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1. Background 

Estimating causal effects from observational health data remains a significant challenge due to 
confounding, especially when data are captured in diverse formats such as medical images, clinical 
notes, and structured tabular features.1-5 Traditional causal inference methods are predominantly 
designed for structured tabular data, limiting their ability to adjust for information embedded in 
unstructured modalities. 

Recent advances in foundation models have demonstrated strong performance and generalizability in 
processing unstructured data such as images and text.6-8 However, to the best of our knowledge, no 
existing methods have successfully integrated multi-modal foundation models into causal inference 
frameworks for estimating treatment effects. 

In this work, we propose a novel multi-modal causal inference pipeline that leverages foundation 
models to adjust for confounding present in both structured EHR data and medical images. We apply 
this pipeline to a real-world comparative effectiveness study in ophthalmology, evaluating the vision-
improving effects of intravitreal anti-vascular endothelial growth factor (VEGF) therapies in patients with 
diabetic macular edema (DME) using a large clinical dataset comprising 132,108 macular optical 
coherence tomography (OCT) images and over 8,000 EHR features.  

2. Methods 

2.1 Data source and study objective 
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.  

We adopted an active-comparator new-user cohort design to compare the effectiveness of aflibercept 
and bevacizumab in improving visual acuity (VA) 1-year after treatment among patients with DME. The 
study included adults (≥18 years) with a diagnosis of DME who initiated treatment with one of two anti-
VEGF agents—aflibercept or bevacizumab —between January 1, 2018, and December 31, 2024. 
Ranibizumab was excluded due to an insufficient number of exposed patients. For each patient, the 
earliest anti-VEGF drug exposure date was designated as the index date. 

2.2 Outcome definition 

Visual acuity (VA) measurements were extracted from EHR flowsheets at two timepoints for each eye. 
Baseline VA was defined as the most recent measurement within one year prior to the treatment 



 

 
 

initiation date. Post-treatment VA was defined as the measurement closest to 12 months (within a 
window of 10 to 24 months) following treatment initiation. All Snellen scores were converted to logMAR 
values using the formula:  

𝑙𝑜𝑔𝑀𝐴𝑅 = −𝑙𝑜𝑔!"(𝑆𝑛𝑒𝑙𝑙𝑒𝑛), 

where a lower logMAR value indicates better visual acuity. The change in logMAR was defined as  

Δ𝑙𝑜𝑔𝑀𝐴𝑅	 = 	 𝑙𝑜𝑔𝑀𝐴𝑅#$%& 	− 	 𝑙𝑜𝑔𝑀𝐴𝑅'(%)*+,), 

which was calculated separately for each eye. The outcome was defined as follows: 

• Vision improvement (Y = 1) if Δ𝑙𝑜𝑔𝑀𝐴𝑅 ≤ -0.2 in either eye. 
• No improvement (Y = 0) if Δ𝑙𝑜𝑔𝑀𝐴𝑅 > –0.2 in both eyes. 

Analyses were further stratified by baseline VA, the worse VA group was defined as either eye had 
𝑆𝑛𝑒𝑙𝑙𝑒𝑛'(%)*+,)  ≤ 20/50, or equivalently, 𝑙𝑜𝑔𝑀𝐴𝑅'(%)*+,) ≥ 0.4. 

2.3 Feature extraction 

Structured EHR features: We extracted demographics, diagnoses, medications, procedures, 
measurements, and observations from the 1-year pre-treatment window, which leads to approximately 
8,000 features.  

OCT images: The OCT image immediately prior to the treatment start date was selected for each 
patient. Patients without pre-treatment OCT scans (<1%) were excluded. Images came from two major 
devices—Spectralis and Cirrus—in approximately equal proportions. Each Spectralis volume scan 
included 25 OCT images per eye per imaging session, whereas each Cirrus volume scan included 128 
OCT images per eye per session. A total of 132,108 OCT scans were included in this study. 

2.4 Low-dimensional embedding from generative models 

Due to the high dimensionality of both EHR and OCT imaging data, we used modality-specific encoders to 
learn low-dimensional embeddings. For structured EHR data, given the lack of well-validated pre-trained 
foundation models, we trained a variational autoencoder (VAE)9 on our dataset (excluding demographics) 
and used its encoder to extract latent representations. We performed a grid search over latent dimensions 
(16 to 2048) and selected 1024 dimensions based on the best AUROC for outcome prediction.  

We leveraged two existing pre-trained foundation models in ophthalmology to extract latent embedding 



 

 
 

for OCT images. RETFound is a self-supervised transformer model trained on over 1.6 million OCT images 
to learn retina-specific visual embeddings. RETFound embedding has 1024 dimensions.7 VisionFM is a 
vision foundation model pretrained on 3.4 million ophthalmic images across eight modalities, including 
OCT and its embedding has 3072 dimensions.8 

When estimating treatment effects across both modalities, we concatenated the EHR embedding with the 
OCT embedding, along with demographics, and used them as inputs for treatment effect estimation. 

2.5 Doubly robust multi-modal ATE estimator 

We used the Augmented Inverse Probability Weighting (AIPW) estimator to compute the ATE.13,14 

Propensity score model We estimated the treatment assignment probability (i.e., the propensity score) 
using L1-regularized logistic regression: 

𝑒̂(𝑍+) = 𝑃(𝑇+ = 1 ∣∣ 𝑍+ ) =
1

1 + exp(−β-𝑍+)
, 

where 𝑒̂(𝑍+)	 is the estimated propensity score,	 𝑇+ 	  is the treatment indicator (1 = aflibercept, 0 = 
bevacizumab), and	𝑍+  is the embedding. 

Outcome model We trained separate L1-regularized logistic regression models to estimate the outcome 
under treatment and control: 

𝑌A(1, 𝑍+) = 𝑃(𝑌 = 1|𝐴 = 1, 𝑍+) = 𝑒𝑥𝑝𝑖𝑡(α!-𝑍+), 

𝑌A(0, 𝑍+) = 𝑃(𝑌 = 1|𝐴 = 0, 𝑍+) = 𝑒𝑥𝑝𝑖𝑡(α"-𝑍+), 

where  𝑌A(𝑡, 𝑍+) is the estimated potential outcome for treatment 𝑡 using the embedding 𝑍. 

AIPW estimator The Augmented Inverse Probability Weighting (AIPW) estimator is given by: 

𝜏̂ =
1
𝑛
IJ𝑌A(1, 𝑍+) − 𝑌A(0, 𝑍+) +

𝑇+ K𝑌+ − 𝑌A(1, 𝑍+)L
𝑒̂(𝑍+)

−
(1 − 𝑇+) K𝑌+ − 𝑌A(0, 𝑍+)L

1 − 𝑒̂(𝑍+)
M

,

+.!

, 

where 𝜏̂	is the ATE and	𝑌+  is the observed outcome. The AIPW estimator combines the outcome model 
and inverse-probability-weighted components for double robustness. 

Variance estimation To estimate the variance of the ATE, we used the efficient influence function 
approach. We computed the influence function: 

ϕ+ = 𝑌A(1, 𝑍+) − 𝑌A(0, 𝑍+) +
𝑇+ K𝑌+ − 𝑌A(1, 𝑍+)L

𝑒̂(𝑍+)
−
(1 − 𝑇+) K𝑌+ − 𝑌A(0, 𝑍+)L

1 − 𝑒̂(𝑍+)
. 

The variance of the ATE estimator τP	was then estimated by: VarT (τP) = !
,
∑ (ϕ+ − τP)/,
+.! . The 95% 

confidence intervals were constructed as τP ± 1.96 × ZVarT (τP). 

2.5 Experimental design 

We compared treatment effect estimates across different adjustment strategies: 

1. Unadjusted 
2. EHR only (EHR-VAE) 
3. image only (RETFound) 



 

 
 

4. Image only (VisionFM) 
5. EHR + images (EHR-VAE + RETFound) 
6. EHR + images (EHR-VAE + VisionFM) 

We compared the ATE estimates and 95% CI from each model and evaluated: 1) The variation in ATE 
estimates with different adjustment strategies and 2) the sensitivity of ATE to the choice of foundation 
model for imaging (RETFound vs. VisionFM). 

3. Results 

 
Figure 2. t-SNE visualization of latent embeddings generated by foundation models: (a) RETFound and 
(b) VisionFM. Each point represents a patient, and colors indicate the OCT imaging device. Clear 
separation by device suggests that both models capture device-specific features. 

 

Figure 3. Average treatment effect estimation across adjustment strategies. The full cohort includes all 
patients in the study population and the sub-cohort includes patients with worse baseline VA. A positive 
ATE indicates that aflibercept is better at improving vision than bevacizumab. 

(a) RETFound (b) VisionFM

Figure 2. t-SNE visualization of latent embeddings generated by foundation models: (a) RETFound and (b) VisionFM. 
Each point represents a patient, and colors indicate the OCT imaging device. Clear separation by device suggests that 
both models capture device-specific features.

Figure 3. Average treatment effect estimation across adjustment strategies. The full
cohort includes all patients in the study population and the sub-cohort includes patients
with worse baseline VA. A positive ATE indicates that aflibercept is better at improving
vision than bevacizumab.



 

 
 

There were 766 patients with DME, among whom 538 were new aflibercept users and 228 were new 
bevacizumab users. Of these, 336 (43.9%) patients had baseline visual acuity (VA) worse than 20/50. 

Due to the lack of ground truth ATE, we qualitatively evaluated our estimates by comparing to relevant 
RCTs. The DRCR Retina Network Protocol T trial demonstrated that aflibercept yields greater mean VA 
gains than bevacizumab at one year in patients with baseline VA of 20/50 or worse, whereas in patients 
with better baseline VA (20/32 to 20/40), the mean VA improvement is similar between the two agents.11 
Across all adjustment strategies, the multi-modal approach was most consistent with these RCT findings: 
in the full cohort, the multi-modal estimate was not statistically significantly different from zero, indicating 
comparable effectiveness between the treatments, while in the worse VA subgroup, the multi-modal 
analysis found that aflibercept was associated with a higher probability of vision improvement compared 
to bevacizumab. 

Our results showed that (1) the choice of modalities used for confounding adjustment can substantially 
influence treatment effect estimates, with multi-modal adjustment yielding estimates more consistent 
with those reported in the RCT; and (2) the two foundation models produced similar estimates, suggesting 
a degree of robustness in the learned imaging embeddings.     

4. Conclusion 

Our findings highlight the importance of incorporating multi-modal data for confounding adjustment, 
which produced treatment effect estimates consistent with established RCT evidence. These results also 
suggest that foundation models can robustly learn imaging features that contribute to reliable effect 
estimation in real-world settings. 
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