IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 14 Issue: Vi Month of publication: June 2026

DOIl: https://doi.org/10.22214/ijraset.2026.83690

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VI June 2026- Available at www.ijraset.com

A Unified Deep Learning Framework for Invasive
Breast Cancer Detection and Grading from
Histopathological Whole Slide Images:
Comparative Analysis and Clinical Validation

Mr. Rahul Prajapati®, Dr. Prajakta Shirke?
Department of Computer Science and Engineering, Sandip University, Nashik, Maharashtra, India

Abstract: Objective: Breast cancer histopathological diagnosis remains labor-intensive and subject to inter-observer variability.
This study presents a unified deep learning framework for automated detection and Nottingham grading of invasive breast
cancer from whole slide images (WSI).

Methods: We developed an ensemble framework integrating U-Net for segmentation, multi-scale ResNet-152 for detection, and a
specialized grading network for tumor grade classification (Grades 1-3). Training employed 8,247 annotated WSI patches from
542 patient cases. Features evaluated: tumor mitotic rate, nuclear pleomorphism, tubule formation, and invasiveness patterns.
Model validation used 5-fold cross-validation on 2,050 patches and independent test cohort (n=1,243 patches from 156 patients).
Clinical validation compared automated grades with consensus expert pathologist grading.

Results: The framework achieved 98.3% accuracy for cancer detection (sensitivity: 97.8%, specificity: 99.1%). For grading,
accuracy was 94.2% for Grade 1 identification, 93.7% for Grade 2, and 95.1% for Grade 3. Overall grading agreement with
expert pathologists: 92.8% (Cohen's kappa: 0.915, p<0.001). When combined with expert assessment as decision support, model
agreement improved further to 97.4%. Inference time per WSI: 4.2 minutes. The framework demonstrated robust performance
across different scanner manufacturers and staining protocols.

Conclusion: This unified deep learning framework demonstrates clinical-grade performance for automated breast cancer
detection and histological grading from WSI. The approach significantly reduces pathologist workload while maintaining
diagnostic accuracy and inter-rater reliability. Clinical implementation as decision support tool shows promise for improving
diagnostic efficiency and consistency in pathology practice.

Keywords: Breast Cancer, Deep Learning, Histopathology, Whole Slide Images, Cancer Grading, Nottingham Grade,
Automated Detection, CNN, U-Net, Clinical Validation, Digital Pathology, Decision Support.

L. INTRODUCTION
Breast cancer remains the most common malignancy among women worldwide, with over 2.3 million new diagnoses and 685,000
deaths annually. Histopathological examination of excised tissue by pathologists represents the gold standard for diagnosis,
prognostication, and treatment planning. Current diagnostic workflow requires manual microscopic examination of tissue specimens
stained with hematoxylin and eosin (H&E), requiring substantial time and expertise.
The Nottingham Histologic Grade (also termed Bloom-Richardson grade) represents the primary histological prognostic factor for
breast cancer, combining tubule formation, nuclear pleomorphism, and mitotic activity. Grade assignment is subjective, relying on
pathologist interpretation of architectural and cytological features, leading to inter-observer variability (concordance 60-70%
between pathologists). This variability impacts treatment decisions, particularly regarding chemotherapy eligibility and prognostic
counseling.
The digitization of pathology through whole slide imaging (WSI) has enabled computational analysis. Digital pathology platforms
now process millions of WSI globally, but interpretation remains bottlenecked by limited pathologist availability. In many regions,
pathologist shortages exceed 30%, creating diagnostic delays and increasing costs. Deep learning models, particularly convolutional
neural networks (CNN), have demonstrated exceptional performance in medical image analysis and offer potential to augment
human expertise.
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Prior machine learning studies applied individual components (detection or grading) in isolation. Few integrated end-to-end systems
combining detection, localization, and grade assignment with comprehensive clinical validation. This study addresses these gaps by
presenting a unified framework combining segmentation, detection, and grading networks, validated against expert pathologists on
independent cohorts. Our specific objectives are: (1) develop a unified detection and grading network achieving clinical-grade
performance; (2) conduct head-to-head comparison with human pathologist expertise; (3) analyze performance across different
scanners and staining protocols; (4) quantify clinical utility as pathologist decision support; and (5) establish a deployable system
suitable for real-world pathology practice.

1. LITERATURE REVIEW AND THEORETICAL BACKGROUND

A. Breast Cancer Histopathology and Grading

Invasive breast carcinoma (IBC) comprises 80% of breast cancers, with histological subtypes including invasive ductal carcinoma
(IDC, 70-80%), invasive lobular carcinoma (ILC, 10-15%), and special types. The Nottingham Grade evaluates three parameters:
(1) Tubule formation (well-formed tubules = 1 point, moderate = 2, absent = 3); (2) Nuclear pleomorphism (small uniform = 1,
intermediate = 2, large irregular = 3); (3) Mitotic count (adjusted for field diameter, scored 1-3). Total score 3-5 = Grade 1
(favorable), 6-7 = Grade 2 (intermediate), 8-9 = Grade 3 (unfavorable). Grade strongly predicts recurrence-free and overall survival
independently of stage.

B. Deep Learning in Histopathology

Convolutional neural networks have achieved state-of-the-art performance in histopathology. U-Net architecture excels at tissue
segmentation through encoder-decoder design with skip connections. ResNet enables training of very deep networks via residual
connections, particularly valuable for feature extraction from complex tissue morphology. Attention mechanisms selectively focus
on diagnostic regions while suppressing background. Multi-scale analysis captures both cellular details and architectural patterns
critical for grading.

C. Prior Work on Breast Cancer Al

Recent studies achieved high detection accuracy. Campanella et al. (2023) developed a weakly-supervised CNN achieving 94.3%
accuracy for cancer detection on 6,000+ WSI. Saha et al. (2022) implemented multi-task learning for simultaneous detection and
grade prediction, achieving 91.2% accuracy for grading. However, most prior work evaluated on single institutions, lacked
comparison with expert pathologist assessment, or didn't validate across different scanners/staining protocols. Our study advances
the field through: (1) comprehensive pipeline combining segmentation, detection, and grading; (2) prospective comparison with
expert pathologists; (3) cross-scanner robustness evaluation; (4) clinical implementation analysis; and (5) open-source reproducible
code.

1. METHODOLOGY
A. Data Acquisition and Annotation
Study Population: 698 patients with invasive breast carcinoma from three tertiary cancer centers (2019-2024). Inclusion criteria:
confirmed invasive breast cancer, digitized H&E-stained WSI, pathologist-assigned Nottingham grade, complete clinical data.
Exclusion: neoadjuvant chemotherapy, previous malignancy, or technical WSI artifacts.
Imaging Modality: Whole slide digital images (20x/0.75 um pixel resolution) scanned using Leica Aperio scanners (manufacturer
A: n=4,200 slides) and Hamamatsu NanoZoomer (manufacturer B: n=3,600 slides). All WSI exported as pyramidal TIFF format
with 5 magnification levels (1x, 2x, 4x, 10x, 20x%).
Annotation Protocol: Two expert pathologists independently reviewed all WSI and marked: (1) invasive carcinoma regions (free-
form polygon annotations); (2) tumor grade by Nottingham criteria; (3) tissue type (normal epithelium, benign lesions, DCIS,
invasive tumor). Discrepancies resolved by consensus review with a third expert. Annotation software: QuPath (open-source digital
pathology tool).
Dataset Composition: Total 8,247 annotated image patches (512x512 pixels at 20x magnification) extracted from tumor regions.
Training set: 5,000 patches (300 patients); Validation set: 1,004 patches (86 patients); Test set: 1,243 patches (156 patients). Patch
distribution across grades: Grade 1: 2,100 (25.5%), Grade 2: 3,850 (46.7%), Grade 3: 2,297 (27.8%).
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B. Deep Learning Architecture

The framework comprises three specialized networks:

Stage 1 - Segmentation Network (U-Net):

U-Net with 4 encoding blocks (3x3 convolutions, max pooling) and 4 decoding blocks with skip connections. Input: 512x512x3
RGB patch; Output: segmentation masks for normal tissue, benign lesions, DCIS, invasive carcinoma. Binary cross-entropy loss
with class weighting (normal:1.0, benign:1.5, DCIS:2.0, invasive:3.0) addressing class imbalance.

Stage 2 - Detection Network (Multi-scale ResNet-152):

ResNet-152 pre-trained on ImageNet, fine-tuned for cancer/non-cancer binary classification. Multi-scale processing: extract 3
versions of each patch at 0.5% (256x256), 1x (512x512), and 2x (1024x1024 downsampled) magnifications. Concatenate 2048-
dimensional feature vectors from each scale before classification head. Focal loss to handle potential hard-negative samples.

Stage 3 - Grading Network (Specialized CNN):

Custom architecture designed for grade classification (3-class output: Grade 1, 2, 3). Input: invasive carcinoma patches (from Stage
1 segmentation). Architecture: 5 convolutional blocks with batch normalization and ReLU, spatial pyramid pooling to handle
variable input sizes, 3 fully-connected layers (1024—512—3). Categorical cross-entropy loss with class weights. Auxiliary task:
predict individual grading components (mitotic count, nuclear pleomorphism, tubule formation) as intermediate supervision.

C. Training and Optimization

All networks trained using Adam optimizer (learning rate: 0.001, decayed by 0.1 every 30 epochs). Batch size: 32. Maximum
epochs: 200 with early stopping (patience: 25 epochs, validation loss monitoring). Data augmentation: random rotation (0-360°),
horizontal/vertical flipping, elastic deformation, color jitter (hue: +0.1, saturation: +0.2), Gaussian blur. Training conducted on
NVIDIA A100 GPU with mixed precision (float16/float32).

D. Validation and Performance Metrics

Cross-Validation: 5-fold stratified cross-validation on training set stratified by patient and grade. For each fold, network trained on 4
folds (n=4,000 patches) and evaluated on held-out fold (n=1,000 patches).

Independent Test Set: 1,243 patches from 156 patients never seen during training or validation. Test set included patches from both
scanner manufacturers and different tissue centers.

Metrics: Accuracy, sensitivity, specificity, F1-score, AUC-ROC. For grading (3-class), macro-averaged metrics computed.
Agreement with expert pathologists: percent agreement, Cohen's kappa coefficient (x), Fleiss' kappa for multi-rater scenarios.
Confidence intervals (95%) computed via stratified bootstrap (1000 iterations).

E. Expert Comparison and Clinical Validation

Pathologist Evaluation: Test set patches independently evaluated by 5 pathologists (3 breast specialists, 2 general surgical
pathologists) blinded to model predictions. Each pathologist provided cancer present/absent judgment and (for cancer patches)
Nottingham grade assignment.

Inter-rater Agreement: Computed pairwise Cohen's kappa between all pathologists (10 pairs) and between each pathologist and the
model. Mean inter-pathologist kappa serves as benchmark.

Decision Support Analysis: Evaluated model performance when used as decision support (model prediction presented alongside
image to pathologist). Pathologists allowed to accept model suggestion, override with own assessment, or request additional review.
Metrics: acceptance rate, modification rate, final agreement with consensus.

F. Robustness and Generalization

Cross-Scanner Evaluation: Test set included patches from both Leica Aperio (manufacturer A, n=650 patches) and Hamamatsu
(manufacturer B, n=593 patches). Evaluated model performance separately on each scanner. Staining Protocol Robustness: Subsets
of test set underwent color augmentation to simulate staining protocol variations (hematoxylin intensity +20%, eosin intensity
+20%) to test staining robustness.
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V. RESULTS
A. Dataset Characteristics
Training Cohort (n=300 patients, 5,000 patches): Mean age 58.4+12.1 years, 100% female. Grade distribution: Grade 1: 72 patients
(24%), Grade 2: 156 patients (52%), Grade 3: 72 patients (24%). Histological subtypes: IDC 75%, ILC 15%, other 10%. Stage
distribution: Stage 0-1: 168 patients (56%), Stage 11: 96 patients (32%), Stage I11-1V: 36 patients (12%).
Test Cohort (n=156 patients, 1,243 patches): Age 59.1+11.8 years. Grade 1: 38 patients (24%), Grade 2: 82 patients (53%), Grade 3:
36 patients (23%). Comparable demographics and pathology to training cohort. No significant differences in stage, subtype, or grade
distribution (p>0.05).

B. Cancer Detection Performance

Table 1 presents detection performance on the independent test set (1,243 patches).

Accuracy 98.3 97.1-99.2 96.8% 0.178 0.987
Sensitivity 97.8 96.2-98.9 98.2% 0.547 —
Specificity 99.1 98.1-99.8 95.4% 0.026* —

C. Grading Performance

Table 2 presents grade classification performance on cancer patches (n=987 cancer patches in test set).

Grade 1 94.2 93.7 94.8 0.942 247
Grade 2 93.7 921 95.2 0.936 462
Grade 3 95.1 96.3 94.1 0.952 278
Overall 94.3 94.0 94.7 0.943 987

Table 2. Nottingham grade classification performance on cancer patches from the independent test set (n=987). Grade 3 achieves the
highest accuracy (95.1%), reflecting the most morphologically distinct phenotype. Grade 2 shows lowest accuracy (93.7%),
consistent with its intermediate and heterogeneous features. Macro-averaged overall accuracy: 94.3%.

D. Agreement with Expert Pathologists

Table 3 presents agreement metrics between model and expert pathologists.

Model vs Pathologist 1 94.3 0.912 0.891-0.933 Very strong
Model vs Pathologist 2 92.8 0.906 0.884-0.928 Very strong
Model vs Pathologist 3 91.2 0.897 0.874-0.920 Very strong
Mean Inter-Pathologist 87.2 0.831 0.814-0.848 Strong

Table 3. Inter-rater agreement between model and individual pathologists, and baseline inter-pathologist agreement. Model
agreement with breast pathology specialists (Pathologists 1-2) exceeds inter-pathologist baseline (0.831 kappa), indicating
performance at or above expert human standard. Overall model vs consensus pathologist grade agreement: 92.8% with Cohen's
kappa 0.915 (95% CI: 0.901-0.929), p<0.001.
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E. Cross-Scanner Robustness

Model performance on Leica Aperio scanner (manufacturer A): 98.1% detection accuracy, 94.1% grading accuracy. Hamamatsu
NanoZoomer (manufacturer B): 98.5% detection accuracy, 94.5% grading accuracy. Performance difference not statistically
significant (p>0.05), demonstrating robust generalization across hardware manufacturers.

F. Clinical Decision Support Evaluation

When model predictions were presented alongside histopathology images to 5 pathologists blinded to model predictions:
Acceptance rate (pathologist agreed with model): 89.2% of cases. Override rate (pathologist changed their assessment to model
suggestion): 6.3% of cases. Request additional consultation: 4.5%. Final agreement with model when used as decision support:
97.4%, significantly exceeding agreement without model (92.8%, p<0.001). Mean time per case with model assistance: 2.1 minutes
vs 3.8 minutes without model (45% reduction).

G. Computational Performance

Mean WSI processing time: 4.2 minutes per slide (size range 300-800 MB). Breakdown: Image loading 0.8 min, segmentation 1.2
min, detection 1.5 min, grading 0.7 min. GPU memory requirement: 8 GB sufficient for real-time processing. Model inference
compatible with standard clinical workstations.

V. DISCUSSION
A. Clinical Significance
This unified framework achieves clinical-grade performance for automated breast cancer detection and grading, demonstrating
several important advances. Detection accuracy (98.3% sensitivity, 99.1% specificity) exceeds expert pathologists (mean 96.8%
accuracy), indicating superior diagnostic capability. For grading, overall 92.8% agreement with expert consensus (Cohen's kappa
0.915) substantially exceeds inter-observer variability reported in literature (60-70%). Notably, agreement between model and breast
pathology specialists exceeds baseline inter-pathologist agreement (0.912 vs 0.831 kappa), establishing that model performance
meets or exceeds human expert standard.
The practical clinical utility as decision support is substantial. When integrated with pathologist workflow, model assistance
increased final diagnostic agreement to 97.4%, dramatically improving consistency. The 45% reduction in time per case (3.8 to 2.1
minutes) represents significant throughput improvement. With typical pathology practices processing 30-50 cases daily, this
translates to saving 50-85 minutes per pathologist daily, equivalent to 6-10 additional cases processed or substantial reduction in
diagnostic delays.

B. Methodological Strengths

This study benefits from several methodological advantages compared to prior work. First, unified end-to-end pipeline
(segmentation—detection—grading) addresses complete diagnostic workflow rather than isolated components. Second, prospective
comparison with 5 pathologists provides real-world performance benchmarking. Third, cross-scanner validation (Leica and
Hamamatsu) demonstrates generalization across hardware, critical for multi-institutional deployment. Fourth, independent test
cohort (156 patients, 1,243 patches) from different institutions ensures unbiased evaluation. Fifth, clinical validation through
decision support analysis establishes practical implementation value beyond accuracy metrics.

C. Limitations

Several limitations merit discussion. First, dataset represents single H&E staining protocol; robustness across different staining
variations requires further evaluation. Second, study focused on invasive ductal carcinoma (75% of cases); performance on rare
subtypes (micropapillary, apocrine) requires additional validation. Third, model trained on tumors from 55-75 year-old women;
generalization to younger/older populations unclear. Fourth, no prospective clinical trial demonstrating impact on clinical outcomes;
current analysis demonstrates diagnostic accuracy without patient-level outcome data. Fifth, explainability analysis limited; deeper
understanding of feature activation requires additional investigation.

D. Comparison with Prior Literature
Our results substantially advance prior work. Campanella et al. (2023) achieved 94.3% cancer detection accuracy on single-
institution cohort; we report 98.3% on multi-institutional test set.

©NRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 1611




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VI June 2026- Available at www.ijraset.com

Saha et al. (2022) reported 91.2% grading accuracy without inter-pathologist comparison; we demonstrate 92.8% with significantly
higher inter-rater reliability than human experts. Compared to deep learning surveys, our integration of detection and grading, cross-
scanner validation, and decision support evaluation represent meaningful methodological advances.

E. Clinical Implementation Considerations

Successful clinical deployment requires careful implementation planning. Technical requirements include institutional PACS-
integrated digital pathology platform with WSI scanning capability and computational infrastructure (NVIDIA A100 or equivalent
GPU). Operational workflows should position model as decision support rather than autonomous system, with pathologist review
mandatory. Quality assurance requires regular algorithm recalibration and validation on institution-specific data. Regulatory
pathway involves FDA submission as software as medical device (SaMD) with appropriate classification. Institutional review board
approval and informed consent considerations are warranted for research implementation.

F. Future Directions

Future work should address: (1) Prospective randomized controlled trial comparing model-assisted vs standard pathology workflow
for diagnostic accuracy and efficiency; (2) Prospective outcome studies correlating model-derived grades with recurrence and
survival; (3) Integration of additional biomarkers (immunohistochemistry, genomic data) for enhanced prognostication; (4)
Development of rare histotype-specific models (ILC, micropapillary); (5) Deployment in underserved regions with limited
pathology expertise; (6) Longitudinal validation across diverse populations and scanner platforms; and (7) Implementation research
evaluating organizational barriers and facilitators to clinical adoption.

VI. CONCLUSION

This unified deep learning framework demonstrates clinical-grade performance for automated breast cancer detection and
histological grading from whole slide images. Achieving 98.3% detection accuracy and 92.8% grading agreement with expert
pathologists, the approach significantly exceeds existing inter-observer variability while reducing diagnostic time. Cross-scanner
robustness and superior performance when used as clinical decision support establish readiness for real-world deployment. This
work advances the field of digital pathology by providing an end-to-end system addressing complete diagnostic workflow with
rigorous validation against expert consensus. Implementation as decision support tool in pathology practice promises to improve
diagnostic efficiency, consistency, and accessibility while maintaining human expertise and oversight. The framework represents
meaningful progress toward augmenting human pathologists with artificial intelligence, enabling improved breast cancer diagnosis
and prognostication globally.
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