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Agenda

 Time Section

8:45 AM - 9:00 AM  Introductions

9:00 AM - 10:00 AM Overview
Phenotyping using the Common Data Model.

Christopher Knoll

10:00 AM - 10:30 AM
Student

Activity

Student Ex. 1 and Break

Gowtham Rao

10:30 AM - 12:00 PM
Rule-Based Phenotyping

 in Atlas 

Atlas Walkthrough: Vocabulary Searching, Concept Set Creation, Cohort Definitions

Christopher Knoll, Gowtham Rao

12:00 PM - 1:00 PM
Lunch

Student Activity

Students will consider their own cohort definition designs by specifying cohort entry 

events, inclusion criteria, cohort exit, and cohort eras. 

1:00 PM - 2:00 PM
Probabilistic Phenotyping 

in Aphrodite

Using Aphrodite to learn models for phenotyping.

Juan Banda

2:00 PM - 2:30 PM
Phenotype

Evaluation

Evaluating the performance of phenotype algorithms.

Joel Swerdel

2:30 PM - 3:30 PM Student Workgroup Student led cohort definition design

3:30 PM - 4:00 PM
Advanced Atlas Advanced techniques in atlas

Christopher Knoll

4:00 PM - 4:45 PM Applications of Cohorts Cohorts used in prediction, population Level estimation, characterization

4:45 PM Final Review



Phenotyping using 
the Common Data Model
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Christopher Knoll
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Questions we are regularly asked:

1) What does it take to do an analysis like this?

2) How can this be done against the OMOP CDM?



Artifacts of Observational Study



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’s definition of ‘cohort’

A cohort is a set of persons who satisfy one or 
more inclusion criteria (a phenotype) 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



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 experts and knowledge engineers, or through diverse forms of 
machine learning to generate novel representations of data.



Phenotype
Evaluation

Rule-Based
Phenotyping

Probabilistic
Phenotyping

Two Approaches to Phenotyping



Probabilistic vs. Rule Based over time
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Data are building blocks for Phenotypng

Drugs

Conditions

Measurements

Procedures

Observations

Visits



OMOP CDM Version 5
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Constructing Cohorts with SQL
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FAIL!



Constructing Cohorts with SQL
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PASS?



Constructing Cohorts with SQL
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FAIL!



Constructing Cohorts with SQL
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PASS! But this is only the beginning!



Constructing Cohorts with SQL
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Continuous Observation:  the time between a single observation period 
start and observation period end.  When we want ‘365d continuous 
observation prior’, we are saying that there must be at least 365 days 
between the observation period start and the cohort event. 



Constructing Cohorts with SQL
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Checking by Gender/Sex:  Stored in the Person table’s gender_concept_id 
column.  Standard concept_ids are used to specify the gender value.



Constructing Cohorts with SQL
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Why So few?

Inclusion Rule:
Essential Hypertension within prior 183d



Tools to Standardize Chort Building
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Dissecting the anatomy of a cohort 
definition

Person 
timeline

Cohort entry Cohort exit

Observation 
period end

Observation 
period start

Inclusion criteria 
temporal logic

Inclusion criteria 
observation (>=1)

Inclusion criteria temporal 
logic

Inclusion criteria 
absence (=0)



Student Activity #1
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Gowtham Rao
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10 minutes break 
(AKA, read the paper in case anyone didn’t do the homework ☺ ) 

Get ready to start dissecting soon!



Dissecting the study

Vinogradova Yana, Coupland Carol, Hill Trevor, Hippisley-Cox Julia. Risks and benefits of direct oral anticoagulants versus warfarin in a real world setting: cohort study in 
primary care BMJ 2018; 362 :k2505



Target/Comparator Cohort

26Vinogradova Yana, Coupland Carol, Hill Trevor, Hippisley-Cox Julia. Risks and benefits of direct oral anticoagulants versus warfarin in a real world setting: cohort study in 
primary care BMJ 2018; 362 :k2505



Cohorts in the paper?

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

What is the target (T) cohort?
People on Warfarin

What are the comparator cohort?
Directly Acting Oral Anticoagulants (DOACs)
(dabigatran, rivaroxaban, apixaban - each is a cohort)

Vinogradova Yana, Coupland Carol, Hill Trevor, Hippisley-Cox Julia. Risks and benefits of direct oral anticoagulants versus warfarin in a real world setting: cohort study in 
primary care BMJ 2018; 362 :k2505

Ischemic stroke
Venous thromboembolism
Hematuria

Haemoptysis
Lower GI Bleed
Death



OHDSI fundamentals

Person level dataset

With time-stamped events

Events organized in domains
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Tools to Standardize Cohort Building
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Cohort (T/C) Entry Events
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• What are the initial/index events that entered a person into 
the cohort?

• Observation before/after event?

• Earliest, latest, or all events?



Cohort (T/C) Entry Events
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• What are the initial/index events that entered a person into 
the cohort?
– First prescription of dabigatran, rivaroxaban or apixaban (T); 

warfarin (C) 

• Observation before/after event?

– At least 12 mo of observation before index date

• Earliest, latest, or all events?
– 1st event (new user)



Cohort (T/C) Inclusion Criteria
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• Any additional inclusion criteria? (or exclusion criteria)

• Inclusion criteria vs additional criteria attributes of initial 
event? 

• Earliest, latest, or all events?



Cohort (T/C) Inclusion Criteria

33

• Any additional inclusion criteria? (or exclusion criteria)
Age 21-99

Valid Townsend score; can we represent this?

Excluded if any anticoagulation rx in past 12 mo

Require 0 occurrences in Atlas (is exclusion)

• Inclusion criteria vs additional criteria attributes of initial 
event? 

Either?

• Earliest, latest, or all events?



Cohort (T/C) Cohort Exit
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Cohort (T/C) Exit - Event Persistence
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What is the cohort exit?

Fixed time or end of exposure?



Cohort Exit
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Censoring Events: Fixed time or end of exposure?

If the subject had the outcome of interest?



Cohort Exit
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Censoring Events: Fixed time or end of exposure?
End of study period; 
End date: Oct 2016-QResearch or March 2016-CPRD

If the subject had the outcome of interest?



Rule Based Phenotyping
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Christopher Knoll
Gowtham Rao



New User Cohort
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Cohort Entry
● First exposure to drug of interest (use first event per person)

Inclusion Criteria
● Is there age restrictions? Gender?
● Are there any prior indications required?
● Are there any prior indications to exclude?

Cohort Exit
● How long should the remaining events persist cohort presence?
● Should we identify any observed data that would cancel cohort 

presence? 

Cohort Eras
● Since we are only using first events, there will only be one era 

per person, so no need for ‘gap size’ value.



Outcome Cohort
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Cohort Entry
● Allow multiple events per person
● Can the outcome be defined from looking at data across multiple domains?

Inclusion Criteria
● Is the entry event enough? Should we use additional data to improve 

positive predictive value?

Cohort Exit
● Outcome events are usually ‘moments’ in time, but can be repeatedly 

recorded in patient data.  So, it is reasonable to specify a fixed duration from 
the event to cover the expected duration of the outcome.

Cohort Eras
● Alternatively, we can specify a collapse gap to group outcomes together if 

they are within days of each other into a single cohort era.



Building Concept Sets
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Concept Sets Are:
● Lists of vocabulary concepts that are used to identify patient records.
● They can be constructed by using CONCEPT_ANCESTOR
● They can include concepts from different domains, but usually you 

should restrict a single concept to a single clinical idea for a specific CDM 
domain.

● They resemble ‘code expressions’ you may have seen in publications:
○ 401.x 402.x (Hypertension), 580-589 (Chronic Kidney Disease)

Concept Sets Are Not:
● Temporal associations between occurrence of one observation and 

another.  You can’t say ‘401.1 with 580.1’ in a Concept Set. Those would 
be defined as 2 separate concept sets (Hypertension, Chronic Kidney 
Disease), and cohort criteria would be defined to look for those codes in 
the same visit/time period.



Lunch and Student Exercise
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Probabilistic Phenotyping 
in Aphrodite

Juan M. Banda



Handling Time

Definition

Fe
at

u
re

s 
u

se
d

All features

List of CUIs 
(ICD codes)

“query”

inclusion + 
exclusion rules

Ignore time

Time aware

A generative 
model

Regression 
model

Electronic phenotyping

• Identifying a set of patients:
• For observational research
• For clinical trial eligibility, 
• As Numerators or denominators 

of quality metrics 
• For whom a decision support 

reminder should “fire”
• Who are “similar” based 

on whom a clinical 
decision should be based.

• Who progress along similar paths

• The main problems:
• the need for a gold standard
• poor portability across sites and 

studies



Two approaches to phenotyping

• Rule based, expert-consensus definitions
• Exemplified by www.phekb.org
• Implemented by ATLAS www.ohdsi.org/web/atlas/ 

• Probabilistic phenotyping
• Relatively new
• APHRODITE, ANCHOR learning
• https://github.com/OHDSI/Aphrodite 

http://www.phekb.org/
http://www.ohdsi.org/web/atlas/
https://github.com/OHDSI/Aphrodite


Probabilistic phenotyping

• The core idea is to learn from a set of labeled 
examples (i.e. supervised learning)

• Broad themes
– Automated feature selection
– Reduce the number of training samples
– Probability of phenotype as a continuous trait

• APHRODITE aims to create large training datasets for 
“cheap” and still learn a good phenotype model.



Learning using imperfectly labeled 
data

1. Create a heuristic , i.e. “labeling function”, that 
is high precision (can be low recall).

2. Use the imperfect labeling function to create 
large amounts of training data.

3. Train a classifier using the imperfectly labeled 
data (noisy data)

4. Evaluate performance.



Does it work?

Phenotype AUC Sens. Spec. PPV

DM 0.95 91 % 83 % 83 %

MI 0.91 89 % 91 % 91 %

FH 0.90 76.5% 93.6% ~20%

Celiac 0.75 40 % 90 % ~4 %



OHDSI /OMOP CDMv5

APHRODITE Overview



Step 1 – Build Keyword List

Function call:

wordLists <- buildKeywordList(conn, aphrodite_concept_name, cdmSchema, dbms)

Generated keywords for “Myocardial Infarction”

Vocabulary v5



Step 2 – Find Cases and Controls

CDM
v5

Function call:

casesANDcontrolspatient_ids_df<- getdPatientCohort(conn, dbms,
as.character(keywordList_FF$V3),as.character(ignoreList_FF$V3), cdmSchema,nCases,nControls)



Step 3 – Extract Patient Data

CDM
v5

Function calls:

dataFcases <- getPatientData(conn, dbms, cases, as.character(ignoreList_FF$V3), flag, cdmSchema)
dataFcontrols <- getPatientData(conn, dbms, controls, as.character(ignoreList_FF$V3), flag, cdmSchema)



Step 4 – Create Feature Vector

Function calls:

fv_all<-buildFeatureVector(flag, dataFcases,dataFcontrols)
fv_full_data <- combineFeatureVectors(flag, data.frame(cases), controls, fv_all, outcomeName)
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Step 5 – Build Model

Function calls:

model_predictors <- buildModel(flag, fv_full_data, outcomeName, folder)
model<-model_predictors$model

predictorsNames<-model_predictors$predictorsNames



Step 6 – Get Evaluation Results



Effort precision trade off

Acc PPV Time

0.98 0.96 1900

Acc PPV Time

0.90 0.91 2hr



Live Demo



Set all configuration parameters on 
the Shiny app:



Pick labeling heuristic terms or 
concepts



Execution code will be generated by 
Shiny app

…And copy and paste/Run in your R 
session… done!



New functionality:
Build APHRODITE models using Atlas 
cohorts



New functionality:
Build APHRODITE models using Atlas 
concept sets



Patients found on Atlas cohorts

Outcome Cohort Stanford Patients

Venous Thromboembolism 11,916

Lower GI Bleed 6,799

Ischemic Stroke 23,029

Hemoptysis 4,633

Hematuria 31,793



APHRODITE models 

Aphrodite Models (75% training - 25% unseen testing)

Outcome Cohort ROC PPV Sensiti
vity

Specifi
city

F1 
score

TP TN FP FN

Venous 
Thromboembolism 0.9012 0.9661 0.8462 0.9605 0.9022 2,878 2,456 101 523

Lower GI Bleed 0.8143 0.9547 0.9118 0.9525 0.9328 1,623 1,543     77 157

Ischemic Stroke 0.8398 0.8913 0.9403 0.8967 0.9151 5,132 5,432 626    326

Hemoptysis 0.8432 0.8740 0.9388 0.8822 0.9053 1,013 1,093 146  66

Hematuria 0.9231 0.9045 0.8133 0.8924 0.8565 7,190 6,298 759 1,651



Can we find new patients for the 
cohorts?

Yes!, however, trying to make predictions on 1 million 
patients.... not ideal… on our infrastructure

On a smaller set 100,000 non-overlapping patients 

Venous Thromboembolism: 717 patients with 95% probability 
of being in the cohort!
Lower GI Bleed: 313 patients with 95% probability
Ischemic Stroke: 987 patients with 95% probability
Hemoptysis: 242 patients with 95% probability
Hematuria: 1,312 patients with 95% probability

Are those right?? ..... according to the models... ~9 out of 10 
SHOULD be



Unsolved questions

• Do we share learned models, or do we share 
the modeling building workflow?

• How do we share the model or the workflow?

● How do we know if those patients are 
correct?



Need more information?

How-to Video Demo:

https://www.youtube.com/watch?v=u4PrWhbQ
kzY

Code Repository:

https://github.com/OHDSI/Aphrodite 

https://www.youtube.com/watch?v=u4PrWhbQkzY
https://www.youtube.com/watch?v=u4PrWhbQkzY
https://github.com/OHDSI/Aphrodite


Questions?

Try Aphrodite:

- https://github.com/OHDSI/Aphrodite 

…. Thanks! 

@drjmbanda

https://github.com/OHDSI/Aphrodite


Phenotype Evaluation
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Joel Swerdel



Evaluating the Performance of 
Phenotype Algorithms

Joel Swerdel
Epidemiology Analytics

Janssen R&D



Agenda
• Why do we need a evaluate phenotype performance?
• Development of a tool for the evaluation
• Results from the evaluation



Validating Algorithms
Many research studies have attempted to validate algorithms

74

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



Validating an Algorithm
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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
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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.

Evaluating Performance of Algorithm - Examples
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Evaluating Performance of Algorithm - Examples
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Evaluating Performance of Algorithm
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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?
80



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)

81



PPV Example – 1 Test, 2 Populations
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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
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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
84



Validating Algorithms in Observational Data
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Truth
Positive Negative

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

(FN)
True Negative (TN)

Possible alternative for finding the “Truth”
Diagnostic Predictive Models

Prediction models used to estimate the probability of 
having a particular disease or outcome.

Truth – Some form of “gold standard” reference
Test – Comes from the algorithm/cohort definition



General Population

Finding the Truth – using Diagnostic Predictive Models
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Step 1: Find a Gold standard of subjects for the HOI
Step 2: Develop the predictive model

Step 3: Apply the model to a general population
Step 4: Determine a cut-point from the model:
At what level of predicted probability is positive?

Order Subjects by Predicted Value0 1.0

PositivesNegatives

Cut-point



Finding a Gold Standard

• It turns out that having a very good set of positives is good enough – a 
“noisy” model

• We use an “extremely specific” (xSpec) cohort

87



Create noisy 
positive “xSpec” 

Cohort
Run PLP on T 

and O cohorts
creating 

Diagnostic 
Prediction 

Model
Create Noisy 

Negative 
Cohort of 
randomly 
selected 

subjects from 
database 

without HOI

Create 
(T)arget 
Cohort 

(xSpec plus 
noisy 

negative 
subjects)

Create 
(O)utcome 

Cohort 
(xSpec 

subjects 
only)

Create Evaluation Cohort 
of 1M randomly selected 
subjects from database

Save Evaluation 
Cohort with 

predicted 
probabilities to 

evaluate phenotype 
algorithms

Apply PLP 
Model to 

Evaluation 
Cohort

Running the Model
Step 1: Develop Evaluation Cohort from Diagnostic Predictive Model



Create 
cohort  
from 

Phenotype 
algorithm

Find 
subjects in 
Evaluation 

Cohort 
included 

and
 not 

included 
in 

Phenotype-
derived 
cohort

Evaluation 
Cohort 
subject 

included?

Yes

Add predicted 
probability to True 
Positive (TP) total;

Add (1 - predicted 
probability) to False 

Positive (FP) total

Add (1- predicted 
probability) to False 
Negative (FN) total;

Add predicted 
probability to True 
Negative (TN) total

No

Use totals from TP, FP, TN, 
FN to calculate algorithm 
sensitivity, specificity, and 
positive predictive value 

Example: Subject 1
Predicted Probability of HOI = 0.9 and 

included in Phenotype algorithm 
cohort:

0.9 added to TP 
(“90% correct case”)

1 - 0.9 = 0.1 added to FP 
(“10% incorrect case”)

Example: Subject 2
Predicted Probability of HOI = 0.1 and not 
included in Phenotype algorithm cohort:

1 - 0.1 = 0.9 added to TN 
(“90% correct non-case”)

0.1 added to FN 
(“10% incorrect non-case”)

Calculations:
Sensitivity = Sum TP / (Sum TP + Sum FN)
Specificity = Sum TN / (Sum TN + Sum FP)

PPV = Sum TP / (Sum TP + Sum FP)

Running the Model
Step 2: Evaluate Phenotype Algorithms



Testing the Phenotypes
Typical Phenotypes for Health Outcomes of Interest (HOI):
• 1 X HOI - e.g., Myocardial Infarction - SNOMED concept ID 22298006
• 2 X HOI - e.g., second MI diagnosis within 5 days of first MI diagnosis
• 1 X HOI, In-patient 
• 1 X HOI, In-patient in first position



Comparing Results from Multiple Datasets



Limitations

• Cutrona – 10% of patients with insufficient evidence
• Ryo – 7.5% of patients with insufficient evidence 92

General Population

Order Subjects by Predicted Value0 1.0PositivesNegatives

Cut-pointCut-point

Maybe

• Sparse data for subjects
• Databases vary with overall level of detail



Conclusion

• Having metrics for phenotype performance increases confidence in the 
use of observational data in research.

• Potential to use results of phenotype evaluation to correct/adjust our 
estimates.

• Using diagnostic predictive models to assess algorithm performance 

appears promising.
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Student Workgroup
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Advanced Atlas
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Christopher Knoll
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Cohort Applications
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Christopher Knoll
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Final Review

101
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