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A patient with advanced lung cancer has been treated for
24 months and now shows progression in a few isolated
areas, with mixed response.

When presenting to a
% tumor board, clinicians
‘. need to piece together:

New genomic mutations driving
treatment resistance

Pathology reports

Radiology scans

Clinical history

= Difficult to reason longitudinally
= Difficult to find similar cases

“I'can’t just go to the medical records
department to have them pull 500
charts on a certain type of patient.”

Byrne Lee, MD, Clinical Professor,
Surgical Oncology, Stanford Health Care
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https://profiles.stanford.edu/byrne-lee

Electronic Health Records (EHRs) are Multimodal Timelines

PATIENT ( ; 3 Many diverse data types that evolve over time

DIAGNOSIS CODES

LAB RESULTS

MEDICATION

TEXT NOTES
BILLING (CLAIMS) .

STREAMING

GENOME

IMAGING

DISEASE CODES

PROCEDURES

SIGNALS .
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Longitudinal EHRs provide a holistic view of multimodal data



Healthcare Al has a Missing Context Problem
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The next generation of healthcare Al will reason over
multimodal patient data across months and years




The Future: Multimodal, Interactive Healthcare Al

Multimodal timelines as a unifying framework for
retrieval, interaction, and feedback.

NOTES e

PATH [ICD-10]

Q‘) Chat interfaces for EHR
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e O)) Use similar patients to
inform decision making

data and models
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Data-Centric Al

Training data defines an LLM’s capabilities, limitations, and biases

Acquire general knowledge + Bridge pre + post training SFT + RL on task-specific
reasoning primitives distributions objectives

Published as a conference paper at COLM 2025

Math Reasoning  AIME24
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Healthcare Al Requires Data-Centric Systems

Quality > Quantity!
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Foundation Models: Longitudinal EHRs
Zero-Shot EHR Generation

Time-to-Event Pre/Mid-training

Use EHR data to produce massive-scale
survival supervision based on patient
outcomes. SOTA on many survival tasks.

Lupus NAFLD Cancer Stroke

Objective Celiac HA
RSF 0.729  0.836
Next Code 0.774 0.862

0.787 0.802 0.824  0.840
0.842 0.860 0.860  0.857

Time-to-Event 0.802 0.887

0.863 0.864 0.865 0.875

Longer Horizons

Random Survival Forests
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Now —

Improved Robustness

2014 - 2022
MOTOR STARR-OMOP

+4.9% +10%

2023
STARR-OMOP

Cross-Site Robustness Temporal Robustness

Steinberg et al. 2024, Huo et al. 2025
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Waxler et al. 2025

naturemedicine

Comment Published: 07 January 2026

based on patient

history...

How to interpret ‘Zero-shot’ results from

generative EHR models

Suhana Bedi &, Jason Alan Fries & Nigam H. Shah




Benchmarking: Patient Trajectories

Multimodal EHR datasets spanning years of care and outcomes
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2018 2019 2020 2021 2022 2023

Dataset Task Technical Challenge Example Tabular Images Notes
What is the likelihood that this CT am
S E[O M Risk Stratification Few-Shot Learning patient gets a diagnosis of pancreatic | | BEHH
cancer within the next year? \=2=200)
g——
At ; ; @EmE0n (i @
INSPECT  [ORSRE Multimodal Leaming | ///1en IS chronic pulmonary —ebe —
Modeling hypertension most likely to develop ettt .
. Instruction Long-Context Learning F""’."’ th,/s EHR’ summarize the @son :@
MedAlign . . patient’s history of strokes and the Es0n —
Following & Temporal Reasoning . . .. EE00 p—
resulting neurologic deficits. \==00)

Wornow et al. 2023, Huang et al. 2023, Fleming et al. 2024
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Human-Al Teaming: Al-Accelerated Tumor Boards

-, ¢

VISTA Oncology Data Lake
211k patients

A,

* Multimodal cancer data (codes,
notes, imaging, pathology, tumor
genetic assays)

* Finding and reasoning over similar
patients to guide care decisions

2015 2055

i,% Stanford | pepa rtmentof o0e
W’ MEDICINE Biomedical Data Science



Team Science

Thank You!
jfries@stanford.edu

?TEI

VISTA - Al Tumor Board
Weill Cancer Hub West
Technology & Digital Solutions
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