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Background 

Clinical decision-making is inherently multimodal. Clinicians must synthesize diverse sources of 
information, including demographic and clinical variables such as age, sex, comorbidities, medication 
history, laboratory test results that are typically stored as structured data in electronic health record (EHR) 
databases, as well as medical imaging data such as X-rays, magnetic resonance imaging (MRI), and 
pathology images. Multimodal learning methods aim to integrate these complementary data modalities 
and therefore have the potential to improve prognostic accuracy and better support clinical decision-
making1–5 . 

Multimodal learning is particularly promising in ophthalmology, where clinical decision-making heavily 
relies on imaging, such as optical coherence tomography (OCT)6,7. In this study, we focus on diabetic 
macular edema (DME), a leading cause of vision impairment among working-age adults worldwide8. OCT 
captures key morphological features of DME. Although anti-vascular endothelial growth factor (anti-VEGF) 
therapy is effective for treating DME, treatment response varies substantially across patients, making early 
prediction of visual improvement important for personalized risk stratification and treatment planning9,10.  

Existing prognostic studies in DME have primarily relied on clinical and demographic variables, which do 
not capture retinal structural features visible on OCT10–12. In this study, we develop a multimodal survival 
prediction framework integrating real-world OCT and EHR data to predict time to visual improvement in 
patients with DME. We systematically evaluate OCT representations derived from multiple ophthalmic 
foundation models and quantify their incremental prognostic value beyond EHR variables.  Our study 
provides insights into the potential of integrating real-world multimodal data to improve prognostic 
modeling in ophthalmology. 

Methods 

Data sources and cohort definition 
Electronic health records (EHRs) and OCT images were from Washington University/BJC HealthCare. The 
EHR database is structured in the OMOP Common Data Model (CDM) v5.4. OCT images were extracted 
from the clinical ophthalmic imaging database, accessed through Continuum. The study cohort was 
defined with the following inclusion criteria (Figure 1b): (1) study period between January 1, 2018 and 
December 31, 2024; (2) diagnosis of diabetic macular edema (DME) during the study period; (3) receipt of 
intravitreal anti-VEGF injection (aflibercept or bevacizumab); and (4) availability of injection laterality 
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(OD/OS/OU) to identify the treated eye, with OU entries duplicated and split into OD and OS to create eye-
level observations. The index date was defined the date of the first anti-VEGF injection. The outcome was 
defined as the days from the first injection to the first post-treatment VA measurement demonstrating a 
≥2-line improvement in VA relative to baseline within 730 days of follow-up.  

 

Figure 1. Study overview. (a) Multimodal modeling framework. (b) Study design and timeline. 

OCT embeddings and pooling strategies 
Each B-scan is resized to 224×224 pixels and embedded using pretrained ophthalmic foundation models: 
RETFound (1024-dimensional)13, VisionFM (3072-dimensional)14, and EyeCLIP (512-dimensional)15. 
Embeddings are computed per B-scan and then aggregated using mean pooling, max pooling, or top-k 
mean pooling to obtain eye-level OCT embedding.  

EHR embeddings with principal component analysis 
After excluding identifiers, outcome variables, treatment indicators, and other non-predictor fields, 
principal component analysis (PCA) was then applied to the remaining EHR features. The minimum 
number of principal components (PC) explaining 95% of the cumulative variance in the training data was 
retained, which included 445 PCs, and used as the EHR input to the survival model. 

Model development and evaluation 
All comparisons used a patient-level train/test split (80% train, 20% test) to prevent leakage between eyes 
of the same patient. We used a random survival forest (RSF) for all experiments. The evaluation metrics 
included Harrell's C-index, integrated time-dependent AUC (IAUC), and integrated Brier score (IBS). 
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Bootstrap resampling of the test set (B=1000) was used to estimate 95% confidence intervals for all 
evaluation metrics.  

Multimodal data fusion strategies  
For fusion sensitivity, we compared early fusion (𝐸𝐹)  versus late fusion (𝐿𝐹) . In early fusion, we 

concatenated EHR features 𝑥𝑖 ∈ 𝑅
𝑑𝑥 and OCT features 𝑧𝑖 ∈ 𝑅

𝑑𝑧 into a single input 𝑈𝑖 = [𝑋𝑖; 𝑍𝑖]. In late 

fusion, we trained two separate RSF models to produce modality-specific risk scores 𝑟𝑖
𝑋 = 𝑓𝑋(𝑋𝑖) 

and 𝑟𝑖
𝑍 = 𝑓𝑍(𝑍𝑖) , computed validation C-indices 𝑐𝑋

val  and 𝑐𝑍
val , converted them to nonnegative weights 

𝑤𝑋 = max(𝐶𝑋
val − 0.5,0) and 𝑤𝑍 = max(𝐶𝑍

val − 0.5,0), and formed the fused test risk score 

𝑟𝑖
LF =

{
 
 

 
 𝑤𝑋𝑟𝑖

𝑋 +𝑤𝑍𝑟𝑖
𝑍

𝑤𝑋 +𝑤𝑍
, 𝑤𝑋 +𝑤𝑍 > 0,

𝑟𝑖
𝑋 + 𝑟𝑖

𝑍

2
, 𝑤𝑋 +𝑤𝑍 = 0.

 

We then evaluated the fused model using test-set Harrell’s C-index 𝐶𝐿𝐹. 

 artial information decomposition (  D)  
PID provides a principled framework for quantifying how multiple input modalities jointly contribute to 
predicting an outcome by decomposing total information into shared (redundant), unique, and 
complementary (synergistic) components. Let 𝑋denote the EHR embedding from PCA, 𝑍denote the eye-
level OCT embedding, and 𝑌 ∈ {0,1}  denote the event indicator. We first trained three probabilistic 
multilayer perceptron (MLP) classifiers to estimate 

𝑝𝑋̂ = 𝑝(𝑦 = 1 ∣∣ 𝑋 ),  𝑝𝑍̂ = 𝑝(𝑦 = 1 ∣∣ 𝑍 ),  𝑝𝑋𝑍̂ = 𝑝( 𝑦 = 1 ∣∣ 𝑋, 𝑍 ), 

each optimized with binary cross-entropy loss. We then trained a 𝑄-estimator (a two-branch MLP) to learn 
a constrained joint distribution 𝑞(𝑋, 𝑍, 𝑌)  subject to marginal constraints implied by 𝑝𝑋̂  and  𝑝𝑍̂  using 
Sinkhorn–Knopp updates, and the model parameters were optimized to minimize the mutual information 
objective 

ℒ𝒬 = ∑ 𝑞(𝑥, 𝑧, 𝑦)

𝑥,𝑧,𝑦

  log2
𝑞(𝑥, 𝑧, 𝑦)

𝑞(𝑥, 𝑧) 𝑞(𝑦)
. 

Results 

The study cohort included 973 patients with DME initiated with anti-VEGF therapy, contributing 1,450 eyes 

(196,402 OCT B-scans) that initiated anti-VEGF therapy during 2018-2024. At the eye level, the mean 
baseline best-corrected visual acuity (BCVA) was 0.50 (SD, 0.40) logMAR. Overall, 718 of 1,450 eyes (49.5%) 

achieved a visual acuity improvement of at least two lines within 2 years of treatment initiation. 

Our results showed that (1) across experiments, performance was largely consistent across OCT pooling 
and modality fusion strategies, with no meaningful differences observed. Therefore, we present results 

from the early fusion with mean pooling configuration as the primary analysis. The EHR-only model 

showed minimal prognostic discrimination. Incorporating OCT improved performance, although the 

magnitude of improvement varied across ophthalmic foundation models. RETFound yielded the largest 

prognostic gains; and (2) the PID patterns indicate that the incremental prognostic value of OCT is primarily 

driven by modality-specific information, and that the magnitude of this contribution is highly dependent 



4 

 

on the choice of ophthalmic foundation model, with RETFound providing the most informative OCT 

representations. 

 

Figure 2. Comparative performance of EHR-only and multimodal survival models across OCT pooling and modality fusion 
strategies.  

Figure  .  artial information decomposition of prognostic information across modalities. 

Conclusion 
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Our findings indicate that OCT provides complementary prognostic value beyond structured clinical data, 
but gains are modest and depend strongly on representation choice. Our results highlight both the promise 
of multimodal modeling for personalized prognosis and the need for rigorous, context-specific evaluation 
of foundation models in real-world clinical settings. 
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