Big Data Analytics For Healthcare
Decision Support

Michael McGinnis
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Disclaimer

During the course of this presentation, we may make forward looking statements regarding future
events or the expected performance of the company. We caution you that such statements reflect our
current expectations and estimates based on factors currently known to us and that actual events or
results could differ materially. For important factors that may cause actual results to differ from those
contained in our forward-looking statements, please review our filings with the SEC. The forward-
looking statements made in the this presentation are being made as of the time and date of its live
presentation. If reviewed after its live presentation, this presentation may not contain current or
accurate information. We do not assume any obligation to update any forward looking statements we
may make. In addition, any information about our roadmap outlines our general product direction and is
subject to change at any time without notice. It is for informational purposes only and shall not, be
incorporated into any contract or other commitment. Splunk undertakes no obligation either to develop
the features or functionality described or to include any such feature or functionality in a future release.

2 splunk> (.conf201s



Introduction

ichael McGinnis [N shirley Golen

Senior Sales Engineer Healthcare Industry Solutions
— State, Local, K12, Healthcare Marketing Expert
— Security SME

16+ years in healthcare

15+ yearsin IT Background includes: Oracle,

Security Architect 5 years at one CareFusion/BD, The Advisory Board
of the largest hospital networks Company

in the country
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Established Vs. New Approach for
Fraud, Waste, and Abuse Prevention and Detection

Established Approach New Approach

Pay and Chase Prevention and Detection

Platforms are not scalable with large scale data Near Real Time Analytics Distributed Processing.
processing. Data is exported from database for

analytics.

One Size Fits All Risk Based

Known Fraud Schemes Discover new/unknown schemes

Inward focus communication Transparent and Accountable

Standalone Fraud Prevention Programs Coordinated and Integrated
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One Platform, Multiple Use Cases in Healthcare

Security, Business &
IT, Compliance, Operational Care

Application Privacy Analytics Coordination,
& Device Internet of
Things

splunk>enterprise splunk Hunk splunk>light

splunk> Platform for Machine Data
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Healthcare Facts

Medicaid Program Medicaid Waste, Fraud, &
Overview: Abuse Facts:
Beneficiaries Enrolled: 57 million Improper Payments: $21.9 billion in
Total Costs: $427 billion in 2011 2011
Medicaid Payments: $21.9 billion in Federal Government: $4 billion
2011 recovered in 2012
Medicaid is designated as high risk State Government: $2.9 billion

for improper payments recovered in 2012
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Real Time Monitoring and Anomaly Detection

Anomaly
Detection,
Linkage,
Correlations
/ Patterns

Predictive
Case Modeling /

Management Model
Maintenance

Standard
Reports /
Queries

Data
Warehouse

New Events Event Mining Platform Data Archive
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Interactive Search and Visualization Workflow

Automated Process, Data Engineer Fraud Investigator, Data Analyst

Loss Recovery
Services

Cost Containment
Services

Fraud Investigator

Fraud Investigator

Provider Review Operations, Investigators,

Law Enforcements
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Demo Screens
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Claims Anomaly Postures

splun App: Claims Analysis Administrator v Messages v Settings v Activity v Help v Find

DataOverview  Datalntegration  Enrichment  Anomaly Summary  Claims and Episode Analysis ~ Member Clusters  Provider Clusters  Others v Claims Ang'|

Anomaly Summary Edit v | Morenfov | | L
Anomalous Episodes Anomalous Outpatient Claims Anomalous Inpatient Claims Anomalous Medication Claims
Diagnoses Related Outliers Procedure Related Outliers Drug Related Outliers Medication Days Related Outliers
Top Geolocation Cost Distribution Top Place of Service Cost Distribution
GEOLOCATION sparkline Total_Pay PLACE_OF_SERVICE sparkline Total_Co:
Alabama 131813.89 Ambulance (land) A 9454.;
Arizona 135170.22 Ambulatory Surgical Center 395698.¢
Arkansas 24745.65 Community Mental Health Center o 2683..
California 1327435.27 l Comprehensive Outpt Rehab Fac ] 300.(
Colorado 226109.94 Emergency Room - Hospital 570607.¢
Delaware 3829.19 End-Stage Renal Disease Facil 15500.
Florida 1354282.73 I Federally Qualified HealthCctr [\ 7627.
Georgia 930200.43 Hospice 7131.0
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Find Peer Groups (Clustering) and Geo-location Visualization

splunk‘> App: Claims Analysis v

Administrator v Messages v  Settings v Activity v  Help v

Data Overview Data Integration Enrichment Anomaly Summary Claims and Episode Analysis Member Clusters Provider Clusters Others v

Member Clusters

Edit v | Morelnfo v E3
Filter Criteria
All time v *
Member Count by Cluster Total Cost by Cluster
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Finding Anomalies in Claims Episode and Individual Claims: Outliers
by Population Segments

C|a|mS and [:pISOde AﬂaIySIS Edit v More Info v L

Claim and Episode Analysis

All time v

Beneficiary Clusters [Segments by: Cost, # of Diseases, # of Drugs]

1,000
750
£
3 500
M
250
——
1 2 3 4
cluster
Diagnoses Outlier Procedure Outliers Drug Outliers
cluster anomaly count cluster anomaly count cluster anomaly cot
0 12 0 10 0
1 9 1 13 1
2 1 2 1 2
3 17 <) 12 &
4 10 4 9 4
cluster ENROLID _time num_dx lowerBound cluster ENROLID _time num_dx lowerBound cluster ENROLID _time num_drug lowerl
0 1657829204 2011-03-30 18 -2.237608 0 174072202 2011-03-30 10 -6.791696 0 2544821001 2011-04-09 19 -
0 1181137301 2011-03-20 15 -2.080020 0 1291619902 2011-03-16 20 -8.223474 0 2537462801 2011-04-01 11 2
0 1291619902 2011-03-16 20 -2.352670 0 29237892103 2011-02-25 8 -6.902950 0 25437607005 2011-03-29 12 -3
n QRA217ANE  2N11.02.90 10 - arann N 99RRNRARAND  9NT1.N014 7 & 740270 n 200042709 2n11.n210 12 2
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Finding anomalies using unsupervised machine learning
anomaly detection algorithm)

Anomaly Detection: Outpatient Claims

SEQNUM AGEGRP DX1 PROCGRP PLACE_OF_SERVICE PROVIDER_TYPE totpay isOutlier probable_cause
202869227 2 9779 485 Ambulance (land) Transportation 5233.12 1 PLACE_OF_SERVICE

23857690 4 7061 104 Office Dermatology 94.00 0

23857689 4 4659 104  Office Family Practice 94.00 0

23857688 4 V815 306 Office Obstetrics & Gynecology 8856.08 0

23857665 4 7921 120 Office Gastroenterology 180.00 0

23848227 4 4019 104 Office Internal Medicine (NEC) 1058.72 0

23792052 4 79389 223 Office Radiology 1073.98 0

23731986 2 7852 101 Office Cardiovascular Dis/Cardiology 888.00 0

23731983 2 4659 31 Office Family Practice 636.52 0

23731972 2 78607 104 Office Allergy & Immunology 758.00 0

2 3 4 5 6 7 8 9 10 next»

Anomaly Detection: Medication Claims

SEQNUM THERAPEUTIC_GROUP date_month num_drug Days Supply totpay isOutlier probable_cause

150429490 Oxytoxics (Class 183) august 1 3 14.52 1 THERAPEUTIC_GROUP
9421829  Oxytoxics (Class 183) june 1 2 9.57 1 THERAPEUTIC_GROUP

195375921  Antineoplastic Agents (Classes 21-22) august 10 263 2562.78 0

195375920 Hormones & Synthetic Substitutes (Classes 165-180) august 274 10726 34864.10 0

195375918  Central Nervous System (Classes 57-77) july 343 10932 21934.68 0

195375917 Hormones & Synthetic Substitutes (Classes 165-180) july 249 9831 26651.14 0

195375916  Antineoplastic Agents (Classes 21-22) july 8 329 413.18 0

195375915  Gastrointestinal Drugs (Classes 147-162) june 81 2917 7898.35 0

195375914 Hormones & Synthetic Substitutes (Classes 165-180) june 259 10365 27646.43 0

195375913  Central Nervous System (Classes 57-77) june 347 9981 19111.80 0
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