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Abstract

Introduction

The most recent iteration of Al models (‘foundation’ and ‘world’ models) is exciting, and the field is
constantly putting out newer, larger models; however, the models do not generalize to out-of-
distribution tests and do not outperform simpler models across tasks. For example, Steiner et al. [1]
and Ahlmann-Eltze et al. [2] both reported that linear baselines outperformed single-cell foundation
Challenge in 2025 found similar results on a crowd sourced model evaluation for prediction in an
unseen stem cell context [8]. Translation to personalized medicine is an even more difficult goal. The
prediction sets are out-of-distribution of the training data (i.e., transcriptional profiles from
observational samples or interventions on immortalized cell lines). Therefore, generalization is the bar
these models must meet to impact personalized medicine.

This proposal creates the evaluation framework to prospectively evaluate personalized medicine
applications for foundation models, with a particular focus in precision oncology. We are recruiting
collaborators to contribute across the evaluation framework: new tasks and held-out data tranches,
foundation or world models to benchmark, and evaluation harnesses that adapt scoring to new
phenotypes and modalities, all to test out-of-distribution generalization. Our goal is a precision
medicine “acid test” [9] for foundation models, encouraging model builders and users to demonstrate
their performance on the prospective releases of test data tranches. We will pair the continual
evaluation results from the companion repository with the collaborative creation of a benchmarking
manuscript.

Data tranches for model evaluation

Each tranche predicts response from pre-treatment expression.

Table 1: Data tranches for evaluating foundation model generalization to personalized medicine. Each tranche predicts
drug response from pre-treatment expression, with a defined held-out axis and a leakage assessment.
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Data. Pre-perturbation state (e.g., transcriptome). Add other modalities or clinical features in the
future.

Benchmarks. Baseline linear and nonlinear statistical models on expression. Foundation and world
models (STACK, STATE, X-Cell). Reported prediction performance motivates future model inclusion.

Controls. Negative: shuffled response among organoids within each drug. Positive: injected
perturbation-specific effects to recapitulate.

Scoring. Perturbation by substrate interaction. For example, does the model predict that an organoid
responds to a drug?

Community call. Find interested collaborators with unpublished data to assess prior to publication
through social media platforms like LinkedIn. Include collaborators in Manubot-style evaluation for
interpretation of results.
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