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Background/Objective: Transfer learning is widely used in medical imaging, but many studies compare models that also differ
in architecture or training procedure. This makes it difficult to determine how much of the performance difference comes from
pretraining itself. This study tested if pretraining improves brain tumor MRI classification and detection when architecture, data
split, and evaluation are held constant.

Methods: A public brain MRI dataset containing glioma, meningioma, pituitary tumor, and no-tumor images was screened
before training, validation, and test sets were created. Identical ResNet-50 classifiers started from either ImageNet-pretrained
or random weights and were trained on the same MRI images. A third classifier kept the pretrained ResNet-50 backbone fixed
and trained only the final layer. Detection used matched Faster R-CNN ResNet-50-FPN models with pretrained or reinitialized
weights. Final comparisons used three seeds.

Results: ImageNet fine-tuning achieved a macro-F1 of 0.99, compared with 0.96 for random training and 0.93 for the
frozen-feature model. With 10% of the training data, macro-F1 was 0.89 for pretrained models and 0.59 for random models.
Pretrained detection achieved an mAP of 0.69 versus 0.31 after random initialization.

Conclusions: Pretraining improved both tasks in this dataset, with the largest classification benefit when labeled data were
limited. Full fine-tuning outperformed both random training and fixed ImageNet features. Missing patient identifiers, differences
in image sources, and the lack of an independent external test set limit conclusions about clinical performance.

Keywords: brain tumor MRI; transfer learning; ResNet-50; Faster R-CNN; data leakage; RadlmageNet; limited training

data; robustness

Introduction

Magnetic resonance imaging (MRI) is widely used to exam-
ine brain tumors because it produces detailed images of soft
tissue without using X-rays. Brain tumors can differ in type,
location, appearance, and behavior, so diagnosis cannot rely
on a single visual feature!. Computer models have therefore
been studied for tasks such as identifying tumor type, locating
tumors, and marking the tumor area in an image>>.

One common approach is transfer learning, where a model
first learns from a large image dataset and is then trained fur-
ther on a smaller medical dataset. This is useful because med-
ical datasets are often much smaller than the image collec-
tions used to train modern neural networks. Several studies
have reported strong brain tumor MRI classification results
using CNN-based approaches, including transfer learning and
ensemble deep features*~®. Other studies have examined ac-
tive learning, data augmentation, transfer learning, and ensem-
ble CNN approaches for brain tumor MRI classification®'3.
More recent studies have also reported high accuracy for clas-
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sification problems that separate glioma, meningioma, pitu-
itary tumor, and no-tumor images '+-17.

However, these studies do not always show how much of
the improvement comes from pretraining itself. In some com-
parisons, the pretrained model and the model trained from ran-
dom weights also differ in architecture, training schedule, or
data split. This makes it difficult to know if pretraining is
the main reason for the performance difference. Studies in
medical imaging have found that pretrained models can out-
perform randomly initialized models, especially when train-
ing data are limited, but the size of this benefit varies across
tasks '8-2! Pretraining on medical images has also been ex-
plored. RadIlmageNet, for example, was built from more than
one million radiology images and was designed to provide fea-
tures that may transfer well to medical imaging tasks>?. Other
work has examined medical-image pretraining and learning
methods that do not depend on standard ImageNet labels 2323,

The same question also applies to tumor detection. Classi-
fication asks what type of tumor is present in an image, while
detection asks the model to identify the tumor and locate it
with a bounding box. Previous studies have used deep learn-
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Study objective

Does pretraining improve brain tumor MRI classification and detection?

Figure. 1 Study design and data preparation. The dataset was checked for labeling problems and duplicate images before the final training,
validation, and test sets were created. The same data splits were then used for the classification, detection, and additional analyses.

ing for brain tumor detection and for marking tumor regions in
MRI2%27, Because detection requires both identification and
location, pretrained and randomly initialized models should
be compared using the same detector structure and evaluation
method. ResNet-50 and Faster R-CNN are widely used for
image classification and object detection and provide a clear
way to make this comparison?3-3!,

This study asks a simple question: when model architec-
ture, data split, and evaluation are kept the same, does pretrain-
ing improve brain tumor MRI classification and detection?
For classification, identical ResNet-50 models were trained
on the same MRI images starting from either ImageNet-
pretrained or random weights. A third model kept the pre-
trained ResNet-50 features fixed and trained only the final
classification layer. This tested if fixed pretrained features
were useful on their own and how much further training on
MRI images improved performance. For detection, identical
Faster R-CNN ResNet-50-FPN models were trained from ei-
ther pretrained or random weights.

The study also examined when pretraining was most use-

ful. Classification was repeated with smaller training sets, Im-
ageNet pretraining was compared with RadlmageNet pretrain-
ing, and model performance was tested after changes in blur,
contrast, and image noise. The dataset was also checked for
labeling problems and duplicate images before the final train-
ing, validation, and test sets were created. Because patient
identifiers and complete image-source information were not
available, the study is intended as a controlled comparison of
training methods on a public dataset rather than a test of clin-
ical performance.

Methods

Research design

This study used the public MRI for Brain Tumor with Bound-
ing Boxes dataset 32 Before training, the dataset was checked
for labeling errors, duplicate images, and other image differ-
ences that could affect the results.

The final dataset was divided into training, validation, and
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Table 1 Final training, validation, and test set sizes.

Task / Split Glioma Meningioma | No tumor Pituitary Total
Classification: train 732 727 419 718 2,596
Classification: validation 157 156 90 154 557
Classification: test 157 156 90 154 557
Tumor-only classification: train 732 727 - 718 2,177
Tumor-only classification: validation 157 156 - 154 467
Tumor-only classification: test 157 156 - 154 467
Detection: train 723 697 419 656 2,495
Detection: validation 152 149 90 149 540
Detection: test 155 150 90 143 538

test sets. The training set was used to train the models, the
validation set was used to choose model settings, and the test
set was used only for the final evaluation.

For classification, both main models used the same ResNet-
50 architecture.  One started from ImageNet-pretrained
weights, while the other started from random weights. Both
were trained on the same MRI training set. A third ResNet-
50 model kept the pretrained image features fixed and trained
only the final classification layer.

For detection, both models used the same Faster R-CNN
ResNet-50-FPN architecture.  One started from COCO-
pretrained weights, while the other started from random
weights.

Final comparisons were repeated with three random seeds:
42, 43, and 44. The overall study design and data preparation
process are shown in Figure 1.

Dataset preparation

The downloaded dataset listed 5,249 images labeled as
glioma, meningioma, pituitary tumor, or no tumor. Two im-

Table 2 Main training settings.

ages were missing, leaving 5,247 available images.

The labels and tumor boxes were checked before training.
Of the available images, 4,976 had consistent labels, 257 con-
tained mixed class labels, 15 contained an incorrect class la-
bel, and one tumor image had no tumor box. Images with
mixed or incorrect labels were removed. The tumor image
without a box was kept for classification but removed from
detection.

Exact duplicate images were identified using SHA-256 file
hashes. This found 1,228 duplicate groups containing 2,564
images, including 213 groups that appeared in both the origi-
nal training and validation folders.

Because exact file matching cannot identify images that
were resaved, compressed differently, or slightly changed,
near-duplicate images were also checked using perceptual
hashing, grayscale image comparisons, and pixel-correlation
checks. Identical or nearly identical images were placed in
the same group so they could not appear in different training,
validation, or test sets.

After these checks, 3,710 images remained for classification

Setting ImageNet Random Frozen Detection Detection
fine-tuning training ImageNet pretrained random

Model ResNet-50 ResNet-50 ResNet-50 Faster R-CNN Faster R-CNN

ResNet-50-FPN | ResNet-50-FPN

Starting weights ImageNet Random ImageNet COCO Random

Layers trained All All Final layer only All All

Optimizer AdamW AdamW AdamW SGD SGD

Batch Size 64 64 32 4 4

Weight decay 1074 107 1074 5x 107 5x107*

Selected learning rate 3x107* 10~3 10~ 5x 1073 3x107°

Maximum epochs 40 40 40 80 80

Early stopping patience 5 5 5 5 5

Final seeds 42,43, 44 42,43, 44 42,43, 44 42,43, 44 42,43, 44
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Table 3 Main classification results across three seeds.

Metric ImageNet fine-tuning Random training
Accuracy 0.9838 £0.0018 0.9611 £0.0063
Macro precision 0.9857+0.0015 0.9636+0.0071
Macro recall 0.9855+0.0016 0.9578 +0.0065
Macro-F1 0.9855+0.0016 0.9604 £+ 0.0066
Macro ROC-AUC 0.9995 4+ 0.0004 0.9967 +0.0008

and 3,573 for detection. The final sample sizes for each split
are provided in Table 1.

Image-source checks

The dataset did not provide reliable patient identifiers, com-
plete MRI scanning information, or patient demographics. Im-
ages from the same patient therefore could not be guaranteed
to remain in the same data split. The duplicate checks reduced
image-level overlap but could not replace a true patient-level
split.

The dataset also contained axial, coronal, and sagittal MRI
views. These views were kept because complete view labels
were not available.

Image size was strongly related to class. All glioma im-
ages examined in this analysis were 512 x 512 pixels, com-
pared with 88.2% of meningioma images, 97.2% of pituitary
images, and only 2.1% of no-tumor images. A simple model
using image width, height, aspect ratio, and a 512-pixel-width
indicator reached about 0.41 accuracy. This suggests that im-
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Figure. 2 Classification confusion matrices.

age properties unrelated to the tumor may provide information
about the class.

A second public MRI dataset containing 5,941 images was
considered for external testing. However, 2,113 images also
appeared in the main dataset. Of the 889 images in its test
set, 313 matched images in the main dataset, including 212
that matched main-dataset training images. Because the two
datasets were not independent, the second dataset was not used
for external testing.

Classification models and training

The two main classification models used identical ResNet-50
architectures®. The only starting difference was the model
weights. One started from ImageNet-pretrained weights,
while the other started from random weights. Both models
were then fully trained on the same MRI training set.

Images were resized to 224 x 224 pixels. During training,
images were horizontally flipped with a probability of 0.5.
Validation and test images were not randomly flipped. All

Random Initialization
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Table 4 Class-specific classification results across three seeds (mean + SD).

Class Initialization Precision Recall F1

Glioma ImageNet pretrained 0.9750£0.0104 0.9894 £0.0074 0.9821 £0.0048
Glioma Random 0.9683 +0.0058 0.97244+0.0133 0.9703 +£0.0051
Meningioma ImageNet pretrained 0.9871 £0.0063 0.9744 £0.0111 0.9806+0.0033
Meningioma Random 0.9292 £0.0144 0.9509£0.0185 0.9398 £0.0116
No tumor ImageNet pretrained 1.0000 £ 0.0000 1.0000 £ 0.0000 1.0000 £ 0.0000
No tumor Random 0.9806+0.0131 0.9296+0.0170 0.9543 £0.0100
Pituitary ImageNet pretrained 0.9805 £0.0062 0.9784 £0.0075 0.9794+0.0019
Pituitary Random 0.9764+0.0129 0.9784 +0.0099 0.9773 £0.0031

images used the same ImageNet normalization.

The classifiers were trained using cross-entropy loss, which
penalizes the model when it assigns a low probability to the
correct class:

1 N C
LCE =T Z Z yiclog(pic)
N i=lc=1
Here, N is the number of images, C is the number of classes,
vic indicates the correct class, and p;. is the predicted proba-
bility.

A third model tested the usefulness of pretrained ImageNet
features without updating the feature extractor. The pretrained
ResNet-50 was kept fixed, and only the final classification
layer was trained. This model had 8,196 trainable parameters,
compared with 23,516,228 in each fully trained ResNet-50.

Full training settings for the classification and detection
models are provided in Table 2.

For the two main classifiers, learning rates of 1074, 3 x
10~%, and 1073 were tested. The best learning rate was chosen
using validation macro-F1, giving 3 x 10~ for the pretrained
model and 103 for the random model.

For the frozen model, learning rates from 10~*to 1072 were
tested, with 1072 giving the highest validation macro-F1.

Both main classifiers used a ReduceLROnPlateau learning-
rate scheduler with a factor of 0.3, patience of 2 epochs, and a
minimum learning rate of 107°.

Detection models and training

Tumor detection used Faster R-CNN with a ResNet-50-FPN
backbone2°30.  Unlike classification, detection requires the
model to identify the tumor type and draw a box around its
location.

No-tumor images were treated as images containing no tu-
mor objects. They therefore contained no target boxes rather
than an artificial “no tumor” box.

The two detector models used the same architecture and
number of trainable parameters. Both detectors used the
same FrozenBatchNorm configuration. The pretrained detec-
tor started from COCO-trained Faster R-CNN weights 3. For
the random detector, learned weights and stored normaliza-
tion values were reset while the model architecture remained
unchanged.

Both models were trained using stochastic gradient de-
scent (SGD) with momentum 0.9 and weight decay 5 x 104,
Learning rates of 1073, 3 x 1073, and 5 x 1073 were tested
using validation mAP. The selected learning rates were 5 X

Table S Classification performance with different amounts of training data and different pretraining sources.

Experiment Condition Training images Test macro-F1, mean + SD
10% training data ImageNet pretrained 260 0.8851£0.0254
10% training data Random initialization 260 0.5872£0.1067
25% training data ImageNet pretrained 650 0.9592 £0.0064
25% training data Random initialization 650 0.8321 £0.0281
50% training data ImageNet pretrained 1,306 0.9779£0.0029
50% training data Random initialization 1,306 0.9071 +0.0072
100% training data ImageNet pretrained 2,596 0.9855+0.0016
100% training data Random initialization 2,596 0.9604 +0.0066
Pretraining source RadImageNet pretrained 2,596 0.9767+0.0013
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Effect of Training-Set Size on Classification Performance
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Figure. 3 Training-set size and pretraining source. Error bars show SD across three seeds.

1073 for the pretrained detector and 3 x 10~ for the random
detector. Full training settings are provided in Table 2.

Faster R-CNN combines four losses that measure tumor
classification, box location, object presence, and the quality
of proposed tumor regions:

Laet = Lelass + Lbox + Lobject + Lproposal

Additional classification experiments

Several additional experiments tested when pretraining was
most useful. First, classification was repeated after removing
the no-tumor class. This tumor-only analysis tested if the main
result remained when only glioma, meningioma, and pituitary
tumors were included.

Second, the models were trained using approximately 10%,
25%, 50%, and 100% of the available training data. The same
validation and test sets were used for every comparison.

Third, a ResNet-50 pretrained on RadImageNet was
tested?>. RadImageNet contains medical images rather than
the natural images used by ImageNet. Because the Radlma-
geNet model used its own recommended image normalization,
this comparison tested complete pretraining approaches rather
than changing only the starting weights.

Finally, the test images were changed in controlled ways to
examine how model performance responded to lower image
quality. Gaussian blur was tested at 6 =0.5, 1.0, and 2.0. Con-
trast was reduced using factors of 0.8, 0.65, and 0.5. Gaussian
noise was added at standard deviations of 0.02, 0.04, and 0.08.
These tests measured responses to specific image changes and
were not intended to represent real MRI scanner differences.

Evaluation

Classification performance was measured using accuracy, pre-
cision, recall, macro-F1, and ROC-AUC.

Macro-F1 calculates F1 separately for each class and then
averages the results, giving each class equal importance:

ZFIC

ROC-AUC measures how well the model separates each
class from the others across different prediction thresholds.

Detection was mainly evaluated using mean average pre-
cision (mAP), a standard metric for object detection. mAP
measures correct tumor classification and how closely the pre-
dicted box overlaps the true tumor box.

The overlap between a predicted box and the true box was
measured using intersection over union (IoU):

_ 2P.R,
l,e = PC+R(;7

1 ,macro —

|Bp By

IoU =
|B,UB,

A value of 1 represents perfect overlap between the pre-
dicted and true boxes.

Mean average precision was calculated across tumor classes
and IoU thresholds from 0.50 to 0.95:

1 C
AP= AP T ={0.50,0.55,...,0.95
m C ; IGZT C,ty { }

AP50 and AP75 used overlap requirements of 50% and
75%, respectively.

At a fixed prediction threshold of 0.50, detection precision,
recall, missed tumors, and false tumor detections on no-tumor
images were also measured. A predicted box counted as cor-
rect only if both its tumor class and location matched the true
tumor.

Results from seeds 42, 43, and 44 are reported as mean =+
standard deviation. Because only three seeds were used, these
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Table 6 Classification performance after controlled image changes.

Image Change Level ImageNet pretrained Random

None 0 0.9855+£0.0016 0.9604 £+ 0.0066
Blur 0.5 0.9833+£0.0033 0.9559 £0.0087
Blur 1.0 0.7556 £0.1360 0.8628 £0.0637
Blur 2.0 0.5592£0.1637 0.6276 £0.1047
Contrast 0.8 0.9855 £0.0028 0.9076 £0.0166
Contrast 0.65 0.9822 4+0.0013 0.6000£0.0762
Contrast 0.5 0.9744 £0.0050 0.2830£0.0716
Noise 0.02 0.9000 £0.0539 0.9519 £0.0066
Noise 0.04 0.5574£0.1552 0.8646 £0.0268
Noise 0.08 0.2362 £0.0337 0.3921 £0.0632

values describe variation between runs rather than formal sta-
tistical significance. Model settings were selected using vali-
dation results, not test results.

Ethical considerations

The study used publicly available, de-identified MRI images.
No patients were recruited, and no identifiable medical records
were accessed.

Because patient identifiers, demographic information, and
complete MRI scanning information were unavailable, perfor-
mance could not be evaluated across individual patients, hos-
pitals, scanners, or demographic groups. The models were
developed for research and were not evaluated for clinical
decision-making.

Results

Dataset checks

Dataset screening substantially changed the final sample.
Among the 5,247 available images, 1,228 groups of exact du-
plicates were found, including 213 groups that appeared in
both the original training and validation folders. Visually sim-
ilar images were also grouped so related images could not ap-
pear in different training, validation, or test sets. After these
checks, 3,710 images remained for classification and 3,573 for
detection. No identified duplicate or near-duplicate group ap-
peared in more than one final data split.

Image size was also related to class. In particular, no-tumor
images had a different size distribution from the tumor images.
A simple model using only image-size information reached
about 0.41 accuracy, compared with 0.30 from always pre-
dicting the largest class. This suggests that image properties
unrelated to the tumor could provide information about the
class.

A second public MRI dataset was considered for external
testing, but 313 of its 889 test images also appeared in the
main dataset. Because the datasets were not independent, it
was not used for external testing.

Classification performance

The ImageNet-pretrained ResNet-50 performed better than
the same ResNet-50 trained from random weights. Across
three seeds, the pretrained model achieved a mean accuracy of
0.9838 and macro-F1 of 0.9855, compared with 0.9611 accu-
racy and 0.9604 macro-F1 for the random model. The macro-
F1 difference was 0.0251.

A third model kept the ImageNet-pretrained ResNet-50 fea-
tures fixed and trained only the final classification layer. This
frozen model achieved a macro-F1 of 0.9262 + 0.0080, lower
than both the fully trained random model and the fully fine-
tuned ImageNet model. This indicates that pretrained features
were useful, but further training on the MRI images improved
performance. Overall classification results are shown in Table
3.

The pretrained model also performed well across all indi-
vidual classes. Its mean F1 was 0.9821 for glioma, 0.9806
for meningioma, 1.0000 for no tumor, and 0.9794 for pituitary
tumor. The random model showed its largest decreases for
meningioma and no tumor. Full class-specific precision, re-
call, and F1 values are provided in Table 4, and the confusion
matrices are shown in Figure 2.

Because the no-tumor images had a different size distri-
bution, classification was also repeated using only the three
tumor classes. In this tumor-only analysis, the pretrained
model achieved a macro-F1 of 0.9836 + 0.0054, compared
with 0.9628 £ 0.0012 for the random model. The pretrained
advantage therefore remained after the no-tumor class was
removed, although other image-source differences may still
have affected the results.
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Figure. 4 Performance after controlled image changes.

Training with less data

The largest benefit from pretraining appeared when only a
small amount of training data was available. With 10% of
the training data, the pretrained model achieved a macro-F1
of 0.8851, compared with 0.5872 for the random model. The
difference became smaller as more training data were added,
reaching 0.9855 versus 0.9604 with the full training set.

The RadlmageNet-pretrained model achieved a macro-F1
of 0.9767, higher than random training but slightly lower
than ImageNet pretraining in this experiment. Results across
training-set sizes and pretraining sources are shown in Table
5, with the trends shown in Figure 3.

Performance after controlled image changes

Pretraining did not provide better performance under every
type of image change. When contrast was reduced, the pre-
trained model remained relatively stable. At a contrast factor
of 0.5, its macro-F1 was 0.9744, compared with 0.2830 for the
random model.

The opposite pattern appeared with added noise and
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stronger blur. At a noise level of 0.04, the pretrained model
reached a macro-F1 of 0.5574, while the random model
reached 0.8646. Both models performed worse as noise in-
creased.

Full results are provided in Table 6 and Figure 4. These con-
trolled changes do not represent specific MRI scanners or hos-
pitals. They show only that better performance on unchanged
test images does not guarantee better performance after every
type of image change.

Detection performance

Pretraining produced a much larger difference for tumor de-
tection. Across three seeds, the pretrained Faster R-CNN
achieved an mAP of 0.6855 £ 0.0053, compared with 0.3140
4 0.0609 for the randomly initialized detector.

The pretrained detector also performed better at stricter
box-overlap requirements. Its AP50 was 0.9267 and AP75
was 0.8082, compared with 0.5637 and 0.3097 for the random
detector. Pretraining also improved performance for all three
tumor classes. Detection results across three seeds are shown
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Detection Performance Across Three Seeds
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detections on no-tumor images using the seed-42 models.

in Table 7.

At a prediction and box-overlap threshold of 0.50, the seed-
42 pretrained detector identified 441 tumors correctly, pro-
duced 68 false detections, and missed 39 tumors. Its precision
was 0.8664 and recall was 0.9188. The random detector iden-
tified 356 tumors correctly, produced 540 false detections, and
missed 124 tumors, giving a precision of 0.3973 and recall of
0.7417.

The difference was also clear on no-tumor images. Among
90 no-tumor test images, the pretrained detector produced at
least one false tumor detection on 5 images, or 5.6%, com-
pared with 44 images, or 48.9%, for the random detector. The
main detection results are shown in Figure 5, with additional
fixed-threshold results in Table 8. Example tumor detections
are shown in Figure 6.

Discussion

Main findings

When model structure, data split, and evaluation were kept
the same, pretraining improved both brain tumor classifica-
tion and tumor detection. The classification difference was
smaller with the full training set, but the pretrained model still
performed better across all three seeds. The detection differ-
ence was much larger, with higher mAP, AP50, AP75, recall,
and class-specific AP, along with fewer false detections on no-
tumor images.

The frozen ImageNet model helps explain the classification
result. Its macro-F1 of 0.9262 was lower than both the fully
trained random model at 0.9604 and the fully fine-tuned Im-
ageNet model at 0.9855. This suggests that fixed ImageNet
features contain useful information, but further training on the

MRI images improves performance.

The benefit of pretraining was greatest when fewer train-
ing images were available. With 10% of the training data,
the macro-F1 difference between the pretrained and random
models was about 0.30, compared with about 0.025 using the
full training set. This agrees with previous medical-imaging
studies showing that transfer learning can be especially help-
ful when labeled data are limited '°-?°. The value of pretrain-
ing therefore appears to depend partly on the amount of task-
specific training data available.

Pretraining source and controlled image changes

The RadImageNet results show that medical-image pretrain-
ing did not automatically produce the best result. RadIma-
geNet was created from more than one million radiology im-
ages and has improved performance in several medical imag-
ing tasks?2. In this study, however, it performed better than
random training but slightly worse than ImageNet pretraining.

This does not mean that ImageNet is generally better than
RadImageNet. The models were pretrained on different
datasets and used different recommended image-processing
settings. The result shows that pretraining source can affect
performance and should be tested rather than assumed.

The controlled image changes also showed that higher per-
formance on unchanged test images did not guarantee better
performance after every type of image change. The ImageNet-
pretrained model remained strong when contrast was reduced
but was more affected by added noise and stronger blur. In
some of these tests, the randomly initialized model performed
better.

These artificial image changes do not show how the models
would perform across different MRI scanners, hospitals, or
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Figure. 6 Example tumor detections.

scanning procedures. They only show that performance can
depend on the type of image change being tested.

Importance of dataset quality

The dataset checks were an important part of this study. More
than 200 exact duplicate groups appeared in both the original
training and validation folders. Image size was also related to
tumor class, meaning that models could potentially use image
properties unrelated to the tumor itself.

A second public MRI dataset could not be used for inde-
pendent testing because hundreds of its images also appeared
in the main dataset. This shows that public medical-image
datasets that appear separate may still contain overlapping im-
ages.

The final data split prevented identified duplicate and near-
duplicate groups from appearing in more than one split. How-
ever, reliable patient identifiers were unavailable, so images
from the same patient could not be guaranteed to remain
together. Complete information about scanners and image
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sources was also unavailable.

The tumor-only analysis tested if the unusual no-tumor im-
age sizes were responsible for the main classification result.
After the no-tumor class was removed, the pretrained model
still achieved a higher macro-F1 than the random model. This
makes it unlikely that the entire difference was caused by
the no-tumor images, although other image-source differences
may still exist among the tumor classes.

The results should therefore be interpreted as a comparison
of training methods on this dataset, not as evidence of clinical
performance.

Table 7 Detection performance across three seeds.

Metric Pretrained Random

mAP 0.6855+0.0053 0.31404+0.0609
AP50 0.9267 £ 0.0076 0.56374+0.1010
AP75 0.8082 4+ 0.0089 0.3097 £0.0671
Glioma AP 0.6167+0.0144 0.1231+0.0504
Meningioma 0.7760 £0.0058 0.4315+0.0810
AP

Pituitary AP 0.66391+0.0077 0.3875+0.0517

Detection findings

No-tumor images were treated as images containing no tumor
boxes because they do not contain a physical “no tumor” ob-
ject that should be located.

The pretrained detector also produced far fewer false tumor
predictions. Among the 90 no-tumor test images, it produced
at least one false detection in 5.6% of images, compared with
48.9% for the random detector. This suggests that pretrain-
ing helped the detector avoid incorrectly identifying normal
images as containing tumors.

The classification and detection comparisons also used dif-
ferent forms of pretraining. The classifier began with Im-
ageNet weights learned from an image-classification task,
while the detector began with COCO-pretrained Faster R-
CNN weights learned from an object-detection task. The de-
tection result therefore reflects transfer from both a pretrained
image backbone and a pretrained detection system.

Limitations and future work

Several limitations should be considered.

First, the study used a public collection of 2D MRI im-
ages without complete patient identifiers, demographic infor-
mation, scanner information, or scanning settings. The fi-
nal split prevented known duplicate images from crossing be-
tween training and test sets but could not guarantee correct
patient-level separation.

Second, the dataset contained different MRI views and im-
age sizes. Complete labels for these differences were unavail-
able, so performance could not be tested separately for every
view or scanner type.

Third, an independent public dataset could not be used for
external testing because it shared many images with the main
dataset. Testing on a truly independent dataset from another
hospital or research group is still needed.

Fourth, the study tested one main model architecture for
classification and one for detection, with three random seeds.
Other models may respond differently to pretraining.

Fifth, the ImageNet and RadlmageNet models used differ-
ent recommended image-processing settings, so their compar-
ison cannot isolate the effect of the pretraining dataset alone.

Sixth, the blur, contrast, and noise experiments used arti-
ficial image changes and do not represent all differences that
may occur between real MRI scanners or hospitals.

Finally, the models were not tested in a clinical workflow
or compared with physician decisions. Future work should
use patient-independent and hospital-independent datasets, in-
clude clearer information about image sources, test additional
model architectures, and evaluate the models on truly inde-
pendent clinical data.

Table 8 Detection results at a fixed threshold for seed 42.

Metric Pretrained Random
Precision 0.8664 0.3973
Recall 0.9188 0.7417
Missed-detection rate 0.0813 0.2583
Negative images with 5.6% 48.9%

> 1 false positive

False positive boxes per | 0.056 1.49
no-tumor image

Conclusion

When model structure, data split, and evaluation were con-
trolled, pretraining improved brain tumor MRI classification
and detection in this public dataset. The classification benefit
was largest when less training data were available, while the
frozen ImageNet model showed that fixed pretrained features
were useful but less effective than full fine-tuning.

Pretraining had an even larger effect on tumor detection,
where the pretrained model achieved higher detection perfor-
mance and produced far fewer false tumor predictions on no-
tumor images.

However, duplicate images, class-related image-size dif-
ferences, and overlap with another public dataset limit how
broadly these results can be applied. The findings support pre-
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training under controlled conditions while also showing the
importance of careful dataset checking before drawing strong
conclusions about medical Al performance.
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