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Real-world health data include diverse data modalities.

Electronic Health Records 

(EHRs)

DiagnosesDemographics Drugs Procedures Labs

Genomics

Wearables 

Medical 

Images
Clinical Notes

Surveys



Diabetic Macular Edema (DME)
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There are 3 variations of anti-VEGF injections:

o Aflibercept

o Bevacizumab

o Ranibizumab

Intravitreal Anti -VEGF Injections

Question : Is aflibercept more effective than bevacizumab in 

reducing vision loss?



ÅConfounders are common causes between the treatment and outcome.

ÅConfounders can lead to bias in effect estimates if unadjusted. 

Confounding Bias

Confounder

Treatment Visual outcome?



Multi -modal Causal Inference (MMCI) Pipeline

OCT

Tabular EHR



Multi -modal Causal Inference (MMCI) Pipeline
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Foundation Models in Ophthalmology
Image 

Encoder

RETFound  

VisionFM  

(Zhou et al. Nature  2023)

(Qiu  et al. NEJM AI  2024)



OCT Embeddings

Figure 1. 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. 



Study Design

Aflibercept

Bevacizumab

Study Population: New users of aflibercept and 

bevacizumab (study period: 1/1/2018-12/31/2024)

Inclusion Criteria:

Å Adults with diabetic macular edema

Å At least 1 year of prior observation.

MMCI

Outcomes:

ÅVisual acuity improvement >= 2 lines

Pre-treatment time (1 year) Follow-up time (2 years)

Å Data: EHRs and OCT images were extracted from WashU/BJC HealthCare database. 

Å Objective:  Estimate the comparative effectiveness of aflibercept vs bevacizumab in reducing 

vision loss in DME.

Timeline

Feature Extraction:

Å EHR: all pre-treatment covariates 

Å OCT: All B-scans on the visit closest to index 

date.

Evaluation : 

We compared the ATE estimates and 95% CI from 

each model to that from clinical trials.



Comparison of Treatment Effect Estimates

Figure 2. 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.



Randomized Controlled Trial



Randomized Controlled Trial

Full cohort Sub-cohort

Solid line: Worse VA



ÅFoundation models can be leveraged to include images into causal 
inference, reducing the risk of unmeasured confounding bias.

ÅMulti-modal causal inference models produced treatment effect estimates 
consistent with established RCT evidence. 

ÅFoundation models can robustly learn imaging features that contribute to 
reliable effect estimation in real-world settings.

Conclusions
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Motivation: Reliable Real -World Evidence (RWE) for regulatory decision making

ƩA key challenge in performing target trial emulation (TTE) using 

single  site data : 

Å Rigorous eligibility criteria Ą substantially smaller sample 

sizes, especially for complex conditions such as ADRD, and 
rare diseases.

ñThe term relevance includes the availability of data for key 

study variables (exposures, outcomes, covariates) and 
sufficient  numbers  of  representative  patients  for the studyò. 
-- FDA (March 2024)

Guidance for Industry ð fda.gov. https://www.fda.gov/regulatory-information/search-fda-guidance-documents/real-world-evidence-considerations-

regarding-non-interven [Accessed 11-04-2025].

Ʃ FDA guidance on RWE for regulatory decision-making

Å ñReliability and relevanceò
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International multi -site studies

ƩDiverse population;

ƩEnlarged sample size;

ƩGreater statistical power;

Ą Relevant and reliable RWE

Key challenge : Individual Patient-level Data (IPD) cannot be shared across sites

Å Country/region specific laws (HIPAA in the U.S., GDPR in Europe) 
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  OHDSI Studies using Federated Learning Algorithms for COVID -19 studies   

    

 

Privacy -preserving federated learning algorithms

ƩEnables multi-site studies without sharing IPD

ƩAllows to enlarge the study sample size to incorporate diverse population

For association studies;

Handles between -site heterogeneity;

(Tong et al. 2025, npj  Digital Medicine)

(Luo et al. 2022, Nature Communications)

(Wu et al. 2025, npj  Digital Medicine)
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Desirable Properties

Coordinating 

Center

Patients Covariates Outcomes

Federated analysis Pooled analysis

Estimate
Pooled

Estimateidentical

Results are identical  to pooled 

analysis, with no accuracy loss. 

Only a single round of 

communication is required in 

practice. 

Only a single round of 

communication is required in 

practice. 

One-shot
Results are identical  to pooled 

analysis, with no accuracy loss. 

Lossless
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Desirable Properties

Results are identical  to pooled 

analysis, with no accuracy loss. 

Only a single round of 

communication is required in 

practice. 

One-shot Lossless

We still need Federated Learning Algorithms for Target Trial Emulation (TTE) . 

However, only a few algorithms have achieved both lossless and one -shot  properties 

simultaneously, and they are mainly for regression tasks . 
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Desirable Properties

Results are identical  to pooled 

analysis, with no accuracy loss. 

Lossless

Negative control outcome (NCO), known a priori to be unrelated 

to exposure.

LEGEND-T2DM study (Khera et al. 2024, JACC) used 

òtooth loss" as an NCO that is known to be unrelated to 
the antihyperglycemic. 

Only a single round of 

communication is required in 

practice. 

One-shot

Mitigates residual systematic bias 

through a set of negative control 

outcomes (NCOS). 

Handles Unmeasured
Confounding
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Our proposed method: 

ƩRequires only one round of communication (one shot )

ƩOnly requires aggregate data (2x2 tables)

ƩThe results obtained is identical to the pooled analysis (lossless )

Results are identical  to pooled 

analysis, with no accuracy loss. 

Lossless
Only a single round of 

communication is required in 

practice. 

One-shot

Mitigates residual systematic bias 

through a set of negative control 

outcomes (NCOS). 

Handles Unmeasured
ConfoundingLATTE : One-shot  Lossless Algorithm for Federated Target Trial Emulation
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ƩRequires only one round of communication (one shot)

ƩOnly requires aggregate data (2x2 tables)

ƩThe results obtained is identical to the pooled analysis (lossless)

ƩPipeline  

IPD Summary Statistics

LATTE : One-shot  Lossless Algorithm for Federated Target Trial Emulation
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ƩRequires only one round of communication (one shot)

ƩOnly requires aggregate data (2x2 tables)

ƩThe results obtained is identical to the pooled analysis (lossless)

ƩPipeline  

Stratum Treatment Outcome ▓Count

Stratum Ὥ

Yes Yes 12

Yes No 380

No Yes 28

No No 750

Patients Covariates Outcomes

1
Include 

outcome of 

interest and 

NCOs

é

708

IPD PS stratification
Summary Statistics

(2x2 Tables for each stratum)

IPD Summary Statistics

LATTE : One-shot  Lossless Algorithm for Federated Target Trial Emulation
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ƩRequires only one round of communication (one shot)

ƩOnly requires aggregate data (2x2 tables)

ƩThe results obtained is identical to the pooled analysis (lossless)

ƩPipeline  

LATTE : One-shot  Lossless Algorithm for Federated Target Trial Emulation

IPD Summary Statistics
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ƩRequires only one round of communication (one shot)

ƩOnly requires aggregate data (2x2 tables)

ƩThe results obtained is identical to the pooled analysis (lossless)

ƩPipeline  

LATTE : One-shot  Lossless Algorithm for Federated Target Trial Emulation

IPD Summary Statistics

Coordinating 

Center

1. Reconstruct log likelihood

2. NCO calibration Treatment effect estimation

Bias

Debiased treatment

effect estimation

LATTE

Debiased 

Treatment Effect 
Estimates
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Simulation studies

ƩWe randomly split the data at Penn Medicine into 3 sites

ƩCompared the results from pooled analysis and LATTE
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Real-world application to ADRD drug repurposing
ƩScientific question  Which drugs can potentially be repurposed to slow down progression from MCI to ADRD? 

ƩDatasets  4 large-scale academic hospitals, covering > 40 million patients.

ƩDrug candidates  112 commonly used drugs that have been prescribed to at least 100 patients for two 

   consecutive times spanning over 30 days. 

ƩEmpirical calibration  24 NCOs selected by domain clinical experts. 

Drugs that have been prescribed to at least 100 patients for two consecutive 

times spanning over 30 days.

Treatment group Control group

No prescription of the trial drug

Drug candidates

Active control 1 : 29 supplement/vitamin drugs (primary)

Active control 2 : 63 cardiovascular health drugs (sensitivity)

Two active control drug groupsTrial drug

For each drug, identify patients whose MCI initialization is before trial / 

control drugs initiation
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ƩIdentified 25 drugs candidates from 6 drug classes

ƩGLP-1RAs

Ʃ GLP-1RAs (aOR 0.41, 95% CI: 0.25ï0.68) 

ƩSteroids and Anti-Inflammatory Agents

Ʃ Celecoxib (aOR 0.52, 95% CI 0.28-0.95) é

ƩCardiovascular and Metabolic Drugs

Ʃ Amlodipine (aOR 0.87, 95% CI 0.76-0.98) é

ƩNeuromodulatory and Analgestic Agents

Ʃ Ondansetron (aOR 0.56, 95% CI 0.41-0.76) é

ƩGastrointestinal Agents

Ʃ Famotidine (aOR 0.65, 95% CI 0.53-0.79) é

ƩAntibiotics

Ʃ Doxycycline (aOR 0.65, 95% CI 0.47-0.91) é

Results
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ƩIdentified 25 drugs candidates from 6 drug classes

ƩGLP-1RAs

ƩSteroids and Anti-Inflammatory Agents

ƩCardiovascular and Metabolic Drugs

ƩNeuromodulatory and Analgestic Agents

ƩGastrointestinal Agents

ƩAntibiotics

Results

Discovery set

Validation set

Synthesize results

Sensitivity results
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Signal Refinement

Eventual Confirmatory Analyses

Signal detection

2020             2021      2022                   2023           2024                      2025

LATTE for Continuous Monitoring
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Eventual Confirmatory Analyses

Eventual Confirmatory Analyses

2020             2021      2022                   2023           2024                      2025

Signal RefinementSignal detection

LATTE for Continuous Monitoring
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Eventual Confirmatory Analyses

2020             2021      2022                   2023           2024                      2025

Eventual Confirmatory AnalysesSignal RefinementSignal detection

LATTE for Continuous Monitoring
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Eventual Confirmatory Analyses

Eventual Confirmatory Analyses

Signal Refinement

LATTE for Continuous Monitoring

Signal detection

2020             2021      2022                   2023           2024                      2025
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Summary

LATTE : Lossless One-shot Algorithm for Federated Target Trial Emulation

ƩLATTE performs federated target trial emulation in one-shot , lossless manner, while 

mitigating systematic biases 

ƩSummary statistics only 

ƩReady-to-use within ópdaô package

https://github.com/Penncil/pdaR package: ópdaô

Li et al. (2025+) Lancet Digital Health (Invited Revision)
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Automation of Clinical Quality Indicators

Improved timeliness

Lower manual effort

Increased clinical scope

Func tional Requirements



Automation of Clinical Quality Indicators

Modular & configurable

Extensible; sharable

Low maintenance costs

Technical  Requirements

Improved timeliness

Lower manual effort

Increased clinical scope

Func tional Requirements



Automation of Clinical Quality Indicators



Strong engagement, 

mature reporting practice

Complex, 

high supportive-care needs

Large population, 

capacity for improvement

Automation of Clinical Quality Indicators



Strong engagement, 

mature reporting practice

CQI status: Release candidate

Complex, 

high supportive-care needs

CQI status: Alpha definitions

Large population, 

capacity for improvement

CQI status: To do

Automation of Clinical Quality Indicators



Clinician-led co-design

800+ CLINICAL GUIDELINE-BASED BEST PRACTICE 

INDICATORS REVIEWED

ÅCLINICAL CONSENSUS

ḬMEASURABILITY

Ḭ IMPACT

ḬPRIORITY

ÅTECHNICAL FEASIBILITY

ḬMODULARITY

ḬREUSE & GENERALISABILITY



Clinician-led co-design

https://lucap-

au.com/

Prof Sha lin i V inod
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Population Temporality Benchmark CQI
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Population Temporality Benchmark CQI
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Ident i fy 
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Stage IV NSCLC Patients

ECOG 0-1

Did not have surgery






