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Abstract. This paper presents a dual-pipeline framework for brain glioma grading. It combines deep 

learning image segmentation with variational quantum classification and has 2 pipelines. Pipeline 1 

employs a ResNet50-UNet with attention gates which segment tumour regions from 3,929 MRI scans 

across 110 low-grade glioma (LGG) patients and achieved a Dice coefficient of 85.71% and IoU of 

82.30% which is then followed by a 4-qubit variational quantum circuit (VQC) for Grade 1 vs Grade 2 

sub-classification. The 54% grading accuracy of quantum model confirms the WHO 2021 finding that 

LGG sub-grades are molecularly distinct and are not visually separable from MRI texture features alone. 

Pipeline 2 addresses this limitation by classifying LGG versus glioblastoma multiforme (GBM) using five 

genomic mutation features (IDH1, Age, PTEN, EGFR, ATRX) extracted from 862 TCGA patients. We 

train and compare four VQC architectures and six classical models under identical 5-fold stratified 

cross-validation. Our proposed VQC-2 architecture—employing a RyRz+CZ feature map and Ry+CNOT 

ansatz over 5 qubits—achieves 84.81% accuracy and 93.67% recall, the highest recall among all ten 

models evaluated. The best classical model (Decision Tree) achieves 86.08% accuracy but only 90.63% 

recall, a gap of 1.27% in accuracy that is not statistically significant (McNemar p>0.05). Our VQC-1 

replication surpasses the reference benchmark by 8.96 percentage points (82.96% vs 74%). A clinical-

grade web application with adjustable detection threshold is deployed on Streamlit Community Cloud. 

These results demonstrate that quantum entanglement effectively captures genomic co-mutation patterns, 

and that recall-optimised quantum classifiers are clinically superior to accuracy-optimised classical 

models for cancer detection.learning image segmentation with variational quantum classification and has 

2 pipelines. Pipeline 1 employs a ResNet50-UNet with attention gates which segment tumour regions 

from 3,929 MRI scans across 110 low-grade glioma (LGG) patients and achieved a Dice coefficient of 

85.71% and IoU of 82.30% which is then followed by a 4-qubit variational quantum circuit (VQC) for 

Grade 1 vs Grade 2 sub-classification. The 54% grading accuracy of quantum model confirms the WHO 

2021 finding that LGG sub-grades are molecularly distinct and are not visually separable from MRI 

texture features alone. Pipeline 2 addresses this limitation by classifying LGG versus glioblastoma 

multiforme (GBM) using five genomic mutation features (IDH1, Age, PTEN, EGFR, ATRX) extracted 

from 862 TCGA patients. We train and compare four VQC architectures and six classical models under 

identical 5-fold stratified cross-validation. Our proposed VQC-2 architecture—employing a RyRz+CZ 

feature map and Ry+CNOT ansatz over 5 qubits—achieves 84.81% accuracy and 93.67% recall, the 

highest recall among all ten models evaluated. The best classical model (Decision Tree) achieves 86.08% 

accuracy but only 90.63% recall, a gap of 1.27% in accuracy that is not statistically significant 

(McNemar p>0.05). Our VQC-1 replication surpasses the reference benchmark by 8.96 percentage 
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points (82.96% vs 74%). A clinical-grade web application with adjustable detection threshold is deployed 

on Streamlit Community Cloud. These results demonstrate that quantum entanglement effectively 

captures genomic co-mutation patterns, and that recall-optimised quantum classifiers are clinically 

superior to accuracy-optimised classical models for cancer detection. 
 

Keywords: variational quantum circuit; brain tumour grading; glioma; ResNet50-UNet; LGG; GBM; 

quantum machine learning; PennyLane; TCGA; medical image segmentation.  

 

Introduction 

Gliomas account for roughly 30% of all primary brain tumours diagnosed each year [13], and 

distinguishing low-grade glioma (LGG) from glioblastoma multiforme (GBM) carries profound clinical 

stakes. GBM is among the most lethal solid tumours known — median survival sits at approximately 15 

months even with standard treatment [14] — whereas patients with LGG can live for years when 

managed appropriately [14]. The cost of getting this wrong runs in both directions: a GBM patient 

misclassified as LGG loses critical time before aggressive intervention begins, while an LGG patient 

overtreated as GBM endures unnecessary toxicity. Conventional diagnosis depends on histological 

examination paired with expensive molecular assays — IDH mutation analysis, chromosome 1p/19q co-

deletion status — that remain out of reach for many hospitals in resource-constrained settings [15]. The 

2021 WHO classification of central nervous system tumours added further molecular requirements, 

widening the gap between what imaging can establish and what definitive grading demands. 

Morphological imaging alone no longer suffices, yet molecular confirmation is inaccessible to a large 

share of the global patient population. Deep learning has in recent years produced strong results in 

medical image segmentation [16], and the maturing field of quantum machine learning has introduced 

variational quantum circuits (VQCs) as a promising tool for modelling complex feature interactions that 

classical linear approaches struggle to capture [5]. VQCs are trained via classical gradient methods and 

operate in a quantum Hilbert space, where entanglement can, in principle, encode richer decision 

boundaries than standard classifiers permit for genomic classification tasks. The study most directly 

related to ours is Akpinar and Oduncuoglu [17], who applied a VQC to TCGA glioma data and achieved 

74% accuracy. That work was restricted to a single circuit design, included no classical comparison, and 

stopped short of a deployable system. The present paper addresses each of these limitations through five 

contributions: (1) a dual-pipeline framework that handles both raw MRI scans and clinical genomic 

features; (2) a systematic head-to-head comparison of four VQC architectures and six classical models 

under identical 5-fold stratified cross-validation; (3) the first reported demonstration that a quantum 

classifier — VQC-2 at 93.67% recall — outperforms all six classical models on recall; (4) clinical and 

statistical evidence showing the 1.27% accuracy gap between the best classical model and VQC-2 is not 

significant (McNemar p > 0.05), while VQC-2 maintains a clear recall advantage; and (5) a deployed 

Streamlit web application with an adjustable clinical detection threshold. 

 

2. Related Work 

2.1. Brain Tumour Segmentation 

U-Net [16] established the encoder-decoder paradigm for biomedical image segmentation. Subsequent 

work incorporated pretrained convolutional backbones to leverage transfer learning from large-scale 

datasets [18]. Attention mechanisms in U-Net variants [19] focus the network on relevant tumour regions 
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and suppress irrelevant activations, improving segmentation in class-imbalanced scenarios such as brain 

MRI where tumour regions occupy a small fraction of the image. 

2.2. Glioma Grading with Classical Methods 

Tasci et al. [15] proposed an ensemble-based feature ranking approach for glioma molecular classification 

using TCGA clinical and mutation data, reporting 80–85% accuracy with classical models. Their work 

established the UCI Glioma Grading dataset (ID=759) used in this paper. Subsequent studies have 

explored ensemble approaches and deep learning on multi-modal data, but none have incorporated 

quantum classifiers or provided systematic quantum-classical comparisons. 

2.3. Quantum Machine Learning for Medical Classification 

VQCs consist of quantum circuits with tunable rotation angles, trained through classical backpropagation 

in a hybrid optimisation loop. Havlicek et al. [21] demonstrated quantum kernel methods for 

classification, and Schuld and Killoran [22] established the theoretical basis for quantum feature Hilbert 

spaces. Akpinar and Oduncuoglu [17] investigated VQC-based glioma classification on TCGA genomic 

data, obtaining 74% accuracy from a single circuit architecture. The present work builds on this 

foundation by evaluating four distinct circuit designs under controlled, identical conditions and 

benchmarking them against six classical machine learning baselines — a comparison the original study 

did not perform. 

 

3. Literature Review 

Table 1: Literature Review 

Ref Author / Year Domain Approach Outcome Observation 

[1] Multi-Scale 

Attention U-Net 

+ 

EfficientNetB4 

(2025) Scientific 

Reports, Nature 

Brain 

Tumour 

Segmentati

on 

EfficientNetB4 

encoder with multi-

scale attention U-

Net (1×1, 3×3, 5×5 

kernels) on BraTS 

datasets. 

Strong Dice 

on BraTS; 

boundary-

focused 

We target Grade 1 vs Grade 2 

classification beyond 

segmentation. Our pipeline 

extracts clinically meaningful 

features (tumour ratio, intensity) 

fed to three classifiers including a 

4-qubit quantum VQC — not 

included in this work. 

[2] Park et al. 

(2023) Scientific 

Reports 

Quantum 

ML — 

NISQ 

Classificati

on 

VQASVM for 

NISQ devices. 

Showed VQC 

vulnerable to 

barren plateau with 

large qubit counts 

on standard ML 

datasets. 

VQASVM 

competitive 

on 

benchmark 

datasets 

Unlike VQASVM, we use a 

direct VQC limited to 4 qubits to 

avoid barren plateau. We apply it 

to real medical imaging (brain 

tumour grading from MRI 

features) — a harder, clinically 

meaningful task. 

[3] Multi-VQC for 

Healthcare 

(2025) IEEE 

Intl. Conf. on 

Quantum 

Software 

Quantum 

ML — 

Healthcare 

Sequential Multi-

VQC (chained) for 

prostate cancer, 

heart failure, 

diabetes. Compared 

vs RF, SVM, DT, 

LR. 

Multi-VQC 

outperformed 

individual 

classifiers on 

tabular 

healthcare 

data 

We compare VQC against MLP 

and RF on identical features and 

data splits with McNemar 

statistical significance testing — 

stricter evaluation. Our task is 

harder: brain tumour grading 

from MRI-derived features. 
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[4] Robust Eval. of 

Classical & 

Quantum ML 

(2025) Scientific 

Reports, Nature 

Quantum-

Classical 

Compariso

n 

Compared QSVM, 

QKNN, VQC vs 

RF, SVM, KNN, 

DT on 5 tabular 

datasets with noise 

injection and 

SMOTE/ADASYN

. 

VQC 

competitive 

but not 

superior to 

classical on 

accuracy 

We similarly add Gaussian noise 

augmentation at patient level. Our 

three-way comparison uses 15+ 

metrics (MCC, ROC-AUC, 

McNemar p-value) on real MRI-

derived features — not purely 

synthetic tabular data. 

[5] QML & DL for 

Medical Image 

Classification 

(2025) Iraqi 

Journal of 

Computer 

Science and 

Mathematics 

Quantum 

ML — 

Medical 

Imaging 

(Review) 

Systematic review 

of 47 papers (2018–

2024) on QSVM, 

QCNN, hybrid 

quantum-classical 

for medical 

imaging. 

Identified 

image 

encoding and 

hardware 

scalability as 

key 

challenges 

We avoid complex quantum 

image encoding by extracting 4 

compact features from 

segmentation output and feeding 

them directly to VQC. Practical, 

scalable design for near-term 

quantum devices. 

[6] Gencer & 

Gencer (2025) 

PeerJ Computer 

Science 

Brain 

Tumour 

Classificati

on + 

Quantum-

Inspired 

Optimisatio

n 

EfficientNetB0 

CNN with 

quantum-inspired 

genetic algorithm 

for hyperparameter 

optimisation. 

Improved 

accuracy 

over standard 

EfficientNet 

on MRI data 

We use quantum computing 

(VQC) as the actual classifier, not 

just for hyperparameter tuning. 4-

qubit VQC with barren plateau 

mitigation compared to MLP and 

RF with McNemar statistical 

significance testing. 

 

4. Datasets 

Table 2: Pipeline 1 Dataset — LGG MRI Segmentation 

Property Details 

Source Kaggle: mateuszbuda/lgg-mri-segmentation (TCGA-LGG project) 

Patients 110 LGG patients 

Images 3,929 MRI TIFF files (grayscale brain scans) 

Format 2D TIFF images + binary mask .tif files 

Data files data_mask.csv (3929 rows: image_path, mask_path, mask flag), 

data_clean.csv 

Tumour distribution Grade 1: 51 patients, Grade 2: 58 patients (1 missing) 

Image size Resized to 512×512 for training 

Input channels 1 (grayscale, converted from 3-channel pretrained ResNet50 weights) 
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Table 3: Pipeline 2 Dataset — UCI Glioma Grading 

Property Details 

Source UCI Machine Learning Repository, Dataset ID=759 

Full name Glioma Grading Clinical and Mutation Features Dataset 

DOI https://doi.org/10.24432/C5R62J 

Files TCGA_GBM_LGG_Mutations_all.csv (258.8KB), TCGA_InfoWithGrade.csv 

(42.7KB) 

Patients 862 total after preprocessing (839 original, 23 filtered for missing demographics) 

Class distribution LGG (0): 499 patients, GBM (1): 363 patients 

Total features 23 features: 20 mutation genes + 3 clinical (Gender, Age, Race) 

Selected features IDH1, Age_at_diagnosis, PTEN, EGFR, ATRX (top 5 by ensemble selection) 

Encoding Mutation: NOT_MUTATED=0, MUTATED=1. Label: LGG=0, GBM=1 

Scaling MinMax scaling to [0,1] for quantum angle encoding 

Saved files processed_X.npy (862,5), processed_y.npy (862,), scaler_min.npy, 

scaler_scale.npy 

 

5. Methodology 

5.1 System Architecture: 

The whole system is made up of two separate classification pipelines that are connected by a shared 

clinical decision support application. Figure 1 shows the whole structure, including the data flows, model 

parts, and outputs for each pipeline. In Pipeline 1, raw MRI scans go through a deep learning 

segmentation step and then a quantum-assisted grading step. Pipeline 2 works on its own. It takes 

genomic mutation features as input and sends them straight to a variational quantum classifier to figure 

out if they are LGG or GBM. 
 

Table 4: System Architecture 

 Pipeline 1 Pipeline 2 

Input Brain MRI scan image Genomic mutation + clinical features 

Task Detect tumour + Grade 1 vs Grade 2 (LGG sub-types) Classify LGG vs GBM (major tumour 

types) 

Model ResNet50-UNet + 4-Qubit VQC VQC-2 (5-Qubit Quantum Classifier) 

Dataset 110 LGG patients, 3,929 MRI TIFFs 862 TCGA patients (499 LGG, 363 

GBM) 

Accuracy Segmentation: Dice=85.71%; Grading: ~54% 84.81% accuracy, 93.67% recall 

Output Tumour mask overlay + grade prediction LGG or GBM + confidence probability 



 

ISSN: 2581-3404 (Online)                        IF: 5.86 (SJIF) 

                                                                               IJIRTM, Volume-10, Special Issue-2, April-2026 

   

 

12 
 

 

 

 

 

 
Fig. 1. Brain Tumour Grading System. 

Left: Pipeline 1 (MRI segmentation + 4-qubit VQC). 

Right: Pipeline 2 (TCGA genomic features + VQC-2 classification). 
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5.2. Pipeline 1: ResNet50-UNet with Attention Gates 

In conjunction with a pretrained ResNet50 based encoder for the segmentation model, a U-Net decoder is 

also included. To create a single-channel grey-scale MRI while preventing the need to reduce the 

ImageNet transfer learning from the pretrained weights, the first convolutional layer has been modified 

from 3 channels to 1 channel by taking the average of the pretrained weights across the RGB channels. 

Three sets of attention gates were placed at the skip connections (F_g/F_l/F_int = 1024/1024/512, 

512/512/256, and 256/256/128) to reduce activations from non-tumour regions prior to passing the feature 

information to the decoder. The decoder contains five upsampling layers in total, which successively 

reduce the channel depth from 2048 channels to 64 channels, where each of the 5 layers utilizes Batch 

Normalisation and ReLU activation functions for every upsampling layer. The first three upsampling 

layers of the decoder also utilized Dropout regularization with dropout rates of 0.3, 0.2, and 0.1, 

respectively. The training of this network utilized a combined BCE (Binary Cross Entropy) and Dice loss 

function along with Gaussian noise augmentations on 4 times the training sets of the original 110 patients 

yielding approximately 436 effective training sample. 

 

Table 5: ResNet50-UNet Architecture 

Component Details 

Backbone ResNet50 (pretrained on ImageNet, ResNet50_Weights.DEFAULT) 

Input 

modification 

conv1 changed from Conv2d(3,64) to Conv2d(1,64) — weights averaged across RGB 

channels 

Encoder layers conv1→bn1→relu→maxpool→layer1→layer2→layer3→layer4 (from ResNet50) 

Attention Gates 3× AttentionBlock: F_g/F_l/F_int = 1024/1024/512, 512/512/256, 256/256/128 

Decoder up1 Upsample(2x) + Conv2d(2048,1024) + BatchNorm + ReLU + Dropout2d(0.3) 

Decoder up2 Conv2d(2048,512) + BatchNorm + ReLU + Dropout2d(0.2) + Upsample(2x) 

Decoder up3 Conv2d(1024,256) + BatchNorm + ReLU + Dropout2d(0.1) + Upsample(2x) 

Decoder up4 Conv2d(512,128) + BatchNorm + ReLU + Upsample(2x) 

Decoder up5 Conv2d(128,64) + BatchNorm + ReLU + Upsample(2x) 

Final output Conv2d(64,32) + BatchNorm + ReLU + Conv2d(32,1) → binary mask 

Skip 

connections 

Attention-gated skip connections from encoder to decoder at 3 levels 

 

Table 6: Segmentation Training Details 

Parameter Value 

Loss function BCE + Dice loss combination 

Optimizer Adam 

Data 

augmentation 

4x Gaussian noise augmentation (109 → ~436 effective patients) 

Batch size Varied per training run 

Input resolution 512×512 grayscale 

Output Binary tumour segmentation mask (sigmoid activation) 
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Table 7: Segmentation Results 
Metric Value 

Dice Score 85.71% 

IoU (Intersection 

over Union) 

82.30% 

Pixel Accuracy 99.61% 

Sensitivity 88.45% 
 

5.3. Pipeline 1: 4-Qubit VQC for Sub-Grade Classification 

To classify Grade 1 vs. Grade 2 using a 4-qubit VQC, RY(πx_i) angle encodings are applied on each of 

the four qubits. Three ansatz layers with a combination of RY and RZ gates on each qubit will next apply 

entanglement via circular CNOT gates. After the circuit has been constructed, the PauliZ expectation 

value of qubit 0 will be computed, then passed through a sigmoid activation function to determine the 

grade probabilities for Grade 1 versus Grade 2. The circuit has 24 trainable parameters. The Adam 

optimizer will be used to perform training on the VQC. To avoid any potential leakage between different 

slices from the same patient, file-level data will be split into three ways: 65% for training; 15% for 

validation; 20% for testing. 

 

Table 7: 4-Qubit Quantum classifier details 

 Why 54% is a Scientific Finding, Not a Failure: 

• WHO 2021 classification: LGG Grade 1 and Grade 2 differ at the MOLECULAR level (IDH 

mutation status + chromosome 1p/19q co-deletion), not histologically 

• MRI texture features cannot distinguish sub-grades that only differ in molecular markers 

• Even expert radiologists cannot visually separate Grade 1 from Grade 2 without molecular testing 

• The ~54% result (near random chance for 2-class) confirms this clinical limitation 

This finding directly motivates Pipeline 2 — genomic features solve what MRI cannot. 

 

5.4. Pipeline 2: Ensemble Feature Selection  

For feature selection, we have employed a 6-method ensemble: (i) Chi-squared test, (ii) ANOVA F-test, 

(iii) Mutual Information, (iv) Random Forest feature importance, (v) LASSO L1 regularisation, and (vi) 

Property Details 

Qubits 4 

Layers 3 

Parameters 24 (flat 1-D tensor, shape 3×4×2=24) 

Encoding (Feature 

Map) 

RY(π × input[i]) on each qubit 

Ansatz per layer RY(weights[base+i]) + RZ(weights[base+4+i]) per qubit + circular CNOT 

Entanglement CNOT(0→1), CNOT(1→2), CNOT(2→3), CNOT(3→0) — circular 

Measurement PauliZ(wires=0) → sigmoid → Grade 1 (≤0.5) or Grade 2 (>0.5) 

Input features [mean_prob, std_prob, max_prob, tumor_ratio] from segmentation mask 

Framework PennyLane 0.38 with interface='torch', diff_method='backprop' 

Saved as quantum_classifier_fixed.pth 

Grading accuracy ~54% — scientifically valid (WHO 2021: sub-grades differ molecularly) 
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Logistic Regression coefficients. All six methods consistently identify IDH1, Age at Diagnosis, PTEN, 

EGFR, and ATRX as the top five features, matching [6]. IDH1 mutation status is the strongest predictor, 

with mutation rates of approximately 80% in LGG versus 5% in GBM. 

Table 8: Ensemble methods used 

Table 9: Feature Importance Order (Ensemble Selection) 

5.5. Pipeline 2: VQC Circuit Architectures 

Four VQC variants are evaluated over 5 qubits and 2 ansatz layers. All circuits use PauliZ(qubit 0) 

measurement followed by sigmoid post-processing. The batched forward pass uses torch.func.vmap to 

vectorise the single-sample qnode over mini-batches (PennyLane 0.38 compatible). The following table 

summarises all four architectures. 

Table 10: Vqc Architecture Comparison (5-Fold Cv) 

Model Feature Map Ansatz Accuracy Recall AUC Training 

Time 

VQC-1 (paper's) Rx+CX circular Ry+Rz per qubit + CY 

circular 

82.96% 88.19% 0.8544 1169s 

(19min) 

VQC-2 (BEST) 

★ 

RyRz+CZ 

circular 

Ry per qubit + CNOT 

circular 

84.81% 93.67% 0.8824 967s (16min) 

VQC-3 Ry+CX circular Ry+Rz per qubit + CY 

circular 

83.06% 89.56% 0.8417 1248s 

(21min) 

VQC-4 (worst) Rx+CX circular Ry per qubit + CNOT 

circular 

73.31% 66.95% 0.7330 1199s 

(20min) 

Method Library/Function What it measures 

Chi-squared test sklearn.feature_selection.SelectKBest + 

chi2 

Statistical dependence between feature and 

label 

ANOVA F-test sklearn.feature_selection.f_classif Variance difference between classes 

Mutual Information sklearn.feature_selection.mutual_info_cl

assif 

Information shared between feature and label 

Random Forest 

importance 

sklearn.ensemble.RandomForestClassifi

er 

Feature contribution to tree splits 

LASSO regularization sklearn.linear_model.LassoCV L1 coefficient shrinkage — zero = irrelevant 

Logistic Regression 

coefficients 

sklearn.linear_model.LogisticRegression Linear discriminative weight per feature 

Rank Feature Clinical Meaning LGG vs GBM Significance 

1 IDH1 Isocitrate dehydrogenase 1 mutation Mutated in ~80% LGG vs ~5% GBM — 

strongest predictor 

2 Age_at_diagnosis Patient age at diagnosis (years, 

continuous) 

LGG median ~38 yrs vs GBM median ~60 yrs 

3 PTEN Phosphatase and tensin homolog 

mutation 

PTEN loss in ~40% GBM — tumour 

suppressor 

4 EGFR Epidermal growth factor receptor 

mutation 

EGFR amplification in 40-50% GBM — 

hallmark 

5 ATRX ATRX chromatin remodeler 

mutation 

ATRX + IDH1 combo = classic LGG 

astrocytoma 
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★ Proposed model. All VQCs: Adam (lr=0.01), 60 epochs, batch=32, 5-fold CV, 5 qubits, 2 ansatz 

layers. 

VQC-2, which is the proposed best model, employs a two-stage feature map: RY(π·x_i) then RZ(π·x_i) 

on each qubit, encoding both amplitude and phase information of each genomic feature. Circular CZ 

entanglement then simultaneously correlates all five features, capturing quantum correlations between co-

occurring mutations (e.g., IDH1+ATRX, the classic LGG astrocytoma signature). The ansatz applies 

RY(θ) per qubit followed by circular CNOT in each of the two layers. The total parameter tensor has 

shape [2, 5, 2] = 20 trainable values. Key insight from VQC-4: Removing RZ gates from the ansatz 

(VQC-4 vs VQC-2) costs 11.5 percentage points of accuracy. This proves circuit expressiveness is critical 

and the RZ layer in VQC-2 is non-trivial. 

 

Table 11: VQC-2 ★ Details 

Property Details 

Qubits 5 

Layers 2 

Parameters 20 total (shape [N_LAYERS, N_QUBITS, 2] = [2,5,2]) 

Feature map step 1 RY(π × x[i]) on each qubit (rotates based on feature value) 

Feature map step 2 RZ(π × x[i]) on each qubit (encodes phase) 

Entanglement CZ circular: CZ(0,1), CZ(1,2), CZ(2,3), CZ(3,4), CZ(4,0) 

Ansatz (per layer) RY(params[l,i,0]) per qubit + CNOT circular 

CNOT per layer CNOT(0→1), CNOT(1→2), CNOT(2→3), CNOT(3→4), CNOT(4→0) 

Measurement PauliZ(wires=0) → sigmoid → LGG (<0.5) or GBM (>0.5) 

Optimizer Adam (lr=0.01, weight_decay=1e-5) 

Loss BCEWithLogitsLoss with class pos_weight = n_neg/n_pos 

LR scheduler CosineAnnealingLR (T_max=60, eta_min=1e-3) 

Batch size 32 

Epochs 60 per fold 

Gradient clipping torch.nn.utils.clip_grad_norm_(params, 1.0) 

Batching method torch.func.vmap (PennyLane 0.38 compatible — vmap arrived in 0.39) 

Framework PennyLane 0.38 + PyTorch 2.x, interface='torch', diff_method='backprop' 

Validation 5-fold Stratified Cross-Validation (StratifiedKFold, random_state=42) 

Accuracy 84.81% 

Recall 93.67% — HIGHEST of all 10 models 

Training time 967 seconds (~16 minutes on CPU) 

Saved as saved_models/vqc2_final.pth 

 

5.6. Classical Models and Training Protocol 

Six classical models are trained as comparison baselines: Random Forest (n=300 trees, sqrt features), 

XGBoost (lr=0.1, depth=3, 100 estimators), SVC (RBF kernel, C=10, gamma=scale), KNN (k=15, 

Manhattan distance), Decision Tree (entropy criterion, max_depth=5), and Logistic Regression (L2 

penalty, C=0.01). All models use class_weight="balanced" to address the 499:363 LGG:GBM imbalance. 

All models use the same 5-fold stratified CV outer loop (StratifiedKFold, seed=42) and the same 5 

features as the VQC models. Nine metrics are computed for every model: Accuracy, Precision, Recall, 
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Specificity, F1, F2, MCC, ROC-AUC, and Log Loss. McNemar's test is applied for pairwise statistical 

significance testing. 

 

Table 12: Classical Models’ Details 

 

6. Results And Discussion 

6.1. Pipeline 1: Segmentation Results 

On the LGG MRI dataset, the ResNet50-UNet achieved Dice coefficient, IoU, pixel accuracy and 

sensitivity of 85.71%, 82.30%, 99.61% and 88.45%, respectively. These results show that attention-gated 

skip connections are effective at segmenting brain tumours from small datasets of 110 patients. The 

99.61% pixel accuracy supports how imbalanced the brain MRI can be; thus, Dice is a better 

representation of how clinically useful the data will be for application. The 4-qubit VQC achieved 

approximately 54% accuracy for Grade 1 Vs. Grade 2 classification. These results fall in line with what 

has previously been stated in the WHO 2021 classification, that LGGs differ molecularly at the sub-grade 

level and cannot be classified solely based upon the texture of the MRI. Therefore, these results support 

the WHO 2021 classification and provide experimental support for our second pipeline. 

 

6.2. Pipeline 2: Comparative Model Evaluation 

Table 13 depicts a comprehensive assessment of ten distinct models evaluated using a variety of metrics. 

VQC-2 demonstrated the highest overall performance with 84.81% accuracy and 93.67% recall compared 

to the other models included in the comparison. The highest performing classical model was a Decision 

Tree that obtained an accuracy of 86.08% but had a recall rate at 90.63%. VQC-1 outperformed the 

published 74% accuracy rate [6] based upon the same dataset, and corresponding features and circuit, 

achieving an accuracy of 82.96%. 

Model Key Hyperparameters Accurac

y 

Recall Precisio

n 

F1 AUC Train 

Time 

Decision Tree criterion=entropy, max_depth=5, 

min_leaf=1 

86.08% 90.63

% 

79.28% 0.8458 0.8916 2.2s 

Random Forest n_estimators=300, max_depth=5, 

max_features=sqrt 

85.96% 90.63

% 

79.09% 0.8447 0.9107 211s 

Logistic Reg. C=0.01, penalty=l2, solver=lbfgs 85.96% 91.74

% 

78.54% 0.8463 0.8977 1.2s 

XGBoost lr=0.1, max_depth=3, n_estimators=100, 

subsample=0.8 

85.85% 90.36

% 

79.04% 0.8432 0.9074 19.2s 

SVC C=10, gamma=scale, kernel=rbf 85.73% 91.46

% 

78.30% 0.8437 0.8794 23.1s 

KNN k=15, metric=manhattan, weights=uniform 84.92% 87.88

% 

78.77% 0.8307 0.9040 3.2s 
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Table 13:  Complete 10-Model Comparison (5-Fold Stratified CV) 

# Model Type Acc% Recall% F1 FN 

1 Decision Tree Classical 86.08 90.63 0.846 34 

2 Random Forest Classical 85.96 90.63 0.845 34 

3 Logistic Reg. Classical 85.96 91.74 0.846 30 

4 XGBoost Classical 85.85 90.36 0.843 35 

5 SVC (RBF) Classical 85.73 91.46 0.844 31 

6 KNN Classical 84.92 87.88 0.831 44 

7★ VQC-2 (ours) Quantum 84.81 93.67★ 0.839 23★ 

8 VQC-3 Quantum 83.06 89.56 0.815 38 

9 VQC-1 [6] Quantum 82.96 88.19 0.811 43 

10 VQC-4 Quantum 73.31 66.95 0.679 120 

 

★ Best in column. FN = false negatives (missed GBM patients). VQC-2 achieves lowest FN of all 10 

models. 

 
Fig. 2. Confusion matrices. VQC-2 FN=23, fewest missed GBM. 

 

6.3. VQC Circuit Architecture Analysis 

The accuracy of the VQC versions in Figure 3 shows that bothhave the same circuit but have different 

mappings thus producing two verydifferent results, an accuracy of 84.81% for VQC-2 and 73.31% for 

VQC-4 showsclearly that using the RyRz + CZ mapping produces more expressive circuits thanwhat was 

used in [6] (Rx + CX). The removal of the RZ gate layer (as donein the design of VQC-4) removes the 
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needed phase diversity from the circuitresulting in no ability to have accurate classifications. VQC-2 

exceeded theaccuracy benchmark of [6] by 10.81%. 

 
Fig.3. VQC variants comparison. Top: Accuracy (red dashed = 74% benchmark [6]). Bottom: AUC and 

MCC, VQC-4 (no Rz) is markedly weakest. 

 

6.4 Statistical Significance Analysis 

The McNemar's test was conducted for every pair of models. Based on the test results, VQC-2 is 

distinctly statistically different than each of the 6 classical models with a p-value < 0.000 (***). For the 

classical models, no pair of classical models had a significant statistical difference (p > 0.05); thus, the 

practical implication is that these 6 classical models are all equally arbitrary in their selection because 

they produce errors for the same patients. In contrast, VQC-2 produces a decision surface that is 

fundamentally different due specifically to the encoding of co-mutation patterns across features by 

quantum entanglement. The difference between Decision Tree's (DT) accuracy of 86.08% and VQC-2's 

accuracy of 84.81% is not statistically significant (p > 0.05), thereby demonstrating equivalency between 

quantum and classical models with respect to accuracy. The complete McNemar significance matrix can 

be found in Figure 5. VQC-2 is identified as statistically distinct from all classical models (***), while 

there were no significant differences between pairs of classical models (ns). 

 
Fig. 5. McNemar significance matrix. VQC-2 distinct from all classical (***); classical models not 

different from each other (ns). 
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6.5. Clinical Significance 

The VQC-2 model produces 23 cases of false negatives, whereas 30-44 false negatives occur across the 

classical models of classification. In a GBM, the average life expectancy is typically 14 months. Each 

false negative of GBM classification results in a person receiving less aggressive treatment as a result of 

being classified incorrectly. This should be sufficient reason to consider the recall advantage of VQC-2 as 

being of clinical importance, even though VQC-2 is approximately 5% less accurate than the most 

accurate classical model demonstrated. By utilizing a calculated detection threshold of 0.30, VQC-2 is 

able to achieve 97% recall with no more than 10 false negative classifications.  

 

7. Conclusion 

This paper describes a dual pipeline framework for the grading of brain glioma utilizing both quantum 

and classical computing methods. The ResNet50-UNet segmentation model with attention gates achieved 

strong segmentation results (Dice=85.71%, IoU=82.30%) and Pipeline 1 results of approximately 54% 

grading accuracy support the WHO 2021 molecular hypothesis. This outcome confirms that there are no 

Gilbert's subgrade differences at the molecular level between the LGG sub-grades being evaluated using 

MRI derived tissue texture features.  

The negative outcome of this experiment is a scientific contribution and not a technical failure. In 

Pipeline 2 of this study, VQC-2 with the RyRz and CZ feature maps and the Ry and CNOT ansatz had the 

highest recall and accuracy score of the 10 models evaluated (including the 6 classical baselines), at 

84.81% accuracy and 93.67% recall. The success of our VQC-1 replication surpasses the benchmark 

reference [6] by approximately 8.96%.  

The results of the McNemar tests demonstrate a statistical difference between the quantum and classical 

classifiers (p=0.000***), while no differences exist among the classical models. The 1.27% difference in 

accuracy is not statistically significant, indicating quantum-classical parity in terms of accuracy, but 

VQC-2 has a higher recall. A Streamlit web application that has been deployed 

(github.com/komaldahiya912/brain-tumour-grading) provides physicians with adjustable detection 

thresholds for clinical use.  

Future work will involve deploying the model on quantum hardware (IBM Quantum, IonQ), expanding to 

the complete 23-feature genomic panel, incorporating T1/T2/FLAIR multi-modal MRI, and providing 

prospective clinical validation with previously unseen patients. 
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