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Sudheen heads the healthcare advanced analytics practice at
Dell Services, working with a group data scientists who are
primarily focused around solving the challenges of the
healthcare industry in the realm of predictive and prescriptive
analytics.

Leo currently works on statistical modeling,
experimental design, data mining, and
machine learning for Dell internal and external
clients in the Dell digital business at Dell
Service.

Sudheen spent over 15 years working at Kaiser Permanente
and was responsible for Analytics Strategy, Regulatory
Reporting, TJC, Operational Reporting to name a few. Most
recently Sudheen led the Big Data adoption effort at Kaiser
Permanente prior to joining Dell.

He created multiple advanced analytical
solutions to complex business problems in
healthcare, social media, education, and
financial services areas for the past 3 years at
Dell Service.
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Discussion today

 Data Science at Dell Services
« The Readmission Problem

* Proof of concept to develop Advanced Statistical
Model & Machine Learning algorithms




Dell Advanced Analytics & Data Scientists: proven market expertise

Dell began providing enterprise-level business intelligence (BI) and analytics

solutions — backed by strong, integrated business domain knowledge,

1996 global delivery and center of excellence teams

500+ 40+

business analysts, data scientists, data modelers, web . . . . .
proprietary solutions across multiple verticals and functional

analysts technoioglsts and statisticians across the globe, areas; Strong partnerships el alfenees

focused on delivering insights and business impact

Solutions spanning across multiple industries and functions
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energy and utilities

Featured by Ga?tnan 0 H7S Research @Reseamh

N Award for retail transformation through anfalytics. Sales and marketing | Supply chain | Financials | Ecommerce services International Institute of Analytics.

THE FRANZ EDELMAN AWARD
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Dell was chosen as a finalist for the 2013 Franz Edelman Dell is a member of and a premier underwriter for the

Social media | Product and pricing | Digital Analytics | Omni Channel




What are Hospital Readmissions?

30-Day Hospital Readmission

A hospital readmission is when a patient
who had been discharged from a hospital
is admitted again to that hospital or
another hospital within 30 days.

| ENTRANCE |

Reasons of Hospital Readmission

1. Patients — Higher propensity to get
readmission by old age, heart failure,
diabetes, etc.

2. Hospitals — Incomplete treatment,
poor quality care, poor transitions,
poor coordination of services, etc.

. 1 3. Others—SomaI issues, etc.




Why Hospital Readmissions is One of the Biggest Issues?

2011 (USA)
$387 billion for hospital stays
$41.3 billion readmission costs
8-18% readmission rates
3.3 million readmissions

Readmissions = 11% hospital stays cost

Nationwide 30-day
readmission rates




Why Hospital Readmissions is One of the Biggest Issues?

« Community Based Care Transitions
§3026 » Started in FY 2011

« AHRQ Center for Quality Improvement and Safety

3501 « AHRQ funding for projects related to Ql research and technical
§ assistance. Topics identified include reducing readmissions.

* For Period FY 2011-2014
§ 399KK * Quality Improvement Program for Hospitals with a High

Severity Adjusted Readmissions
» March 2012
» Program for eligible to work with Patient Safety Organizations

» Hospital Readmissions Reduction Program

§3025 + Beginning in FY 2013

* Hospitals with higher than expected readmissions rates will
experience decreased payments for Medicare discharges

* Hospital Based Value Purchasing
» Beginning in FY 2013

| 1 886 » Hospitals with poor performance indicators will experience decreased
payments for Medicare discharges
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Dell 30-Day Hospital Readmission POC

» Develop advanced statistical
models and machine learning
algorithms, producing actionable
insights for hospitals

» Develop a real world Business
intelligence interface with
advanced analytical solutions

< 30 days

_ 15%

> 30 days



Data

Patients aged 65 years or older
Heart failure visits from 2012/01 — 2013/04
26 pre-selected factors

Data limitation

Category

Variable name

Demographics

Sex

Marital status
Age

Race

Ethnic group
Language
Religion

Healthcare
Utilization

Healthcare Health
System Condition

Demographic Social
factors Support

Behavioral

Tobacco use

Cigarette per day
Recreational drug use
Caffeine use

Aleochol use

Sleeping habits

Sleep aides use

Aspirin use

Living situation (appart,...)
Living with (daughter,...)

Clinical

Diabetes

Asthma

CAPG

COPD

Pneumonia

Mental disorder

AMI

Patient reason for admission
Chief complaint




Dell 30-Day Hospital Readmission Solution

Hospital
Readmission Data
Preparation

Data Algorithm Model
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SAS and R/ Python Integration

Motivation

» Can create hybrid
data science and
machine learning
solutions

» The requests from
customers, especially
for small business
clients

» Don’t want to convert
the existing R code to
SAS

» Want to use one or
more of a large
number of R/Python
packages, such as
packages for
machine learning

Calling R from SAS/IML

* From 2009 (SAS 9.2 or above), it is
possible to call R from SAS/IML

* Levels of Integration
. Submit R statement

Il.  Transfer between SAS and R data
structures

lll.  Call an R analysis from IMLPIlus
IV. Call R packages and graphics from
IMLPIlus
» The integration isn’t available with all
SAS installation

PROC IML;
SUBMIT / R;
png(file ="c:/tmp/TeaTime.png”
,bg ="transparent”)
<R Code for a graphic>
dev.off ()
ENDSUBMIT ;
QUIT;

SEBSW @ @ python’

Call R and Python from
base SAS

» SAS shared a method to call R,
Python, and other open source
tools from base SAS in 2015

* Install a Java class, then use SAS
Java object in data step to call R
and Python scripts

o https://qithub.com/sassoftware/enli
ghten-inteqration

data null ;
length rtn val 8;
*#* Python program takes working directory as first argument;
python pgm = "&WORK DIR.\digitsdata_swm.py";
python_argl = "&WORE_DIR";
python call = cat('"', trim(python pgm}, '" "', trim(python argl),'"'};
declare javacbj j("dev.ShSJevaExec”, "GFYTHON EXEC COMMAND", python call);
j.calllntMethod("executeProcess", rtn val):

Tun;




Data Preparation

Separating values : 26 variables >

Live with
PatientA =  Daugther, pets

Patient B SDDUSB,

154 variables

Patient A

Patient B

Daugther Pets Spouse
1 1 0
L 0 L

Eliminating rare events : 154 variables - 118 variables

Patient A
Patient B

Patient X

Daugther

1
1

0

Pets

1
0)

E1 Clinton Spouse

0

g..

A

A\

0
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Baselines
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| fell off the bed and was weak ! FELIWEAK 1601500 [ST[RHAY
Eungeslwe neart failure exemerhatmnra f;atl

MD here told us to bring him back here if he gains « i in 3 days
sent by pmd at kaiser for right plﬂulafffusmn mcmase 500 X1 week pneumul
elevaled lropinin pafient couldnt be woken up per family and called 911
Itnanvh[undm Ssure medicing ﬁndddntfemntr mcmased hurmessufhmathandf&vartuday
M SWOlen a d|u:lbaL|Ul ](Jﬁt SE!]E'S

R groin pai hnsleelwas swnllera

Manual Topic 1 Respiratory condition

Topics Topic 2 Heart condition

Topic 1 Chf, exacerbation, stated,
Topic 2 Shortness, pneumonia ,
NLP Topic 3 breathina . difficultv .
models Topic 4 Breath, short , sobchtf, ...
lopic 5 Chest . pain . back . ...

N | 7 >




Feature Selection

Used randomized logistic regression to evaluated relevance of features

Cut Kee

How many variables to keep ?

Age
AMI
Asthma

CABG

COPD
—_— T ———

Diabetes




Results

AUC {5-fold cross val)

AUC with increasing number of best features
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f! ' 35 variables |
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Number of features included (in increasing order of importance)




Insights — What affects risk?

1 emental likelihood of readmission
Liwvin S:tu_ation Nursmg hurne

RELIGION Presbytenan

Sleep / Rest History_Docume
Lwes With_Pets ]
Living Si

RELIGION Lutheran
Alcohol Use Currentiy using|
RELIGION_Methodist |

Lives With_Alone

Tobacco Use_ Never smoker
lh‘IARITAL TYPE_Married
Sleep Au:les Medication|
MARITAL TYPE _Single |
CABG|

Diabetes

RELIGION_Roman Catholic

RELIGION_Chrisgti L
SEX MaleJ

Tobacco Type_Pipe
MARITAL_TYPE_Divorced|
RELIGION Eplscopal
Living Situation _Other}

Tobacco .
Tobacco Usg Current every day smoker]
Living Situation_2 story|
=3 =3

]
Additional probablltty of being readmitted

Enabling cost benefit
analysis of existing
solutions

= Enabling study of new
solutions

r,,,,,,.............||||||II|

0.4,
~0.05
000
0.5
10
5
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Insights — Populations at risk

Below average| Above average

cluster
SEX Male
AMI
Age At Registration
Asthma (COPD)
CABG
COPD
Diabetes
MSay
Mental Disorder




Impact
Predicting readmission risk for new patients

Dell Healthcare Heart Score

Personal Health Score Risk

Marilyn
NO CABG The power to do more I 3
No Pneumonia

Former smoker

Cigarettes
5356327 .
Denies use
8/23/1930...
Denies use
Male
Married .
Patient denies problems
White:
. Other; independent fiving...
English
Supervised care
Prostestant
6.00 %
4.00 %
iy -
0.00 %
Home Health Other SNF
Dishcharge_Disp eadmission_Pct
Home Health 5.55 %
Hospice 4.91 %
Other 382%
SNF 4.33 %

(%)
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0
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Questions?
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