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Abstract

Precision medicine requires integrating diverse data modalities such as structured
electronic health records (EHRs), radiology images, digital pathology, and ge-
nomics to guide treatment decisions. Yet, many existing foundation models for
longitudinal patient data remain unimodal, trained solely on structured codes or
imaging modalities, which limits their clinical utility for highly complex conditions
like cancer. In this work, we present the first scaling-law study for foundation mod-
els pretrained on multimodal patient journeys, using longitudinal structured records,
CT scans, and whole-slide histopathology images from 2.3M cancer patients. We
train our multimodal EHR Transformer (MEHRT) models to simultaneously pro-
cess all modalities recorded across time via a multi-stage curriculum pretraining
strategy, and introduce a new evaluation suite of six oncology prediction tasks (e.g.,
progression-free survival, metastasis) carefully defined with oncologists. MEHRT
consistently outperforms state-of-the-art supervised baselines, e.g., achieving a +7%
average improvement in AUROC over the best-performing baseline (CatBoost),
and its performance scales with model size. When compared to its unimodal coun-
terpart (EHRT), MEHRT shows modest yet consistent improvements in predictive
accuracy and generative modeling capabilities, suggesting that multimodality can
complement scaling. Finally, we discuss important limitations and practical lessons
learned that inform future development of multimodal EHR foundation models.
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Figure 1: Overview of MEHRT pretraining (Section 2.1). (a) Tokenization: We treat each pa-
tient timeline as a temporally ordered sequence of tokens, converting each structured record and
CT/histopathology image into a set of tokens. For the latter, we transform each image into vi-
sual tokens by feeding it into a modality-specific encoder. (b) Pretraining: We first pretrain a
structured-only base model (EHRT; Stage 1) using 2.3 million patient timelines, then adapt it to
handle multimodal timelines (MEHRT) using 70K timelines with images. For MEHRT training, we
consider both a curriculum learning approach (middle), initially freezing the EHRT backbone (Stage
2), then training all parameters (Stage 3), and a joint pretraining approach (Stage 3 Joint; right).

1 Introduction

Precision medicine is inherently multimodal. For example, in an oncological setting, clinicians often
need to reason over information gathered across longitudinal structured electronic health records
(EHRs) (e.g., labs, procedures, diagnoses), computed tomography (CT) scans, and histopathology
slides to diagnose disease, guide treatment decisions, and monitor disease progression. Each modality
provides complementary information: EHRs capture patient comorbidities and treatment trajectories
over time; CT imaging reveals tumor morphology and anatomical spread; and histopathology exposes
cellular-level features critical for cancer grading and treatment response prediction. It is essential
to understand the complex interactions between these modalities to accurately predict challenging
oncology outcomes such as survival, disease recurrence, and other adverse events.

Despite this clinical reality, many existing EHR foundation models for patient journeys remain
unimodal, trained exclusively on structured medical codes, free text, or individual imaging modalities
(Steinberg et al., 2021; Kraljevic et al., 2024; Wornow et al., 2025; Rajamohan et al., 2025). Such
lack of multimodality is especially limiting for highly complex and heterogeneous conditions like
cancer, which also makes cancer patient cohorts an interesting testbed for studying the benefits of a
multimodal foundation model. Moreover, existing models are often only trained on cohorts clinically
distinct from cancer patients (e.g., patients in intensive care units or emergency departments (Johnson
et al., 2023; Renc et al., 2024, 2025; Zhang et al., 2025)), further motivating their exploration in
oncology. Meanwhile, recent works on vision-language models demonstrate that unimodal foundation
models can be combined to train a single multimodal model (Alayrac et al., 2022; Li et al., 2023; Liu
et al., 2023), but these approaches have not yet been extended to address the unique challenges of
multimodal healthcare data, rich with complex temporal and cross-modal dependencies.
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In this paper, we present the first scaling-law study for foundation models pretrained on multimodal
patient journeys, exploring the opportunities and pitfalls in training such models for precision
oncology. Using a large-scale longitudinal dataset with 2.3M cancer patients (1.6B structured tokens,
1.6M CT images, 170K histopathology slides) from the Providence Health System, we pretrain
multimodal EHR Transformer models (MEHRT) at the 9M–982M scale to simultaneously process
temporally ordered structured records, CT imaging, and whole-slide histopathology images (Figure
1a). In doing so, we consider a multimodal curriculum pretraining approach, where we first train a
model only using structured records, then gradually adapt it to jointly leverage the rich context from
timestamped medical images (Figure 1b). We then evaluate MEHRT on six prognostic tasks selected
for clinical relevance under the guidance of attending oncologists (Section 2.2).

Overall, we find that MEHRT achieves substantial improvements over state-of-the-art baselines (e.g.,
gradient-boosted trees), and that its downstream performance improves with increasing model scale.
MEHRT also shows modest yet consistent improvements over its structured-only base model (EHRT)
in downstream prediction and generative modeling, suggesting that multimodality can complement
scaling, although the different modalities may exhibit high overlap in information content.

Our main contributions can be summarized as follows:

• Multimodal EHR foundation model for cancer: We train one of the first (to our knowl-
edge) multimodal EHR foundation models for cancer, which natively and simultaneously
handles longitudinal structured records, CT scans, and whole-slide histopathology images.

• Scaling multimodal pretraining: We show that our pretrained multimodal models consis-
tently outperform state-of-the-art supervised learning baselines (e.g., CatBoost) on oncology
outcome prediction tasks, and that their performances scale predictably with model size.

• Multimodal vs. unimodal pretraining: We evaluate the benefits of multimodal over
structured pretraining and observe that multimodality can complement scaling, leading to
modest yet consistent improvements in downstream prediction and generative modeling.

2 Methods

We pretrain 14 MEHRT models across seven parameter scales (9M–982M) on longitudinal data from
∼2M cancer patients (Section 2.1), and then evaluate their performance on six oncology outcome
prediction tasks via linear probing (Section 2.2).

2.1 Model Training

Data representation. We represent each patient p as a chronologically ordered sequence sp =
[s1, s2, . . . , sT ], where st is a clinical event (e.g., “ICD/R11.10”) at timestamp t. Structured records
(ICD-10-CM, ICD-10-PCS, cancer-specific RxNorm medications, LOINC lab codes, demographic
variables), CT scans, and histopathology slides are temporally aligned and concatenated to construct
sp. We generate an 85–5–10 train–validation–test split by patient ID, ensuring that there is no train–
test leakage of patient timelines and the distributions of token lengths and inter-event time intervals
(Tables A1–A2) and included modalities (Figure A1) are similar across the three data subsets.

Tokenization and embedding. We construct a unified vocabulary V treating each structured event
as a single token, except for ICD codes, for which we use 1–3 tokens based on their hierarchy (e.g.,
“ICD/R11.10” → [“ICD/R11”, “ICD/10”]) following Renc et al. (2024). CT scans are encoded
via a DINOv2-based (Oquab et al., 2024) foundation model pretrained on 1.6M oncology volumes
(eCT ∈ Rd), while histopathology slides are encoded using GigaPath (Xu et al., 2024) (eWSI ∈ Rd′

).
After averaging across slices/tiles, the image embeddings are projected to Rdmodel via learnable linear
projections WCT ∈ Rdmodel×d and WWSI ∈ Rdmodel×d′

, and then concatenated to form the input
embeddings xp = [x1, . . . ,xT ] ∈ RT×dmodel (Figure 1a). We also insert special time-interval token
embeddings (representing e.g., 5 minutes, 6–12 hours, 1–2 years) to encode the temporal gaps
between consecutive medical events in xp.

Model architecture and training objective. We pretrain models based on the Llama-3.2 architec-
ture (Grattafiori et al., 2024) with the standard autoregressive language modeling objective (Radford
et al., 2019), computing the cross-entropy loss only on structured tokens (not images). We implement
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Model AKI Meta. Mort. Neut. Prog. Trans.

CatBoost 0.702 0.733 0.790 0.688 0.719 0.727
XGBoost 0.705 0.720 0.786 0.618 0.715 0.701
Random Forest 0.678 0.715 0.769 0.674 0.712 0.682
Logistic Regression 0.711 0.686 0.752 0.669 0.694 0.710

MEHRT-9M 0.753 0.680 0.785 0.698 0.736 0.770
MEHRT-28M 0.769 0.687 0.789 0.709 0.747 0.780
MEHRT-56M 0.751 0.681 0.798 0.738 0.751 0.792
MEHRT-109M 0.763 0.718 0.794 0.722 0.748 0.766
MEHRT-256M 0.775 0.731 0.809 0.743 0.752 0.810
MEHRT-535M 0.797 0.742 0.804 0.753 0.757 0.803
MEHRT-982M 0.791 0.732 0.808 0.751 0.762 0.805

(a)
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Figure 2: MEHRT and EHRT consistently outperform supervised learning baselines, and the improve-
ments scale with model size. (a) AUROCs of MEHRT (Stage 3 Joint) against supervised baselines
across six oncology outcome prediction tasks described in Section 2.2. The best baseline scores are
in blue, and the best MEHRT scores are in red (see Table C1 for EHRT results). (b) Downstream
performances (AUROC, macro-averaged across tasks) of MEHRT and EHRT both scale with model
size, albeit with diminishing gains at larger model scales.

a multi-stage curriculum (Figure 1b): (i) Stage 1 (EHRT): structured-only pretraining on 2M patients
(10 epochs); (ii) Stage 2 (MEHRT): from EHRT, train projection layers on 70K imaging patients (5
epochs); (iii) Stage 3 (MEHRT): unfreeze all parameters, continue training (5 epochs); (iv) Stage 3
Joint (MEHRT): from EHRT, train all parameters on imaging patients (10 epochs).

2.2 Evaluation Framework

We evaluate our trained models on six binary classification tasks with 1-year prediction horizons
from cancer treatment initiation: mortality, progression-free survival, metastatic progression, acute
kidney injury (AKI), neutropenic fever, and blood transfusion requirements. For linear probing,
we extract patient representations hp ∈ Rdmodel via (i) token averaging using the “echo embedding”
approach (Springer et al., 2025) or (ii) last token extraction, then train task-specific logistic classifiers
f(hp) = σ(wThp+b). We compare against supervised learning baselines (CatBoost (Prokhorenkova
et al., 2018), XGBoost (Chen and Guestrin, 2016), random forest (Breiman, 2001), logistic regression)
trained on either structured data alone using “bag-of-events” features (Steinberg et al., 2021; Wornow
et al., 2023) (Appendix B.1) or structured + imaging data with late-fusion ensembling (Appendix
B.2). All hyperparameters are optimized via 5-fold cross-validation using area under the receiver
operating characteristic curve (AUROC) as the primary evaluation metric (Appendix B.3).

3 Results

MEHRT and EHRT consistently outperform supervised learning baselines, and the improve-
ments scale with model size. MEHRT consistently outperforms supervised learning baselines
across all tasks, especially at the 256M+ scale (Figure 2a). MEHRT-535M, the best overall among
MEHRT models in terms of test AUROC, achieves a +7% average AUROC improvement over the
best supervised learning baseline with multimodal inputs (CatBoost), while EHRT-535M shows a
+5.3% improvement over the best baseline with structured-only inputs (Table C1). Both MEHRT
and EHRT achieve higher test AUROCs (macro-averaged across tasks) as we increase the number of
parameters (Figure 2b), showing that the scaling behavior observed with structured EHR foundation
models (Zhang et al., 2025; Waxler et al., 2025) extends to multimodal settings. Notably, joint
pretraining (training all parameters throughout multimodal adaptation) achieves comparable scaling
behavior to gradual adaptation (Stage 2 followed by Stage 3) for MEHRT.

MEHRT achieves modest yet consistent improvements over EHRT for predicting imaging-
dependent outcomes and generative modeling. When compared against the unimodal EHRT on
downstream tasks, MEHRT shows the most improvements (albeit modest) on oncology outcomes
where imaging context is especially informative, i.e., mortality, metastasis, and progression-free
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Task (AUROC) EHRT MEHRT ∆ (MEHRT– EHRT)

AKI 0.7759 0.7750 -0.0009

Metastasis 0.6831 0.6903 +0.0073

Mortality 0.7989 0.8093 +0.0104

Neutropenia 0.7489 0.7377 -0.0112

Progression 0.7496 0.7520 +0.0024

Transfusion 0.7754 0.7747 -0.0007

(a)

Size (M) EHRT MEHRT (S2) MEHRT (S3) MEHRT (S3 Joint)

9 6.08 6.08 5.92 6.00
28 5.33 5.44 5.27 5.28
56 5.59 5.59 5.46 5.86

109 5.51 5.51 5.56 5.43
256 5.18 5.18 5.02 5.01
535 5.11 5.11 4.91 4.95
982 5.05 5.05 4.82 4.86

(b)

Figure 3: MEHRT shows modest yet consistent improvements over EHRT. (a) Test AUROCs at
256M scale, with largest gains in mortality (+0.0104) and metastasis (+0.0073). (b) Test perplexity
across model scales (lower is better); S2 = Stage 2, S3 = Stage 3. Best results are marked in bold.

survival. For instance, at the 256M model scale, MEHRT (Stage 3) achieves higher AUROC precisely
on these three tasks: +0.0104 on mortality, +0.0073 on metastasis, and +0.0024 on progression-free
survival (Figure 3a, highlighted in gray). Beyond discriminative performance, MEHRT achieves
consistent test perplexity reductions across all model scales (Figure 3b), e.g., decreasing from 5.18
to 5.01 at 256M parameters (3.3% improvement), with consistent improvement in perplexity with
increasing model scale. These results suggest that multimodal pretraining can enable the model to
better capture the underlying distribution of patient timelines.

4 Discussion and Conclusion

Our study demonstrates that pretraining on multimodal patient timelines, comprised of structured
records, CT scans, and histopathology slides, can improve not only generative modeling capabilities
but also downstream predictive performance. We find that such gains over unimodal approaches (i.e.,
only using structured records) are most pronounced for small-to-mid-sized models (9M–256M) but
remain positive up to 982M parameters. These findings suggest that multimodality and scaling act as
complementary levers for improving the effectiveness of clinical foundation models.

Meanwhile, we discuss these findings with the following caveats. First, while we explore multiple
strategies for training multimodal EHR foundation models and observe relatively modest improve-
ments compared to their structured-only counterparts, alternative architectures, pretraining strategies,
and combinations of modalities (e.g., free-form clinical notes or multi-omics data) can potentially
result in larger absolute gains. We leave an in-depth exploration of these design choices as future
work. Second, the mixed downstream AUROC improvements from multimodal over structured-only
pretraining (Figure 3a) illustrate the importance of evaluating on tasks that require information beyond
that provided by structured records. While these results arguably suggest that structured information
can be predictive of various outcomes, not all clinically relevant tasks are likely to be well-captured
by such data alone. This underscores the need for carefully designing multimodal benchmarks that
well-reflect the real-world clinical need for multimodal integration.
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A Additional Details on Datasets

Table A1: Summary statistics for all 2.3M patient timelines with only structured tokens for the train,
validation, and test sets.

Train Validation Test
Number of Patients 1,972,558 116,105 232,323

Patient Timeline Length (Tokens)
Mean / Std 677 / 1,515 676 / 1,451 674 / 1,430
Min / Max 2 / 319,477 2 / 77,727 2 / 107,562
Q1 / Q2 / Q3 quartiles 70 / 248 / 703 69 / 246 / 700 69 / 249 / 702
total timeline tokens 1,336,958,506 78,429,952 156,661,282

Mean Time Interval (Days)
Mean / Std 13.223 / 45.982 13.293 / 46.101 13.269 / 46.039
Min / Max 0 / 396.485 0 / 395.999 0 / 396.737
Q1 / Q2 / Q3 quartiles 0.016 / 0.361 / 4.939 0.025 / 0.382 / 4.995 0.015 / 0.358 / 4.99

Table A2: Summary statistics for the 83K imaging patient timelines with both structured and imaging
tokens for the train, validation, and test sets.

Train Validation Test
Number of Patients 71,197 4,168 8,451

Patient Timeline Length (Tokens)
Mean / Std 2,399 / 2,720 2,346 / 2,633 2,390 / 2,665
Min / Max 2 / 98,861 4 / 38,836 2 / 60,540
Q1 / Q2 / Q3 quartiles 701 / 1,642 / 3,185 697 / 1,599 / 3,122 691 / 1,652 / 3,220
total timeline tokens 170,815,403 9,778,512 20,199,961

Mean Time Interval (Days)
Mean / Std 2.899 / 17.334 2.816 / 17.213 3.080 / 17.889
Min / Max 0 / 332.901 0 / 330.229 0 / 338.934
Q1 / Q2 / Q3 quartiles 0.002 / 0.012 / 0.305 0 / 0.008 / 0.311 0.003 / 0.012 / 0.343
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Figure A1: We ensure that the percentage of patients with each modality remain consistent across the
train, validation, and test sets. Here, we show the distribution across all 2.3M patient timelines.

B Additional Details on Supervised Learning Baselines

Here, we provide additional details on (i) how we construct the “bag-of-events” features from
longitudinal structured records; (ii) how we train the late-fusion baselines which take structured
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Table A3: Number of train, validation, and test examples for each downstream prediction task.

Task Train Val Test

AKI 7,314 376 875
Mortality 14,004 708 1,715
Metastasis 4,191 225 487
Neutropenia 8,824 446 1,036
Progression 8,730 455 1,073
Transfusion 8,561 438 1,017

records and all medical images as input; and (iii) what hyperparameter search spaces we consider for
each supervised learning baseline.

B.1 Bag-of-Events Features from Structured Records

Given that all of the supervised learning baselines expect fixed-length vector-valued inputs, we
convert the sequence of timestamped structured records for each patient into a vector of counts
(hence, a “bag-of-events”). While this process removes any temporal information associated with
the structured records, prior works demonstrate that it is often a strong baseline feature engineering
approach for structured EHR data (Steinberg et al., 2021; Wornow et al., 2023, 2025).

We first extract the list of all unique medical codes (ICD-10-CM, ICD-10-PCS, RxNorm, LOINC)
observed in the training set. Then, we remove all medical codes that occur in less than 1% of all
patients in the training set to only retain the ones that are frequent enough to capture meaningful
differences. For the ICD-10-CM and ICD-10-PCS codes, we only consider the highest levels of
their hierarchical structure (i.e., the first three characters in each code) to reduce the sparsity of the
resulting feature vector and avoid a blowup in the number of features. For example, for ICD-10-CM
code “R11.10”, we reduce it to “R11” before aggregating the counts of unique ICD-10-CM codes.
After finalizing the list of C medical codes to use, we count the number of times each code occurs
within each patient timeline sp to obtain the feature vector vstructured

p ∈ ZC
+ for each patient in the

train, validation, and test sets. We also append the demographic features (gender, age at first event
recorded in the patient timeline, and ethnicity) for each patient to vstructured

p .

B.2 Late-Fusion Ensembling for Training Baselines with Multimodal Inputs

In order to train baselines that can also take in the CT and histopathology embeddings as input, we
consider a late-fusion ensembling approach where we train a given baseline model (e.g., XGBoost)
for each modality separately (i.e., one for structured records, one for CT embeddings, and one for
histopathology embeddings), then average their predictions. We consider this approach over naïve
concatenation of the “bag-of-events” features and image embeddings for the following two reasons.
First, naïve concatenation of different modalities can lead to significant blowup in the number of
features, which renders training an effective model more challenging given the relatively small
number of labeled examples (Table A3). Second, different patient timelines contain a variable number
of CT and histopathology embeddings (from one image to hundreds of images), with some patients
entirely missing one of the two imaging modalities, which can lead to an inconsistent number of
features across patients.

For each patient, we take the simple approach of averaging the embeddings of all images together
to obtain one CT embedding vCT

p ∈ R1024 and one histopathology embedding vWSI
p ∈ R1536. For

the train, validation, and test sets, we then concatenate the structured “bag-of-events” features as
Vstructured = [vstructured

1 , . . . ,vstructured
N ], the averaged CT embeddings as VCT = [vCT

1 , . . . ,vCT
N ], and

the averaged histopathology embeddings as VWSI = [vWSI
1 , . . . ,vWSI

N ], where N denotes the number
of patients in each set. We note that while the number of examples available for each modality can be
different, we use the above notation for simplicity.

We train separate models for each input—Vstructured,VCT, and VWSI—via 5-fold cross-validation
using the training and validation sets (Section 2.2). For each test example, we average the confidence
scores from these three models to make the final prediction. If one of the imaging modalities is
missing, we simply drop the corresponding model and use the remaining models for ensembling.

10



B.3 Hyperparameter Optimization

We optimize the hyperparameters of each supervised learning baseline via 5-fold cross-validation,
using a combination of the training and validation sets. In the tables below, we detail the hyperparam-
eter search spaces considered for each baseline. For linear probing (Section 2.2), we use the same
search space considered for the logistic regression baseline.

Table B1: Hyperparameter search space for CatBoost.

Hyperparameter Distribution

Number of Estimators UniformInt(5,125)
Max Depth UniformInt(2,12)

Learning Rate LogUniform(1e-5,1)
L2 Regularization LogUniform(1,10)

Table B2: Hyperparameter search space for XGBoost.

Hyperparameter Distribution

Number of Estimators UniformInt(5,125)
Max Depth UniformInt(1,10)

α LogUniform(1e-16,1e2)
λ LogUniform(1e-16,1e2)

Learning Rate LogUniform(1e-7,1)

Table B3: Hyperparameter search space for random forest.

Hyperparameter Distribution

Number of Estimators UniformInt(5,100)
Max Depth UniformInt(2,12)

Table B4: Hyperparameter search space for logistic regression.

Hyperparameter Distribution

Inverse Regularization C LogUniform(1e-10,1e10)

C Additional Results

Table C1: EHRT (ours) consistently beats supervised baselines in AUROC across all downstream
prediction tasks. We mark the best score for the baselines in blue and EHRT in red.

Model AKI Metastasis Mortality Neutropenia Progression Transfusion

CatBoost 0.699 0.726 0.781 0.692 0.729 0.754
XGBoost 0.701 0.707 0.776 0.676 0.730 0.688
Random Forest 0.692 0.707 0.780 0.665 0.730 0.736
Logistic Regression 0.726 0.684 0.760 0.673 0.699 0.672

EHRT-9M 0.760 0.663 0.780 0.700 0.741 0.751
EHRT-28M 0.768 0.686 0.792 0.734 0.749 0.791
EHRT-56M 0.753 0.689 0.803 0.729 0.744 0.781
EHRT-109M 0.774 0.698 0.785 0.723 0.751 0.779
EHRT-256M 0.776 0.683 0.800 0.749 0.750 0.775
EHRT-535M 0.802 0.702 0.800 0.752 0.753 0.801
EHRT-982M 0.788 0.704 0.802 0.744 0.759 0.796
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