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Abstract

While data standards have been well adopted and highly impactful for observational health
informatics, the emerging application of artificial intelligence (AI) to electronic health record
(EHR) data — known broadly as health AT — still lacks broadly adopted data standards. This
gap limits reproducibility and the development of open-source ecosystems for health Al, as
well as limiting the ability to collaboratively develop and characterize emerging capabilities
such as the use of foundation models. The Medical Event Data Standard (MEDS) is an open-
source data standard and ecosystem designed and promulgated by us (and others) to address
this gap. MEDS was first presented at a workshop in May 2024 and has since been described
in online materials and preprints. Here, we describe MEDS in detail and review its use in the
community, highlighting its strengths and weaknesses, and the extent of its adoption to date.

We designed MEDS to emphasize simplicity, algorithm transportability, and support for
workflows used in training foundation models, and to offer complementary strengths com-
pared with existing health data standards. As of March 2026, we find usage of MEDS across
21 institutions, in at least 27 academic papers and preprints, and to support work with 17
datasets and 12 Al algorithms. Tools in the MEDS ecosystem have reported computational
speedups that range from 1.9 to around 40,000 times faster than prior tools or common
individual workflows. In novel case study comparisons, we find that codebases leveraging
MEDS show reductions in necessary lines of functional Python code by up to 70%. Further,
the MEDS standard has supported the development of key frontier models for EHR data.
(Supported by Canadian Institutes of Health Research and others.)
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and the “frictionless reproducibility” of findings."* In
observational health informatics, for example, the adoption
of data standards such as the Observational Health Data
Sciences and Informatics (OHDSI) Observational Medical
Outcomes Partnership (OMOP) Common Data Model
(CDM),>¢ the PCORnet CDM,’ and the i2b2 CDM?® has
empowered observational studies in diverse settings.”°
In contrast, the emerging field of applying high-parameter
artificial intelligence (AI) models to structured electronic
health record (EHR) data — known broadly as health AT —
still does not have widely adopted data standards. This lack
of standardization is a significant barrier to reproducibility,
the rigorous evaluation of progress, and the development of
shared tools in health AL "2

We argue that this discrepancy in data standard adoption
is in part due to fundamental differences between the key
objectives and workflows of studies in observational health
informatics and those in health Al To highlight these dif-
ferences, consider the following prototypical examples
across these two fields.

First, consider the task of real-world evidence generation
from observational data — a common, high-impact focus
of observational health informatics.'!? Such studies aim
to produce statistical evidence over targeted patient popu-
lations that generalizes across health systems; accordingly,
they rely extensively on expert-curated cohorts and fea-
tures and use interpretable statistical analyses to maximize
robustness.

In contrast, for health Al consider the recent methodologic
advances in autoregressive foundation models, such as the
Enhanced Transformer for Health Outcome Simulation
(ETHOS),'* ETHOS Adaptive Risk Estimation System,*
Curiosity,'® Delphi-2M,'¢ and CEHR-GPT," or in embed-
ding models such as CLMBR* and MOTOR.* These
models use the longitudinal nature of structured EHRs to
train neural networks with hundreds of millions to billions
of parameters to predict, given a patient’s historical med-
ical record, when and what the patient’s next interaction
with the source health system will be. Models are typically
trained and evaluated on care patterns within — and often
specific to — a single data source; trained over a general-
purpose representation of the entire EHR, rather than
disease-specific cohorts or manually engineered features;
and rarely shareable publicly owing to concerns around the
leakage of private information through their parameters.

Asargued more extensivelyinthe Supplementary Appendix,
these two examples are indicative of key differences
between the objectives and workflows of these two fields.

In particular, classical observational health informatics
studies are often motivated first and foremost by producing
causal statistical models that are maximally generalizable
across health systems and clinical settings. In contrast, pre-
dictive health AT studies are designed to maximize predic-
tive power within a source health system (especially given
privacy-related sharing restrictions) and, correspondingly,
may be less concerned with cross-site generalizability.?°
As a result, the research community often focuses first
on whether the algorithms used to produce these mod-
els can be reliably used on new data sources, rather than
on whether the pretrained model itself generalizes across
sites. This same difference in objectives motivates other
workflow differences: Classical observational health infor-
matics relies on deep feature harmonization and careful
cohort curation, whereas health Al prioritizes the efficient
use of all features across all patients, often with little to no
modification or curation.

Ultimately, we argue that these key workflow differences
motivate a set of design needs for data standards in health
AI—needs that were not prioritized by existing informatics
standards. In this work, we review adoption of the Medical
Event Data Standard (MEDS), a recently introduced open-
source data standard for health Al research that we devel-
oped.?>?? Specifically, we designed MEDS to (1) enable
transportability of model training algorithms first and fore-
most, rather than requiring full cross-site generalizability
of trained models; (2) prioritize simplicity in representa-
tion by respecting EHR data’s fundamental structure — a
longitudinal timeline of events — without mandating deep
harmonization of clinical vocabularies used; (3) empower
development of an open-source Python ecosystem for
health AI that offers some of the same advantages that
widely used tools and platforms such as Hugging Face??
or TorchVision?* provide in other domains of Al; and (4)
enable the computational performance necessary to work
with near-total, raw clinical datasets at sufficient scale to
train foundation models.”®> We further designed MEDS
to be complementary to existing data standards such as
the OMOP CDM or the Fast Healthcare Interoperability
Resources (FHIR)?® standards via public tools to transform
data from these standards into MEDS.?72

In this Review we examine, as of March 2026, the litera-
ture that cites any of the existing nonarchival publications
describing MEDS, as well as the tools developed within
the MEDS ecosystem. We also characterize EHR datasets
and health AI models known to us to be MEDS-compliant.
Approximately 40% of the reviewed works include our work,
reflecting the collaborative, open-source nature of MEDS.
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The Medical Event Data Standard

For full technical details, see the Supplementary Appendix
and the MEDS technical documentation at https://medical
-event-data-standard.github.io/.

KEY DESIGN PRINCIPLES OF MEDS

In this section, we expand upon the initial design princi-
ples presented in the workshop paper that first introduced
MEDS?* and highlight how they relate to the unique differ-
ences in field objective and workflow described previously.

Transportability of Model Training Algorithms

The primary objective of our work with MEDS is to reduce
barriers to the transportability of algorithms used in model
training, enabling frictionless reproduction of training rec-
ipes across institutions. Emphasizing portability allows us
to make MEDS a streamlined data standard that does not
assume or require prior data harmonization, aiding acces-
sibility across datasets. This is a major, intentional depar-
ture from existing data standards. For example, all existing
major observational health informatics standards assume
a fundamental goal of transportability of trained statistical
models, rather than focusing separately on transportability
of the recipe to train a model on a dataset. The former goal
requires a significantly more complex data standard to facil-
itate deep feature harmonization and cohort control. For
example, the OHDSI-OMOP CDM specifies approximately
400 fields across 40 distinct tables; in contrast, MEDS
requires only three fields with several optional fields over
a single core data schema. Further, we note that this focus
does not preclude pretrained model transfer; in cases where
datasets are externally harmonized (e.g., when MEDS data-
sets are produced from existing OMOP datasets), this focus
on algorithm transportability is intended to enable easy
evaluation of pretrained models across institutions.

Adherence to the Fundamental Structure of Health
Data

The fundamental shared structure of EHR data is that of a
longitudinal, continuous time sequence of complex events
(Fig. 1A). Therefore, we posited that these data should be
represented in as simple a manner as possible while remain-
ing true to that underlying structure.*® Doing so allowed us
to ensure that (1) MEDS reflects the core structural element
of EHR data that is shared across health sites; (2) MEDS
captures the aspects of data that differentiate it mathemat-
ically from other types of data on which model training is

well explored, such as ordinal sequences, regularly sam-
pled high-frequency time series, or fixed-size tabular data.
While some existing standards conform in part to this prin-
ciple (e.g., the i2b2 standard leverages an event stream-
like view?®), they also often enforce additional structural
constraints to facilitate deep feature control and prioritize
population- and cohort-level analyses (in accordance with
typical informatics workflows), which often motivate struc-
turing data via relational databases. In contrast, the focus
of high-capacity AI on individual-patient prediction tasks
means a health Al-focused standard can conform to this
fundamental structure in a simpler, nonrelational manner.

Empower Development of an Open-Source Python
Ecosystem for Health AI

As noted previously, we designed MEDS to empower the
development of an accessible open-source Python eco-
system (Fig. 1C) for health Al research, spanning the triad
of tools, models, and datasets that has been shown to
be extremely impactful in other areas of Al use, such as
sharing via Hugging Face?* and TorchVision.?* In particu-
lar, MEDS is a “data as interface” standard, meaning that
MEDS constrains the way data are encoded on disk but
does not mandate the use of a particular package or closed
framework. This is designed to ensure that the open-source
community can benefit from MEDS-compliant datasets
across numerous platforms and packages, in the hopes that
this flexibility will reduce barriers to communal ecosystem
growth. Further, whereas many existing data standards
prioritize usage with R, the development of core tools in
Python and in line with Python development best practices
helps facilitate adoption within the core computer science
and machine learning and AT communities.

Support Computational Performance for Foundation
Models

We designed MEDS to be in alignment with the comput-
ing and engineering needs of foundation models, which
typically have hundreds of millions to billions of parame-
ters and are usually trained on specialized hardware such
as graphics processing units or tensor processing units.*!
Specifically, whereas many existing standards leverage
relational database formats as their underlying storage
backends, in line with our patient-centric view and prior
design principles for MEDS, we can leverage file storage
formats focused on parallelism-based scalability (e.g.,
MapReduce?®?), rather than requiring maximally efficient
support for relational database workflows that are harder
to parallelize.

NEJM Al

NEJIM Al is produced by NEJM Group, adivision of the Massachusetts Medical Society.

Downloaded from ai.ngjm.org by Lisa Gordon on May 28, 2026.


https://medical-event-data-standard.github.io/
https://medical-event-data-standard.github.io/

Observations
Over Time 1

—

Health System

Patient EHR Record

Preprocessing

@

MEDS-Extract:

ETL Building

MEDS-Reader:

Fast, Pythonic Processing
MEDS-Transforms:
Pipelines from Simple Parts

~'MEDS-Reader

MEDS-
‘fg@rqm
hSCi

MEDS
Dataset

(Input)

Trained models can then
be used or retuned locally

N ] ML Splits
MEDS oood
. Core Data oood | Dataset
Schema oo Metadata
i # L (iii) subject splits.parquet
subject id ode numeric val
(=== SN <3
68729 RACE//WHITE I et :
68729 8/7 11:18  PROC//EKG 1 | oS | Rt
68729 8/7 11:18  ADMISSION = s ”
68729 8/7 17:22 L2B//... — (iv)
68729 8/7 17:22  Rx//COTA cermsengeen
68729 8/9 09:20  Rx//CO7B
data/ : : :
* parquet y
(”) ubj id prediction_time bc 2lue
1 14392 3/9/78 00:00 False
metadata/ h . L 68729 8/7/19 11:18 False
: : 68729  2/1/22 10.20 False
codes.parquet 1 : :
subject_splits.parquet Code Metadata v (V) Prediction
dataset.json Schema
Task Labels
O

Modeling Tasks and Evaluation

MEDS-TorchData:
Tensorization for PyTorch

ACES:
Downstream Task Extraction

CES

MEDS-Tab:
Tabularization and XGBoost

MEDS-Evaluation:

Model Evaluation

MEDS Trajectory Evaluation:

Foundation Model Evaluation
7

Model Training
Algorithm is

usable on new
health systems

Figure 1. (Continued)

NEJM Al

NEJIM Al is produced by NEJM Group, adivision of the

Massachusetts Medical Society.

Downloaded from ai.ngjm.org by Lisa Gordon on May 28, 2026.




MEDS SCHEMA AND FILE STRUCTURES

Any data standard can be seen as a set of rules governing
how data are formatted, described, and exchanged. In
the case of MEDS, these rules are organized in the form
of specific file schema and organization patterns for EHR
data, as shown in Figure 1. We describe each of these rules
here, with further details provided in the Supplementary
Appendix.

The MEDS Data Schema

The MEDS data schema (Fig. 1Bi) has three required col-
umns: a subject_id identifying to which patient the row
corresponds, a time entry identifying when the measure-
ment in the row took place, and a code column providing
a categorical descriptor (from an unconstrained vocabu-
lary) of the measurement contained in the row. Note that
some clinical observations can be associated with multi-
ple time stamps (e.g., a blood test is ordered at one point
in time but the actual result of the test is only collected
and entered into the patient record later). In general, to
best reflect the longitudinal structure of the data, we rec-
ommend that such measurements be split into separate
observations, each captured at their respective time and
level of information (e.g., one row capturing the blood
test order at a point in time followed by a separate row
capturing the addition of the test result in the patient
record, at the time of data storage and accompanied by
the test result itself). If this is not possible, observations
should generally default to the latest associated time
stamp to minimize any data leakage, though this can risk
other biases downstream.

This schema permits two additional optional columns —
numeric value and text_value — for numeric or textual
values associated with the measurement. To maximize
flexibility, other dataset-specific columns can be added,
though most downstream tools or models will not lever-
age them. To ensure use at very large data scales, MEDS

requires that compliant data files be organized on disk as
a subject-sharded set of columnar parquet files, encourag-
ing MapReduce-style parallel processing.*> Note that this
schema has fewer fields than all alternative health infor-
matics schemas, most of which feature up to hundreds of
distinct fields across many tables (e.g., the OMOP schema
has ~400 fields across ~40 tables).t8:2¢6

The MEDS Code Metadata Schema

MEDS datasets accept metadata about the (unconstrained)
vocabulary of code elements through a metadata/codes.
parquet file (Fig. 1Bii). This file links code strings to free-
text, human-readable descriptions and to identifiers from
external ontologies. Doing so enables MEDS datasets
sourced from fully or partially harmonized source data-
sets to benefit from the prior harmonization. Further, these
descriptions can also empower large language model (LLM)
applications over MEDS datasets, giving a natural textual
interface for generative models over EHR data when site-
specific code descriptions are available.

The MEDS Task Splits, Dataset Metadata, and Labels
Schemas

MEDS datasets can also present a default subject-level
split for the data before any model training occurs through
metadata/subject_splits.parquet (Fig. 1Biii) and a
metadata/dataset.json schema (Fig. 1Biv). Doing so is
necessary to ensure data provenance for the end user and
to prevent leakage of information that can inflate perfor-
mance estimates of classifiers and predictors trained using
EHR data. Within MEDS, we also define a formal schema
by which downstream task labels and cohort membership
can be specified (Fig. 1Bv). This ensures that task defini-
tions can be created independently of model training pipe-
lines and that task selection and extraction from source
data can be automated within the MEDS ecosystem via
dedicated tools.**

Figure 1. A Visual Overview of the Design Principles and Schema of MEDS.

Medical Event Data Standard (MEDS)—compliant datasets represent electronic health record data as a timeline consisting of a
longitudinal sequence of events (Panel A). Observations on those timelines can be directly mapped to elements of the MEDS core data
schema, which records subject identifiers (IDs), time stamps, and categorical codes in an unconstrained vocabulary (Panel B, i). Codes
are further described via a metadata file that links to external ontologies (Panel B, ii). MEDS-compliant datasets also include (Panel B,
iii) subject-level splits for artificial intelligence model development and (Panel B, iv) dataset metadata in JSON form for provenance
tracking. MEDS-compliant datasets can be accompanied by label files defined by a subject ID, prediction time, and label that define a
task to permit easy development of predictive models that can be run over arbitrary MEDS-compliant datasets (Panel B, v). Algorithms
(i-e., workflows for training models) for MEDS-compliant datasets can benefit from the open-source ecosystem of MEDS-compatible
tools and can be applied to other MEDS-compliant datasets (Panel C). ACES denotes Automatic Cohort Extraction System; EHR,
electronic health record; EKG, electrocardiogram; ETL, extract, transform, load; ID, identifier; JSON, JavaScript Object Notation; MEDS,
Medical Event Data Standard; and ML, machine learning.
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Review and Case Study Results

METHODOLOGY

Analysis of Published Literature, Preprints, and the
MEDS Ecosystem

To assess the usage of MEDS by the broader community,
both within and beyond those usages associated with the
original nonarchival MEDS report, we undertook a man-
ual literature search through various sources, including
articles that had cited either the initial nonarchival MEDS
workshop description,?? several core MEDS tools,**-¢ or the
MEDS KDD 2025 Tutorial®’; articles built atop code that
was known to use MEDS internally; or works reported to us
from the broader MEDS community. This literature search
may not be exhaustive (e.g., there may be even more uses of
MEDS in the health Al research space), but reported uses of
MEDS were manually validated, so this set is a valid lower
bound for the current adoption of MEDS in the community.
All statistics were collected no later than March 2026.

Case Study Methodology

To examine how the use of MEDS impacts researcher code
efficiency, we conducted a curated set of case studies, com-
paring public project repositories for projects produced
using MEDS with those produced without using MEDS. We
examined eight repositories (four using MEDS, four not),
selected manually by us for these comparisons (the full set
is summarized in Table S1), spanning tasks including data
extraction from source, benchmarking multiple AI models,
and autoregressive foundation models. Repositories were
extracted at a particular, frozen commit identifier for repro-
ducibility, and lines of code were counted using the tool
cloc.?® The number of lines of functional code (excluding
documentation or tests) for repositories using MEDS and
not using MEDS was then compared to assess possible effi-
ciency gains due to the use of MEDS. While any comparison
of this sort performed in a post hoc manner on reposito-
ries aiming to perform nonidentical tasks will always have
many sources of bias, we feel these comparisons are still
meaningful and we provide further commentary in Section
C.3 in the Supplementary Appendix.

Potential Conflict of Interest Disclosure

Asthisreview is authored by the creators of MEDS, who are,
naturally, among the most active members of the MEDS
community, a subset (~40%) of the works we characterize

here have overlapping author lists with the authors of this
review, risking a possible conflict of interest. When consid-
ering this risk, it is important first to note that, in fact, many
of the authors of this work became core members of the
MEDS community after or upon beginning to contribute
to the MEDS ecosystem. Testament to this fact is that, of
the individually highlighted authors on this work, approx-
imately 70% were not authors of the workshop paper that
initially highlighted MEDS,** demonstrating that the core
MEDS community has seen significant growth from its ini-
tial development. Nevertheless, to address this potential
bias, we highlight in our results below, and in our detailed
methodology section (Section C in the Supplementary
Appendix), which of the works referenced have overlapping
author pools with this review.

REVIEW FINDINGS

Adoption

As of March 2026, MEDS has been used by researchers
spanning at least 21 institutions across North America,
Europe, and Asia. It has been referenced or used in 27 aca-
demic articles or preprints'*?33-36:39-6° (of which ~59% were
produced by researchers outside the group of core MEDS
developers) and supports 17 existing datasets, including
7 publicly available EHR intensive care unit (ICU) data-
sets,®1¢7 datasets in OMOP CDM and FHIR formats,?”-?°
and various private datasets used internally by members of
the MEDS community. Twelve health AI algorithms have
been developed and released atop MEDS, including tabu-
lar models,*>¢® supervised predictive neural network mod-
els,* classical pretraining and fine-tuning representation
learners,'®1487071 and autoregressive foundation mod-
els.'#17:3%72 Finally, at least 14 tools have been developed
to support health Al needs in the MEDS ecosystem, includ-
ing tools that leverage LLMs to process EHR data through
linearization strategies,** a model context protocol server
implementation,”® and visualization tools for MEDS data-
sets.”* Some tools in this ecosystem highlight the ability
to replace common steps with externally configurable pre-
built tools, such as replacing custom task-extraction code
with Automatic Cohort Extraction System configuration
files®® or tensorization pipelines via MEDS TorchData.”
See Figure 2 for a summary of MEDS adoption, ecosystem
scale, and performance improvements.

Previously Reported Computational Speedups

Works we review strongly suggest that tools in the MEDS
ecosystem can enable significant speedups in comparison
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Figure 2. MEDS Usage.

The Medical Event Data Standard (MEDS) has been used by researchers in at least 21 institutions across 12 countries in North
America, Europe, and Asia (Panel A). MEDS has been used in projects spanning 27 academic papers or preprints and supports 17
existing datasets or dataset formats, and at least 12 published model training recipes exist over the MEDS framework (Panel B). The
more than 14 tools publicly available in the MEDS ecosystem enable workflows to be written with (in cases) up to 70% fewer lines
of functional code and run orders of magnitude faster than prior research code (Panel C). Vide infra and refer to the Supplementary

Appendix for details.

with existing tools. Steinberg et al. report thatmeds_reader
offers reductions in computational speed ranging from 1.9x
up to around 40,000x in comparison with other tools for
general preprocessing applications,*? and Oufattole et al.
report that the tool MEDS-Tab reduces central processing
unit memory and runtime use by factors ranging from 7x to
300x in comparison with competing tabularization tools.3®

Transportability

Our review also highlights qualitative differences in the
accessibility and styles of benchmarking over EHR data in
the use of MEDS. For example, the FoOMoH work provides
broad comparisons of high-capacity models through the
MEDS framework, and the MEDS Decentralized, Extensible
Validation (MEDS-DEV) system presents an infrastructure
for continuous model benchmarking through MEDS.3%#!
Works in the emerging area of generative autoregressive
foundation models over EHR data have also made consis-
tent use of MEDS. #3976

CASE STUDY FINDINGS ON CODE EFFICIENCY

Our analyses on the effect of using MEDS on researcher
code efficiency suggest that use of MEDS reduces the
required lines of code necessary to perform specific steps in

training health Al models. When examining existing repos-
itories corresponding to similar workflows with or without
MEDS, we see reductions in necessary lines of code ranging
from 33% to 70% (median 54.9%; see the Supplementary
Appendix for full details).

Discussion

MEDS LIMITATIONS AND TARGET USAGE PATTERNS

We designed MEDS to be a computational representation of
medical events at the individual-patient level, enabling effi-
cient use of patient-level EHR data for AI development and
research within or across multiple health systems. Under
appropriate evaluation practices and within the bounds of
the training distribution, such Al systems could be even-
tually used in deployment for clinical decision support or
hospital operational workflows. It is important to empha-
size that we designed MEDS for high-capacity predictive Al
workflows — rather than traditional epidemiologic or other
causal statistical analyses, which are often better supported
by other standards such as the OHDSI-OMOP CDM.
Without additional work, predictive algorithms over MEDS
should be assumed to be associative in nature. In addition,
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given its focus on patient-level modeling, MEDS-compliant
datasets may not be structured appropriately for use in reg-
ulatory evaluation of drugs and devices.

MEDS ROAD MAP

MEDS has several high-priority areas of future develop-
ment, including (1) expanding support for additional data
modalities, (2) strengthening integration with existing
health standards or EHR software, (3) enhancing the abil-
ity to distinguish between providers or sites of care within
MEDS datasets, and (4) improving support for enrich-
ing MEDS dataset metadata through external ontologies.
Addressing these limitations will enable broader use of
MEDS in AI workflows, especially as compute and mul-
timodal capabilities in Al continue to accelerate. In par-
allel, a key priority is to use the reproducibility of MEDS
to empower decentralized benchmarking studies within
health AI across diverse tasks and datasets. This effort is
already under way through the MEDS-DEV platform.3*

ADDITIONAL RELATED WORK

Other Data Standards for Health

MEDS complements arich landscape of many existing stan-
dards, such asthe OHDSI-OMOP CDM,°thei2b2 standard,
the PCORnet CDM, and the Health Level 7 FHIR stan-
dard.?® These standards each optimize for different work-
flows and community needs in comparison with MEDS.
The FHIR standard, for example, is designed for health
data exchange rather than data analysis or informatics, and
thus is not a true alternative to analytics. The remaining
standards are more natural alternatives in the context of
data analysis. In particular, the OMOP, i2b2, and PCORnet
CDMs are all designed to facilitate classical observational
studies, querying, cohort building, and evidence generation
over health datasets. Given their focus, greater emphasis is
placed on reliably harmonizing data elements to external
ontologies. MEDS remains agnostic to data harmonization,
instead prioritizing the minimal amount of standardization
necessary to enable code transportability, which allows it to
provide a simpler interface at the expense of reduced sup-
port for classical workflows that are adequately supported
by other standards. MEDS integrates naturally with existing
standards, and dedicated tools exist to transform several
of these standards (OMOP and FHIR, with i2b2 support
in development) into MEDS,??° allowing users in those
ecosystems to benefit from the advantages of MEDS in the
context of health Al research without sacrificing the utility
offered by these standards in other areas.

Existing Health AI Frameworks

The space of health AI has a number of published and
unpublished computational frameworks for working with
data and building models under different paradigms.’’-%? In
our opinion, MEDS has several key advantages over these
frameworks. First, many of these frameworks are specific to
the Medical Information Mart for Intensive Care (MIMIC)
datasets, or to a small collection of public ICU datasets; in
contrast, MEDS is a general data standard designed to be
usable across any EHR source, public or private. We believe
that this makes MEDS much more translatable for general
research use. In particular, while MIMIC has been essen-
tial for the development of health AI, many major advance-
ments have happened primarily over private, internal,
non-ICU datasets, and accordingly data standards specific
to MIMIC will not support research on effective models
for non-ICU EHR data. Ensuring MEDS can support gen-
eral EHR data will, therefore, help ensure that develop-
ments pursued across private or non-ICU sources can still
be assessed and used by the community on other datasets.
Second, these frameworks are, in general, closed ecosys-
tems designed to be leveraged through a Python package-
based interface. In contrast, we think MEDS’s decoupled
data-as-interface design and growing open-source ecosys-
tem make it much more extensible to researchers’ needs
and responsive to the changing Al landscape.

No-Schema Generative AI Approaches

In addition to existing health AI frameworks, the rise of
LLMs and generative Al tools has led to the development
of new, fully text-driven data interactivity tools. These typ-
ically use LLMs to explore the structure of a dataset in light
of a user-provided query to enable dynamic data extraction
or query response without ever requiring input data stan-
dardization or harmonization.®** Preliminary work in this
direction, such as text-vectorization packages and model
context protocol server code for MEDS datasets, is in devel-
opment by the community.”>** While these tools enable
data exploration, they are not a complete solution in their
own right for training new models, sharing training pipe-
lines, or benchmarking performance of models.

CONCLUSION

In this review, we examine work leveraging MEDS, an
emerging open-source data standard and ecosystem for
high-capacity Al over EHR data. We designed MEDS to pri-
oritize simplicity and utility for supporting such health AI
workflows and to complement existing standards to meet
the needs of this growing use case. Our review finds usage
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of MEDS across 21 institutions across North America,
Europe, and Asia, and that more than 12 model training
algorithms have been developed and released atop the
MEDS framework, and the emerging MEDS ecosystem fea-
tures at least 14 open-source tools. Examining the reported
improvements offered by these tools suggests that they may
offer improvements in computational efficiency and mem-
ory usage of up to two orders of magnitude over prior tools
or bespoke solutions, and novel case studies conducted in
this work show that algorithms developed in MEDS can use
up to 70% less code than equivalent approaches in other
data formats. Notably, a number of reports exploring new
autoregressive foundation models for EHR data have lev-
eraged MEDS as their source data format.'*3**° Ultimately,
while these initial results are promising, future adoption of
MEDS remains uncertain, though we believe that contin-
ued work and engagement by the health Al community in
efforts toward standardization and reproducibility, such as
MEDS, will be of significant long-term benefit to our field.
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