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Abstract

Background: Medical image analysis plays a critical role in brain tumor detection, but training deep learning models often
requires large, label ed datasets, which can be time-consuming and costly. This study explores a comparative analysis of machine
learning and deep learning models for brain tumor classification, focusing on whether deep learning models are necessary for
small medical datasets and whether self-supervised learning can reduce annotation costs.

Objective:  The primary goa is to evaluate trade-offs between traditional machine learning and deep learning, including
self-supervised models under small medical image data. The secondary goal is to assess model robustness, transferability, and
generalization through evaluation of unseen data within- and cross-domains.

Methods: Four modelswere compared: (1) support vector machine (SVM) with histogram of oriented gradients (HOG) features,
(2) aconvolutional neural network based on ResNet18, (3) atransformer-based model using vision transformer (ViT-B/16), and
(4) a self-supervised learning approach using Simple Contrastive Learning of Visual Representations (SimCLR). These models
were selected to represent diverse paradigms. SVM+HOG represents traditional feature engineering with low computational cost,
ResNet18 serves as a well-established convolutional neural network with strong baseline performance, ViT-B/16 leverages
self-attention to capture long-range spatial features, and SImCLR enables learning from unlabeled data, potentially reducing
annotation costs. The primary dataset consisted of 2870 brain magnetic resonance images across 4 classes: glioma, meningioma,
pituitary, and nontumor. All models were trained under consistent settings, including data augmentation, early stopping, and 3
independent runs using the different random seedsto account for performance variability. Performance metricsincluded accuracy,
precision, recal, F;-score, and convergence. To assess robustness and generalization capability, evaluation was performed on
unseen test data from both the primary and cross datasets. No retraining or test augmentations were applied to the external data,
thereby reflecting redlistic deployment conditions. The models demonstrated consistently strong performancein both within-domain
and cross-domain evaluations.

Results: Theresultsreveaed distinct trade-offs; ResNet18 achieved the highest validation accuracy (mean 99.77%, SD 0.00%)
and the lowest validation loss, along with a weighted test accuracy of 99% within-domain and 95% cross-domain. SmCLR
reached a mean validation accuracy of 97.29% (SD 0.86%) and achieved up to 97% weighted test accuracy within-domain and
91% cross-domain, despite requiring 2-stage training phases involving contrastive pretraining followed by linear evaluation.
ViT-B/16 reached a mean validation accuracy of 97.36% (SD 0.11%), with aweighted test accuracy of 98% within-domain and
93% cross-domain. SVM+HOG maintained a competitive validation accuracy of 96.51%, with 97% within-domain test accuracy,
though its accuracy dropped to 80% cross-domain.

Conclusions: The study reveals meaningful trade-offs between model complexity, annotation requirements, and deployment
feasibility—critical factors for selecting modelsin real-world medical imaging applications.
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Introduction

Methods

Brain tumors, characterized by the abnormal growth of brain
cells, pose significant health risks and can result in severe
neurological dysfunction or death if not detected early [1,2].
Timely and accurate diagnosisis essential for effective treatment
and improved patient outcomes[3]. M agnetic resonance imaging
(MRYI) isthewidely used modality for capturing high-resolution
brain images. However, the manual review of hundreds of MRI
scans to identify tumors is time-consuming and error-prone,
posing a considerable challenge for radiologists [3]. In this
context, machine learning and deep learning approaches have
demonstrated promising potential in improving diagnostic
accuracy and efficiency [3].

Recent studies have increasingly focused on leveraging machine
learning and deep learning for medical image classification
tasks, including brain tumor detection [3-5]. However, selecting
the appropriate type of model for small medical image datasets
remains a challenge.

To addressthischallenge, we conducted acomparative analysis
of 2 publicly and independent available MRI brain tumor
datasets;, our study included 1 classical machine learning
model—support vector machine (SVM) with histogram of
oriented gradients (HOG) features [6,7], and 3 deep learning
models—convolutional neural network (CNN) based on
ResNet18 [8], a vision transformer (ViT) based on ViT-B/16
[9], and asalf-supervised learning (SSL) model based on Simple
Contrastive Learning of Visual Representations (SmCLR) [10].
These models were selected to represent 4 distinct paradigms
in medical image classification. SVM+HOG represents
traditional feature engineering approaches with low
computationa reguirements. ResNet18, awell-established CNN,
is known for its strong baseline performance in small- to
medium-sized datasets. ViT-B/16 introduces global attention
mechanisms capable of capturing long-range dependencies.
SImCLR enables representation learning from unlabeled data,
offering potential benefitsin annotation-scarce clinical settings.
Each type of model offers unique advantages and limitations
when applied to small medical image datasets [11], making
them ideal for atrade-off comparative analysis.

To assess the applicability of trade-offsin small medical image
datasets, five analytical perspectives were considered: (1)
training behavior and convergence[12], (2) train and validation
data performance [13], (3) generaization: within- and
cross-domains[14], (4) visua interpretation via saliency maps
[15], and (5) real-world cost, complexity, and deployment
feasibility [11,16].

This comparative study aims to provide practical insights for
both machine learning researchers and health care practitioners
by identifying reliable, scalable, and computationally efficient
artificial intelligence (Al) solutions for medica imaging
applications.
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Study Overview

This study investigates the trade-offs between traditional
machine learning and deep learning approaches, including SSL,
for brain tumor classification. The analysiswas conducted using
a primary medical imaging dataset [3,11]. To evauate
robustness and generalization capabilities, the models were
assessed on unseen test data under both within-domain and
cross-domain scenarios, simulating real-world deployment
conditions.

Dataset Description

The primary dataset used for training and validation isthe Brain
Tumor MRI Image Dataset (T 1-weighted, 2D), an open-source
resource hosted on Figshare [17]. It comprises atotal of 2870
magnetic resonance images, categorized into 4 subsets: glioma
(826 images), meningioma (822 images), pituitary (827 images),
and no tumor (395 images).

To assess cross-domain generalization, we used a cross dataset
of brain tumor magnetic resonance images (T1-weighted, 2D)
compiled from multiple publicly availablerepositories, including
Kaggle and Roboflow [18]. While the original dataset contains
a mixture of computed tomography and MRI scans, only the
MRI subset wasretained for evaluation in this study. Thiscross
dataset introduced natural domain shifts due to variations in
image size, patient demographics, and file formats (eg, JPG and
JPEG), thereby providing arealistic benchmark for evaluating
generalization performance.

Data Processing

The primary image dataset was partitioned into training,
validation, and test sets. Within each partition, images were
further organized into “tumor” and “no tumor” categories.
Tumor (2475 images) was split into training, validation, and
test datasets in a 70:15:15 ratio, while no tumor (395 images)
was split using the same proportion.

The cross dataset was originally organized into “healthy” and
“tumor” folders, these were relabeled as “no tumor” and
“tumor,” respectively, to maintain consistency with the structure
of the primary dataset. To prevent data leakage and ensure
unbiased evaluation of generalization performance, the phash
algorithm [19] was applied to compare each cross-dataset image
with the training images;, any visualy identical or nearly
identical images were removed from the cross dataset. After
duplication, 3351 cross-dataset magnetic resonance images
remained, including 2123 tumor and 1228 no tumor. All images
were mapped to binary labels: 1 for “tumor” and O for “no
tumor” cross dataset.

IMIR Al 2025 | vol. 4 | €76344 | p. 2
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

Model Designing

Support Vector Machine + Histogram of Oriented
Gradients

We applied an SVM classifier in combination with HOG feature
extraction to classify brain tumor images. HOG was used to
extract edge and shapeinformation by analyzing the distribution
of gradient orientations across localized regions of the image
[6]. Because HOG effectively captures fine-grained structural
patterns, it is particularly suitable for identifying tumor
boundaries, which exhibit strong and localized gradient
variations.

Following HOG-based feature extraction, the resulting feature
vectorswerefed into an SVM, asupervised learning algorithm
widely recognized for its effectiveness in binary classification
tasks [20]. In this study, we used a linear kernel since tumor
and nontumor images exhibit distinct and approximately linearly
separable gradient patterns in the HOG feature space [7].

Convolutional Neural Network (ResNet18)

A CNN based on ResNet18 was applied for brain tumor image
classification. ResNet18 is a widely used deep learning
architecture that integrates residua learning to mitigate the
vanishing gradient problem [8]. It comprises 17 convolutional
layers followed by a fully connected classification layer.
Compared to traditional CNN models, the key advantage of
ResNet18liesinits use of 4 residua blocks, each consisting of
2 convolutional layers combined with batch normalization and
rectified linear unit activation. Residual connections directly
add the input of a block to its output, enabling the network to
learn residual mappings and maintain a strong gradient flow
during backpropagation [8,12] and mitigating the vanishing
gradient issue. Thisfeature makes ResNet18 particularly suitable
for complex medical image tasks[21].

The residual block follows the logic: y=F(x)+x, where F(x)
representsthe convol utional transformation applied to theinput
X. Theterm x is passed directly to the next layer through a skip
connection, allowing the network to learn residual mappings
and maintain effective gradient flow.

To improve model generalization and mitigate overfitting, data
augmentation techniques were applied during the training
process [22]. These argumentations included random affine
transformations with shear up to +5 degrees, random scaling
between 95% and 105%, and small random rotation up to +3
degrees. In addition, 50% (n=866) of images were randomly
flipped horizontally and 30% (n=520) vertically, and aGaussian
blur was applied using a kernel size of 3 with a sigma value
randomly selected from the range 0.1 to 1.0. Furthermore, the
imageswereresized on the shortest sideto 224 pixels, followed
by a center crop to ensure a consistent input size of 224x224.
Finally, the images were converted to a tensor and normalized
to pixel intensity values, using amean of 0.5 (SD 0.5).

The validation data were preprocessed with minimal
transformations, including resizing, center cropping, tensor
conversion, and normalization with the same parameters. For
fine-tuning, all pretrained layers except thelast 3residual blocks
and the fully connected layer were frozen; these 4 layers were
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fine-tuned to adapt to the binary classification task. The fully
connected layer was modified with randomly incorporating a
40% dropout rate, followed by a linear layer with 2 outputs
corresponding to the tumor and no-tumor classes.

Vision Transformer (Vit-B/16)

VIiT models are widely used in computer vision by leveraging
self-attention mechanisms to capture long-range dependencies
across an entire image [9]. Unlike CNNs, which learn
hierarchical feature representations via local receptive fields,
ViTspartition animageinto nonoverlapping patches and process
them as flattened tokens [9]. Those tokens are then passed
through multiple transformer encoder layers, where multihead
self-attention model s both local and global relationshipswithin
the image.

In this study, we fine-tuned ViT-B/16 model by unfreezing the
last 5 transformer encoder layers along with the classification
head to better capture the complex long-range dependencies.
ViT-B/16 comprises 12 self-attention heads with a hidden
dimension of 768 [9]. Within each encoder layer, the
feed-forward network includes 2 fully connected layers with
Gaussian error linear unit activations, expanding the hidden
dimension from 768 to 3072 before projecting it back to 768
[23].

Self-Supervised Learning (SmMCLR)

SSL enables models to learn robust feature representations
directly from unlabeled data. In this study, we applied SmMCLR,
which learns meaningful feature representations by maximizing
agreement between different augmented views of the same
image (positive pairs) while minimizing similarity between
views of different images (negative pairs) through a contrastive
lossin the latent space [10]. This approach enables the encoder
to extract invariant and discriminative features, which are
subsequently leveraged for downstream classification tasks[24].

During the pretrained phase, we applied various augmentations
to generate 2 augmented views of the same image, denoted as
X and x. These augmented images were then passed through a
ResNet18-based encoder to extract feature representations. The
embeddings were mapped into alower-dimensional space using
a projection head, which minimized the distance between the
positive pairs, X and X;, while maximizing the similarity from
all other views wusing contrastive loss (normalized
temperature-scaled cross entropy l0ss) [25].

Following pretraining, we performed a linear evaluation: the
encoder wasfrozen, and afully connected linear layer classifier
was trained on top using supervised labels to evaluate the
learned representations.

Model Training

Support Vector Machine + Histogram of Oriented
Gradients

The SVM+HOG model was trained and vaidated over 3
independent runs using different random seeds to ensure
robustness. For each run, the training and validation datasets
were first loaded and shuffled, and then, HOG was applied to
each image after resizing to 128x128 pixels. The images were

IMIR Al 2025 | vol. 4| €76344 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

divided into small cells with 16x16 pixels, and a histogram of
gradient orientations was computed per cell. Histograms were
normalized across blocks with 2x2 cells to improve contrast
robustness [6]. The resulting HOG feature vector was flattened
into a 1D array with alength of 1764 features (f;, f,, ... f1764),
representing the gradient information distribution captured from
different parts of theimage, preserving local shapeinformation.
No channel conversion was heeded, asthese tumor imageswere
in grayscale format.

A support vector classifier from scikit-learn was used, with the
default regularization parameters (C=1.0) and hinge loss [26].
Performance was evaluated on a validation dataset after each
run. The training process was repeated across 3 independent
runs, and accuracy was recorded for each run. The model with
the highest validation accuracy across the 3 runs was selected
and saved for testing.

Convolutional Neural Network (ResNet18)
The ResNet18 model was trained using Adam optimizer with

a learning rate of 1x10* and a weight decay of 1x10™>; the
classification task was optimized using a cross-entropy loss
function, with labeling smoothing set to 0.05 [27,28]. To
dynamically adjust the learning rate, a Reducel ROnPlateau
scheduler was applied, which reduced the learning rate by a
factor of 0.5 if the validation loss failed to improve over 3
consecutive epochs [29]. To prevent overfitting, early stopping
was used: training terminated if validation lossfailed to improve
by at least 0.001 over 4 consecutive epochs. The model was
trained for up to 35 epochs with a batch size of 32.

Model performance was monitored at each epoch, and the
best-performing checkpoint based on the lowest validation loss
from each run was saved. To ensure robustness and
reproducibility, training was repeated across 3 independent runs
with different random seeds. The results were reported as the
mean and SD of accuracy and |oss across the best-performance
models from each run. After completing all 3 runs, the model
with the best validation loss across runs was selected for
evaluation on the unseen test data.

Vision Transformer (Vit-B/16)

For the ViT-B/16 model, we adopted the same data
augmentation strategy used for ResNetl8 to maintain
experimental consistency. Dueto ViT-B/16’s higher parameter

count, the learning rate was increased to 3x107* to accelerate
convergence [9]. The CosineAnnealing scheduler was used
instead of Reducel ROnPlateau to achieve smoother decay,
which is typically advantageous for transformer architectures
[30]. The model was trained for up to 50 epochs, with early
stopping patience set to 6 and batch size set to 32. Training was
repeated 3 times with different seeds. The best checkpoint per
run based on validation loss was saved, and the overall
best-performing model was selected for testing.

Slf-Supervised Learning (SmCLR)

SIMCLR was pretrained to learn image representations using
contrastivelearning [ 10]. The ResNet18-based encoder produced
a 512-dimensional embedding vector, which was then passed
through a projection head consisting of 2 linear layers and
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rectified linear unit activation, reducing the vector to 128
dimensions. Pretraining used Adam optimizer, learning rate

1x107* weight decay 1x107°, abatch size of 128, and up to 200
epochs. The Data L oader was configured with num_works equal
to 4 to parallelize data loading and accelerated training. A
Reducel. ROnPlateau scheduler and early stopping were used
[29]. After pretraining, the encoder was frozen, and a linear
classifier was trained for 50 epochs with a batch size of 32.
Training was repeated 3 timeswith different seeds, and the best
checkpoint per run was saved. The overall best-performing
model across runs was used for evaluation on the unseen test
dataset.

M odel Evaluation

To ensureafair and reproducible comparison across all models,
we evaluated their performance from 5 perspectives: training
behavior and convergence, training and validation data
performance, generalization: within- and cross-domains, visual
interpretation via saliency maps, and rea-world cost,
complexity, and deployment feasibility.

For training behavior and convergence, we monitored
epoch-wise training and validation accuracy and loss. Because
early stopping caused different runs to terminate at varying
epochs, shorter training runs were padded to match the
maximum number of epochs while excluding padded values
from the dtatistics. This approach enabled a consistent
assessment of convergence stability across models.

For training and validation data performance, we compared
training and validation accuracy, training and validation loss,
and training time across models on the primary dataset.
Accuracy and loss were computed on both the training and
validation sets to assess potential overfitting and robustness.
Training time was also recorded to evaluate computational
efficiency. Furthermore, classification performance on the
validation data was assessed using precision, recall, F;-score,
and support for each class (tumor and nontumor), along with
macro and weighted averages and overall accuracy.

For generalization within- and cross-domains, we assessed
classification performance and confusion matrices on the unseen
test datasets from both the primary and cross-domains. To better
simulate real-world conditions, no test-time augmentations or
artificial noise were applied during evaluation. To ensure
reproducibility of the test-time results, all random seeds were
fixed to 42 at the start of each model evaluation. Each model
was eval uated using the best-performing weights obtained during
training.

For visual interpretation via saliency maps, we examined model
interpretability and generalization by visualizing the regions of
the input images that most influenced classification decision.
Saliency mapswere generated for the same tumor and nontumor
images from the primary dataset across all 4 models to ensure
consistency in comparison. Similarly, 1 tumor and nontumor
image from the cross dataset were used to examine how each
model attended to relevant features across models.

Finally, for real-world cost, complexity, and deployment
feasibility, we assessed each model’s computational resource
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requirements, training and inference efficiency, and practicality
for integration into real-world clinical workflows.

Ethical Consider ations

This study did not involve human or animal participants.
Ingtitutional review board approval, informed consent, data
confidentiality, and participant compensation were not
applicable.

Results

Training Behavior and Convergence

Figure 1 shows the training and validation accuracy across
epochs for (A) ResNet18, (B) ViT-B/16, and (C) SmCLR,
while Figure 2 presentsthe corresponding training and validation
loss curves. Across the deep learning models, training and
validation accuracy increased steadily during early epochs and
gradually plateaued toward the later stages of training.
Additionally, thetraining and validation curvesremained closely
aligned, with only small fluctuations, indicating stablelearning
progress. Similarly, training and validation loss decreased
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consistently over time, with validation loss typically remaining
dightly lower or close to training loss. These trends
demonstrated that ResNet18, ViT-B/16, and SSimCLR achieved
stable convergence without significantly overfitting or
underfitting. The SVM+HOG does not have an epoch-based
training process; hence, no convergence curve was shown.

Additionally, due to early stopping, different runs of the same
deep learning models terminated at varying epochs, and the
maximum number of training epochs observed acrossthe 3 runs
was 20 for ResNet18, 38 for ViT-B/16, and 48 for SmCLR.

Notably, acrossall deep learning models, training accuracy was
dightly lower than validation accuracy, and training loss was
dightly higher or close to the validation loss. This was due to
the use of data augmentation during training, which introduced
random transformations such as cropping, flipping, and Gaussian
blur to improve generalization. These argumentations made the
training more challenging, whereas validation data remained
nonaugmented, leading to relatively easier and more consistent
predictions.

IMIR Al 2025 | vol. 4| €76344 | p. 5
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Tian

Figurel. Training and validation accuracy curvesfor (A) ResNet18, (B) ViT-B/16, and (C) SimCLR. SimCLR: Simple Contrastive L earning of Visual
Representations; ViT: vision transformer.
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Figure 2. Training and validation loss curves for (A) ResNet18, (B) ViT-B/16, and (C) SmMCLR. SimCLR: Simple Contrastive Learning of Visua

Representations; ViT: vision transformer.
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Training and Validation Data Performance

Table 1 summarizes the training and validation performance
across 4 models. Among deep learning models, ResNet18
achieved the highest validation accuracy (mean 99.77%, SD
0.00%) with the lowest validation loss (mean 12.58%, SD
0.21%), demonstrated strong convergence and stability.
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ViT-B/16 and SImCLR also performed well, achieving mean
validation accuracies of 97.36% (SD 11%) and 97.29% (SD
86%), respectively, though their dightly higher training and
validation losses indicated slower convergence compared to
ResNet18. For the classical model SVM+HOG, mean vaidation
accuracy reached 96.51% (SD 0.00), indicating no overfitting
or underfitting.
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Table 1. Training and validation performance comparison across 4 models.

Tian

Model Training time (sec-  Training accuracy (%), Validation accuracy (%),  Training loss (%), Validation loss (%),
onds) mean (SD) mean (SD) mean (SD) mean (SD)

SVMa+HOGP 78 _c 96.51 (0.00) — —

ResNet18 529 99.80 (0.08) 99.77 (0.00) 13.25(0.19) 12,58 (0.21)

ViT-B/169 2014 97.05 (0.46) 97.36 (0.12) 19.12 (0.43) 17.97 (0.22)

SIMCLRE 2923 96.02 (0.22) 97.29 (0.86) 20.49 (0.38) 17.84 (0.28)

83V M: support vector machine.

PHOG: hi stogram of oriented gradients.

®Not available.

dViT: vision transformer.

€SimCLR: Simple Contrastive Learning of Visual Representations,

Regarding computational efficiency, SSmCLR required the
longest training time (2817 seconds), due to its self-supervised
pretraining and linear eval uation phases, followed by ViT-B/16
(912 seconds) and ResNet18 (474 seconds), while SYM+HOG
trained extremely fast (75 seconds) but lacked fine-tuning
capabilities. We used an NVIDIA RTX A6000 graphics
processing unit (GPU) during training, so the runtime may vary
depending on the reviewer's GPU or central processing unit
setup and use, despite consistent code and hyperparameters.

Detailed visual comparisons of training and validation accuracy,
loss, and training time charts are provided in Multimedia

Table 2. Comparison of classification performance on the validation data.

Appendix 1. In the figure, the top bar chart shows training and
validation accuracy across models, the middle bar chart shows
the training and validation loss across models, and the bottom
bar chart shows training time comparison across models.

Table 2 summarizesthe validation classification table, showing
strong and consistent performance acrossall 4 models. Because
the primary brain tumor dataset was imbalanced, with 59 no
tumor samplesand 371 tumor samples, wefocused on weighted
average metrics, including precision, recall, and F;-score, which
accounted for class imbalance by weighting results based on
classsize.

Model Precision (weighted average) Recall (weighted average) F1-score (weighted average) Overall accuracy
SYMAHOGP 0.96 0.97 0.96 0.97
ResNet18 1.00 1.00 1.00 1.00
VIT-B/16° 0.97 0.97 0.97 0.97
SimCLRY 0.98 0.98 0.98 0.98

83V M: support vector machine.

PHOG: hi stogram of oriented gradients.

SViT: vision transformer.

4SmCLR: Simple Contrastive Learning of Visual Representations.

ResNet18 achieved the highest overall performance, with 100%
accuracy, 100% weighted precision, 100% weighted recall, and
100% weighted F,-score. SmCLR, ViT-B/16, and SYM+HOG
also demonstrated strong performance, with weighted F;-scores
ranging from 96% to 98%, precision between 96% and 98%,
and recall between 97% and 98%. These results demonstrated
strong discriminative ability across models on the validation
dataand established asolid baseline for subsequent evaluations
on unseen test data within- and cross-domains.

For detailed classification table reports for al models on the
primary domain validation sets, please refer to Multimedia
Appendix 2. Thefigure presents classification metricsincluding

https://ai.jmir.org/2025/1/€76344

precision, recall, F;-score, and support for each class (tumor
and nontumor) across 4 models, al ong with macro and weighted
averages and overal accuracy. ResNetl8 achieved perfect
classification performance, while ViT-B/16 and SImCLR
showed similarly high results. SYM+HOG showed dlightly
lower performance, especialy in recall for the nontumor class.

Generalization: Within- and Cross-Domains

Table 3 summarizes the comparison of classification
performance on the unseen test datawithin- and cross-domains,
demonstrating the strong and consistent performance across all
models for both primary and cross datasets.

IMIR Al 2025 | vol. 4 | €76344 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Tian
Table 3. Comparison of classification performance on the test data within- and cross-domains.
Model and dataset Precision (weighted average) Recall (weighted average) F1-score (weighted average)  Overall accuracy
SVM3+HOGP
Primary 0.97 0.97 0.97 0.97
Cross dataset 0.80 0.80 0.80 0.80
ResNet18
Primary 0.99 0.99 0.99 0.99
Cross dataset 0.96 0.95 0.95 0.95
ViT-B/16°
Primary 0.98 0.98 0.98 0.98
Cross dataset 0.93 0.93 0.93 0.93
SimCLRY
Primary 0.97 0.97 0.97 0.97
Cross dataset 0.92 0.91 0.91 0.91

83V M: support vector machine.

PHOG: hi stogram of oriented gradients.

YViT: vision transformer.

dSimCLR: Simple Contrastive Learning of Visual Representations.

Both test data have imbalanced class distributions, including
60 nontumor and 372 tumor cases in the primary dataset and
1228 nontumor and 2123 tumor cases in the cross dataset. We
applied weighted average metrics to evaluate the performance
of the classification results. Across both datasets, ResNet18
consistently outperformed the other models, achieving the
highest overall accuracy of 99%, along with the best weighted
precision, recall, and F;-score on the primary dataset. On the
cross dataset, these metrics dightly dropped to 95%. ViT-B/16
dropped from 98% within-domain to 93% cross-domain, and
SimCLR dropped from 97% to 91%.

In contrast, SYM+HOG showed asharp performance drop, with
overall accuracy, precision, recall, and F;-score decreasing from
97% on the primary dataset to 80% on the cross dataset. This
declineindicated SVM+HOG's limited ability to generalize to
new domains, likely dueto itsreliance on hand-crafted features
rather than deep learning representations.

Notably, the models' training behavior showed no signs of
overfitting or underfitting as observed in Figures 1 and 2,
indicating that the performance dropped not due to poor
generalization during the training process but rather due to
domain shift, including differences in patient demographics,
imaging conditions, and equipment between the primary and
cross datasets. Overall, ResNet18, ViT-B/16, and SmCLR
maintained strong performance, demonstrating robust
generalization within- and cross-domains, whereas SVM+HOG
showed limited generalization under domain shift.

The detailed classification table reports for all models on the
primary domain test sets and the cross-domain test sets are
present in Multimedia Appendices 3 and 4, respectively.

Multimedia Appendix 3 represents classification metrics
including precision, recall, F;-score, and support for each class

https://ai.jmir.org/2025/1/€76344

(tumor and nontumor) on the test set across 4 models, along
with macro and weighted averages and overall accuracy on the
primary domain. ResNet18 also achieved the highest metrics
overal, with 99% overall accuracy. ViT-B/16 followed closely,
with a weighted average of 98% across precision, recal, and
F,-score. SYM+HOG also performed well in the test data, with
an overall accuracy of 97%, but slightly dropped on precision
and F;-score of the nontumor class. SMCLR achieved a
weighted average of 97% across metrics, still indicating strong
performance on the primary dataset.

Multimedia Appendix 4 represents classification metrics
including precision, recall, F;-score, and support for each class
(tumor and nontumor) across 4 models, along with macro and
weighted averages and overall accuracy on the cross-domain.
ResNet18 remained the best performer, achieving a weighted
precision, recall, and F;-score of 96% and an overall accuracy
of 95%. ViT-B/16 followed with a weighted average of 93%
for all metrics. SImCLR showed amoderate drop. SVM+HOG,
with all weighted metrics, dropped to 80%, especially the lower
recall on the nontumor class with 64%. These results indicated
the strong robustness of deep learning models.

Figure 3 shows the confusion matrices of the ResNet18
evaluation on test sets from both the (A) primary domain and
(B) cross-domain. On the primary domain, ResNet18 achieved
highly reliable predictions, correctly identifying 370 tumors
and 59 nontumors, with only 3 misclassified samples. However,
on the cross dataset, the number of fal se positive casesincreased
sharply to 145 nontumor imagesthat wereincorrectly predicted
astumor images, while fal se negative cases remained low, with
12 tumor images being mis-predicted as nontumor images. This
discrepancy may reflect shiftsin data distribution that the cross
dataset was not exposed during the training and validation
process, and the model was trained and validated only on the

IMIR Al 2025 | vol. 4 | €76344 | p. 9
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primary dataset. Therefore, the cross dataset may contain
different imaging conditions, such as brightness, noise level,
and patient demographics, which can affect the appearance of

Tian

nontumor brain structures and could cause hontumor imagesto
be overdiagnosed as tumor images, even though the model’s
training behavior showed no signs of overfitting or underfitting.

Figure 3. The confusion matrices of the ResNet18 evaluation on the unseen test set from the (A) primary domain and (B) cross-domain.
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To conserve space and avoid redundancy, we presented only
the confusion matrices on unseen test data of the best performing
on ResNet18 across both the primary and cross datasets in the
main text, while other confusion matrices for other models are
presented in MultimediaAppendix 5 (SVM+HOG), Multimedia
Appendix 6 (ViT-B/16), and MultimediaAppendix 7 (SmCLR).

Multimedia Appendix 5 presents the confusion matrices of the
SVM+HOG model evaluated on unseen test data from the (A)
primary and (B) cross datasets. On the primary dataset, the
model correctly classified 54 nontumors and 365 tumor images,
achieving good performance. However, its generalization
cross-domains was limited, and on the cross dataset,
performance dropped to 80% overall accuracy, and the number
of false positivesincreased to 436 and fal se negativesincreased
to 226. Thisindicated that SVM+HOG performed well within
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RenderX

the primary domain but more sensitive to domain shift compared
to deep learning models, likely due to its reliance on
hand-crafted features.

Multimedia Appendix 6 presents the confusion matrices of the
ViT-B/16 model evaluated on unseen test data from the (A)
primary and (B) cross datasets. ViT-B/16 achieved strong
classification performance on both the primary and cross
datasets, though some domain shift was observed. The primary
dataset performed well with minimal false counts, and on the
crossdataset, the performance slightly dropped, with an overall
high accuracy of 93%, whilethe output retained high sensitivity
tumor detection. Theincreasein false positivesindicated some
sensitivity to domain shift. Generally, ViT-B/16 generalized
reasonably well cross-domain.
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Multimedia Appendix 7 presents the confusion matrices of the
SIMCLR model evaluated on unseen test data from the (A)
primary and (B) cross datasets. SImCLR showed solid
classification performance on the primary and cross datasets.
However, on the cross dataset, the number of false positives
increased and indicated that SmMCLR'’s generalization ability
is more sensitive to domain shifts compared to other deep
learning models.

Visual Interpretation via Saliency M aps

To better understand how each model identifies tumor-related
feature, we applied visual interpretation techniques on selected
images from both the primary and cross datasets. Saliency maps
were generated to highlight regions that are most influential to
model predictions. As SVM+HOG isanondifferentiable model,
we did not apply gradient-based saliency map [15], as we used
for ResNet18 and SImCLR models, or attention rollout [31], as
we used for ViT-B/16 model. Instead, we applied occlusion
sensitivity [14] analysis for generating saliency maps on both
tumor and nontumor images.

Tian

On the primary dataset, we selected 1 tumor image “ml
(160).jpg” and 1 nontumor image “image (28).jpg.” On the
cross dataset, we chose 1 tumor image “tumor (49).jpg” and 1
nontumor image “mri_healthy (1853).jpg.” These 4 images
were unseen test images, and their predicted labels match the
true labels.

Figure 4 showsthe visualization of SVM+HOG model features
and occlusion sensitivity maps. We applied occlusion sensitivity
[14] analysis to occlude patches of the input image to evaluate
the drop in the SVM'’s prediction probability, indicating the
importance of each region for the classification prediction. In
the overlay image, localized red or yellow regions indicated
high sensitivity, which means occluding these regions
significantly reduced the predicted probability of the tumor
class. Blue and green regions indicated low sensitivity, which
means occluding these regions had little or no impact on the
model’s prediction.

Figure4. Visuaization of SYM+HOG model features and occlusion sensitivity maps. Each row showed an example from the primary or cross dataset,
categorized by tumor or nontumor class. The four columns displayed (1) the original magnetic resonance image, (2) the featural visualization, (3) the
computed heatmap, and (4) the overlay of the heatmap on the original image. HOG: histogram of oriented gradients; SVM: support vector machine.
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For the tumor in the overlay image, on the primary dataset, we
observed bright activations inside the brain area on the top | eft
range, which partialy coincided with visible anomalies in the
original image. However, we also observed activations along
the skull and outside of the brain area, which are unlikely to
have clinical meaning and may reflect spuriousfeatures|earned
from the noise. On the cross dataset, we observed that there
were localized bright spots in the top middle region inside of
brain, indicating that the model may have partially identified a
relevant region; however, there was still considerable noise
presented along the skull and outside the brain part. Given the
simplicity and limits of SVM+HOG features, such alignments
may not be accurate and reliable.

Tian

For the nontumor images, both on the primary and cross
datasets, the red or yellow regions were dispersed across the
images, indicating that the model isless confident and possibly
focusing on nondiagnostic features.

Figure 5 shows the gradient-based saliency mapsfor ResNet18
[15]. Thismethod cal cul ated the gradient of the model’s output
score with respect to each input pixel, allowing us to identify
regionsthat most influence the prediction. Thisapproach aligns
with the underlying mechanism of CNNs, which learns
hierarchical feature representations through differential layers.
In the saliency map, bright red areas indicate regions where
small pixel changes impact the model’s prediction.

Figure 5. Gradient-based saliency maps for ResNet18 model. Each row showed an example from the primary or cross dataset, categorized by tumor
or nontumor class. Thethree columnsdisplayed (1) the origina magnetic resonanceimage, (2) the computed heatmap, and (3) the overlay of the heatmap

on the original image.
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Notably, the gradient-based saliency maps do not directly
identify tumor locations but instead highlight regions that are
influential to the prediction. In the primary tumor image, we
observed localized red regions on the back side of the brain;
however, the anomalous region was more likely located at the
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front side of the brain based on the original image. Additionally,
in the external brain tumor, the red regions were less localized
and less prominent. For both nontumor images, the red
activations were sparse and not strongly localized.
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Figure 6 shows attention-rollout [31] saliency maps to the
ViT-B/16 model. This method aggregates attention weights
across al transformer layers, representing how information
flows through the network by propagating attention scores

Tian

recursively. Specifically, it multiplies the attention matrices
from different layers, effectively rolling out the attention signal
to show which patches most influence the model classification
prediction.

Figure 6. Attention-rollout saliency maps for ViT-B/16 model. Each row showed an example from the primary or cross dataset, categorized by tumor
or nontumor class. Thethree columnsdisplayed (1) the origina magnetic resonanceimage, (2) the computed heatmap, and (3) the overlay of the heatmap

on theoriginal image. ViT: vision transformer.
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In the primary tumor image, red patches were concentrated in
thefront region of the brain, which well aligned with thevisible
anomaly in the original image, indicating that the model
accurately identified the tumor location. In the external tumor
image, the model also highlighted the central bright patches
inside the brain, overlapping with the visible tumor, indicating
areasonable prediction. For both nontumor images, the patches
were more diffusely spread, with no dominant hotspots;
however, in the external nontumor image, slight attention near
the ventricle area may reflect mild overattention to anatomical
structure.
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Compared to Figure 5 (ResNet18), the heatmaps from Figure
6 (ViT-B/16) appeared smoother and more globally distributed,
reflecting the global attention mechanism to transformer models,
in contrast to the more localized sensitivity observed in
CNN-based saliency maps.

Figure 7 shows the gradient-based saliency maps [15], which
visualize the regions that are most influential in SMCLR’s
downstream classification. In the heatmaps, brighter red areas
indicate pixels where small changes significantly influence the
model’s prediction.
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Figure 7. Gradient-based saliency maps for SimCLR model. Each row showed an example from the primary or cross dataset, categorized by tumor or
nontumor class. The three columns displayed (1) the original magnetic resonance image, (2) the computed heatmap, and (3) the overlay of the heatmap
on the original image. SimCLR: Simple Contrastive Learning of Visual Representations.
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In both tumor and nontumor images, the saliency patterns were
generaly similar to those we observed in Figure 5 (ResNet18),
though SImCLR’s saliency patterns appeared sharp and more
diffuse. Thisislikely because SmCLR pretrained encoder learns
from many augmented views without label annotation, which
encourages the model to capture more global structure
consistency rather than relying solely on highly localized
features.

In the primary tumor image, we observed that there were bright
red spots on the frontal region and the lower back region of the
brain, partially aligning with the visible anomaly in the original
image. Inthe external image, red spotswere concentrated around
the middle-left brain region, overlapping with the tumor area.

In both nontumor images, the saliency maps appeared as
uniformly distributed, with no dominant regions. Notably, in
both primary and cross-domain tumor images, SImCLR’s

https://ai.jmir.org/2025/1/€76344

RenderX

Heatmap

Overlay
(Image + heatmap)

saliency maps displayed brighter and smoother red regions,
with greater focus on the anomalous areas compared to those
in Figure5 (ResNet18), potentially making tumor regionsmore
distinguishable in the saliency visualization.

Among the 4 saliency methods, attention rollout [31] from the
ViT-B/16 model provided the most biologically meaningful
explanations, with smoother and more globally coherent maps
that aligned well with tumor regions in both the primary and
cross datasets. SImCLR's gradient-based [15] saliency showed
better results, with clearer and more generalizable tumor region
activations than ResNet18, likely due to its global feature
learning through self-supervised contrastive pretraining. In
contrast, SYM+HOG's occlusion maps [14] were limited,
interpretable, and often included spurious activations.

Theinterpretability of saliency maps does not always correlate
with model performance. Gradient-based saliency maps from
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ResNet18 were less reliable and may not reflect biological
meaningful reasoning, aligning with recent findingsthat question
their trustworthinessin medical imaging [32]. Futurework could
explore morerobust interpretability techniquesto better uncover
model behavior and support clinical decision-making.

Real-World Cost, Complexity, and Deployment
Feasibility

The SVM+HOG modd is lightweight among these 4 models.
It requiresno GPU and has minimal memory use. It also requires
grayscaleimages and simple feature extraction (HOG), making
it ideal for low-resource settings. For instance, SVM+HOG
could be deployed in community clinicsor rural hospitalswhere
computational infrastructure is limited, enabling rapid
preliminary screening without the need for GPU resources.

The ResNet1l8 model balances moderate performance with
reasonable efficiency, and it requires a GPU for fast training.
It benefits from transfer learning by fine-tuning only the last
few layers, making it more adaptable to small datasets. It is
relatively compact in size and easily deployable on standard
medical Al pipelines.

ViT-B/16, while achieving competitive accuracy, is the most
computationally expensive, and it requires more memory, longer
convergence, and benefits from larger datasetsto reach optimal
performance. These requirements may limit their feasibility in
real time or low-resource clinical deployments.

SIMCLR, with its 2-phase training, including pretraining and
linear evaluation, isthe most resource-intensive. Its deployment
may be more complex due to the need for pretrained encoders
and additional infrastructure for self-supervised pretraining.
Despitethe high initial cogt, it shows strong generalization and
can be highly effective when unlabeled data are abundant, but
annotation resources are limited. For instance, SmCLR may
be especially suitable for large medical centers with access to
vast unlabeled image repositories but limited clinician time for
annotation, allowing for scal abl e representation learning before
fine-tuning.

While models like ViT-B/16 and SImCLR are more
computationally demanding, their saliency visuaizations
provided more biologically meaningful explanations, which
may support clinical trust and decision-making. In contrast, the
simpler SVM+HOG model, although lightweight and suitable
for low-resource settings, occasionally relied on spurious
features, asreflected in its occlusion maps. The gradient-based
saliency map on ResNet18 showed less reliability on medical
imaging data.

Discussion

Principal Findings

The study presented a comparative trade-off analysis of 4
models, including SVM+HOG, ResNet18, ViT-B/16, and
SIMCLR, on 2 small-scale brain tumor MRI datasets. The
evaluation spans multiple dimensions, including classification
accuracy, robustness on the distribution shifts, generalization
within- and cross-domains, training stability, and real-world
deployment feasibility. Notably, the models demonstrated strong
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transferability and true generalization when tested on unseen
data from an external independent dataset.

For amachinelearning research perspective, model performance
is typically prioritized. The results showed that ResNet18
delivered a strong balance between performance and training
efficiency, making it suitable for settings where moderate
resources are available SIMCLR offers compelling
generalization with the advantage of requiring no labeled data
during pretraining, making it well-suited for real-world
conditions with annotation limitations [11]. ViT-B/16 shows
potential, particularly due to its global attention mechanism,
but may be more sensitive to overfitting under a small number
of medica image datasets. SYM+HOG, although simpler,
performs reliably with low computational cost and without
relying on data augmentation [7].

For aclinical or radiologist perspective, model interpretability
plays acritical role. In this regard, ViT-B/16 demonstrates the
most coherent and biologically meaningful saliency maps
through its attention-rollout mechanism, highlighting abnormal
regions with greater reliability. SSmCLR, despite its 2-stage
training phases, produced saliency maps; these were smoother
and more focused than those from ResNet18, likely dueto its
global feature learning through self-supervised contrastive
training. Moreover, SSIMCLR requires no labeled data during
pretraining, significantly reducing annotation effort for clinicians
[24]. SVM+HOG, while occasionally producing spurious
saliency activations under noise conditions, is an extremely
lightweight and easy to deploy model. It does not require GPUs
or deep learning architectures and can serve as a practical tool
in resource-limited clinical environments or as a fadt,
interpretable baseline [33]. ResNet18 saliency map, relying on
gradient-based method only, showing less reliable
interpretability compared to ViT-B/16 and SImCLR, aligning
with prior literature questioning the trustworthiness of
gradient-based explanationsin medical imaging [32].

Hyperparameter Selection and System Setup

To ensure reproducibility and model optimization, we
systematically tuned key hyperparameters across all models.
Thedetailstested ranges and final selected hyperparametersare
provided in Multimedia Appendix 8, while a summary of the
overall system configurations across the 4 models is provided
in Multimedia Appendix 9.

Multimedia Appendix 8 summarizes the model optimization
strategies. For ResNet18 and ViT-B/16, lower learning rates
combined with weight decay were selected to stabilize training
and prevent overfitting. CosineAnnealing LR was adopted for
ViT-B/16 to handle its dower convergence, which
Reducel ROnPlateau performed better for ResNetl8. Data
augmentation strategies, such as random rotations and affine
transformations, improved robustness to geometric variations.
For SSmCL R, we optimized the projection head dimensions and
augmentations to enhance representation learning. For
SVM+HOG, alinear kernel and default regul arization parameter
provided the best trade-off between simplicity and performance.

Multimedia Appendix 9 summarizes the complete experiment
environmental settings to ensure reproducibility. It detailed the
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hardware (NVIDIA RTX A6000 GPU, Intel Core i7 central
processing unit, 251 GB RAM), operating system (Windows
11), and software frameworks (PyTorch 2.6.0+cull8 and
torchvision 0.21.0+cul118). We aso listed the Python (version
3.9.21; Python Software Foundation) and the key Python
packages with their current versions, such as scikit-learn 1.6.1
and numpy 2.0.2. Finally, we set the random seed configuration
used in the experiments; variable seeds were applied during
training (42+run) to enhance model generalizability, while a
fixed seed (42) was used during test runsto ensure deterministic
evaluation results.

Comparison With Previous Studies

Previous studies have explored various strategiesfor brain tumor
classification, ranging from traditional machinelearning models
to deep learning approaches. One study [34] demonstrates that
an SVYM model alone as the baseline to attain the accuracy of
86.57% on unseen brain tumor data, incorporating principal
component analysis improved the accuracy to 94.20%. While
the combination of SVM with HOG and local binary pattern
achieved a higher accuracy of 96.03%. Another study [35]
applied ResNetl8 for brain tumor detection and reported
superior performance over models such as GoogLeNet and
CapsNet, with their ResNet18 achieving an accuracy of 88.33%.

While previous studies primarily focused on classification
accuracy, our research explored 4 distinct model mechanisms
and interpreted how each identified image classification
predictions based on learned features and internal decision
processes. Our models demonstrated strong and consistent
performance across multiple evaluation criteria.

Specifically, for the SYM+HOG model, the HOG method is
used to extract edge and shape features from image data, which
are then fed into an SVM for binary classification. ResNet18,
a CNN model, predicts by attending to localized pixel patterns
and patch movements. ViT-B/16, a transformer-based model,
aggregates attention weights across all image patches and their
spatial relationship, capturing global context for classification.
SIMCLR uses a pretrained ResNet18 as a backbone to learn
localized feature representations through self-supervised
contrastive learning, followed by a linear classifier for
downstream prediction.

Additionally, we extended our evaluation to assess the
robustness and generaization both within-domain and
cross-domain. We analyzed training convergence patterns and
included the practical feasibility metrics such as training time,
annotation cost, and interpretability via saliency map. This
comparative trade-off analysis is for offering a broader and
practical evaluation framework for deploying Al in real-world
medical imaging tasks.
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Limitations

This study has several limitations. First, the relatively small
training images in the primary dataset contained 2008 images,
and the cross-domain test data contained 3351 images. These
dataset sizeswererelatively small, particularly for deep learning
models, which typically required large amounts of data to
generalize better [3]. Second, we selected ResNet18, ViT-B/16,
and SImCLR to enable fair baseline comparisons, but larger
models such as ResNet50 or ViT-L may vyield better
performance. Third, we focused exclusively on image-level
classification rather than voxel-level tumor localization. Finally,
the interpretability of saliency maps does not always correlate
with model performance and may potentially highlight spurious
features.

Future Work

For future work, larger and more diverse datasets are needed to
validate model generalization and enhance clinical relevance.
Extending this work to segmentation and 3D modeling could
offer more precise tumor localization and enhance voxel-level
clinical interpretation [36]. Moreover, exploring more robust
interpretability techniques such as concept-based methods or
counterfactual explanations may strengthen clinician trust in
model decisions. Finaly, close collaboration between machine
learning researchersand clinicianswill be critical to translating
models into trustworthy, deployable tools for health care.

Conclusions

This study aimed to evaluate trade-offs between classical
machinelearning and deep learning, including SSL approaches
for brain tumor classification under small-scale medical imaging
conditions. To achieve this, we compared 4 representative
models, including SVM+HOG, ResNetl8, ViT-B/16, and
SIMCLR, with consistent training pipelines and evaluated their
performance across both within- and cross-domain settings,
without retraining on cross dataset to simulate rea-world
deployment.

Our analysis reveadled that no single model is universaly
optimal. ResNet18 achieved a strong balance of accuracy and
computational efficiency, SImCLR demonstrated superior
generalization under limited annotations, ViT-B/16 provided
the most coherent visua interpretability through attention
mechanisms, and SVM+HOG showed a lightweight,
resource-efficient alternative. Importantly, the results highlighted
that model choice depended on perspective: from a machine
learning researcher standpoint, efficiency and accuracy
dominate, whereas from a clinical perspective, interpretability
through saliency maps can be important.

ChatGPT (OpenAl) was used to assi st with grammar correction and sentence polishing. All content, results, and conclusionswere

generated and validated by the authors.
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