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Real-world health data include diverse data modalities.
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Diabetic Macular Edema (DME)

Normal eye Diabetic macular edema

Macular
edema
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Macul ar Optical Coherence

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). of Medicine in St Louis



Intravitreal Anti -VEGF Injections

There are 3 variations of anti-VEGF injections:

Distribution of Anti-VEGF Medication Names

0 Aflibercept o

800

0 Bevacizumab "
S =i 5

Leaking
blood vessel

Question : Is aflibercept more effective than bevacizumab in
reducing vision loss?
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Confounding Bias

AConfounders are common causes between the treatment and outcome.
AConfounders can lead to bias in effect estimates if unadjusted.
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Multi -modal Causal Inference (MMCI) Pipeline

Tabular EHR
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Multi -modal Causal Inference (MMCI) Pipeline

Treatment Effect Estimation

Representation Learning
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Foundation Models in Ophthalmology

Stage 1: Self-supervision on retinal images

Stage 2: Supervised fine-tuning for clinical tasks

RETFound
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Ocular disease diagnosis
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VisionFM

(Qiu et al. NEJM Al 2024)
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OCT Embeddings

(a) RETFound (b) VisionFM

Figure 1. 1SNE visualization of latent embeddings generated by foundation modelsR{@&] Founand (b)
VisionFM Each point represents a patient, and colors indicate the OCT imaging device. Clear separation by devi
suggests that both models capture dewseecific features.
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Study Design

A Data: EHRs and OCT images were extracted from WashU/BJC HealthCare database.
A Objective: Estimate the comparative effectiveness of aflibercept vs bevacizumab in reducing
vision loss in DME.

Feature Extraction: _ Out :
A EHR: all pre-treatment covariates A[\J/_comles. ity i t>=2 i
A OCT: All B-scans on the visit closest to index Isual actity improvement == < fines

date. ¢

Bevacizumab

| tﬁ,@\
p

Timeline

\
Follow-up time (2 years)

N

Pre-treatment time (1 year)

Study Population: New users of aflibercept and

bevacizumab (study period: 1/1/2018-12/31/2024) Evaluation :
We compared the ATE estimates and 95% CI from
Inclusion Criteria: each model to that from clinical trials.

A Adults with diabetic macular edema
A Atleast 1 year of prior observation.
y P &2 Washington University School of Medicine in St.Louis



Comparison of Treatment Effect Estimates
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Figure 2. Average treatment effect estimation across adjustment strategigse full cohort includes all patients in
the study population and the sutilohort includes patients with worse baseline VA. A positive ATE indicates that
aflibercept is better at improving vision than bevacizumab.
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Randomized Controlled Trial

ORIGINAL ARTICLE f X in B ¥

Aflibercept, Bevacizumab, or Ranibizumab for
Diabetic Macular Edema

Author: The Diabetic Retinopathy Clinical Research Network™ Author Info & Affiliations

Published March 26, 2015 | N Engl | Med 2015;372:1193-1203 | DOI: 10.1056/NE]Moal1414264 | VOL. 372 NO. 13
Copyright ©_2015
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Randomized Controlled Trial
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Conclusions

/&Foundation models can be leveraged to include images into causal
Inference, reducing the risk of unmeasured confounding bias.

A\/Iulti—modal causal inference models produced treatment effect estimates
consistent with established RCT evidence.

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

2 Washington University School of Medicine in St.Louis
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Motivation: Reliable Real -World Evidence (RWE) for regulatory decision making

2 Akey challenge in performing target trial emulation (TTE) using 2. FDA guidance on RWE for regulatory decision-making
single site data : A AReliability and relevanced

A Rigorous eligibility criteria A substantially smaller sample
sizes, especially for complex conditions such as ADRD, and
rare diseases.

& Penn Medicine @

"> 6.5 million patients

l — GUIDANCE DOCUMENT
Patients with at least one MCI diagnosis, . . . N
with age at MCI diagnosis > 50 Real-World Evidence: Considerations Regarding
| } , Non-Interventional Studies for Drug and
With at least one year of baseline L Inclusi Criteri . .
period nclusion Criteria Biological Products
l Iy U.S. FQOOD & DRUG
No AD related history within five years MARCH 2024
before index date
! - A T hterm relevance includes the availability of data for key

study variables (exposures, outcomes, covariates) and

m sufficient numbers of representative patients forthes t u.dy
Only hundreds of - FDA (MarCh 2024)
E‘: } %_Qg ::_ patients for each

analysis
Drug1 Drug2 Drug3 --- Drug 169 y

Gwdar)ce for quustrya fda.gov. https://www.fda.gov/regulatory-information/search-fda-guidance-documents/real-world-evidence-considerations- Penn MGdlClDG
regarding-non-interven [Accessed 11-04-2025]. &
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International multi -site studies

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

A Country/region specific laws (HIPAA in the U.S., GDPR in Europe)

OHDSI By The Numbers

* 4,294 collaborators
* 83 countries

+ 21 time zones

* 6 continents

* 1 community

2. Diverse population;

2. Enlarged sample size;

2. Greater statistical power;
A Relevant and reliable RWE

Penn Medicine



Privacy -preserving federated learning algorithms

2 Enables multi-site studies without sharing IPD
2. Allows to enlarge the study sample size to incorporate diverse population

OHDSI Studies using Federated Learning Algorithms for COVID

— QAN

npj | digital medicine Article
Published in partnership with Seoul National University Bundang Hospital A p] | d igita I med |Cine

-19 studies

Article

' o I I DS I Published in partnership with Seoul National University Bundang Hospital
(OBSERVATIGNAL HEALTH DATA SCIENCES AD INFORMATICS
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COLA-GLM: collaborative one-¢

https://doi.org/10.1038/541746-025-01846-1

DLMM as a lossless one-shot algorith j o qlagg algorithms of generali: Unlocking efficiency in real-world

for collaborative multi-site distributed
mixed models

Chongliang Luo™2, Md. Nazmul Islam>, Natalie E. Sheils @ 3, John Buresh®, Jenna Re
Patrick B. Ryan®, Mackenzie Edmondson @ , Rui Duan@ ', Jiayi Tong® ', Arielle M GLMM algorithm
Zhaoyi Chenf’, Talita Duarte-Salles’, Sergio Ferna’ndez-Bertcll'n7, Thomas Falconer®

Rae Woong Park® 10, Stephen R. Pfohl", Nigam H. Shah® T, Andrew E. William: Qiong Wu'*, Jenna M. Reps**%, Lu L, Bingyu Zhang®, Yiwen Lu®?, Jiayi Tong®**, Dazhen
Yujia Zhou 3 Ebbing Lautenbach415, Jalpa A. Doshi'®"7, Rachel M. Werner'®" Thomas Lumley®, Milou T. Brand™, Mui Van Zandt*'’, Thomas Falconer"', Xing He'*™, Yu Hu

models for decentralized obser collaborative studies: a multi-site
healthcare data international study with one-shot lossless

% Check for updates

1= 4 15 : 18 L 17,18 o 14 5 s 1213
Yong Chen Haoyang Li", Ff‘a: Yan®, Guojun Tar1\‘g » Andrew E. Wilham‘s » Fei Wang™, Jiang B'f:“ ' Jiayi Tong"**57, Jenna M. Reps**%, Chongliang Luo’, Yiwen Lu'?, Lu Li'%, Juan Manuel Ramirez-Anguita®,
Bradley Malin'®"**, George Hripcsak'', Martijn J. Schuemie***', Yun Lu®, Steve Drew'®, Jiay Milou T. Brand®, Scott L. DuVall®"", Thomas Falconer, Alex Mayer Fuentes"™, Xing He'*'®

(Luo et al. 2022, Nature Communications)

i 24,25 2.3,24,26,27
David A. Asch™* & Yong Chen Michael E. Matheny'"”, Miguel A. Mayer’, Bhavnisha K. Patel""”, Katherine R. Simon'®"",
Marc A. Suchard'*®, Guojun Tang'®, Benjamin Viernes'', Ross D. Williams?, Mui van Zandt®, Fei Wang®,

(Wu et a|_ 2025’ an D|g|ta| Medicine) Jiang Bian'*"®, Jiayu Zhou®', David A. Asch®* & Yong Chen'**
(Tong et al. 2025, npj Digital Medicine)
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Desirable Properties

One-shot ' Lossless

Only a single round of Results are identical to pooled
communication is required in analysis, with no accuracy loss.
practice.

Federated analysis Pooled analysis

a 1
(f\ . Pooled
. > Estimate  <«— | i —_ ) —
Coordinating identical Estimate

Center

T

I O e
& Penn Medicine
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Desirable Properties

One-shot Lossless
Only a single round of Results are identical to pooled
communication is required in analysis, with no accuracy loss.
practice.

However, only a few algorithms have achieved both lossless and one -shot properties
simultaneously, and they are mainly for regression tasks .

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

I O e
& Penn Medicine



Desirable Properties

One-shot | ossless Handles Unmeasured
Confounding

Only a single round of Results are identical to pooled
communication is required in analysis, with no accuracy loss. Mitigates residual systematic bias
practice. through a set of negative control

outcomes (NCOS).

JACC Journals » JACC > Archives > Vol. 84 No. 10
@ FREE ACCESS | Original Research | 26 August 2024

f X in = % W

Empirical confidence interval calibration for Comparative Effectiveness of Second-Line Antihyperglycemic Agents for
population-level effect estimation studies in Cardiovascular Outcomes: A Multinational, Federated Analysis of LEGEND-T2DM

observational healthcare data

Editorial Comment: Finding Truth in Observational and Interventional Studies in Diabetes and Cardiovascular Disease
Martijn J. Schuemie*™', George Hripcsak>“?, Patrick B. Ryan™"¢, David Madigan®¢, and Marc A. Suchard**9"

*Observational Health Data Sciences and Informatics, New York, NY 10032; ®Epidemiology Analytics, Janssen Research & Development, Titusville, NJ 08560; Authors: Rohan Khera Arya Aminorroaya, Lovedeep Singh Dhingra, Phyllis M. Thangaraj, Aline Pedroso Camargos, Fan Bu

‘Department of Biomedical Informatics, Columbia University, New York, NY 10032; ¥Medical Informatics Services, New York-Presbyterian Hospital, New

York, NY 10032; *Department of Statistics, Columbia University, New York, NY 10027; 'Department of Biomathematics, University of California, Los Angeles, . .
CA 90095; 9Department of Biostatistics, University of California, Los Angeles, CA 90095; and "Department of Human Genetics, University of California, XIyU D'”g. ... SHOW ALL ... ' and Marc A SUChard AUTHORS INFO & AFFILIATIONS

Los Angeles, CA 90095

BRNASN |

LEGEND-T2DM study (Khera et al. 2024, JACC) used
otooth |l oss"™ as an NCO that is
the antihyperglycemic.

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

g
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Our proposed method:

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

2. Requires only one round of communication (one shot )
2. Only requires aggregate data (2x2 tables)
2. The results obtained is identical to the pooled analysis (lossless )

Penn Medicine



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

2. Requires only one round of communication (one shot)

2. Only requires aggregate data (2x2 tables)

2. The results obtained is identical to the pooled analysis (lossless)
2. Pipeline

IPD Summary Statistics

I D
Penn Medicine



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

2. Requires only one round of communication (one shot)
2. Only requires aggregate data (2x2 tables)
2. The results obtained is identical to the pooled analysis (lossless)

2. Pipeline

IPD Summary Statistics
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1
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LATTE: One-shot Lossless Algorithm for Federated Target Trial Emulation

2. Requires only one round of communication (one shot)

2. Only requires aggregate data (2x2 tables)

2. The results obtained is identical to the pooled analysis (lossless)
2. Pipeline

IPD Summary Statistics

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

2. Requires only one round of communication (one shot)
2. Only requires aggregate data (2x2 tables)

2. The results obtained is identical to the pooled analysis (lossless)
2. Pipeline

IPD Summary Statistics

LATTE

1. Reconstruct log likelihood
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4 b 4 d
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—0 t mjk—t
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pooyi(11-601

G(B8) =D Lik(B)
Q _______________________ e N e Debiased
—_—

Coordinating 2. NCO calibration A
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Treatment effect estimation
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— Treatment Effect
Estimates

Debiased treatment
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Simulation studies

2. We randomly split the data at Penn Medicine into 3 sites
2. Compared the results from pooled analysis and LATTE

o
o
o
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Real-world application to ADRD drug repurposing

2. Scientific question Which drugs can potentially be repurposed to slow down progression from MCI to ADRD?
2. Datasets 4 |large-scale academic hospitals, covering > 40 million patients.
2. Drug candidates 112 commonly used drugs that have been prescribed to at least 100 patients for two
consecutive times spanning over 30 days.
2 Empirical calibration 24 NCOs selected by domain clinical experts.
Penin Medicing Yale Modicing INSIGHT CRN OneFlonda+ Drug candidates
= 6.0 milcn padents | =4 millon pabonls | = G5 millon pabonis | = 24 mellon pabents
Drugs that have been prescribed to at least 100 patients for two consecutive
= nin Meedicin 'ﬁ:_‘:'__l_.'_:_'.:;_ d INSIGHT ol times spanning over 30 days. I
v v
l 1 l l Trial drug Two active control drug groups
Paliants wills & leasi ane M1 dagrosis wilh age at MC| disgnosis = 50 Active control 1 : 29 supplement/vitamin drugs (primary)
' Active control 2 : 63 cardiovascular health drugs (sensitivity)
¥
With a1 kel orw yuar af haseline paniod v Y
III For each drug, identify patients whose MCI initialization is before trial /
control drugs initiation
Mo AD malated history welkin live years bsfans rdes @Gt v
No prescription of the trial drug
# Y * T \ 4 *
18,184 H'.i'al'ha ﬂmm 35508 paperts 0,510 |:|E||'|:.'IIE: Treatment group Control group
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GLP-1RAs Steroids and Anti-Inflammatory Agents
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LATTE for Continuous Monitoring

Signal detection
19.83

3.01
34 -
2_
1.17 4128
0.4
0 3{ 0.54
0- 0.20 0.18
1 1 '
INSIGHTH L - k @
OneFlorida+-® -
UPHSH —& - =&
YNHHS A |l — el —
Meta-analysisq F—————m—mro 4 =—
LATTEH | ] o b —
LATTE, SENSH e b L
I ) L] L) I L] I 1
0.0 0.5 1.0 1.5 0.0 0.5 1.0 1.5

I 44 0

& Penn Medicine



LATTE for Continuous Monitoring
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LATTE for Continuous Monitoring
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Summary

2 LATTE performs federated target trial emulation in one-shot, lossless manner, while
mitigating systematic biases

2. Summary statistics only
2 Ready-to-use wi t pdatn pbac k age

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

R R packpdage: O O https://github.com/Penncil/pda

Li et al. (2025+) Lancet Digital Health  (Invited Revision)
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Functional Requirements

K—~ Improved timeliness
% Lower manual effort

Increased clinical scope

Working together for pood health and wellbeing
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Functional Requirements Technical Requirements

K’ Improved timeliness ‘j Modular & configurable
" o
V7 .
Lower manual effort - Extensible; sharable
Increased clinical scope Low maintenance costs
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Strong engagement, Complex, Large population,
mature reporting practice high supportivecare needs capacity for improvement
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Strong engagement, Complex, Large population,
mature reporting practice high supportivecare needs capacity for improvement
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Semantic Convergence with LLMs for
Head and Neck Cancer Quality Indicators

Georgina KENNEDY **¢!, Marnie HARRIS®, Arya SHINDE®, April MATT®, Nico

800+ CLINICAL GUIDELBWSED BEST PRACTICE
B ey DELANEY - Mo INDLAY ses 1 INDICATORS REVIEWED

*Maridulu Budyari Gumal (SPHERE) Cancer Clinical Academic Group
University of NSW, Sydney, NSW, Australia
€Ingham Institute for Applied Medical Research
d gustralian Artificial Intelligence Unit, University of Technology, NSW, Australia
€ Liverpool Cancer Therapy Centre, South Western Svdney Local Health District

fCancer Services, Royal Prince Alfred Hospital, Svdney Local Health District
€Chris O'Brien Lifehouse, Svdney, NSW, Australia ‘ L I N I ‘ A L ‘ O N S E N S U S
E The Daffodil Centre, The University of Sydney, NSW, Australia

Qe

Abstract. We developed a novel method for leveraging large language models
(LLM) to systematically filter and categonize large numbers of clinical quality
indicators (CQI) for head and neck cancer. This was used to transform a tedious.
human-resource intensive review process mnto a more efficient, knowledge-dnven
approach. Although we have successfully demonstrated the successful application
of this approach to reduce manual effort overall, 1t 1s not possible to rely entirely on
language models for such a task. We have delivered a generalizable approach that
offers a promismng pathway for more efficient and systematic clmnical quality
indicator management in other settings

= 1=

Keywords. Clinical Quality Indicators, Large Language Models, Oncology

1. Introduction

Traditional methods for the monitoring of clinical care quality are constrained by A T E ‘ H N I < A L F EA S I B I L I TY
misaligned timescales and contextual disparities. limiting our ability to draw direct
links between evidence generation and care improvement. Although retrospective M D U L R I T Y

analysis of patient data provides valuable insights. it cannot directly enhance outcomes
for patients currently receiving treatment. This disconnect is particularly evident in
cancer care. where determining the appropriateness of variation from recommended
treatment regimens is complex and time sensitive. A true learning health system that
integrates continuous data collection and analysis with routine care delivery enables
real-time monitoring and adjustment of clinical practices, creating a dynamic feedback
loop between care delivery and system improvement.

~
~
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Improving Lung L\ /CAP

LUNG CANCER

Cancer Care in ety
Australia

A national collaboration

Lung cancer is the leading cause of cancer

d th " ﬂ t I. d h th I t What is LUCAP? Our Mission Our Vision
. I t LUCAP is a patient-focused Our mission is to improve the A national data platform that
‘su v lvu ru e' research group who are safety, quality and outcomes of enables the performance of lung
developing a national clinical health care for all lung cancer cancer service providers to be
quality data platform for lung patients in Australia. compared against a set of national
cancer that collects, analyses and standards and supports innovative
reports on information like how research in lung cancer care and
quickly people get lung cancer treatments.
Lung cancer accounts for 9% of all cancers but is responsible for tests, whalt sort of teste are done

. ) . and how quickly people get
18% of deaths from all cancers in Australia. The number of years of SO AR PEORE

potential life lost each year to lung cancer in Australia is estimated to
be similar to that of colorectal and breast cancer combined.
Despite advances in treatments and evidence-based guidelines to
inform best clinical practice, the five year survival for all lung cancer
in Australia remains terribly low at only 19%.

treatments.

Prof ShaliniVinod
RadiationOncologist

https://lucap-

Maridulu Budyari Gumal Clinicianled codesign

Working together for good health and wellbeing



https://lucap-au.com/
https://lucap-au.com/
https://lucap-au.com/

i +

Population Temporality Benchmark CQI
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WOoNTCgUCE:- PRI 6 PUICSTR® dn@ pPAAshd@iE receive chemoradiation

Target
0002
[ ) 'ﬂ‘ [ ] + Rate °/ \)
TTTﬂTT ) . Stage t11 o
e N— SCLC
Population Temporality & PS 62 Benchmark CQI
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Received
’ " chemoRT
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WOoNTCgUCE:- PRI 6 PUICSTR® dn@ pPAAshd@iE receive chemoradiation

ldentify
Concurrent
Treatment

i +

Population Temporality
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Hierarchy == 1633987 Stage 4
Stage IV Rule type = dx_rule

Stage IV NSCLC Patients
Rule date = dt_stage

AND Substring s=—————— 5403188 - 8046/2
OR —<
Substring =—————— 4498676 - 8046/3
NSCLC
Rule type = dx_rule

Rule date = dt_current_start

OR
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Measure ECOG 0 Rule type = obs_rule

ECOGQ

Rule date = dt_obs
OR
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Profile
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Database

Vocabulary

Report Definition: Lung Cancer MDT

* Lung cancer MDT quality indicators vO.1 (alpha)

Cohort

Primary Lung

Lung Mets

Cohort definition

Mesothelioma

ng Cancer

Mets to lung

Measure
* Mesotheloma, malignant (9050/3
« Epithelicid mesothelioma, malgnant ($052/3)

Fibrous mesothelioma, malignant (9051/3)
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phasic, mahkgnant (9053/3)
Malignant tumor of bronchus (363493006
Malignant tumor of lung (363358000)

Metastasis to same lobe of lung (OMOP4997758)

a
Metastasis to ipséateral lung (OMOP4599209)
Metastass to contralateral lobe of ung (OMOPA4999769)

Metas 10 ung (OMOP4999962)

to hilus of lung (OMOPS031648)

to left lower lobe of lung (OMOP5031653)

Metastasis to jeft lung (OMOPS031694
Metastasis to left upper lobe of lung (OMOPS031696)
Metastasis to right lower lobe of ung (OMOPS031845)

Metastasis to right jung (OMOPS031846)
Metastasis to right meddie lobe of lung (OMOPS031847

Meotastasis 1o right upper lobe of ung (OMOPS031849

gifferent psilateral lobe of lung (OMCP4997846)
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