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Electronic Health Records (EHRs) are Multimodal

Contains multiple types of data, ordered by time

EHR contextualizes multimodal data
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Healthcare is Multimodal and Longitudinal

When was this patient diagnosed with cancer? 

What imaging biomarkers are 
predictive of developing 

pulmonary hypertension? 

Is this patient likely to develop 
gastrointestinal cancer in 20 
years, 10 years, or 3 years? 

These types of questions require reasoning skills 
and understanding of longitudinal progression of health



Sources of Pretraining Supervision 
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Time-to-Event Pretraining for 
3D Medical Imaging

Longitudinal EHR Dataset & 
Model Releases

Time-to-Event Pretraining for 3D Medical Imaging A PREPRINT
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Figure 2: Overview of the proposed time-to-event pretraining pipeline. Patients’ longitudinal EHR timelines are
transformed into large-scale, time-to-event (TTE) pretraining tasks. These tasks, which reflect informative temporal
patterns for medical outcome prediction, are then used for continued pretraining (full fine-tuning) of a 3D vision
encoder. The resulting encoder is then frozen and adapted to downstream tasks via different task heads for classification
or TTE estimation.

Finally, we evaluate the impact of TTE modeling in imaging at a larger scale than prior work, utilizing 18,945 CT
scans—equivalent to 4.2 million 2D images—and 8,192 unique TTE tasks derived from longitudinal EHRs.

3 Preliminaries

Time-to-Event Modeling. The objective of time-to-event modeling is to estimate the distribution of times T until an
event of interest occurs. Observable data is denoted as O =

�
(T̃i,�i, X

T

i
) : i = 1, ..., n

 
, where Xi are the features

of observation i and �i = I(Ti  Ci) is an event indicator function whose value is 1 when the actual event time is
observed. One complexity is that medical data is often right-censored, where the survival time T is not observed due
to a loss of followup. With right-censoring, we do not observe T and instead observe time T̃ = min(T,C), where
the C is the censoring time. When �i = 0, we do not know the true survival time, but we know that it is greater than
T̃i. The mixture of known survival times and censored survival times necessitates methods that can estimate T in an
unbiased manner despite the censorship.

Different time-to-event models use different definitions to model the instantaneous hazard �(t), where t represents the
continuous time at which the hazard rate is evaluated. We use a piecewise exponential function (Kitchin et al., 1983)
that splits the timeline into P distinct intervals, or pieces, each with a constant hazard rate �(t). Each piece p(t) has
�ip(t) = Cip, where C depends on the patient’s CT image i and the specific interval p.

Piecewise Exponential Neural Network. To make use of deep learning models, we use a neural network to define
Cip. Using a piecewise exponential neural network (PEANN) (Fornili et al., 2014) greatly simplifies large-scale
pretraining compared to Cox PH-based methods, which require creating batches where samples are paired with at
least one uncensored patient (Harrell Jr et al., 1996). We first use a neural network to derive a CT image representation
Mip for image i’s information at time piece p. We then apply a linear layer followed by an exponential function to
define hazard �ip = Cip = exp(A ⇤Mip + b) where A and b are learned parameters. With the hazard calculated, we
can then input it into the survival function:

Si(t) =
PY

p=1

exp [��ip(min(t, Ep)� Sp)I(t � Sp)] (1)
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Today’s Talk: Learning from Longitudinal EHR Data
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Autoregressive EHR Foundation Models

Model Disease40k

PATIENT POPULATION TASKS
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Improved Few-
Shot Learning & 
Label Efficiency 

Robustness to 
Distribution 

Shifts

Cross-Site 
Adaptability

[1] Steinberg et al. “Language models are an effective representation learning technique for electronic health record data”. JBI. 2021.
[2] Guo et al. “EHR foundation models improve robustness in the presence of temporal distribution shift”. Scientific Reports. 2023.
[3] Lemmon et al. “Self-supervised machine learning using adult inpatient data produces effective models for pediatric clinical prediction tasks.” JAMIA. 2023.
[4] Guo et al. “A Multi-Site Study on the Adaptability of a Shared EHR Foundation Model.” npj Digital Medicine. 2024.
[5] Steinberg et al. “MOTOR: A Time-To-Event Foundation Model For Structured Medical Records.” ICLR 2024

• +3.5 to 19% increase in 
AUROC [1]

• Match SOTA w/ 95%+ 
less training data [4,5]

• Improved temporal 
robustness [2]

• Improved subgroup 
performance [3]

• Transfer pretrained 
models across hospitals

• Require 60-90% less 
pretraining data [4]

Benefits of Autoregressive EHR Foundation Models



Sources of Pretraining Supervision 
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Time-to-Event Supervision (Steinberg, Fries, et al. 2024)

Key Intuition: Predict not 
only if something will 
occur but when

Autogenerate 1000s of time-to-event pretraining tasks 



Health Prognosis using 3D Medical Imaging
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Time-to-Event Pretraining for 3D Imaging
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• Continued Pretraining of 3 Self-Supervised Vision Encoders
• 8,192 Time-to-Event Pretraining Tasks

Training Set: 
18,945 CT Scans 



Time-to-Event Supervision: Performance Gains
How does TTE supervision compare to popular self-supervised 
methods (i.e., MAE)?

23.7% increase in AUROC
29.4% improvement in Harrell’s C-index 
54% improvement in calibration (Integrated Brier Score)

How does local context supervision compare vs. longitudinal? 

Current self-supervised methods struggle to learn 
prognostic pixel biomarkers 

15.7% increase in AUROC from longitudinal vs. local supervision 



EHRSHOT: An EHR Benchmark for Few-
Shot Evaluation of Foundation Models

INSPECT: A Multimodal Dataset for 
Patient Outcome Prediction of 
Pulmonary Embolisms Radiology NotesCT Scans

6,739 
Patients

19,402 
Patients Tabular

Tabular

MedAlign: A Clinician-Generated 
Dataset for Instruction Following with 
Electronic Medical Records

267 
Patients Tabular All Clinical Notes

…

2024 Multimodal, Longitudinal EHR Dataset Releases

26k Unique Patients
270M Coded Clinical Events
70k Clinical Notes, 128 Note Types
23k CT Scans (2.4M 2D images) 

https://redivis.com/ShahLab/



CLMBR: Clinical language 
modeling-based representations 2023MOTOR: Many Outcome Time 

Oriented Representations 2024

EHR Foundation Model Releases

https://huggingface.co/StanfordShahLab

Context Clues: Evaluating Long Context Models for Clinical Prediction Tasks on EHRs
(Wornow, Bedi, et al. 2024)

Context Lengths: 512, 1024, 2048, 4096, 8192, 16384
Architectures: GPT, Llama, Hyena, Mamba
Pretraining Dataset: 2.57M EHRs



30 TB EHR 
1B Conversations
6 PB Imaging
(+1PB/year pathology)

Future: One Healthcare System’s Data



Future: Building Multi-Site EHR Foundation Models

• Leverage Existing Communities 
to Train Site-Specific EHR 
Foundation Models

• Build as Mixture of Experts

https://www.ohdsi.org/data-standardization/
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