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ABSTRACT

OBJECTIVE

To investigate the associations between direct

oral anticoagulants (DOACs) and risks of bleeding,
ischaemic stroke, venous thromboembolism, and all
cause mortality compared with warfarin.

DESIGN

Prospective open cohort study.

SETTING

UK general practices contributing to QResearch or
Clinical Practice Research Datalink.

PARTICIPANTS

132231 warfarin, 7744 dabigatran, 37 863
rivaroxaban, and 18 223 apixaban users without
anticoagulant prescriptions for 12 months before
study entry, subgrouped into 103 270 patients with
atrial fibrillation and 92 791 without atrial fibrillation
between 2011 and 2016.

MAIN OUTCOME MEASURES

Major bleeding leading to hospital admission or
death. Specific sites of bleeding and all cause

In patients without atrial fibrillation, compared with
warfarin, apixaban was associated with a decreased
risk of major bleeding (0.60, 0.46 to 0.79), any
gastrointestinal bleeding (0.55, 0.37 to 0.83), and
upper gastrointestinal bleeding (0.55, 0.36 to 0.83);
rivaroxaban was associated with a decreased risk of
intracranial bleeding (0.54, 0.35 to 0.82). Increased
risk of all cause mortality was observed in patients
taking rivaroxaban (1.51, 1.38 to 1.66) and those on
lower doses of apixaban (1.34, 1.13 to 1.58).
CONCLUSIONS

Overall, apixaban was found to be the safest drug,
with reduced risks of major, intracranial, and
gastrointestinal bleeding compared with warfarin.
Rivaroxaban and low dose apixaban were, however,
associated with increased risks of all cause mortality
compared with warfarin.

Introduction

Anticoagulants are used for the prevention and
treatment of venous thromboembolism and to
reduce the risk of stroke in patients with either atrial
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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?

warfarin in controlled trial settings,” " but there are
residual concerns regarding their safety, particularly
in more real world settings, where they are prescribed
to a broad range of patients. A recent meta-analysis

world environments, have mostly studied patients with atrial fibrillation
Studies including patients without atrial fibrillation have either predated the

increase in use of DOACs, or have had incomplete patient selection or other

ot

aj0910id 194




4
/X

eTable 5 All patients: Rates per 1000py of outcomes by drug and adjusted hazard ratios with reference to warfarin in QResearch and CPRD

Artifacts of Observational Study

——  eTaoble 2 Supplementary data for Figure2: Number of patients starting anticoagulonts by study year

CPRD

x adjusted rate

Adjusted hazard ratios

eTable 3 Patients with atrial fibrillation: Characteristics of patients in the QResearch and CPRD cohorts, percentage (numbers).
| ADaimmaake | roon
eTable 10 Patients with and without atrial fibrillation: Comorbidities, previous events and other medications, percentage (number) of patients on lower and higher doses for DOAC's. an
e With atrial fibrillation Without atrial fibrillation )—
Total N of !
ErTr QResearch CPRD QResearch CPRD —
_Agiba Total N Lower dose Higher dose Lower dose Higher dose Lower dose Higher dose Lower dose Higher dose e —
ﬂ Comorbidities at baseline g)—
50-59 [ Alcohol dependence 2.1(171) 3.4 (646) 1.9(32) 3.4 (128) 2.2 (146) 3.6 (738) 25(32) 3.6(88) 2)
60-69 Bleeding disorders 1.2(101) 0.9 (175) 1.8(30) 1.2 (43) 1.2 (82) 1.1(226) 1.5 (20) 1.7 (41) 41)
70-79 Cancer (any) 15.4 (1245) 12.1 (2333) 14.1 (231) 11.9 (442) 14.5 (968) 12.5 (2591) 14.1 (184) 13.3 (321) 51)
80-89 Chronic liver disease or 59)
-~ .. | pancreatitis 1.5(122) 1.3 (247) 1.3(22) 1.5 (54) 1.2 (82) 1.3 (264) 1.3(17) 1.7 (42)
90 and : . 47)
—— | Chronic obstructive
M pulmonary disease 11.2 (906) 8.9 (1710) 10.1 (166) 8.9 (331) 8.5 (568) 8.5 (1754) 6.9 (90) 8.6 (209) &
Chronic renal disease 4.2 (336) 0.7 (128) 4.1(68) 0.9 (34) 3.1 (209) 1.0(213) 3.3 (43) 1.1(26)
Congestive cardiac failure 16.7 (1355) 9.7 (1873) 17.0 (280) 9.8 (364) 9.1 (608) 5.1 (1060) 6.5 (85) 5.5(132)
Coronary heart disease 28.9 (2335) 20.3 (3901) 27.4 (451) 20.3 (754) 20.8 (1393) 14.7 (3053) 17.6 (230) 15.0 (363)
Diabetes 20.1(1629) 17.5 (3362) 19.9 (327) 17.2 (637) 18.0 (1208) 16.0 (3315) 16.2 (212) 13.8 (333)
Dyspepsia 19.2 (1557) 18.4 (3542) 27.3 (449) 25.6 (949) 17.8 (1193) 17.3 (3588) 26.4 (345) 24.3 (588)
Falls or hip fracture (within
180 days) 12.3(995) 5.7 (1098) 9.5(157) 4.9 (183) 17.9 (1195) 5.5(1132) 7.9 (103) 4.9 (118)
Hip or knee operation
{within 180 days) 1.3(102) 0.7 (128) 2.4 (39) 1.3 (49) 22.6 (1513) 2.4 (496) 21.9(286) 3.6 (88)
Hypertension 66.2 (5354) 57.0 (10958) 69.6 (1144) 58.5 (2171) 52.2 (3497) 41.2 (8539) 49.5 (646) 42.0(1014)
Ischaemic stroke* 26.1(2115) 17.0 (3265) 29.1(478) 19.8 (736) 19.0 (1272) 12.9 (2680) 15.6 (204) 14.4 (348)
Oesophageal varices 0.1(9) 0.1(19) <5 <5 0.1(4) 0.1 (24) <5 <5
Peptic ulcer 9.4 (757) 6.9 (1322) 10.0 (164) 8.4 (310) 7.3 (486) 5.8 (1198) 7.8 (102) 6.5(158)
Valvular heart disease 12.6 (1022) 8.2 (1572) 9.9 (162) 6.3 (233) 7.0 (471) 4.5(934) 4.8 (63) 3.9 (94)
Venous thromboembolism* 5.1(412) 4.9 (940) 8.3 (137) 5.9 (219) 13.2 (883) 37.4(7747) 27.3(356) 46.0 (1112)




% The common building block of all
observational analysis: cohorts

Required inputs:

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:

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




r 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:

e 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

e One cohort may have zero or more members

e A codesetis NOT a cohort...

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



Defining ‘phenotype’
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* 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.



Two Approaches to Phenotyping

Rule-Based Probabilistic
Phenotyping Phenotyping
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Probabilistic vs. Rule Based over time
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> Conditions

Measurements

Observations
Visits

4
/‘.‘ Data are building blocks for Phenotypng

RECEIVED 8 January 2015

Combining billing codes, clinical notes, and REVISED 14 Juy 2015

ACCEPTED 15 July 2015

medications from electronic health records PUBLISHED ONLINE FIRST 2 September 2015
provides superior phenotyping performance AMIA  OXFORD

ORMATICS PROFESSIONALS, LEADING THE WAY,

Wei-Qi Wei', Pedro L Teixeira', Huan Mo', Robert M Cronin™2, Jeremy L Warner', Joshua C Denny'2

Figure 1: Weighted Venn diagrams of the distributions of patients with ICD-9, primary notes, and specific medications.
Each color represents a resource. Different area colors represent the number of patients that were found within intersecting

resources.




OMOP CDM Version 5

Person

Standardized clinical data

Observation_period

Standardized health system data

Standardized meta-data

‘

Location Care_site CDM_source
Specimen A
Provider
Death Concept
Payer _plan_period (:g- Vocabulary
. . o O
isit_occurrence —
> 5 Domain
e
Procedure_occurrence g a Concept_class
| I Cost o g'
3 o Concept_relationship
Drug_exposure e
(7]
- : Relationship
Device_exposure
Cohort Concept_synonym

Condition_occurrence

]

Measurement

Cohort_attribute

Note

Condition_era

L

Note_NLP

Observation

Drug_era

SUEIIE]E)

Fact_relationship

Dose_era

PaALIap pazipiepuels

Concept_ancestor

Source_to_concept_map

Drug_strength

Cohort_definition

Attribute_definition

SalIe|NQeIOA pazipiepuels



P

# Acute myocardial infarction

AMISql <- "

Constructing Cohorts with SQL

with events as (

SELECT PERSON_ID, CONDITION_START_DATE as start_date, CONDITION_END_DATE as end_date

FROM CMSDESynPUF23m.condition_occurrence co
WHERE co.condition_concept_id in (

select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id = 312327 -- Acute MI

)

select top 10 * from events
ORDER BY PERSON_ID, START_DATE; -- not required, just to organize the results

2

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
amiEvents <-doQuery(conn, AMISql);
DatabaseConnector: :disconnect(conn);

print(amiEvents, row.names=FALSE);

> print(amiEvents, row.names=FALSE);

PERSON_ID

W WOWWOWWWOUSNSNSNNNY

START_DATE
2009-10-09
2002-10-09
2009-10-09
2009-11-05
2009-11-05
2010-05-04
2016-65-04
2016-05-04
2010-65-084
2016-05-04

END_DATE
2009-16-10
2009-10-10
2009-16-10
2009-11-085
2009-11-05
2010-05-04
2010-05-04
2010-05-04
2010-05-04
2010-05-04

G
—

<

P

14



4

# Maybe select DISTINCT will work?

AMISQl <- "
with events as (

Constructing Cohorts with SQL

SELECT DISTINCT PERSON_ID, CONDITION_START_DATE as start_date, CONDITION_END_DATE as end_date
FROM CMSDESynPUF23m.condition_occurrence co
WHERE co.condition_concept_id in (

select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id = 312327

)

select top 1@ * from events
ORDER BY PERSON_ID, start_date; -- not required, just to organize the results

2

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
amiEvents <-doQuery(conn, AMISql);
DatabaseConnector: :disconnect(conn);

print(amiEvents);

> print(amiEvents);

PERSON_ID
7

7

9

9

13

14

30

30

35

e 44

VLD SNNOUV B WN

START_DATE
20089-10-06°
2009-11-65
2016-85-64
2010-066-64
2010-063-19
2008-05-13
2008-07-13
2008-10-31
2008-12-066
20089-85-06

END_DATE
2009-10-10
2009-11-05
2010-05-04
2010-086-85
2010-063-19
2008-05-15
2008-067-13
2008-10-31
2008-12-06
2009-05-06

PASS?

15



4

Constructing Cohorts with SQL

conflictSql <- "
with events as (
SELECT DISTINCT PERSON_ID, CONDITION_START_DATE as start_date, CONDITION_END_DATE as end_date
FROM CMSDESynPUF23m.condition_occurrence co
WHERE co.condition_concept_id in (select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id = 312327)
)
conflicts as (
select el.rn, el.person_id, el.start_date, el.end_date, e2.rn as conflict_rn, e2.start_date as conflict_start, e2.end_date as conflict_end
FROM (
SELECT row_number() over (partition by person_id order by start_date) as rn, person_id, start_date, end_date
FROM events
) el
JOIN (
SELECT row_number() over (partition by person_id order by start_date) as rn, person_id, start_date, end_date
FROM events
) e2 on el.person_id = e2.person_id
where el.rn < e2.rn
AND not (e2.start_date > el.end_date OR el.start_date > e2.end_date) -- this will identify overlaps

select top 1@ * from conflicts
ORDER BY PERSON_ID, START_DATE; -- not required, just to organize the results

El

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
conflicts <-doQuery(conn, conflictSql);
DatabaseConnector: :disconnect(conn);

print(conflicts);

> print(conflicts);

RN PERSON_ID START_DATE  END_DATE CONFLICT_RN CONFLICT_START CONFLICT_END

1. &k 505 2008-05-1¢ 2008-05-19 2 2008-85-19  2808-05-22
2 4 562 2008-12-15 2008-12-16 2008-12-16  2008-12-16
35 A 5090 2008-06-08 2008-06-36 v‘ 2008-86-23  2008-07-02
4 2 5610 20809-063-26 2009-04-3 2009-84-22  2809-084-22
5k 2 7654 2008-05-21 3 \ 3 2008-085-22  2@08-05-22
6 1 8115 2018-83-12 3 2 2010-03-13  2010-03-13
Y S | 15777 20106-10-24 2 2016-16-24  2@1@-168-24
8 1 20546 280°-03-1¢ 2 2009-83-13  2009-03-13
9 2 21364 2008-05-01 2008-05-07 3 2008-85-82  2008-05-02
10 5 21873 2008-07-08 20808-067-13 6 2008-87-89  2008-07-10
> |

16



7 . .
[\ Constructing Cohorts with SQL

conflictSql <-
with events as (
seledt PERSON_ID, START_DATE, END_DATE FROM (
SELECT row_number() over (partition by person_id order by start_date) as rn,
PERSON_ID, CONDITION START DATE as start_date, CONDITION END DATE as end_date
FROM CMSDESynPUF23m.condition_occurrence co
WHERE co.condition_concept_id in (select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id = 312327)
) allEvents
WHERE allEvents.rn = 1
))
conflicts as (
select el.rn, el.person_id, el.start_date, el.end_date, e2.rn as conflict_rn, e2.start_date as conflict_start, e2.end_date as conflict_end
FROM (
SELECT row_number() over (partition by person_id order by start_date) as rn, person_id, start_date, end_date
FROM events
) el
JOIN (
SELECT row_number() over (partition by person_id order by start_date) as rn, person_id, start_date, end_date
FROM events
) e2 on el.person_id = e2.person_id
where el.rn < e2.rn
AND not (e2.start_date > el.end_date OR el.start_date > e2.end_date) -- this will identify overlaps

select top 1@ * from conflicts
ORDER BY PERSON_ID, START_DATE; -- not required, just to organize the results

K

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
conflicts <-doQuery(conn, conflictSql);
DatabaseConnector: :disconnect(conn);

print(conflicts);

> print(conflicts);

[1] RN PERSON_ID START_DATE END_DATE CONFLICT_RN CONFLICT_START CONFLICT_END
<@ rows> (or @-length row.names)

>

PASS' But this is only the beginning!

17



Constructing Cohorts with SQL

# Looking for continous Observation for 365d prior to start.

cohortSql <- "
with cohort as (
select allEvents.PERSON_ID, allEvents.START_DATE, allEvents.END_DATE FROM (
SELECT row_number() over (partition by person_id order by start_date) as rn,
PERSON_ID, CONDITION_START_DATE as start_date, CONDITION_END_DATE as end_date
FROM CMSDESynPUF23m.condition_occurrence co
WHERE co.condition_concept_id in (select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id = 312327)
) allEvents

JOIN CMSDESynPUF23m.observation_period op on allEvents.person_id = op.person_id|

WHERE aiiEvents.rn = 1
AND allEvents.start_date >= op.observation_period_start_date and allEvents.end_date < op.observation_period_end_date
AND datediff(d, op.observation_period_start_date, allEvents.start_date) > 365

select count(*) from cohort

E

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
cohortCount <-doQuery(conn, cohortSql);
DatabaseConnector: :disconnect(conn);

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.

18



Constructing Cohorts with SQL

# Looking for continous Observation for 365d prior to start, males
cohortSql <- "
with cohort as (
select allEvents.PERSON_ID, allEvents.START_DATE, allEvents.END_DATE FROM (
SELECT row_number() over (partition by person_id order by start_date) as rn,
PERSON_ID, CONDITION_START DATE as start_date, CONDITION_END DATE as end_date
FROM CMSDESynPUF23m.condition_occurrence co

WHERE co.condition_concept_id in (select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id =

) allEvents

JOIN CHSDESynPUF23m person p on allEvents.person_id = p person_id
WHERE dJ.J.tVEHLb m = 3
AND allEvents start_date »>= _op. observatlon _period_start_date and allEvents. end _date < op.observation_period_end_date

select count(*) from cohort

>

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
cohortCount <-doQuery(conn, cohortSql);
DatabaseConnector: :disconnect(conn);

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

312327)

19



4

[ Constructing Cohorts with SQL

# Looking for continous Observation for 365d prior to start, males, hypertension in past 183d

cohortSql <- "

with cohort as (

select allEvents.PERSON_ID, allEvents.START_DATE, allEvents.END_DATE FROM (
SELECT row_number() over (partition by person_id order by start_date) as rn,

PERSON_ID, CONDITION_START_DATE as start_date, CONDITION_END DATE as end_date

FROM CMSDESynPUF23m.condition_occurrence co
WHERE co.condition_concept_id in (select descendant_concept_id from CMSDESynPUF23m.concept_ancestor where ancestor_concept_id = 312327)

) allEvents

JOIN CMSDESynPUF23m.observation_period op on allEvents.person_id = op.person_id

JOIN CMSDESynPUF23m.person p on allEvents.person_id = p.person_id

WHERE allEvents.rn = 1
AND allEvents.start_date >= op.observation_period_start_date and allEvents.end_date < op.observation_period_end_date
AND datediff(d, op.observation_period_start_date, allEvents.start_date) > 365
ANMD n gandan FancFant 34 - QCQ7

AND EXISTS (

select 1 from CMSDESynPUF23m.condition_occurrence co : .
where co.condition_start_date >= dateadd(d,-183,allEvents.start_date) lnCIUSIOn RUIe-
A G IEvEs- e A = Co-fictson 1 Essential Hypertension within prior 183d

and co.condition_concept_id in (select descendant_concept_id
from CMSDESynPUF23m.concept_ancestor
where ancestor_concept_id = 320128) -- Essential Hypertension

)

select count(*) from cohort

Kl

conn <- DatabaseConnector::connect(connectionDetails = connectionDetails);
cohortCount <-doQuery(conn, cohortSql);
DatabaseConnector: :disconnect(conn);

print(cohortCount);

> print(cohortCount);

o Why So few?




&
/% Tools to Standardize Chort Building

Cohort Entry Events

I

Events having any of the following criteria: + Add Initial Event v

with continuous observation of at least days before and days after event index date

Limit initial events to: ‘ earliest event ¥ ‘ per persen.

Restrict initial events

Inclusion Criteria

I

New inclusion criteria

Limit qualifying events to: ’ earliest event ¥ [ per person.

Cohort Exit

|

Event Persistence:

Event will persist until:‘ end of continuous observation v \

Censoring Events:

Exit Cohort based on the following criteria: o Add Censoring Event v

No censoring events selected.

Cohort Eras

e Specify era collapse gap size: days

® add trimming options...

21



Dissecting the anatomy of a cohort
definition

Cohort entry Cohort exit

U

Person
timeline

t ]
Observation
period end

*

Observation Inclusion criteria
period start  observation (>=1)
\ Inclusion criteria }

temporal logic

|

. Inclusion criteria
e absence (=0)
Inclusion criteria temporal
\ logic }

%—




Student Activity #1

Gowtham Rao



10 minutes break

(AKA, read the paper in case anyone didn’t do the homework © )

Get ready to start dissecting soon!

"Never bring a pet to school ...
especially if it's a frog!"

24



Dissecting the study

eTable 5 All patients: Rates per 1000py of outcomes by drug and adjuste

At least one prescription of any oral
anticoagulants between 2011 and 2016 Person-years Adjusted hazard
Patients with at least 1 year of data ratios (95%ClI)*
i Major bleeding
Warfarin 111,823 Reference
Dabigatran 6,117 |
. Rivaroxaban 20,581
Exclusions Ao 10744 —
Anticocgulants in the previous 12 months @ BUSESS] PIKaDIN 2 —
- Intracranial bleed
More than one anticoagulant prescribed @ Warfarin 113.705 Reference
- y
Started after Hospital Episode Statistics linkage Dabigatran 6,218 _
Other anticoagulants Rivaroxaban 20,823 —
Apixaban 10,805
Inconsistent Hospital Episode data Haematuria
l Warfarin 112,791 Reference
Dabigatran 6,173
Available for bleed and mortality analysis m Rivai)xaban 20.730 —
Available for stroke analysis Apixaban 10,789 :
Haemoptysis
Available for venous thromboembolism analysis Warfarin 113,667 Reference
Dabigatran 6,204 :
Patients with atrial fibrillation :;)Viifa(:)xaanban ig::ig :
Available for stroke analysis §E{3EL] All Gl bleed
Warfarin 113,044 Reference
Available forvenous thromboembolism analysis Dabigatran 6180
Rivaroxaban 20,717 :
y ; S Apixaban 10,774
Patients without atrial fibrillation 74 754 - —
Upper Gl bleed
— Available for stroke analysis Warfarin 113,143 Reference
Dabigatran 6,181
Available forvenous thromboembolism analysis @ BERIIY Rivali)xaban 30728 —
| | — Apixaban 10,779 _

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

y

Study design

We used a( new-user) design to capture all events

occurring after starting treatment and to reduce the

impact of confounding.>® For a study period from

January 2011 to the latest date of Hospital Episode

Statistics linked data (October 2016 for QResearch and Patients werel followed from their first prescription
March 2016 for CPRD), patients prescribed the oral of an anticoagulant until they experienced an outcome
anticoagulants warfarin, dabigatran, rivaroxaban, and  Of interest or were censored. Patients were{ censored

apixaban, and aged from 21 to 99 at study entry date, ywhen: they stopped or suspended treatment (at 30
formed the cohort. Thelentry date)was defined as the  ays after the expected end date of any prescription,
date of the first prescription of any of the anticoagulant hare the gap between the expected prescription end
drugs. To facilitate a direct comparison between new a0 and the start date of any subsequent prescription
users of direct oral anticoagulants (DOACs) against was more than 30 days); they switched treatment (at
L O.f warfar_m, and to reduce th? R the day before the prescription start for a different
indication bias, patients werelexcluded jif they had anticoagulant); they (ERIANPIACHEE (at the day of

any anticoagulant prescription in the last 12 months ] j - -
before the entry date. To ensure the quality of data, deregistration); they died; or the study period ended.

patients were alsolexcluded if they had either fewer For the analyses of dosages, we also censored patients
than 12 months of records before entry or had novalid  When they changed to a different dose.
Fovwnsend-seore:

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 26
primary care BMJ 2018; 362 :k2505



4

OBJECTIVE

To investigate the associations between direct

oral anticoagulants (DOACs) and risks of bleeding,
ischaemic stroke, venous thromboembolism, and all
cause mortality compared with warfarin.

Cohorts in the paper?

MAIN OUTCOME MEASURES

Major bleeding leading to hospital admission or
death. Specific sites of bleeding and all cause
mortality were also studied.

Target cohort:

cohort start date
cohort end date

Comparator cohort:

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

Person
cohort start date

What are the comparator cohort?
Directly Acting Oral Anticoagulants (DOACs)

(dabigatran, rivaroxaban, apixaban - each is a cohort)

cohort end date

Outcome cohort:
Person

cohort start date
cohort end date

Ischemic stroke Haemoptysis
Venous thromboembolism Lower Gl Bleed
Hematuria Death

.
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




’/.< OHDSI fundamentals

Person level dataset
With time-stamped events
Events organized in domains

Conditions
A B 2
4 E = Drugs
a g 3
Procedures
Conditions y
Drugs Measurements
Procedures
Measurements Obse Watlons
Person E time Visits
""" Baseline time '(')' T T T hollow-up time

28



4
/2 Tools to Standardize Cohort Building

Cohort Entry Events

I

Events having any of the following criteria: + Add Initial Event v

with continuous observation of at least days before and days after event index date

Limit initial events to: ‘ earliest event ¥ ‘ per persen.

Restrict initial events

Inclusion Criteria

I

New inclusion criteria

Limit qualifying events to: ’ earliest event ¥ [ per person.

Cohort Exit

|

Event Persistence:

Event will persist until:‘ end of continuous observation v \

Censoring Events:

Exit Cohort based on the following criteria: o Add Censoring Event v

No censoring events selected.

Cohort Eras

e Specify era collapse gap size: days

® add trimming options...

29



Cohort (T/C) Entry Events

Cohort Entry Events

 What are the initial/index events that entered a person into
the cohort?

* QObservation before/after event?

e Earliest, latest, or all events?

30



Cohort (T/C) Entry Events

Cohort Entry Events

 What are the initial/index events that entered a person into

the cohort?

— First prescription of dabigatran, rivaroxaban or apixaban (T);
warfarin (C)

* QObservation before/after event?

— Atleast 12 mo of observation before index date

e Earliest, latest, or all events?
— 1st event (new user)

31




Cohort (T/C) Inclusion Criteria

Inclusion Crnitena

* Any additional inclusion criteria? (or exclusion criteria)

* Inclusion criteria vs additional criteria attributes of initial
event?

e Earliest, latest, or all events?

32



Cohort (T/C) Inclusion Criteria

Inclusion Crnitena

* 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

b Require 0 occurrences in Atlas (is exclusion)

* Inclusion criteria vs additional criteria attributes of initial
event?

Either?

e Earliest, latest, or all events?

33



K< -
[\ Cohort (T/C) Cohort Exit

Cohort Exit

Event Persistence:

Event will persist until: ‘ end of continuous observation v ]

Censoring Events:

Exit Cohort based on the following criteria:

34



< . .
/A Cohort (T/C) Exit - Event Persistence

Cohort Exit

What is the cohort exit?

Fixed time or end of exposure?

35
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Cohort Exit

Cohort Exit

Censoring Events: Fixed time or end of exposure?

If the subject had the outcome of interest?

36



4
/AW Cohort Exit

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?

37



Rule Based Phenotyping

Christopher Knoll
Gowtham Rao

38



New User Cohort

Cohort Entry
® First exposure to drug of interest (use first event per person)

Inclusion Criteria
® Isthere age restrictions? Gender?
® Are there any prior indications required?
® Are there any prior indications to exclude?

Cohort Exit
e How long should the remaining events persist cohort presence?
e 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.

39



Outcome Cohort

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

Inclusion Criteria
® |sthe entry event enough? Should we use additional data to improve
positive predictive value?

Cohort Exit
e QOutcome 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
e Alternatively, we can specify a collapse gap to group outcomes together if
they are within days of each other into a single cohort era.

40



Building Concept Sets

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:

o 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.
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Probabilistic Phenotyping
in Aphrodite

Juan M. Banda




F Electronic phenotyping

* ldentifying a set of patients:
* For observational research All features
* 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 —
. . isto S
decision should be based. (1CD codes)

* Who progress along similar paths

Features used

Time aware

Ignore time

* The main problems:
* the need for a gold standard

* poor portability across sites and ndlusion +
studies

“ qu ery”

Regression
model

l

A generative
model




F 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

F Probabilistic phenotyping

e 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.




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

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

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

. Evaluate performance.



Phenotype
DM

M

FH

Celiac

Does it work?

AUC

0.95

0.91

0.90

0.75

Sens.

91 %

89 %

76.5%

40 %

Spec.
83 %
91 %
93.6%

90 %

PPV

83 %

91 %

~20%

~4 %



APHRODITE Overview

= S
Myccardal nfarcion +‘~'—§/_/I\"’
| S0\ . Observations / Ao [
Mt X s >3 — Condition Occurrence 80' ' ./
= < \ [
L8 \ /

Mentions

oy

\ Observations Conditions | Drug Exposures = Measurements

3. Patient history is found after first mention of keyword

“Myocardial infarction” (Y/N) 7

2. Find Patients with keyword

ui A ist bas .
1. Build Keyword list based on mentions

concepts related to “Myocardial
infarction”

Observations | Conditions | Drug Exposures | Measurements

4. Feature Vectors constructed after collapsing patient
timeline into normalized frequency counts

Random

o
train & Forrest
- . e
- Logistic
Regression
(default)

test —> TP FN

[ F T

5. Classifier is built using 5-fold cross validation



1. Build Keyword list based on
concepts related to “Myocardial
infarction”

uild Keyword List

Generated keywords for “Myocardial Infarction”

4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847
4329847

Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial
Myocardial

infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction
infarction

312327
314666
319038
319039
438447
439693
4011131
4030582
4096808
4108217
4108220
4108668
4108669
4108677
4110951
4110952
4110953
4110954
4111389

Acute myocardial infarction

01d myocardial infarction

Postmyocardial infarction syndrome

Acute posterior myocardial infarction

Acute myocardial infarction of jnferolateral wall
True posterior myocardial infarction

Acute infarction of papillary muscle
Postoperative myocardial infarction
Post-infarction panhypopituitarism

Subsequent myocardial infarction

Rupture of papillary muscle as current complication following acute myocardial infarction
Acute gnteroapigcal infarction

Acute myocardial infarction of atrium

Subsequent myocardial infarction of anterior wall
Anterior myocardial infarction NOS

Posterior myocardial infarction NOS

Lateral myocardial infarction NOS

Inferior myocardial infarction NOS

Other specified anterior myocardial infarction

Function call:

wordLists <- buildKeywordList (conn, aphrodite concept name, cdmSchema, dbms)



o

Step 2 — Find Cases and Controls

Pid Observations /
== Condition Occurrence

Mentions

“Myocardial infarction” (Y/N) ? C D M

2. Find Patients with keyword
mentions V5

Function call:

casesANDcontrolspatient ids df<- getdPatientCohort (conn, dbms,
as.character (keywordList FF$V3) ,as.character (ignorelList FF$V3), cdmSchema,nCases,nControls)




— Extract Patient Data

s .:
/(O
¢ | 7] ‘

b m———— e

({{

—

Observations Conditions Dmgmlll'lﬁf Measurements :'

3. Patient history is found after first mention of keyword

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)
I



Step 4 — Create Feature Vector

Observations Conditions | Drug Exposures | Measurements

4. Feature Vectors constructed after collapsing patient
timeline into normalized frequency counts

Function calls:

fv_all<-buildFeatureVector (flag, dataFcases,dataFcontrols)

fv full data <- combineFeatureVectors(flaa, data.frame (cases), controls, fv all, outcomeName)



Representing
patient data as a
feature vector

LABS

LOINC:HBAIc (High)
LOINC:Blood Glucose: High
LOINC:Blood Glucose: High
LOINC:Blood Glucose: Normal

CONDITIONS

PRESCRIPTIONS

LOTE NP TERMS SNOMED: 73211009 RxNorm: 6809
Term to Diabetes mellitus SNOMED: 44054006 RxNorm: 4815
Concept Diabetes mellitus
Metformin
Metformin. \
Diabetes
Diabetes nos
Metformin
Dimethylbiguanidine
O ® O X X X + - v v
-—=>
CONCEPT CODE PRESCRIPTION LAB
FEATURES: FEATURES: FEATURES: FEATURES:
Structured and B g _ f= S
unstructured data < @ Count -f RxCUI Counts of a lab-result
from a record is #Notes in which the Counts of a code SR I s :
represented as a concept occurs at Total number of Total number of ok DRl e e
vector of features least once codes RxCUIs

55



Step 5 — Build Model

: Random
train — Forrest
Logistic
Regression

(default)

test — TP FN

| F R

5. Classifier is built using 5-fold cross validation

Function calls:

model predictors <- buildModel (flag, fv full data, outcomeName, folder)

model<-model predictorsS$model
prealI c!orsﬂames< -moae!_preall c!orsspredictorsNames



Step 6 — Get Evaluation Results

Reference
Prediction F T
F 86 15
T 1542

Accuracy : 0.908
95% CI : (0.855, 0.9465)
No Information Rate : 0.5
P-Value [Acc > NIR] : < 2.2e-16

Kappa : 0.8161

Mcnemar's Test P-Value : 0.001154
Sensitivity : 0.8276
Specificity : ©.9885
Pos Pred Value : 0.9863
Neg Pred Value : 0.8515
Prevalence : 0.5000
Detection Rate : 0.4138
Detection Prevalence : 0.4195
Balanced Accuracy : ©.9080

'Positive' Class : T

Model Details
glmnet
526 samples

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



Effort precision trade off

’ ’* 0.98 0.96 1900

-~

#---

0.90 0.91 2hr

Effort




Live Demo



Set all configuration parameters on
the Shiny app:

(@)

General Settings Concept/Term Selection Use Atlas Cohort Use Atlas Concept Set

Aphrodite Concept/Term label:

myocardial infarction

Database Settings Model Settings Aphrodite Settings

cdmSchema: Output Folder Path: Feature Spaces to Use

/home/jmbanda/OHDSI/Aphrodite-TEMP/ ¥ Conditions

v Observations
resultsSchema: Study Name (No Spaces): ¥ Procedures
DEMO-NoteNLP-full @ Measurements
v NoteNLP
sourceName: Outcome Name (No Spaces): ¥ DrugExposures

DEMO-NoteNLP-full .
Search Domains for Keywords

DBMS: ML Algorithm (LASSO, RF, SVM, etc.): ¥ Conditions
¥ Observations
postgresql v LASSO
Procedures
User Name: Number of Cases: Measurements
50 NoteNLP

DrugExposures



Pick labeling heuristic terms or
concepts

a‘jafmawe

General Settings Concept/Term Selection Use Atlas Cohort Use Atlas Concept Set

Include keyword Selection Ignore keyword Selection

Aphrodite Concept/Term label Selected:

myocardial infarction

Show 10 v entries Search:
Label concept_id concept_name Related concept_id concept_name
1 4329847  Myocardial infarction 312327  Acute myocardial infarction
2 4329847  Myocardial infarction 314666  Old myocardial infarction
3 4329847  Myocardial infarction 319038  Postmyocardial infarction syndrome
4 4329847  Myocardial infarction 319039  Acute posterior myocardial infarction
5 4329847  Myocardial infarction 434376  Acute myocardial infarction of anterior wall
6 4329847  Myocardial infarction 436706  Acute myocardial infarction of lateral wall
7 4329847  Myocardial infarction 438170  Acute myocardial infarction of inferior wall
8 4329847  Myocardial infarction 438438  Acute myocardial infarction of anterolateral wall

9 4329847  Myocardial infarction 438447  Acute myocardial infarction of inferolateral wall



Execution code will be genera

Shiny app

Copyright 2015 Observational Health Data Sciences and Informatics

This file is part of:

AFHRODITE

Licensed under the Apache License, Version 2.0 (the "License");
you may not use this file except in compliance with the License.
You may obtain a copy of the License at

http://www.apache.org/licenses/LICENSE-2.0

Unless required by applicable law or agreed to in writing, software
distributed under the License is distributed on an "AS IS" BASIS,
WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
See the License for the specific language governing permissions and
limitations under the License.

@author Stanford University Center for Biomedical Informatics - Shah Lab
@author Juan M. Banda

B I

# Install necessary packages if needed, remove comments
# install.packages("devtools")
# install_github("ohdsi/Aphrodite™)

#library(Aphrodite)

source( ' /home/jmbanda/OHDSI/Aphrodite/R/functions.R")
library("SqlRender", lib.loc="/usr/local/lib/R/site-1library")
library("plyr",lib.loc="/usr/local/lib/R/site-1library")
library("caret",1lib.loc="/usr/local/lib/R/site-1library")
library("pROC",1lib.loc="/usr/local/lib/R/site-1library")
library("data.table",1lib.loc="/usr/local/lib/R/site-1ibrary")
library("DatabaseConnector”,1lib.loc="/usr/local/lib/R/site-1library")

ted by

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



New functionality:
Build APHRODITE models using Atlas

cohorts
o

General Settings Concept/Term Selection Use existing Atlas Cohort Use existing Atlas Concept Set

Cohorts Found on the Server:

localhost/ohdsi_prod

Show 10 v entries Search:
Cohort Id Cohort Name
1 25795  Symposium2018-tutorial-Hematuria
2 25794  Symposium2018-tutorial-Hemoptysis
3 25793  Symposium2018-tutorial-Ischemic Stroke
4 25792  Symposium-2018-tutorial-Lower Gl Bleed Standard Concepts
5| 25791  Symposium2018-tutotial-Venous Thromboembolism
6 25790  IPF_Trial
7 24112V new user Comparator cohort May 29 from 2005 - GOOD ONE
8 24110  MMR+V new user Comparator cohort May 29 from 2005 - GOOD ONE
9 24109 MMR new user Comparator cohort May 29 from 2005 - GOOD ONE
10 24105 MMRV new user Target cohort May 29 from 2005 - GOOD ONE

Showing 1 to 10 of 422 entries Previous 1 2 3 4 5 43 Next



New functionality:
uild APHRODITE models using Atlas

oncept sets

(@)

General Settings Concept/Term Selection Use existing Atlas Cohort Use existing Atlas Concept Set

Concept Sets Found on the Server:

localhost/ohdsi_prod

Show 10 v entries Search:

Concept Set Id Concept Set Name

1 25788 Met RV

2 25782 IPF_Rv

3 24114  TACO Diuretics

4 23545  TACO bag of concepts

5 22037 Reviewed Major Surgery List - Minty

6 22032 Two example Surgeries - Minty

7 21979  OHDSI F2F Infection

8 21973  Rheumatoid Nodule - Minty

9 21967  OHDSI F2F New users of TOF PBR

10 21950  Tocacifitinib_Rohit_ OHDSI_F2F

Showing 1 to 10 of 188 entries Previous 1 2 3 4 5 19 Next



r Patients found on Atlas cohorts

Outcome Cohort Stanford Patients
Venous Thromboembolism 11,916
Lower Gl 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 | Specifi | F1 ™ |TN |FP |FN
vity city score

Venous

yemous | 0.9012 | 0.9661 | 0.8462 | 0.9605 | 0.9022 | 2,878 | 2456 | 101 | 523

Lower Gl Bleed 0.8143 | 0.9547 | 0.9118 | 0.9525 | 0.9328 | 1,623 | 1543 | 77 | 157

Ischemic Stroke | 5395 | 0.8913 | 0.9403 | 0.8967 | 09151 | 5132 | 5432 | 626 | 326

Hemoptysis 0.8432 | 0.8740 | 0.9388 | 0.8822 | 0.9053 | 1,013 | 1,003 | 146 | 66

Hematuria 0.9231 | 0.9045 | 0.8133 | 0.8924 | 0.8565 | 7,190 | 6,208 | 750 | 1,651




r 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 Gl 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




r Unsolved questions

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

e How do we share the model or the workflow?

e How do we know if those patients are
correct?



Need more information?

How-to Video Demo:

nttps://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!

y @drjmbanda


https://github.com/OHDSI/Aphrodite

Phenotype Evaluation

Joel Swerdel



Evaluating the Performance of
Phenotype Algorithms

Joel Swerdel
Epidemiology Analytics
Janssen R&D




r

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

Contents lists available at ScienceDirect o
CARDIOLOGY

International Journal of Cardiology '
journal homepage: www.elsevier.com/locate/ijcard

Use of electronic health records to ascertain, validate and phenotype @Cmsm
acute myocardial infarction: A systematic review and recommendations

Review

Bruna Rubbo **, Natalie K. Fitzpatrick , Spiros Denaxas ¢, Marina Daskalopoulou ®, Ning Yu ¢, Riyaz S. Patel *<,
UK Biobank Follow-up and Outcomes Working Group, Harry Hemingway

®* Examined 33 studies

* Found significant heterogeneity in algorithms used, validation methods, and results

74



<

Validating an Algorithm

Truth >
Positive Negative
C Positive D rue Positive (TP) "> False Positive (FP)

C Test > Negative False Negative | True Negative (TN)
(FN)

Test — Comes from the algorithm/cohort definition
Truth — Some form of “gold standard” reference
Ex.: True Positive (TP) — Test and Truth agree Positive

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)
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Evaluating Performance of Algorithm - Examples

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—Usmg an ICD-9-CM-based algorithm (hospitalized patients with 410.x0 or 410.x1 in
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 jomt European Society of Cardiology and American College of Cardiology Global Task

PPVs ranged from 76. 3
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.
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Evaluating Performance of Algorithm - Examples

PHARMACOEPIDEMIOLOGY AND DRUG SAFETY 2009; 18: 1064-1071
Published online 28 August 2009 in Wiley InterScience (www.interscience.wiley.com) DOI: 10.1002/pds.1821

SUMMARY
Purpose Studies of non-steroidal anti- |anammatory drugs (NSAIDs) and cardiovascular events using administrative data require
OI-.IOIOI- ‘II.-.-I- .l AlVl -IOIOII-.IOIAI‘I‘ Onounge .I‘OKA' d

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. Ellglble persons were non- mstltutlonallzed aged 50 84 years between 1999-

potential first AMI, a systematic sample (n74350) 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.

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.
J. 170, D74U. drid dsp USE (V0.9 70 VS. .9 70, P74U.9VU) Wd al allionyd NOAID USETS anad norn-use
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 - Examples

Yonsei Medical Journal
Val 41 Na § nn 70 %74 2000

Abstract

We attempted to assess the accuracy of the International Classification of Diseases (ICD) codes for

myocardial infarction (Ml) in medical insurance claims, and to investigate the reasons for any
Inaccuracy. Ihis study was designed as a preliminary study to establish a surveillance system for
cardiovascular diseases in Korea. A sample of 258 male patients who were diagnosed with Ml from 1993
to 1997 was selected from the Korea Medical Insurance Corporation cohort (KMIC cohort: 183,461
people). The registered medical record administrators were trained in the survey technique, and
sathered data by investigating the medical records of the study subjects from March 1999 to May 1999.

was 'not MI". The accuracy rate of the ICD codes for Ml in medical insurance claims was 76.0% (196
cases) of the study sample, and 3.9% (ten cases) of the medical records were not available due to

insufficient due to insufficient records of chest pain, ECG findings, or cardiac enzymes. The major reason
of inaccuracy in the disease code for Ml in medical insurance claims was 'to meet the review criteria of
medical insurance benefits (45.5%)". The department responsible for the inaccuracy was the department
of inspection for medical insurance benefit of the hospitals.

78



Evaluating Performance of Algorithm

Author (year; country) " Cross-referencing elements PPV% (95%CI)
IMukers*! ECG !Symptom! Othecse !

Secondary care EHR ¥5, chart review | - - | - . .
C'rOn‘kl el ai. \-v... oA :9: 1 ] 1 | - | e -CC ‘L.é :"2:. )
Rogereral (2002: T USA) A0 T Y e | e - 40 QSS I-41.5)"
Kimm er ai. (2012; South Korea)® i e ! . : : —_—— 731 (62-82)°
Ryu 62 ai. (2000; South Xorza) > o - e
Tosnsen é: al. (2008, Dermark) 02 1 8 | e | e | e | -- 816 (79.3-84.2)
Metcalfs o a (-01‘* Canada) 168 ! e ! ! | ST} — 828 (76-88)"

b { 1 @ E) e 6.0 (7
Whal 62 2. (2310 USA) 200 } o ! A e ! —_— 384 (832025
0 2 - B s —a— 018 (806-053)
IS P e i LaWV T, & s 0% | THb \ TPV
Sarchielli ez al, (2010, ltaly) e | e | e | e = 046 (923-26.9)
Hammoar ez al. (2001 \\\e&er.) 300 @ 1+ e e - 95(93.1-96.3)
Varas-Lorenzo ef ai. (2008; Canadz) 95 | e ) e | e | e | —s— 93 (01.88)
Harriss er ai. (2011; Australia) 02 1 e | e | . . —— 033 (017-97.6)
Quan &1 &, (2008, var..\.z) 385 : e | : ® | —= 030(934-074)
Yok ez ai. (2010; USA) 640 , o | o | X ! & 0967 (950-97.8)
Linnersjo ez ai. (2000: S\\tden) 200 + @, ® |, @ | e = 08 (07 2-983)
Coloma ¢z al. (2013; Danisk dat2) 43 | o ! & ! @ | @ ! = 100.0 (100-100)

79



<

Evaluating Performance of Algorithm

* Conclusion — for Ml — 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?
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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)
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PPV Example — 1 Test, 2 Populations
Test Characteristics:
Sensitivity = 75%
Specificity = 99.9%

Population = 10,000

Prevalence = 1% Truth
Positive Negative
Positive 75 10
Test Negative 25 9890
Total 100 9900
Prevalence = 5% Truth
Positive Negative
Positive 375 10
Test Negative 125 9490
500 9500

PPV =
75/ (75 + 10) =
88%

PPV =
375/ (375 + 10) =
97%
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PPV Example — 1 Population, 2 Tests

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%

PPV = 90% Population = 10,000
Prevalence = 5% Truth
Positive Negative
Positive 90 10
Test#1 Negative 410 9490
Total 500 9500
Prevalence = 5% Truth
Positive Negative
Positive 360 40
Testi#2 Negative 140 9460
500 9500
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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
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Validating Algorithms in Observational Data

Truth
Positive Negative
Positive True Positive (TP) | False Positive (FP) |
Test Negative False Negative True Negative (TN)
(FN)

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

Possible alternative for finding the “Truth”
Diagnostic Predictive Models
Prediction models used to estimate the probability of
having a particular disease or outcome.
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Finding the Truth — using Diagnostic Predictive Models
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?

Cut-point

Negatives

General Population
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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

[460] MI xSpec Model

Definition @ Concept Sets Generation Reporting Export M4

[460] MI xSpec Model

el
People having any of the following: (460] Myocardial Infarction x @ Optimize Ty

S m j Concept Set Expression Included Concepts Q Included Source Codes Explore Evidence Export Compare
XK or the first time in the person's history Show '25 v | entries Search:

X with age| Greater or Equal To ¥

Showing 1to 2 of 2 entries Previous | 1 Ne
with continuous observation of at least days before and days after ev ‘™ Conceptld Concept Code  Concept Name v Domain  Standard Concept Caption \:I Exclude |:| Descendants |:| Mapped
Kimitinitial events fo:| parliest event °¥:) per pefson. " 314666 1755008 Old rmyocardial infarction  Condition Standard [v] lv] []

Initial event inclusion criteria: From among the initial events, include: i L -
. y Ao 430847 22208006 Myocardial infarction  Condition Standard [] lv] [ |
having | all ¥ | of the following criteria:

with| atleast v [|5 ¥ |u N il | occurrences of:

I\

[460] Myocardial Infarction ~ ~

where between days | Before ¥ |and days| After v ‘

restrict to the same visit occurrence
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Create noisy
positive “xSpec”

Cohort
L

-

~

Create Noisy
Negative
Cohort of
randomly
selected

subjects from
database

Running the Model

Step 1: Develop Evaluation Cohort from Diagnostic Predictive Model

' Create ‘

(O)utcome
Cohort
(xSpec

subjects

\ only) /
)

Create
(T)arget
Cohort
(xSpec plus
noisy
negative

(" RunPLPonT
and O cohorts
creating
Diagnostic
Prediction

\ without HOI )

subjects)

\_  Model

~

Create Evaluation Cohort
of 1M randomly selected
subjects from database

J

Apply PLP
Model to
Evaluation
Cohort

\_

Save Evaluation
Cohort with
predicted
probabilities to
evaluate phenotype

algorithms j




Find
subjects in
Evaluation

Cohort
included
and
not
included
in
Phenotype-
derived

\ cohort )

Create
cohort
from
Phenotype
algorithm

( 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=0.1added to FP

Running the Model

Step 2: Evaluate Phenotype Algorithms

probability to True
Positive (TP) total;

Yes

Add (1 - predicted

probability) to False
Evaluation

Cohort

[ Add predicted \

\ Positive (FP) total )

subject
included?

probability) to False
Negative (FN) total;

No

Add predicted
probability to True

[ Add (1- predicted \

\_ Negative (TN) total _/

~

Use totals from TP, FP, TN,
FN to calculate algorithm

sensitivity, specificity, and
positive predictive value

J

~N

( Example: Subject 2
Predicted Probability of HOl = 0.1 and not
included in Phenotype algorithm cohort:
1-0.1=0.9addedto TN
(“90% correct non-case”)
0.1 added to FN

J

(“10% incorrect case”)

-

(“10% incorrect non-case”)

-

4 . )
Calculations:
Sensitivity = Sum TP / (Sum TP + Sum FN)
Specificity = Sum TN / (Sum TN + Sum FP)
PPV =Sum TP / (Sum TP + Sum FP)

J

G J
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Testing the Phenotypes

Typical Phenotypes for Health Outcomes of Interest (HOI):
* 1 X HOI - e.g., Myocardial Infarction - SNOMED concept ID 22298006

* 2 XHOI - e.g., second MI diagnosis within 5 days of first M| diagnosis
* 1 X HOI, In-patient
* 1 X HOI, In-patient in first position



Comparing Results from Multiple Datasets

Phenotype
Algorithm

Myocardial Infarction  Ischemic Stroke

Diabetes Mellitus

Atrial Fibrillation

CDM  Sens

>=1x HOI

>=2x HOI

>=1x HOI -
[n-Patient

>=1 xHOI, IP -
1st Position

CCAE  99.9
Optum 99.9
MDCD 99.9
MDCR 99.9

CCAE 619
Optum 53.3
MDCD 543
MDCR 53.2

CCAE
Optum

PPV Spec Sens PPV Spec

79.8
81.9
86.1
8.7

S
96.8
91.5
96.3
93.2

91.9
98.2
91.5
94.9

90.6
92.8

99.9
99.9




Limitations

* Sparse data for subjects
* Databases vary with overall level of detalil

Cut-point

Negatives

General Population

* Cutrona — 10% of patients with insufficient evidence
* Ryo - 7.5% of patients with insufficient evidence
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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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Questions



Student Workgroup
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Advanced Atlas

Christopher Knoll
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Cohort Applications
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Final Review
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