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Agenda

800am-900am Registration and coffee
900am-1000am Overview of OHDSI tools ecosystem Patrick Ryan
1000am-1030am Vocabulary Patrick Ryan
1030am-1045am Coffee Break
1045am-1115am Data sources Peter Rijnbeek
1115am-1230pm Cohort definition and characterization Patrick Ryan
1230pm-130pm Lunch
130pm-200pm Incidence rate Patrick Ryan
200pm-230pm Population-level effect estimation Martijn Schuemie
230pm-300pm Patient-level prediction Jenna Reps

300pm-500pm
Design and implement your own OHDSI 
study! You!!!

330pm-345pm Coffee Break
500pm Drinks and snacks



Overview of the OHDSI tools 
ecosystem



The journey to real-world evidence

Patient-level 
data in source 

system/schema

Reliable 
evidence

One-time Repeated



The journey to real-world evidence

Patient-level 
data in source 

system/schema

Reliable 
evidence

One-time Repeated

Different types of observational data:
• Populations

• Pediatric vs. elderly
• Socioeconomic disparities

• Care setting
• Inpatient vs. outpatient
• Primary vs. secondary care

• Data capture process
• Administrative claims
• Electronic health records
• Clinical registries

• Health system
• Insured vs. uninsured
• Country policies



The journey to real-world evidence

Patient-level 
data in source 

system/schema

Reliable 
evidence

Types of evidence desired:
• Cohort identification

• Clinical trial feasibility and 
recruitment

• Clinical characterization
• Treatment utilization
• Disease natural history
• Quality improvement

• Population-level effect estimation
• Safety surveillance
• Comparative effectiveness

• Patient-level prediction
• Precision medicine
• Disease interception

One-time Repeated



What are your research questions?



Structuring the journey from source to 
a common data model

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
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CDM:  
DDL, index, 

constraints for 
various RDBMS 

flavors; 
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


OMOP CDM

Concept

Concept_relationship

Concept_ancestor

Vocabulary

Source_to_concept_map

Relationship

Concept_synonym

Drug_strength

Cohort_definition

Standardized vocabularies

Attribute_definition
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Visit_occurrence
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Payer_plan_period

Provider

Care_siteLocation

Death

Cost

Device_exposure

Observation

Note

Standardized health system data

Fact_relationship

Specimen
CDM_source

Standardized meta-data

Standardized 
health econom

ics

Person

Note_NLP



Structuring the journey from a 
common data model to evidence

Single study

Real-time query

Large-scale analytics

Patient-level 
data in  
CDM

Reliable 
evidence

Write 
Protocol

Develop
code

Execute
analysis

Compile 
result

Develop 
app

Design 
query

Submit 
job

Review 
result

Develop 
app

Execute 
script

Explore 
results

One-time Repeated



ATLAS – an open-source platform to design 
and execute observational analyses



Analytic use cases supported in ATLAS



s

New-user cohort studies using 
large-scale regression for 
propensity and outcome 
models

Cohort Method

s

Self-Controlled Case Series 
analysis using few or many 
predictors, includes splines for 
age and seasonality.

Self-Controlled Case Series

s

A self-controlled cohort 
design, where time preceding 
exposure is used as control.

Self-Controlled Cohort

s

A self-controlled design, but 
using temporal patterns 
around other exposures and 
outcomes to correct for time-
varying confounding.

IC Temporal Pattern Disc.

s

Build and evaluate predictive 
models for user-specified 
outcomes, using a wide array 
of machine learning 
algorithms.

Patient Level Prediction

s

Use negative control 
exposure-outcome pairs to 
profile and calibrate a 
particular analysis design.

Empirical Calibration

s

Use real data and established 
reference sets as well as 
simulations injected in real 
data to evaluate the 
performance of methods.

Method Evaluation

s

Connect directly to a wide 
range of database platforms, 
including SQL Server, Oracle, 
and PostgreSQL.

Database Connector

s

Generate SQL on the fly for 
the various SQL dialects.

Sql Render

s

Highly efficient 
implementation of regularized 
logistic, Poisson and Cox 
regression.

Cyclops

s

Support tools that didn’t fit 
other categories, including 
tools for maintaining R 
libraries.

Ohdsi R Tools
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Under construction

s

Automatically extract large 
sets of features for user-
specified cohorts using data in 
the CDM.

Feature Extraction

s

Case-control studies, 
matching controls on age, 
gender, provider, and visit 
date. Allows nesting of the 
study in another cohort.

Case-control

s

Case-crossover design 
including the option to adjust 
for time-trends in exposures 
(so-called case-time-control).

Case-crossover



ARACHNE – an open-source platform to 
enable analyses across the OHDSI network 



All of OHDSI tools are open source and 
freely available

http://github.com/OHDSI

http://github.com/OHDSI




• Baseline 
characterization of 
target and 
comparator cohort

• Descriptive 
summaries of:
– Demographics
– Medical history 

(prior conditions)
– Medication use 

(prior drugs)
– Prior procedures
– Risk scores



• Incidence rate during target and comparator cohorts based on 
observing new events during ‘time-at-risk’ for eight selected 
outcome cohorts



• Population-level effect estimation examining temporal 
association between target and comparator cohorts and eight 
selected outcome cohorts



The common building block of all 
observational analysis:  cohorts

Clinical characterization
Baseline summary of exposures
(treatment utilization)

Clinical characterization
Baseline summary of outcome
(disease natural history)

Incidence summary
Proportion/rate of outcome
occurring during time-at-risk for exposure

Population-level effect estimation
Relative risk (HR, OR, IRR) of outcome
occurring during time-at-risk for exposure

Patient-level prediction
Probability of outcome occurring during 
time-at-risk for each patient in population

Target cohort:
Person
cohort start date
cohort end date

Comparator cohort:
Person
cohort start date
cohort end date

Outcome cohort:
Person
cohort start date
cohort end date

Desired outputs:Required inputs:



OHDSI in action:  Cohort definition



OHDSI in action:  Cohort 
characterization



OHDSI in action:  
Cohort characterization in ATLAS



OHDSI in action:  incidence rate 
specification



OHDSI in action: incidence rate 
generation



OHDSI in action:  
Population-level effect estimation 

design



OHDSI in action:  
Population-level effect estimation 

imeplementation
Model type: cox
Stratified: FALSE
Use covariates: FALSE
Status: OK

Estimate lower .95 upper .95    logRr seLogRr
treatment 0.89626 0.71863   1.11829 -0.10952  0.1128

Population counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count      17460             17460           17460               17460

Outcome counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count       164               155              164                 155

Time at risk
treatedDays comparatorDays

Days     4912947        3954046



OHDSI in action:  
Patient-level prediction design



OHDSI in action:  
Patient-level prediction 

implementation



Vocabulary



Everything is a concept….everything needs to be 
defined in a common language
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OMOP Common Vocabulary Model

What it is
• Standardized 

structure to house 
existing vocabularies 
used in the public 
domain

• Compiled standards 
from disparate 
public and private 
sources and some 
OMOP-grown 
concepts

What it’s not
• Static dataset – the 

vocabulary updates 
regularly to keep up with 
the continual evolution of 
the sources

• Finished product –
vocabulary maintenance 
and improvement is 
ongoing activity that 
requires community 
participation and support

33



1. All content: concepts in concept table 
2. Direct relationships between concepts listed in concept_relationship
3. Multi-step hierarchical relationships pre-processed in concept_ancestor

OMOP Vocabulary CDM

34



SNOMED-CT

Source codes

ICD10CM

Low-level concepts

Higher-level 
classifications

OxmisRead

SNOMED-CT

ICD9CM

Top-level 
classification SNOMED-CT

MedDRA

MedDRA

MedDRA

Low-level terms

Preferred terms

High-level terms

MedDRA High-level group terms

MedDRA System organ class

ICD10 Ciel MeSHSNOMED

Standard vocabulary

Classifications

Source codes

Condition 
Concepts

35



Condition ancestry around 
“atrial fibrillation“

Atrial fibrillation

Fibrillation Atrial arrhythmia

Supraventricular 
arrhythmia

Cardiac arrhythmia

Heart disease

Disease of the 
cardiovascular system

Controlled 
atrial 

fibrillation

Persistent 
atrial 

fibrillation

Chronic atrial 
fibrillation

Paroxysmal 
atrial 

fibrillation

Rapid 
atrial 

fibrillation

Permanent 
atrial 

fibrillation

Concept Relationships

SNOMED Concepts

36



Ancestry Relationships: Higher-Level Relationships

Atrial fibrillation

Fibrillation Atrial arrhythmia

Supraventricular 
arrhythmia

Cardiac arrhythmia

Heart disease

Disease of the 
cardiovascular system

Controlled 
atrial 

fibrillation

Persistent 
atrial 

fibrillation

Chronic atrial 
fibrillation

Paroxysmal 
atrial 

fibrillation

Rapid 
atrial 

fibrillation

Permanent 
atrial 

fibrillation

Concept Relationships

Concepts

Ancestry Relationships

Ancestor

Descendant

5 levels of separation

2 levels of separation

37



NDFRT

GPINDC EU Product

ATC

CPT4

Source codes

Drug products

Ingredients

Classifications

VA-Product

Drug Forms and Components

HCPCS

ETCFDB Ind 

CIEL Gemscript

Genseqno

NDFRT Ind

MeSH Multum Oxmis Read

SPLVA Class CVX

NDFRT ATC ETCFDB Ind NDFRT Ind SPLVA Class CVX

dm+d

RxNorm    RxNorm Extension

SNOMED

SNOMED

Drugs

RxNorm    RxNorm Extension

RxNorm    RxNorm Extension

AMIS

DPD

BDPM

Drug Hierarchy

Standard 
Drug Vocabulary:

Drug Classes

Drug Codes Procedure Drugs
38



Vocabulary classifications improve your 
efficiency….and your quality!

• 60% of medication codes and 94% of records are mapped
• 45% of opiate codes covered by one of ATC, ETC, and NDF-RT are 

covered by all three
• 15% missed by at least one

• No one classification scheme was better than the others



Vocabulary classifications improve your 
efficiency….and your quality!

DeFalco HSORM 2013



If we try to speak the same language, 
will there be loss in translation?



Changing language may change your 
codelist, that may change your cohort 

depending on the disease…



…but in practice, running an estimation 
analysis using source vs. standard 
vocabulary yields similar results



Demo:  Searching the vocabulary in 
ATLAS

Follow along at:  
http://ohdsi.org/web/ATLAS

http://ohdsi.org/web/ATLAS


Demo: vocabulary search

Search for concept names, concept IDs, or source codes 
across any domain in the OMOP CDM



Demo: vocabulary search results



Demo: vocabulary concept selection



Demo: Concept relationship 
exploration



Demo: Concept hierarchy



Data Sources



CDM Version 5 Key Domains
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Purpose of Achilles

• ACHILLES is a platform which enables the 
characterization, quality assessment and 
visualization of observational health databases. 

• ACHILLES provides users with an interactive, 
exploratory framework to assess patient 
demographics, the prevalence of conditions, drugs 
and procedures, and to evaluate the distribution of 
values for clinical observations.

52



Achilles – Under the Hood
• Two step process

– Step 1: R Routine running against the local CDM instance. This R routine calculates 
summary statistics which allow to describe the distribution of patient-level data as well 
as a generic view on the quality of the data. The output of this step is summarized (and 
hence de-identfied) set of data stored in results tables in the CDM. 

– Step 2: webapplication which can run standalone from a CDM instance. It requires the 
ACHILLES R results generated in step 1 as input. The webapplication allows interactive 
exploration for each of the entities (tables) in the OMOP scheme individually (not 
possible to query across multiple entities at the same time)

53

OMOP CDM



Basic Navigation
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Examples
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Examples
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Examples
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Examples
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Examples
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Examples
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Cohort:
Definition and characterization



Defining ‘phenotype’

• A phenotype is a specification of an observable, potentially changing state of an 
organism (as distinguished from the genotype, derived from genetic makeup). 

• The term phenotype can be applied to patient characteristics inferred from electronic 
health record (EHR) data.

• The goal is to draw conclusions about a target concept based on raw EHR data, claims 
data, or other clinically relevant data. 

• Phenotype algorithms – ie, algorithms that identify or characterize phenotypes – may 
be generated by domain exerts and knowledge engineers, or through diverse forms of 
machine learning to generate novel representations of data.



Rule-Based
Phenotyping

Probabilistic
Phenotyping

Two Approaches to Phenotyping



Data are Like Lego Bricks 
for Phenotypng

Drugs

Conditions

Measurements

Procedures

Observations

Visits





OHDSI’s definition of ‘cohort’

Cohort = a set of persons who satisfy one or 
more inclusion criteria for a duration of time

Objective consequences based on this cohort definition:
• One person may belong to multiple cohorts
• One person may belong to the same cohort at multiple different time 

periods
• One person may not belong to the same cohort multiple times during 

the same period of time
• One cohort may have zero or more members
• A codeset is NOT a cohort…

…logic for how to use the codeset in a criteria is required



Dissecting the anatomy of a cohort 
definition

Person 
timeline

Cohort entry 
initial event

Cohort 
exit

Observation 
period end

Observation 
period start

Inclusion criteria 
temporal logic

Inclusion criteria 
observation (>=1)

Inclusion criteria temporal 
logic

Inclusion criteria 
absence (=0)



Questions to answer when defining a 
cohort

• What initial event(s) define cohort entry?
• What inclusion criteria are applied to the 

initial events?
• What defines a person’s cohort exit?



Dissecting the anatomy of a cohort 
definition

Person 
timeline

Cohort entry 
initial event

Cohort 
exit

Observation 
period end

Observation 
period start

Inclusion criteria 
temporal logic

Inclusion criteria 
observation (>=1)

Inclusion criteria temporal 
logic

Inclusion criteria 
absence (=0)

What initial event(s) define cohort entry?
• Events are recorded time-stamped observations for 

the persons, such as drug exposures, conditions, 
procedures, measurements and visits. 

• The event index date is set to be equal to the event 
start date

• Initial events defined by a domain, conceptset, and 
any domain-specific attributes required



Dissecting the anatomy of a cohort 

definition

Person 

timeline

Cohort entry 

initial event
Cohort 

exit

Observation 

period end

Observation 

period start
Inclusion criteria 

temporal logic

Inclusion criteria 

observation (>=1)

Inclusion criteria temporal 

logic

Inclusion criteria 

absence (=0)

What inclusion criteria are applied to the 
initial events?
• The qualifying cohort will be defined as 

all persons who have an initial event 

and satisfy all qualifying inclusion 

criteria.

• Each inclusion criteria is defined by 

domain(s), conceptset(s), domain-

specific attributes, and the temporal 

logic relative to initial events

• Each qualifying inclusion criteria can be 

evaluated to determine the impact of 

the criteria on the attrition of persons 

from the initial cohort (example use 

case:  clinical trial feasibility)



Dissecting the anatomy of a cohort 
definition

Person 
timeline

Cohort entry 
initial event

Cohort 
exit

Observation 
period end

Observation 
period start

Inclusion criteria 
temporal logic

Inclusion criteria 
observation (>=1)

Inclusion criteria temporal 
logic

Inclusion criteria 
absence (=0)

What defines a person’s cohort exit?
• Cohort exit signifies when a person no longer 

qualifies for cohort membership
• Cohort exit can be defined in multiple ways:
• End of observation period
• Fixed time interval relative to initial event
• Last event in a sequence of related 

observations (ex: persistent drug 
exposure)

• Censoring observations
• Cohort exit strategy will impact whether a 

person can belong to the cohort multiple 
times during different time intervals



Defining cohort components
• Domain: A Domain defines the set of allowable Concepts 

for the standardized fields in the CDM tables.
– Ex:  Condition, Drug, Procedure, Measurement

• Conceptset: An expression that defines one or more 
concepts encompassing a clinical entity of interest
– Ex: Concepts for T2DM,  concepts for antidiabetic drugs

• Domain-specific attribute:  
– Ex:  DRUG_EXPOSURE: Days supply;  MEASUREMENT:  

value_as_number, high_range
• Temporal logic:  the time intervals within which the 

relationship between an inclusion criteria and an event is 
evaluated
– Ex: Indicated condition must occur during 365d prior to or on 

exposure start 





Graham et al. description of the 
outcomes



Exercise:  Define the outcome cohort 
for Graham et al.

• What initial event(s) define cohort entry?
• What inclusion criteria are applied to the initial 

events?
• What defines a person’s cohort exit?



Graham et al. description of the cohort(s)



Exercise:  Define the target exposure 
cohort for Graham et al.

• What initial event(s) define cohort entry?
• What inclusion criteria are applied to the initial 

events?
• What defines a person’s cohort exit?



Demo:  Implementing cohorts in ATLAS

Follow along at:  
http://ohdsi.org/web/ATLAS

http://ohdsi.org/web/ATLAS


Demo:  Cohort definition



Demo:  Cohort definition – initial event



Demo:  Cohort definition – inclusion 
criteria



Demo:  Cohort definition – inclusion 
criteria



Demo:  Cohort definition – exit criteria



Demo:  Cohort definition – exit criteria 
censoring events



Demo:  Cohort definition – conceptsets



Demo:  Cohort generation



Demo:  Cohort – inclusion report to 
evaluate impact of criteria



Demo:  Cohort characterization



Demo:  Cohort characterization



Demo:  Cohort definition – protocol 
text



Demo:  Cohort definition – graphical 
view



Demo:  Cohort definition –
transportable JSON code



Demo:  Cohort definition – templated 
SQL



Incidence rate



Dissecting the anatomy of incidence

Person 
timeline

Cohort 
entry

Time-at-risk

Outcome
occurrence

Incidence metrics:
# persons in the target cohort who have new 
outcome occurrence during the time-at-risk

# persons in the target cohort with time-at-risk*

# persons in the target cohort who have new 
outcome occurrence during the time-at-risk
person-time at-risk for persons in the target 

cohort with time-at-risk*

Cohort 
exit

Observation 
period end

Observation 
period start

Incidence proportion =

Incidence rate =



Myriad difficult choices that researchers 
have to make to produce a ‘simple answer’

• How should the target cohort be defined?
• How should the outcome be defined?
• How should the time-at-risk be defined?
• How to account for patients with incomplete time-at-

risk?
• Which statistical metrics should be reported?
• Which data should be used?



Myriad difficult choices that researchers 
have to make to produce a ‘simple answer’

• How should the time-at-risk be defined?

Person 
timeline

Cohort 
entry

1 day to 30 day 
after cohort start

Outcome
occurrence

Cohort 
exit

Observation 
period end

Observation 
period start

Time-at-risk

1 day to 365 day after cohort start

‘on treatment’:  cohort start through cohort end

‘intent-to-treat’:  cohort start through observation period end



Decisions for incidence rate estimations 
in the OHDSI framework

• What’s your Target cohort(s)?
• What’s your Outcome cohort(s)?
• What’s your time-at-risk?
• What’s your stratification criteria?



Demo:  Implementing incidence rates 
in ATLAS

Follow along at:  
http://ohdsi.org/web/ATLAS

http://ohdsi.org/web/ATLAS


Demo:  incidence rate specification



Demo:  incidence rate generation



Estimation:
Population-level effect 
estimation using the 

comparative cohort design



Full-day tutorial in 30 minutes

• Will focus on key concepts here
• View video of full day here: 

https://www.ohdsi.org/past-events/2017-
tutorials-population-level-estimation/

https://www.ohdsi.org/past-events/2017-tutorials-population-level-estimation/


Two types of questions

• Does exposure T cause outcome O? 
Effect estimation

• Does exposure T cause outcome O compared 
to exposure C?
Comparative effect estimation



New-user cohort design

Total population

Treated cohort

Comparator
cohort



Randomized controlled trial

Total population

Treatment arm

Control arm

Randomization



New-user cohort design

Total population

Treated cohort

Comparator
cohort

Treatment assignment is not random!

Doctors have reasons why they prescribe 
a drug to some patients and not to others



Propensity score (PS)

The propensity score is the probability of 
receiving the treatment, conditional on a set of 
baseline characteristics

! "#$%"&$'" () = +( -. + -/0/ + -101 + -202 + … )

Intercept
Charlson Comorbidity Index
Gender
Age



PS score distribution



Using the PS

• Trimming 
if P(treatment) is around 50%, treatment assignment 
‘must be random’

• Stratification or matching
only compare subjects to subjects with a similar PS

• Inverse probability weighting
• Adding to the outcome model

correct for the PS in the model used to predict the 
outcome



Trimming



Stratifying



Matching



Which variables go into the PS model?

• Traditional: hard thinking by expert

• High-Dimensional PS: rank many variables (e.g. all 
drugs, conditions) by correlation with exposure 
(and maybe outcome), pick top n
(Highly unstable)

• Our approach: put everything (demographics, all 
drugs, all drug classes, all conditions, all disease 
classes, all procedures, all observations, all 
severity indexes) in a regularized regression

Important: make sure not to put the 
exposures themselves in the model!



Types of outcome models

• Logistic 
Did the outcome occur yes/no? 

• Poisson
How many times did the outcome occur? 

• Cox
What was the time to the first outcome or end of 
observation?

• Conditional or non-conditional (Logistic, 
Poisson, Cox)
stratify by PS strata or matched sets



Demo: implement Graham study in ATLAS

http://www.ohdsi.org/web/atlas/#/estimation/1735869

http://www.ohdsi.org/web/atlas/




What is the design used by  Graham et al?

Input parameter Design choice

Target cohort (T) dabigatran new users with prior atrial 
fibrillation

Comparator cohort (C) warfarin new users with prior atrial 
fibrillation

Outcome cohort (O) Ischemic stroke

Time-at-risk 1 day after cohort start à cohort end

Model specification 1:1 propensity score-matched univariable
conditional Cox proportional hazards



Graham et al. description of the 
covariate adjustment strategy



Graham et al. replication: 
Designing the covariate adjustment 

strategy in ATLAS



Graham et al. replication: 
Designing the covariate adjustment 

strategy in ATLAS



Graham et al. replication: 
Designing a protocol in ATLAS



Graham et al. replication: 
Designing a protocol in ATLAS (2)



Graham et al. replication: 
Designing a protocol in ATLAS (3)



Graham et al. replication: 
Designing the source code in ATLAS



Interpreting results



Plot propensity score distribution



After matching



Attrition



Attrition

Cohorts as selected by ATLAS



Attrition

Study population that will go into Cox 
regression



Attrition

Study population that will go into Cox 
regression



Covariate balance

Most covariates are binary:

abs(Ptarget group – Pcomparator group)  
standard deviation

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



Inspect the outcome model

Model type: cox
Stratified: TRUE
Use covariates: FALSE
Use inverse probability of treatment weighting: FALSE
Status: OK

Estimate lower .95 upper .95 logRr seLogRr
treatment  0.78000   0.51050   1.18316 -0.24846  0.2144

Population counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count      16295            16295            16295               16295

Outcome counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count        81                73               81                  73

Time at risk
treatedDays comparatorDays

Days     1682365        1515233



Inspect the outcome model

Model type: cox
Stratified: TRUE
Use covariates: FALSE
Use inverse probability of treatment weighting: FALSE
Status: OK

Estimate lower .95 upper .95 logRr seLogRr
treatment  0.78000   0.51050   1.18316 -0.24846  0.2144

Population counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count      16295            16295            16295               16295

Outcome counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count        81                73               81                  73

Time at risk
treatedDays comparatorDays

Days     1682365        1515233

Point estimate and 95% confidence interval



Inspect the outcome model

Model type: cox
Stratified: TRUE
Use covariates: FALSE
Use inverse probability of treatment weighting: FALSE
Status: OK

Estimate lower .95 upper .95 logRr seLogRr
treatment  0.78000   0.51050   1.18316 -0.24846  0.2144

Population counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count      16295            16295            16295               16295

Outcome counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count        81                73               81                  73

Time at risk
treatedDays comparatorDays

Days     1682365        1515233

Target group (dabigatran) has more 
outcomes, but also more time at risk



Inspect the outcome model

Model type: cox
Stratified: TRUE
Use covariates: FALSE
Use inverse probability of treatment weighting: FALSE
Status: OK

Estimate lower .95 upper .95 logRr seLogRr
treatment  0.78000   0.51050   1.18316 -0.24846  0.2144

Population counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count      16295            16295            16295               16295

Outcome counts
treatedPersons comparatorPersons treatedExposures comparatorExposures

Count        81                73               81                  73

Time at risk
treatedDays comparatorDays

Days     1682365        1515233

Graham:
IRdabigatran = 11.3 
IRwarfarin = 13.9
HRadjusted = 0.80 (0.67–0.96)

IRdabigatran = 17.6  
IRwarfarin = 17.6
HRadjusted = 0.78 (0.51 – 1.18)



Kaplan Meier plot



Kaplan Meier plot

Graham:



In conclusion

• ATLAS can 
– Write protocol
– Generate R code to do a study

• Not shown: 
– Include negative controls & calibrate P-value
– Synthesize positive controls & calibrate CI
– Multiple T, C, O
– Multiple analyses

• Other study designs available in R
– Self-controlled case series
– Case-crossover & case-time-control
– Case-control
– Self-controlled cohort



Prediction:
Patient-level predictive 

modeling and evaluation



Installing the R Package
Instructions found on the github: 
https://github.com/OHDSI/PatientLevelPrediction

There is a function: 
checkPlpInstallation() that 
makes sure you have everything 
correctly set up 



Generating R Code With Atlas

Once you have a target 
population cohort and an 
outcome cohort you are 
ready to run a prediction



Prediction Parameters

Target Population 
Cohort Start Date

-561                                 -1 0 1 2 3                                                365                              600 

Time-at-risk time
Predict outcome here

Lookback minimum

History Future

Use things recorded 
here as 
features/covariates

Use this time to define a time at risk 
and predict the outcome occurring 
during the time-at-risk

TAR Start TAR End



Prediction Deign Choices

TAR Start

TAR End

Lookback minimum

If people can be in cohort 
multiple times – select 
TRUE to only use first time

Select TRUE to remove people 
who have the outcome before 
the target population cohort 
start date



Prediction Deign Choices

Person 1
Person 2
Person 3
Person 4

Target cohort 
start date

Min lookback

Time-at-risk

Person 2 doesn’t have min 
lookback so excluded

Persons 3&4 don’t have full 
time-at-risk

Has outcome



Training Choices

Test/train type 
and %

We do a automatic search 
for lasso logistic 
regression but a grid 
search for other model’s 
hyperparameters

Number of folds to use 
when picking optimal 
hyper-parameters



Feature/Covariate Choices

Standardised Features:
• Demographics (e.g., age, gender, ethnicity)
• Conditions  (+ condition groups using SNOMED/MEDRA vocabs)
• Drug (+ drug groups)
• Procedures
• Measurements
• Observations
• Counts
• Some existing risk models

(Flexible times before cohort start date (e.g., -365 to -1 days relative to 
cohort start date)

Custom Features:
• Can also make any feature you want using R and SQL



Atlas Demo

I will show how to create the R code to predict 
bleeding within 1 to 365 days after first time 
warfarin usage.

Option Choice
Prediction 
Design 
Choices

Time at risk start 1

Time at risk end 365

Remove prior outcomes TRUE

Require time-at-risk TRUE

Use all outcomes TRUE

Training 
choices

Classifier Lasso LR

N-folds 3

Test % 25

Split type Person

Feature 
Choices

All demo, conditions (+groups), drugs (+groups), 
measurements, observations, procedures 365 days prior

§ Go to: http://www.ohdsi.org/web/atlas/#/plp/1735887

http://www.ohdsi.org/web/atlas/


PatientLevelPrediction Output



PatientLevelPrediction Output

• When you run the atlas code, in the directory 
you specified there will be a path: plpmodels-> 
analysisId



PatientLevelPrediction Output

• Evaluation folder:



PatientLevelPrediction Output

• EvaluationStatistics
populationSize 7134
outcomeCount 187
AUC.auc 0.649988
AUC.auc_lb95ci 0.611923
AUC.auc_ub95ci 0.688053
BrierScore 0.025352
BrierScaled 0.010316
CalibrationIntercept.Intercept -0.01395
CalibrationSlope.Gradient 1.526665

2.6% of population 
have outcome



PatientLevelPrediction Output

• ROC Plot: Measures 
discrimination

Near Perfect discrimination:

Worse discrimination:
Poor discrimination 
for predicting 
stroke…



PatientLevelPrediction Output

• Precision recall 
plot: Good to use 
when the 
outcome is rare to 
see discrimination 



PatientLevelPrediction Output

• Calibration 
Plot

• Good 
calibration 
means dots 
around x=y 
line

Model seems 
to be calibrated 
OK



PatientLevelPrediction Output

• Demographic  
Calibration:

• What expected and 
observed to be similar 
across age/gender

• If observed/expected 
differ than maybe 
need to treat that 
strata differently

Model seems to not 
be calibrated for 
certain ages/genders 



PatientLevelPrediction Output

• Variable 
scatterplot: 
shows 
differences 
between 
people with 
outcome and 
without 
outcome

Values above line 
more common in 
those with 
outcome

Values below line 
more common in 
those without 
outcome



PatientLevelPrediction Shiny View
• PatientLevelPrediction::viewPlp(runPlp = results, validatePlp = externalVal) 

Contains main plots 
and evaluation but is 
interactive – can also 
add validation 
analysis for 
comparison



Design and implement your 
own study!



Questions?

Thanks for joining 
the journey!


