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F Introductions

OHDSI

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS




F// What You Will Learn Today

 What are phenotypes and what they have to
do with observational data

e OHDSI Approach of Phenotyping
e Basics of rule-based phenotypes
e Basics of probabilistic phenotypes



F// What You Might Learn Today

nit a
nit a

nit a

oout the OHDSI cohort definition tools
oout OHDSI R packages

oout the OMOP vocabularies
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F// Find People of Interest

 One of the things we do at the beginning of
any study involving observational data is find
the people want to study
— People who have the condition of interest

— People who have had the intervention we want to
study



What tools do we have at our disposal
to identify these patients?



Data

/S

e Patrick’s Figure Here



Data are Like Lego Bricks
for Phenotypng

Conditions
Drugs

Procedures
Measurements

Observations

Visits




For Example

If a patient has had a diagnosis of

They’re in!

diabetes




7 For Example

If a patient has taken | metformin | in the
past 12 months

They’re in!



For Example

If a patient had

HbAlc

They’re in!

>7.0



F A good way to think about it...

A phenotype is a way to represent a person
with a condition or exposure using data in an
electronic health record

 Thus phenotypes are an important foundation
of describing the methods of an observational
research study




How are people currently describing
phenotypes in research publications?
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F‘ Basics of Phenotype Design

 What are the building blocks (data domains)
you want to use to find your cases?

 Which of these is more important to you:
— Finding all the eligible patients?
— Getting only the ones you are confident about?

&




Number of patients

Few

Happens all the time

Don’t waste you time!

Strive to be here

Hard to do a study

Stringency of the Phenotype Definition




F// What data types should go into a definition?

 There’s no right answer. But here are some
valid ones
— Use everything you can get

— Use the lowest common denominator so you can
share

— Use something in between



F‘ Two Approaches to Phenotyping

Rule-Based Probabilistic
Phenotyping Phenotyping

< o




F// Steps in Rule-Based Phenotyping

* Primary Events (Start Date)
e Qualifying Criteria
e Exit Criteria (End Date)



F// Primary Events

e Cohort definitions can have lots of rules
e But the primary event is the bouncer

— Have to clear this bar for the rest of the rules to
come into play

e Besides being the first rule, the primary event
is critical because it sets the index date



F// Index Date

 The patient’s index date (aka cohort start
date) is determined by when they satisfy the
primary event

 The cohort start date can be limited to just
first time a patient meets it or you can count
every time they meet it

e Subsequent criteria are very commonly tied
relative to the index date




F// Qualifying Criteria

e All the other criteria you wish you require of
your cohort members

— Noting that it is still the primary event that will
mark their point of entry in the cohort

— Can have AND or OR logic
— Can apply the same filters as primary event

— Temporal limitations relative to index




Exit Criteria

e Defines the end date of the individual in the
cohort



/ Design Principles
F/ g P

 Phenotype design should take into
consideration your goals and the nature of the
study



F// New User of a Drug

A drug exposure of | metformin

With 0 exposures of | metformin | prior

Using the earliest event per person



P

Diagnhosis with Confirmation

A condition occurrence of

hypertension

With 2 condition occurrences of  hypertension

within 1 year after index




Condition validated by Procedure

A condition occurrence of | cataract

With procedure for cataract removal
within 2 weeks before and after



F’ More Stringent Definitions

A condition occurrence of | diabetes

With drug exposure of | oral DM meds
within 90 days after index

Within measurement |HbAlc | > 7.0
within 90 days before and after index
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F Probabilistic Phenotyping

OHDSI

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS




Electronic phenotyping

e |dentifying a set of patients:
* For observational research .
e For clinical trial eligibility,

e As Numerators or denominators
of quality metrics

* For whom a decision support
reminder should “fire”

e Who are “similar” based
on whom a clinical —
. . ist o S
decision should be based. (1CD codes)

 Who progress along similar paths

Features used

Time aware

Ignore time

e The main problems:
e the need for a gold standard
inclusion + 0 .

e poor portability across sites exclusion rules
and studies

uq u ery"

Regression
model

l

A generative
model




Two approaches to phenotyping

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

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



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

Probabilistic phenotyping

e The coreideais 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

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



Learning using imperfect labels

1
(1 —2t)?
Distant | i
erbons eSS inding e
eywor Consensus g
Classifiers . Phenotypes
queries definitions extraction

e? \ A / A4 V;

Error rate in labeling

10 % 1.56 x
20 % 2.77 x
30 % 6.25 x

40 % 25 x



“noisy labeling” to create training data

2933 hydrocephalus

90773 water on the brain
3107785 hydrocephalus [disease/finding]
42612 hydrocephaly
2889104 hydrocephalus (disorder) S
1936514 hydrocephalus, unspecified
2001177 hydrocephalus nos

4010253

hydrocephalus

Note freq syn Medlinefreq % noun

2933  C0020255 hydrocephalus 29,634  NNS 19,541 64.61
42612 C0020255 hydrocephaly 113 NN 275 49.81
| 90773  C0020255 water on the brain 8 ROOT 1 50

Assumption: “long mention” is a reliable indicator of presence



. 23,668 patients

NOTES
LaBs Cohort is male, white and 65+ years old
DRUGS M F White Asian Black O‘n?rr 0-18 1944 45865 65+
GENDER RACE AGE
Mostly 1-10 encounters, lasting 1-50 months
y
CPT
IC09 | -
1-10 11-20 2130 31+ 1-50 51-99 100-149 150+
ENCOUNTERS DURATION (MONTH)
|VARS: MINE GROUP
/ /CASE X
var age range = AGE (18 years, MAX) : afo
var dx = UNION(ICD9=250.30, ICD9=250.20, ICD9=250.90, ICD9=250.80, |  28e-ranee
I1CD9=250.70, ICD9=250.60, ICD9=250.50, ICD9=250.40, ICD%9=250.00, ’°35°1
I1CD9=250.32, ICD9=250.22, ICD9=250.92, ICD9=250.82, ICD9=250.72, i
ICD9=250.62, ICD9=250.52, ICD9=250.42, ICD9=250.02) b cased
var rx_noninsulin = UNION(RX=2404, RX=4821, RX=4815, RX=25789, bodx
RX=73044, RX=274332, RX=6809, RX=84108, RX=33738, RX=16681, : gluc
RX=30009, RX=593411, RX=60548, RX=10633, RX=10635) '"z“"‘“""““""‘—“““y
rx_insulin
»

var gluc = UNION (LABS ("GLU", "HIGH"), LABS("UGLU", "HIGH"),

LABS ("GLUF", "HIGH"), LABS("GLUCSF", "HIGH"), LABS("GLT2",
"HIGH"), LABS("GTT1", "HIGH"), LABS ("GLT1", "HIGH"))

var alc = LABS("A1C", ™"HIGH")

var rx insulin = UNION (RX=253182, RX=139953, RX=253181, RX=352385,
RX=314684, RX=86009, RX=51428, RX=139825)

var casel = INTERSECT (HISTORY OF ($dx), HISTORY OF($rx_noninsulin))
var case2 = INTERSECT (HISTORY OF ($dx), HISTORY OF ($gluc), HISTORY
OF ($alc), UNION (NO HISTORY OF(erinoninsulin), HISTORY

OF ($rx_insulin)))

var case3 = INTERSECT (HISTORY OF ($gluc), HISTORY OF ($alc), HISTORY
OF ($rx_insulin))

var hackathon.t2dm vandy = UNION($casel, $case2, $case3)

rx_noninsulin

Shackathon.t2dm vandy



X P R ESS' EXtraction of Phenotypes from clinical Records using Silver Standards

Input: getPatients.R -- config.R, keywords.tsv, ignore.tsv

Output: feature_vectors.Rda 4. Featune Vecbors consinbed alier collspsing pofient timeline
i el in ari o sll esrvms, -,
e amd kalbe
r [ [ 1 1 [ 1 T [ 1 T T_ Terms IcD9 RX Labs
. | - S & po—oo- | I [ T 1 [ I T J I T [
" SEHETT Pid Notes A - ]
SR\ 51 ¥ \
heart attack = -
Annotations | e
= )
»] '
®
® Terms IcD-9 RX Labs
—h @ A _
= . 3. 1P earil: Inifestbory ik, ol aafibenr Tirsl wmemiiion ofF kesssond train
 — .
L4
*®
ey “Myocardial infarclion= (Y/N) 7
2. il Pafiiernis with
s il Tyl v -
1.B|ildK:y\|l|=’:listbaed;n test . TP EN
iimifsnedion™ FP TN

Input: config.R — with term search settings Phenotype AUC 5. Clhssifior is bl using 5ok enoss validation
Output: keywords.tsv and ignore.tsv

Input: buildModel.R -- config.R, feature_vectors.Rda

095 91% 83% 83%  Output: model.Rda
M 091 89% 91% 91%
FH 090 76.5% 93.6% ~20%
Celiac 0.75 40% 90% ~4%
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LAB:HBA1c (High)
LAB:Blood Glucose: High
LAB:Blood Glucose: High
LAB:Blood Glucose: Normal

CODES PRESCRIPTIONS

CONCEPTS ICDY: 250.00 MED: 6809
Term to Diabetes mellitus ICD9: 790.2 MED: 4815
Concept Diabetes mellitus
Metformin
T Metformin.
TERMS
Diabetes

Diabetes nos
Metformin
Dimethylbiguanidine

——————

Structured and
unstructured data
from a record is
represented as a
vector of features

CONCEPT
FEATURES:

f =

c

#Notes in which the

concept occurs at
least once

CODE
FEATURES:

f =

co

Counts of a code

Total number of
codes

PRESCRIPTION
FEATURES:

f,=

Counts of a RxCUI

LAB
FEATURES:

f|=

Counts of a lab-result

Total number of
RxCUIs

Total number of lab-
results



Effort precision trade off

N Acc PPV Time

-‘-'*‘ 0.98 0.96 1900

-

#---

0.90 0.91 2hr

PPV

| Effort




http://github.com/OHDSI/Aphrodite

Reference
Prediction F T
F 86 15
T 1 72

Accuracy :
95% CI :

- Build phenotype modelsin 5 No Tnformation Rate :

P-Value [Acc > NIR] :

easy steps!

Sensitivity :

- Designed and Implemented bos pred votus |

: B8.9863
Meg Pred Value :

using OHDSI CDMv5 and Prevalence -

Detection Rate :
Detection Prevalence :
VocabUIary 5 Balanced Accuracy :

"Positive’ Class :

Model Details
glmnet
526 samples

1932 predictors
2 classes: 'F', 'T'

Tutorial Video: http://tinyurl.com/use-aphrodite

Kappa :
Mcnemar's Test P-Value :

0.908
(0.855, ©.9465)
8.5

< 2.2e-16

9.81e61
2.081154

a.8276
@.9885

@.8515
0.5000
a.4138
9.4195
@.908e0

T


http://tinyurl.com/use-aphrodite
http://tinyurl.com/use-aphrodite
http://tinyurl.com/use-aphrodite
http://tinyurl.com/use-aphrodite

Unsolved questions

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

e How do we share the model or the workflow?

e CDM v5 extensions to make it all work
v' Term mentions from clinical notes

 Time in all tables
e Consistent ICD/CPT mappings to SNOMED
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Implement via Atlas

%& Cohort

[PHEKB] Type 2 Diabetes Save Close Copy Delete

Definition Concept Sets Generation Reporting Explore Export

Available CDM Sources

Source Name Generation Status Distinct People Generated Generation Duration
SYNPUF 1% COMPLETE 0 9/23/2016 1:49:10 PM pAPRTEEN @ View Inclusion Report
SYNPUF 1K COMPLETE 0 9/23/2016 1:49:11 PM [:REIER @ View Inclusion Report
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PheKB: a catalog and workflow for creating electronic
phenotype algorithms for transportability a

Type Il DM

ADHD

MidSouth CDRN Coronary Heart Disease

Atrial fibrillation Demonstration

Drug Induced Liver Injury
Cardiac Conduction

Dementia -

Severe Early Childhood Obesity

Ace-inhibitor induced cough

Type-2 Diabetes Demonstration

Crohns Disease Demonstration
Peripheral Arterial Disease

Cataracts

Diabetic Retinopathy .

Height

Hypothyroidism

Lipids

Rheumatoid Arthritis Demonstration

Multiple Sclerosis Demonstration

Red blood cell indices

High Density Lipoproteins

White blood cell indices

0 50 100 150 200 250 30C

-
Jacqueline C Kirby et al. J Am Med Inform Assoc 2016;jamia.ocv202



Atrial Fibrillation

Primary Notes

Wei WQ, Teixeira PL, Mo H, Cronin RM, Warner JL, Denny JC. Combining billing codes, clinical notes, and
medications from electronic health records provides superior phenotyping performance. Journal of the

merican Iviedical Intformatics Association.

Y

r

;23(el):e20-7.




PheKB T2DM Evaluation

. . Case Control - Dataset
Implementation Details Dataset/Dictionary L
PPV PPV Validation
T2D Marshfield
Implementation
Marshfield Clinic Research 0.99 0.98 No datasets
Foundation uploaded

Cases: 0 Controls: 0 (Case, Control)
Uploaded: 03/20/2012

T2D Northwestern

Implementation
Northwestern University 0.982456 1
Cases: 0 Controls: 0 (Case, Control)
Uploaded: 03/20/2012

No datasets
uploaded

T2D Vanderbilt

Implementation
Vanderbilt University 1 1
Cases: 0 Controls: 0 (Case, Control)
Uploaded: 03/20/2012

No datasets
uploaded

T2DM Implementation -

Columbia
Columbia University No datasets
Cases: 293 Controls: 478 (Case, uploaded
Control)
Uploaded: 05/03/2016
MIIERV.UIE



Highly Granular Phenotype Evaluation

BNP > 500 pg/mL and no 428.%

BNP and 428.% Any dx of any CHF code

BNP > 500 pg/mL and 428.%

Primary dx of any CHF code

Any dx of 428.%

255

Echo and 428.% Primary dx of 428.%

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.



Table 3 Results for the 10 congestive heart failure (CHF) phenotype queries

Sensitivity (9:)

Criteria to combine Venn diagram zones N in guery Sensitivity, SE (%) PPV (%) PPV, SE (%)
Any CHF 56 942 94.3 13 418 15
Any dx of 428 54 832 90.9 13 415 1.5
Any dx of CHF and BNP =530 pgiml 21 81 50.9 1.E 0.7 25
1" dx of ary CHF 19339 54.4 1.9 BE.0 2.2
1% du of 428 16 724 47.6 1.7 BE.3 25
1% dy of arry CHF and BNP =500 pa/mL 11 294 335 13 90.0 21
1" dx of 428 and BNP 500 pgfml DEG2 8.8 1.1 a0.4 24
1% dy of 428 and BNP =500 pg/ml and echocardiogram 5678 16.2 0B BE.B 35
1% du of any CHF or BNP =500 pgimlL 29 587 4 2.1 733 22
1" dx of 428 or BNF =500 pafml 28 853 69.6 2.1 732 22
High BNP, no ICD-9 diagnosis for CHF

Zone X: no 1ICD-9 dx of 428, but BNP >500 pg/ml 12 149 MIA A 14.3 a5

BNP, B-natriwetic peptide; PPV, positive predictive value.
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Did you find these metrics in the
papers you read?

What information did the authors
provide to give you confidence in the
reliability of their definitions?



F// Phenotype Evaluation @ OHDSI

A major initiative for the coming year

 Help wanted building our evaluation
framework!
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Share via OHDSI.org

# Home & Cohorts

Q. Vocabulary

| NeEw Conhoft
= Concept Sets Cohort Definition Repository
1 ETLE Local s
% Incidence Rates — r
Y Last Modified | Cotumn visibility || Copy | csv |Show 15 [geniries Filter: |
& Profiles 2+ Weeks Ago (450) '
I Estimation This Week ':.”J Showing 1to 15 of 468 entries Previ 1.2 3 4 5. 32 Next
Last Week (8)
obs ¥ Author Id Mame Created Updated Author
o Configuration system (489) 2661  Index Population for Study: COPY OF: COPY OF: Feasibility of studving beta blocker use and risk of death in patients with ovarlan cancer 6/21/2016 9/24/2016 system
# Foodback 2662 Matching Population for Study: COPY OF: COPY OF: Feasibility of studving beta blocker use and risk of death in patients with ovarian cancer B/21/2018 9IZz4j2016 system
8060 [9-24 Class-Prep] T2DM 9/24j2016 9f24/2016 system
6839 [1:2Zpm Demo] Casdox Exposures 9/23/26 (232016 system
5751  [PHEKBI] Type 2 Diabetes 9/22/2018 9/23/2016  system
5752 gl Cohort 89/23/2016 8/23/2018 system
2923 COPY OF: Matching Population for Study: OHDSI feasibility for Andrew Williams - chemotherapy in bladder cancer 772016 gi21/2018 system
8 post-partum i test for jon 318/2015 arz12018 system
3558 a/19/2016 9/21/2018  system
480 ion for Study: COPY OF: Feasib of studying beta blocker use and risk of death in patients with ovarian cancer 10/20/2015 9/20/2016 system
481 Matching Population for Study: COPY OF: Feasibility of studying beta blocker use and risk of daath In patients with ovarian cancer 10f20f2015 S/20/2016 system
3554 Insulin Lispro Study 9/15/2016 9/15/2016 system
3562 Col 9/15/2016 9/15/2016 system
3563 phoriDel Test /152016 9/15/2016 system
3523 COPY OF: Lung Cancer fn males treated with Pembrolizumab a/14/2018 9142016 system




/ Hands-On Exercises

‘@

OH DSI Pair up in groups of 3, working together
then we come in and help with the

groups
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