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Abstract

Brain tumor classification from Magnetic Resonance Imaging (MRI) is an essential challenge
in clinical neuro-oncology. This thesis presents a systematic comparative study of eight deep
learning architectures ResNet50, DenseNet121, VGG19, EfficientNet-B3, EfficientNetV2-
S, ConvNeXt-Tiny, ConvNeXt-Small, and Swin Transformer Tiny evaluated on a dataset
of MRIs collected from Nanfang Hospital, Guangzhou, China, and General Hospital, Tian-
jin Medical University, China, from 2005 to 2010 containing 3,064 T1-weighted contrast-
enhanced images from 233 patients across three tumor classes: meningioma, glioma, and pi-
tuitary adenoma. A significant methodological addition of this work is the adoption of a strict
patient-level data splitting technique, which avoids data leaking, a critical weakness present
in the majority of earlier work on this dataset. All models are trained via transfer learning
from ImageNet, a large-scale benchmark of 1.28 million natural images across 1,000 cate-
gories, and adapted to the MRI classification task using a two-phase protocol: frozen back-
bone training followed by complete fine-tuning, including inverse-frequency class weighting
to solve class imbalance. Results demonstrate that the Swin Transformer Tiny obtains the
best accuracy of 93.13 % and the highest meningioma F1-score of 0.9118, demonstrating the
advantage of hierarchical attention mechanisms for this task. Modern convolutional archi-
tectures (ConvNeXt family) closely follow, while older CNNs (ResNet50, EfficientNet-B3)
show significantly lower generalization. Meningioma categorization is found to be the hard-
est class across all models. These findings establish a clinically meaningful framework for

future studies on this dataset.

Keywords: Brain tumor; CNN; Deep learning; Image classification; Magnetic Resonance
Imaging (MRI).
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Introduction

Introduction

Brain tumors are among the most life-threatening neurological disorders, with outcomes that
vary significantly depending on tumor type, grade, and the speed of clinical reaction. Treat-
ment planning requires early and accurate diagnosis: meningiomas are normally controlled
through surgical resection, gliomas require intense multimodal therapy including radiother-
apy and chemotherapy, and pituitary adenomas are often treated pharmacologically. Errors
in classification at the diagnostic stage can therefore lead to fundamentally wrong treatment
approaches. The gold standard for detecting brain tumors is still magnetic resonance imaging
(MRI), however manually evaluating MRI data requires a lot of time, demands a high level
of specialized expertise, and is subject to individual observer variability. Computer-aided
diagnostic systems have attracted a lot of research interest as a result. The rapid develop-
ment of deep learning, notably Convolutional Neural Networks (CNNs) and, more recently,
Vision Transformers, has opened new avenues for automated medical image analysis. These
architectures can extract hierarchical visual features from MRI images and learn discrimina-
tive representations that generalise across patients. However, a significant methodological
fault exists in the majority of published studies on the widely known Cheng brain tumor MRI
dataset: data splitting is performed at the image level rather than the patient level. Since
most patients contribute several MRI slices that share identical anatomy and scanner fea-
tures, image-level splitting leads slices from the same patient to appear in both training and
test sets, resulting in inflated and clinically deceptive performance metrics. This thesis ad-
dresses that shortcoming directly. It presents a systematic comparative study of eight deep
learning architectures VGG19, ResNet50, DenseNet121, EfficientNet-B3, EfficientNetV2-
S, ConvNeXt-Tiny, ConvNeXt-Small, and Swin Transformer Tiny all trained and evaluated
under a strict patient-level holdout protocol that eliminates inter-slice leakage. The goal is
to develop a corrected, clinically useful standard for this dataset that later research can rely

upon. The following are the main goals of this thesis:

* To conduct an accurate and unbiased evaluation of eight sample deep learning archi-

tectures for the classification of brain tumors on MRI.

» To implement and validate a patient-level data splitting technique that provides clini-

cally significant performance estimates by removing inter-slice data leakage.

* To determine which architectural families are most appropriate for generalization to

unseen patients, paying special attention to the challenging meningioma class.

* To offer a reproducible, reliable benchmark that may be relied on by future works.
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The following are this work's primary contributions:

* Patient-level splitting technique: To ensure that no patient occurs in both training and
test sets, a strict 80/20 holdout split is used.

» Comprehensive architectural comparison: Eight architectures, including Vision Trans-
formers, efficient CNNs, current CNNSs, and traditional CNNs, are trained under the

same circumstances and assessed using the same holdout set.

» Corrected benchmark: To provide a more reliable benchmark for the Cheng dataset

presented by genuine holdout accuracies on a leakage-free test set.
This is the organization of the Thesis

» Chapter 1 discusses the medical background of brain tumors, introduces MRI imaging

modalities, and surveys prior deep learning efforts on this classification challenge.

 Chapter 2 discusses the Cheng dataset and the eight model architectures employed in

this research.

 Chapter 3 covers the experimental methodology: preprocessing, patient-level splitting,

data augmentation, training methodology, and evaluation metrics.

 Chapter 4 addresses the implementation environment and the experimental outcomes,

with per-family and per-model analysis.

» General conclusion summarises the results and the contribution.



Chapter 1: Brain Cancer and Medical Images

Chapter 1: Brain Cancer and Medical
Images

1.1 Introduction

This chapter outlines the medical and technical framework necessary to comprehend the topic
of automated brain tumor classification from MRI. It begins with a wide examination of can-
cer as a disease category, progressively narrowing to brain tumors and the three particular
types covered in this thesis: glioma, meningioma, and pituitary adenoma. It then presents
medical imaging modalities, with emphasis on MRI and its many sequences utilized in clin-
ical neuro-oncology. The chapter finishes with a survey of earlier deep learning efforts that
have employed the Cheng brain tumor dataset, highlighting the methodological gap espe-

cially the prevalence of image-level data splitting that drives this thesis.

1.2 Cancer

1.2.1 Cancer Definition

Cancer comprises a collection of disorders defined by the unregulated growth and spread of
abnormal cells in the body[1]. These cells can infiltrate adjacent tissues and metastasis to
remote organs via the circulation or lymphatic system. Unlike normal cells, which grow,
divide, and die in an orderly method, cancer cells defy apoptosis, acquire genetic abnormal-
ities, and damage normal tissue architecture[2]. Cancer is responsible for around 10 million

deaths each year, ranking as the second highest cause of mortality worldwide[1].

1.2.2 Cancer Types

According to the World Health Organization (WHO)[1], cancers are classified into five pri-

mary histological categories, ordered by prevalence:

* Carcinomas (85-90% of body cancers) - Epithelial cancers Originate from epithelial
cells lining organs and glands. Most prevalent cancer kind. Examples: Lung cancer,

breast cancer, colon cancer.

* Leukemias and Lymphomas (8% of body cancers) - Blood cancers Arise from
hematopoietic cells in blood, bone marrow, or lymphoid organs. Examples: Leukemia,

lymphoma, multiple myeloma.
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* Central Nervous System (CNS) Tumors (2% of body cancers) - Brain/spinal can-
cers Originate from brain or spinal cord cells, including glial and neuronal lineages.

Examples: Glioblastoma, meningioma, medulloblastomal[3].

* Sarcomas (1% of body cancers) - Connective tissue cancers Develop from mes-
enchymal cells creating bone, cartilage, fat, or muscle. Examples: Osteosarcoma, soft

tissue sarcoma.

* Germ Cell Tumors (1% of body cancers) - Reproductive cell cancers Derived from
primordial germ cells, generally in gonads or extragonadal locations. Examples: Tes-

ticular cancer, ovarian germ cell tumors.

This categorization provides a core framework for understanding cancer epidemiology, eti-

ology, and treatment options.

1.2.3 Risk Factors

Cancer risk originates from a mix of genetic genes, daily routines, environmental exposures,
and personal qualities[1]. Some individuals possess genetic mutations handed through gen-
erations, such as alterations in the TP53 or BRCA1/2 genes, which boost the probability of
developing certain cancers[2]. Lifestyle choices play a crucial role, with tobacco use respon-
sible for about one in five cancer deaths, while heavy alcohol consumption and obesity sub-
stantially raise risk across numerous cancer types. Environmental variables such as excessive
sun exposure, radiation therapy, and infections like human papillomavirus further increase to
total risk. Additionally, age remains the largest predictor, with the majority of cancers iden-
tified after age sixty, and gender variations impact the sorts of cancers most typically found

in men vs women[3].

1.2.4 Causes

Cancer occurs when cells amass enough damage to bypass normal growth restrictions. This
process comprises activation of growth-promoting genes that urge cells to grow uncontrol-
lably, plus inactivation of protection genes that ordinarily inhibit damaged cells from expand-
ing. External factors such as tobacco compounds, UV radiation, and some viruses directly
destroy cell DNA and interrupt normal cell death mechanisms. Repeated tissue inflammation,
shortening of protecting chromosomal ends, and failures in the body's DNA repair processes

all contribute to allowing cancer cells to survive and expand over time[2].
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1.2.,5 Symptoms

Cancer symptoms vary based on the afflicted organ and illness stage. Local indicators include
prolonged coughing or coughing up blood in lung cancer, new lumps in breast tissue, and
rectal bleeding or changes in bowel habits for colon cancer. Systemic warning indicators
include unexplained weight loss, chronic exhaustion, and night sweats that signal the body is
battling against severe illness. Brain tumors especially cause intensifying headaches that are
typically more severe in the morning, seizures, and localized paralysis or trouble speaking

owing to pressure accumulation and direct tissue destruction within the skull[4].

1.2.6 Methods

The diagnostic assessment of cancer relies on histological confirmation, advanced imaging,
and serological biomarkers[5]. Biopsy with hematoxylin and eosin staining and immunobhis-
tochemistry remains the benchmark, augmented by molecular profiling for mutations such
as IDH1 and MGMT methylation status. Cross-sectional imaging techniques like MRI, CT,
and PET-CT provide tumor identification, staging, and treatment planning, while blood tu-
mor markers including PSA, CA-125, and CEA give complementary monitoring capabilities

despite weak independent specificity[6].

1.2.7 Limitations

Current diagnostic techniques face multiple important limitations. Tumors usually comprise
varied tissue types; therefore, tiny biopsy samples may miss the most aggressive cancer
cells and underestimate tumor malignancy[2]. Early-stage cancers typically avoid detection
primarily due to their tiny size and nonspecific symptoms. Furthermore, different experts
usually differ when interpreting MRI images and tissue samples, particularly when grading
tumors, identifying tumor borders, or distinguishing between treatment-related alterations
and real cancer recurrence[6]. The difference across doctors might lead to conflicting di-
agnoses and treatment options. Imaging alone typically fails to clearly differentiate benign
from malignant growths, making surgical biopsy essential for a conclusive diagnosis. Finally,
blood tests and post-treatment scan alterations might give false positive findings, complicat-

ing proper evaluation and perhaps leading to needless therapies or missed diagnoses.
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1.3 Tumors

1.3.1 Tumors Definition

A tumor is an abnormal mass of tissue resulting from excessive, uncontrolled cellular growth.
Tumors form when the usual regulatory processes of cell growth and division fail, leading to
clonal growth of mutated cells [4]. Unlike hyperplasia or hypertrophy, tumors produce dis-
tinct masses that may pressure surrounding tissues. Critically, tumors are defined by their
behavioral potential: benign (non-invasive) vs. malignant (invasive/cancerous), defining

clinical relevance [5].

Normal cell
"'--.____\___\-
T Large cytoplasm
___ Spherical shape of nucleus
T Single nucleolus

Cancer cell

T Small cytoplasm
—— Irregular shape of nucleus
Multiple nucleolus

Figure 1.1: Main differences between normal cell and cancer cell

1.3.2 Tumor Types

Tumors are categorized into two primary types:

* Benign Tumors (majority of cases): Non-cancerous growths that develop slowly,
remain confined, lack invasion/metastasis capacity, and rarely cause mortality unless
squeezing essential structures[5]. Examples: Lipoma (fat tissue), Fibroma (fibrous
tissue), Adenoma (glandular tissue), Meningioma (meninges, frequently benign brain

tumor), Pituitary adenoma (pituitary gland).
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* Malignant Tumors (minority of cases): Cancerous growths demonstrating fast pro-
liferation, local tissue invasion, and distant metastasis via blood/lymphatics, presenting
life-threatening danger. Examples: Glioma (brain glial cells, frequently cancerous like

glioblastoma), Carcinoma (epithelial), Sarcoma (connective tissue)[4].

Key Distinction: Benign tumors (e.g., meningioma, pituitary adenoma) are often treated by
surgical removal, but malignant tumors (e.g., glioma) require multimodal therapy owing to

metastatic potential[7].

Benign tumor Malignant tumor
Tumor cells ., ) Tumor cells
ya
-
.. -""
s ® o e "
-:.“.- ."..'l.l-‘
. 8 ®
90 e g2 . 9§

Morral cells Morrmal cells

Figure 1.2: Main differences between benign tumor and malignant tumor

1.3.3 Case Study: Brain Tumors

Brain tumors constitute one of the most critical types of central nervous system (CNS) ill-
nesses due to their direct impact on fundamental brain functioning. They consist of aberrant
cellular growths forming inside the brain or surrounding intracranial structures and may be
classed as benign or malignant depending on their biological activity and invasive potential.
Even benign tumors may cause serious clinical problems because of the restricted space in-
side the skull and corresponding pressure applied to surrounding brain regions. Brain tumors
are usually accompanied by symptoms such as chronic headaches, seizures, cognitive im-
pairment, visual abnormalities, and motor dysfunction, severely reducing patient quality of
life and survival outcomes[3].

Among the several brain tumor classifications, this study focuses on three therapeuti-

cally relevant tumor types: glioma, meningioma, and pituitary tumors. Gliomas arise from
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glial cells and are typically regarded as the most aggressive and malignant category, particu-
larly high-grade glioblastomas, which indicate fast development and poor prognosis. Menin-
giomas come from the meninges surrounding the brain and are normally benign and slow-
growing, although they may still cause neurological issues through tissue compression. Pi-
tuitary tumors originate within the pituitary gland and are commonly linked with hormonal
imbalance, endocrine dysfunction, and visual impairments due to their anatomical position.
These three tumor classifications display discrete radiological features in magnetic resonance
imaging (MRI), making them good candidates for automated classification using deep learn-

ing methods[8].

L ey ]

Prutary Tumans - ) ? "‘-.--.r_-

Brasnsiesm Ghoma

Figure 1.3: The location of the three tumors inside the human brain

1.4 Imaging for Cancer/Tumor Detection

1.4.1 Definition

Medical imaging comprises non-invasive methods employing electromagnetic radiation, mag-
netic fields, or ultrasound to visualize internal structures, enabling cancer/tumor identifica-

tion, characterization, staging, and therapy monitoring[6].
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1.4.2 Medical Imaging Types

Several imaging modalities exist; however, these six constitute the most popular employed

in cancer/tumor identification within medical practice:

1.4.2.1 MRI (Magnetic Resonance Imaging)

MRI employs strong magnetic fields (1.5-3T) and radiofrequency pulses to provide high-

resolution soft tissue contrast without ionizing radiation. Primary modality for brain malig-

nancies glioma and meningioma[8].

Radio
Frequency
Coil

Gradient
Coils

Magnet

Patient

Patient

Figure 1.4: MRI scanner cutaway

Different sequences of MRIs are used in the medical fields, this is some of the widely

used:

* T1-weighted Fat bright, water dark; great anatomical detail; differentiates gray/white

matter.

* T2-weighted Water bright (edema, cysts), fat moderate; emphasizes tumor edema.

* FLAIR (Fluid-Attenuated Inversion Recovery) Suppresses cerebrospinal fluid sig-

nal, exposes peritumoral infiltration.

* T1 post-Gadolinium Contrast agent extravasation through a damaged blood-brain bar-

rier signals active tumor.

* DWI/ADC (Diffusion-Weighted Imaging) Measures water diffusion restriction; shows

high cellularity in high-grade malignancies.
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T1-weighted T2-weighted

Figure 1.5: Comparison between three different types of MRI scans

1.4.2.2 CT (Computed Tomography)

Ionizing X-rays provide cross-sectional pictures via a rotating detector. Detects lung nodules
(>6 mm), bone destruction, and abdominal tumors. Fast acquisition (seconds)[6].

1.4.2.3 PET-CT (Positron Emission Tomography)

18F-FDG radiotracer accumulates in metabolically active cancer cells. Standardized uptake
value (SUV) measures malignancy. Essential for staging lymphoma, identifying metastases[6].
1.4.2.4 Ultrasound

High-frequency sound waves (2-18 MHz) reflect off tissue surfaces. Real-time imaging
guides biopsies. Differentiates solid (malignant) vs. cystic (benign) breast/thyroid lesions[6].
1.4.2.5 Mammography

Low-dose X-rays designed for breast tissue. Detects microcalcifications (<1 mm) and archi-
tectural deformation. Digital tomosynthesis (3D) decreases false positives[6].

1.4.2.6 X-ray (Radiography)

Single projection X-ray attenuation is dependent on tissue density. Screens for lung masses

and bone cancers. Low cost, commonly accessible[6].
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1.5 Related Work

Various studies have used the Cheng brain tumor MRI dataset, demonstrating a clear devel-
opment from traditional machine learning to recent deep learning techniques. Cheng et al[§],
[9]. constructed an early baseline combining histogram characteristics with an SVM, obtain-
ing 91.28% accuracy. This was followed by numerous CNN-based approaches, including the
standard architecture by Abiwinanda et al[10]. (84.19%), the compact network of Pashaei et
al[11]. (90.26%), the transfer learning strategy of Deepak & Ameer[15] (95.10%), and the
multi-class framework of Sultan et al[12]. (96.13%). Complementing these pure deep learn-
ing approaches, Khan et al[13]. combined CNN-derived representations with hand-crafted
features to reach 90.67%. Building upon this advancement, the present study employs a
Swin Transformer (Swin-T)[14], which achieves 93.13% accuracy. This result ranks the
suggested methodology favourably among existing methods, highlighting the possibility of
transformer-based designs to promote automated brain tumor classification. The table below

summarises some of the previous works on this dataset.

Table 1.1: Selected related work on the Cheng brain tumor MRI dataset

Study Method Split Type | Accuracy
Cheng et al.[8] Histogram + SVM | Image-level | 91.28%
Abiwinanda et al.[10] | CNN Image-level | 84.19%
Pashaei et al.[11] Compact CNN Image-level | 90.26%
Deepak & Ameer[15] | CNN + Transfer Image-level | 95.10%
Sultan et al.[12] Multi-class CNN | Image-level | 96.13%
Khan et al.[13] CNN + Features Patient-level | 90.67%
This work Swin Transformer | Patient-level | 93.13%

A critical methodological issue affecting most of these studies is that the splitting of data
is performed at the image level rather than at the patient level.

As the majority of patients provide multiple MRI slices showing the same anatomy, scan-
ner parameters, and tumour shape, image-level splitting allows slices from the same patient to
appear in both training and test sets simultaneously, so the model memorises patient-specific
appearances rather than learning generalisable tumour features, creating inflated and clin-
ically misleading performance metrics[16]. As demonstrated in the table, five of the six
preceding studies employ image-level splitting, which explains why their reported accura-
cies exceed 95 % yet cannot be reproduced under clinically realistic evaluation conditions.
The prior work employing patient-level splitting is Khan et al. [13] at 90.67 %. The present
work employs a strict patient-level 80/20 holdout combined with 5-fold cross-validation [17],

ensuring that no patient's slices appear in both training and evaluation sets at any point.
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1.6 Conclusion

This chapter has provided the medical and technical basis of this thesis. Brain cancers par-
ticularly glioma, meningioma, and pituitary adenoma present specific clinical challenges and
require precise, rapid diagnosis. MRI, especially T1-weighted contrast-enhanced imaging,
is the dominant non-invasive diagnostic method for these illnesses. The assessment of ear-
lier work on the Cheng dataset reveals a reoccurring methodological issue: the widespread
use of image-level data splitting, which inflates reported performance metrics by enabling
patient-specific information to leak from training into test sets. While numerous studies have
obtained accuracy figures exceeding 95%, these results are not directly comparable to a real
held-out patient cohort study. The methodology outlined in the next chapters addresses this

shortcoming by applying a rigorous patient-level split throughout all tests.
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Chapter 2: Dataset and Models

This chapter introduces the two core components of the experimental framework: the dataset
and the model architectures. The first section describes the Cheng brain tumour MRI dataset
in detail. The second section presents the eight deep learning architectures selected for this

comparative study, grouped into four families.

2.1 Available Datasets and Selection Rationale

Numerous publicly accessible MRI datasets have been used in the brain tumour classification
task.

Choosing the most suitable one requires the assessment of multiple criteria: tumour class
coverage; availability of patient-level identifiers (PIDs); imaging modalities; annotation qual-
ity; main purpose of the dataset, whether it is classification, segmentation, or something else;
and community adoption as a benchmark. Table 2.1 summarises the major candidates con-

sidered for this study.

Table 2.1: Comparison of publicly available brain tumour MRI datasets

Dataset Classes Patients | Images | Modality PID Available Task Format
Cheng et al. [8] 3 (Men, Gli, Pit) 233 3,064 | TI-CE Yes Classification | .mat
BraTS 2 (GBM, LGG) ~2,000 8,160 | T1/T2/FLAIR/ Yes Segmentation | NIfTI
2021 [18], T1-CE

[19]

TCGA-GBM / 2 (GBM, LGG) ~778 | ~15,000 | Multi- Yes Grade / Survival | DICOM
LGG [20] sequence

Kaggle  Brain | 4 (Men, Gli, Pit, None) N/A 7,023 T1 (mixed) No Classification | JPEG
MRI [21]

IXI Dataset Healthy only 600 ~18,000 | T1/T2/PD Yes No tumours NIfTI
RIDER  Neuro GBM only 19 ~70,000 | T1-CE Yes Longitudinal | DICOM
MRI [20]

2.1.1 Selection Rationale

The Cheng et al. dataset [8], [9] was chosen over other options for reasons directly related to

the methodological objectives of this study:

1. Explicit patient identifiers (PIDs). The Cheng dataset is the only classification-
oriented dataset in Table 2.1 that provides a patient identifier field for every image
(Cjdata.PID) [8]. This is the most critical selection criterion because without PIDs, it
1s impossible to implement patient-level splitting, and the entire methodological con-

tribution of this thesis cannot be realised. The Kaggle Brain MRI dataset, despite its

13
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larger size and four-class structure, provides no patient-level metadata, making it un-

suitable for leakage-free evaluation.

2. Established benchmark status. The Cheng dataset is the most widely used bench-
mark for brain tumour classification task in the deep learning literature with over a
decade of published results. This enables direct comparison with previous works and
provides a meaningful context for the corrected patient-level results produced in this

study.

3. Classification task alignment. BraTS [18], [19] and TCGA [20] are primarily de-
signed for tumour segmentation and grade/survival prediction, respectively. Adapting
them to a three-class classification task would require non-trivial label merging and
preprocessing not present in any prior comparable work. The Cheng [8] dataset is na-
tively formulated as a three-class classification problem which makes it suitable for

our task.

4. Clinically relevant tumour types. The three classes meningioma, glioma, and pi-
tuitary adenoma represent the most commonly encountered tumour types in clinical
neuro-oncology practice [3], [4]. This makes classification results clinically meaning-
ful beyond the dataset itself.

5. Lossless image format. Images are stored in MATLAB .mat files which preserve
the original scanner intensity values and quality without compression artefacts. On the
contrary, Kaggle dataset uses JPEG encoding, which introduces lossy compression that

changes fine-grained patterns critical for MRI-based classification.

6. Expert manual annotations. Each image includes tumour borders and binary masks
drawn by experts and brain doctors (Cjdata. tumorBorder, Cjdata.tumorMask) 8],

enabling potential future use of tumour region-focused training strategies.

7. Uniform acquisition protocol. All 3,064 slices were acquired with a consistent T1-
weighted contrast-enhanced protocol using Gadolinium (0.1 mmol/kg at 2 ml/s) across
two hospitals in China between 2005 and 2010 [8], ensuring that inter-scanner and
inter-protocol variability is minimised compared to heterogeneous multi-site collec-

tions.

2.1.2 Limitations of the Selected Dataset

Despite the advantages mentioned above, the Cheng dataset has obvious drawbacks.
It covers only T1-CE sequences, while clinical diagnosis often employs multi-sequence
protocols, including T2 and FLAIR.

14
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The dataset is derived from one specific geographic and ethnic population gathered be-
tween 2005 and 2010, which may be restricting its generalizability to modern scanners or
varied patient demographics.

Additionally, the three-class framework does not address the tumor grading type, particularly
the clinically essential distinction between low-grade and high-grade glioma [7].

These restrictions are described further in the Future Work section.

2.2 Dataset Description

2.2.1 The Cheng Brain Tumor MRI Dataset

This study employed the brain tumor MRI dataset originally assembled by Cheng et al[8], [9].
(2015, 2016), which includes T1-weighted contrast-enhanced MRI scans from 233 patients at
Nanfang Hospital, Guangzhou, and General Hospital, Tianjin Medical University, collected
between September 2005 and October 2010. The dataset is widely used in deep learning re-
search for automated brain tumor classification due to its uniform acquisition process, expert
manual annotations, and clinically verified class labels. All images are stored in MATLAB

.mat files. Each file contains a data structure with five pieces of information[8]. The images

Table 2.2: Description of fields in the Cheng brain tumor MRI dataset

Field Description

Cjdata.image The MRI scan itself (512x512 grayscale image).

Cjdata.label Tumor type: 1 = meningioma, 2 = glioma, 3 = pituitary.

Cjdata.PID Patient identification (ID) number.

Cjdata.tumorBorder List of x--y coordinates marking the expert-drawn tumor
border.

Cjdata.tumorMask| Black-and-white mask indicating pixels belonging to the tu-
mor region.

are T1-weighted contrast-enhanced MRI scans. Patients were given a Gadolinium contrast
agent (0.1 mmol/kg at 2 ml/s) before to scanning to enhance tumor visibility. Each picture
has 512 x 512 pixels, with each pixel corresponding to 0.49 x 0.49 mm of cerebral tissue. The
MRI slice thickness measures 6 mm, with a 1 mm interval between successive scans. Utiliz-
ing the .mat format preserves the original image brightness values without any degradation
in quality due to compression. This is essential because automated classification depends
on detection of minor brightness changes where the contrast agent has accumulated in tu-
mor tissue. The dataset also contains a file named cvind.mat that gives conventional 5-fold

cross-validation groups for benchmarking against other researchs.
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axial coronal sagittal

meningioma

glioma

pituitary

Figure 2.1: Representative sample images from each class with different angles

2.2.2 Dataset Content

The dataset contains 3,064 slices from 233 patients, categorized into three distinct patho-
logical classes representing the most common brain tumor types encountered in clinical
practice[3], [8].

Table 2.3: Distribution statistics of the Cheng brain tumor MRI dataset

Class Slices | Patients | Avg Slices/Patient | Min | Max
Meningioma | 708 82 5.9 1 22
Glioma 1426 89 20.4 2 57
Pituitary 930 62 21.1 3 74
Total 3064 233 13.2 1 74
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Full Dataset Class Balance (Full)

Number of Slices

Figure 2.2: Classes distribution per slice

Mumber of Patients

20 1

glioma meningioma pituitary

Figure 2.3: Classes distribution per Patient

The class distribution reveals moderate imbalance, with glioma cases representing nearly
half the dataset, necessitating careful handling during model training to prevent bias toward

the majority class[22].

2.3 Models Architecture

2.3.1 Classic CNN Family: VGG19, ResNet50, DenseNet121

The classic CNN family represents some of the most popular architectures in deep learning

and computer vision[22], [23]. These models established the foundation for modern image
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analysis systems by continually increasing feature extraction capabilities, network depth, and
optimization efficiency. Their development brought major architectural advances that sig-
nificantly advanced image classification performance[24].

VGG19 was launched by Karen Simonyan and Andrew Zisserman from the Visual Ge-
ometry Group (VGG) at the University of Oxford in 2014[25]. It revealed that increasing
network depth with simple convolution filters could greatly enhance performance.

VGG19 has 19 weight layers that utilize just 3x3 convolutions, producing a large receptive
field via increased depth. Although its age, it continues to function as a robust foundation for
transfer learning[26]. This study substitutes the classifier with a more complex architecture:

25088—4096—4096—3, incorporating a 0.5 dropout rate at each fully connected layer.
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Figure 2.4: VGG19 architecture: 16 convolutional layers and 3 fully connected layers with

exclusively 3x3 filters

ResNet was introduced by Kaiming He et al. at Microsoft Research in 2015[27]. It ad-
dressed the degradation problem in deep networks through residual learning and skip con-
nections, enabling significantly deeper structures to be trained effectively.

ResNet50 introduced the residual (skip) connection, which directly adds the block input
to its output, solving the vanishing gradient problem and facilitating the construction of very
deep networks. ResNet50 employs a bottleneck block including 1x1, 3x3, and 1x1 convolu-
tions. In this work the classifier head is deepened: Linear(2048, 512)—ReLU—Dropout(0.3)
—Linear(512, 3).
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Figure 2.5:

ResNet50 with bottleneck residual blocks enabling efficient gradient propagation

DenseNet was proposed by Gao Huang et al. in 2017 and introduced dense connectivity

between layers, where each layer receives feature maps from all preceding layers[28]. This

design improves feature reuse and reduces the number of trainable parameters.

DenseNet121 connects every layer to every following layer inside a dense block, opti-

mizing feature reuse and reduces the number of trainable parameters, making it particularly

effective for small-scale medical imaging datasets[6], [28]. A stepwise unfreezing technique

is applied: classifier head — denseblock4 — entire network[26].
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Figure 2.6: DenseNet121: each layer receives feature maps from all preceding layers
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2.3.2 Efficient CNN Family: EfficientNet-B3, EfficientNetV2-S

EfficientNet-B3 was introduced by Mingxing Tan and Quoc V. Le from Google Research
in 2019[29]. It was developed to address the limitations of conventional scaling methods,
where network depth, width, and image resolution were typically increased independently.
EfficientNet demonstrated that a more balanced scaling strategy could achieve improved clas-
sification performance while requiring fewer computational resources and parameters than
many previous CNN architectures.

EfficientNet-B3 introduced compound scaling, concurrently scaling network depth, width,
and input resolution. Squeeze-and-Excitation (SE) blocks are included throughout, recali-
brating channel-wise feature responses. Note that SE blocks are incompatible with PyTorch

DataParallel on this CUDA version, forcing single-GPU training.
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Figure 2.7: EfficientNet-B3: compound scaling architecture.

EfficientNetV2 was proposed by Mingxing Tan and Quoc V. Le in 2021 as the next gen-
eration of EfficientNet architectures. The model was designed with emphasis on improving
training speed and practical deployment efficiency while maintaining strong classification
performance. It introduced several modifications intended to reduce computational overhead
and accelerate convergence during training[30].

EfficientNetV2-S refines EfficientNet by replacing early depthwise convolutions with
Fused-MBConv blocks and implementing progressive learning. V2-S works at native 384x384

resolution, requiring batch size 32 to fit GPU memory.
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EfficientNetV2-S: Fused-MBConv vs. MBConv Block
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Figure 2.8: EffecientNetV2-S: replaces early MBConv blocks with Fused-MBConv for faster

training.

2.3.3 Modern CNN Family: ConvNeXt-Tiny, ConvNeXt-Small

ConvNeXt was introduced by Zhuang Liu et al. from Meta Al Research in 2022 as a mod-
ernized convolutional architecture designed to close the performance gap between traditional
CNNs and Vision Transformers[31]. Rather than introducing transformer mechanisms di-
rectly, ConvNeXt revisited the design of conventional CNNs and incorporated several ar-
chitectural concepts inspired by Vision Transformers while preserving a fully convolutional
structure[32]. ConvNeXt-Tiny and ConvNeXt-Small represent scaled variants of this ar-
chitecture and are included in this study to evaluate whether modernized CNN designs can
achieve improved generalization and classification performance in brain tumor MRI analysis.

ConvNeXt is a pure CNN enhanced by taking components from Vision Transformers:
depthwise convolutions with large 7x7 kernels, inverted bottleneck blocks, Gaussian Error
Linear Unit (GELU) activations, layer normalization, and a decreased amount of activation
and normalization layers per block. ConvNeXt-Tiny (28.6M) and ConvNeXt-Small (50.2M)
differ solely in the number of blocks in each stage. Both employ label smoothing (0.1) and
dropout (0.5) in this investigation.
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Figure 2.9: ConvNeXt block (right) modernised with depthwise 7x7 conv, GELU, and Layer
Norm vs standard ResNet block (left)

2.3.4 Vision Transformer: Swin-T

Swin Transformer was introduced by Ze Liu et al. from Microsoft Research Asia in 2021 as
a hierarchical Vision Transformer architecture designed to improve computational efficiency
and scalability in visual tasks[ 14]. Unlike conventional Vision Transformers that apply global
self-attention across the entire image, Swin Transformer introduced a local window-based
attention mechanism that significantly reduces computational complexity while preserving
strong representation capability. The architecture was developed to combine the advantages
of transformer-based learning with practical efficiency for high-resolution image analysis and
has demonstrated strong performance across various computer vision tasks.

Swin Transformer Tiny uses hierarchical shifted-window self-attention. The image is bro-
ken into 4x4 patches processed through four phases with increasingly integrated patches,
generating feature maps at H/4xW/4 through H/32xW/32. Self-attention is computed inside
local windows, with windows switched between succeeding layers. Swin-T runs at 224x224

resolution.
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Figure 2.10: Swin Transformer hierarchical architecture with shifted windows

2.4 Conclusion

This chapter has described the dataset and the eight model architectures used in this study.

The Cheng MRI dataset, with its 3,064 slices from 233 patients and three tumor classes, pro-

vides a well-established benchmark whose moderate class imbalance and high per-patient

slice variance directly motivated the preprocessing and training choices detailed in Chapter 3.

The eight selected architectures span a deliberate cross-section of the current deep learning

landscape from the well-established VGG19 and ResNet50 to modern Transformer-inspired

designs making this comparison informative both in accuracy terms and in architectural phi-

losophy.
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Chapter 3: Methodology

3.1 Introduction

This chapter describes the complete experimental methodology adopted in this study. All de-
sign decisions are motivated by two overarching goals: clinical validity and reproducibility.
The chapter covers the end-to-end workflow, data preprocessing, patient-level data splitting,
cross-validation strategy, data augmentation (including an ablation study), class imbalance
handling, the two-phase transfer learning protocol, and the evaluation metrics used through-

out all experiments.

3.2 General Workflow

The process begins with loading raw brain MRI .mat files and preprocessing them into a
standardised tensor format. To ensure clinical validity, the dataset is partitioned at the pa-
tient level[16], with 80 % of unique patients reserved for development and 20 % held out
as an entirely unseen test cohort. The development pool undergoes stratified 5-fold cross-
validation[17], [33], where data augmentation is applied strictly to the training folds[34].
Eight distinct architectures—spanning CNNs, vision transformers, and lightweight hybrids—
are trained from ImageNet pretrained weights[35] using a common two-stage transfer learn-
ing strategy[26]. Each model is first evaluated via cross-validation, followed by a final unbi-
ased assessment on the independent holdout set. The workflow concludes with a comparative
analysis to select the optimal model for 3-class brain tumour classification. Figure 3.1 illus-

trates the end-to-end pipeline adopted in this study.
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Figure 3.1: End-to-end experimental pipeline: from raw .mat file loading through preprocess-

ing, patient-level splitting, cross-validation, two-phase training, and final holdout evaluation.

3.3 Data Preprocessing

3.3.1 Metadata Extraction

The dataset archives each MRI slice as a MATLAB .mat file that contains a structure cj-
data with the following fields: image (pixel matrix), label (integer class: 1=meningioma,
2=glioma, 3=pituitary), PID (patient identifier represented as a Unicode uint16 character ar-
ray), tumorMask (binary mask), and tumorBorder (contour coordinates)[8]. The patient ID
is derived by transforming the uint16 array into its string representation (e.g., MR0507918).
This PID functions as the categorical key for all patient-level segmentation procedures. Class

labels are remapped from 1, 2, 3 to 0, 1, 2 for compliance with PyTorch's loss functions[36].

3.3.2 Pixel Normalisation and Channel Conversion

Raw pixel intensities are normalized to the range [0, 255] using per-image min--max normalization[22]:

255
Inorm - \‘—

Imax - Imin

x (I — Imin)J (3.1)

where [ denotes the original pixel intensity, while /.., and I,;,, represent the maximum
and minimum intensity values within the image, respectively.
The resulting 8-bit grayscale image is subsequently converted into a three-channel repre-

sentation by replicating the grayscale channel across all RGB channels. This transformation
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ensures compatibility with ImageNet-pretrained architectures that require three-channel in-

put images.

3.4 Patient-Level Data Splitting

3.4.1 Motivation

The dataset comprises an average of 13.2 MRI slices per patient[8]. When a split is made at
the picture level, slices from the same patient appear in both training and test sets with high
probability[16]. Since adjacent MRI slices from the same patient share identical anatomy,
scanner parameters, and tumor shape, the model memorises patient-specific appearance rather
than learning generalisable tumor features[6], [16]. This represents data leakage that inflates

performance metrics. Figure 3.2 depicts the difference between image-level and patient-level

splitting.
IMAGE-LEVEL SPLIT (LEAKAGE - INCORRECT) PATIENT-LEVEL S5PLIT (CORRECT)
MR Dataset MRI Dataset
Al Patignsis All Patignts
Al Slicen (bmusges) Al Slicey (raget)
L T
Random Image-Lewel Split Pathent-Lavel Split
BO% Training Set 207 Teat St
B Training Set 0% Teit Sat [Patients) [Puthenta]
{Randcm images) (Barsdam imaget] Al glices from thets Al nlcer drom thevs
pationty patisnts
¥ L
[Problem: Data Leakage Mox Dt Leakage
Temining Patiorts
Shoes Trom the Same Dot - - - Al oy from & patient
LN Spgrpa i Doth frasnineg s z 1 l H [~} A =1 i i Gl On e
tead saty — Bed prenaticen leskage o pathent cverlsp -+
== Chvaet optimatic parformance E E s E E g Lintesasd svahistion
L ¥
Redulti are Biaded [Oversdtimated Performants) x Redultis are Reliable (Unbiased Performancs) n./

Figure 3.2: Comparison between image-level splitting (susceptible to data leakage) and

patient-level splitting (adopted in this study).

3.4.2 Patient-Level Split Protocol

All splitting procedures are performed at the patient level utilizing stratification on the dom-
inant class per patient to preserve class ratios[17], [33]. A first stratified 80/20 split divides
the holdout set: 186 patients ( 2,453 pictures) comprise the training pool, while 47 patients
(611 images) create the permanently held-out test set. The random seed 42 is fixed through-
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out all experiments for reproducibility. The holdout set is placed aside and never used during

any step of model construction or hyperparameter selection.

Table 3.1: Patient-level data split summary

Split Patients | Images | Meningioma | Glioma | Pituitary
Training pool 186 ~2453 ~568 ~1145 ~T740
Holdout (test) 47 ~611 ~170 ~258 ~180
Total 233 3064 708 1426 930

3.5 Cross-Validation and Holdout Evaluation Strategy

3.5.1 5-Fold Patient-Level Cross-Validation

A 5-fold cross-validation method[17] was used on the 80 % development subset to ensure
robust and reliable model assessment. During each iteration, the development subset was par-
titioned into five folds, where four folds were utilized for training and one fold was used for
validation. This technique was repeated five times such that each fold served as the valida-
tion subset precisely once. Data augmentation techniques[34] were used only to the training
folds throughout each iteration, while the validation fold remained untouched to offer an
unbiased evaluation of model performance[22]. For each deep learning architecture, evalua-
tion metrics including Accuracy, Precision, Recall, F1-score, and ROC-AUC[37], [38] were
computed for every fold, and the mean performance over all folds was later measured. The
model weights corresponding to the best-performing fold, selected according to validation

performance, were preserved for the final assessment step.

3.5.2 Final Holdout Evaluation

After completion of the cross-validation step, the selected best-performing model weights
produced from the 5-fold cross-validation procedure were utilized to evaluate the independent
20 % holdout set[17].

The holdout set remained totally untouched during training, validation, augmentation, and
model selection, resulting in an unbiased evaluation of model generalization capabilities on
unseen data. Final performance was provided utilizing accuracy, precision, recall, F1-score,
and ROC-AUC metrics for comparison analysis among the researched deep learning archi-
tectures.

28



Chapter 3: Methodology

!

5-Fold Cross Validation on 80% Training Pool

MRI Dataest Patient-Level Split
(.mat files) (No Data Leakage) Final Evaluation on
20% Holdout Set
AlllPatiants 80% Training Pool 20% Holdout Set Cnteuhecy
(All Slices) (Development Set) (Independent Test Set)
N, Patients Untouched Best Fold Weights
* Meningioma N, Patients are used to predict
* Glioma the 20% independent
« Pituitary holdout set

l

Folci | I | | ‘ | Evaluation Metrics
i | | | | ‘ | * Accuracy

Fold 3 | I | | N | * Precision i
Fold 4 | [ [ [ N | : :c:l :ensmvnty)
b, I I I | J | + ROC-AUC

[] Training Data (80%)

[ validation Data (20%)

Select Best Fold I
(Highest Validation Performance)
Save Model Weights

Figure 3.3: Patient-level 80/20 holdout split combined with 5-fold cross-validation on the
training pool.

3.6 Data Augmentation

3.6.1 Applied Augmentations

All augmentations are applied online only during training. Validation and holdout sets get
no augmentation only resizing and normalization. The following transformations are applied

progressively using torchvision. transforms:

* Random Rotation (£15°): simulates variability in patient head positioning inside the

scanner[34].

* Random Affine Translation (5 %): models minor translational misalignments be-

tween sessions[34].

* Random Resized Crop (scale 0.85—1.0): introduces scale variability while preserving

the tumor region within view[34].

* Gaussian Blur (o [ [0.1, 2.0]): simulates scanner noise and point-spread-function
variation[6], [34].

* Color Jitter (brightness £0.2, contrast +0.2 only): simulates inter-scanner intensity
inhomogeneity[34]. Saturation and hue are excluded as meaningless on grayscale im-

ages.
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* Random Erasing (p=0.2, scale 0.01-0.05): simulates small imaging artefacts, applied

post-normalisation.

Original

Adfina
Translation %%

Resired
Crop 0.85-1.8

reuired]

Figure 3.4: Examples of applied data augmentation transformations on brain MRI images:

original (top row) and augmented variants (bottom row) for each transformation type.

3.6.2 Excluded Augmentation

Horizontal and vertical flips are purposely excluded: brain structure is bilaterally symmetric
in the axial plane, a horizontally flipped MRI is a mirror image of the same brain and provide
no new information[6]. Vertical flipping generates an anatomically impossible position for
axial brain MRI.

Table 3.2: Data augmentation techniques used in this study

Augmentation Applied | Justification

Random  Rotation Yes Head positioning variability in scanner.
(£15°)

Random Affine Yes Translational misalignment between ses-
Translation sions.

Random  Resized Yes Scale variability; preserves tumor region.
Crop

Gaussian Blur Yes Scanner noise and PSF variation.

Color Jitter Yes Inter-scanner intensity inhomogeneity.
Random Erasing Yes Small imaging artifacts.

Horizontal Flip No Brain anatomy is left-right symmetric.
Vertical Flip No Anatomically implausible for axial MRI.
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3.6.3 Class Imbalance Handling

The dataset is imbalanced: glioma comprises 46.5 % of training images, whereas meningioma
accounts for only 23.2 %. Inverse-frequency class weights are computed from the training
set and applied to the cross-entropy loss[39].

The class weights used in the weighted cross-entropy loss are calculated as:

1

We = —e— x C (3.2)
Dt n

where n,. is the number of training samples belonging to class ¢, and C' denotes the total
number of classes (C' = 3 in this study).

Table 3.3: Inverse-frequency class weights computed from the training pool.

Class Training Images | Proportion | Weight
Meningioma ~568 23.2% 1.3881
Glioma ~1145 46.6% 0.6514
Pituitary ~740 30.2% 0.9605

3.7 Training Protocol

3.7.1 Two-Phase Transfer Learning

All eight models are trained using a two-phase transfer learning technique used equally across
all folds and all architectures[26]:

* Phase 1 — Frozen backbone (5 epochs): All backbone parameters are frozen us-
ing requires_grad=False[36]; only the custom classification head is trained with
a higher learning rate. This phase adjusts the randomly initialized head to the target

domain without discarding pretrained features.

* Phase 2 — Full fine-tuning (up to 12 epochs): All parameters are unfrozen and
trained using a lower learning rate and a cosine annealing schedule[40]. Early stopping[41]

with a patience of 4 epochs monitors validation accuracy. The best checkpoint is stored.
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Figure 3.5: Two-phase transfer learning protocol applied to all eight architectures within each

fold.

3.7.2 Loss Function

The weighted cross-entropy loss function[22] with optional label smoothing ¢ is utilized. La-

bel smoothing[39] (¢=0.1) is performed to ConvNeXt and Swin-T to reduce overconfidence.

3.7.3 Optimisers and Schedulers

Phase 1 utilizes Adam optimiser[42] for all models. Phase 2 employs SGD with Nesterov

momentum([43] (momentum=0.9) for ResNet50 similar with its initial training technique

and Adam[42] for all others. A cosine annealing schedule[40] is implemented in Phase 2.
EfficientNet-B3, EfficientNetV2-S, and Swin-T employ a 2-epoch linear warmup[44] before

cosine decay. Gradient clipping[45] (max norm=1.0) is used throughout.
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Table 3.4: Training hyperparameter configuration for all evaluated models

Model P1 LR P2 LR P2 Opt. Warmup | Label € | Batch
VGG19 1073 1074 Adam No 0.0 64
ResNet50 1073 10~%* | SGD + Nesterov No 0.0 64
DenseNet121 1073 1074 Adam No 0.0 64
EfficientNet-B3 | 3 x 107% | 5 x 107° Adam 2ep 0.0 64
EfficientNetV2-S | 3 x 107% | 5 x 107° Adam 2 ep 0.0 32
ConvNeXt-Tiny 1072 | 5x107° Adam No 0.1 64
ConvNeXt-Small 1073 | 5x10°° Adam No 0.1 64
Swin-T 1072 | 5x10°° Adam 2 ep 0.1 64

3.8 ImageNet Pre-training and Transfer Learning

3.8.1 ImageNet Dataset

ImageNet [35] is a large-scale image database containing 1,281,167 training images across
1,000 object categories, including animals, vehicles, tools, plants, and everyday objects. It
was assembled by Deng et al. at Stanford and Princeton Universities, with labels verified
by human annotators. ImageNet became the standard benchmark for image classification
following the 2012 ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [24], in
which deep convolutional neural networks dramatically outperformed all prior approaches.
Every architecture used in this study has been trained on ImageNet and releases its learned
weights publicly. These weight files encode the visual knowledge extracted from 1.28 million

diverse images and serve as the starting point for the training protocol.

3.8.2 Transfer Learning Mechanism

Transfer learning [26] is the practice of initialising a model with weights learned on a source
task and adapting them to a different target task. In this study, the source task is 1,000-class
ImageNet classification [35] and the target task is three-class brain tumour MRI classifica-
tion [8].

The process proceeds in three steps:

1. Weight initialisation. Each model is loaded with its publicly available ImageNet-

pretrained weights [35] rather than random values.

2. Head replacement. The original 1,000-class output layer is removed and replaced
with a new classification head producing three outputs: meningioma, glioma, and pi-

tuitary adenoma [8]. This new head is the only component initialised randomly.
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3. Two-phase fine-tuning. The network is adapted to the MRI domain using the two-
phase protocol[26]: the backbone is first frozen while the head trains, then the entire

network is fine-tuned end-to-end at a low learning rate.

3.8.3 Why ImageNet Weights Transfer to MRI

ImageNet consists of natural colour photographs, whereas the target domain consists of
grayscale T1-weighted contrast-enhanced MRI scans [8]. The transfer is effective because
convolutional neural networks learn features in a hierarchical manner [22] and the earlier

layers encode domain-agnostic visual patterns that are present in any image type:

» Early layers detect oriented edges, intensity gradients, and corners. These features are
universal: brain tumour boundaries, contrast agent accumulation patterns, and tissue
interfaces in MRI directly activate the same detectors learned from natural images [6],
[22].

* Middle layers detect shapes, curves, blobs, and texture assemblies. These partially
transfer to the rounded and irregular morphological patterns of meningioma, glioma,

and pituitary adenoma [6], [26].

» Late layers and the classifier encode category-specific patterns tied to the ImageNet

domain. These are replaced and retrained during fine-tuning and do not transfer [22].

This layer-wise transferability is the experimental base of the transfer learning concept [26].
Litjens et al. [6] reviewed over 300 deep learning publications in medical imaging and found
that ImageNet-pretrained models consistently outperform randomly initialised models, even

across large domain gaps, provided sufficient fine-tuning is applied.

3.8.4 Why Transfer Learning Is Necessary for This Dataset

The training pool in this study contains 2,453 images from 186 patients [8] far fewer than
the 1.28 million images used for ImageNet pretraining [35]. Training a model with 8 to
144 million parameters from random initialisation on 2,453 images would result in severe
overfitting [22]. ImageNet pretraining provides a high-quality initialisation that encodes rich
visual representations learned from millions of diverse images, allowing the fine-tuning stage
to adapt existing features to the MRI domain rather than learning all representations from
scratch [6], [26].

3.8.5 Handling the Grayscale to RGB Domain Gap

ImageNet-pretrained models expect three-channel RGB input [35], while the Cheng MRI im-

ages are single-channel grayscale [8]. This is resolved by replicating the grayscale channel
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across all three input channels, producing a valid three-channel tensor without introducing
any new information [26]. All input images are then normalised using ImageNet statistics
(1 =[0.485, 0.456, 0.406], o = [0.229, 0.224, 0.225]) [35] to ensure that the input distribu-

tion matches the one the pretrained weights were optimised for [22].

3.9 Evaluation Metrics

Evaluation metrics are quantitative measures used to assess the performance and reliabil-
ity of deep learning classification models. In medical image classification tasks, relying
solely on accuracy may provide misleading conclusions, particularly when class distribu-
tions are imbalanced. Therefore, multiple complementary metrics were employed to compre-
hensively evaluate the proposed models from different perspectives, including classification
correctness, sensitivity to positive cases, prediction reliability, and class separability. The
performance of all investigated architectures was evaluated using Accuracy, Macro Preci-
sion, Recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-
ROCQC)[37], [38]. These metrics were computed for each fold during cross-validation and

again on the independent holdout test set.

* Accuracy[37]

Accuracy measures the proportion of correctly classified samples among all predic-

tions.

TP+TN
TP+TN+ FP+FN

Accuracy = (3.3)

Where:

— TP: True Positives
— TN: True Negatives

FP: False Positives

FN: False Negatives[37]

Although accuracy provides an overall performance indication, it may not adequately

reflect model effectiveness in imbalanced medical datasets[39].

* Macro Precision[37]

Precision measures the proportion of correctly predicted positive samples among all
samples predicted as positive. Macro Precision computes precision independently for

each class and then averages the values equally across all classes[33].
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TP

Precision = ——— 34
recision = —— TP (3.4)

| N
Macro Precision = ¥ ;1 Precision; (3.5)

Where N denotes the total number of classes.

High precision indicates a low false-positive rate and reflects the reliability of positive

predictions[37].

* Recall (Sensitivity)[37]

Recall, also referred to as sensitivity, measures the proportion of actual positive sam-

ples correctly identified by the model.

TP

Recall = m—m (36)
XN

Macro Recall = N ;:1 Recall; (3.7

Low recall may correspond to missed disease cases, making this metric particularly

important in medical diagnosis[6].

* F1-Score[37]

The Fl-score represents the harmonic mean of precision and recall and provides a

balanced measure between false positives and false negatives.

Precision X Recall
Fl=2 3.8
% Precision + Recall (3-8)

N

1
M Flz—g F1,; 3.9
acro Nizl (3.9

The F1-score is especially useful when evaluating datasets with unequal class distributions[37],
[39].
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* AUC--ROCJ38]

The Receiver Operating Characteristic (ROC) curve illustrates the relationship be-
tween the True Positive Rate (TPR) and False Positive Rate (FPR) across different

classification thresholds.

TP
TPR= ————— 1
R TP+ FN (3.10)
FP
FPR = 5y -1

In this study, macro-average ROC--AUC was used to evaluate multi-class classification

performance across all tumor categories[33], [38].

AUC = / ROC (3.12)

An AUC value closer to 1 indicates superior classification performance and stronger

class separability, whereas a value near 0.5 suggests random classification behavior[38].

3.10 Conclusion

This chapter has presented the whole methodology supporting all experiments in this thesis.
The patient-level 80/20 holdout split[17], along with 5-fold cross-validation on the training
pool, ensures that no patient's data appears in both training and evaluation pools at any stage
providing a strict technique that removes the inter-slice leaking affecting the majority of prior
works on this dataset[16]. The data augmentation pipeline[34] was built with clinical limits
in mind: transformations that approximate real image scanning variability are included, but
anatomically impossible operations such as horizontal and vertical flipping are specifically
excluded[6]. Inverse-frequency class weighting addresses the dataset's basic glioma bias.
The two-phase transfer learning protocol frozen backbone warm-up followed by full fine-
tuning with cosine annealing is applied uniformly across all eight architectures, ensuring that
any performance differences observed in Chapter 4 are attributable to architectural properties
rather than training conditions. The evaluation metrics (accuracy, macro precision, recall,
F1-score, and macro-average AUC-ROC)[37], [38] provide a multi-dimensional picture of

model performance that is ideal for an imbalanced, clinically sensitive classification task.
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Chapter 4: Experimental Results

4.1 Introduction

This chapter breaks down the implementation environment and experimental results of this
study. It is structured into three sections. The first section outlines the software and hardware
platform employed for all of the experiments. The second section explores the fundamental
parts of the pipeline: dataset loading, patient splitting, augmentation, model architecture,
and the training loop. The third section presents the holdout evaluation results for all eight
architectures, succeeded by an ablation review that evaluates the separate impact of data

augmentation[34].

4.2 Development environment

4.2.1 Programming Language and Libraries

The development environment is built around a Python-centric ecosystem for deep learning
and reproducible research. At its core, PyTorch 2.10.0 and Torchvision 0.25.0 handle model
construction, transfer learning, and GPU-accelerated training. Complementary libraries in-
cluding NumPy, Pandas, and h5py facilitate numerical computation, tabular metadata man-
agement, and direct ingestion of MATLAB .mat neuroimaging files. Scikit-learn supports
the evaluation framework via stratified splitting and metrics, while Matplotlib, Seaborn, and
Pillow generate the visualisations used to interpret model behaviour and classification out-

comes. Table 4.1 lists the main libraries and frameworks used.
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Table 4.1: Software libraries and frameworks used in this study

Library Version | Role

Python 3.12.12 | Programming language

PyTorch[36] 2.10.0 | Deep learning: model training and GPU
execution

Torchvision[36] | 0.25.0 | Pre-trained models and image transforma-
tions

NumPy[46] 2.0.2 | Numerical operations and array manipu-
lation

Pandas[47] 2.3.3 | Dataset management and metadata han-
dling

hS5py 3.15.1 | Reading MATLAB HDFS5 files

scikit-learn[33] 1.6.1 | Evaluation metrics, cross-validation, and
stratified splitting

Matplotlib[48] 3.10.0 | Training curves and result visualization

Seaborn[49] 0.13.2 | Confusion matrix heatmaps

PIL (Pillow) 11.3.0 | Image format conversion and processing

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import matplotlib.gridspec as gridspec
import seaborn as sns

import hSpy

import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import Dataloader, Dataset
from torchvision import transforms, models

from PIL import Image

from sklearn.model_selection import StratifiedGroupKFold, train_test_split
from sklearn.metrics import (
accuracy_score, precision_score, recall_score, f1_score,
confusion_matrix, roc_curve, auc, classification_report
)
from sklearn.preprocessing import label_binarize
from scipy.stats import gaussian_kde

Figure 4.1: Software environment and imported Python packages used throughout the exper-

imental pipeline.
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4.2.2 Hardware and Platform

All experiments are performed on Kaggle, a cloud-based data science platform offering com-
plimentary GPU-accelerated sessions. Each session is allotted two NVIDIA Tesla T4 GPUs
with 16 GB VRAM each. Multi-GPU training is facilitated by PyTorch's nn.DataParallel[36]
divides each mini-batch between both devices and synchronizes gradients at every step. Effi-
cientNet models are trained on a single GPU because the Squeeze-and-Excitation blocks [50]

is incompatible with DataParallel in this CUDA version.

Table 4.2: Hardware and software environment used for experimental execution

Component Specification
Platform Kaggle Notebooks (cloud-based environment)
GPU 2x NVIDIA Tesla T4

VRAM per GPU | 16 GB GDDR6
CUDA version 12.8

CpPU Intel Xeon (Kaggle instance)
RAM 30 GB
Session limit 12 hours (GPU runtime)

CUDA (Compute Unified Device Architecture): is a proprietary parallel computing plat-
form and API created by NVIDIA. It allows developers to use graphics processing units
(GPUs) for general-purpose processing, drastically accelerating compute-heavy tasks like
artificial intelligence, scientific computing, and deep learning by distributing them across
thousands of GPU cores[22].

4.2.3 Global Configuration and Constants

A unified global configuration was defined before model training to ensure consistency across
all experimental notebooks and deep learning architectures. The configuration included dataset
paths, output directories, random seed initialization, class definitions, normalization param-

eters, hardware settings, and cross-validation parameters.
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Table 4.3: Global configuration parameters used throughout the experiments

Parameter Description
DATASET PATH Directory containing MRI .mat dataset files used
throughout all experiments.

OUTPUT_PATH Directory used for storing trained model weights,
evaluation results, and generated figures.

SEED =42 Fixed random seed used to ensure reproducibility
across Python, NumPy, and PyTorch operations.

NUM_CLASSES = | Number of target classes: meningioma, glioma, and

3 pituitary.

NUM_FOLDS =5 Number of folds used in patient-level cross-
validation.

NUM_WORKERS | Number of parallel workers employed during data

=4 loading.

PIN. MEMORY = | Enables faster CPU-to-GPU memory transfer during

True training.

DEVICE Automatically selects GPU execution when available;
otherwise defaults to CPU execution.

USE DP Enables multi-GPU training using PyTorch
DataParallel.

CLASS NAMES Ordered list of tumor labels used throughout training
and evaluation.

CLASS COLORS | Predefined visualization colors for plots and confu-
sion matrices.

LABEL MAP Numerical mapping scheme for tumor class labels.

IMAGENET MEAN ImageNet normalization parameters applied to input
and IMAGENET_STD | images.

4.3 Implementation

4.3.1 Environment Verification

The first cell verifies that the GPU accelerator is correctly activated in the Kaggle session. It
queries all available CUDA devices and reports their name and total memory. If no GPU is

detected, the cell prints a warning directing the user to the Kaggle accelerator settings.
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# Accelerator check
import torch
print(f"PyToerch : {torch.__version )
print(f"CUDA : {toreh.cuda.15_available()}™)
if torch.cuda.is_available():
for 1 in range(torch.cuda.device_count()):
p = torch.cuda.get_device_properties(i)
print(f* GPU {i} : {p.name} ({p.total_memory/iB24w=3: 1f} GB)")
else:
print("WARNING: No GPU")

PyTﬁrnh : 2.10.8%culls

CUD& : True
GPU @ : Tesla T4 (14.6 GB)
GPU 1 : Tesla T4 (14.6 GB)

Figure 4.2: GPU environment verification and hardware detection in the Kaggle execution

platform

4.3.2 Dataset Loading and PID Extraction

This cell iterates over all .mat files in the dataset directory, opens each with h5py, and extracts
the patient ID and class label[8]. The PID is stored as a uint16 Unicode character array; it is
decoded by mapping each value to its Unicode character. The cvind.mat file (cross-validation

indices from the original dataset) is explicitly skipped as it does not contain image data.

# Extract PID + label from every .mat file
records =
for fname in sorted(os.listdir(DATASET_PATH)):
if not fname.endswith(' .mat’) or fname == 'cvind.mat’:
continue
path = os.path.join{DATASET_PATH, fname)
try:
with h5py.File(path, 'r’) as f:
c] = f['cjdata’
raw = ¢cj['PID" ][ ()
pid = "' join(chr{x) for x in raw.flatten()) if raw.dtype == np.uint16 else str(raw.flat[@])
label = LABEL_MAP|int(cj| label’ |[()].flat[@])

records.append({ path’: path, ‘pid’: pid, ‘label’: label})
except Exception as e:
print(f” [skip] {fname}: {e}~)

df = pd.DataFrame(records)
print{f~Images : {len{df}}")
print{f"Patients : {df| pid’].nunique()}")
for 1, n in enumerate(CLASS_NAMES):
print(f” {n:12s}: {(df| label’ |==i).sum{)}")

Images ;364

Patients @ 233
meningioma : 788
glioma 1 1426
pituitary : 938

Figure 4.3: Dataset loading procedure and extraction of patient identifiers (PID) and class
labels from MATLAB .mat files
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4.3.3 Patient Split and Class Weights

The patient-level 80/20 split[33] uses train_test split with stratification on each patient's
dominant class. The same seed (42) and strategy are used identically across all notebooks,
guaranteeing that every model is trained on the same 186-patient pool and evaluated on the
same 47 holdout patients[16], [17]. Class weights are then computed from the training pool

using the inverse-frequency formula.

# Patient-level 88/28 split same SEED across all notebooks

patient_summary = (
df .groupby("pid')| " label
.agg(lambda x: x.mode()[B]).reset_index()
.rename(columns={"label’ : dominant_label’ })
)]
train_pids, holdout_pids = train_test_split(
patient_summary| "'pid' |, test_size=8.2,
stratify=patient_summary| 'dominant_label’ ], random_state=SEED
]
train_pids, holdout_pids = set(train_pids), set(holdout_pids)
train_df = df[df| 'pid" |.isin{train_pids)|.reset_index(drop=True)
holdout_df = df[df| pid’ |.isin(holdout_pids)|.reset_index(drop=True)

print(f°Traint¥al : {len(train_df)} images | {train_df[ pid’'|.nunique()} patients”)
print(f“Holdout : {len(holdout_df)} images | {holdout_df[ 'pid’].nunique()} patients”)

# Inverse-frequency class weights

counts = torch.tensor(|(train_df| label’ |==1).sum() for 1 in range(NUM_CLASSES)]|, dtype=torch.float)
class_weights = (1.8 [ counts)

class_weights = (class_weights f class_weights.sum({) * NUM_CLASSES).to(DEVICE)

print(~\nClass weights:”, {CLASS_MAMES[i]: f"{class_weights[i]:.4f}" for i im range(NUM_CLASSES)})

Train+#val : 2453 images | 186 patients
Holdout : 611 images | 47 patients

Class weights: {‘meningioma®: ‘1.3816', "glioma’: '@.6328", 'pituitary’: '9.9855"}

Figure 4.4: Patient-level train--holdout splitting and computation of inverse-frequency class

weights.

4.3.4 Augmentation Pipeline and Custom Dataset

The transform factory creates two separate pipelines: one for training (with augmentation)[34]
and one for validation and holdout (resize + normalise only). The MATDataset class im-
plements PyTorch's Dataset interface, loading each image on-the-fly from its .mat file us-
ing h5py, normalising it to [0, 255][22], and converting it to a PIL image for the transform

pipeline.
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# — Transform factory
def get_transforms(img_size):
train = transforms.Compose(|[
transforms.Resize((img_size, img_size)},
transforms.Grayscale(num_output_channels=3),
transforms.RandomRotation(15),
transforms.RandomAffine(degrees=8, translate=(9.85, 8.85)),
transforms.RandomResizedCrop(img_size, scale=(8.85, 1.8)),
transforms.GaussianBlur(kernel_size=3, sigma=(@8.1, 2.8)),
transforms.ColorJitter(brightness=08.2, contrast=08.2),
transforms.ToTensor(),
transforms.Normalize( IMAGENET_MEAN, IMAGENET_STD),
transforms.RandomErasing(p=0.2, scale=(8.81, 8.85)),

val = transforms.Compose( |
transforms.Resize((img_size, img_size)),
transforms.Grayscale(num_output_channels=3),
transforms.ToTensor(),
transforms.Normalize( IMAGENET_MEAN, IMAGENET_STD),
1

return train, val

print(“Transforms ready”)

Transforms ready

Figure 4.5: Transformation pipeline definition for training and validation datasets.

Figure 4.5 presents the implementation structure of the transformation factory used in the
experimental pipeline. The code demonstrates the separation between training and evaluation
workflows and highlights the sequence of operations applied before data are supplied to the

models.
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# — MATDataset

class MATDataset(Dataset):
def __init__(self, dataframe, transform=None):
self.df = dataframe.reset_index(drop=True)
self.transform = transform

def __len__(self): return len(self.df)

def __getitem__(self, idx):
row = self.df.iloc|idx
with hSpy.File(row| 'path’], "r’) as f:
im = f|'cjdata’ |["image’ |[()].astype(np.floatb4)
mn, mx = im.min(), im.max()
im = 255.8%(im-mn)/(mx-mn) if mx > mn else np.zeros_like(im)
img = Image.fromarray(im.astype(np.uint8))
if self.transform: img = self.transform(img)
return img, int(row|'label’ ])

print(“MATDataset ready”)

MATDataset ready

Figure 4.6: Custom MATDataset implementation for MRI loading and preprocessing.

Figure4.6 illustrates the implementation of the custom dataset class employed through-
out the experiments. The code structure shows how sample retrieval and preprocessing are

integrated within a unified data loading mechanism compatible with the PyTorch framework.

4.3.5 Model Factory

4.3.5.1 VGG19

VGG19's[25] original classifier (a 3-layer FC head) is replaced with a deeper head: Lin-
ear(25088, 4096) — ReLLU — Dropout(0.5) — Linear(4096, 4096) — ReLLU — Dropout(0.5)
— Linear(4096, 3). The higher dropout (0.5) is applied to combat overfitting given VGG19's
143.7M parameters. The classifier attribute is accessed via model.classifier.
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MODEL_CONFIGS =

"-'I._'.'I;‘ g9*:
‘frozen_1r" :1e-3, ‘unfrozen_lr":1e-4, "frozen_eps .5, "unfrozen_eps’:18@,
"patience’ 4, ‘optim [ "adam’, "wd lle-4, "img_size 256, "batch’ 64,

‘smooth’ :8.8, 'dropout”:8.5, ‘mixup’ :False, ‘warmup®:®, 'staged’ :False,

Figure 4.7: VGG19 model configuration and associated training hyperparameters.

4.3.5.2 ResNet50

ResNet50's[27] default single-linear classifier is replaced with a deeper head: Linear(2048,
512) — ReLU — Dropout(0.3) — Linear(512, 3). This increases the classifier's capacity
to better adapt to the three-class brain tumor problem[51]. The classifier is accessed via
model.fc

MODEL_CONFIGS =
‘resnetse .
frozen_1r" :1e-3, ‘unfrozen_lr':1e-4, 'frozen_eps':5, 'unfrozen_eps’':18,
patience’ 4, 'optim I'sgd’, "wd [le-4, "img_size 256, 'batch” .64,
smooth' (8.8, "dropout’ :8.3, "‘mixup :True, mixup_alpha 8.2,
warmup' 8, "staged’ :False,

Figure 4.8: ResNet50 model configuration and associated training hyperparameters.

4.3.5.3 DenseNetl121

DenseNet121's[28] classifier is replaced with: Dropout(0.3) — Linear(1024, 3). Given DenseNet's
dense connectivity pattern, a staged unfreezing strategy[26] is applied: Phase 1 trains only the
classifier; Phase 1.5 unfreezes denseblock4 and norm5; Phase 2 unfreezes the entire network.

The classifier is accessed via model.classifier.

MODEL _CONFIGS =
Idénﬂgnptl?l':
"frozen_lr':1e-3, 'unfrozen_lr':1e-4, "frozen_eps':5, 'un
"staged_eps 4, patience 5, ‘optim :'adam , wd :le
mooth' 8.8, "dropout’ :@.

"img_size' :256, 'batch’:64, 's
‘mixup’ :False, ‘warmup’:8, 'staged’ :True,

Figure 4.9: DenseNet121 model configuration and associated training hyperparameters.

4.3.5.4 EfficientNet-B3

EfficientNet-B3's[29] classifier is replaced with: Dropout(0.3) — Linear(1536, 3). Due to SE
block incompatibility with DataParallel on this CUDA version[50], the model is trained on a
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single GPU regardless of the USE_DP setting. The classifier is accessed via model.classifier.

The frozen learning rate is reduced to 3e-4 (vs 1e-3 for other models) to prevent instability[50].

MODEL _CONFIGS =
efficientnet_b3" :

"frozen_lr" :3e-4_ 'unfrozen
‘patience’ 14, ‘optim’ @'adam’,
‘smooth’' 8.8, ‘dropout’:8.3,

1r'

:3e-5, 'frozen_eps’:5, "unfrozen_eps’ 12,
‘wd® le-5, 'img_size 388, "batch’ 164,
mixup® :False, 'warmup’:2, "staged’ False,

Figure 4.10: EfficientNetB3 model configuration and associated training hyperparameters.

4.3.5.5 EfficientNetV2-S

EfficientNetV2-S's[30] classifier is replaced with: Dropout(0.4) — Linear(1280, 3). Like
B3, it is trained on a single GPU due to SE block constraints[50]. Its native resolution of
384x384 requires reducing the batch size to 32 (16 per GPU would be used if DataParallel

were active) to avoid out-of-memory errors. The classifier is accessed via model.classifier.

MODEL _CONFIGS =

Ieff:tlentnet_»?_s':
:de-4,
‘patience’ 14,
:6.8,

"frozen_lr

'smooth

‘optim
dropout’ 8.4,

unfrozen_lr" :3e-5,

:adam’

‘frozen_eps' :5, 12,

'unfrozen_eps’ :
‘batch” 132,

staged’ :False,

‘wd’ :le-5, "img_size  :384,

mixup' :False, ‘warmup':2,

Figure 4.11: EfficientNetV2-S model configuration and associated training hyperparameters.

4.3.5.6 ConvNext-Tiny

ConvNeXt-Tiny's[31] classifier head (accessed via model.classifier) is replaced with: Dropout(0.5)
— Linear(768, 3). The higher dropout (0.5) and label smoothing (¢=0.1, applied in the loss
function) are both necessary to prevent overconfidence[22], as ConvNeXt's strong feature ex-

traction capacity makes it prone to overfitting on small datasets without these regularisers[6].

The unfrozen learning rate is lowered to Se-5.

MODEL_CONFIGS =
convnext_tiny’ :

"frozen_lr" :1e-3, ‘unfrozen_lr
‘patience’ 14, “optim’ ' adam’,
"smooth’ 8.1, 'dropout’: 8.5,

:5e-5, 'frozen_eps':5, 'unfrozen_eps’ :12,
wd' :1e-5, "img_size  :256, ‘"batch’ :64,
warmup’ 18,

Figure 4.12: ConvNeXt-Tiny model configuration and associated training hyperparameters.
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4.3.5.7 ConvNext-Small

ConvNeXt-Small[31] follows the same construction as ConvNeXt-Tiny, with model.classifier
replaced by: Dropout(0.5) — Linear(768, 3). The identical hyperparameters allow a direct
comparison between the two ConvNeXt variants under the same training conditions, isolating
the effect of model capacity (28.6M vs 50.2M parameters).

MODEL _CONFIGS =
convnext_small” :

frozen_1lr" :1e-3, 'unfrozen_lr':5e-5, "frozen_eps’':5, 'unfrozen_eps’ :12,
patience’ :4, "“optim’:'adam”, ‘wd':1e-5, 'img_size' :256, 'batch’ :64,
smooth” :8.1, "dropout’ 18.5, "warmup’ .8,

ConvNeXt-Small

Figure 4.13: ConvNeXt-Small model configuration and associated training hyperparameters.

4.3.5.8 Swin-T

Swin-T's[ 14] classification head (accessed via model.head) is replaced with: Dropout(0.4) —
Linear(768, 3). Swin-T is also incompatible with DataParallel[36] due to its shifted-window
attention mechanism; it is trained on a single GPU. A 2-epoch linear warmup[44] is applied
before the cosine annealing schedule[40] in Phase 2, which is essential for stable training at

the low unfrozen learning rate of Se-5.

MODEL_CONFIGS =

SWin_T .
"frozen_1lr' :l1e-3, 'unfrozen_lr':5e-5, 'frozen_eps':5, "unfrozen_eps':12
‘patience’ :4, 'optim I'adam’, ‘wd’ :le-5, "img_size’ :224, 'batch’ 64,
"‘smooth':8.1, ‘dropout’:8.4, ‘warmup 12,

Figure 4.14: Swin-T model configuration and associated training hyperparameters.

4.3.6 Two-Phase Training Loop

The training loop implements the two-phase protocol described in Chapter 3. Phase 1 freezes
all backbone parameters and trains only the classification head. Phase 2 unfreezes all param-
eters and applies full fine-tuning with early stopping. The best checkpoint by validation
accuracy is saved after every fold. For each model, the loop runs across all 5 folds[17],

producing 5 independent performance estimates and 5 saved checkpoints.
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# Phase 1. frozen
freeze_backbone(model, clf_name)
cpt = optim.Adam(filter(lambda p:. p.requires_grad, model.parameters()).
lr=cfg| ' frozen_1r"])
sch = optim.lr_scheduler.CosineAnnealingLR(opt, T_max=cfg[ frozen_eps’])
for ep in range(1, cfgl’ frozen_eps’ |+1):
tl, ta = train_epoch{model, tr_loader, criterion, opt)
vl, va, preds, lbls, probs = eval_model(model, vl_loader)
sch.step()
hist| ‘train_loss’ | .append(tl); hist| 'train_acc’|.append(ta)

hist| ‘val_loss' |.append(vl); hist| 'wval_acc'|.append(va)
print(f" [Frozen] Ep {ep:2d}/{efg[ frozen_eps’ | -
f train={ta:.4F} | val={va:.4f}")

if va » fold_best_acc:
fold_best_acc = Va
fold_best_state = get_state(model)
fold_best_preds, fold_best_labels, fold_best_probs = preds, lbls, probs

hist| ‘best_epoch' | = ep
ep_offset = cfg|’ frozen_eps

Figure 4.15: Implementation of Phase 1 training with a frozen backbone and trainable clas-

sification head.

The figure illustrates the implementation of the initial training phase. The code structure
demonstrates the selective optimization process where only the classification head parameters
are updated while the pretrained backbone remains fixed. Training and validation metrics are

recorded at each epoch and the best-performing model state is preserved.
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# — Phase 2. full unfreeze
unfreeze_all(model)
warmup_eps = cfg.get( warmup', @)

uf_eps = cfgl ‘unfrozen_eps’ |
if cfgl optim*] == "sgd’:
opt = optim.SGD(model.parameters(), lr=cfg| wunfrozen_1r"],
momentum=8.9, weight_decay=cfg| 'wd' |, nesterov=True)
else:

opt = optim.Adam{model .parameters(), lr=cfg| 'unfrozen_lr’],
weight_decay=cfg| 'wd’ )
sch = (warmup_cosine_scheduler(opt, warmup_eps, uf_eps)
if warmup_eps > @
else optim.lr_scheduler.CosineAnnealinglLR({opt, T_maxsuf_eps))
patience_ctr = @
for ep in range(1, uf_eps+1).:
tl, ta = train_epoch(model, tr_loader, criterion, opt,
use_mixup=cfg.get( mixup',K False),
alpha=cfg.get( mixup_alpha’, 6 @8.2))
vl, va, preds, lbls, probs = eval_model(model, vl_loader)

sch.step()

hist|"train_loss’ |.append(tl); hist| train_acc’' |.append(ta)
hist|'val_loss® | .appendi{vl); hist|[ "wval_acc’].append(va)
tag = 'SGD' if e¢fgl optim’ |=="s5gd’ else ‘Adam’

print(f" [Full-{tag}] Ep {ep:2d}/{uf_eps} | "
f"train={ta:.4f} | val={va:.a4f}")
if va » fold_best_acc:
fold_best_acc = va
fold_best_state = get_state(model)
fold_best_preds, fold_best_labels, fold_best_probs = preds, lbls, probs
hist| "'best_spoch’ | = ep_offset + ap
patience_ctr = 8
else:
patience_ctr += 1
if patience_ctr »>= cfg| 'patience’]:
print(f" Early stopping at epoch {ep}”)
break

Figure 4.16: Implementation of Phase 2 full-network fine-tuning with optimization schedul-
ing and early stopping.

Figure 4.16 presents the implementation of the second training phase. The code demon-

strates parameter unfreezing, optimizer selection, learning-rate scheduling, and early-stopping

integration for performance monitoring across training epochs.

50



Chapter 4: Experimental Results

vggld Fold 5/5

Train: 18%9 imgs (149 pts) | val: 55
[Frozen] Ep 1/5 | train=8.575@ |
[Frozen] Ep 2/5 | train=08.8115 |
[Frozen] Ep 3/5 | train=08.8652 |
[Frozen] Ep 4/5 | train=08.8985 |
[Frozen] Ep 5/5 | train=6.9121 |
[Full-Adam] Ep 1/18 | train=0.8078
[Full-Adam] Ep 2/18 | train=0.5147
[Full-Adam] Ep 3/18 | train=@.9516
[Full-Adam] Ep 4/18 | train=@.9589
[Full-Adam] Ep 5/18 | train=@.9837
[Full-Adam] Ep &/18 | train=@.9884
[Full-Adam] Ep 7/18 | train=8.99@@
[Full-Adam] Ep 8/18 | train=0.3968
[Full-Adam] Ep 9/18 | train=@.9989
[Full-Adam] Ep 1@/18 | train=@.9995
Fold 5 Results:

Accuracy : B.9332

Precision({macro): @.9227

Recall{macro) : @.9325

Fl({macro) ! 8.9260

Mean AUC i B8.9988

Per-class AUC

: meningioma=8.9839

Per-class metrics:

meningioma

glioma

pituitary

: P=8.3182 R=0.9258
: P=8.59588 R=0.9%331
: P=1.0@92 R=0.93594

4 imgs (37 pts)

val=0.713@
val=08.8628
val=08.5708
val=0.8718
val=0.8718
| val=8.595879
| wval=08.9118
| val=0.9152
| val=0.5242
| wal=@.92396
| wal=9.9134
| wval=8.5260
| wval=8.9332
| val=08.9314
| val=08.95236

Fl=8.8638
Fl=8.59454
Fl=8.9688&

metrics.

4.4 Experimental Results

4.4.1 Comparative Results

from the 5-fold cross-validation.
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Figure 4.17: Example console output showing fold-wise training progression and evaluation

Figure 4.17 illustrates a representative execution output generated during model training.
The displayed results summarize epoch-wise performance progression across the two train-
ing phases and present the final fold-level evaluation metrics including accuracy, precision,
recall, F1-score, and AUC values[37], [38].

The table below presents the holdout set performance of all eight models, sorted by accuracy.

All models are evaluated on the identical 47-patient holdout set using the best-fold weights

| glioma=@.9%@2 | pituitary=@.9375
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Table 4.4: Overall ranking and performance comparison of the evaluated models on the hold-

out set
Rank | Model Acc. Prec. | Recall F1 AUC | Men F1 | Gli F1 | PitF1
1 Swin-T 0.9313 | 0.9317 | 0.9276 | 0.9295 | 0.9915 | 09118 | 0.9407 | 0.9359
2 ConvNeXt-Tiny | 0.9247 | 0.9242 | 0.9229 | 0.9235 | 0.9905 | 0.8994 | 0.9295 | 0.9416
3 DenseNet121 0.9231 | 0.9213 | 0.9263 | 0.9237 | 0.9844 | 0.8971 | 0.9193 | 0.9545
4 ConvNeXt-Small | 0.9231 | 0.9226 | 0.9194 | 0.9210 | 0.9916 | 0.8882 | 0.9323 | 0.9425
5 VGG19 0.9165 | 0.9152 | 0.9183 | 0.9166 | 0.9791 | 0.8883 | 0.9157 | 0.9459
6 EfficientNetV2-S | 0.9116 | 0.9082 | 0.9074 | 0.9077 | 0.9883 | 0.8657 | 0.9299 | 0.9276
7 EfficientNet-B3 0.8592 | 0.8590 | 0.8596 | 0.8590 | 0.9733 | 0.7869 | 0.8654 | 0.9244
8 ResNet50 0.8445 | 0.8406 | 0.8502 | 0.8444 | 0.9515 | 0.7671 | 0.8455 | 0.9205
Note: Men F1 = Meningioma F1-score, Gli F1 = Glioma F1-score, and Pit F1 = Pituitary F1-score.
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Figure 4.18: Comparison of overall holdout accuracy and macro F1score across all evaluated

architectures.

Figure 4.18 illustrates the relationship between overall classification accuracy and macro

F1-score[37] across the evaluated architectures. The close alignment between both metrics

for most models indicates balanced predictive performance without substantial discrepancies

between overall correctness and class-wise behavior. Transformer-based and modern CNN

architectures consistently occupy the highest-performing range, whereas earlier architectures

demonstrate a larger performance decline.
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Figure 4.19: Per-class F1-score comparison for all architectures on the holdout set.

Figure 4.19 highlights the class-specific behavior of the evaluated architectures. Across
most models, pituitary tumors exhibit the highest F1-scores, indicating stronger separability
and more consistent recognition patterns. In contrast, meningioma classification generally
produces lower scores, suggesting comparatively greater classification difficulty and overlap

with other tumor categories.

4.4.2 Classic CNN Family: VGG19, ResNet50, DenseNet121

The classic CNN family shows the widest performance spread. DenseNet121[28] achieves
the best result in this group (acc. 0.9231, F1 0.9237), closely followed by VGG19[25]
(0.9165), while ResNet50[27] is the weakest overall model (0.8445). DenseNet121's strong
result relative to its parameter count (8.1M, the smallest model) confirms the efficiency of
dense feature reuse[6]. The three-phase staged unfreezing strategy (classifier — denseblock4
— full) contributes to its stable cross-validation performance. VGG19's higher dropout
(0.5) across the deep FC head provides effective regularisation for its 143.7M parameters.
ResNet50's underperformance is particularly marked on the meningioma class (F1 0.7671),

the lowest across all models.
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Figure 4.20: Confusion matrices of ResNet50 and VGG19 on the holdout set.
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Figure 4.21: Confusion matrices of DenseNet121 on the holdout set.
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Figure 4.22: One-vs-Rest ROC curves of ResNet50 and VGG19 on the holdout set.
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Figure 4.23: One-vs-Rest ROC curves of DenseNet121 on the holdout set.

4.4.3 Efficient Family: EfficientNet-B3, EfficientNetV2-S

EfficientNetV2-S[30] (0.9116) substantially outperforms EfficientNet-B3[29] (0.8592), con-
firming the architectural improvements introduced in V2. The Fused-MBConv blocks in V2-
S's early stages are more efficient and better-suited to fine-tuning. The reduced learning rate
(3e-4 / 3e-5) applied to both models was necessary to prevent training instability from SE
block parameter sensitivity. EfficientNetV2-S improves meningioma F1 from 0.7869 (B3)

to 0.8657, a gain of nearly 8 percentage points on the hardest class.
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Figure 4.24: Confusion matrices of the Efficient CNN family on the holdout set.
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Figure 4.25: One-vs-Rest ROC curves of the Efficient CNN family on the holdout set.

4.4.4 Modern CNN Family: ConvNeXt-Tiny, ConvNeXt-Small

Both ConvNeXt[31] models cluster at the top of the ranking (0.9247 and 0.9231), confirming
that Transformer-inspired design improvements provide a substantial advantage over classic
CNN designs. Label smoothing[52] (0.1) and higher dropout[22] (0.5) are critical for these
models. ConvNeXt-Small (50.2M) does not significantly outperform Tiny (28.6M) on this
dataset, suggesting that Tiny's capacity is already sufficient for a three-class problem at this
scale. ConvNeXt-Small achieves the highest AUC of all models (0.9916), indicating superior

discrimination capability.
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Figure 4.26: Confusion matrices of the Modern CNN family on the holdout set.
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Figure 4.27: One-vs-Rest ROC curves of the Modern CNN family on the holdout set.

4.4.5 Vision Transformer: Swin-T

Swin-T[14] achieves the best holdout accuracy (0.9313), best macro F1 (0.9295), and most
significantly the best meningioma F1 (0.9118) of all eight models. The 2-epoch linear warmup([44]
proves essential for training stability at the low unfrozen learning rate (5e-5)[40]. The hi-
erarchical shifted-window attention mechanism captures both local tumor texture (within
each window) and global brain structural context (via cross-window connections), provid-
ing a dual capability that CNNs can only approximate through very deep architectures. This
global-local balance appears to be the key advantage for meningioma, whose most reliable
diagnostic feature is its extra-axial location[4] showing a global structural relationship that

local convolutions cannot efficiently encode.
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Figure 4.28: Confusion matrix and ROC Curves of the Vision Transformer family on the
holdout set.

4.5 Ablation Study: Effect of Data Augmentation

To measure the separate contribution of the data augmentation pipeline[34], all eight models
were retrained under a controlled no-augmentation baseline. In this baseline, the training
transform pipeline was reduced to the minimal sequence: Resize — Grayscale-to-3-channel
conversion — ToTensor — ImageNet Normalisation, with all geometric and photometric aug-
mentations removed. Every other experimental condition like patient-level split, random seed
(42), class weights, two-phase training protocol, per-model hyperparameters, and the hold-
out set remained strictly constant, ensuring that any performance difference is attributable
exclusively to the presence or absence of augmentation.

Table 4.5: Effect of data augmentation on holdout performance across all evaluated architec-

tures
Model Aug Acc | NoAug Acc | AAcc | Aug F1 | NoAug F1 AF1 | Aug AUC | NoAug AUC | AAUC
Swin-T 0.9313 0.9247 0.0066 | 0.9295 0.9225 0.0070 | 0.9915 0.9891 £0.0024
ConvNeXt-Tiny 0.9247 0.9100 0.0147 | 0.9235 0.9087 0.0148 | 0.9905 0.9915 -0.0010
ConvNeXt-Small | 0.9231 0.9067 +0.0164 | 0.9210 0.9051 +0.0159 | 0.9916 0.9915 +0.0001
DenseNet121 0.9231 0.9002 0.0229 | 0.9237 0.8986 0.0251 | 0.9844 0.9869 -0.0025
VGG19 0.9165 0.9133 +0.0032 | 0.9166 0.9111 +0.0055 | 0.9791 0.9853 -0.0062
EffNetV2-S 0.9116 0.8953 0.0163 | 0.9077 0.8930 0.0147 | 0.9883 0.9794 +0.0089
EffNet-B3 0.8592 0.8691 -0.0099 | 0.8590 0.8658 -0.0068 0.9733 0.9772 -0.0039
ResNet50 0.8445 0.8216 0.0229 | 0.8444 0.8229 0.0215 | 0.9515 0.9501 +0.0014
Mean 0.9043 0.8926 +0.0116 | 0.9032 0.8910 | +0.0122 | 0.9813 0.9814 -0.0001
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Table 4.6: Effect of data augmentation on class-wise F1-score performance across all evalu-

ated architectures

Model Meningioma F1 Glioma F1 Pituitary F1
Aug | NoAug A Aug | NoAug A Aug | NoAug A
Swin-T 0.9118 | 0.9059 | +0.0059 | 0.9407 | 0.9369 | +0.0038 | 0.9359 | 0.9248 | +0.0111

ConvNeXt-Tiny | 0.8994 | 0.8876 | +0.0118 | 0.9295 | 0.9168 | +0.0127 | 0.9416 | 0.9218 | +0.0198
ConvNeXt-Small | 0.8882 | 0.8844 | +0.0038 | 0.9323 | 0.9157 | +0.0166 | 0.9425 | 0.9153 | +0.0272

DenseNet121 0.8971 | 0.8514 | +0.0457 | 0.9193 | 0.9080 | +0.0113 | 0.9545 | 0.9363 | +0.0182
VGGI19 0.8883 | 0.8596 | +0.0287 | 0.9157 | 0.9201 | -0.0044 | 0.9459 | 0.9537 | -0.0078
EffNetV2-S 0.8657 | 0.8391 0.0266 | 0.9299 | 0.9048 | +0.0251 | 0.9276 | 0.9351 | -0.0075
EftNet-B3 0.7869 | 0.7919 | -0.0050 | 0.8654 | 0.8790 | -0.0136 | 0.9244 | 0.9263 | -0.0019
ResNet50 0.7671 | 0.7455 0.0216 | 0.8455 | 0.8166 | +0.0289 | 0.9205 | 0.9067 | +0.0138
Mean 0.8631 | 0.8457 | +0.0174 | 0.9098 | 0.8997 | +0.0101 | 0.9366 | 0.9275 | +0.0091

Tables 4.5 and 4.6 reveal a consistent but model-dependent benefit from augmentation[34].
Averaged across all eight models, augmentation improves holdout accuracy by +1.16 percent-
age points (mean Aacc =+0.0116) and macro F1 by +0.0122. The macro AUC effect is negli-
gible (mean AAUC = —0.0001), confirming that augmentation improves decision-boundary
precision rather than the fundamental ranking ability of the pretrained feature extractors.

DenseNet121[28] and ResNet50[27] benefit most in accuracy (both +0.0229). DenseNet121's
meningioma F1 drops to 0.8514 without augmentation, a fall of 0.0457 points, the largest per-
class drop in the entire experiment confirming that augmentation-induced diversity is critical
for the minority class[39]. **ResNet50 shows the largest glioma improvement (+0.0289
glioma F1), suggesting that without augmentation it develops a stronger bias toward over-
predicting the majority class.** Swin-T[14] and VGG19[25] show the smallest gains (+0.0066
and +0.0032 accuracy respectively), because their regularisation mechanisms shifted-window
attention and dropout independently constrain overfitting.

EfficientNet-B3[29] is the only model for which augmentation produces a negative effect
(Aacc = —0.0099). The geometric augmentations interact adversely with the Squeeze-and-
Excitation channel recalibration in early layers during single-GPU fine-tuning, where the SE
calibration signal is sensitive to the spatial statistics of each input. Without augmentation,
the spatial statistics are stable and SE converges more reliably. Importantly, B3 remains the
weakest model in both conditions.

**At the class level, augmentation produced its greatest benefit for meningioma classifi-
cation, with a mean increase in F1-score of +0.0174, followed by glioma (+0.0101) and pi-
tuitary tumours (+0.0091).** This finding supports the inclusion of random rotations (£15°)
and affine translations (+5%), which were designed to simulate variations in patient head

positioning during image acquisition. Such transformations introduce realistic anatomical
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variability and appear particularly beneficial for the minority meningioma class, where the
smaller number of training examples increases susceptibility to overfitting and limits the di-
versity of observed imaging patterns[4].

These results confirm the augmentation pipeline as a methodologically justified and em-

pirically validated choice for this dataset.

4.6 Discussion and Future Work

4.6.1 Discussion

4.6.1.1 Interpretation of Results

The experimental results demonstrate a distinct architectural hierarchy on this patient-level
benchmark[16]. Swin-T [14], with 28M parameters and a hierarchical shifted-window at-
tention strategy, surpasses all seven convolutional models on every macro metric[37]. The
two ConvNeXt[31] variants follow closely, indicating that Transformer-inspired inductive
biases large-kernel depthwise convolution, layer normalisation, GELU provide a systematic
advantage over simply conventional CNN design patterns. DenseNet121's[28] competitive
performance despite being the smallest model (8.1M parameters) demonstrates that dense
feature reuse is a particularly successful method for small-scale medical imaging datasets
where overfitting risk is significant[6].

The most noteworthy underperformance is EfficientNet-B3[29], which scores about 6 per-
centage points below EfficientNetV2-S[30] despite sharing the compound scaling concept.
Three factors are likely responsible: the single-GPU constraint imposed by SE block in-
compatibility with DataParallel reduces effective batch diversity[36]; B3's standard 300x300
training resolution is lower than V2-S's native 384x384, reducing spatial detail available for
feature extraction; and B3's depthwise-heavy early blocks are known to be less training-stable
than V2's Fused-MBConv early stages when fine-tuning from ImageNet[35] weights on small
datasets[6].

4.6.1.2 Class-Level Analysis

Meningioma is the hardest class for every model in our study, consistent with findings across
the brain tumor classification literature. The radiological reason for this problem is well-
established[4]: meningioma's key differentiating characteristic is its extra-axial origin and
attachment to the meningeal surface, global link that is not effectively captured by local con-
volutional kernels with small receptive fields[6]. Swin-T's advantage on meningioma (F1
0.9118 vs. 0.8882—-0.8994 for ConvNeXt models) is consistent with this perspective, since its

shifted-window attention mechanism allows the model to integrate spatial context throughout
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the full image at every stage.

Pituitary adenoma is the easiest class for most models. This reflects its morphological
consistency: pituitary tumors occupy a well-defined anatomical region (the sella turcica), are
typically round and homogeneous in T1-weighted contrast-enhanced imaging, and demon-
strate a predictable enhancement pattern. The high inter-model agreement on pituitary (F1
range 0.9205-0.9545) demonstrates that this class's visual characteristic is discriminative
enough for even traditional CNNs to classify consistently[25], [27].

Glioma occupies an intermediate place in difficulty. As the dominant class (46.5 % of
slices), it receives the most training instances, which benefits all models. However, gliomas
are histologically diverse[7] and may present with irregular boundaries, satellite lesions, and
varying enhancement patterns, which creates diagnostic difficulty for high-grade cases.

4.6.1.3 Comparison to Prior Works

Direct comparison with prior studies is limited by methodological differences in dataset par-
titioning. Most published works employed image-level splitting[10], [11], [12], [15], which
permits information leakage between training and test sets and consequently inflates reported
performance. Therefore, their results cannot be considered directly comparable to those ob-
tained under the strict patient-level protocol adopted in this study. The only comparable
benchmark is Khan et al[13]., who reported 90.67% accuracy using patient-level splitting.
Six of the eight evaluated models exceeded this result, suggesting that recent deep learning
architectures are capable of delivering superior performance even under rigorous leakage-
free evaluation conditions.

The observed 2—6 percentage point performance difference between this study and image-
level evaluations likely reflects the inflation of classification performance caused by image-

level data splitting, highlighting the importance of rigorous patient-level evaluation.

4.6.2 Future Work

The present study focused on three-class brain tumor classification using only T1-weighted
contrast-enhanced MRI images. Several extensions can be explored to increase the clinical

applicability of the proposed framework.

1. Multi-modal MRI Classification

This work utilized only T1-weighted contrast-enhanced (T1-CE) images. However,
clinical diagnosis typically relies on multiple MRI modalities, including T1-CE, T2-
weighted, and FLAIR sequences, as each modality provides complementary informa-
tion about tumor structure and surrounding tissue. Future work will investigate multi-
modal deep learning models capable of jointly processing multiple MRI sequences to

improve classification performance and robustness.
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2. Tumor Grade Prediction

The current framework classifies tumor type only (meningioma, glioma, and pituitary
tumor) without considering tumor severity. An important extension is the prediction
of tumor grade, particularly for gliomas, where grading is strongly associated with
prognosis and treatment planning. Future research will explore multi-class or multi-
task learning approaches that simultaneously identify the tumor type and estimate its

pathological grade.

3. Inclusion of Healthy Subjects

The dataset used in this study contains only tumor cases. Consequently, the model
assumes that every input MRI belongs to one of the three tumor categories. Future work
will extend the classification task by introducing a fourth class representing healthy
brain MRI scans. This enhancement would allow the system to first determine whether
a tumor is present and then classify its type, making it more suitable for real-world

clinical screening scenarios.

4.7 Conclusion

This chapter has presented experimental results of the comparative study. Across all eight
models evaluated on the same holdout set, Swin Transformer Tiny achieves the highest over-
all accuracy (93.13 %), the best macro F1-score (0.9295), and the highest meningioma F1-
score (0.9118) the most clinically significant metric given that meningioma is always the
hardest class to classify correctly. The ConvNeXt family occupies the second tier, illus-
trating that Transformer-inspired convolutional architectures provide a distinct advantage
over traditional CNN methodologies. DenseNet121 stands out within the conventional CNN
family, matching the ConvNeXt models in total F1 despite utilizing the fewest parameters.
EfficientNet-B3 and ResNet50 exhibit the poorest performance, with B3 demonstrating a
significant deficit of around 6 percentage points relative to the subsequent model — a result
that necessitates additional examination. The continuous pattern of meningioma being the
hardest class across all models, and pituitary being the easiest, reflects both the radiologi-
cal complexity of meningioma and the morphological distinctiveness of pituitary tumors in
T1-weighted contrast-enhanced MRI. These findings are evaluated and contextualised in the

General Conclusion and Discussion that follow.
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General Conclusion

This thesis presented a comprehensive and methodologically rigorous comparative study of
eight deep learning architectures for brain tumor classification on the Cheng MRI dataset.
The central contribution of this work is the adoption of a strict patient-level data splitting
strategy, an 80/20 stratified holdout combined with 5-fold cross-validation on the training
pool which eliminates the inter-slice data leakage that is present in the vast majority of previ-
ous research on this dataset and which inflates their reported performance metrics. The key
findings can be summarised as follows. Among the eight architectures examined VGG19,
ResNet50, DenseNet121, EfficientNet-B3, EfficientNetV2-S, ConvNeXt-Tiny, ConvNeXt-
Small, and Swin Transformer, Swin-T achieves the best overall holdout accuracy of 93.13
% and the highest meningioma F1-score of 0.9118. The ConvNeXt family followed closely,
proving that the integration of Vision Transformer design concepts into convolutional archi-
tectures delivers a measurable advantage. DenseNetl21 displayed outstanding efficiency,
reaching competitive performance (F1 0.9237) with only 8.1M parameters. EfficientNet-B3
was the weakest model (accuracy 85.92 %), underperforming by a margin that cannot be at-
tributed to training conditions alone and that suggests the SE block optimisation strategy used
in this architecture may be less suited to transfer learning on small-scale medical datasets
when multi-GPU training is unavailable. ResNet50, while strong on glioma and pituitary,
consistently underperformed on meningioma (F1 0.7671) the hardest class across all models
likely because its local convolutional receptive field cannot efficiently capture the extra-axial
spatial relationship that is the primary radiological distinguishing feature of meningioma. The
corrected benchmark created by this study is considerably lower than many results reported
in past image-level studies: Sultan et al. reported 96.13 % on this dataset using image-level
splitting, while this work's best result is 93.13 % under patient-level settings. This 3-point
gap represents the expense of scientific rigour and provides a more honest estimate of gen-
eralization to actually unseen patients which is the important clinical circumstance.

On the advantage of Swin-T for meningioma: The hierarchical shifted-window attention
method of Swin-T computes self-attention within local windows while propagating global
context across windows during the patch merging stages. This dual local-global reasoning
capacity appears to be particularly suited to meningioma classification, where the diagnos-
tic signal lies not only in the texture of the tumor mass itself but in its spatial relationship
to the meninges and surrounding structures a global feature that purely local convolutional
operations cannot efficiently encode without very deep architectures. On the ConvNeXt vs.
pure CNN gap: The ConvNeXt family's advantage over VGG19 and ResNet50 confirms

that the specific Transformer-inspired design choices: large 7%7 depthwise kernels, inverted
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bottleneck structure, GELU activation, and layer normalisation provide meaningful induc-
tive bias improvements for this task. This is practically significant since ConvNeXt mod-
els can be trained on regular CNN training pipelines without the memory and compatibility
constraints of Transformers. On EfficientNet-B3's underperformance: The 6-point accu-
racy gap between EfficientNet-B3 (85.92 %) and EfficientNetV2-S (91.16 %) is remarkable.
Both architectures share the compound scaling philosophy and SE blocks. The explanation
is threefold: V2 replaces early depthwise convolutions with Fused-MBConv operations that
are more training-stable during fine-tuning; V2 was pretrained on a larger and more diverse
ImageNet-21k subset in some configurations; and B3's single-GPU constraint (due to SE
block incompatibility with DataParallel) combined with its standard resolution (300%300)
may have prevented it from fully exploiting the available batch diversity. On meningioma as
the hardest class: All eight models score lowest on meningioma. This is compatible with the
clinical literature: meningioma has the highest visual similarity to normal brain structures
and other extra-axial disorders, its contrast enhancement pattern is varied, and it creates the
least distinctive local texture signal. Its detection from T1-weighted MRI alone is funda-
mentally more ambiguous than glioma (usually intra-axial, infiltrative) or pituitary adenoma
(limited to the sella turcica, extremely consistent appearance). Comparison to past work:
This study's 93.13 % holdout accuracy for Swin-T is attained under patient-level conditions
and is therefore not directly comparable to image-level studies. The one earlier patient-level
study identified in the literature analysis Khan et al. at 90.67 % is exceeded by all models in
this study except ResNet50 and EfficientNet-B3. This shows that current architectures, when
trained under stringent conditions, reliably improve on prior patient-level benchmarks.
Limitations

This work has some limitations that should be noted:

* The analysis is constrained to a single dataset from two hospitals in China with a spe-
cific MRI scanner methodology. Generalisation to datasets from other scanners, field

strengths, or demographics remains unvalidated.

* Only T1-weighted contrast-enhanced images are employed. Clinical practice often em-
ploys multi-sequence MRI (T2, FLAIR, DWI), and multi-modal models would likely

yield superior performance.

* The classification task is three-class and does not distinguish between tumor grades

within each class, particularly for glioma.

» The Kaggle session limit of 12 hours per GPU session put realistic constraints on hy-
perparameter search depth; a more extensive search would offer modestly improved

results.
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Appendix A: app:math

Appendix A: Mathematical Formulations

This appendix presents the mathematical formulations used throughout the proposed method-
ology. These equations provide additional details regarding image preprocessing, class im-

balance handling, optimization procedures, and evaluation metrics.

A.1 Image Preprocessing

A.1.1 Pixel Intensity Normalization

Raw MRI pixel intensities are normalized into the range [0, 255] using min--max normaliza-

tion:

255
Liom = |—— (I — Iuin Al
\‘Imax - Imin ( )J ( )
where:
[ : original pixel intensity
* [ax : Maximum image intensity

* [nin : minimum image intensity

* [yom : normalized intensity

A.2 Class Imbalance Handling

To compensate for class imbalance, inverse-frequency class weights are computed as:

where:

* w, : class weight for class ¢
* n. : number of samples in class ¢

» (' : total number of classes
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A.3 Loss Function

Weighted cross-entropy loss is defined as:

c
L==> wyclog(f) (A3)
=1
where:
* w, : class weight
* 7. : ground-truth class label

* 9. : predicted probability

A.4 Softmax Classification

The output probabilities are generated using the Softmax function:

ee

Py =clx) = = (A4)
Zj:l e
where:
* 2. : output logit of class ¢
» (' : total number of classes
A.5 Cosine Annealing Learning Rate
The cosine annealing learning schedule used during fine-tuning is defined as:
1 t
Tt = Tmin + §<nmax - 77min) |:1 + cos (%)1 (AS)

where:
* 1), : learning rate at iteration ¢
* Tmax : 1nitial learning rate
* 7min : Minimum learning rate

* T : total number of iterations
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Appendix B: List of Abbreviations

ACC Accuracy

ADC Apparent Diffusion Coefficient

Al Artificial Intelligence

AMP Automatic Mixed Precision

AUC Area Under the Curve

CAD Computer-Aided Diagnosis

CNN Convolutional Neural Network

CNS Central Nervous System

ConvNeXt Convolutional Next architecture family
CT Computed Tomography

CUDA Compute Unified Device Architecture
DenseNet Densely Connected Convolutional Network
DWI Diffusion-Weighted Imaging
EfficientNet Efficient Neural Network
EfficientNetV2 EfficientNet Version 2

FC Fully Connected Layer

FLAIR Fluid-Attenuated Inversion Recovery
FN False Negative

FP False Positive

FPR False Positive Rate

GELU Gaussian Error Linear Unit

GPU Graphics Processing Unit
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Grad-CAM Gradient-weighted Class Activation Mapping
ImageNet Large-scale visual recognition dataset
IoU Intersection over Union

LR Learning Rate

MRI Magnetic Resonance Imaging

OVR One-Versus-Rest

PET Positron Emission Tomography

PET-CT Positron Emission Tomography—Computed Tomography
PID Patient Identifier

PSF Point Spread Function

ReLU Rectified Linear Unit

ResNet Residual Network

RGB Red Green Blue

ROC Receiver Operating Characteristic

SE Squeeze-and-Excitation

SGD Stochastic Gradient Descent

Swin-T Swin Transformer Tiny

T1 T1-weighted MRI sequence

T2 T2-weighted MRI sequence

TN True Negative

TP True Positive

TPR True Positive Rate

VGG Visual Geometry Group

VRAM Video Random Access Memory

WHO World Health Organization
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B.1 Cross-Validation Fold Results

The tables below report per-fold accuracy, macro F1, and macro AUC for each of the eight
architectures over the 5-fold patient-level cross-validation. These results confirm that the
holdout evaluation is not a lucky single run and that CV performance is consistent across
folds.

Table B.1: Per-fold cross-validation results for all evaluated architectures.

Accuracy Macro F1 Mean AUC
Model
F1 F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5

ResNet50 0.8592 0.8727 0.8236 0.8767 0.8809 0.8146 0.8614 0.8072 0.8500 0.8686 0.9336 0.9612 0.9415 0.9619 0.9695
DenseNet121 0.9441 09478 0.9539 0.9635 0.9368 0.9203 0.9408 0.9455 0.9512 0.9260 0.9715 0.9876 0.9881 0.9930 0.9908
VGG19 0.9420 0.9311 0.9399 0.9475 0.9332 0.9184 0.9220 0.9307 0.9365 0.9260 0.9469 0.9913 0.9869 0.9929 0.9908
EffNet-B3 0.9089 0.9395 0.8778 0.9338 0.9007 0.8729 0.9305 0.8638 0.9213 0.8913 0.9344 0.9912 0.9578 0.9864 0.9834
EffNetV2-S 0.9420 0.9499 0.9519 0.9703 0.9314 0.9097 0.9433 0.9430 0.9580 0.9238 0.9534 0.9938 0.9867 0.9959 0.9917

ConvNeXt-Tiny  0.9321 0.9698 0.9793 0.9691 0.9601 0.9198 0.9735 0.9775 0.9605 0.9488 0.9435 0.9732 0.9989 0.9666 0.9457
ConvNeXt-Small  0.9554 0.9683 0.9822 0.9849 0.9830 0.9544 0.9670 0.9812 0.9840 0.9819 0.9584 0.9633 0.9982 0.9964 0.9895
Swin-T 0.9755 0.9704 0.9634 0.9674 0.9615 0.9736 0.901 0.9620 0.9652 0.9602 0.9981 0.9823 0.9756 0.9812 0.9794
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