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e Extract quantitative features from each cell and investigate

their predictive power Combined into one feature dataframe for classification
CELL MORPHOLOGY SHIFTS WITH DIAGNOSTIC CATEGORY
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the same risk: overfitting to a small, blurry dataset.

Categories: neg = negative - aty = atypical - sus = suspicious - pos = positive

Y  Conclusion A Limitations ®  Future work

DL & ML algorithms are more accurate and consistently outperform traditional methods, Blurry cell images and a small sample size (n = 291 total) limit accuracy. Collect more high-quality images, extract additional features without introducing noise,

offering greater accuracy and enhanced utility for urine cytology. and build an end-to-end classifier to prevent error propagation between stages.
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