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Previously: Imaging, Genomics
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• Massive unlabeled archives

• Expensive annotation

• Representation reuse

• Distribution shift

• Shortcut learning

These domains have stable data-generating processes.



Today: Electronic Health Records (EHRs)
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• What is the data-generating process in EHRs?

• biology

• patient decisions

• clinician decisions

• hospital workflows

No single stable data-generating process?



The promise of Real-World Evidence and EHRs
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• Massive observational data

• Continuous patient monitoring

• Real-world clinical decisions

Challenges of EHR data:

Imaging Genomics EHRs

Generation Physics Biology
Humans + 
interventions

Observation Passive Mostly passive Active (decisions)

Measurement Fixed Fixed Adaptive



Some terminology
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•  “Real world” → specific regulatory implications (FDA 2018):
• Real-world data (RWD): data relating to patient health status and/or delivery of 

health routinely collected from a variety of sources

• Real-world evidence (RWE): clinical evidence regarding the usage and potential 
benefits/risks of a medical produce derived from analysis of RWD

• Electronic Medical Record (EMR): digital version of a patient’s paper 
chart

• Electronic Health Record (EHR): Multi-organizational EMR



Components of EHRs
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• Patient Details:
• Demographics, background, exposures, genetics

• Time Series of encounter details:
• Clinical notes: unstructured text, frequently recorded for the 

purpose of handoff between shifts.

• Lab tests: Sometimes routine, sometimes ordered for a 
reason.

• Vitals: BP, Temp, HR, RR…generally frequently updated

• Treatments: Critical for data analyses. More later.

• Input/Output: Food/water/waste…

• Genetics: Rare in real-world datasets but common for 
targeted studies

• Billing Details (ICD)

• Outcomes: mortality, discharge, re-admission

Sondhi et al 2012
Sondhi et al 2012

https://www.researchgate.net/publication/241770691_SympGraph_A_framework_for_mining_clinical_notes_through_symptom_relation_graphs
https://www.researchgate.net/publication/241770691_SympGraph_A_framework_for_mining_clinical_notes_through_symptom_relation_graphs
https://www.researchgate.net/publication/241770691_SympGraph_A_framework_for_mining_clinical_notes_through_symptom_relation_graphs


Toward standardization of EHRs
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An exciting time: EHRs and foundation models
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• Standardized data → opportunities
• Applying pretrained LLMs for:

• Streamlining clinical workflow

• Interpreting clinical notes

• Building foundation models of EHRs



Applying LLMs for streamlining clinical workflow

This can be 
improved!
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Applying LLMs for interpreting clinical notes
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Massive Pretraining…

…Improves Predictive Performance



But general-purpose LLMs might be better…
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[Nori et al 2023]

https://arxiv.org/pdf/2303.13375


…or not?

Ben Lengerich © University of Wisconsin-Madison 2026
[ClinicBench, 2024]

https://arxiv.org/html/2405.00716v3


But probably general-purpose are better.
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https://www.alphaxiv.org/overview/2512.01191v1


Building Foundation Models of EHRs



Early Machine Learning for EHR
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• Before deep learning: patient → feature engineering → model

• Examples:
• counts of diagnoses

• average labs

• medication indicators

• Models:
• logistic regression

• random forests

• gradient boosting

Big limitation: static representations



Sequence Models for EHRs
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• Idea: Model patient history as a sequence of visits.

• Architecture: visit embeddings → RNN → prediction

Limitation: bad at long histories, limited representation learning

• Examples:
• DeepCare [2016]

• LSTM

• RETAIN [2017]

• Key Idea: Attention-generation mechanism 
doesn’t need to interpretable, but hidden state 
does

https://arxiv.org/abs/1602.00357
https://arxiv.org/abs/1602.00357
https://arxiv.org/abs/1608.05745
https://arxiv.org/abs/1608.05745


Transformers for Patient Trajectories
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• Idea: Treat medical events like tokens.

• Tokens → embeddings → transformer → patient rep.

Should we do causal inference with 
foundation models?

• Examples:
• MedBERT [2021]

• ComET [2025]

• Supervised via 
patient 
deterioriation 
over time

https://www.nature.com/articles/s41746-021-00455-y
https://www.nature.com/articles/s41746-021-00455-y
https://arxiv.org/html/2508.12104v1
https://arxiv.org/html/2508.12104v1


What EHRs don’t capture



What’s not in EHRs?

Ben Lengerich © University of Wisconsin-Madison 2026

• Mental judgements: patient urgency, treatment urgency, etc.

• Socioeconomics: accessibility of treatment

• Reasons for measuring features: Why are we ordering a lab test now?

• Medical errors: Did we forget to replace the IV drip on time?

• Provider biases: Does every doctor make the same decisions?

• Billing biases: Is the purpose of a billing code diagnosis or payment?

• Small factors that add up: How much sleep did the patient get last night? 
When did the nurse turn them over in the bed last? Did the patient’s 
family give them a bottle of water and change our I/O calculations?

• Randomness: clinical decision rules/protocols



RWD comes from complex human behaviors
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https://www.nature.com/articles/s41746-025-02079-y


Complexity + interventions → repeated confounding
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[Lengerich et al 2025]

Biological risk goes up

but real-world risk goes 
down

https://www.nature.com/articles/s41746-025-02079-y


Complexity + interventions → repeated confounding
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https://www.nature.com/articles/s41746-025-02079-y


Hidden causality → Failure to transport
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• Logistic regression model of acute kidney injury (AKI)

Hospital Site



More famous failure to transport
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• Sepsis: Life-threatening condition that occurs when the body’s 
response to infection damages its own tissues.
• Want system to alert clinicians when patients are at high risk of sepsis.

• Epic Sepsis Model (ESM): Logistic regression from 500k patient 
encounters
• Reported performance: 0.76-0.83

• External performance: 0.63 0.73 0.83

Michigan
Colorado South Carolina



Open problems for EHR foundation models
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• Generalization (Transport)

• Representation Learning

• Scaling Laws: Do larger medical models improve performance like 
LLMs?

• Federated training

• Multi-modal integration



The big picture: EHR foundation models
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• Imaging invariances
• physics
• anatomy

• Genomics invariances
• evolutionary constraints

• regulatory grammar



Questions?
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