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V 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
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F// OHDSI’s global research community
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e >200 collaborators from 25 different countries

* Experts in informatics, statistics, epidemiology, clinical sciences

e Active participation from academia, government, industry, providers

e Currently records on about 500 million unique patients in >100 databases

http://ohdsi.org/who-we-are/collaborators/
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r// 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 |
take metformin, what is the chance | will get lactic acidosis?

— Disease interception: Given everything you know about me,
what is the chance | will develop diabetes?
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Standardized, transparent workflows




How OHDSI Works

Source data Standardized, de- Data Analytics
warehouse, with identified patient- network development

identifiable level database support and testing
patient-level data (OMOP CDM v5)

Research and
education

Standardized
large-scale OHDSl.org

analytics

Summary
statistics results

Analysis
repository

results

OHDSI Data Partners




Deep information model

OMOP CDM Version 6
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Extensive vocabularies

Breakdown of OHDSI concepts by domain, standard class, and vocabulary
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Standardized conventions

Person Standardized health Standardized metadata
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Patient-level
data in source
system/ schema

WhiteRabbit:
profile your
source data

RabbitinAHat:
map your source
structure to
CDM tables and
fields
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Preparing your data for analysis

= Patient-level

implement data in ElLtest
OMOP CDM
ATHENA: CDM: ACHILLES:
standardized DDL, index, profile your
vocabularies constraints for CDM data;
for all CDM Oracle, SQL review data
domains Server, quality
Usagi: PostgresQL; assessment;
Vocabulary tables explore
map your , . :
with loading population-
source codes _ evel _
to CDM scripts evel summaries
vocabulary

OHDSI Forums:

Public discussions for OMOP CDM Implementers/developers

http://github.com/OHDSI
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ACHILLES Heel Data Curation

| Data Quality Messages
Search: Show / hide columns
Message Type 4 Message
ERROR 101-Number of persons by age, with age at first observation period; should not have age < 0, (n=848)
ERROR 103 - Distribution of age at first observation period (count = 1); min value should not be negative
ERROR 114-Number of persons with cbservation period before year-of-birth; count (n=851) should not be > 0
ERROR 206 - Distribution of age by visit_concept_id (count = 7); min value should not be negative
ERROR 301-Number of providers by specialty concept_id; 224 concepts in data are not in correct vocabulary
(Specialty)
ERROR 400-Number of persons with at least one condition occurmance, by condition_concept_id; 115 concepts in
data are not in correct vocabulary (SNOMED)
ERROR 406 - Distribution of age by condition_concept_id (count = 753); min value should not be negative




@ ATLAS to build, visualize, and analyze
cohorts

People having any of the following: Add Primary Criteria... -

a condition occurrence of | Delivery v Add Criterion... = m

Koccurrence start is: | Between ¥ | 2005-01-01 and 2013-12-31
X with age | Between *||18| and |55|

with observation at least |1EH:I v | days prior and 365 v | days after index
Limit primary events to: | All Events ¥ | per person.

For people matching the Primary Criteria, include:
People having | All ¥ |of the following criteria: Add New Criteria... ™

with | At Least * ||1 ¥ | occurrences of: Add Criterion... -
a condition occurrence of | Depression '

occurring between |l:| v | days Before * and |IED v | days After ¥ index Delete Criteria
and with At Most * |0 T occurrences of: Add Criterion... -
a condition occurrence of | Depression v

occurring between |AII 1-| days | Before * | and |D v | days | After v | index Delete Criteria




haracterize the cohorts of interest

OHDSI Heracles

«Back Matching Population: MiniSentinel replication - warfarin new users
Refresh

| Truven MDCD (APS) ¥ |

Condition Prevalence

Heracles Runner

% Persons Before: 3.9

% Persons After: 5.0

Data Density

Treemap Table

Cohort Specific

Vascular disorders ‘ - 1
Condition Vascular haemorrhagic disorders

= Haemorrhages NEC ‘

Condition Eras Haemorrhage
Conditions by Index Gastrointestinal hemorrhage

Prevalence: 9.06%
Dashboard [ | .

.08%

Number of People: 451

Death Log of Relative Risk per Perscn: 0.24

Difference in Risk: 0.01

Drug Eras

Drug Exposures

Drugs by Index

Box Size: Prevalence, Color: Log of Relative Risk (Red to Green = Negative to Positive), Use Ctrl-Click to Zoom, Alt-Click to Reset Zoom

Heracles Heel

Urug Exposures

Drugs by Index

Population by Gender A2 Population by Race 52 Population by Ethnicity k2
Heracles Heel
FEMALE M Black or African American [l Hispanic or Latino
Measurements WMALE No matching concept ‘ Not Hispanic or Latino

W white
Observation Periods

Observations

Person

Procedures
I Procedures by Index

Visits



OHDSI in Action

e Characterization



Treatment Pathways
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r/ OHDSI in action:
/ Chronic disease treatment pathways

e Conceived at AMIA 15Nov2014

* Protocol written, code 30Nov2014
written and tested at 2
sites

* Analysis submitted to 2Dec2014
OHDSI network

e Results submitted for7 5Dec2014
databases
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OHDSI participating data partners

Description Population,
millions

m

viation
Ajou University School of Medicine South Korea; inpatient hospital 2
EHR
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 Centricity US; outpatient EHR 33
INPC Regenstrief Institute, Indiana Network for US; integrated health exchange 15
Patient Care
MDC Japan Medical Data Center Japan; private-payer claims 3
MDCD MarketScan Medicaid Multi-State US; public-payer claims 17
MDCR MarketScan Medicare Supplemental and US; private and public-payer 9
Coordination of Benefits claims
OPTUM Optum ClinFormatics US; private-payer claims 40
STRIDE Stanford Translational Research Integrated US; inpatient EHR 2
Database Environment
-MHong Kong University Hong Kong; EHR 1
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Characterizing treatment pathways at scale using the
OHDSI network
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Observational research promises to complement experimental re-
search by providing large, diverse populations that would be
infeasible for an experiment. Observational research <an test its
own dinical hypotheses, and cbservational studies also can contrib-
ute to the design of experiments and inform the generalizability of
experimental research. Understanding the dwversity of populations

Without sufficiently broad databases available in the first stage,
randomized trials are designed without explicit knowledge of ac-
tual discase status and treatment practice. Literature reviews are
restricted to the population choices of previous investigations, and
pilot studics usvally arc limited in scope. By cxploiting the
Clinical Trials.gov national trial registry (9) and ¢lectronic health




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

Type 2 Diabetes Mellitus

Metformin

Gliclazide

pioglitazone

sitagliptin

glimepiride

Glipizide

rosiglitazone

Glyburide

Insulin, Glargine, Human
exenatide

liraglutide

Insulin, Aspart, Human

saxagliptin

CCAE
W\

Hypertension

Hydrochlorothiazide
Lisinopril
Metoprolol
Amlodipine
Furosemide
Losartan
Atenolol
valsartan
carvedilol
Triamterene
Diltiazem
Ramipril
benazepril
olmesartan
Spironolactone

Clonidine

Depression

Citalopram
Bupropion
Sertraline
Escitalopram
Fluoxetine
Trazodone
venlafaxine
duloxetine
Paroxetine
Amitriptyline
Mirtazapine
Desvenlafaxine
Nortriptyline

Doxepin




F// Conclusions: Network research

* |tis feasible to encode the world population in
a single data model

* Generating evidence is feasible
e Stakeholders willing to share results

e Able to accommodate vast differences in
privacy and research regulation




howoften.org

P OHDSI

* Incidence of side effects J ol
 Any drug on the world o B

Ma rket How often do patients get a condition after starting a drug?

Which drug are you interested in?

* Any condition

d A bSO I ute ri S k Which condition are you interested in?
* Not causal

(Characterization) B

° O N the I nte rnet What this does What this does not do

Use this tool to look up the proportion of people starting a This tool does not demonstrate that a drug causes a
drug who are newly diagnosed with a condition within 1 condition (i.e., that the condition is a side effect of the
year of starting the drug. You can search for a specific drug). Instead, for example, the condition may be part of
drug-condition incidence by entering your drug and the reason you are taking the drug, or the condition may
condition of interest in the fields above. Or, you can browse just be common in the population.

a list of conditions of potential interest by leaving the

condition field blank, and you'll be shown conditions histed

on the drug's product label

Angicedema)

This tool provides the overall observed risk in a population, but does not provide the attributable risk due to drug exposure. The results provided
are raw unadjusted numbers for each diagnesis. The data made available through this site are for informational purpeses only and are not a
substitute for professional medical advice or services. You should not use this information for comparing drugs or making decisions related to
diagnosing or treating a medical or health condition; instead, please consult a physician or healthcare professional in all matters related to your
health.




OHDSI in Action

* Population-level estimation



What is the quality of the current
evidence from observational analyses?

B ORIGINAL CONTRIBUTION

JAMA

Exposure to Oral Bisphosphonates
and Risk of Esophageal Cancer

Chris R. Cardwell, PhD
Christian C. Abnet, PhD
Marie M. Cantwell, PhD
Liam J. Murray, MD

n ISPHOSPHONATES INHIBIT OSTEO-
clast-mediated bone resorn-

Context Use of oral bisphosphonates has increased dr.
and elsewhere. Esophagitis is a known adverse effect of
cent reports suggest a link between bisphosphonate us|
this has not been robustly investigated.

Objective To investigate the association between bi]
ageal cancer.
Dasi 3

and B Diata .

para oo

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”

sembles ground alendronate tablets has
been found on biopsy in patients with
bisphosphonate-related esophagitis, and
follow-up endoscopies have shown that
abnormalities remain after the esopha-
gitis heals.® Reflux esophagitis is an es-
tablished risk factor for esophageal can-
cer through the Barrett pathway.™# It is
not known whether bisphosphonate-
related esophagitis can also increase
esophageal cancer risk. However, the
US Food and Drug Administration re-
cently reported 23 cases of esophageal
cancer (between 1995 and 2008) in pa-
tients using the bisphosphonate alen-

dronate and a further 31 cases in pa-
A L L 1 L AP

cohort. The incidence of esophageal and gastric cance
person-years of risk in both the bisphosphonate and d
of esophageal cancer alone in the bisphosphonate al
and 0.44 per 1000 person-years of risk, respectively. T
of esophageal and gastric cancer combined between
phonate use (adjusted hazard ratio, 0.96 [95% confid
risk of esophageal cancer only (adjusted hazard ratio,
val, 0.77-1.491). There also was no difference in risk of]
by duration of bisphosphonate intake.

Conclusion Among patients in the UK General Practi
of oral bisphosphonates was not significantly associate
gastric cancer.

JAMA. 2010;304(6):657-663

Large studies with appropriate com-  termine w
parison groups, adequate follow-up, ro-  crease esopf
bust characterization of bisphospho-  dertook sy

BM

lickerriciogy Lt
of Oucond, Cdiord

RESEARCH

Oral bisphosphonates and risk of cancer of oesophagus,
stomach, and colorectum: case-control analysis within a UK

primary care cohort

Jane Green, clinical epidemiclogist, Gabrisla Czanner, statistician,' Gillian Reaves, statistical epidemickogist)
Joanna Watson, epidemiclogist! Leskey Wise, manager, Phamacoesepidemiclogy Research and Intzligence

Uit * Valerie Beral, professor of cancer epid emiclogy!

ABSTRACT

Objective To examine the hypothesis that risk of
oesophageal, but not of gastric or colorectal, cancer is
increased in users of oral bisphosphonates.

Design Nested case-control a nalysiswithina prima ry care
cohort of about 6 million people in the UK, with
prospectively recorded information on prescribing of
bisphosphonates.

Settimg UK General Practice Research Database co hort.
Participants Men and women aged 40 years or over—
2954 with oesophageal cancer, 2018 with gastric cancer,
and 10641 with colorectal cancer, dizgnosed in 1995
200%; fivecontrols per case matc hed for age, sex, general
practice, and obsenation time.

Main cutcome measures Relative risks for incident
invasive cancers of the oesophagus, stomach, and
colorectum, adjusted for smoking, aleobol, and body

Lisslnes,

Conclusions The risk of cesophageal cancer increased
with 10 or more prescriptions for oral bisphosphonates
and with prescriptions over about & five year period. In
Europe and Morth America, the incidence of oeso phageal
cancer at age 60-79is typically 1 per 1000 population
owver five years, and this is estimated to increa se to about
2 per 1000 with five years” use of oral bisphosphonates.

INTRODUCTION

Adverse gastrointestinal effects are common among
people who take oral bisphosphonates for the preven-
tion and treatment of osteoporosis; they range from
dyspepsia, nausea, and abdominal pain to erosive
oesophagiti= and oesophageal ulcers.” Recent case
reports have suggested a possible increaze in the risk
of oesophageal cancer with use of such hisphosphonate
preparationz.* We repart here on the relation between

prospedively_recorded prescribing information_for

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”

MNMETMEAtA T 1N z2ndN &7 (01 7710 1 01 Thecnerifirite

hoonital raonrdel are aroamad 95% walid  and




F/{‘ Standard error vs effect size
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Observational research results in
literature
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Addressing reproducibility

1. Propensity stratification with systematic variable
selection: measured confounding

2. Confidence interval calibration using negative
controls: unmeasured confounding
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F Addressing reproducibility

3. Multiple databases, locations, practice types

Uncalibrated Calibrated
CCAE T—
MDCD ©
MDCR —o—
Optum —o—

025 0.5 1 2 4 6 810 0.25 0.5 1 2 4 6 810

4. Publish all hypotheses, code, parameters, runs

OEL+-1000
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Addressing reproducibility

arry out on aligned hypotheses at scale

<H
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Standard Error

Estimates are in line with expectations
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Improving reproducibility by using
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Improving reproducibility by
using high-throughput
observational studies with
empirical calibration
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Table 18. Oral Antihypertensive Drugs

forms)

Usual Dose, Daily
Class Drug Range Frequen Comments
Primary agents
Thiazide or Chlorthalidone 12.5-25 1 Chlorthalidone is greferred on the basis of
thiazide-type Hydrochlorothiazide 25-50 1 prolonged half-life and proven trial reduction of
diuretics Indapamide 12525 1 CvD.
Metolazone 25-10 1 Monitor for hyponatremia and hypokalemia, uric
acid and calcium levels.
Use with caution in patients with history of acute
gout unless patient is on uric acid—lowering therapy.
ACE inhibitors Benazepril 1040 lord Do not wse in combination with ARBs or direct renin
Captopril 12.5-150 Z2ord inhibitor.
Enalapril 540 lor2 There is an increased risk of hyperkalemia, especially
Fosinopril 10-40 1 in patients with CKD or in those on K* supplements
Lisinopril 10-40 1 or K*-sparing drugs.
Moexipril 7.5-30 1ar? There is a risk of acute renal failure in patients with
Perindopril 1-16 1 severe bilateral renal artery stenosis.
Quinapril 10-80 1or? Do not wse if patient has history of angicedema with
Ramipril 2.5-10 lor2 ACE inhibitors.
Trandelapril 1-4 1 Avoid in pregnancy.
ARBs Azilsartan 4080 1 Do not use in combination with ACE inhibitors or
Candesartan 532 1 direct renin inhibitor.
Eprosartan 00800 lor There is an increased risk of hyperkalemia in CKD or
Irbesartan 150-300 1 in those on K* supplements or K*-sparing drugs.
Losartan 50-100 lor2 There is a risk of acute renal failure in patients with
Olmesartan 2040 i severe bilateral renal artery stenosis.
Telmisartan 2050 1 Do not use if patient has history of angicedema
Valsartan 20—320 1 with ARBs. Patients with a history of angicedema
with an ACE inhibitor can receive an ARE beginning &
weeks after ACE inhibitor is discontinued.
Avoid in pregnancy.
CCB— Amlodipine 25-10 1 &void use in patients with HFrEF; amlodipine or
dihydropyridin | Felodipine 510 1 felodipine may be used if reguired.
e5 Isradipine 510 2 They are associated with dose-related pedal edema,
Micardipine 5B 520 1 which is more comman in women than men.
Mifedipine LA G0-120 1
Nisaldigine 30-90 1
CCB— Diltiazem SR 180-360 2 Avoid routine use with beta blockers because of
nondihydropyri | Diltiazem ER 120430 1 increased risk of bradycardia and heart block.
dines Verapamil IR 40-80 3 Do not use in patients with HFrEF.
Verapamil SR 120430 lor There are drug interacticns with diltiazem and
Verapamil-delayed 100480 1(inthe verapamil {CYP244 major substrate and moderate
onset  ER  [various evening) inhibitar).

Whelton et al.,
Hypertension 2018



F,/ Evidence to support the guideline

e 40 randomized trials

* Most decisions are |
“expert opinion” ! A



Comparisons of hypertension treatments

| Theoretical | Observed (n>2,500

Single ingredients

Single ingredient comparisons
Single drug classes

Single class comparisons

Dual ingredients

Single vs duo drug comparisons
Dual classes

Single vs duo class comparisons
Duo vs duo drug comparisons

Duo vs duo class comparisons

Total comparisons

Outcomes of interest

Target-comparator-outcomes

58

58 * 57 = 3,306
15

15 * 14 =210

58 *57/2=1,653

58 * 1,653 = 95,874
15*14 /2 =105

15 *105=1,575

1,653 * 1,652 = 2,730,756
105 * 104 = 10,920

2,843,250
58
2,843,250 * 58 = 164,908,500

39
1,296
13
156
58
3,810
32
832
2,784
992

10,278
58
587,020
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Chilorthalidone
HCTZ
Indapamide
Benazepril
Captopri
Enalapril
Fosinopril
Lisinopril
Quinapril
Ramipril
Azilsartan
Candesartan
Irbesartan
Losartan
Olmesartan
Telmisartan
alsartan
Amlodipine
Felodipine
Nicardipine
Nifedipine
Diltiazem
Verapamil
Furosemide
Spironolacione
Atenolol
Bisoprolol
Metoprolol
Nebivolol
MNadolol
Propranolol
Carvedilo
Labetalol
Hydralazine
Doxazosin
Terazosin
Clonidine
Methyldopa
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Composite (M, HF, stroke) outcome in
meta-analysis

m

F/J Cardiovascular efficacy by drug

Prescriptions are not written
at the class-level; must
choose an individual drug
for the patient

@ 1%-line > 2"-|line

@ Some within-class
differences failed
diagnostics,

e.g. captopril



q LEGEND knowledge base for hypertension

Head-to-head HTN drug comparisons
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OHDSI in Action

e Patient-level prediction



Prevalence in patients with the outcome
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Stroke risk in atrial fibrillation
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The OHDSI approach lets the model choose from all conditions and drugs

247 variables out of 16900 including:

1. all the CHADS?2 (afib stroke risk) markers

2. plus some other variables that make clinical sense (ex: brain cancer,
smoking)

3. plus some other variables that warrant further exploration (ex:

antiepileptic, COPD

| Tobacco dependencesyndrome |
®- r

; .
| Chronic obstructive lung disease|

| Malignant essential hypertension ‘ | Agegroup: 15-19
[
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Prevalence in patients without the outcome
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Gradient boosting
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Transportability Assessment Stroke

CCAE MDCD MDCR OPTUM AUC

CCAE

Transportability to MDCR is low

OPTUM MDCR MDCD




F// Conclusions

e |tis feasible to create an enormous international
research network

* Sites will volunteer to run studies
e Completely open
— Data model, methods, tools
* Concrete approach to address the credibility crisis
* Prediction

— It’s not ROC area
— New, useful information




Join the journey

http://ohdsi.org



