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Agenda

1. Motivation for standardizing the cohort definition 
process

2. Exploring the vocabulary in ATLAS
3. Designing cohorts
4. Implementing cohort definitions in ATLAS

– Explore the data to find the lego bricks
– Put the lego bricks together

5. Evaluating cohort definitions
– Validation
– Characterization

6. Build cohorts to support reliable evidence generation





• 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:



Graham replication:  
Cohort characterization in ATLAS



Graham replication:  
Incidence summary design in ATLAS



Graham replication:  
Incidence summary implementation in 

ATLAS



Graham replication:  
Population-level effect estimation 

design in ATLAS



Graham replication:  
Population-level effect estimation 

implementation using OHDSI methods
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



Exploring the vocabulary in ATLAS

http://cohortohdieurope.eu-west-1.elasticbeanstalk.com

http://cohortohdieurope.eu-west-1.elasticbeanstalk.com/


All content: concepts in 
concept

Structure of OMOP Vocabulary
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Direct relationships between 
concepts in 

concept_relationship

Multi-step hierarchical 
relationships pre-processed

into 
concept_ancestor



Single Concept Reference Table
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Vocabulary ID

All vocabularies 
stacked up in one 

table



What's in a Concept

For use in CDM

English description

Domain

Vocabulary

Class in SNOMED

Concept in data

Valid during time 
interval

CONCEPT_ID 313217 

CONCEPT_NAME Atrial fibrillation

DOMAIN_ID Condition

VOCABULARY_ID SNOMED

CONCEPT_CLASS_ID Clinical Finding

STANDARD_CONCEPT S

CONCEPT_CODE 49436004 

VALID_START_DATE 01-Jan-1970 

VALID_END_DATE 31-Dec-2099 

INVALID_REASON

Code in SNOMED

17



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 
Concepts

Classification 
Concepts

Source 
Concepts

Condition Concepts

18



1. ..if I know the ID
SELECT * FROM concept WHERE concept_id = 313217

2. ..if I know the code
SELECT * FROM concept WHERE concept_code = '49436004'

Finding the Right Concept #1

SNOMED code

CONCEPT 
_ID CONCEPT_ NAME DOMAIN 

_ID
VOCABULA
RY _ID

CONCEPT_ 
CLASS_ID 

STANDARD_ 
CONCEPT 

CONCEPT_ 
CODE 

VALID_START 
_DATE

VALID_END 
_DATE

INVALID 
_REASON

313217 Atrial fibrillation Condition SNOMED Clinical Finding S 49436004 01-Jan-1970 31-Dec-2099

CONCEPT 
_ID CONCEPT_ NAME DOMAIN 

_ID
VOCABULA
RY _ID

CONCEPT_ 
CLASS_ID 

STANDARD_ 
CONCEPT 

CONCEPT_ 
CODE 

VALID_START 
_DATE

VALID_END 
_DATE

INVALID 
_REASON

313217 Atrial fibrillation Condition SNOMED Clinical Finding S 49436004 01-Jan-1970 31-Dec-2099
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3. ..if I know the name

SELECT * FROM concept WHERE concept_name = 'Atrial fibrillation';

Finding the Right Concept #2

CONCEPT 
_ID CONCEPT_ NAME 

DOMAIN 
_ID

VOCABULARY 
_ID

CONCEPT_ 
CLASS_ID 

STANDARD_ 
CONCEPT 

CONCEPT_ 
CODE 

313217 Atrial fibrillation Condition SNOMED Clinical Finding S 49436004

44821957 Atrial fibrillation Condition ICD9CM 5-dig billing code 427.31

35204953 Atrial fibrillation Condition MedDRA PT C 10003658

45500085 Atrial fibrillation Condition Read Read G573000

45883018 Atrial fibrillation
Meas 
Value LOINC Answer S LA17084-7
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CONCEPT 
_ID_1

CONCEPT 
_ID_2 RELATIONSHIP _ID

VALID_START 
_DATE

VALID_END 
_DATE

INVALID 
_REASON

44821957 21001551ICD9CM - FDB Ind 01-Oct-13 31-Dec-2099
44821957 35204953ICD9CM - MedDRA 01-Jan-70 31-Dec-2099
44821957 44824248Is a 01-Oct-14 31-Dec-2099
44821957 44834731Is a 01-Oct-14 31-Dec-2099
44821957 313217Maps to 01-Jan-70 31-Dec-2099

CONCEPT 
_ID CONCEPT_ NAME DOMAIN 

_ID
VOCABULARY 
_ID

CONCEPT_ 
CLASS_ID 

STANDARD_ 
CONCEPT 

CONCEPT_ 
CODE 

44821957 Atrial fibrillation Condition ICD9CM 5-dig billing code 427.31

1. if  don't know any of this, but I know the code in another 
vocabulary

SELECT * FROM concept WHERE concept_code = '427.31';

Finding the Right Concept #3

ICD-9 is not a Standard Concept

SELECT * FROM concept_relationship WHERE concept_id_1 = 44821957;

Mapping to 
different 
vocabularies

Kind of relationship

21
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Why are we mapping?



How many different ways do you 
express one meaning?

Živjeli

Gëzuar
Наздраве

Salut

Na zdravi Skål
Proost

Terviseks

Kippis

Santé Salud

Zum Wohl

Υγεια

Fenékig

Skál

Sláinte
Salute

Priekā
į sveikatą

На здравје

Na zdrowie

Saúde
Noroc 

На здоровье

Cheers
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Mapping = Translating

CONCEPT 
_ID_1

CONCEPT 
_ID_2 RELATIONSHIP _ID

VALID_START 
_DATE

VALID_END 
_DATE

INVALID 
_REASON

44821957 313217 Maps to 01-Jan-1970 31-Dec-2099

CONCEPT 
_ID CONCEPT_ NAME DOMAIN 

_ID
VOCABULARY 
_ID

CONCEPT_ 
CLASS_ID 

STANDARD_ 
CONCEPT 

CONCEPT_ 
CODE 

44821957 Atrial fibrillation Condition ICD9CM 5-dig billing code 427.31

Step 1. Lookup the Source Concept
SELECT * FROM concept WHERE concept_code = '427.31';

Step 2. Translate to Standard
SELECT * FROM concept_relationship WHERE concept_id_1 = 44821957

AND relationship_id = 'Maps to';

Step 3. Check out the translated Concept
SELECT * FROM concept WHERE concept_id = 313217;
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Disease Hierarchy

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
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SELECT *
FROM concept_relationship
WHERE concept_id_1 = 313217

Exploring Relationships

Relationship ID

Related Concepts

CONCEPT 
_ID_1

CONCEPT 
_ID_2 RELATIONSHIP _ID

313217 4232697Subsumes
313217 4181800Focus of

313217 35204953SNOMED - MedDRA 
eq

313217 4203375Asso finding of
313217 4141360Subsumes
313217 4119601Subsumes
313217 4117112Subsumes
313217 4232691Subsumes
313217 4139517Due to of
313217 4194288Asso finding of
313217 44782442Subsumes
313217 44783731Focus of
313217 21003018SNOMED - ind/CI
313217 40248987SNOMED - ind/CI
313217 21001551SNOMED - ind/CI
313217 21001540SNOMED - ind/CI
313217 45576876Mapped from
313217 44807374Asso finding of
313217 21013834SNOMED - ind/CI
313217 21001572SNOMED - ind/CI
313217 21001606SNOMED - ind/CI
313217 21003176SNOMED - ind/CI
313217 4226399Is a
313217 500001801SNOMED - HOI
313217 500002401SNOMED - HOI
313217 4119602Subsumes
313217 40631039Subsumes
313217 4108832Subsumes
313217 21013671SNOMED - ind/CI
313217 21013390SNOMED - ind/CI
313217 313217Maps to
313217 44821957Mapped from
313217 2617597Mapped from
313217 45500085Mapped from
313217 313217Mapped from
313217 45951191Mapped from
313217 21013856SNOMED - ind/CI
313217 21001575SNOMED - ind/CI
313217 21001594SNOMED - ind/CI
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SELECT cr.relationship_id, c.*
FROM concept_relationship cr 
JOIN concept c ON cr.concept_id_2 = c.concept_id 
WHERE cr.concept_id_1 = 313217

Exploring Relationships
Find out related concept

Descendant 
concepts

Ancestor 
concepts

27



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
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SELECT max_levels_of_separation, concept.*
FROM concept_ancestor

JOIN concept ON ancestor_concept_id = concept_id
WHERE descendant_concept_id = 313217 /* Atrial fibrillation */
ORDER BY max_levels_of_separation

Exploring Ancestors of a Concept

Hold the descendant
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SELECT max_levels_of_separation, concept.*
FROM concept_ancestor

JOIN concept ON descendant_concept_id = concept_id 
WHERE ancestor_concept_id = 44784217 /* cardiac arrythmia */
ORDER BY max_levels_of_separation

Exploring Descendants of a Concept

Hold the ancestor

30



Let Us find Upper Gastrointestinal 
Bleeding

1. Find some initiation concept
SELECT * FROM concept WHERE concept_name = 'Upper gastrointestinal bleeding'

2. Find standard concepts

SELECT * FROM concept WHERE lower(concept_name) LIKE '%upper gastrointestinal%'

AND domain_id = 'Condition' AND standard_concept = 'S'

31



SELECT max_levels_of_separation, concept.*
FROM concept_ancestor
JOIN concept ON ancestor_concept_id = concept_id 
WHERE descendant_concept_id = 4332645 /* Upper gastrointestinal hemorrhage associated...*/
ORDER BY max_levels_of_separation

Going up the hierarchy: 
Finding the right concept

Hold the descendant
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SELECT max_levels_of_separation, concept.*
FROM concept_ancestor
JOIN concept ON descendant_concept_id = concept_id 
WHERE ancestor_concept_id = 4291649 /* Upper gastrointestinal hemorrhage */
ORDER BY max_levels_of_separation

Going down the hierarchy : 
Checking the right content

Concept 4291649 and all its 
descendants comprise Upper GI 

Bleeding
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• Codes
– NDC, GPI, Multilex, HCPCS, etc.

• Concepts
– Drug products (Generic and Brand)
– Drug ingredients
– Drug Classes

• Relationships
• Ancestry

Does it Work that Way with Drugs?

34



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 Concepts

Drug Classes

Source Codes Procedure Drugs
35



Let us find Warfarin

1. Find  active compound Warfarin by keyword
SELECT * FROM concept WHERE lower(concept_name) = 'warfarin'

36



SELECT * FROM concept_relationship WHERE concept_id_1 = 45867731
AND relationship_id = 'Maps to'

Let us find Clopidogrel

1. Find drug product containing Clopidogrel by NDC code:
Bristol Meyer Squibb's  Plavix 75mg capsules: NDC 67544050474

SELECT * FROM concept WHERE concept_code = '67544050474'

37

SELECT * FROM concept WHERE concept_id = 1322185



Let us find Clopidogrel ingredient
2. Find ingredient Clopidogrel as Ancestor of drug product

SELECT max_levels_of_separation, concept.*
FROM concept_ancestor
JOIN concept ON ancestor_concept_id = concept_id
WHERE descendant_concept_id = 1322185 /* clopidogrel 75 MG Oral Tablet [Plavix]*/
ORDER BY max_levels_of_separation

Clopidogrel

Drug classes
38



Check out Ingredients
3. Check Descendants (other drug products containing Warfarin and Dabigatran)

SELECT max_levels_of_separation, concept.*
FROM concept_ancestor
JOIN concept ON descendant_concept_id = concept_id 
WHERE ancestor_concept_id = 1310149 /* Warfarin or 1322185 Clopidogrel*/
ORDER BY max_levels_of_separation



Vocabulary classifications improve your 
efficiency….and your quality!

DeFalco HSORM 2013



Find members of Drug Classes
4. Check Ingredient Descendants of Drug Class Anticoagulants
SELECT max_levels_of_separation, concept.*
FROM concept_ancestor
JOIN concept ON descendant_concept_id = concept_id 
WHERE ancestor_concept_id = 21600961 /* ATC Antithromboic Agent */

AND concept_class_id = ‘Ingredient'
ORDER BY max_levels_of_separation
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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



Defining cohorts



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?



What initial event(s) define cohort 
entry?

• Do: 
– Define by existence of any observation in any domain 

• Don’t: 
– Define by absence of an observation - when does 

absence occur?
– Define by age- year of birth is constant, but requires 

index date to anchor age calculation
• Caution:

– Defining a cohort by calendar date can cause 
observation bias, since that date unlikely to be at 
point of health service utilization,  ex: cases matched 
to controls.  Consider instead defining by a visit that 
occurs within a calendar timeframe.



What inclusion criteria are applied to 
the initial events?

• Do:  
– Specify all criteria as inclusion criteria to avoid confusion of 

Boolean logic around inclusion vs. exclusion
– use information on or before index event 

(think like a randomized trial: index event is study start, can’t 
predict future)

• Don’t: 
– Assume temporal logic, but always provide relative time window 

to evaluate criteria
• Caution: 

– There’s a difference between ‘first time in history with >365d 
prior observation’ vs. ‘no prior observation in last 365 days’

– One person may have multiple initial events, criteria are applied 
to each event (not person)



What defines a person’s cohort exit?

• Do: 
– Specify a cohort exit, even if you are not intending to 

use it for your analytic use case
• Don’t:   

– Confuse censoring for analytical purposes with cohort 
definition (which can be analysis-independent)…ex: 
censoring at time of outcome

• Caution:  
– Time-of-cohort participation can be different from 

analysis time-at-risk…ex:  acute effects can be studied 
using a fixed window post-exposure start,  intent-to-
treat analysis can follow person through observation 
period end



Implementing cohort definitions in 
ATLAS





Explore a data source for available data 
elements



Graham et al. description of the 
outcomes



Graham et al. replication: 
Designing the outcome cohort in ATLAS



Graham et al. description of the cohort(s)



Graham et al. replication: 
Designing the target cohort in ATLAS



Graham et al. replication: 
Designing the target cohort in ATLAS



Graham et al. replication: 
Designing the target cohort in ATLAS



Graham et al. replication: 
Designing the target cohort in ATLAS



Graham et al. replication: 
Designing the target cohort in ATLAS

Every conceptset referenced in 
the cohort definition needs to 
have a complete definition of 
concepts and associated source 
codes



Graham et al. replication: 
Evaluating the impact of inclusion criteria on 

the cohort in ATLAS



Evaluating cohort definitions



Evaluating cohort definitions

• How do we know if our cohort definition is 
any “good”?

• What is our goal for a cohort definition’s 
performance for a given use case?

• How do we know if our cohort definition is 
generalizable across sites?



Rosenman et al. Database queries for hospitalizations for acute congestive heart failure: flexible methods and validation
based on set theory. J Am Med Inform Assoc. 2014 Mar-Apr;21(2):345-52.

Example: Evaluating CHF definitions



Example: Evaluating CHF definitions



Ground Truth?

• To measure performance we need an outcome 
such as ‘case’ and ‘not a case’

• This determination is typically based on expert 
review of available data (e.g., sometimes will 
have notes etc that are not part of definition)

• The review process may include some 
heuristic guidance to ensure consistency 
amongst reviewers + Cohen’s Kappa

• Some newer research into automated ways to 
assess true cases (e.g., cohort characteristics)



Performance Metrics

• PPV is currently the primary metric obtained 
through manual review

• Sensitivity is sometimes determined when 
there are sufficient resources or when the 
incidence rate is reasonably high 



Graham et al’s discussion of outcome 
‘validation’

Rewriting to state our knowledge about data quality:

“Somewhere between 1-in-10 and 1-in-20 patients 
who have one of the diagnosis codes for ischemic 
stroke DO NOT actually have ischemic stroke.”

“We DO NOT know how many people who don’t have 
the stroke diagnosis codes actually DO have ischemic 
strokes (e.g. missing data, miscoding, censoring –
death before heath service utilization), or whether 
these false negatives represent a differential bias.” 



Validating Algorithms
Many research studies have attempted to validate algorithms

• Examined 33 studies
• Found significant heterogeneity in algorithms used, validation methods, and results



Validating an Algorithm

Truth

Positive Negative

Test
Positive True Positive (TP) False Positive (FP)

Negative False Negative (FN) True Negative (TN)

Test – Comes from the algorithm/cohort definition

For a complete validation of the algorithm we need:
1) Sensitivity: TP / (TP + FN)
2) Specificity: TN / (TN + FP)
3) Positive Predictive Value: TP / (TP + FP)

Truth – Some form of “gold standard” reference
Ex.: True Positive (TP) – Test and Truth agree Positive



Abstract
Purpose—To validate an algorithm based upon International Classification of Diseases, 9th
revision, Clinical Modification (ICD-9-CM) codes for acute myocardial infarction (AMI)
documented within the Mini-Sentinel Distributed Database (MSDD).
Methods—Using an ICD-9-CM-based algorithm (hospitalized patients with 410.x0 or 410.x1 in
primary position), we identified a random sample of potential cases of AMI in 2009 from 4 Data
Partners participating in the Mini-Sentinel Program. Cardiologist reviewers used information
abstracted from hospital records to assess the likelihood of an AMI diagnosis based on criteria
from the joint European Society of Cardiology and American College of Cardiology Global Task
Force. Positive predictive values (PPVs) of the ICD-9-based algorithm were calculated.
Results—Of the 153 potential cases of AMI identified, hospital records for 143 (93%) were
retrieved and abstracted. Overall, the PPV was 86.0% (95% confidence interval; 79.2%, 91.2%).
PPVs ranged from 76.3% to 94.3% across the 4 Data Partners.
Conclusions—The overall PPV of potential AMI cases, as identified using an ICD-9-CM-based
algorithm, may be acceptable for safety surveillance; however, PPVs do vary across Data Partners.
This validation effort provides a contemporary estimate of the reliability of this algorithm for use
in future surveillance efforts conducted using the FDA’s MSDD.

Evaluating Performance of Algorithm 
- Examples



SUMMARY
Purpose Studies of non-steroidal anti-inflammatory drugs (NSAIDs) and cardiovascular events using administrative data require
identification of incident acute myocardial infarctions (AMIs) and information on whether confounders differ by NSAID status.
Methods We identified patients with a first AMI hospitalization from Tennessee Medicaid files as those with primary ICD-9 discharge
diagnosis 410.x and hospitalization stay of>2 calendar days. Eligible persons were non-institutionalized, aged 50–84 years between 1999–
2004, had continuous enrollment and no AMI, stroke, or non-cardiovascular serious medical illness in the prior year. Of 5524 patients with a
potential first AMI, a systematic sample (n¼350) was selected for review. Using defined criteria, we classified events using chest pain history,
EKG, and cardiac enzymes, and calculated the positive predictive value (PPV) for definite or probable AMI.
Results 337 of 350 (96.3%) charts were abstracted and 307 (91.1%), 6 (1.8%), and 24 (7.1%) events were categorized as definite, probable,
and no AMI, respectively. PPV for any definite or probable AMI was 92.8% (95% CI 89.6–95.2); for an AMI without an event in the past year
91.7% (95% CI 88.3–94.2), and for an incident AMI was 72.7% (95% CI 67.7–77.2). Age-adjusted prevalence of current smoking (46.4% vs.
39.1%, p¼0.35) and aspirin use (36.9% vs. 35.9%, p¼0.90) was similar among NSAID users and non-users
Conclusions ICD-9 code 410.x had high predictive value for identifying AMI. Among those with AMI, smoking and aspirin use was similar
in NSAID exposure groups, suggesting these factors will not confound the relationship between NSAIDs and cardiovascular outcomes.
Copyright # 2009 John Wiley & Sons, Ltd.
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Evaluating Performance of Algorithm

• Conclusion – for MI → no “gold standard” algorithm available
• Process is very costly and time consuming
• Small sample sizes → wide variation in estimates with wide 

confidence intervals

• In 33 studies “validating” algorithms, all reported PPV but:
• Only 11 reported sensitivity
• Only 5 reported specificity
• Is this really validation?



The Value of Positive Predictive Value

• PPV is almost always reported in validation studies – easiest to 
assess

• Sensitivity and Specificity much less frequently reported
• High cost and time to evaluate

• BUT – sensitivity and specificity are the actual characteristics of 
the test
• PPV is a function of sensitivity, specificity and prevalence of 

Heath Outcome of Interest (HOI)



PPV Example – 1 Test, 2 Populations

Test Characteristics:
Sensitivity = 75%
Specificity = 99.9%

Prevalence = 1% Truth

Positive Negative

Test
Positive 75 10

Negative 25 9890
Total 100 9900

Prevalence = 5% Truth
Positive Negative

Test
Positive 375 10
Negative 125 9490

500 9500

Population = 10,000

PPV = 
75 / (75 + 10) =

88%

PPV = 
375 / (375 + 10) =

97%



PPV Example – 1 Population, 2 Tests

PPV = 90%

Prevalence = 5% Truth

Positive Negative

Test #1
Positive 90 10

Negative 410 9490
Total 500 9500

Prevalence = 5% Truth
Positive Negative

Test #2
Positive 360 40
Negative 140 9460

500 9500

Population = 10,000

PPV = 90/(90+10) = 90%

Sens = 90/500 = 18%

Spec = 9490/9500 = 99.9%

PPV = 360/(360+40) = 90%

Sens = 360/500 = 72%

Spec = 9460/9500 = 99.6%



Living with Algorithms

• Algorithms are used in most research with observational data
• Many ways to define an algorithm for any health outcome
• Each definition will have its own performance characteristics

• Need to validate the algorithm to understand these 
characteristics

• Validation of an algorithm to be used in an observational dataset 
through chart review is likely not possible
• Costly
• Time consuming
• Data is usually not available



Areas to improve cohort validation

• Cohort characterization
• Electronic patient profile adjudication
• Probabilistic phenotype evaluation



Evaluating cohorts:  characterization



Let’s use what we’ve learned to help 
support some patient-level prediction 

problems



Questions?

ryan@ohdsi.org

Thanks for joining 
the journey!


