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Some Background . . . Graph Theory

A[ ézyl- NR 9dzf SNXQR& o NAE f ALl yij azft
problem in 1735
A Must be no more than 2 vertices with an odd number of lines
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Application of Graph Theory

EXAMPLES OF NETWORKS AND THEIR COMPONENTS

MNETWORK VERTICES VERTEX ATTRIBUTES EDGES EDGE ATTRIBUTES
Footfall, Terminals, Staff, City Frequency, # Passengers,
Airlines Network Airports bl Airplanes / Routes Plane Type, Fud Lisags

Account Holders

Banking Network

Social Network Users

Physician Network Doctors

Supply Chain Network Warehouses

International/Domestic,
Freight, Hangar capacity

MName, demographics, KYC
Document, Products, Account
status, balance and other
details

Name, demographics, #
connections, likes, circles
belong to, subscriptions

Demographics, speciality,
experience, affiliation (type
and size), Weekly patient
intake

Location, size, capacity,
storage type, connectivity,
manualfautomated

Transactions

Interactions

Patients

Trucks

Distance covered, Empty
seats

Type, Amount, Authentication
(pass/OTP), Time, Location,
Device

Medium (ikefcomment/direct
message], time, duration,
type of content, topic

Demographics, Diagnosis
history, visit frequency,
purpose, referred to,
insurance

Load capacity, # wheels, year
of make, geographical permit,
miles travelled, Maintenance

cost, driver experience

https://www.analyticsvidhya.com/blog/2018/04/introductido-graphtheory-network-analysigoython-codes/
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https://www.analyticsvidhya.com/blog/2018/04/introduction-to-graph-theory-network-analysis-python-codes/

Phone Call Fraud Detection

q; TigerGraph PRODUCT SOLUTIONS RESOURCES COMPANY DEMO DOWNLOAD DEVELOPERS SEARCH Q
Improving Fraud Detection with Al and GOOD PHONE g
Machine Learning _________-—**

Confirmed fraud events are rare, with less than 1% of total call
volume for Telecom or claims data for healthcare and government
benefits or payment transactions for financial services. This means

that the machine learning models do not have sufficient training ¥ ,

data with confirmed fraud activity to learn and improve accuracy of @ @ ‘7 \ G000 PHONE FEATURES
fraud detection. TigerGraph with its native parallel architecture is Yy .4 f‘!.’// ; 2 Stable o ,._‘,'I.
purpose-built to address this challenge. Consider the example for I /’__*ff_ Many in-group (3) Long term phone
phone-based fraud detection at China Mobile, where TigerGraph | S friend onectans IR

creates over 118 features for each phone in real-time by analyzing " o B

relationships among subscribers over time, identifying a good
phone owned by a regular customer and bad phone suspected to
be a fraudster.

stable group

READ THE EXECUTIVE BRIEF »

S
BAD PHONE FEATURES

rt term ca
. ty stable g
(3) No call back phone

https://www.tigergraph.com/solutions/fraudetection/
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https://www.tigergraph.com/solutions/fraud-detection/

Graph Theory: Fraud detection for
narcotics prescriptions
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= 99 percentile

https://www.aaai.org/ojs/index.php/aimagazine/article/view/2630/2554

200.0 300.0
Distance (miles)

400.0

500.0

Graph theory demaittps://www.youtube.com/watch?v=uA525G3beFoé&list=PLq4I3NnrSRiZ¢@Ral JgxMVATx&index=13
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https://www.aaai.org/ojs/index.php/aimagazine/article/view/2630/2554
https://www.youtube.com/watch?v=uA525G3beFo&list=PLq4l3NnrSRp4IGO-CgwjRa1JqxN-vWATx&index=13

Find All Types of Relationships . . .

Marriage rate in Wyoming
correlates with

Domestically produced passenger cars sold (US)

= Marriage rate in Wyoming
= Domestically produced passenger cars sold (US)
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Thousands of cars

Marriage

1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

1999 - 2000 : 2001 : 2002 : 2003 : 2004 : 2005 : 2006 : 2007 : 2008 : 2009

Domestically produced passenger

cars soid (U5) 6,979 6,831 6,325 5,878 5,527 5,396 5,533 5,476 5,253 4,535 3,619
Thousands of cars (BTS) : : : : : : : : : : : S

https://www.tylervigen.com/spuriousorrelations
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https://www.tylervigen.com/spurious-correlations

Nontraditional Data Sources

ADifferent types of data in use:
A Demographic
A Financial
A Government
A Climate
AMedical
A Motor vehicle records
A Public records
A Telematics

AAIl and Looking Forward
A Epigenetics
A Digital behavioral data
A Internet of Things
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Demographic Data

AdEx{amples of Demographic data to append to company
ata

A Home ownership A Email append services
A Occupation A Languages spoken

A Gender A Purchase behavior

A Race A Lifestyle interests

A Estimated Income A Investment information
A Phone numbers A Family information

A Credit card information A Life events

A Hobbies

Alnformation cannot be used to discriminate

Alnformation could be usefth shownondiscrimination

A SOA sponsoring current research projects to get industry and regulator
input regarding validation of algorithmic models
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Financial Data

ACredit scores have been shown to predict mortality risk

ATransunion TrueRisk Life Score
A Creditbased behavioral index
A 25 Selected credit attributes selected from 800 attributes

ATrueRisk represented as a number between 1 (low risk)
and 100 (high risk).

https://www.soa.org/globalassets/assets/filediasiness/pd/events/2017/underwritinseminar/underwritingseminarpresentation
riskassessmen?.pdf
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https://www.soa.org/globalassets/assets/files/e-business/pd/events/2017/underwriting-seminar/underwriting-seminar-presentation-risk-assessment-2.pdf
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Traditional Mortality Study (prepared by RGA)

2500 * Mortality study performed on holdout sample
o of 18 million lives using a 1998 TransUnion
 200% archive and studying the lives during 1999-
3 2010
£ 150% )

] » Score buckets are set to be uniform across
%100% the population
- + Study shows 5 times segmentation (96-100
< sou compared to 1-5)
o R R . » SSMDF used as source of deaths; used
T83§8333728888rR38837 g population mortality tables
RGA TrueRisk® Life Score
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After Allowing for Preferred Status

Mortality by Underwriting Class (prepared by RGA)

« Segmentation exists within risk classes

» Mortality for highest TrueRisk® Life scores (71-100) are over double that of lowest scores (1-10)
* Non-smokers are shown, but results are similar for smokers

Mortality by Underwriting Class
Issue Age <70

250%
200%
g
©
: §
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$ 100% - ®
3 I g
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€ 50%
) THE T
o o © ©0 0 © ©0 © ©o 8
33 2132|282 %8
= Lo S o o B B A 8 S
(2] N o ¥ 0w O ~ ® ;
Preferred NS Non-Preferred NS Substandard NS
TrueRisk® Life Score
RGA e Claim Count === Relative Mortality

Term, UL & VUL; Face Amounts = $100,000; Issue Ages < 70
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Government Data

AGovernment statistics
AHealth
AEducation
AWorkersafety
AHousing information
ABetter visibility into geographic + demographic effects
Ahttps://www.census.gov/en.htmi
Almage on next O A OHbs:/iww.census.govicontentidam/Censuslibraryivisualizations/time

series/demo/oldetpopulation/Figure%202%20Population%20Aged%2065%20and%200ver%20With%20a%20Disability. pdf
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https://www.census.gov/en.html
https://www.census.gov/content/dam/Census/library/visualizations/time-series/demo/older-population/Figure 2 Population Aged 65 and Over With a Disability.pdf
https://www.census.gov/content/dam/Census/library/visualizations/time-series/demo/older-population/Figure 2 Population Aged 65 and Over With a Disability.pdf
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