessing pipeline employed in 
the original experiment. Performance was evaluated using accuracy, macro-precision, macro-
recall, macro-F1, weighted F1, and one-versus-rest macro-AUC. The results were calculated for 
the complete dataset and separately for its original training and testing partitions. The Feature 
Fusion and DualXBrNet predictions were also compared using McNemar’s exact test.

3.2. Preprocessing and Data Augmentation
All MRI images were resized to 256 × 256 pixels to provide a consistent input resolution 

for the three transfer learning models. The resized images were converted to floating-point 
tensors and supplied to the networks using the same input representation adopted during 
model development and final evaluation. No additional dataset cleaning or duplicate 
removal procedure was applied in this study.

To improve generalization and reduce overfitting, data augmentation was applied 
exclusively to the training subset of each fold. The augmentation pipeline consisted of 
random horizontal flipping, random rotation with a factor of 0.05 (corresponding to ap-
proximately −18° to +18°), random zoom within ±8%, horizontal and vertical translation 
within ±3% of the corresponding image dimension, and random contrast adjustment within 
±5%. No vertical flipping or brightness augmentation was applied. The default reflection 
padding and bilinear interpolation settings of the TensorFlow/Keras augmentation layers 
were used. Augmentation was disabled for the internal validation, OOF hold-out, and 
official test samples to ensure that model selection and evaluation were performed on 
unaltered images.

Because the development set exhibits moderate class imbalance, class weights were 
calculated from the training data and incorporated into the loss function during CNN 
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training. The weighting scheme puts more emphasis on the under-represented classes 
during optimization, but it does not change the original distribution of classes.

3.3. Strict Five-Fold Out-of-Fold Protocol
To ensure leakage-aware stacking and complete separation between model devel-

opment and final evaluation, a strict five-fold out-of-fold (OOF) protocol was applied 
exclusively to the 5000-image development set. Figure 2 explains the five-fold OOF-based 
cross-level fusion and meta-classifier training pipeline for DualXBrNet. The overall proce-
dure consisted of five sequential stages as follows.

Figure 2. Five-fold out-of-fold training and decision-level stacking strategy of DualXBrNet.

Stage 1—OOF model development. The development set was partitioned into 
five stratified folds while preserving the original class distribution. In each iteration, one fold 
containing approximately 1000 images was held out as the OOF subset, while the remaining 
4000 images formed the model development portion. Within each outer fold, the remain-
ing 4000 images were further divided using a stratified 85:15 split, resulting in 3400 inner 
training images and 600 internal validation images. The split was generated using strati-
fied random sampling to preserve the class proportions, with a fixed random seed of 42. 
The split indices were generated once for each outer fold and were consistently reused 
by ResNet50V2, MobileNetV2, EfficientNetB0, and the fold-specific Feature Fusion model. 
Consequently, all constituent models were trained and validated using identical samples 
within the corresponding fold, and checkpoint selection was based exclusively on the shared 
inner validation subset. The 1000-image OOF subset remained completely excluded from 
both inner training and internal validation and was used only to generate unseen predic-
tions. Explicit index intersection checks confirmed the absence of overlap among the inner 
training, internal validation, and OOF subsets, and the complete fold assignments were 
stored to support reproducibility.
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The 85:15 split was conceptually compared with the 80:20 alternative, as summarized 
in Table 2. The 85:15 configuration retains more samples for CNN training while providing 
a sufficient stratified validation subset for checkpoint selection, early stopping, and learning 
rate scheduling. Both configurations maintain complete isolation of the 1000-image OOF 
holdout and generate the same 5000 OOF predictions across the five folds.

Table 2. Comparison of candidate inner training and inner validation splits within each outer fold.

Criterion Selected 85:15 Split Alternative 80:20 Split

Inner training samples 3400 (85%) 3200 (80%)
Inner validation samples 600 (15%) 800 (20%)

Outer OOF holdout 1000 1000
Total samples per outer fold 5000 5000

Training data availability Higher Lower
Validation set size Adequate Larger

Checkpoint monitoring Supported Supported
OOF isolation Complete Complete

OOF coverage after five folds 5000 predictions 5000 predictions

Main consideration
Preserves more samples for CNN 

training while retaining a stratified 
validation subset

Provides a larger validation subset 
but reduces the samples available for 

model fitting

Stage 2—OOF meta-feature generation. The trained fold-specific models generated 
predictions only for the corresponding held-out OOF samples. For each image, ResNet50V2, 
MobileNetV2, EfficientNetB0, and the Feature Fusion pathway each produced a four-class 
probability vector. These outputs were concatenated to form a 16-dimensional OOF meta-
feature vector. Repeating the procedure across all five folds ensured that every development 
image received exactly one prediction from models that had not been trained on that image.

The complete OOF meta-training matrix was constructed by concatenating the fold-
specific representations:

ZOOF  = [Z(1) ;Z(2) ;Z(3) ;Z(4) ;Z(5) ] ∈ R5000×16 (1)

where Z(k)  denotes the 16-dimensional OOF meta-feature matrix generated for the held-out 
samples of fold k, and the semicolon denotes row-wise concatenation. Accordingly, ZOOF ∈
R5000×16  represents the complete OOF meta-training matrix obtained by concatenating the 
outputs of all five folds.

Stage 3—Meta-classifier training. After all five folds were completed, the resulting 
OOF meta-features from the full 500- image development set were used to train a multino-
mial Logistic Regression meta-classifier. Because the meta-classifier was trained exclusively 
on predictions generated from unseen samples, training to meta-level leakage was avoided.

Stage 4—Final retraining. After OOF generation and meta-classifier training were 
completed, ResNet50V2, MobileNetV2, EfficientNetB0, and the Feature Fusion network 
were retrained on the complete 5000-image development set using fixed training schedules 
selected from the fold-validation results. The trained Logistic Regression parameters were 
then kept fixed.

Stage 5—Independent final evaluation. The 1000-image official test set remained 
completely isolated during training, validation, OOF generation, checkpoint selection, and 
meta-classifier fitting. During final evaluation, the retrained CNNs and Feature Fusion 
model generated the same 16-dimensional probability representation for each test image, 
which was then passed to the previously trained Logistic Regression meta-classifier to 
obtain the final four-class prediction.
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3.4. Transfer Learning Models
Transfer learning was employed to adapt pretrained convolutional neural networks 

to the four-class brain MRI classification task, as shown in Table 3. Three heterogeneous 
ImageNet pretrained architectures, ResNet50V2, MobileNetV2, and EfficientNetB0, were 
selected because they provide complementary representational characteristics and different 
computational profiles. Each backbone was independently optimized using the same 
overall training protocol. In the first training stage, the pretrained convolutional backbone 
was frozen while the newly added task-specific classification layers were trained. In the 
second stage, selected upper backbone layers were unfrozen and fine-tuned using a reduced 
learning rate to further adapt the learned representations to the MRI domain.

Table 3. Task-specific classification heads used for the transfer learning models.

Model Added Layers

ResNet50V2 Global Average Pooling → Batch Normalization → Dense 
(256, ReLU) → Dropout (0.40) → Softmax (4 Classes)

MobileNetV2 Global Average Pooling → Dense (256, ReLU) → Dropout 
(0.25) → Softmax (4 Classes)

EfficientNetB0 Global Average Pooling → Batch Normalization → Dense 
(384, Swish) → Dropout (0.30) → Softmax (4 Classes)

ResNet50V2 was selected as a deep residual backbone with strong capability for MRI-
based brain tumor representation learning, consistent with its recent use in hybrid brain 
tumor classification frameworks [33]. MobileNetV2 was included as a lightweight archi-
tecture that provides computationally efficient feature extraction and has demonstrated 
effectiveness in MRI-based brain tumor classification [34]. EfficientNetB0 was selected 
as an efficient transfer learning backbone that balances representational capability and 
computational cost and has recently been applied successfully to brain MRI analysis [35].

The penultimate representations of the three models were subsequently used as inputs 
to the proposed learnable Feature Fusion module.

The customized backbone architectures are illustrated separately in Figure 3a–c to 
provide a clear view of the task-specific modifications applied to each transfer learning 
model. The subsequent fusion stages are presented independently in later figures to distin-
guish the individual CNN adaptation from the proposed feature-level and decision-level 
fusion mechanisms.

Figure 3. Customized transfer learning architectures used in the proposed framework: (a) ResNet50V2-
based classifier, (b) MobileNetV2-based classifier, and (c) EfficientNetB0-based classifier.
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3.5. Proposed Dual-Level Fusion Framework
The proposed DualXBrNet framework integrates complementary information extracted 

by ResNet50V2, MobileNetV2, and EfficientNetB0 through two successive fusion levels: 
learnable feature-level fusion and decision-level stacking. The first level combines the 
deep representations produced by the three heterogeneous CNN backbones, whereas the 
second level integrates the class probability outputs of the individual CNNs with those 
generated by the Feature Fusion classifier. A strict five-fold out-of-fold (OOF) strategy is 
used during framework development to generate out-of-sample meta-features for the final 
Logistic Regression meta-classifier, thereby avoiding training-to-meta-level leakage.

This dual-level design enables the framework to exploit complementary information 
both in the latent feature space and at the prediction level.

3.5.1. Feature-Level Fusion
At the first fusion level, deep feature representations extracted from the penultimate 

task-specific layers of the three CNN branches were combined. ResNet50V2 and Mo-
bileNetV2 each produced a 256-dimensional feature vector, whereas EfficientNetB0 gen-
erated a 384-dimensional representation. The three feature vectors were concatenated to 
form a unified 896-dimensional representation:

hF  = [hR ‖hM ‖hE ] ∈ R896 (2)

where hR ∈ R256 , hM ∈ R256 , and hE ∈ R384  denote the deep feature representations ex-
tracted from ResNet50V2, MobileNetV2, and EfficientNetB0, respectively; ‖ denotes vector 
concatenation; and hF ∈ R896  represents the resulting concatenated feature vector.

The concatenated representation was processed by a learnable fusion network consisting 
of Batch Normalization, a 256-unit fully connected layer with ReLU activation, a dropout of 
0.40, a 64-unit fully connected layer with ReLU activation, and a dropout of 0.25. A four-unit 
softmax output layer subsequently produced the feature fusion probability vector:

𝑝𝐹 = Softmax(𝑓fusion(ℎ𝐹)) ∈ 𝑅4 (3)

where PF ∈ R4  denotes the four-class probability vector generated by the learnable Feature Fu-
sion network, with each element representing the predicted probability of one diagnostic class.

Unlike fixed averaging or direct voting, the learnable fusion module is able to model 
nonlinear interactions among the heterogeneous deep representations before producing 
the final four-class Feature Fusion probability output. The architecture of this fusion stage 
is illustrated in Figure 4.

Figure 4. Architecture of the proposed learnable feature-level fusion module.
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3.5.2. Decision-Level Stacking
At the second fusion level, the four-class probability vectors generated by the three indi-

vidual CNN classifiers were combined with the probability vector produced by the Feature 
Fusion model.

The three individual CNN classifiers, ResNet50V2, MobileNetV2, and EfficientNetB0, 
provide three four-class probability vectors, yielding 12 probability values. These values are 
concatenated with the four probabilities generated by the Feature Fusion model to construct 
a 16-dimensional meta-feature vector:

z = [PR ‖PM ‖PE ‖PF ] ∈ {R}{16} (4)

where PR , PM , and PE  denote the four-class probability vectors generated by ResNet50V2, 
MobileNetV2, and EfficientNetB0, respectively; PF  denotes the Feature Fusion probability 
vector; ‖ represents vector concatenation; and z ∈ R16  denotes the resulting cross-level 
meta-feature vector used as input to the Logistic Regression meta-classifier.

The resulting vector combines decisions produced directly by the individual CNN 
classifiers with a decision derived from their jointly fused deep representations. This cross-
level integration allows the meta-classifier to learn complementary prediction relationships 
rather than applying a fixed averaging rule.

A multinomial Logistic Regression model was used as the final meta-classifier. Logistic 
Regression was deliberately selected because the stacking input consists of only 16 struc-
tured OOF class probability features rather than high-dimensional deep representations. 
Its low model complexity and L2 regularization help limit overfitting at the meta-learning 
stage, while its linear formulation provides an interpretable mechanism for learning comple-
mentary contributions across the three CNN outputs and the Feature Fusion probabilities.

Importantly, the meta-classifier is trained exclusively on OOF predictions generated 
for samples excluded from the corresponding base model training folds, ensuring that 
the learned decision rule reflects the out-of-sample behavior of the constituent models. 
The multinomial Logistic Regression meta-classifier maps the 16-dimensional meta-feature 
vector to the final four-class probability output using its learned weight and bias parameters. 
The complete decision-level stacking mechanism is illustrated in Figure 5.

Figure 5. Decision-level stacking architecture using the 16-D OOF meta-feature vector and Logistic 
Regression meta-classifier.
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3.5.3. Out-of-Fold Meta-Learning
The decision-level stacking stage was trained using the strict five-fold OOF protocol 

described in Section 3.3.

• For each held-out sample, ResNet50V2, MobileNetV2, and EfficientNetB0 generated 
four class probability vectors together with their deep feature representations. The 
corresponding fold-specific Feature Fusion model processed these representations and 
produced an additional four-class probability vector. These outputs were concatenated 
to form the 16-dimensional OOF meta-feature vector defined in Equation (4).

• The fold-specific OOF representations were concatenated to construct the complete 
meta-training matrix defined in Equation (1).

• The multinomial Logistic Regression meta-classifier was then trained exclusively on 
these out-of-sample OOF meta-features and their corresponding class labels.

• After meta-classifier training, the three CNN models and the Feature Fusion network 
were retrained on the complete 5000-image development set using the fixed schedules 
selected from the fold-validation stage. The independent 1000-image official test set 
remained completely isolated throughout model development. During final evaluation, 
the retrained models generated the same 16-dimensional representations for each test 
image, which were then passed to the fixed Logistic Regression meta-classifier to obtain 
the final four-class prediction.

3.6. Evaluation Metrics and Analysis Protocols
The proposed DualXBrNet framework was evaluated using complementary quantita-

tive, statistical, computational, representational, and explainability analyses. Classification 
performance was assessed using accuracy, macro-precision, macro-recall, macro-F1-score, 
specificity, Matthews correlation coefficient (MCC), Cohen’s kappa, and multiclass receiver 
operating characteristic area under the curve (ROC-AUC). Additional analyses were con-
ducted to assess model complementarity, statistical reliability, computational complexity, 
feature space organization, and model interpretability.

3.6.1. Classification Performance Metrics
For each diagnostic class, true positives (TPs), true negatives (TNs), false positives 

(FPs), and false negatives (FNs) were derived using a one-vs-rest formulation.

• Accuracy was calculated as the proportion of correctly classified samples among all 
evaluated samples [36].

• Precision was used to measure the proportion of positive predictions that were cor-
rectly classified.

• Recall, also referred to as sensitivity, was used to measure the proportion of actual 
positive samples that were correctly identified.

• Specificity was used to quantify the proportion of actual negative samples that were 
correctly identified.

• The F1-score was calculated as the harmonic mean of precision and recall, providing a 
balanced measure of both metrics.

• Macro-averaged metrics: For the four-class classification task, macro-averaged pre-
cision, recall, and F1-score were calculated by computing each metric separately for 
each class and then taking the unweighted mean across all four classes. This approach 
assigns equal importance to each diagnostic category regardless of its sample size.

• We also employed the Matthews correlation coefficient (MCC) as a balanced measure of 
the agreement between the predicted and true multiclass labels. The MCC considers the 
complete confusion matrix and provides values ranging from −1 to 1, where 1 indicates 
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perfect classification, 0 indicates prediction no better than random agreement, and −1 
indicates complete disagreement.

• Cohen’s kappa was used to quantify agreement between the predicted and true class 
labels after accounting for agreement expected by chance [37].

• Multiclass ROC-AUC was used to evaluate the ability of each model to discrim-
inate among the four diagnostic categories across different classification thresh-
olds. Macro-ROC-AUC was calculated by giving equal contribution to the class-wise 
ROC-AUC values.

3.6.2. Oracle and Pairwise Complementarity Analysis
Oracle analysis was used to quantify the complementary predictive behavior of 

ResNet50V2, MobileNetV2, and EfficientNetB0. The oracle does not represent a deployable 
classifier; instead, it provides a diagnostic upper bound by considering a sample correctly 
classified whenever at least one constituent CNN predicts its true class.

Oracle accuracy was calculated as the proportion of evaluated samples for which 
at least one of the three constituent CNNs predicted the correct class. Thus, a sample 
was counted as correctly classified by the oracle whenever ResNet50V2, MobileNetV2, or 
EfficientNetB0 produced the true class label.

Pairwise oracle accuracy was similarly calculated for each pair of CNNs to determine 
the maximum accuracy attainable when either member of the pair correctly classified 
a sample.

Model error diversity was further quantified using shared errors and Jaccard er-
ror similarity. For two models A and B, let EA  and EB  denote their respective sets of 
misclassified samples.

Jaccard error similarity was calculated as the number of samples misclassified by both 
models divided by the number of samples misclassified by at least one of them.

Lower Jaccard values indicate less overlap between the models’ error sets and, therefore, 
greater error diversity.

Unique-correct predictions were also examined. A prediction was considered unique 
to one CNN when that CNN correctly classified a sample while the other two CNNs 
simultaneously misclassified it. This analysis was used to assess whether a lower-performing 
backbone could still contribute non-redundant predictive information to the ensemble.

3.6.3. Statistical Validation
Statistical reliability of the final classification performance was assessed using bootstrap 

confidence interval estimation and McNemar’s exact test [38]. Bootstrap resampling of the 
independent official test set was employed to estimate the sampling variability of the final 
accuracy and its 95% confidence interval.

McNemar’s exact test was used for the paired comparison between the Feature Fusion 
model and the final DualXBrNet framework. The test evaluates discordant predictions 
between two classifiers on the same samples. Let b denote the number of samples cor-
rectly classified only by the first model and c the number correctly classified only by the 
second model. The exact McNemar test evaluates whether the observed imbalance between 
b and c is statistically significant. A significance level of α < 0.05 was adopted.

To examine the robustness of the meta-classifier choice, the original multinomial 
Logistic Regression model (L2 regularization, C = 0.1, the limited-memory Broyden–
Fletcher–Goldfarb–Shanno (LBFGS) solver, and a maximum of 5000 iterations) was com-
pared with a radial basis function support vector machine (RBF-SVM), a Random Forest 
containing 500 trees, and a one-hidden-layer multilayer perceptron (MLP) containing 
32 units.
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The inputs to the RBF-SVM and MLP were standardized, whereas Logistic Regression 
and Random Forest were fitted directly to the OOF probability features. All meta-classifiers 
were evaluated using the same 16-dimensional OOF representation and the five original 
held-out folds; the independent official test set was not used for meta-classifier selection. 
The fold-wise results were summarized using the mean and sample standard deviation. 
Overall differences among the four meta-classifiers were assessed using the Friedman test, 
followed by exploratory two-sided Wilcoxon signed-rank comparisons between Logistic 
Regression and each alternative. An additional ablation compared Logistic Regression 
trained on the 12 individual CNN probabilities with the proposed 16-dimensional cross-level 
representation using McNemar’s exact test.

3.6.4. Computational Complexity Analysis
Computational complexity was evaluated to characterize the efficiency of the individ-

ual CNN backbones and the proposed fusion components. The analysis included total 
parameters, trainable and non-trainable parameters, estimated parameter memory, saved 
model size, and floating point operations (FLOPs) required for a forward pass.

Parameter memory was estimated from the number of stored parameters and their 
numerical precision. FLOPs were measured under the same 256 × 256 input resolution 
used during model evaluation. These measures were used to examine the trade-off between 
predictive performance and computational demand across the constituent models and 
fusion stages.

3.6.5. Feature Space Visualization
We investigated the organization and separability of the learned deep representations 

using t-distributed stochastic neighbor embedding (t-SNE) and Uniform Manifold Approx-
imation and Projection (UMAP) [39,40]. Both methods project high-dimensional feature 
representations into a two-dimensional space while preserving different aspects of the 
underlying feature structure.

t-SNE focuses primarily on local neighborhood relationships, whereas UMAP aims to 
preserve both local structure and broader global manifold organization.

The two techniques were applied to the deep representations learned by ResNet50V2, 
MobileNetV2, EfficientNetB0, and the learnable Feature Fusion pathway to visually compare 
class compactness and separation among the four diagnostic categories.

3.6.6. Occlusion Sensitivity Explainability Analysis
Occlusion Sensitivity was employed as a post hoc explainability method to identify 

image regions that contributed most strongly to the predicted class [41]. A localized region 
of the input MRI was systematically replaced by an occlusion patch, and the resulting 
change in the predicted probability of the target class was measured.

For an image x, predicted class y, and an occluded version x(r)  in which region r is 
masked, the occlusion sensitivity score can be expressed as:

𝑆(𝑟) = 𝑝𝑦(𝑥) − 𝑝𝑦(𝑥𝑟) (5)

where S(r) denotes the sensitivity associated with region r, py (x) represents the predicted 
probability of class y for the original image, and py (x(r) ) represents the corresponding 
probability after occluding region r. A larger positive value of S(r) indicates that the 
occluded region had a stronger positive influence on the original prediction.

Operationally, Occlusion Sensitivity was computed using a 32 × 32 pixel occlusion 
patch moved across each 256 × 256 input image with a stride of 24 pixels in both spatial 
directions. The occluded region was replaced by the per-channel mean intensity calculated 
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from the corresponding input image, thereby avoiding the introduction of an artificial 
black region. For each occluded image, the decrease in the target class probability relative 
to the original unoccluded prediction was calculated. Overlapping contributions were 
averaged, negative probability changes were set to zero, and the resulting sensitivity map 
was normalized to the range [0, 1]. Occluded images were processed in batches of 32 for 
computational efficiency. For the no-tumor example, the unchanged image was displayed 
as a reference without a tumor-focused occlusion map.

The resulting sensitivity values were spatially visualized as heatmaps and overlays to 
provide qualitative insight into whether the constituent models and Feature Fusion pathway 
relied on diagnostically informative brain regions.

4. Experimental Results
The experimental evaluation was designed to assess the proposed DualXBrNet frame-

work from multiple perspectives, including predictive performance, cross-fold stability, 
computational efficiency, model complementarity, statistical reliability, feature space separa-
bility, and explainability. The results are reported for the three individual CNN models, the 
learnable Feature Fusion model, and the final dual-level stacking framework. The indepen-
dent official test set was used only for final evaluation, while the OOF predictions generated 
from the development set were used for meta-classifier training and cross-fold analysis.

4.1. Training and Optimization Strategy
All experiments used 256 × 256-pixel inputs, a batch size of 16, and a random seed 

of 42. Implementation was performed in Google Colab using Python 3.13.15, TensorFlow 
2.20.0, Keras 3.13.2, scikit-learn 1.6.1, NumPy 2.1.3, pandas 2.2.3, and SciPy 1.16.3. The 
three CNNs were trained in two stages: optimization of the classification heads with frozen 
backbones, followed by fine-tuning of selected upper layers at lower learning rates. AdamW 
with a weight decay of 1 × 10−4  was used for the CNNs, whereas Feature Fusion used Adam; 
sparse categorical cross-entropy was used throughout.

Class imbalance was addressed using weights of 1.089799, 0.940557, 1.171509, and 
0.857927 for glioma, meningioma, no-tumor, and pituitary tumor, respectively. Within 
each OOF fold, model selection relied exclusively on the inner validation subset. Median 
validation-selected epochs determined the final schedules: 14 + 4 epochs for ResNet50V2, 
4 + 1 for MobileNetV2, 8 + 2 for EfficientNetB0, and six epochs for Feature Fusion.

During fine-tuning, the final ResNet50V2 residual stage was unfrozen with Batch 
Normalization layers kept frozen; the upper 20 and 24 layers of MobileNetV2 and Efficient-
NetB0 were unfrozen, respectively. After OOF generation, the deep models were retrained 
on all 5000 development images, and the 16-dimensional OOF representation trained the 
Logistic Regression meta-classifier. Table 4 summarizes these settings. Figure 6 shows that 
ResNet50V2 and EfficientNetB0 maintained relatively close training and validation trajecto-
ries, whereas MobileNetV2 exhibited greater validation fluctuations and a wider late-stage 
gap, indicating less stable generalization. Feature Fusion converged rapidly without marked 
late-epoch divergence. Logistic Regression is excluded because it is not trained through 
epoch-based optimization.
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Figure 6. Training and validation accuracy and loss curves of ResNet50V2, MobileNetV2, Efficient-
NetB0, and the learnable Feature Fusion model.
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Table 4. Training and optimization settings of the proposed framework.

Component Stage 1 LR Stage 2 LR Optimizer Weight 
Decay

Final 
Epochs Fine-Tuning/Training Strategy

ResNet50V2 9 × 10−5 2 × 10−6 AdamW 1 × 10−4 14 + 4 Final residual stage; BN layers frozen
MobileNetV2 9 × 10−5 9 × 10−7 AdamW 1 × 10−4 4 + 1 Upper 20 backbone layers
EfficientNetB0 3 × 10−4 1 × 10−6 AdamW 1 × 10−4 8 + 2 Upper 24 backbone layers
Feature Fusion 1 × 10−3 N/A Adam N/A 6 Fusion MLP training
Meta-Classifier N/A N/A Logistic Regression L2, (C = 0.1) N/A LBFGS, max_iter = 5000

4.2. Five-Fold Out-of-Fold Performance
To evaluate the stability and generalization behavior of the constituent models before 

final testing, five-fold out-of-fold (OOF) performance was examined over the complete 
5000-image development set. In each fold, predictions were generated exclusively for 
samples that were not used for training the corresponding fold-specific models. Table 5 
summarizes the fold-wise classification accuracy together with the mean and standard 
deviation across the five folds.

Table 5. Five-fold OOF accuracy of the constituent models and evaluated meta-classifier configurations.

Model Fold 1 (%) Fold 2 (%) Fold 3 (%) Fold 4 (%) Fold 5 (%) Mean Accuracy (%) SD (%)

ResNet50V2 93.80 96.10 95.50 93.70 94.40 94.70 1.06
MobileNetV2 88.90 86.40 89.10 86.70 86.50 87.52 1.36
EfficientNetB0 91.70 91.60 91.10 91.00 90.10 91.10 0.64
Feature Fusion 97.30 97.20 96.60 96.40 96.20 96.74 0.49
LR (12-D CNN) 95.10 96.30 96.30 95.10 95.30 95.62 0.63
LR (16-D cross-level) 96.30 97.00 97.10 95.70 96.60 96.54 0.57
RBF-SVM (16-D cross-level) 96.80 97.40 97.00 96.60 96.40 96.84 0.38
RF (16-D cross-level) 96.80 97.40 97.10 96.20 96.30 96.76 0.51
MLP (16-D cross-level) 96.30 97.10 96.50 95.70 96.30 96.38 0.50

Among the individual CNN models, ResNet50V2 achieved the highest mean OOF 
accuracy of 94.70%, followed by EfficientNetB0 with 91.10% and MobileNetV2 with 87.52%. 
In the five folds, the learnable Feature Fusion model consistently outperformed all three in-
dividual CNNs, with a mean OOF accuracy of 96.74% and a standard deviation of only 
0.49%. The Feature Fusion stage outperformed the strongest individual CNN, ResNet50V2, 
by an average of 2.04 percentage points and also had lower fold-to-fold variability.

The expanded results in Table 5 show that the RBF-SVM obtained the highest mean 
meta-classifier accuracy (96.84 ± 0.38%), followed by Random Forest (96.76 ± 0.51%), Lo-
gistic Regression (96.54 ± 0.57%), and MLP (96.38 ± 0.50%). However, the overall Friedman 
test did not indicate a statistically significant difference among the four 16-dimensional 
meta-classifiers (p = 0.1083). Consistently, the paired Wilcoxon comparisons between Lo-
gistic Regression and RBF-SVM, Random Forest, and MLP were not statistically significant
(p = 0.3125, 0.2500, and 0.5000, respectively). Logistic Regression was, therefore, retained as 
the prespecified low-complexity and interpretable meta-learner rather than selecting a more 
complex alternative on the basis of a small fold-wise numerical difference. The meta-feature 
ablation further showed that adding the four Feature Fusion probabilities to the 12 indi-
vidual CNN probabilities increased the mean OOF accuracy of Logistic Regression from 
95.62 ± 0.63% to 96.54 ± 0.57%. The paired OOF comparison included 26 samples correctly 
classified only by the 12-dimensional configuration and 72 samples correctly classified only 
by the 16-dimensional configuration. McNemar’s exact test confirmed that this difference 
was statistically significant (p = 0.000004).
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4.3. Final Official Test Performance
The final performance of the three individual CNN models, the learnable Feature 

Fusion model, and the proposed DualXBrNet framework was evaluated on the independent 
official test set of 1000 MRI images. In Table 6, the proposed dual-level framework achieved 
the highest overall classification performance with an accuracy of 96.80%, a macro-precision 
of 97.19%, a macro-recall of 97.03%, and a macro-F1-score of 97.08%. It also obtained the 
highest MCC (0.9565), Cohen’s kappa (0.9563), and macro-ROC-AUC (99.77%).

Table 6. Performance comparison on the independent official test set.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) MCC Kappa ROC-AUC (%)

ResNet50V2 94.20 95.02 94.58 94.75 0.9211 0.9207 99.49
MobileNetV2 86.00 87.75 87.06 86.99 0.8124 0.8085 97.83
EfficientNetB0 93.20 94.00 94.10 93.90 0.9087 0.9072 99.49
Feature Fusion 96.50 96.81 96.76 96.74 0.9525 0.9522 99.76

DualXBrNet (Dual-Level) 96.80 97.19 97.03 97.08 0.9565 0.9563 99.77

The comparative trends of the primary classification metrics and the secondary agree-
ment and discrimination metrics are further illustrated in Figures 7 and 8, respectively.

 

Figure 7. Comparison of accuracy, precision, recall, and F1-score across the evaluated models.

 

Figure 8. Comparison of MCC, Cohen’s kappa, and ROC-AUC across the evaluated models.
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Among the individual CNNs, ResNet50V2 achieved the strongest test accuracy at 
94.20%, followed by EfficientNetB0 at 93.20%, while MobileNetV2 achieved 86.00%. As 
shown in Table 6 and Figure 7, the learnable Feature Fusion model increased the test accuracy 
to 96.50%, providing the primary performance gain of 2.30 percentage points over the 
strongest individual CNN, ResNet50V2. The subsequent OOF-based decision-level stacking 
stage further refined the fused predictions, increasing the accuracy to 96.80%. Accordingly, 
feature-level fusion provided the principal representational improvement, while decision-
level stacking contributed an additional complementary gain of 0.30 percentage points.

This behavior is also reflected in Figure 8, where DualXBrNet achieved the highest 
MCC, Cohen’s kappa, and ROC-AUC among all evaluated models.

4.4. Class-Wise Performance
A class-wise analysis was conducted to examine the diagnostic behavior of the final Du-

alXBrNet model across the four tumor categories. As summarized in Table 7, the proposed 
model achieved strong performance for all classes. The no-tumor class obtained perfect 
sensitivity of 100.00% and an ROC-AUC of 100.00%, while the pituitary class also achieved 
100.00% sensitivity with an F1-score of 98.85%. Meningioma achieved a sensitivity of 
96.41% and an F1-score of 95.32%, whereas glioma showed the lowest sensitivity among the 
four classes at 91.73%, despite maintaining high precision (97.49%) and specificity (99.20%).

Table 7. Class-wise performance of the final DualXBrNet model on the independent official test set.

Class Precision (%) Sensitivity/Recall (%) Specificity (%) F1-Score (%) ROC-AUC

Glioma 97.49 91.73 99.20 94.52 0.9963
Meningioma 94.25 96.41 97.41 95.32 0.9948

No Tumor 99.29 100.00 99.88 99.64 1.0000
Pituitary 97.72 100.00 99.00 98.85 0.9998

The corresponding confusion matrix further confirms that the majority of errors oc-
curred between glioma and meningioma, while the no-tumor and pituitary classes were 
classified without false negative errors. Overall, the class-wise results demonstrate that the 
proposed dual-level framework maintained a high level of discrimination across all four 
diagnostic categories.

4.5. Confusion Matrix and ROC Analysis
Figure 9 illustrates the confusion matrices of the five evaluated models, which allows 

us to directly compare their class-wise prediction patterns on the independent official test 
set. Among the individual CNN models, ResNet50V2 and EfficientNetB0 showed a better 
classification behavior in general than MobileNetV2, which showed more misclassifica-
tions comparatively. The learnable Feature Fusion model further enhanced the prediction 
consistency by combining complementary deep representations from the three backbone 
networks. The final DualXBrNet model showed the most balanced overall confusion pattern 
among the four diagnostic categories.
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Figure 9. Confusion matrices of the five evaluated models on the independent official test set.

Corresponding receiver operating characteristic (ROC) curves are separately shown 
in Figure 10. All evaluated models exhibited good discriminative power, with fusion-
based approaches demonstrating the best overall class separation. In agreement with the 
quantitative outcomes presented in Table 6, DualXBrNet achieves the highest macro-ROC-
AUC among all the models evaluated. The overall results of the confusion matrix and ROC 
analyses validate the superiority of the combination of feature-level fusion and OOF-based 
decision-level stacking.
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Figure 10. ROC curves of the five evaluated models on the independent official test set.

4.6. Oracle Complementarity Analysis
Under the strict five-fold OOF protocol, the three-CNN oracle accuracy reached 97.88%. 

Among the 5000 development samples, all three CNNs correctly classified 4132 cases, exactly 
two models were correct for 508 cases, and exactly one model was correct for 254 cases, 
while all three models failed simultaneously on only 106 samples. The uniquely correct 
predictions were distributed across all three backbones: 157 cases were correctly identified 
only by ResNet50V2, 28 only by MobileNetV2, and 69 only by EfficientNetB0. These results 
confirm that the prediction errors of the three CNNs were not fully overlapping.
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A similar pattern was observed on the independent official test set. The individual 
CNN accuracies ranged from 86.00% for MobileNetV2 to 94.20% for ResNet50V2, with 
EfficientNetB0 achieving 93.20%. The oracle accuracy reached 98.40%, which is 4.20 per-
centage points higher than the strongest individual CNN. Specifically, 984 of the 1000 test 
images were correctly classified by at least one CNN, while only 16 were misclassified by all 
three models. Among the uniquely correct predictions, ResNet50V2 contributed 24 cases, 
EfficientNetB0 contributed 22, and MobileNetV2 contributed five. The overall oracle results 
for the OOF development set and the independent official test set are summarized in Table 8 
and visually illustrated in Figure 11.

Table 8. Oracle complementarity analysis under the OOF and official test protocols.

Metric OOF (5000 Images) Official Test (1000 Images)

Oracle Accuracy (%) 97.88% 98.40%
All Three Correct 4132 817

Exactly Two Correct 508 116
Exactly One Correct 254 51

All Three Wrong 106 16
ResNet50V2 Only Correct 157 24

MobileNetV2 Only Correct 28 5
EfficientNetB0 Only Correct 69 22

Figure 11. Oracle complementarity profile under the OOF development protocol and the independent 
official test set.

Despite its lower standalone accuracy, MobileNetV2 exhibited measurable complemen-
tary predictive behavior. When paired with ResNet50V2, the oracle accuracy increased from 
94.20% to 96.20%, while the ResNet50V2–MobileNetV2 error overlap was 38 samples, with 
a Jaccard error similarity of 0.2375. Similarly, the MobileNetV2 EfficientNetB0 pair achieved 
an oracle accuracy of 96.00%, with 40 shared errors and a Jaccard similarity of 0.2381. These 
results indicate only partial overlap between the corresponding error sets and support 
the inclusion of MobileNetV2 as a complementary backbone despite its lower standalone 
accuracy. The pairwise complementarity results among the three CNN backbones are 
visualized in Figure 12.

The proposed Feature Fusion model increased the test accuracy to 96.50%, and the final 
DualXBrNet framework further improved it to 96.80%. Relative to the 98.40% oracle upper 
bound, the remaining oracle gap was 1.60 percentage points, indicating that DualXBrNet 
captures a substantial portion of the complementary predictive information available across 
the constituent CNNs, while some complementary predictive potential remains unexploited.
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Figure 12. Pairwise error diversity of the three CNN backbones on the independent official test set, 
expressed in terms of shared errors and Jaccard error similarity.

4.7. Computational Complexity Analysis
The computational complexity of the proposed framework and its constituent models 

was evaluated in terms of the total number of parameters, trainable parameters, parameter 
memory, saved model size, and floating point operations (FLOPs), as summarized in Table 9. 
Among the three backbone CNNs, ResNet50V2 exhibited the highest computational de-
mand, with approximately 24.10 million parameters, 14.96 million trainable parameters, and 
9.13 GFLOPs. In contrast, MobileNetV2 was the most lightweight backbone, requiring only 
2.59 million parameters and approximately 0.80 GFLOPs, while EfficientNetB0 provided an 
intermediate computational profile with 4.55 million parameters and 1.05 GFLOPs.

Table 9. Computational complexity of the backbone and fusion components.

Model Total
Parameters

Trainable
Parameters

Parameter 
Memory (MB)

Saved Model 
Size (MB) GFLOPs

ResNet50V2 24,098,564 14,955,780 91.93 206.70 9.1291
MobileNetV2 2,586,948 1,839,684 9.87 24.48 0.8013
EfficientNetB0 4,548,135 1,979,364 17.35 33.28 1.0465
Feature Fusion 249,924 248,132 0.95 2.88 0.0005

Meta-Logistic Regression 68 68 0.0005 0.0013 0.00000013

The learnable Feature Fusion module introduced only a modest additional overhead, 
containing approximately 0.25 million parameters and requiring less than 0.001 GFLOPs. 
Similarly, the decision-level meta-classifier was computationally negligible, consisting of only 
68 trainable parameters and 132 FLOPs. These findings indicate that the major computational 
cost of the proposed framework is associated with the pretrained CNN backbones, whereas 
the additional feature and decision-level fusion stages contribute minimal complexity. There-
fore, the improved diagnostic performance of DualXBrNet is achieved without introducing a 
substantial computational burden beyond that of the underlying backbone networks.

4.8. Additional Evaluation on the Masoud Dataset
The finalized BRISC2025 trained models were additionally evaluated on all 7200 images 

of the Masoud dataset without retraining, fine-tuning, or parameter modification. As 
summarized in Table 10, DualXBrNet achieved an accuracy of 94.94%, a macro-F1-score 
of 94.96%, and a macro-AUC of 99.41%, demonstrating that the framework maintained 
strong classification performance when applied to data obtained from another public source. 
Feature Fusion achieved the highest accuracy of 95.35% and a macro-F1-score of 95.37%, 
whereas DualXBrNet achieved the highest macro-AUC of 99.41%.

https://doi.org/10.3390/biomedinformatics6050092

https://doi.org/10.3390/biomedinformatics6050092


BioMedInformatics 2026, 6, 92 24 of 33

Table 10. Performance of the finalized BRISC2025-trained models on the complete Masoud dataset 
without retraining or fine-tuning.

Model Accuracy
(%)

Macro-Precision
(%)

Macro-Recall 
(%)

Macro-F1
(%)

Weighted F1
(%)

Macro-AUC
(%)

ResNet50V2 90.56 91.39 90.56 90.47 90.47 98.72
MobileNetV2 83.24 84.57 83.24 83.14 83.14 97.50
EfficientNetB0 88.33 89.00 88.33 88.22 88.22 98.53
Feature Fusion 95.35 95.61 95.35 95.37 95.37 99.34

DualXBrNet 94.94 95.27 94.94 94.96 94.96 99.41

On the original 1600 image testing partition of the Masoud dataset, both Feature Fusion 
and DualXBrNet achieved an accuracy of 89.69%. Their macro-F1-scores were 89.64% and 
89.67%, respectively, while DualXBrNet achieved a macro-AUC of 98.03%. The paired 
prediction analysis showed that Feature Fusion exclusively corrected 15 samples missed by 
DualXBrNet, while DualXBrNet exclusively corrected 15 samples missed by Feature Fusion. 
Accordingly, McNemar’s exact test indicated no statistically significant difference between 
the two models (p = 1.000).

Because a post hoc overlap audit identified shared images between the BRISC2025 
and Masoud collections, these results are interpreted as a supplementary cross-dataset 
consistency assessment rather than fully independent external validation.

4.9. Statistical Validation
To assess the reliability of the final DualXBrNet performance and determine whether 

its improvement over the Feature Fusion model was statistically meaningful, bootstrap 
confidence interval estimation and McNemar’s test were applied to the independent official 
test set. The final dual-level model achieved an observed accuracy of 96.80%, with a bootstrap 
mean accuracy of 96.81% and a 95% confidence interval of 95.70–97.80%. The corresponding 
bootstrap standard deviation was 0.55 percentage points, indicating limited variability in 
the estimated test accuracy.

As reported in Table 11, the paired comparison between the Feature Fusion and final 
dual-level models showed that three cases were correctly classified only by the Feature Fusion 
model, whereas six cases were correctly classified only by the dual-level model. Although 
the final dual-level framework improved accuracy from 96.50% to 96.80%, corresponding to a 
numerical gain of 0.30 percentage points, the exact McNemar test produced a p-value of 0.5078. 
Therefore, the observed improvement was numerical but not statistically significant at the 
conventional 0.05 significance level. This result indicates that the final decision-level stacking 
stage provided a modest performance gain over feature-level fusion, but the difference was 
not sufficiently large to establish statistical superiority on the current 1000-image test set.

Table 11. Statistical validation of the final DualXBrNet model.

Statistical Measure Result

Observed accuracy (%) 96.80
Bootstrap mean accuracy (%) 96.81

Bootstrap 95% CI (%) 95.70–97.80
Bootstrap SD (%) 0.55

Feature Fusion only correct 3
Dual-level only correct 6

Accuracy difference (percentage points) +0.30
McNemar exact p-value 0.5078
Statistical significance Not significant
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4.10. Feature Space Visualization
To examine the discriminative structure of the learned representations, t-SNE and 

UMAP were used to visualize the feature spaces of the three CNN backbones and Feature 
Fusion. The resulting two-dimensional projections are presented side by side in Figure 13.

Figure 13. t-SNE and UMAP visualizations of ResNet50V2, MobileNetV2, EfficientNetB0, and the 
learnable Feature Fusion representation on the independent official test set.
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The backbones exhibited different levels of intraclass compactness and interclass sepa-
ration. ResNet50V2 and EfficientNetB0 showed more structured class distributions than 
MobileNetV2, whereas Feature Fusion produced tighter clusters and clearer class separation. 
These observations are consistent with the quantitative results and indicate that combining 
complementary deep representations improves feature space discrimination.

4.11. Explainability Analysis
The Occlusion Sensitivity visualizations for representative samples from the four 

diagnostic classes are presented in Figure 14. For the tumor classes, occluding regions 
located within or near the visible lesion generally produced the largest reduction in the 
predicted class probability, resulting in concentrated high-sensitivity regions around the 
abnormal tissue. This behavior was particularly evident in the glioma, meningioma, and 
pituitary examples, although the spatial extent of the response varied according to the size, 
appearance, and location of the lesion. In contrast, the no-tumor example produced a less 
localized sensitivity pattern because the corresponding decision was based on the absence 
of a focal abnormality rather than the presence of a single discriminative lesion.

These observations suggest that the predictions were influenced primarily by diagnos-
tically relevant intracranial regions rather than by image borders or unrelated background 
content. Nevertheless, Occlusion Sensitivity provides a qualitative, model-dependent ex-
planation and should not be interpreted as a precise tumor segmentation result or clinical 
localization map. The visualizations, therefore, complement the quantitative findings by il-
lustrating the spatial evidence associated with individual predictions while also highlighting 
the need for broader validation of explanation consistency across additional samples.

4.12. Comparison with Recent Studies
To contextualize the performance and methodological contribution of DualXBrNet, 

Table 12 compares the proposed framework with representative brain tumor MRI studies 
published between 2024 and 2026, including Feature Fusion, ensemble, stacking, meta-
learning, and explainable classification approaches. Particular attention is given to how 
predictive information is combined and whether out-of-fold (OOF) predictions are used 
for meta-learning. Because the compared studies employ different datasets, preprocessing 
procedures, data partitions, and evaluation protocols, their reported accuracies should be 
interpreted as contextual benchmarks rather than direct performance comparisons. For 
DualXBrNet, the 96.80% accuracy corresponds to the BRISC2025 official test set, whereas 
the 94.94% result was obtained on the complete Masoud dataset without retraining. Since 
shared images were identified between the BRISC2025 and Masoud collections, this re-
sult is considered a supplementary cross-dataset consistency assessment rather than fully 
independent external validation.

The closest methodological comparison is the approach of Uthra and Sivashankari [17], 
which also constructs a 16-dimensional OOF meta-representation. Their representation 
concatenates probability outputs from four independent base architectures, whereas Du-
alXBrNet combines the 12 probabilities generated by three heterogeneous CNNs with 
four additional probabilities produced through learnable fusion of their latent represen-
tations. Thus, the proposed representation integrates architecture-specific decisions with 
a fusion-derived prediction, and its incremental contribution is evaluated through the 
controlled comparison between 12-dimensional CNN-only stacking and the proposed 
16-dimensional representation.
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Figure 14. Occlusion Sensitivity maps and overlays for representative MRI samples from the glioma, 
meningioma, no-tumor, and pituitary classes.
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Table 12. Performance comparison of DualXBrNet with related studies.

Study Year Fusion/Ensemble
Strategy

Meta-Learning and 
Validation Design

Dataset/
Setting

Accuracy
(%)

Almnawer et al. 
[42] 2026

CrossTaskFormer
With

cross-task attention

Multi-task ensemble 
with test time 

augmentation; no 
OOF stacking

BRISC four-class 
MRI dataset 99.30

Alkharaan et al. 
[43] 2026 EfficientNet-B1 with

U-Net++
Transfer learning;
no OOF stacking

BRISC2025 
classification and 

segmentation 
dataset

99.70

Bouguerra et al. 
[44] 2025

FALCON fusion of 
custom CNNs and
EfficientNet-B0–B7

65%/17%/18% 
train–validation–test 

split; no OOF 
stacking

Masoud dataset
(7023 images) 100.00

Chen et al. [18] 2024
Feature summation 

fusion
of three CNNs

Direct fused feature 
classification; no 

meta-learner

Figshare and
Kaggle datasets 99.18/97.24

Haque et al. [14] 2025
Heterogeneous 

stacking
of four deep models

CatBoost 
meta-learner with 

complementary 
analyses

Two four-class 
datasets from four 

public sources

98.09 ± 0.36/ 
98.99 ± 0.41

Uthra & 
Sivashankari [17] 2026 Probability stacking of 

four architectures

Five-fold OOF 16-D 
representation with 

LightGBM

Masoud dataset; 
5600/1600 split 95.50

Eone Etoua et al. 
[21] 2026

Macro-F1-weighted
fusion of LBP and 

three CNNs

Five-fold CV with 
internal weighting; 
no OOF stacking

Masoud four-class
MRI dataset 97.93 ± 0.18

This Study 
DualXBrNet 2026

Three-CNN feature 
fusion with cross-level 

integration

Five-fold OOF 
stacking; 12-D vs. 

16-D ablation

BRISC2025 test set; 
Masoud 

consistency 
assessment

96.80/94.94

5. Discussion
The results indicate that the primary benefit of DualXBrNet arises from learnable 

feature-level fusion. By combining heterogeneous representations from ResNet50V2, Mo-
bileNetV2, and EfficientNetB0, the Feature Fusion network learns complementary inter-
actions before generating class probabilities. Decision-level stacking provides a smaller 
additional refinement because its inputs already summarize the information learned by the 
individual CNNs and their fused representation.

5.1. Predictive Complementarity of the CNN Backbones
Oracle accuracy reached 97.88% under the strict OOF protocol and 98.40% on the 

independent official test set, confirming that the three CNNs did not consistently fail on 
the same samples. Pairwise and unique-correct analyses further showed that MobileNetV2 
contributed non-redundant predictions despite its lower standalone accuracy. The results 
are in favor of using heterogeneous backbones instead of only relying on the strongest 
individual CNN.

5.2. Statistical Significance of the Decision-Level Refinement
DualXBrNet increased Feature Fusion accuracy from 96.50% to 96.80%. However, this 

difference was not statistically significant according to McNemar’s exact test (p = 0.5078). 
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The stacking stage should, therefore, be interpreted as a modest refinement rather than a 
statistically confirmed improvement. Nevertheless, the strict OOF procedure ensured that 
the meta-classifier was trained on out-of-sample predictions, thereby avoiding training to 
meta-level leakage.

5.3. Class-Wise Performance and Challenging Classes
Strong discrimination was achieved across the four diagnostic categories, although 

glioma remained the most challenging class, with a sensitivity of 91.73%. Most residual 
errors involved confusion between glioma and meningioma. Although class weighting 
addressed class imbalance, it could not resolve similarities in intensity, texture, shape, 
and anatomical appearance. Future work could investigate focal or class-balanced loss, 
targeted augmentation, hard-example mining, and region-aware segmentation to improve 
performance on visually ambiguous cases.

5.4. Explainability and Feature Space Organization
The t-SNE and UMAP visualisations showed better class organization after feature 

fusion, indicating that the fused representation captured more discriminative structure. 
Occlusion Sensitivity maps further showed that predictions were generally influenced 
by informative intracranial regions, with tumor class responses concentrated near visible 
lesions and a more diffuse pattern for the no-tumor example. However, these maps provide 
qualitative model-dependent explanations and should not be interpreted as precise tumor-
segmentation or clinical localization results.

5.5. Meta-Classifier Selection and the 16-Dimensional Representation
None of the evaluated nonlinear or tree-based meta-classifiers produced a statistically 

significant fold-wise improvement over Logistic Regression. This supports retaining Logistic 
Regression as a parsimonious and interpretable second-level model.

In contrast, adding the four Feature Fusion probabilities to the 12 individual CNN 
probabilities increased mean OOF accuracy from 95.62% to 96.54%. McNemar’s exact test 
confirmed that this improvement was statistically significant (p = 0.000004). Therefore, the 
principal contribution of the second-level design lies in enriching the meta-representation 
with fusion-derived information rather than increasing meta-classifier complexity.

5.6. Computational Considerations
The fusion components introduced limited additional complexity compared with the 

backbone CNNs. The Feature Fusion network contained approximately 0.25 million param-
eters, while the Logistic Regression meta-classifier contained only 68 trainable parameters. 
Thus, the main computational cost remained associated with the pretrained CNN back-
bones, and cross-level integration was achieved without introducing a computationally 
expensive second-level architecture.

5.7. Cross-Dataset Evaluation and Study Limitations
DualXBrNet achieved 94.94% accuracy on the complete Masoud dataset without retrain-

ing or fine-tuning. The reduction from 96.80% on the BRISC2025 official test set suggests 
some sensitivity to dataset distribution. Moreover, a post hoc overlap audit identified 
shared images between the BRISC2025 and Masoud collections. This experiment is, there-
fore, interpreted as a supplementary cross-dataset consistency assessment rather than fully 
independent external validation.

Other limitations include the absence of patient-level metadata, evaluation on a single 
primary benchmark, the non-significant improvement of stacking over Feature Fusion, and 
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the qualitative nature of the explainability analysis. Future work should evaluate insti-
tutionally independent cohorts with confirmed patient-level separation and investigate 
calibration, uncertainty estimation, alternative cross-level fusion strategies, and comple-
mentary explainability methods.

6. Conclusions
This study proposed DualXBrNet, a dual-level fusion framework that integrates 

ResNet50V2, MobileNetV2, and EfficientNetB0 through learnable feature-level fusion and 
five-fold OOF decision-level stacking. The framework achieved 96.80% accuracy and a 
macro-ROC-AUC of 99.77% on the independent official BRISC2025 test set.

The Feature Fusion path provided the largest performance gain, whereas the subse-
quent decision-level stacking produced a smaller and statistically non-significant improve-
ment. Oracle analysis indicated that the heterogeneous CNN backbones contributed par-
tially non-redundant predictions, while the significant improvement of the 16-dimensional 
representation over the 12-dimensional CNN-only representation demonstrated the com-
plementary contribution of the fusion-derived probabilities.

Furthermore, DualXBrNet also achieved 94.94% accuracy on the Masoud dataset 
without retraining. However, because shared images were identified between the two 
collections, this result should be regarded as a supplementary cross-dataset consistency 
assessment rather than fully independent external validation. Future work should evaluate 
the framework on institutionally independent datasets with patient-level separation, inves-
tigate alternative meta-fusion strategies, and conduct broader quantitative evaluations of 
explanation consistency.
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Abbreviations
 The following abbreviations are used in this manuscript:

Abbreviation Definition
AI Artificial Intelligence
AUC Area Under the Curve
BN Batch Normalization
CI Confidence Interval
CNN Convolutional Neural Network
CV Cross-Validation
DL Deep Learning
FLOPs Floating Point Operations
FN False Negative
FP False Positive
GAP Global Average Pooling
LBFGS Limited memory Broyden–Fletcher–Goldfarb–Shanno
LBP Local Binary Pattern
LR Logistic Regression
MCC Matthews Correlation Coefficient
MLP Multilayer Perceptron
MRI Magnetic Resonance Imaging
OOF Out-of-Fold
RBF-SVM Radial Basis Function Support Vector Machine
ReLU Rectified Linear Unit
RF Random Forest
ROC Receiver Operating Characteristic
SD Standard Deviation
SHAP SHapley Additive exPlanations
t-SNE t-Distributed Stochastic Neighbor Embedding
TN True Negative
TP True Positive
UMAP Uniform Manifold Approximation and Projection
XAI Explainable Artificial Intelligence
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