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Abstract

Cervical cancer remains a major public health challenge,
particularly in resource-limited settings where limited access to
expert cytopathologists can delay diagnosis and reduce
screening efficiency. We developed an end-to-end
computational pipeline for cervical cytology whole-slide images
that integrates YOLO-based cell detection, quality-controlled
preprocessing, self-supervised teacher—student Vision
Transformer learning (CytoFM), graph-based clustering, and
active learning prioritization. Individual cell crops are
transformed into high-dimensional feature embeddings that
capture morphology and enable unsupervised graph-based
community detection of morphologically similar cells, while an
active learning framework prioritizes informative cells for expert
review. Together, this pipeline provides a scalable workflow for
Al-assisted digital pathology by reducing manual review effort
f\nd improving the efficiency of expert analysis.
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Background

Honduras has one of the world’s highest HPV burdens, and
cervical cancer is the top cause of cancer death among women
aged 15-44 (858 cases, 518 deaths annually).

With few pathologists and centralized care, diagnostic
bottlenecks cause an average 232-day treatment delay, while
poverty and distance limit screening in rural areas.

Current methods are poorly suited to low-resource settings:
Pap smears need complex infrastructure, VIA has high false
positives, and HPV tests require slow secondary triage.
Digital cytology can improve access by clustering cells by
morphology so experts review prioritized, high-yield findings
iInstead of entire slides. This reduces workload, speeds
diagnosis, and supports scalable screening.

This study uses cervical cytology whole-slide images (WSI)
from La Liga Medical Center (Honduras), reflecting real-world
variability in staining, imaging, and cell density.
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Methodology

Segmentation and Cell Detection
e YOLO cell detection and segmentation.
o Converts tile-local predictions into slide
coordinates.

Morphology Aware QC and Domain
Conditioned Policy Filtering

metrics.
« Removes low-quality or artifact-prone cell
Crops.

Self-Supervised Teacher-Student Adaption
e Learns morphology-aware representations
using CytoFM.
e Teacher guides student through self-
supervised distillation.
« EMA updates stabilize feature learning.

Clustering
e Constructs a kNN graph from
learned embeddings.
o Applies Leiden clustering to
identify cell communities.

Active Learning
Prioritization

e Scores cells using
uncertainty, rarity,
and diversity.

e Prioritizes
informative cells for _" "~ "=
expert review. SRy

e Produces a
balanced review
gueue.
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Visualization/Results
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Figure 1:2D visualization of
high-dimensional cell
embeddings color-coded by
graph-clustering assignment 5 -
(cluster _id). Distinct spatial
grouping confirms clear
morphological community
separation and validates
embedding representation ~5 1
guality across the dataset.
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Figure 2: Cluster Separation
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Quality

via Mean Silhouette Scores
Ranking of the discovered cell
clusters by mean silhouette
coefficient, quantifying intra-
cluster cohesion versus inter-
cluster separability to validate
graph clustering performance..
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Figure 3: Cluster Mix Comparison
(Selected Queue vs. Full Cohort)
Comparison of cluster proportions between
the baseline dataset cohort (blue) and the
Step 8 prioritized review queue (orange).
The decision layer down-samples
dominant, redundant clusters (e.g., 0-2)
and focuses on high-uncertainty or rare
clusters (e.g., 5, 8—11) to maximize
reviewer information efficiency.
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Successfully established a fully deterministic, quality-controlled pipeline for large-scale cervical
cytology data ingestion and preprocessing. Leveraged a Vision Transformer pre-trained via self-
supervised distillation (CytoFM iBOT) that effectively captures rich cellular morphology without
relying on scarce manual annotations. Graph-based community detection (kNN + Leiden) uncovers
distinct, biologically meaningful cell phenotypes. Multi-signal priority scoring intelligently shifts
review focus toward high-uncertainty and rare cell types, maximizing information yield per minute
of expert review. Provides a scalable, reproducible foundation for digital pathology workflows that
reduces annotation costs while accelerating diagnostic model development.

Possible future work includes, but
is not limited to, further fine-tuning
the ViT, improving the YOLO
model’s accuracy in distiguishing
between artifacts and cells and
identifying cells, and diversifying
the dataset with data from other
hospitals for generalization.
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