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OUR AGENDATODAY

1. Introduction- Overview of Stewardship

2. The Need (Use cases and Why Automation)

L

3. Solution Approach

A. Intelligent Automation Framework

B. Configurable Enrichment

C. Intelligent Matching and scoring

D. Consumption

4. Conclusion
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INTELLIGENT MASTER DATA STEWARDSHIP AT YOUR
FINGERTIPS

TO ENSURE THE ACCURACY
AND ACCOUNTABILITY OF
THE MASTER DATA,
DATA STEWARDS SPEND
DISPROPORTIONATE TIME
AND EFFORT

’
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OVERVIEW OF DATA STEWARDSHIP

Data Steward
Accountable for institutional or personal data within their functional area, including the protection of data assets that result in high quality data that are
clearly accessible and consumable

Data Source Responsibilities

Has clear and unambiguous Data Element
Definition

Data Stewardship Activities (With potential to automate)

dA\axa
[~

Data changerequests
from external partners

Does not have conflict with other Data

Elements (Duplicate, outdated record Removal) Audit merges while

publishing the master

Usage Consistency across functions and data
applications

Is it still being used? R
(Remove unused data elements) *qY-_,

Has clear enumerations and usage
documentation for the data elements

Removal of duplicate,

obsolete and outdated
records

Proprietary and Confidential
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DATA STEWARDSHIP AND CUSTOMER MASTER DATA — USE CASES

To make any successful marketingand customer engagement efforts, the first step is to have a well stitched Customer Master d ata with
rich and accurate attributions. The conventional MDM Systems have certain Fuzzy match capabilities ,however they still need
significant Human Data Stewardship to audit merges and publish the master data.

______________________________

~

Use Case 1 ’ Provider Master N Use Case 2
l, \
m Speciality Provider ID

HCP1 John Radiation N10299099
Hopkins  Oncology

1
| 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
. . 1 1 ; i i
JimHopkins I . I <= JimHopkins
Medical Oncology ! = HCP2 James Psychiatry H10946733 : Medical Oncology
S Hopkins N
XYZ Medical Center 1 5‘ . 1
TR . & HCP3  James Nurse N97848383 "
= Pooki o .
X opkin Practitioner [
1 1
! HCP4 James H  Radiation N98392839 ;o
1 Oncology A
1 ) e 1
1 - R - 1
: e id  strest cﬁ# state  zip_cod: !
4 807 Grandrose Ave. Yonkers NY 10701 !
1 7 ! ’ 26 Mariet Drive Forest Hills NY 11375 1
. . | // - — Deser 0 Myers Dr Amityville NY 1170 I
Manual Lookup and Decision Making e b 75 2002 | Son ode 9782 indien Sprng Lane Harlngen ™ 7S5 1 . .
. v’ ! 167 James Los Bancs cA mEs ! Manual Lookup and Decision Making
» MDM Lookup (Missed outfromfuzzy | L I e e - 795 Ead Hery Lane Cental bl e Tz ! . g .
R 1 8165 Baker Ave Frankii Sauere Y 11010 1 > Social (Add|t|ona| mfo)
| ogi C) I 1 2| 2022 | s Meden N ) |5 869 5. Gartner Street San Pabla CA 34806 1
1 1 2 Py L 683 West Kikland Dr East Northport Ny 7 1 » Corrected na mES/patternS
» Corrected names/patterns I . e e e . -
P I \ i i b > GoogleSearch, Address verification
» GoogleSearch, Address verification | \ :
: I / » External Websites
» External Websites | \ J
1 N 4
N 7
™ N N e e e e e e e e e e e - -
‘ cube
Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data. 6
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SUBJECTIVITY IN ANALYSIS AND DECISION MAKING - ILLUSTRATION

/ Master Data Management

r ©

MDM fuzzy lookup output
provides thelist of potential
matches

= ¥

cube

DATA DRIVEN DECISHINS
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Googleand Maps search

\Y HAMPOEN,
WOODRERRY: dohnt

Qo Mau
The Miyland Meguin
ae1

W Zoo in Baltimore

© orimmiiis

Steward 1 looks up the potential
matches ingoogle/external
websites /address proximity and
finds outa small correction in name
gives accurate results

CHARLES v
@

External Provider Source

Steward 1 uses the corrected name
to lookupinexternal provider
sources and finds supporting
evidence for merge decision.

/ Master Data Management

r ©

MDM fuzzy lookup output
provides thelist of potential
matches

o

External Provider Source

‘o)

A\
[\

Steward 2 looks up the potential
match recordsinexternal provider
websites and gets multiple
matches.

Googleand Maps search

A% HAMPDEN,
WOODRERRY Johnt

Ny Qo Mau
4@ Tre Misyland Meguins
: o

Zogin Baltimore

@ rondawmin wail

Steward 2 performs additional
analysison theresults from previous
step and concludes no matching
record availableinMDM

Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
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PAIN POINTS AND HOW AUTOMATION HELPS

Manual Stewardship Activities How Automation Helps

Manual & Internet based search Configurable & Streamlined Lookups

Human judgement-based Stewardship Al/ML Powered Recommendations

Simulating stewardship
lookup and decision-making
activities would require
intelligent automation.

Skillset based Scale-up Reduced Skillset Dependency

Model Training on Recurring Patterns

DATA DRIVEN DECISHINS

Proprietary and Confidential
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INTELLIGENT AUTOMATION FRAMEWORK

A
External
é Record being E>
Audited
Potential
match

records

Master Data MDM fuzzy lookup output
Management provides thelist of potential
matches

Note: Nature of manual analysis and
audits performed by Data stewards
make it difficult to automate using
traditional automation methods.

Hence, a hybrid approach is taken

which includes -

* Configurable enrichment and

* Scoring powered by machine
learning intelligence.

DATA DRIVEN DECISHINS
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Data Enrichment

/

o

: Ext. Provider Source : S
i Lookup :<::> USINESS H |:> Consolidation | \
X Google/Maps g F,C:} e >_) B
Q External Websites - E
Integrated Data

Environment

Intelligent Matching and Scoring

Match .- Score ‘%ﬁ

[ Woceline @] i}

/

Steward Decision
App

Recommendation
Reportwith
confidencescore
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\ Plan Summary Report

Company Details Total Lives Base Risk Score

17,489
T 152981
Adaikier Cotist (N Aviy: Agie @ @ .coecoune v
Applicable Reporting Penod R — . vial Lan
16.232 “mn

HHS HCC Distribution

4,000 >

Member Count

3,000
2.000 |
000
-I. 'IIIIl- I l _nal Juan Il.ll_lll i _lll _-I_-I‘I -
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CONFIGURING DATA ENRICHMENT RULES

IDENTIFY AND BASELINE SOURCES
Utilize FAIR principles to baseline sources and facilitate data access more systematically.
 Findability: Data Sources should be described, identified and registered or indexed in a clear and unequivocal manner

+ Accessibility: Data Sources should be accessible through a clearly defined access procedure

* Interoperability: Extraction procedure is expressed and structured using common, published standards

* Reusability: Characteristics of data and their provenance are described in detail according to pharma - relevant

standards

EMPIRICAL ANALYSIS — IDENTIFICATION OF RULES

Identify sizable sample and run the manual process through various analysis+ churning+ lookup
combinations. Activity performed with “above threshold” degree of success + “above threshold”

success probability on samples and groups will be added as a rule.

BASELINE BUSINESS RULES

* Document the rule in the Rule Repository (Detailed in next slide)

* Access type, Authentication and Authorization methods

* Filter sensitive information like PIl, PHI etc

DATA DRIVEN DECISHINS

Proprietary and Confidentia
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DATA ENRICHMENT RULES REPOSITORY — CONFIGURING LOOKUPS

Fields/combination of fields used
for lookup

i Is the rule applicable on :
i this type pf record?

__________________

Eg: NPI, Licence No, Partialname
(wildcard) and state

----------------- e -_-----_-----_-----_-I_-__________?___________J
" Orderof : ! Does this rule requiresany other | i Any manipulation of lookup -i | 3 -c- - ; --- -/- -t- -ct-' - -t;‘- -- _I; e
1 . 1
i_ Execution ! i l rules to be executed first? | g fields before the search i i : s::. :::tgexet):ar:io:'nﬁro;zsrt;s :
=== E======== . 1 L 1
b L. | Ex: NPI based lookup in NPPES I | Ex: NPI based lookup in NPPES : 1 L ] I
i Serial Number | | requires lookingup NPlingoogle | ! requires lookingup NPlingoogle | ! ! Eg: No of records to extract, fields |
L e ! | mmmm e m e v ____.__ I X | to be extracted etc. i
K | 3 2 L. |
1 1 1 1 1 ?
-4 : : r—- 1 r=1
: 1 1 : : :
Order | Applicability Flags | Dependency | Dataset/Source | Pre-churnrequirements | Lookup criteria Post Processing Future use
1
e ] \ AU
1
i Source being looked upon. :
| , : Business rules baselines during survey sampling activity
! Ex: Google, Maps, HCP websites 1 i
e - ! to be added here to be processed by the Rules Engine.
e Documenting rules in this format would help Separate
: business logic from application code.
Source Name | Type of Access Credentials

Refer next slide to see how addition of rules engine helps
the Data Enrichment activity.

‘Cgbc

Proprietary and Confidential
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RULE ENGINE DURING DATA ENRICHMENT

Inputrecordqueue

R1 | R2
-

—
-8

Master Data
Management

DATA DRIVEN DECISHINS
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[l

>

Potential
match

records

UV

Rule Management Application

Rule Lookup API WebDriver
Repository (External) (External)
3 LS X
4 : Data Enrichment
| RuleEngine Looi<up i |::> Y
i E:> Service E
1Y - T | -
| > Pattern | | N F"telr.j”t‘?'
: Matcher : onsolidation
: - : Service
|- ; |::> Enrichment | | |:> %
i Service |

k S ; ____________________ 1
, :
External Data Sources
-
— ~ o)

—

Integrated Data
Environment

13
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\ Plan Summary Report

Company Details Total Lives Base Risk Score

17,489

Member Count Avg. Age lember Count Avg. Age

9,715 17.774 526
Applicable Repocting Penod — - etal Level
= SRR Seon — =
16.232 “an

HHS HCC Distribution

Member Count

|

0
| \ |
Ll e by L ||_ L L b cal, b

145
7™
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BASELINE ARCHITECTURE— MACHINE LEARNING MODULE

Mechanics to mimic data steward’s intelligence using Machine Learning

Attribute Match Scoring Engine

INPUT

RECORDS
Attributes Scoringlogic
Speciality Exact match algo on specialty cluster
FirstName
Middle Name String match using Levenshtein Distance on Full Name
LastName
Address type Filter on DCR Data
N o Address line 1 String match using Levenshtein Distance
City Exactmatch algo |
State Exactmatch algo
XXX Exactmatch algo Validation Development
XXX Exactmatchalgo =
LicencelD Exactmatch algo on LicenceID | |
AlternateID + AlternatelD
INTEGRATED Univariate Analysis & Missing/outlier
AU Data Stewardship

DATA

ENVIRONMENT Intelligence

enabled system

Multi-collinearity treatment &

Attributes Match Scoring Output
MAX SCORE MAX SCORE MAX SCORE MAX SCORE MAX SCORE

droppinginsignificant variables

RECORD  ryuiL_nAME ADDR_LINE_1 ary STATE CLUSTER TAG
101 84 52 100 100 100 del di .
‘ 102 23 90 100 100 0 Model diagnostics -
good for lidati
. 103 25 67 100 100 100 development? validation
cube 104 91 100 100 100 100

Proprietary and Confidential
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ATTRIBUTE LEVEL SCORING - ZOOM IN VIEW

Attributes Considered

SPCLTY Exact match algorithm on specialty cluster :
FIRST NAME , \
MIDDLE NAME String match using Levenshtein Distance on Full Name For each customer, scores are generated for all its attribute
LAST NAME : . .

ADDRESS TYPE Filteron DCR vaIL{es anq Max ss:ore is c.on5|dered asfinal score for that
ADDRESS LINE String match using Levenshtein Distance attribute. i.e. forillustrative customer 12345678,

CITY Exact match algorithm 3 cities are Fostoria, Findlay and Lima, but Lima has 100 %
STATE Exact match algorithm match and hence 100 is final score considered for city for
ALTERNATE 1D Exact match algorithm the customer. Similarly for other attributes

ALTERNATE ID TYPE Exact match algorithm \ /
Lat/Long Distance Distance between locations — /

STATE LICENCE NUMBER .
SLN STATE CODE Exact match algorithm on STATE LICENCE NUMBER + SLN STATE CODE

SPCLTY_1 FULL NAME ADDR_LINE_1 CTY STATE ALT_ID ALT_ID_TYPE SLN SLN_STATE_CD
RECORD TYPE PARTY_ID CUSTOMER_IDSPCLTY_1 SCORE FULL NAME SCORE ADDR_LINE_1 SCORE CITY SCORE STATE SCORE ALT_ID SCORE ALT_ID_TYPE SCORE SCORE SLN_STATE_CD SCORE
CR OH

12345678 12345678 GP JON DOE 25 S CABLE RD LIMA
[ e |

@ DR 12345678 7896543  PHR 100 JONDOE TIN 83 126 WHIGH ST 56 FOSTORIA f§ 45 J OH 100 7094333 0  IMS_PRESCRIBER_ID 0 0 0
< T:’U DR 12345678 7896543  PHR 100 JONDOE TIN 83 15885 WOLF RUN 63 FINDLAY 63 fl OH 100 7094333 0  IMS_PRESCRIBER_ID 0 0 0
z 2 DR 12345678 7896543  PHR 100 JONDOE TIN 83 126 WHIGH ST 56 FOSTORIA f| 45 Jj OH 100 1655342 0 HCE_ID 0 0 0
g % DR 12345678 7896543  PHR 100 JONDOE TIN 83 126 WHIGH ST 56 FOSTORIA f| 45 J OH 100 1467988 0 NPI 0 0 0
S g DR 12345678 7896543  PHR 100 JONDOE TIN 83 15885 WOLF RUN 63 FINDLAY 63 fl OH 100 1655342 0 HCE_ID 0 0 0
= % DR 12345678 7896543  PHR 100 JONDOE TIN 83 15885 WOLF RUN 63 FINDLAY 63 fl OH 100 1467988 0 NPl 0 0 0
a“j kS DR 12345678 7896543  PHR 100 JONDOETIN 83  123WHIGH ST 56 FOSTORIA f| 45 Jj OH 100 1655342 0 HCE_ID 0 0 0
ED g' DR 12345678 7896543  PHR 100 JONDOE TIN 83  123WHIGH ST 56 FOSTORIA f| 45 Jj OH 100 1467988 0 NPl 0 0 0
n S DR 12345678 7896543  PHR 100 JONDOE TIN 83 255 CABLE RD 100 LIMA 100§ OH 100 1655342 0 HCE_ID 0 0 0
E DR 12345678 7896543  PHR 100 JONDOETIN 83 255 CABLE RD 100 LIMA 100§ OH 100 1467988 0 NPI 0 0 0
Final Score considered is Maxvalue 0 0] 0] 0]

Jcuioce
DATADRIVEN DECISIONS CR: Current Reco rd ’ DR: Data ba se Record Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
Proprietary and Confidential
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WHY WE NEED A DEEPER THINKING BEFORE DEFINING ANY MATCH RULE ?

Sample rules for developingattribute matchingscore

Name Matching Specialty Matching Address Matching

First Name Middle Name Last Name Exhaustive upcoding has been done for handling l String Matching l
John Doe Specialty and givena code
Exact Match Exact Match
First Name Middle Name Last Name CODE SPECIALTY_CODE_DESCRIPTION
- —. P— PSH PSH - PLASTIC SURGERY WITHIN THE HEAD & NECK
o e PSM PSM - SPORTS MEDICINE (PEDIATRICS) ADDR_LINE 1 cimy STATE
PSO - PLASTIC SURGERY WITHIN HEAD & NECK 2380 CEDAR ST STE 100 HOLT M
Doe John PSO (0TO) 2380 CEDAR ST STE 100 HOLT M
PUD PUD - PULMONARY DISEASE Py S v
PY.A PYA- PSYCHOANALYSIS 2380 CEDAR ST HOLT M
) ) 2380 CEDAR ST HOLT M
Below observations recordedin the name 3413 WOODS EDGE OKEMOS M
columns :- : 3413 WOODS EDGE OKEMOS Ml
. Last name isin the Middle name column REN FI\EL\IEIHR_FS??DUCTIVE ENDOCRINOLOGY &
. F!rst Name La_st pame |.nterc.hanged RHU RHU - RHEUMATOLOGY
*  FirstName missingwhile middle and last
name populated
O Combine all three columnsand put string O Exact match approach is used for specialty O Exact match or String Level match approach is
= matching algorithm on the combined column = match = usedas perthe address part

cube

DATA DRIVEN DECISHINS

) . Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
Proprietary and Confidential
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DOES MATCH SCORE SOLELY SOLVES THE PURPOSE ?

STATE
SCORE

SPCLTY FULL NAME ADDR_LINE_1 CITY
CUSTOMER_ID  SPCLTY_1 SCORE FULL NAME SCORE ADDRESSLINE 1 SCORE CTY SCORE STATE
OH

5 | 12345678 GP JON DOE 25 S CABLERD LIMA I Ererrer—
(VA 100 OH 100 1o Score Option
6896541 PHR 100 JON DOETIN 3 15885 WOLF RUN 63 FINDLAY 63 OH 100
% 4896542 PHR 100 JONDOETIN 83 126 W HIGH ST 56 FOSTORIA 45 OH 100
% 5896543 PHR 100 JONDOETIN 83 126 W HIGH ST 56 FOSTORIA 45 OH 100
% 9896544 PHR 100 JON DOETIN 83 15885 WOLFRUN 63 FINDLAY 63 OH 100
Eo 3896545 PHR 100 JON DOETIN 83 15885 WOLFRUN 63 FINDLAY 63 OH 100
g 2896546 PHR 100 JON DOETIN 83 123 W HIGH ST 56 FOSTORIA 45 OH 100

Total Score Option 2

1896547  PHR 100 JON DOE TIN 83 123 WHIGHST 56 FOSTORIA 45 OH 100
| 8896547 PHR 100 JONDTIN - 25 S CABLERD -100 LIMA 100 OH 1oo|

Data Steward choice

l Option 2 l

Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.

Can we mimic Data
Steward’s intelligence ?

Proprietary and Confidential
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MODELING APPROACH

Data Steward’s historic efforts are translated
to make the modeling dataset

Model Development

Scoring Mechanism

Sample input modeling training data

{

OB e e s T
m % % w m uw SN
m B oW om om0
0 . [ ]
W oomw o momomw L
I W5 F W oW oM -I
P i i i .
W9 W oW omouw L
T

ZOOM IN - Sample input model training data

\FAVS MAX

Learning

%O Engine

Advanced ML algo.
Like Neural Network, Tree based or SVM
to mimic data steward'sintelligence

T New Data

w

oo s w0

e e e %
2 o w w N

saa n=| inflow

w om w w S
wow w S

1)
w W w w w
—

—

El
= mw

Trained
Engine

MAX SCORE MAX SCORE MAX SCORE '
RECORD FULL_NAME ADDR_LINE_1 SE%‘E SS(%%BEE CLUSTER TAG ‘ InteIIigent
101 84 52 100 100 100 0 Selection
102 73 90 100 100 0 0 Model diagnostics good for development? .
103 . . . . . CR em
104 75 100 100 100 100 1 -
105 25 67 100 100 100 o o o ° o o
: : : : : : Test validation DBRdh 4 & M I- dh
106 91 100 100 100 100 1
cube

DATA DRIVEN DECISHINS

Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
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HOW DATA ENRICHMENT FROM 1QVIA AND GOOGLE LEADS TO BETTER MATCH RATE

=IQVIA
\\//HIPAASpdce

~
| &
I /|

Scenario 1:- Information in HCM match output record can conclude merge decision
SPCLTY_1 FULL_NA ADDR_LINE_1 CITY STATE DISTANCE
SOURCE PARTY_ID CUSTOMER_ID SPCLTY_1 SCORE FIULL_NM SCORE ADDR_LINE_1 SCORE CITY SCORE STATE SCORE SCORE

CR 232635 2326463 LORENA CAM 120 ECLIFFDR EL PASO X

INTERNAL 232635 1844303 ANCI LORENA CAM 100 120 ECLIFFDR 100 EL PASO 100 X 100 93
INTERNAL 232635 1844303 ANCI LORENA CAM 100 120 ECLIFF DR 100 EL PASO 100 TX 100 93

'4'. " —
oy n ! Ly —
> - T Ty o
( "al ksl " - L - L - = L - L = - L = 8 - = L ‘

! Highest matching score across different attributes coming from HCM record |

B U S g T ——
be
DATA DRIVEN DECISHINS

) L Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
Proprietary and Confidential
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HOW DATA ENRICHMENT FROM IQVIA AND GOOGLE LEADS TO BETTER MATCH RATE

Scenario 2:-

HCM feed independently failed to conclude merge decision while information enriched from IQVIA lookup data

conclude merge decision

SPCLTY_1 FULL_NM ADDR_LINE_1 CITY STATE = DISTANCE
SOURCE | PARTY_ID |CUSTOMER_ID| SPCLTY_1 > om FULL NM SCORE ADDR_LINE_1 SCORE score | STATE | ccoRe|  SCORE
CR 233801 380137 NRP PAIGE TURPIN 20 CEDAR STSTE 100 HOLT MI
INTERNAL| 233801 27231 NRP 100 PAIGE ELIZABETH HOARD 36 1734 TANAGER LN 33 KALAMAZOO 15 Ml 100 48
INTERNAL | 233801 27231 NRP 100 PAIGE ELIZABETH HOARD 36 13796 MYRTLE DR 44 DEWITT 20 MI 100 67
lQVIA 233801 27231 NRP 100 PAIGE ELIZABETH TURPIN 71 20 CEDARST 76 HOLT 100 MI 100 89
lavia 7|+ 233801 27231 NRP 100 PAIGE ELIZABETH TURPIN 71 20 CEDARST 76 HOLT 100 MI 100 89
IQViA P 233801 & 27231 NRP 100 PAIGE ELIZABETH TURPIN 71 3413 WOODS EDGE 39 OKEMOS 20 MI 100 80
lQVIA %33801 27231, NRP 100 PAIGE ELIZABETH TURPIN 71 3413 WOODS EDGE 39 OKEMOS 20 Mi 100 80

\ o~

o=

® mm n mm oa mm s mm o o s mm s s mm o omm s mm o mmos ooy

I Highest matching score across different attributes coming from IQVIA record

l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l’

cube

DATA DRIVEN DECISHINS

Proprietary and Confidential

Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
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HOW DATA ENRICHMENT FROM IQVIA AND GOOGLE LEADS TO BETTER MATCH RATE

Scenario 3:-

SOURCE

PARTY_ID |CUSTOMER_ID SPCLTY_1

SPCLTY_1
SCORE

FULL_NM

FULL_NM
SCORE

ADDR_LINE_1

ADDR_LINE_1
SCORE

CITY
SCORE

STATE

STATE
SCORE

HCM and IQVIA feed independently failed to conclude merge decision while information used from google to
enrich IQVIA record concluded merge decision

DISTANCE
SCORE

40 N HABANA AVE

CR 23386657 | 23386657 NEP MAHMD KAMEL STE 107 TAMPA FL

INTERNAL 23386657 1514651 NEP 100 MAHMD TURKI KAMEL 81 12662 TELECOM DR 24 TAMPA 100 FL 100

INTERNAL 23386657 1514651 NEP 100 MAHMD TURKI KAMEL 81 600 OAK ST 40 PESHTIGO 15 WI 0 45
IQVIA—Google |23386657 1514651 NEP 100 |MAHMDTURKI KAMEL 81 2800 EAJO WAY 36 TUCSON 18 AZ 0 67
IQVIA—Google |23386657 1514651 NEP 100 MAHMD TURKI KAMEL 81 1501 N CAMPBELL 55 TUCSON 18 AZ 0 67

QVIA—Google

1514651

100

MAHMD TURKI KAMEL

40 N HABANA AVE

96 JONATHAN

|QVIA-Google 123386657 | 1514651 NEP 100  [MAHMD TURKI KAMEL 81 LUCAS ST 40 CHARLESTON | 13 o 0 33
. i -
-
0‘\ ~ .
. 1 ] .
\ L . :
L MAHMOUD TURKI TEMPLE
lQVIA-Google | 23386657 \15}4651 NEP. 100 CAMEL 81 12662 TELECOM DR 24 TERRACE 42 FL 100 89
>
. ~
lQVIA-Google |23386657 | 1514681 NEP 100 MAH'\I’!Z’&'ELT URKI 81 600 OAK ST 40 PESHTIGO 15 Wi 0 45
\ N
P '\._._._._._._._._._._._._._._.|
* Highest matching score across different attributes coming from google enriched IQVIArecord .,
cube

DATA DRIVEN DECISHINS

Proprietary and Confidential

Please note: Examples shown in the slides are for illustrative purposes only and have no relationship with real world data.
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\ Plan Summary Report

Company Details Total Lives Base Risk Score

17,489
T 152981
Adaikier Cotist (N Aviy: Agie @ @ .coecoune v
Applicable Reporting Penod R — . vial Lan
16.232 “mn

HHS HCC Distribution

Member Count

4,000
3,000
2.000 |
000
-I. 'IIIIl- I l _nal Juan Il.ll_lll i _lll _-I_-I‘I - L
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Ul SHOWCASE (DASHBOARD VIEW)

Dashboard View: Summary view of the records along with its potential match records shown here.

confidence score is
- records.

. 1
. o ! This helps Data ;
cube  Steward Decision App R Actions include selection! ¢;oiyqrds manually
s A o 1

of records for merge and; Integratethe !
. N 1
AR RECORDS FOR (0T : a4, downloadingthe results : outcomes of the ;
of the merge for i Selection. Records
L ; identified for merge !
CUSTOMER ID NAME PRIMARY ADDRESS DATE POTENTIAL MATCH RECORDS ACTIONS actionizingin HCM ! i
1 can be manually .
! actionized in HCM.
R :
H245918 ISAAC A CASTILLO 6431 FANNIN ST, HOUSTON, TX. 77... 2020-12-10 a8 QO & CooIiioininiomTT
L 1
Pills based on the : ;
H431253 MUSERRAH S SALEM 332 N YORK ST, ELMHURST, IL 6012... 2020-12-10 a ®@ a confidence score along i Selection of records |
[ 1
. . 1 .
with necessary details to formerge would be
H315123 LAUREN STEINBERG 7301 W PALMETTO PARK RD STE 30... 2020-12-10 L &5 identify the record : assisted by the !
i details provided. !
3 T . , LAUREN ELISE STEINBERG ! :
H351410 MATTHEW D FUKUDA 8850 SE 37TH ST, MERCER ISLAND, ... 2020- ¥ i i
PRESCRBR NPI:H293124 D e im e - -
7301 W PALMETTO PARK RD, BOCA RATON, FL, 9 > 2 o/ P I
H461821 ELIZABETH L MATLOCK PO BOX 720670, ATLANTA. GA, 3035... 20207 334333458 - °a @ ; ,
Merge ' The ;

1 .
recommendations . recommendations
H511270 KATHRYN E DUNLAP 3824 ENGLEWOOD LN, FORT WORT... 2020-12-10 - 3 :
> % it GO a along with the . helps Data Stewards !
L . 1
o ! to focuson theright -

1

1 1
1 1

shown here

cube A !

DATA DRIVEN DECISHINS
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Ul SHOWCASE (DETAILED VIEW)

Detailed View: Attributes of the selected record along with potential duplicates are available side by side

cube  Steward Decision App A Selected record along with

This view enables

1
1
potential match records 1 side by side
CUSTOMER OVERALL are shown here with all : comparison of DCR
SOURCE SPECIALTY ; . record along with
i PERCENT ADDR TYPE ADDR_LINE_1 — attributes used for ! g
1 tchi 1 the potential match
_ LAUREN STEIBERG OTHER ADDR 7301 W PALMETTO PARK RD STE 303 matching. ' records
1
. . . e
= MDM H293124 93.2 %
LAUREN ELISE STEINBERG DGP OFC_ADDR 7301 W PALMETTO PARK RD
NPPES H293124 LAUREN STEINBERG DOM 7301 W PALMETTO PARK RD 303A . P -
Attribute level scores !
1 . o ef efe
LAUREN STE G PHT ffice 400 TAMIAMI TRL S .
IQVIA H293124 UREN STEINBERG H Offic 00 TAMIAMI TRL for the selected : Il:row(i,es VISI?Zty on
. . . howthe confidence
IQVIA H293124 LAUREN ELISE STEINBERG DGP PRIM_ADDR 7301 W PALMETTS-PARK RD duplicate are available i score is calculated
here i
HIPPA H293124 LAUREN ELISE STEINBERG PRACTISE_LOCATION 7301 W PALMETTO PARK RD STBI303A U
GOOGLE H293124 LAUREMN ELISE STEINBERG SEARCH RESULTS . En rlched records from
. This will enable the
external providersource ! . i
+ MDM H769704 90.72 % LAUREN ELISE STEINBERG DGP OFC_ADDR 7301 W PALMETTO PARK RD STE 303A enriched attributes

! to be viewed on the
. same screen.

1

1

1

are available justbelow the :
duplicate record. !
1

1

cube A

DATA DRIVEN DECISHINS
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Ul SHOWCASE (DETAILED VIEW)

Detailed View: Attributes of the selected record with multiple instances are shown along with relevant enrichment.

For any attribute with !

1

. . 1

multiple instances, all : Viewing all i

Google Map instances are shown i addresses of the i
I record together !

Q S Mices By —— 1 here. : would help quick :

' ¥ A " . visual match. .

1 1

THE MISSING LINI\O 7301 W Palmetto
Costirre jewelry 3100

Park Rd, Boca Raton

Additional information on
Viewing address as
i a map component
I helps additional

© analysis.

the attributes also shown
here.

1
Go . dleden Shops At Boca () ~ : tarbuck L
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Ul SHOWCASE (DETAILED VIEW)

Detailed View: Frequently searched field combinations are made available for the Data Stewards for their analysis

cube

SOURCE

NPPES
IQVIA
1QVIA
HIPPA

GOOGLE

+ MDM

Steward Decision App

CUSTOMER
ID

H293124

H293124

H293124

H293124

H293124

H293124

H769704

OVERALL
PERCENT

SPECIALTY

LAUREN STEINBERG

ADDR_TYPE

OTHER_ADDR

O 84% 0%

ax 3 ac

SEARCH RESULTS FOR

Name and Address Mame and Speciality

Dr. Lauren Steinberg, DMD, Periodontics Practitioner - Boca Raton, FL
DR. LAUREN ELISE STEINBERG DMD, NPI 1265041578 - Dentist ...

Lauren Steinberg | Chaplain’s Office

LAUREN ELISE STEINBERG

90.72 %

LAUREN ELISE STEINBERG DGP

Speciality and City

ADDR_LINE_1

7301 W PALMETTO PARK RD STE 303A

Aug 6, 2020 ... Lauren Steinberg is a provider established in Boca
Raton, Florida and ... 7301 W PALMETTO PARK RD STE 303A BOCA

RATON, FL 33433

Visit page

SEARCH RESULTS

OFC_ADDR

7301 W PALMETTO PARK RD STE 303A

cube

DATA DRIVEN DECISHINS
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Google search results
usingcommon field
combinations like
name and address,
name and specialty
are shown here.

Helps easy
navigation to the
page and decision
making based on
these results.
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\ Plan Summary Report e

Company Details Total Lives Base Risk Score

17,489
= Males ] s
Member Count ' Av. Age @ @ coocount  Avo e
9.71% 7774 .
Applicat cting Penod —_——— Metal Level
A = et ialesias —= i Bane Riek Score i R =
16.232 14.131

HHS HCC Distribution

Member Count

LIII!I!' : II I'

- I I I ‘
-I. 'I I |l I I _nal Juan II.Il_l I i _|II _II.-l e
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SIMULATE STEWARDSHIP

INTELLIGENT AUTOMATION

PRODUCTIVITY BOOST

COMPLEMENTS MDM

D Cube Analytics has also been mentioned as a
representative vendor in Gartner, How Life Science CIOs
Can Build a Data-Driven Enterprise Foundation With
Commercial MDM.

(Animesh Gandhi, 23 Sep 2020)
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Experience the power of
MDM.AI

REQUEST DEMO

Contact Contact us
Office

D Cube Analytics Inc.1320 Tower

. US : +1 847.807.4996 Road, Schaumburg, lllinois 60173,
Website USA

dcubeanalytics.com
cube
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Email

info@dcubeanalytics.com Phone
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