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Observational research

• Subjects observed in their natural settings
– Often using data collected for other purposes
– Real-world evidence

• Versus experimental
– Randomized clinical trials (RCTs)

• Administrative claims data
– IBM Marketscan (10M’s)

• Electronic health record (EHR) data
– Columbia clinical data warehouse (6M)

• Other sources
– Census, social media, mobile sensors, imaging



US National EHR data, per year

1,000,000,000 visit notes

35,000,000 admit notes, discharge sum.

46,000,000 procedure notes

3,000,000,000 prescriptions

1,000,000,000 laboratory tests

>50,000,000,000 facts

• Healthcare $4,000,000,000,000 industry in US
– can’t duplicate



Why large-scale analysis is needed in 
healthcare
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All health outcomes of interest

Patrick Ryan



Patient-level predictions for personalized evidence requires 
big data

2 million patients seem excessive or unnecessary?

• Imagine a provider wants to compare her patient with other patients with the 
same gender (50%), in the same 10-year age group (10%), and with the same 
comorbidity of Type 2 diabetes (5%)

• Imagine the patient is concerned about the risk of ketoacidosis (0.5%) 
associated with two alternative treatments they are considering

• With 2 million patients, you’d only expect to observe 25 similar patients with 
the event, and would only be powered to observe a relative risk > 2.0

Aggregated data across a health system of 1,000 providers may contain 2,000,000 patients



But there is a catch

August2010: “Among patients in the UK 
General Practice Research Database, the use 
of oral bisphosphonates was not significantly 
associated with incident esophageal or gastric 
cancer”

Sept2010: “In this large nested case-control 
study within a UK cohort [General Practice 
Research Database], we found a significantly 
increased risk of oesophageal cancer in 
people with previous prescriptions for oral 
bisphosphonates”



Retracted COVID-19 papers



13 February 2020…



False comparison

• NOT observational versus RCT
– Don’t have the money to do the RCTs we need
– Point-of-care randomization will help

• Observational versus expert opinion and 
instinct
– Guidelines are mostly expert opinion

• We need to optimize our observational 
research



Desired attributes for reliable evidence

Desired 
attribute

Question Researcher Data Analysis Result

Repeatable Identical Identical Identical Identical = Identical

Reproducible Identical Different Identical Identical = Identical

Replicable Identical Same or 
different

Similar Identical = Similar

Generalizable Identical Same or 
different

Different Identical = Similar

Robust Identical Same or 
different

Same or 
different

Different = Similar

Calibrated Similar 
(controls)

Identical Identical Identical = Statistically 
consistent

Patrick Ryan



Reliable evidence requires a new tool: 
the community

Desired 
attribute

Question Researcher Data Analysis Result

Repeatable Identical Identical Identical Identical = Identical

Reproducible Identical Different Identical Identical = Identical

Replicable Identical Same or 
different

Similar Identical = Similar

Generalizable Identical Same or 
different

Different Identical = Similar

Robust Identical Same or 
different

Same or 
different

Different = Similar

Calibrated Similar 
(controls)

Identical Identical Identical = Statistically 
consistent

Application of 
community best 

practices for 
evaluation

Data network 
using 

community 
standards

Analyses sharing 
community 

open-source 
tools

Community of 
researchers with 

important 
public health 

questions

Evidence 
sharing across 

community



Observational Health Data Sciences 
and Informatics (OHDSI, as “Odyssey”)

Mission: To improve health by empowering 
a community to collaboratively generate 
the evidence that promotes better health 
decisions and better care

A multi-stakeholder, interdisciplinary, 
international collaborative with a 
coordinating center at Columbia University

http://ohdsi.org

http://ohdsi.org/


OHDSI Collaborators
• 2,367 collaborators
• 74 countries
• 21 time zones
• 6 continents
• 1 community

OHDSI

• Experts in informatics, statistics, epidemiology, clinical sciences
• Active participation from academia, government, industry, providers
• Currently records on about 800 million unique patients in >300 databases
• 344 papers, specific influence on EMA and FDA for COVID-19



Open Science

Open 
science

Generate 
evidence

Database 
summary

Cohort 
definition

Cohort 
summary

Compare 
cohorts

Exposure-
outcome 
summary

Effect 
estimation 

& 
calibration

Compare 
databases

Data + Analytics + Domain expertise

Open 
source 

software

Enable users 
to do 

something

Standardized, transparent workflows



How OHDSI Works

Source data 
warehouse, with 

identifiable 
patient-level data

Standardized, de-
identified patient-

level database 
(OMOP CDM v5)

ETL

Summary 
statistics results 

repository

OHDSI.org

Consistency

Temporality

Strength Plausibility

Experiment

Coherence

Biological gradient Specificity

Analogy

Comparative 
effectiveness

Predictive modeling

OHDSI Data Partners

OHDSI Coordinating Center

Standardized 
large-scale 
analytics

Analysis 
results

Analytics 
development 
and testing

Research and 
education

Data 
network 
support



"What's the adherence to my drug in the data assets I own?"

Current solution:

Current  Approach: “One Study – One Script“

Japan

North America
Southeast Asia

China

Europe

Switzerland Italy

India

So Africa Israel

UK

Analytical method: 
Adherence to Drug

Application to 
data

Custom script for each 
study

• Not scalable
• Expensive
• Slow
• Prohibitive to 

non-expert 
routine use

Christian Reich



Solution: Standardized Data and Analytics

1. ATLAS, Remote Studies
− Standard Cohorts
– Standardized Analytics

2. OMOP CDM
– Standardized Format
– Standardized Coding

North America        Southeast Asia     China

Europe  UK              Japan          India

So Africa    Switzerland     Italy          Israel

MortalityAdherence

Safety 
Signals

Source of Business

Standardized 
data

Remote 
Studies



Deep information model
OMOP Common Data Model

Concept

Concept_relationship

Concept_ancestor

Vocabulary

Source_to_concept_map

Relationship

Concept_synonym

Drug_strength

Standardized 
vocabularies

Domain

Concept_class
Dose_era

Condition_era

Drug_era

Results Schema

Cohort_definition

Cohort

Standardized derived 
elements
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Drug_exposure

Condition_occurrence

Procedure_occurrence

Visit_occurrence

Measurement

Observation_period

Payer_plan_period

Provider

Location

Cost

Device_exposure

Observation

Note

Standardized health 
system data

Fact_relationship

Specimen

Standardized health 
economics

CDM_source

Standardized metadata

Metadata

Person

Survey_conduct

Location_history

Note_NLP

Visit_detail
Care_site



Extensive vocabularies



OHDSI’s standardized vocabularies

• 153 Vocabularies across 41 domains
– MU3 standards: SNOMED, RxNorm, LOINC
– Disparate sources:  ICD9CM, ICD10(CM), Read, 

NDC, Gemscript, CPT4, HCPCS…
• >9 million concepts

– >3.3 million standard concepts
– >5.1 million source codes
– >629,000 classification concepts

• >55 million concept relationships
• >84 million ancestral relationships

Publicly available for download at: http://athena.ohdsi.org/

http://athena.ohdsi.org/
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Preparing your data

Patient-level 
data in source 

system/ schema

Patient-level 
data in  

OMOP CDM

ETL 
design

ETL 
implement ETL test

WhiteRabbit:  
profile your 
source data

RabbitInAHat:  
map your source 

structure to 
CDM tables and 

fields

ATHENA:  
standardized 
vocabularies 
for all CDM 

domains

ACHILLES:  
profile your 
CDM data; 
review data 

quality 
assessment; 

explore 
population-

level summaries

O
HD

SI
 to

ol
s b
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lt 

to
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p

CDM:  
DDL, index, 

constraints for 
Oracle, SQL 

Server,  
PostgresQL; 

Vocabulary tables 
with loading 

scripts 

http://github.com/OHDSI

OHDSI Forums:
Public discussions for OMOP CDM Implementers/developers

Usagi:  
map your 

source codes 
to CDM 

vocabulary

http://github.com/OHDSI


Data Quality Dashboard



ATLAS: Ontology support

• What terms do I need to create a cohort
• Tied to the database: what terms are used

– Especially important for someone else’s database



ATLAS: Cohort building
• Optimized for observational research

– Time series: who and when (vs classification)
• Observation period, event timing

– Assume a complex definition – Linearized AND-OR group

Index event

Criteria

Strata



ATLAS: Analysis (observational)

• Approach: log regression, Poisson regression, survival
• Confounder: regularized-regression propensity score
• Residual confounding: calibration
• Diagnostics



ATLAS: Visualization

• Tables
• Graphs



Evidence OHDSI seeks to generate from 
observational data

• Clinical characterization - tally
– Natural history: Who has diabetes, and who takes metformin?
– Quality improvement:  What proportion of patients with 

diabetes experience complications?
• Population-level estimation - cause

– Safety surveillance:  Does metformin cause lactic acidosis?
– Comparative effectiveness:  Does metformin cause lactic 

acidosis more than glyburide?
• Patient-level prediction - predict

– Precision medicine: Given everything you know about me, if I 
take metformin, what is the chance I will get lactic acidosis? 

– Disease interception:  Given everything you know about me, 
what is the chance I will develop diabetes?



Phenotyping



Meaning

• PERRLA
Pupils equal, round, reactive to light and accommodation



Missing

• Data are mostly missing
– Sampled when sick

• Implicit information
– Pertinent negatives by attending vs CC3
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Noisy

• As low as 50% accuracy (Hogan JAMIA 1997)

• … 36 year old man … 27 year old woman …



Complex

• Which is the right time?
– When specimen drawn
– When specimen received
– When test performed
– When result updated
– When result received by the patient
– When patient told clinician
– When clinician wrote the note



Health care process bias

Patient state

Electronic health record

Care team

Therapy

Objective 
tests

Environment

Hripcsak JAMIA 2013



Good news

• Doctors successfully infer patient state from 
records

• We need to mimic the doctor’s reasoning
– Deconvolve the truth



EHR-derived phenotype

• Clinically relevant feature derived from EHR
– Patient has (a diagnosis of) type II diabetes
– Recent rash and fever
– Drug-induced liver injury

• Then use phenotype in correlation studies, …
– Which treatments associated with best outcomes

Raw  EHR 
data Phenotype Correlationsquery data mining



EHR-derived phenotype

• Want to know if patient has type 2 diabetes
– Don’t just look up the disease in the record
– Yes, look for diagnosis codes
– Diabetes medications
– Glucose suggestive of diabetes
– Special diabetes tests
– Diabetes complications
– Mentions in notes
– Exclusions like type 1 diabetes

• Can take months to define and test



OHDSI phenotyping pipeline
Prior work 

review

Creating comprehensive 
concept set representing 

clinical idea

Creating cohorts of patients 
that satisfy inclusion and 

exclusion criteria

Examining cohorts

Computing phenotype 
performance metrics

Storing phenotypes

Phenotype library, literature

PHOEBE

ATLAS

Cohort diagnostics

PheValuator

Phenotype library



PHOEBE: get the right concepts
Exploit vast data network: rate of every code everywhere

Ostropolets AMIA 2021



Phevaluator: automate the evaluation
Proxy for manual chart review

Swerdel JBI 2019



OHDSI in Action: Characterization



Treatment Pathways

Public

Industry

Regulator

Academics RCT, Obs
Literature

Lay press

Social media

Guidelines

Formulary

Labels

Advertising Clinician

Patient

Family

Consultant

Indication

Feasibility

Cost

Preference

Local stakeholders
Global stakeholders Conduits

Inputs

Evidence



OHDSI participating data partners
Abbre-
viation

Name Description Population, 
millions

AUSOM Ajou University School of Medicine South Korea; inpatient hospital 
EHR

2

CCAE MarketScan Commercial Claims and Encounters US private-payer claims 119

CPRD UK Clinical Practice Research Datalink UK; EHR from general practice 11

CUMC Columbia University Medical Center US;  inpatient EHR 4

GE GE Centricity US; outpatient EHR 33

INPC Regenstrief Institute, Indiana Network for 
Patient Care

US; integrated health exchange 15

JMDC Japan Medical Data Center Japan; private-payer claims 3

MDCD MarketScan Medicaid Multi-State US; public-payer claims 17

MDCR MarketScan Medicare Supplemental and 
Coordination of Benefits

US; private and public-payer 
claims

9

OPTUM Optum ClinFormatics US; private-payer claims 40
STRIDE Stanford Translational Research Integrated 

Database Environment
US; inpatient EHR 2

HKU Hong Kong University Hong Kong; EHR 1



Proceedings of the National Academy of Sciences, 2016



T2DM : All databases

Treatment pathways for diabetes

First drug

Second drug

Only drug



Type 2 Diabetes Mellitus Hypertension Depression

OPTUM

GE

MDCDCUMC

INPC

MDCR

CPRD

JMDC

CCAE

Population-level heterogeneity across systems, 
and patient-level heterogeneity within systems



HTN: All databases

Patient-level heterogeneity

25% of HTN patients (10% of others) have 
a unique path despite 250M pop



Conclusions: Network research

• It is feasible to encode the world population in 
a single data model
– Over 10% now

• Generating evidence is feasible
• Stakeholders willing to share results
• Able to accommodate vast differences in 

privacy and research regulation



Population-level estimation

• Causal inference, hypothesis testing
• Creating reliable evidence
• OHDSI: study it scientifically

– Distribution of study designs, parameters, 
databases, hypotheses



Standard error vs effect size

Statistically 
significant

p=0.05



Observational research results in 
literature

85% of exposure-outcome pairs have p < 0.05

29,982 estimates
11,758 papers

Schuemie Phil Trans A 2018



Observational research results in 
literature

29,982 estimates
11,758 papers

Don’t know the denominator of negative 
studies.



Observational research results in 
literature

29,982 estimates
11,758 papers



We’re not just guessing right

Hripcsak Yearb Med Inform 2021 



Observational research results in 
literature

• Individuals may produce good research 
studies

• In aggregate, the medical observational 
research system is a data dredging machine



Verified and open



10 LEGEND Principles (Large-scale Evidence 
Generation and Evaluation across a Network of Databases)

• LEGEND will generate evidence at a large scale
• Dissemination of the evidence will not depend on the estimated effects
• LEGEND will generate evidence using a prespecified analysis design
• LEGEND will generate evidence by consistently applying a systematic 

process across all research questions
– No thumb on the scale

• LEGEND will generate evidence using best practices
• LEGEND will include empirical evaluation through the use of control 

questions
• LEGEND will generate evidence using open-source software that is freely 

available to all
• LEGEND will not be used to evaluate new methods
• LEGEND will generate evidence across a network of multiple databases
• LEGEND will maintain data confidentiality; patient-level data will not be 

shared between sites in the network

Schuemie JAMIA 2020



Addressing reproducibility #1
1. Propensity score adjustment with large-scale covariate set: 

measured confounding (and some unmeasured?)
• Take advantage of the huge databases and balance on tens of 

thousands of covariates, pulling in other variables (BP)
• Mimic balance of randomization (imperfect)
• Don’t rely on human expertise to select confounders: systematic
• Diagnostics

Graham: “A standardized mean 
difference of ≤0.1 indicates a 
negligible difference.”



Confounding

• Does butane gas cause lung 
cancer?

Butane 
lighter

Lung 
cancer

Smoking

?



Propensity score to address 
confounding

• Propensity score = probability of belonging to the 
target cohort vs. the comparator cohort, given the 
baseline covariates

• Propensity score can be used as a ‘balancing score’: if 
the two cohorts have similar propensity score 
distribution, then the distribution of covariates should  
be the similar

• Balance the propensity -> balance the covariates
• Balance the covariates -> the comparisons are similar

– Make a causal assertion: must be due to the treatment

Rubin Biometrika 1983



How to select the confounders
• Manual selection -> poor agreement

– Chien 2015: age, month, gender, #visits, income urbanization, #drugs, specific 
drugs, Charlson, comorbidities (16), +HDPS variables

– Hicks 2018: age, sex, year of cohort entry, body mass index, smoking status, 
alcohol related disorders (including alcoholism, alcoholic cirrhosis of the liver, 
alcoholic hepatitis, and hepatic failure), and history of lung diseases (including 
pneumonia, tuberculosis, and chronic obstructive pulmonary 
disease), duration of HTN Rx, statin use, #drugs

– Ku 2018: age, sex, race, income status, baseline HF, baseline myocardial 
infarction, baseline peripheral artery disease, baseline stroke, baseline eGFR, 
baseline proteinuria, and time-dependent covariates including diabetes 
mellitus, obesity, systolic blood pressure, statin use, aspirin use, diuretic use, 
and concurrent use of other antihypertensive agents for the outcome of HF

– Magid 2010: age, gender, days on thiazide prior to 2nd agent start, # of visits 
prior to thiazide, Mean Systolic BP, Mean Diastolic BP, Chronic Obstructive 
Pulmonary Disease, Hyperlipidemia, Cancer, Dementia, Chronic liver disease, 
Depression

– Hasvold 2014: age, gender, elevated blood glucose, overweight and low socio-
economic status are known risk factors for diabetes, High cholesterol and 
hypertension are additionally known risk factors for CVD

• Empirical selection



Large-scale propensity score (LSPS)
• A systematic approach to propensity adjustment
• Use a large set of covariates (10,000 < n < 100,000)
• But don’t want to balance everything

– Mediators – pre-treatment
– Simple colliders – pre-treatment
– Instruments – diagnostics, domain knowledge
– M-bias – correlation with underlying causes

• Fit a propensity model
– LASSO (regularized regression) because #variables > #cases

• Match or stratify on propensity score
• Diagnostic: check that covariate balance is achieved on 

all observed variables

Tian Int J Epi 2018



Diagnostic: Covariate balance

Plot 60,000 covariates; 
most are binary:

abs(Ptarget group – Pcomparator group)  
standard deviation

Graham: “A standardized mean 
difference of ≤0.1 indicates a 
negligible difference.”



Diagnostic: equipoise

• What is the overlap between the groups
– If too small, poor generalizability and stability



What about confounding that is not 
measured?

• Some confounders are not directly measured but may be correlated 
with the many variables used by LSPS

• Hypertension study
– Baseline blood pressure is an important confounder
– But not measured in most databases, except Optum EHR database

Systolic BP Diastolic BP
Unadjusted 0.200 0.168

LSPS 60K 0.126 0.094
LSPS 60K+BP 0.046 0.001

Hripcsak JAMIA IM 2020

Same result with or without BP

Achieves (near) balance of BP 
despite its absence



Adjusting for other variables that are 
not directly measured

• We seem to balance lots of stuff beyond what 
was put into LSPS
– Medications balance conditions (Dx)
– Conditions balance medications (mostly)
– Non-CV balances cardiovascular
– Demographics do not work

Test Total Covariates
# unbal. before 
matching

# unbal. after 
matching Max diff before Max diff after

Full covariates 72,203 166 0 0.3975 0.035

Demographics only 72,203 166 158 0.3975 0.375
No conditions 72,203 166 0 0.3975 0.068
No drugs 72,203 166 8 0.3975 0.108
No procedures 72,203 166 0 0.3975 0.059

No cardiovascular-
related concepts 72,203 166 0 0.3975 0.074

Chen AMIA 2020



LSPS vs. manual selection on the effect 
of a missing confounder

• Lisinopril vs hydrochlorothiazide
– Confounder type 2 diabetes

Zhang arXiv 2021



LSPS
• Reduce bias if balance on many 

covariates instead of a few 
human-selected covariates (bias 
measured via negative controls)

• LSPS performs better than 
competing methods like high-
dimensional propensity score 
(HDPS)



Addressing reproducibility #2

2. Confidence interval calibration using negative controls: unmeasured 
confounding
• Address residual confounding using hypotheses you know the answer for
• If too many are positive, then systematic error is operative
• Calibrate to keep the type 1 error at 0.05
• Diagnostics



Negative controls

• Negative control
– exposure-outcome where relative risk is believed 

to be 1
– example: ingrowing nail

• OHDSI employs 50-100 negative controls
– systematic methods allow large scale

Schuemie OHDSI 2016



All negative controls - adjusted

When using the propensity score, 16% have p < 0.05

Schuemie OHDSI 2016



P-value calibration

After calibration, 4% have p < 0.05 (was 16%)

Calibrated p < 
0.05

Schuemie OHDSI 2016



Addressing reproducibility #3

3. Multiple databases, locations, practice types
• Look for consistency among databases, practices
• Combine via meta-analysis
• Aids generalizability

(Recent grant review)



Addressing reproducibility #4

4. Publish all hypotheses, code, parameters, runs
• Pre-specify protocol so cannot cheat
• Publish all code so that others can run it
• Publish masked results, check diagnostics, reveal results

(Sharing source code)



Addressing reproducibility #5

5. Carry out on aligned hypotheses at scale
• Operating characteristics of the analysis
• Large-scale diagnostics



OHDSI results in line with expectations

11% of exposure-outcome pairs have 
calibrated p < 0.05



Large-scale estimation

• How to use it
– Decide what question you are asking, then correct 

for multiple hypotheses

• Not “data-dredging”! 
– Data-dredging is not about what you do but about 

what you throw out



OHDSI “LEGEND” Hypertension Study
Filling in the evidence gaps

Only 29 different 

drugs in 5
different classes 
to choose from!

Distinguished from 28
drugs in 12 other classes 

that are classified as 
potential secondary agents
(including Beta Blockers)

Whelton et al., Hypertension 2018



Evidence to support the guideline

• 40 randomized trials
• Most decisions are

expert opinion



Theoretical Observed (n > 2,500)

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 * 58 = 164,908,500 587,020

Comparisons of hypertension treatments
Theoretical Observed (n > 2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2  = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278



Observational study to compare 
two initial therapies

ACE

ARB
Eligibility criteria:
• Diagnosed with hypertension 

in 1 year prior to index
• No prior antihypertensive drug 

use anytime prior to index

Index: 
Time zero

Medical history lookback time Follow-up time

Causal contrasts of interest:
• Intent-to-treat effect
• On-treatment effect

PS adjustment

ACE

ARB

Outcomes:
• Efficacy:

• Myocardial infarction
• Stroke
• Heart Failure

• Safety: 
• Known or potential 

adverse events, e.g.
• Acute renal failure
• Angioedema
• Cough
• Diarrhea
• Fall
• Gout
• Headache
• Hyperkalemia
• Hyponatremia
• Hypotension
• Impotence
• Syncope
• Vertigo

Analysis plan:
• Time-to-first-event analysis
• Cox proportional hazards

Treatment strategies:
• Monotherapy with ACE
• Monotherapy with ARB



58 outcomes of interest
Abdominal pain Dementia Ischemic stroke
Abnormal weight gain Depression Kidney disease
Abnormal weight loss Diarrhea Malignant neoplasm
Acute myocardial infarction Edema Measured renal dysfunction
Acute pancreatitis End stage renal disease Nausea
Acute renal failure Fall Neutropenia or agranulocytosis
All-cause mortality Gastrointestinal bleeding Rash
Anaphylactoid reaction Gout Rhabdomyolysis
Anemia Headache Stroke
Angioedema Heart failure Sudden cardiac death
Anxiety Hemorrhagic stroke Syncope
Bradycardia Hepatic failure Thrombocytopenia
Cardiac arrhythmia Hospitalization with heart failure Transient ischemic attack
Cardiovascular disease Hospitalization with preinfarction syndrome Type 2 diabetes mellitus
Cardiovascular-related mortality Hyperkalemia Vasculitis
Chest pain or angina Hypokalemia Venous thromboembolic events 
Chronic kidney disease Hypomagnesemia Vertigo
Coronary heart disease Hyponatremia Vomiting
Cough Hypotension
Decreased libido Impotence



76 negative controls
Abnormal cervical smear Disproportion of reconstructed breast Nicotine dependence
Abnormal pupil Effects of hunger Noise effects on inner ear
Abrasion and/or friction burn of trunk without infection Endometriosis Nonspecific tuberculin test reaction
Absence of breast Epidermoid cyst Non-toxic multinodular goiter
Absent kidney Feces contents abnormal Onychomycosis due to dermatophyte
Acid reflux Foreign body in orifice Opioid abuse
Acquired hallux valgus Ganglion cyst Passing flatus
Acquired keratoderma Genetic predisposition Postviral fatigue syndrome
Acquired trigger finger Hammer toe Presbyopia
Acute conjunctivitis Hereditary thrombophilia Problem related to lifestyle
Amputated foot Herpes zoster without complication Psychalgia
Anal and rectal polyp High risk sexual behavior Ptotic breast
Burn of forearm Homocystinuria Regular astigmatism
Calcaneal spur Human papilloma virus infection Senile hyperkeratosis
Cannabis abuse Ileostomy present Somatic dysfunction of lumbar region
Cervical somatic dysfunction Impacted cerumen Splinter of face, without major open wound
Changes in skin texture Impingement syndrome of shoulder region Sprain of ankle
Chondromalacia of patella Ingrowing nail Strain of rotator cuff capsule
Cocaine abuse Injury of knee Tear film insufficiency
Colostomy present Irregular periods Tobacco dependence syndrome
Complication due to Crohn's disease Kwashiorkor Vaginitis and vulvovaginitis
Contact dermatitis Late effect of contusion Verruca vulgaris
Contusion of knee Late effect of motor vehicle accident Wrist joint pain
Crohn's disease Leukorrhea Wristdrop
Derangement of knee Macular drusen
Difficulty sleeping Melena



Databases
• US insurance databases

• IBM® MarketScan® CCAE
• IBM® MarketScan® MDCD
• IBM® MarketScan® MDCR
• Optum© Clinformatics® 

• Japanese insurance database
• Japan Medical Data Center

• Korean national insurance database
• NHIS-NSC

• US EHR databases
• Columbia University Irving Medical Center
• Optum© PANTHER®

• German EHR database
• QuintilesIMS Disease Analyzer (DA) Germany

Research questions

Methods

Databases

Evidence generation

Ajou University

Columbia University



Lancet 2019





Chlorthalidone vs hydrochlorthiazide:
worse safety without real world effectiveness

Hripcsak JAMA IM 2020





HCTZ vs chlorthalidone
• Physiology

– Chlorthalidone is more potent and longer lasting
• Indirect (network) meta-analysis favors chlorthalidone

– Combine RCT results
– Bias: heterogeneity of treatment effect + different populations
– Also: differential RCT design and execution

• Recent observational research favors HCTZ
• VA Diuretic Comparison Project

– RCT with completion 2023
– Different question: of patients tolerating HCTZ, should they switch to 

chlorthalidone
• Response

– 50% failure off diuretic (chlorthalidone is faster) in 2 months
– Time at risk too short (but 25% are long term); do have sufficient power
– Anecdotes

• Chlorthalidone is a potent drug Choice of drug therapy in primary (essential) hypertension – UpToDate

By contrast, other observational studies suggest that chlorthalidone and 
hydrochlorothiazide lead to similar rates of cardiovascular events but that 
chlorthalidone increases the risk of adverse metabolic effects [35,36].

Based upon the above observations, we and other experts suggest that 
thiazide-like diuretics (such as chlorthalidone…



ACEi versus ARB
On the other hand, once the field is confident in a result…



LEGEND vs RCTs: 28/30



OHDSI “LEGEND” Hypertension Study
Filling in the evidence gaps

RCT OHDSI



LEGEND Hypertension



OHDSI predictive algorithm 
validation framework



COVID-19



• Evidence was needed around the use of hydroxychloroquine (HCQ) alone and in 
combination with azithromycin (AZ). We examined the use of these drugs in rheumatoid 
arthritis (RA) patients.

• Findings: 
– In history use in RA population, HCQ alone is generally safe but in combination with 

AZ it shows a doubling of risk of 30-day cardiovascular mortality.

Safety of hydroxychloroquine



• Patients with cardiovascular diseases and hypertension treated with angiotensin 
converting enzyme inhibitors (ACEs) angiotensin-II receptor blockers (ARBs) may 
influence susceptibility to COVID-19 and worsen its severity.

ACE Inhibitors and susceptibility to 
COVID-19



COVID-19 Vaccine Safety Methods 
Research

• AstraZeneca vaccine
– March 11-15, 2021 – 13 European countries suspend use for fears of blood clots

• Denmark, Norway, Iceland, Bulgaria, Ireland, Netherlands, Spain, Germany, Italy, France, …
– March 18, 2021 – EMA determines benefits outweigh the risks

• Thromboembolic events “lower than that expected in the general population”
• DIC and CVST above baseline but very rare
• “The number of reported events exceeds those expected, and causality although not 

confirmed, cannot therefore be excluded. However, given the rarity of the events, and the 
difficulty of establishing baseline incidence since COVID-19 itself is resulting in 
hospitalisations with thromboembolic complications, the strength of any association is 
uncertain.”

• Partnered with FDA Center for Biologics Evaluation and Research (CBER)
– Vaccine safety methods research, network and local studies

Outcome Sex 1 - 5 6 - 17 18 - 34 35 - 54 55 - 64 65 - 74 75 - 84 85+
Female 4 (2-9) 4 (1-12) 18 (4-86) 83 (11-617) 217 (25-1882) 413 (77-2198) 874 (197-3884) 1523 (320-7239)
Male 6 (2-20) 5 (2-10) 17 (4-75) 119 (21-664) 370 (67-2046) 612 (145-2578) 1063 (242-4662) 1495 (260-8607)
Female <1 (<1-1) <1 (<1-1) 6 (1-49) 54 (7-430) 171 (24-1235) 312 (76-1280) 617 (184-2069) 1144 (313-4184)
Male <1 (<1-1) 1 (1-1) 16 (4-72) 172 (40-740) 467 (135-1611) 653 (214-1994) 934 (290-3013) 1514 (356-6432)
Female 12 (3-50) 18 (8-40) 140 (66-298) 306 (117-797) 428 (150-1224) 683 (257-1820) 975 (360-2642) 1206 (407-3572)
Male 14 (4-55) 14 (6-32) 80 (28-228) 272 (88-836) 499 (194-1289) 695 (250-1931) 831 (254-2720) 1003 (278-3616)
Female 7 (2-28) 5 (2-16) 13 (4-47) 36 (7-175) 77 (15-389) 124 (29-527) 249 (56-1108) 412 (85-1986)
Male 8 (2-43) 8 (3-24) 19 (5-76) 51 (10-268) 115 (23-562) 178 (49-650) 312 (73-1340) 506 (86-2961)
Female 1 (<1-36) 3 (1-13) 38 (11-124) 81 (21-309) 125 (33-470) 217 (77-611) 358 (135-951) 427 (154-1184)
Male 1 (<1-24) 2 (<1-12) 20 (5-80) 80 (20-318) 171 (59-497) 256 (96-683) 349 (119-1030) 398 (124-1277)
Female 32 (12-84) 154 (55-430) 134 (69-260) 85 (42-172) 66 (28-156) 53 (20-143) 40 (13-124) 35 (12-98)
Male 38 (17-85) 194 (101-372) 146 (81-266) 88 (49-159) 65 (32-132) 57 (23-144) 47 (15-152) 45 (14-143)
Female 15 (9-27) 25 (12-51) 44 (23-84) 61 (26-140) 76 (31-184) 86 (29-256) 101 (31-330) 92 (31-274)
Male 15 (10-24) 21 (13-34) 43 (29-64) 68 (37-125) 86 (43-172) 94 (35-252) 92 (29-291) 100 (34-292)
Female 49 (16-150) 50 (16-154) 39 (16-95) 34 (13-91) 35 (14-85) 29 (11-76) 23 (7-73) 12 (4-36)
Male 74 (26-209) 56 (18-175) 29 (14-63) 24 (11-53) 25 (11-53) 24 (9-68) 18 (7-49) 10 (2-50)
Female 12 (8-19) 9 (4-21) 14 (6-36) 15 (5-43) 18 (6-53) 25 (8-82) 30 (8-110) 36 (11-118)
Male 17 (12-23) 8 (3-19) 8 (2-23) 10 (3-35) 19 (6-57) 30 (9-105) 41 (10-170) 56 (15-210)
Female 6 (1-25) 7 (2-21) 16 (8-32) 22 (9-53) 31 (13-72) 35 (12-97) 39 (11-138) 34 (8-143)
Male 7 (1-32) 11 (5-24) 37 (16-88) 37 (16-87) 45 (20-102) 49 (17-139) 54 (15-193) 41 (9-193)
Female 2 (<1-104) 2 (<1-48) 4 (<1-99) 5 (<1-75) 10 (1-89) 14 (2-97) 19 (4-94) 16 (3-82)
Male 3 (<1-137) 2 (<1-44) 4 (<1-31) 5 (1-56) 12 (1-120) 17 (2-154) 23 (4-152) 24 (5-126)
Female 5 (2-15) 5 (2-16) 5 (2-19) 6 (1-44) 9 (1-61) 11 (2-62) 12 (2-77) 14 (2-100)
Male 5 (2-12) 5 (2-14) 5 (2-17) 7 (1-55) 12 (3-58) 16 (3-73) 18 (3-101) 16 (1-180)
Female 1 (<1-5) 7 (3-17) 15 (4-52) 11 (2-55) 9 (2-42) 10 (2-46) 8 (1-49) 9 (2-42)
Male 1 (<1-5) 6 (2-18) 13 (4-40) 10 (2-47) 11 (3-44) 10 (2-50) 10 (2-68) 10 (2-60)
Female 1 (<1-8) 1 (<1-2) 3 (1-5) 3 (1-11) 5 (1-18) 6 (2-19) 6 (3-16) 7 (2-22)
Male 2 (<1-18) 1 (<1-3) 2 (1-4) 4 (2-7) 7 (4-14) 8 (3-25) 11 (3-40) 12 (2-68)
Female 1 (<1-3) 1 (<1-3) 3 (1-8) 4 (1-12) 4 (2-13) 4 (2-13) 4 (1-11) 2 (1-9)
Male 1 (<1-2) 1 (<1-3) 2 (1-6) 3 (1-10) 4 (1-10) 4 (1-11) 4 (1-13) 4 (1-11)

Uncommon:  >1/1,000 AND <1/100
Common: >1/100 AND <1/10

Very common: >1/10

CIOMS Frequency classification

Encephalomyelitis

Narcolepsy

Guillain-Barre syndrome

Transverse myelitis

Very rare: <1/10,000
Rare: >1/10,000 AND <1/1,000

Appendicitis

Bells palsy

Anaphylaxis

Immune thrombocytopenia

Myocarditis pericarditis

Disseminated intravascular 
coagulation

Incidence rate (per 100,000 person-years) by age group

Acute myocardial infarction

Non-hemorrhagic stroke

Hemorrhagic stroke

Deep vein thrombosis

Pulmonary embolism

Li BMJ 2021



Standards enabling evidence for policy:
COVID-19 treatment utilization patterns



COVID-19

41 studies in the past year



OHDSI collaborations



US Food and Drug Administration CBER
Biologics Effectiveness and Safety (BEST)

OHDSI serves as the Convener



US National Institutes of Health
All of Us Research Program

• 1,000,000 diverse 
participants

• Clinical data in 
OMOP CDM

• $100Ms



US National Institutes of Health
Electronic Medical Records and 

Genomics (eMERGE)



National COVID Cohort Collaborative 
(N3C)



The European Health Data and 
Evidence Network (EHDEN) 30M €

Innovative Medicines Initiative

Vision
The European Health Data & Evidence 
Network (EHDEN) aspires to be the trusted 
observational research ecosystem to enable 
better health decisions, outcomes and care

Mission
Our mission is to provide a new paradigm 

for the discovery and analysis of health data 
in Europe, by building a large-scale, 
federated network of data sources 

standardised to a common data model

DARWIN EU – European Medicines drug surveillance initiative
Erasmus MC using OHDSI





Lab’s other causal inference work

Structural causal models
Bareinboim, Blei, Zhang, Anand

Mechanistic models
Albers, Richter, Albert

Ontologies
Callahan
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Glucose 
Uptake

Glucose 
Ingestion

Insulin clearance, 
gluconeogenesis, and 

glycogenolysis

Excess insulin and 
glucose excretion

Insulin biosynthesis 
and release
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OHDSI at CUIMC



iNYP -> Explore (Epic link)

● “De-identified” OMOP
○ refreshed 1-2 times a 

year

● Access to 15K users via 
clinical system
○ “Can I have this for my 

patient list”

● Use it to collaborate with 
clinical researchers
○ “Data consultation” 

~10/yr
○ Improves our data



Columbia Data Consult Service

• Research project to study the effect of real-
time evidence generation

• Put observational research into action
• 29 questions, 22 clinicians, 24 answers

– Largely medicine, but due to recruitment
– Mostly were about recurring issues
– A fifth about a specific patient

Ostropolets JAMIA 2021



Observational Research Task Force
• Dawn Hershman, George Hripcsak, co-chairs
• Membership being confirmed

– Clinical researchers, epidemiology, equity, informatics, privacy, 
health records

• Components
– Research themes for emphasis 
– Faculty development and growth in these areas of research 
– Multi-PI collaborations 
– Education/training 
– Linkage to other initiatives and their task forces’ reports: e.g. 

core facilities (completed); clinical trials (completed); 
biostatistics (Under Dr. Kiros Berhane, ongoing). 



Summary

• Current observational research is suspect
• Large-scale observational research appears to 

be possible and more reliable than the current 
approach

• 6-million-patient database is available for 
research today (and Marketscan with funding)
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