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Scope an@bjectives

Explored challenges

Collecting patient data for precision medicine
Analyzing data to develop predictive models
Testing predictive models
Delivering risk estimations

Designed solutions

To collect comprehensive medical records of patients
To standardize patient medical records, both concept validations and dataset structure
To standardize exchange of predictive models

To provide a tool to enable testing and deploying health$isk G A Y'I 0 A 2affdd A Y
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Predictive models, How good they are?
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Predictive models, How good they are?

Risk Prediction Models for Hospital Readmission: A Systematic Review
KansagaraD. et al. (2011)Jama 306(15), 16881698.

Reviewed?,843papers, analyzed 26 unique models
Poorto-modest discriminative ability:

To riskadjust readmission rates for hospital comparison vatstatistic ranged 0.59.65
To identify higkrisk patients for intervention early during a hospitalization wittatistic ranged 0.56.72
To estimate hospital discharge with c statistic ranged Q.83

Statistical models and patient predictors of readmission for heart failure: a

systematic review
Ross, J. S. (2008¥.chives of internal medicing68(13), 13711386.

Poorto-modest discriminative ability:
To patient readmission risk with ¢ statistic of 0.60
To predict mortality after HF hospitalization withstatistic ranged 0.60.81



Problem No. 1

Predictive Models with podo-modest performance

“) Model development
- Not generalizable: Limited to the sample size

Not reproducible: Not a good representative of the whole population; Limited to the
patient characteristics in the training set

Suboptimal results: Limited accuracy when tested on other data sources

@ Potential solutions

Increase sample size of training set

Include patients from all tiers of the population with diverse age range, race, ethnicity,
genetic factors, history of diseases and comorbidities, therapies, etc.

Compare the performance of different predictive modelling methods

We need a system that can integrate data from different centers with diverse data
models in one matrices to run the machine learning algorithms.




Challenges of Deploying Predictive Models

Development Deployment Prediction
Statistician/Data scientist |IT programmer Healthcare Provider
ARecode data Adding a new feature is always Due to the limitations in deployment:
AcControl for confounders challengingandtime limiting:
ADevelop the model
AEvaluate the model A Crossmap variables to the  ADelayed use of predictive model
EHR data model ASuboptimal predictions

A Modify hardcoded variables ANeeds for an updated model
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Problem No. 2

Complex and costly muétenter evaluation and deployment

? Model deployment and evaluation
Complex task: Different data models, Diverse coding systems

Adding new excess costs: Development, Implementation, Maintenance, Training,
Safety and privacy safeguards

Many people are involved every time a new modedakectedto be deployed or
evaluated on multiple data repositories: Data Procurement Manager, IT Managet,
Analyst, Computer Programmer, Statistician

@ Potential solutions

Build a plugand-play platform to deploy predictive models and generate
predictions

We need an interoperable system, independent of the systems that runs the
predictive models.




Problem No. 3

Limited access to readly-use data

Many

Diverse data

database sources
structures

Diverse
coding
systems

A Concept mapping
A Concept validation

Data from other data sources needs < A Code validation

extensive processing to be ready for A D(:H'den.tificatior?
population health research A Removing dU_p|lcateS
_ A Text processing




Key Factors

Key factors to achieve goals of Precision Medicine to
develop and delivensk estimation models
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Request for data .

[ EHR ] “

Security | Financial

[ EPrescribing ]

Request for results
HL7 of my analysis .

>
PMML -

[ InsuranceCompany]

Personalized health Risk Scoring Tool




Personalized Risk Scoring Tool (PHRST)

PHRST is a tool that
deploys plug9 new analytics algorithms,
runs play9 the models on patient data, Plugand-Play

and returns the results

CCD-TO-OMOP parser Personalized H(el:’a|'||t|25$|)5k Scoring Tool

N\..-o

Patient’s Risk: 85%

Extract Patient’s data
in OMOP CDM v5
Load
OPMML-OMOP
Parser

PMML

Generates predictions based on patient
information using the incoming predictive model

CCD Parser

Extracts patient data from CDA document and
transforms to OMOP CDM



The Interoperable System For Delivering
Personalized Predictive Analytics

____________________ | O-PMML Scoring Engine

I O-PMML
CCD OPMML
Repository Repository N

O-PMML

| Parser

Mining Task Build

scripts
Retrleve; values SQL Executer
of variables
CCD;‘?S‘gMOP | Model scoring
. procedure
Passing
retrieved values \]/
OMOP
CDM Scorer
LCCD -TO-OMOP Parser 1
API ‘
I I [
<response> <response> <response>
List of patients List of models Outputs of

predictive models

JSON JSON
JSON

The diagram of the

: <on load> <on model run>
arCh|teCtu re and data ﬂOW Of Request list of patients Request the selected
and predictive models model 6s oygtput

personalized health outcome
prediction framework

User Interface

1 Personalized Health Risk Scoring Tool (PHRST)




The Interoperable System For Delivering

Personalized Predictive Analytics

Personalized Health Risk Scoring Tool (PHRST)

Stan Almond

Dario Martens

Rigoberto Armstead

Krissy Spearman

Gwyneth Weatherly

Starla Yarbrough

Fawn Burrell

Inge Law

Griselda Ahn

Giselle Aubin

Janita Baker

Framingham Risk Score Panel

© Heart Failure in Atrial Fibrillation (10-year risk)
Cardiovascular Disease (10-year risk)
Cardiovascular Disease (30-year risk)
Congestive Heart Failure
Coronary Heart Disease (10-year risk)
Coronary Heart Disease (2-year risk)
Hypertension
Intermittent Claudication
Diabetes
Stroke

Stroke after Atrial Fibrillation

oooooooooo@

Stroke or Death after Atrial Fibrillation

@ Ready ¥Inprocess L% Errorin computation £\ Not enough data to compute risk score

About | Github imer | Support

Patient ID
DOB

Gender

Dario Martens

20170414091154
10/9/1946
Male




The Interoperable System For Delivering
Personalized Predictive Analytics

Personalized Health Risk Scoring Tool (PHRST)

Janita Baker

T T T T T T T
01-Juk13  01-0ct-13 01-Jan-14 01-Apr-14  01-Juk14  01-Oct-14 01-Jan-15

- L J
L J
Patient L Cardiovascular Disease (10-year risk) Patient's Information
Stan Almond Scoring Date  Age TCL HDL SBP Treated Smoker Diabetic Risk h
(yrs) (mg/dL) (mg/dL) (mmHg) Hypertention GWY net

Dario Martens 20140721 50 170 475 149 No No No 6.12% Weatherly

20141001 50 170 427 149 N N N 6.59 %
Rigoberto Armstead ° © °

20150225 51 170 427 149 No No No 6.89 % PatientID  20170414120043
Krissy Spearman 2013-0406 49 170 475 149 Yes No No 7.86% bosB 1/20/1964

Gender Female

20130611 49 170 47.5 149 Yes No No 7.86%
Gwyneth Weatherly
Starla Yarbrough
Fawn Burrell 15
Inge Law o

£ 10 6.9%
5
Griselda Ahn [ * °
5_

Giselle Aubin

Cardiovascular Disease (10-year risk)

Latest update: 2015-02-25




Accommodation of HL~CDAbased CCD data into
OMOP CDM

HL7 ConsolidateeClinical Document Architecture (C OMOP Common Data Model Version 5.1 conceptual model
CDA)
<section> . STANDARDIZED CLINICAL DATA
<title>Medications</title>
<text> - - — -
Wedizaticn: Xibcsl Saliniaes | Person | | Observation Per10d| | Visit Occurrence | | Death | | Specimen |

Instructions: 2 puffs QID PRN wheezing<br/>

Status: Active<br/> | Drug Exposure I | Condition Occurrence | | Device Exposure | | Measurement |
</text>
<entry typeCode="DRIV"> | Procedure Occurrence | | Observation | | Fact Relationship | | Note |

<substanceAdministration classCode="SBADM" moodCode="EVN">
<id root="cdbd33f@-6cde-11db-9fel-0800200c9a66" />

<statusCode code="active"/> STANDARDIZED DERIVED ELEMENTS STANDARDIZED HEALTH ECONOMICS
<effectiveTime xsi:type="PIVL_TS">

<period value="6" unit="h"/> | Cohort | | Cohort Attribute | | Payer Plan Period | | Cost |
</effectiveTime>
<doseQuantity value="2"/> | Condition Era I I Drug Era I

<administrationUnitCode code="415215001" STANDARDIZED HEALTH SYSTEM DATE

deSystem="2.16.840.1.113883.6.96" . . .
ety = > Dose Era | Location | | Care Site | | Provider |
displayName="Puff"/>

<consumable>

</manufacturedMaterial>
</manufacturedProduct>
</consumable>
</substanceAdministration>

| Source To Concept Map | —

<manufacturedProduct> g
!P]-D UL A =
<manufacturedMaterial> 2Lk LA AL R RIES — ;
<code code="307782" codeSystem="2.16.840.1.113883.6.88" - - - =}
displayName="Albuterol ©.09 MG/ACTUAT inhalant solution" | Concept | | Concept Relationship | | Concept Ancestor | | Domain | A :‘;
codeSystemName="RxNorm" > E =
<originalText>Albuterol inhalant</originalText> | Concept Synonym | | Drug Strength | | Vocabulary | | Relationship | " g
</code> £ ;

N =3
<name>Pro-Air Albuterol</name> | Concept Class | | Cohort Definition | | Attribute Definition | 5 =
Z
-




Accommodation of HL~CDAbased CCD data into
OMOP CDM

CCBTOOMOP package

CCD parsekExtracts demographics, medicines, conditions, care provider encounters,
laboratory test results, and observations data from CCDs.

CCD MapperTransforms the data into intermediate OMOP talglghich are
instantiated from the OMOP CDM modgfer further processing.

Loader Loads the transformed data from the intermediate tables into an OMOP CDM
database.

" OMOP Vocabulary
_—
e

(((

-

Database Connector

| |
EHR

Patient’s data
in OMOP CDM




Accommodation of HL~CDAbased CCD data into
OMOP CDM

CCDs

Continuity of Care Document: A summary of patient medical records
Randomly selected 250 deidentified CCD documents

HL7 version 3 (V3) consolidated clinical document architectu&Yf) Release 1.1 standard
from Regenstrief Institute

Processed OMOP CDM tables
Person patient demographics
Observation Periodperiods of observing patient health events
Visit Occurrenceisit encounters
Condition Occurrencdiagnoses and health conditions
Condition Eracontinuous intervals of diseases and conditions
Procedure Occurrencerocedure records
Drug Exposureadministered medications
Drug Eracontinuous intervals of medication use
Measurementresults of medical evaluations
Observationclinical observations



Accommodation of HL~CDAbased CCD data into
OMOP CDM

Overall mapping performance of concepts and records to OMOP CDM vocabulary by
domain.

Percentage of mapped and unmapped concepts and records

0% 20% 40% 60% 80% 100%

Condition

Drug

Domains

Concept

Record

Concept 100.0%

Record 100.0%

Observation Measurement Procedure

mMapped ®Unmapped




Adoption of PMML to disseminate OM{¥sed

risk scoring models

We have standard for exchanging patient information, why not for predictive

models?
Predictive Model Markup Language (PMML) ol MML
Introduced in 1997 by th&ata Mining Group v Predictive Model
redictive IFlode
XMlL:based architecture | Markup Language

Mainly used in finance, banking, Al, auto industry
Very few studies in the literature on using PMML in healthcare

o PMML Consortium: TogawarePty Ltd

PMML Versioning: IBM Angoss

1997: release 0.7 MicroStrategy KXEN

1998: release 0.9 SAS Microsoft

1999: release 1.0 Actian Oracle

2000: release 1.1 Experian Portrait Software

2001: release 2.0 Zementis Prudsys

2004: release 3.0 Equifax Salford Systems

2009: release 4.0 FICO SAP

2011: release 4.1 Fiserv Software AG

2014: release 4.2 KNIME StatSoft

2016: release 4.3 (latest) Open Data Group Tibco

RapidMiner


http://dmg.org/

Adoption of PMML to disseminate OM{¥sed

risk scoring models

¢ KS andtlizEe ¢ NBIj dzA NB Y S yhiased pfedidiivedndeldNA y I  h .

All concepts and mining tasks are compatible with OMOP CDM.
The PMML must contain data mining from database.
The PMML must contain the transformation processes of participating variables.

¢KS taa[ _Ydzald O2ydl Ay GKS LINBRAOUAGS Y2
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The PMML must contain the processes to compute outputs of the model.

Trained Predictive generates
el (OMOP enabled)
|

]
OMOP-TO-PMML
' writer

—_—

I
I
|
I
W '
I Translatés to SQL to query OMOP CDM
|
OMOP CDM v5.1 I

I

|

I

|

I

TO-SQL

Queries OMOP CDM to calculate the predictive model’s outcome
' parser

|
\




Adoption of PMML to disseminate OM{¥sed

risk scoring models

Benefits
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the destination data
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Supports variety of machine learning algorithms
Small, sharable, and human readable text file

A specialized parser receives the model, extracts specifications, and runs the model

PMML defines:

Data mining process

Data transformation procedures

Definitions of variables
¢tKS Y2RSft Qa
The output of the model
Model scoring steps

ALISOATA

-

O

r
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PMML

Header

Mining Build Task

Data Dictionary

Transformation Dictionary

.

Regression Model

Mining Schema

Qutput

Model Statistics

Mining Explanation

‘MML

Predictive Model
Markup Language

Targets

Laocal Transformations

Regression Table

Model Verification




Adoption of PMML to disseminate OM{¥sed

risk scoring models

Analytics tools that support PMML

Analytic Tool Export PMML Import PMML

SAS PROC PSCORE SAS Model Manger
R pmmlpackage pmmlpackage
KNIME PMML writer node PMML reader node
SPSS SPSS Modeler SPSS Modeler




Adoption of PMML to disseminate OM{¥sed

risk scoring models

<?xml wersion="1.0" encoding="UTF-8"72>
I he Structu re Of PMML <PMML version="4.1" xmlns="http://www.dnq.orq/PMML-4 1">
<Header copyright="ENIME">

<Application name="ENIME" wversion="2.8.0"/>
<knnotation»This is a predictive model for ..

ModelStats Represents variable statistics <Extension name='anthor">John Doe</Extensions
A Unlvarlate ( ) </BAnnotation>
g o <Timestamp>
A Mu'tlvarlate PMML <Extension name="created">2012-01-14</Extension>
A Anova </Timestamp>
</Header>

Models: Detailed specification of the models Header
Supports multiple models in one PMML.

Mining Build Task
Supported models

Association Rules Ruleset Data Dictionary
Baseline Models Scorecard

Cluster Models Sequences _ D
General Regression  Text Models Ul Lo e e DI Entery

k-Nearest Neighbors Time Series
Naive Bayes Trees Model
Neural Network Vector Machine
Regression




