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The Medical Event Data Standard (MEDS)

www.tinyurl.com/
MEDS-ML4H-pres

MEDS ML4H 
2025 Tutorial
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A Patient’s Data can be represented as a Timeline
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Design Principles for MEDS

1. Transportability of model training algorithms
The fundamental goal of MEDS is to enable frictionless transportability of 
algorithms first and foremost.

2. Capture the simplest view of the fundamental structure of health data
MEDS asserts that EHR data can be most simply and fundamentally 
represented by capturing the longitudinal timeline of patient observations. 
Emphasizing simplicity in this way empowers and simplifies downstream use.

3. Empower development of an open-source ecosystem for health AI
MEDS must enable development of an ecosystem of models, tools, & datasets.

4. Support Computational Performance for Foundation Models
MEDS should support foundation-model scale systems.
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MEDS Use Case

MEDS is designed first to enable development of models for the prediction of...

● ... some future property
● ... at an individual patient level
● ... within a single dataset
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Data Shards

● Each shard contains all data for 
a patient, in time order.

● The code column is 
unconstrained.

● Additional columns can be 
included as needed.

● Intervals represented via 
separate start and end rows.
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MEDS
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MEDS Label Schema
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... Why should you use it?
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MEDS
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There is a turnkey OMOP 
to MEDS converter.
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Turnkey MEDS ETLs

● OMOP
● FHIR
● MIMIC-IV
● eICU
● NWICU
● AUMCdb
● SICdb
● INSPIRE
● HiRID
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MEDS
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MEDS Models

● MEDS-EIC-AR (AR FM)
● ETHOS (AR-FM)
● MOTOR
● CLMBR
● CEHR-BERT/-GPT/-XGPT
● Core-BEHRT
● GenHPF
● EHRMamba
● MEDS-Tab
● EveryQuery
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Research Direction 1:
The “ImageNet” Moment for Health AI
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Question:
A new colleague 
asks you: What 
model should they 
build for their data?
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Driving Problem: Health AI has a Reproducibility Crisis

We reproduced datasets for 38 experiments 
corresponding to 28 published studies using
MIMIC. In half of the experiments, the sample 
size we acquired was 25% greater or smaller
than the sample size reported.

- Alistair Johnson et. al., 2017
https://proceedings.mlr.press/v68/johnson17a.html

Of the 218 included articles, 73 (34%) shared 
code, with 24 (33% of code sharing articles 
and 11% of all articles) sharing reproducible 
code

- Kesavan Venkatesh et. al., 2022
https://doi.org/10.1148/ryai.220081

MLH papers scored even more poorly when it 
came to code release... with only ~21% of the 
papers we analyzed releasing their code 
publicly

- Matthew McDermott et. al., 2021
https://doi.org/10.1126/scitranslmed.abb1655
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The (lack of?) Science of Machine 
Learning for Healthcare.
McDermott, M. (2025). Proceedings of the 4th Machine 
Learning for Health Symposium, in Proceedings of 
Machine Learning Research 259:19-29
Available from 
https://proceedings.mlr.press/v259/mcdermott25a.html
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Question:
A new colleague 
asks you: What 
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To answer this question, we 
need empirical evidence of 
what models work best, 
when trained on...
● Data like the target data
● Tasks like the target task



28

To answer this 
question, we need a 
benchmark!

(that’s designed for 
health AI)



29

To answer this 
question, we need a 
benchmark!

(that’s designed for 
health AI)



30



31

What do we need:

1. A large set of datasets in the MEDS format, spanning diverse clinical settings.



32

What do we need:

1. A large set of datasets in the MEDS format, spanning diverse clinical settings.
2. A collection of tasks that are “conceptually identical” across disparate datasets.



33



34



35

What do we need:

1. A large set of datasets in the MEDS format, spanning diverse clinical settings.
2. A collection of tasks that are “conceptually identical” across disparate datasets.
3. A collection of model algorithms that we can train from scratch on said 

datasets and tasks, then evaluate in a consistent manner.



36

What do we need:

1. A large set of datasets in the MEDS format, spanning diverse clinical settings.
2. A collection of tasks that are “conceptually identical” across disparate datasets.
3. A collection of model algorithms that we can train from scratch on said 

datasets and tasks, then evaluate in a consistent manner.
4. An interface to make training these models on these tasks trivial -- while 

keeping it easy to add new models, datasets, and tasks by external contributors!



37

MEDS-DEV:
The  MEDS Decentralized, Extensible, Validation Benchmark

If reproducibility is made trivial, we can realize all aspects of assessing a Health AI 
algorithm under a simple, easy to use interface
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What do we need:

1. A large set of datasets in the MEDS format, spanning diverse clinical settings.
2. A collection of tasks that are “conceptually identical” across disparate datasets.
3. A collection of model algorithms that we can train from scratch on said 

datasets and tasks, then evaluate in a consistent manner.
4. An interface to make training these models on these tasks trivial -- while 

keeping it easy to add new models, datasets, and tasks by external contributors!
5. A pool of interested researchers to train models (both their own and those 

contributed by external collaborators) on their data and across diverse tasks.
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If successful, this 
effort can catalyze 
significant 
advancement in our 
understanding of what 
model algorithms work 
for EHR data and why.



41

Research Direction 2:
Learning the Latent Vocabulary of Medicine
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EHR foundation models are here:
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These models (usually) take a patient’s input, and simulate 
“possible futures”
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What if, instead, they mapped to a “latent phenotype”?
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Phenotype driven predictions: 

Historically,        patients:

● Have high risk of autoimmune disease
● Have a history of pediatric infections
● Are likely to respond to drug X
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... And I want a lot of latent phenotypes
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The simple things that I want:

● Not 5-100 phenotypes, but 10 - 50 thousand.
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The simple things that I want:

● Not 5-100 phenotypes, but 10 - 50 thousand.
● A subset of phenotypes to meaningful separate out patient populations at 

increased risk for clinically meaningful diseases, adverse events, or drug 
suitability.

● ... And for a subset of those phenotypes to have the property that membership 
can be identified with moderate to high fidelity via lower-capacity models

● ... and for a subset of those lower-capacity models to be generalizable across 
sites.
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Why should this be possible?
Why wouldn’t this have been 
done already?
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If EHR foundation models can 
predict clinically meaningful 
outcomes in a zero-shot manner, 
then this information exists 
somewhere in the model. 
All we need to do is extract it.
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New Clustering Methods
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Emergent Clusters with non-autoregressive Foundation 
Models
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What we need:

1. Refinements for how to make meaningful clusters over EHR data.
2. A better way to interrogate and understand latent clusters.
3. Stable, efficient cluster determination across large EHR datasets.
4. Assessment of cluster property consistency across diverse datasets.
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Phenotype driven predictions

Historically,        patients:

● Have high risk of autoimmune disease
● Have a history of pediatric infections
● Are likely to respond to drug X
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