
AUTOMATED BLADDER CANCER
SCREENING WITH DEEP LEARNING

ALGORITHMS

Datasets
Urothelial Cell Dataset (Model Training): ~300 urothelial cells, each with ground-truth
segmentation masks for nucleus and cytoplasm.

Train and benchmark segmentation approaches and to compute the nucleus-to-cytoplasm
(N/C) ratio.

Specimen Cell Dataset (Clinical Validation): 25 cells per patient, grouped by diagnostic category.
Investigate whether the computed N/C ratio can serve as a predictive biomarker across
patient diagnoses.

Preprocessing & Feature Engineering
Grayscale Conversion: Converted urothelial dataset images to grayscale to simplify intensity-
based analysis and establish a baseline for N/C ratio prediction.
Feature Extraction: Generated multiple feature maps to capture complementary information:
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Abstract Introduction

Methodology

 Novel Approach: Developed a cytology pipeline that segments nucleus and cytoplasm with a UNet
and computes nuclear-to-cytoplasmic (N/C) ratio per cell, then bombines cell-level features—
optionally via a specimen graph
Clinical Impact: Improves consistency and throughput of urine cytology by turning subjective
assessments into reproducible, quantitative measurements that can aid triage and downstream
decision support.
Future Directions: Scale to whole-slide deployment with integrated cell detection, extend to multi-
class cytology labels, and conduct external validation across labs and scanners.

Challenges in Urine Cytology
Overlapping cells and low contrast break simple thresholding rules
Manual review is slow and subjective, causing inconsistent N/C ratio estimates
Specimen-to-specimen variability (prep, scanner) hurts reproducibility

Proposed Solution & Next Steps
Train a UNet to segment nucleus & cytoplasm and compute per-cell N/C ratio
Use simple baselines (Otsu/morphology, KMeans+texture) for comparison and interpretability
Combine N/C across cells to the specimen for diagnosis support

Data & Evaluation Plan
Urothelial cell set with expert masks → split into train/val/test with patient/specimen separation
Specimen dataset (~25 cells/patient) with diagnosis labels for downstream association studies
Preprocess (or tile WSIs): detect cells, crop, drop whitespace/debris/out-of-focus regions
Report per-class Dice/IoU, per-cell N/C error, specimen-level correlations; include qualitative
overlays for reviewer verification

Modeling
K-Means Clustering: Applied to feature maps for unsupervised segmentation of nucleus vs.
cytoplasm regions, enabling N/C ratio calculation.
Random Forest (RF): Trained on extracted features to predict N/C ratios and classify cells,
comparing computational predictions to ground-truth measurements.

Evaluation
Compared predicted N/C ratios against ground-truth segmentation-derived ratios for accuracy.
Assessed biomarker utility by analyzing N/C ratio distributions across patient diagnosis groups
in the specimen dataset.
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Results

Comparative Performance & Model Insights
The UNet model consistently outperformed
baseline methods (Otsu thresholding,
KMeans, and Random Forest) in
segmentation accuracy, especially around
complex or overlapping boundaries.
Evaluation metrics—such as Dice coefficient
and IoU—confirmed the UNet’s superior
performance in capturing both nucleus and
cytoplasm regions.
Feature-based approaches like Gabor filters,
Sobel edges, and GLCM textures were
effective for unsupervised clustering, but 

Segmentation and Feature Output 
Each segmentation method—UNet, KMeans, and Random Forest—produced arrays of pixel-level
values between 0 and 1, representing the probability of a region being part of the nucleus or
cytoplasm.
These values represent the likelihood that a given pixel belongs to the nucleus or cytoplasm.
Low values (close to 0) indicate background or empty regions, while values near 1 correspond to
dense, filled-in cellular structures.

N/C Ratio Calculation & Diagnostic Trends
Using the segmentation masks, nuclear
and cytoplasmic areas were measured and
used to compute the per-cell N/C ratio.
These ratios were then aggregated at the
patient level (25 cells per patient), and
grouped by diagnosis category.
Malignant samples showed elevated
average N/C ratios, while benign samples
showed lower values—confirming the
biological relevance of the feature.

Clinical Relevance and Interpretation
 Clear differences in N/C ratio distributions emerged across diagnostic categories.
 Higher average N/C ratios correlated with malignant or atypical samples.
UNet-derived ratios showed stronger alignment with expert-labeled clinical diagnoses, suggesting
utility as a quantitative biomarker.

The UNet-derived ratios aligned most closely with ground truth, 
showing reduced variance and better class separation in statistical analysis.

Conclusion
Potential for future impact

Provides a quantitative and reproducible biomarker (N/C ratio) to support bladder cancer
screening, reducing subjectivity and observer variability

Makes diagnostics more consistent across labs and healthcare systems.
Can serve as a decision-support tool for clinicians, improving diagnostic confidence.
Potential to extend beyond bladder cancer into other cytology-based screenings (e.g., cervical
cancer, lung cytology).

Limitations
Dataset size is small (~300 cells for training, 25 cells/patient for validation), which may limit
generalizability and cause UNet and clustering approaches to overfit.
Specimen variability – Differences in preparation, staining or imaging equipment can reduce
reproducibility across labs.

Overlapping cells, debris or low contrast images may cause the model to struggle or be
inaccurate

Future Directions
Explore additional features beyond N/C Ratio (texture, shape descriptors, chromatin density) for
improved prediction
Find ways to integrate into clinical practice
Extend models to multi-class cytology labels (negative, atypical, suspicious, positive) as opposed
to using binary markers
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produced noisier masks and less consistent N/C ratio 
calculations compared to UNet. 
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