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Can a single generalist pipeline infer multiple clinical variables from transcriptomic data?

/<Inferring clinical information from transcriptomic data D\

Challenge

Metadata label transfer across independent transcriptomic datasets remains
challenging, primarily due to batch effects which are particularly significant
between datasets originating from different reference databases (Figure A).

e To address this, we present a pipeline that infers clinical variables (sex,
stage, cancer type, primary site, and histological type) from transcriptomic
profiles.

A UMAP projection of transcriptomic data
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Description of the workflow used to generate the five new models
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/-<Building novel predictive models for clinical data inference >

/(Validation of the models through biological evidence >

abs, Paris, France

Akpéli Nordor, PharmD, PhD

akpeli@epigenelabs.com

American Association

The authors have no conflict of for Cancer Research
INnterest to declare.

Primary site model (B & C)
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Results for the test set
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Cross-database pan-cancer inference approach

e This study focus on predicting five clinical variables in a

pan-cancer approach to infer clinical data.
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Cancer type
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Histological
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Genes
(test)

28286
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28286

28286

28286

28286

Cross-validation

Samples Classes

9887 2
9925 27
9887 33
9913 20
9887 2
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Models trained and
validated on TCGA

Test

Performance Samples Classes
100% accuracy 3187 2
97% accuracy 4233 11
5868 4
92% accuracy 3938 20
93% accuracy 3458 /
"71% accuracy 440 2
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Comparison with existing cross-dataset models trained on TCGA
generalized e Most previous studies focus on predicting the tissue of origin, often in
metastatic cancers with unknown origin, to improve diagnosis and outcomes.
Cross-validation Test
. Papers Metadata
Performance Samples Classes Performance Samples Classes Performance
99% accuracy Van et al,, 2024 Tissue type 7192 14 Undisclosed S ((Iji?;it;GEO S 0.80 weighted Fl-score
81% accuracy Chen et al,, 2021 Cancer type 7715 21 96.38% R2 score 42 (1 GEO dataset) 5 83.3% R2 score
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