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Background

Prostate cancer impacts over 200,000 patients every year in
the United States [1]. Pathologist-assigned Gleason scores are
used for determining treatment, prognosis, clinical trial eligibility,
and research cohort construction. Gleason scores are recorded
within pathology report text, but not always encoded in structured
elements of electronic health record data.

Previous efforts toward the automated extraction of Gleason
scores from pathology report text have focused on the use of
regular expressions and manually-derived rules at singular
institutions [2], which are limited in scope and not necessarily

generalizable across institutions.

Objective: Automated extraction of Primary Gleason Score

(PGS) from pathology report text.

Model Reference Maximum Input Number of
Token Length Parameters
ClinicalBERT Alsentzer et al.
(CB) [3] 512 108,312,579
Clinical-BigBird Li et al.
(CBB) [4] 4,096 128,061,699
PathologyBERT Santos et al.
(PB) [5] 64 96,027,651
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Table 1. Model Parameters and Tokenization of LLMs
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Figure 1. TCGA Report Length Distribution

We performed a multi-class classification using TCGA data
(split into 70/15/15 train/validation/test), predicting PGS 3-5. We
then externally validated our trained model on pathology reports
from Columbia University Irving Medical Center (CUIMC).
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The final model achieved an AUROC of 0.941 when
evaluated on a held-out test set of TCGA reports.

TCGA Test Set
1.0

0.8 //
7/
/7
7
7
7/
//
3 L’
crco 0.6 //
5 4
s sl /7
0 /7
) 7
a //
804 L’
= y
7/
/7
7
/
7/
/7
/
0.2 ,’
7/
//
// 3 (AUC: 0.95)
// 4 (AUC: 0.91)
4 5 (AUC: 0.97
0.0 7 ( )
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 2. TCGA Test Set Performance

To validate our model, we predicted Gleason scores for a
randomly-selected set of pathology reports from CUIMC with
manual Gleason score annotations. The model achieved an
AUROC of 0.933 for prediction on CUIMC reports.
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Figure 3. External Validation Performance

= Our model achieved consistently high performance across a
multi-institutional set of TCGA reports, with high variability in
formatting and presentation of PGS within report text. Our
external validation suggests it may be generalizable to other
institutions.

= Automated extraction could shorten wait-times for clinical trial
enrollment and facilitate research cohort construction.

= Limitations and Future Work
» Needs additional validation for higher-confidence

generalizability
» Larger sample size will allow for comparison in
performance between demographic categories.
» Extend to PGS 1-5 (limited by TCGA values 3-5)
* Fine-tune with specific hospital data for potentially improved
performance
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