
Prospective Evaluation of Foundation Model
Performance in Precision Medicine

This manuscript (permalink) was automatically generated from greenelab/fm-pm-eval-manuscript@7fec83f on June 20,

2026.

Authors

Lucas A. Gillenwater ✉ 
 0000-0002-6995-0130 ·  lagillenwater  

Department of Biomedical Informatics, University of Colorado School of Medicine, Aurora, CO, USA · Funded by R01

HD109765

Casey S. Greene ✉ 
 0000-0001-8713-9213 ·  cgreene ·  GreeneScientist  

Department of Biomedical Informatics, University of Colorado School of Medicine, Aurora, CO, USA; Center for Health

AI, University of Colorado School of Medicine, Aurora, CO, USA

✉ — Correspondence possible via GitHub Issues or email to Lucas A. Gillenwater
<lucas.gillenwater@cuanschutz.edu>, Casey S. Greene <casey.s.greene@cuanschutz.edu>.

https://greenelab.github.io/fm-pm-eval-manuscript/v/7fec83f407d60758099462eac6e2835b1b5ba6fa/
https://github.com/greenelab/fm-pm-eval-manuscript/tree/7fec83f407d60758099462eac6e2835b1b5ba6fa
https://orcid.org/0000-0002-6995-0130
https://github.com/lagillenwater
https://orcid.org/0000-0001-8713-9213
https://github.com/cgreene
https://twitter.com/GreeneScientist
https://github.com/greenelab/fm-pm-eval-manuscript/issues


Abstract

Introduction

The most recent iteration of AI models (‘foundation’ and ‘world’ models) is exciting, and the �eld 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
models [3,4,5,6,7] on downstream tasks using data the models had not yet seen. The Virtual Cell
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 di�cult goal. The
prediction sets are out-of-distribution of the training data (i.e., transcriptional pro�les 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 de�ned held-out axis and a leakage assessment.

Tranche Data source Input Output Prediction expectation Held-out axis Leakage

Pre-
Tranche
Retrospec
tive
communit
y data

Retrospective
PDTO and cell
line drug
response
datasets [10].

Pre-
treatm
ent
express
ion and
the
compo
und
identity
.

Drug
respons
e as one
�xed
sensitivit
y metric
(dose-
respons
e AUC).

Predict across cohorts, drugs,
organoids/subtype, and
protocols.

Held-out cohort,
drug,
organoid/subtype,
model system.

Need to
assess.
Transcript
omic
models
may train
on
perturbati
on data
from cell
lines.
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Tranche Data source Input Output Prediction expectation Held-out axis Leakage

Tranche
1 CRC
drug PDO
lines

CRC drug
screen: 2 cell
lines and 9
patient
organoids, 100
compounds,
pre-treatment
expression per
line.

Pre-
treatm
ent
express
ion of
the
line,
plus
compo
und
identity
.

Drug
respons
e as one
�xed
sensitivit
y metric
(dose-
respons
e AUC).

Given a line’s baseline
expression and a compound,
predict that line’s response.

Held-out
compound,
organoid, drug.

Retrospec
tive but
unpublish
ed, so
unseen.
Lock splits
and
prediction
s before
unblindin
g.

Tranche
2 ER+
breast,
mechanis
m

Oliphant ER+
patient-derived
xenograft
organoids in
BTOM-ER
medium [11],
with pre-
treatment
expression.

Pre-
treatm
ent
express
ion,
plus
the ER-
pathwa
y
perturb
ation
(fulvest
rant
dose,
or
estroge
n
withdra
wal).

Respons
e as
CellTiter-
Glo
viability
dose-
respons
e, same
metric
as
Tranche
1.

Predict response to the ER-
pathway perturbation, and test
whether the prediction tracks
the ER-dependence mechanism.

Held-out
mechanism: an ER-
pathway or
resistance state
not in training.
Assess
explainability of
predictions.

Need to
assess.
Existing
and
curated
mechanis
m data.
May leak
into
training.

Tranche
3
Prospecti
ve
experime
nt

A prospective
organoid
experiment
designed and
run after
predictions are
locked.

Pre-
treatm
ent
express
ion and
compo
und
identity
.

Drug
respons
e as one
�xed
sensitivit
y metric
(dose-
respons
e AUC).

Predict response on a not-yet-
run, sealed experiment.

New patients and
new contexts,
tested
prospectively.

Prospectiv
e and
sealed. No
leakage
possible.
Prediction
s
registered
before the
assay.

Future
Periodic
Tranches

Prospective
experiments
and multi-lab
datasets across
multiple
personalized
medicine
modalities.

Pre-
treatm
ent
express
ion and
the
compo
und
identity
.

Perturba
tion
respons
e. The
particula
r
phenoty
pe is a
moving
target
requirin
g a
proper
evaluatio
n
adapter.

Predict response on a not-yet-
run, sealed experiment or across
cohorts and centers contributed
by the community.

New patients and
new contexts,
tested
prospectively, or
new centers and
new cohorts. Held-
out mechanisms.

Prospectiv
e and
sealed or
unpublish
ed.



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: shu�ed response among organoids within each drug. Positive: injected
perturbation-speci�c e�ects 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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