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Objectives

Learn some buzzwords

Why Bother?

How to build a predictive model
Examine real-world predictive models

Getting Buy-In from Clinicians
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Al: Artificial Intelligence

“Narrow” Artificial Intelligence
General Artificial Intelligence
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Machine Learning

Machine learning explores the study and
construction of algorithms that can learn from
and make predictions on data.

https://en.wikipedia.org/wiki/Machine_learning

Predictive analytics, or making predictions
based on past data, is one of the artificial
Intelligence tasks that machine learning can
solve.
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I’'m still confused...

Artificial Intelligence tries to replicate the capabillities of the human
mind.

Machine Learning uses complex math to solve difficult problems.

Predictive Analytics, from the standpoint of healthcare or business,
IS one of the most important activities that is enabled by Machine
Learning.

Predictive Models and Risk Models are the products of Predictive
Analytics. |
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Classic Approaches

Mortality prediction

The Charlson Index was introduced in
1987 in the Journal of Chronic Disease as
mortality risk score.

Readmission prediction

The LACE Index was introduced in the
Canadian Medical Association Journal in
2010 to predict early death or unplanned
readmission after discharge.
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Shortcomings...

CONCLUSION: The LACE Index may not accurately predict unplanned
Using the LACE index readmissions within 30 days from hospital discharge in CHF patients. The
to predict hospital LACE high risk index may have utility as a screening tool to predict high risk
readmissions in ED revisits after hospital discharge.

congestive heart failure

Predictin CONCLUSION: The LACE Index is a poor tool for
readmiss?ons: 000" predicting 30-day r_eadmissio_n i_n older UK inpaﬁie_nts.
performance of the the absence of a simple predictive model may limit
s OSUEUIICEN the benefit of readmission avoidance strategies.

patients

By Wang et. al, BMC Cardiovascular
Disorders , 2014

UK population

By Cotter et al., Age Aging , 2012
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Limitations

Most standard models are trained with data from a broad, general
population.

Most standard models are based upon data elements that are
available through billing or claims data.

© 2017 Health Catalyst
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Advantages of building models

Trained on data from your environment.
Trained on data from your patients.

Answers your specific questions.
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When should | build a model?

Trying to differentiate outcomes for complex cohorts
Predict infrequent events

Prioritize attention of limited resources to very frequent events

Predict outcomes as the result of modified behaviors

ncorporate features unlikely to be available to “standard” models
- Socio-economic data
- Geo-location data
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Let’s Build a Predictive Model
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Steps to build a model

1. Determine event of interest.

2. Determine our population.

3. Decide upon “features.”

4. Build feature sets.

5. Run through various algorithms: Train and Test.

6. Select the best model.
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Typical Workflow for Building a Predictive Model

Gnarly Data Tools/ _ Evaluate
SQL Query Manipulation Feature Algorithms Candidate &
------------------ ) ....--------------) Set ----------------..) MOdels Se|eCt
R | Python
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Features

Delivery Date Delivery Location Humour Temperament Blood Letting Physician Type Hand Washing Died

1/1/1844 Clinic1 Sanguine Yes Physician Yes No
1/1/1844 Clinic1 Melancholy No Physician No Yes
1/1/1844 Clinic 1 Balanced No Physician No No
1/1/1844 Clinic 2 Choleric No Midwife Yes No
1/1/1844 Clinic 2 Phlegmatic No Midwife Yes No
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Training and Testing

Most records will be used to “train” or create the models.

The remaining records will be used to test, or determine the
accuracy, of each model.
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Developing a Predictive Model

Features (i.e. age, comorbidities, polypharmacy)

Algorithms (i.e. Lasso, Random Forest, k-means) Result:
Algorithm 1 Algorithm 2 Algorithm 3

Definitio processes{hadiful of best (most
discover ) and the predictive) features
outcome C « Best algorithm that
computes the relationships

Model & Model & .
between input features to

Accuracy Accuracy Accuracy o
Report Report Report generate prediction

« Performance report
summarizing best ‘model’
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Dr. Semmelweis’s Model

When Delivery Location = Clinic 1 and Hand Washing = No, women
are 3 times more likely to die. Humours are not predictive, and blood
letting correlates slightly with death.

{GNAZ PHILIP
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Real World Use Case: COPD Readmissions

From nih.gov
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COPD Readmission Challenge

Can we develop a model to help Pulmonary Navigators identify which
COPD patients are most likely to experience an exacerbation that
would lead to a readmission?
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COPD Model Example

Total number of respiratory disease index admissions: 90,312

Total number of features: 29

Final number of features used: 19

© 2017 Health Catalyst
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COPD Model Example

Variable importance

Health Catalyst used the random forest's Gini impurity index along with area under the ROC curve (AUROC) maximization to
determine which variables to incorporate into the final model. By removing variables below 0.1 on this index that did not have

an impact on the AUROC (once removed), fourteen input variables were shown to account for the most significant impact on
readmission prediction. The final variables are detailed below.

Variables considered

R e Facility R L s e R e T e Prior inpatient admissions
e Admitted through ED e Financial class +» History of vasculardisease A—Re&p—drgeha%ge

e Age * Gepes e Living arrangement

e Arrive Date * History of dementia e Palliative care . SE”-I’EPOI”EEd disability

s Barriers to medication * History of depression » Passed throughicU e Smoking status

* BMI » History of diabetes e Powerplan utilization » Walking limitation

e COPD stage e History of heart failure +Primary-care phystclan

e County o Historyofpsychoses e Prior ED encounters

*Crossed-out variables were considered but didn't increase the model’s accuracy.

," Health Catalyst © 2017 Health Catalyst

1 QL Aramas mpravemEnt Proprietary and Confidential



COPD Readmissions

Welcome | Information  Set Targets  Summary

l’/ HealthCatalyst

Discharges from
11/2016
2 40
Facility
m Account ID
1019631464

In-Hospital / Days Since Discharge

¥ duys o lnex
02 2
(Al 1011441970
Is-Henpnl
{.'7dlylal§ 102 102 31(
Wocdopn
» 1521 dayy 10194216891
.’}%m 21193964
I 1o than 30 days
Oy Aneey 1021194156
20719734
COPD Exacerbation - Current Visit
O 1015895 10¢

®
® -

1015914389

# of Exacerbations - Prior Year 10715388900

0

TOTHTHG 3%

Note: Data is from de-identified data set and in some places fabricated in order to show a reasonable representation of actual trends

Dutcomes Metrics

COPD Visit List

# of Visits

MRN

MENDXCHSOBIEDES

MENIAGABASECAN
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MENDID2SFFASEY

MRNIATS1IS2AF2
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MANES 7 1H449C10

MENZEBSADASKIFY

MRN2ASTIIGIN0

MHNGEBITT63ED

MENCEXBOGOTN

MRNTEAACABED ¢

Order Sets

Staging

# of Patients

40

Admit Dute

127472016
127172016
1210/201¢
12/6/204
12402014
1232016
12747201
12827011
122201
124172016
12,2/2M4
12/%52016
12717216

12102014

Clinical Hierarchy

Discharge Dute

Visit List

Last Updated: 2/13/2017 4:49:45 AM

# of Exacerbations #in >90th Percentile Avg. Probability of
Readmission
30 4 22%
Facility Unit In-‘Hospital /  30-Day Risk of 30 Day Visit Info.
Days Sence Readmiss ok
Discharge Risk Percentile
Ciramsty 10X I diays or less >t e

127072000

1211370016

127137201

12082
12/04,201¢
127772018
124772006
1443701
12147201
1es2m

-

Risk Percentile: >90th
Probability of Readmission: 63%

1st Recommendation: Follow-Up Phone Call
2nd Recommendation: Confirm PCP Appointment
3rd Recommendation: Make Referral to COPD Home Care

COPD Stage: Il
Exacarbation (Current Visit): Yes
# of Exac. - Prior Year: 10

# of Exac. - Prior 2 Years: 13

T Ay 07 55

Granne 100475 ! dags or less > 70-80th
Grarte 100474 Idays orless > 7-80th
Grarste 100200 ! diys of less &k fnh
Grarety ooy I days or less Glk 7Oth
.
5 = FranE
Grande 10188 ! dayx or less 6 70th

_')ni ot :

PR RRORRRRW

and observations from production data. All names, addresses, and other PHI are fabricated.
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Likelihood of No Shows
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Defining the Model
The question data used
Which patients are likely to no-show to their © Total number of appointments: ~10 million
scheduled appointments? © Total number of input variables: 30

©  Final number of input variables used: 14
Variable importance

Health Catalyst used the random forest Gini impurity index to determine which variables to incorporate into the final model. By
removing those below 0.1 on this index, fourteen input variables were shown to account for the most significant impact on no-
show prediction. The final variables are detailed below:

Variables considered

* AppointmentDepartment e Days from Scheduled to * Gender o Regeedar spesaine
it Appointment o SormomEe o oo tfone

¢ Appointment Duration ¢ Days to Next Holiday o Locaneall * Race

« Appointment Time o Dapareant * Month * Racency

o Appemtmantlype * Distancein-Miles{patientzipto » Operating Hours Group ~ * Running

o BenefitPlan bematime o « Patient Age Cancellations

o CostCenter e Ethnic Group * Payor « Running No Shows

* Day of Week « Financial Class o Primary Financial Class * Sendceline

* ProvideriD * Week of Year

*Crossed-out variables were considered but didn't increase the model’s accuracy.

Choice of model
A Random Forest model was used to calculate the relative impact of the above variables in respect to the appointment status
of no-show. The model was created using 200 trees. The performance was as follows:

© Model performance: AUROC (c-statistic): 0.88

© Example cut point of .065: True-positive rate (Sensitivity): 0.800; False-positive rate (1-Sensitivity): 0.218

Deploying the Model in the Patient Access Application

This model has been deployed into an output table named SAM.PracticeManagement.NoShowOutput using the above logic.
A probability score for each appointment is calculated and appended to an output table each time on the same schedule as

the Patient Access subject area mart (SAM) refresh. This output table joins to the Patient Access SAM using AppointmentiD.

References
Alaeddini A. Probabilistic Models for Patient Scheduling. [master’s thesis]. Detroit, MI: Wayne State University; 2011.

Huang Y, Hanauer DA. Patient no-show predictive model development using multiple data sources for an effective
overbooking approach. App! Clin Inform. 2014;5(3):836-60.
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Likelihood of No Shows

Welcome  Summary @

’ll HealthCatalyst

2017

2014 2015 2016

Volumes @

Q1 Q2 Q3 Q4

Jan Apr Jul Oct
Feb May Aug Nov
Jun Sep Dec

Q

ANDERSON FAMILY HEALTHC... |a

ARNOLD STREET CLINIC
CATALYST FAMILY PHY ROI
CATALYST FAMILY PHYSICIANS
EAST PERINATAL CENTER
EDMOND PHYSICIANS - INDEX
EDMOND PHYSICIANS FREED..
EDMOND PHYSICIANS GRANITE

Departmen'

BICCT

BIC MAMMOGRAPHY
BIC MRI

BIC RADIOLOGY

BIC ULTRASOUND
DA MOUNTAIN FP
DIP FREEDOM CT

Dip FREEDOM MAMMOGRAPHY
I

P(lece!

Abrahamsen, Mcneva Steven
Abrahamson, Sederick Lenne!
Ackerman, Creed Tudor
Addicott, Carmon Jaxzen
Adenet, Seymore Makhari
Adger, Fermen Elonzo
Adkins, Emmall Demarkas
Agar, Larayah Reisha
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No Shows®  Availabllity ®

Referrals @

Details ®  Information

Patient Access: No Shows

Current Selections

No Selections

Predicted No Show Rate
15%
30%

2.5%

TR I PP P A SIS LSS
N
S SS S S

- No Show Rate (Actual) -

i e

Filters @

R T I i

No Show Rate (Pradictad)

Q -
Lust Updated: Tuescay, Dec 8 2015

v

\ /

\\‘,

PP LSS
S H 'P

Patients Likely to No Show in the Next Two Weeks (11/06/2015-11/20/2015)
Patient ID

Patient Name
1213176453 Sponer, Ajaycia Elano

1213484909 Broadbridge, Kalolaine Ally.

1213338989 Stalf, Pat Aylianna
1213211266 Krammer, Viridiana Venstia
1213281495 Bollins, Angele Gwenlyn
1213316171 Osbourne, Charlann Isaiha
1213262932 Alluso, Rosemaire Allyna

No Show
Probability Patient Phone
0.70 (801) 555-5555
0.43 (801) 555-5555
0.59 (801) 555-5555
0.45 (801) 555-5555
0,76 (801) 555-5555
0.42 (801) 555-5555
0.53 (801) 555-5555

Patient Address

3165 Patient Lane, Salt Lake City,
3165 Patient Lane, Salt Lake City, .
3165 Patient Lane, Salt Lake City, ..
3165 Patient Lane, Salt Lake City,
3165 Patient Lane, Salt Lake City,
3165 Patient Lane, Salt Lake City,
3165 Patient Lane, Salt Lake City, ...

Appointment _

Date Lackson ‘
11/06/2015 MILLROCK HEALTH EAGL‘
11/10/2015 MHC SLC BONNEVILLE
11/11/2015 TAHOMA CLINIC
11/16/2015 MILLROCK HEALTH EAGL!
11/16/2015 JAMESTOWN CLINIC
11/19/2015 MILLROCK HEALTH EAGLE
1172002015 TAMOMA CLINIC ‘

{
P |
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CLABSI
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The question data used
For patients with a central line, what is their risk of © Total number of central-line cases: 71,019
CLABSI over the course of the encounter? © Total number of input variables: 23

©  Final number of input variables used: 16

Variable importance

Two-sample t-tests of input variables were used against the CLABSI result label to determine which variables
should be included in the final model. Sixteen input variables accounted for the most significant impact on CLABSI
prediction. Including additional input variables beyond these sixteen did not materially improve the model
accuracy for this data set. The final variables are detailed below.

Variables considered

AgelnDays HistoryCLABSI LineDays LineDaysPort

et e HistosdlY LineDaysFemoral LineDaysTotal
CHGBathingNonCompliant  Histerdmmunodeficieney  LineDaysinternalJugular  LineDaysTunneled
DaysBeforePlacement e e e e ParenteralNutrition
DaysSinceAdmit B T LineDaysNonTunneled RoutineBathingNonCompliant
Gender e e LineDaysPICC

*Crossed-out variables were considered but didn’t increase the model’s accuracy.

Choice of model
A Random Forest model was used to calculate the relative impact of the above variables in respect to the labeled
outcome of patient infection. The model was created using the Gini criterion and 2,000 trees. The performance
was as follows:

© Model performance: AUROC (c-statistic): 0.870

© Example cut point: True-positive rate (Sensitivity): 0.816; False-positive rate (1-Sensitivity): 0.169

Deploying the Model in the CLABSI Application

This model has been deployed directly into the CLABSI subject area mart (SAM) using the above logic. A risk score
for any patients that receive a central line is calculated and appended to an output table each time the SAM
refreshes.

Reference
CLABSI Toolkit — Preventing Central-Line Associated Bloodstream Infections: Useful Tools, An International Perspective.
The Joint Commission. Published May, 2012. Accessed August 8, 2016. http://www jointcommission org/CLABSIToolkit.
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CLABSI

UnitScoreboard Lmas ) LComphm:e 3 Lonbabimv ° ’thon )

% Q searcs v
Unit Scoreboard
Current Selections
Back to Unit Summary Clear Filters v
Risk Probability:
Active Risk Patients
21.5%
9.1%
Probability Prediction .
Encounter MRN Patient Group Probability Location Department Room Top 3 Risk Factors

Bkcen, Qrfuwx High ® 0564 Eehst Dtfs mq HQ LMOW T7221 1:LineDays 2:LineDaysNonTunneled 3:LineDaysintema
Ehxvt, Ibygoc High 0 058 Eehst Difs mg HO LMOW 17214 1:LineDays 2:LineDaysNonTunneled 3:GenderCD.Unk..
Jfszhhv, Czduhum High ® 046 Eehst Dtfs mq HO LMOW 17220 1:LineDays 2:LineDaysTunneled 3:LineDaysNonTunneled
Gyjsv, Zewkte High o 041 Eehst Dtfs mq HQ LMOW 7222 1:LineDays 2:LineDaysNonTunneled 3:LineDaysintema
ifgpgex, Bbksdfi Zmmf  High e 020 Eehst Difs mq HQ LMQW T7224 1:LineDays 2:LineDaysNonTunneled 3:LineDaysintema
Ondijlyv, Aowj High o 011 Eehst Difs mq HO LMOW 3217 1:LineDays 2.LineDaysNonTunneled 3:LineDaysinterna
Lfgkbhy, Weghg Q Medium , 008 Eehst Difs mq HQ LMOW T7212 1:LineDays 2:LineDaysNonTunneled 3:GenderCD.Unk..
Xpgmuke, Gnabps Medium A 004 Eehst Difs mq HQ LMOW 13220 1:LineDays 2:LineDaysNonTunneled 3:GenderCD.Unk
Nhx, Uxmax V Low w» 003 Eehst Dtfs mq HQ LMQW 13215 1:LineDays 2:LineDaysNonTunneled 3:LineDaysintema
Owucqntgnr, Knxyfq) Low v 001 Eehst Dtfs mq HQ LMOW T3224 1:LineDays 2:LineDaysNonTunneled 3:LineDaysintema
Mqxod, Azqf Low v 001 Eehst Difs mq HQ LMOW T3216 1:LineDays 2.LineDaysTunneled 3:LineDaysNonTunneled
Bygmnz, Wuu Low v 001 Eehst Difs mq HO LMOW 3219 1.LineDays 2.LineDaysNonTunneled 3.GenderCD.Unk
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Getting Buy-In from Clinicians

“My patients are sicker.”

“You have a FALSE POSITIVE rate of what?”

"’ HealthCatalyst © 2017 Health Catalyst

34 Proprietary and Confidential



Tips for Getting Buy In from Clinicians

#1 Clinicians need to understand the model

If you cannot explain the algorithm, do not use it. Use a simpler
algorithm that you can explain.

," HealthCatalyst © 2017 Health Catalyst
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Tips for Getting Buy In from Clinicians

#2 Build a “model performance report”

Documentation for any interested stakeholder to learn about the
model:

- Why was it created?
-  What features were tried? Which were used?
- What algorithm was used?

-  How accurate iIs the model?

," HealthCatalyst © 2017 Health Catalyst
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Tips for Getting Buy In from Clinicians

#3 Provide detalls to end users

Granite 100100 ! days or less » G0th E

Risk Percentile: >90th
Probability of Readmission: 63%

1st Recommendation: Follow-Up Phone Call
2nd Recommendation: Confirm PCP Appointment
3rd Recommendation: Make Referral to COPD Home Care

COPD Stage: Il

Exacerbation (Current Visit): Yes
# of Exac, - Prior Year: 10

# of Exac. - Prior 2 Years: 13

TOAYS OT e T “
Granite 100474 ! daw orless > 70-1ith 6%

(', HealthCatalyst

IgriiF autrames mproermEnt 37

© 2017 Health Catalyst
Proprietary and Confidential



Tips for Getting Buy In from Clinicians

#4 It's just a suggestion

“Suggestive Analytics” may be a better term than “Predictive Analytics”
to demonstrate that we are not trying to replace human judgement.

"’ HealthCatalyst © 2017 Health Catalyst
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Review
Useful vocabulary for discussing predictive analytics
Usefulness of custom predictive models

The steps to build a predictive model

Examples of how predictive analytics has been deployed in the wild

Tips for getting buy-in from clinicians

' HealthCatalyst © 2017 Health Catalyst
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You Need Smart People!

Data Scientist Data Architect (Engineer) I\E/lr?;?]lgsrl_eammg

* Formulates hypotheses * Finds and provisions + Develops software to
about features driving a sourcedata automate machine
predictive model (with * Leverages definitions in learning workflow
clinical input) analytics environment » Requires data science

« Tries various algorithms  « Feature engineering
to determine best '
approach for prediction

« Assesses model output
and accuracy and
operationalizes the best
approach

knowledge

* Requires knowledge of
software engineering best
practices

« Arare find!
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healthcare.al Open Source Software

o

Our open-source Automates key tasks Makes deployment
machine learning in developing In an analytics
software product models, or environment easy
customizing existing and ‘production
models using local quality’
data
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healthcare Blog  Weekly Broadcasts  Packages Contact  Subscribe GET STARTED

Machine Learning in Healthcare: Now for Everyone

Healthcare.ai Is a community with education and open source technology tools focused on
increasing the national adoption of machine learning in healthcare

WEEKLY BROADCASTS

Machine learning for
healthca re JUSt gOt d Getting Started in R and RStudio
whole |ot easier el cEaR R e

Thursday, February 23, 2017 3:00pm - 60min

© wATCH LIVE

Machine Learning Broadcast Topic
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