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What makes a model or finding “causal”?
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Does carrying lighters cause lung cancer?

Exposure Outcome
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Randomized controlled trial (“gold standard”)
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But, no one would fund such a randomized trial ®
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Can we answer the same causal question without a
randomized trial?

®* Real-world data, also known as observational data, refer to data generated in non-
experimental settings, such as electronic health records (EHRS)
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Electronic Health Record (EHR)
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Can you get causal answer by comparing the lighters
vs no lighters groups from an EHR database?

Population Exposure groups Outcome
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Confounding bias in observational data

Confounder
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Confounders can exist in any data modalities

Medical Clinical Notes Genomics

Electronic Health Records Images
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Multi-modal Causal Learning for Health Care
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Diabetic Macular Edema (DME)

Normal eye Diabetic macular edema

Macular
edema

© MAYO FOUNDATION FOR MEDICAL EDUCATION AND RESEARCH. ALL RIGHTS RESERVED.
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Optical Coherence Tomography (OCT)

OCT machine
1 ‘

IRF
SRF

PED

Fig. 2. The three fluid types on a 2D B-scan (above) and as a 3D volume
rendering (below): IRF (red), SRF (green) and PED (blue). ~inein St Louis



Intravitreal Anti-VEGF Injections

\ C ® There are 3 variations of anti-
g VEGF injections

o Aflibercept
o Bevacizumab
o Ranibizumab

® Question: Are the three anti-
VEGFs equally effective Iin
reducing vision loss?

Leaking
blood vessel
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Foundation Models in O

Stage 1: Self-supervision on retinal images

Stage 2: Supervised fine-tuning for clinical tasks

phthalmology
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Retinal fluid segmentation model
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Figure: RetiFluidNet (Rasti et al 2022): U-Net with self-adaptive dual-attention.
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Comparing Foundation and Task-specific Models for Retinal
Fluid Segmentation

Dataset:

RETOUCH OCT I

« Spectralis: 24 volumes of 49 B-scans, 512x496 pixels
« Cirrus: 24 volumes of 128 B-scans, 512x1024 pixels

Evaluation Metrics:

« Accuracy

« Balanced accuracy
 Dice similarity coefficient |
« Intersection-over-Union (loU) w
» Intraclass Correlation Coefficient Y
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Results

RetiFluidNet (RNF)
| Accuracy | Balanced Accuracy | Dice | ToU |
Background | 99.496.17 | 91.17+1.44 99.74+0.89 | 99.48+0.17 IRF SRF PED
IRF 99.7520.89 | 94.84:0.29 80.67£3.14 | 76.3:3.37 Cirrus 0.74 (0.07)  0.74 (0.16)  0.78 (0.11)
SRF 99.870.08 | 96.84x1.32 89.83%2.75 | 87.26%3.99 Spectralis 0.74 (0.09)  0.66 (0.29) 0.80 (0.15)
PED 99.85+0.04 | 95.4+1.34 86.17+3.49 | 83.95:3.68
Table 2: Mean (Standard Deviation) Inter-
VisionFM (VFM) Observer Dice Scores from RETOUCH
i Background i 99.29+0.17 i 87.47+0.097 i 99.63+0.09 i 99.27+0.18 i
i IRF i 96.56+2.96 i 88.95+2.22 i 80.53+1.83 i 76.77+1.92 i
i SRF i 95.25+3.08 i 90.52+4 .84 i 86.95+6.27 i 84.37+7.26 i
i PED i[ 95.47+5.14 i 89.16+5.66 ]i 83.6216.18 i[ 81.52+6.18 i

Table 1: Performance metrics of RetiFluidNet and
VisionFM models on OCT fluid segmentation.
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Device: Spectralis — Patient TRAINO30, Slice 24

Spectralis OCT Ground Truth RFN Original VFM Original

'

Device: Cirrus — Patient TRAINO13, Slice 64 |
Cirrus OCT Ground Truth RFN Original VFM Origina

Fig 7: Example OCT segmentation results. Left: Original OCT scans from Spectralis (top) and Cirrus (bottom) devices with
ground truth annotations. Middle: Segmentations predicted by RetiFluidNet. Right: Segmentations predlcted by VisionFM.
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Conclusions

® Task-specific model (RetiFluidNet) performed better than foundation model (VisionFM)
in retinal fluid segmentation, though the difference is not statistically significant.

® Both models achieved higher agreement with the ground truth than agreement achieved
between two human expert annotators.

® Future Work: Extend the use of segmentation model and foundation model to
incorporate images into multimodal causal learning.
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Multi-modal Causal Learning for Health Care

Census Clinical Notes

Images
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Social determinants of health (SDoH) and
health equity

Education Access and Health Care Access and

Quality Quality
Early Childhood Access to Health Care
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Integration of SDoH and EHR: Workflow

Electronic Health Records (EHRSs)
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Temporal Trends of Opioid Use Disorder

Annual Trending of OUD/Opioid Overdose by Sex Annual Trending of OUD/Opioid Overdose by Age Group Annual Trending of OUD/Opioid Overdose by Race
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Figure 2. Temporal trends in opioid use disorder (OUD) and opioid overdoes among patients in BJC
HealthCare from 2000 to 2024, stratified by sex, age group, race and ethnicity.



Area Deprivation Index: OUD and Overdose

Opioid Use Disorder Cases & ADI
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Social determinants most strongly hindered outpatient
treatment initiation.
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The goal is to integrate causal modeling
with machine learning to generate
reliable real-world evidence and to build

an equitable healthcare system.
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Join us!

linyingz@wustl.edu

causailab.github.io
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