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What are predictive analytics?

Tools and technologies for Business
analysing and understanding Intelligence
business performance

Analytics
Extensive use of data with
statistical and quantitative
analysis
Predictive
A process by which current or Analytics

historical facts are used to
create predictions about future
events or behaviour. E‘g

A
A
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Descriptive versus Predictive Analytics

Competitive advantage

Optimization “What'’s the ppen?”
Predictive modeling next?”
Forecasting se trends continue?”

Statistical anal is this happening?”

“What actions are needed?”
“What exactly is the problem?”
“How many, how often, where?”

Standard reports “What happened?”

Sophistication of intelligence

Source: Competing on Analytics: The New Science of Winning by Thomas Davenport
and Jeanne G. Harris (Harvard Business School Press, 2007)

Predictive
Analytics

Descriptive
Analytics
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What are predictive analytics?

A process, not a product Good data is vital for success

A process by which current or historical facts are used to

create predictions about future events or behaviour.

Typically predictions are created

through the use of sophisticated Focus on predicting probability
statistical models of future events and behaviour
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Predictive modelling process

Business
Understanding

Evaluation / \ Data

Understanding

Deployment

= E Data

Source: adapted from Cross Modelling

@

Industry Standard Process Preparation v Institute
for Data Mining (CRISP-DM) ~ ,‘x@u\ and Faculty
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Why predictive analytics?

Processing
internal external power

data data

Technology Competition
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Non-life example (USA)

. " High-profit, low-retention customer segment in red
Profitability & Imiengrr i
I Loss Ratio| 98.5% 97.7% 96.7% 95.8% 945% 91.5% 87.3% 80.8% Total
Retentlon 35.0%| 3.0% 16% 18% 09% 04%| 01% 04% 05% 9%

42.7%| 36% 22% 1.8% 08% 07%| 03% 07% 0.6% 11%
458%| 20% 3.0% 35% 24% 16%| 11% 12% 05% 15%
495%| 07% 20% 3.6% 34% 26%| 19% 1.2% 0.6% 16%
55.5%| 0.3% 1.0% 26% 34% 37%| 27% 15% 0.7% 16%
58.2%| 0.0% 04% 15% 27% 36% 42% 20% 0.8% 15%
61.4%| 00% 01% 05% 14% 20% 29% 20% 1.0% 10%
754%| 00% 00% 01% 07% 12% 27% 15% 20% 8%

Exposure Total 10% 10% 15% 16% 16% 16% 11% 7% 100%
Source: EagleEye Analytics

Low-profit, high-retention customer segment in red

Retention Exposure
Loss Ratio 098.5% 97.7% 96.7% 95.8% 94.5% 91.5% B87.3% B80.8% Total
356.0% 3.0% 16% 18% 09% 04% 01% 04% 0.5% 9%
42.7% 36% 22% 18% 08% 07% 03% 07% 0.6% 1%
45.8% 20% 30% 35% 24% 16% 11% 1.2% 0.5% 15%
49.5% 0.7% 20% 36% 34% 26% 19% 1.2% 0.6% 16%
55.5% 03% 10% 26% 34% 37% 27% 15% 07% 16%
58.2% 0.0% 04% 15% 27% 36% 42% 20% 0.8% 15% I~
61.4% 0.0% 01% 05% 14% 20% 29% 20% 1.0% 10% g@:}; Institute
75.4% 0.0% 0.0% 0.1% 0.7% 1.2%' 27% 15% 2.0% 8% ;x *i and Faculty
Exposure Total 10% 10% 15% 16% 16% 16% 11% 7% 100% tgi .
Source: EagleEye Analytics =3 of Actuaries
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Predictive Analytics Projects Worldwide*

UK:

* Basis Setting (mortality,
morbidity and lapses)

* Postcode pricing model

* Enhanced experience
analysis

* Predictive underwriting
on credit rating agency
and bank data

* Broker Quality

Europe:
* Predictive underwriting
on bancassurance data

South Africa:
* Enhanced Experience
Analysis
* Predictive underwriting
on bank and credit card
data

* Which the speaker knows about!

India:
» Claims Fraud Prediction

Australia:
* Predictive underwriting /
cross sell on
bancassurance data

USA:
* Pricing override model
for group LT disability
 Lapse basis
* Predictive underwriting
on Non-Life data
* Term Tail Lapses
 Mortality prediction on
credit rating agency data

Asia:

* Predictive underwriting
on bancassurance data

* Finer price
segmentation

* Propensity to buy

* Cross sell of insurance
on bank data




Predictive Analytics Covers Many
Analytical Techniques

Operational

Research . Simulation + FourierJransforms

L + Wavelets
« Optimisation
+ Simulated Annealing

Forecasting

* Harmonic Analysis
* Neural Network:
« K-Means Clustering - .

+ Genetic Algorithms
+ Graph Theory . Tlmes ieg’Analysis

+ Link Analysis
+ Decision Trees
« Random Forest , . qut. Carlo
« Support Vector Machines Pringiple Components
» Reliability/Survival Analysis
« ANOVA
+ MANOVA /.
« Correlation Statistics
Data . FactorAnaIys%
ini 49 Institute
\/
Mlnlng « SOL ﬁdﬁ and Faculty
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Modified from a version presented by John Elder, www.datamininglab.com, 2012.




Key Themes Worldwide
 Availability of data is a key hurdle

— Sufficient volume of data linking both predictors and outcome is
needed

— Ability to access useful data in different areas of a company

— Data protection concerns

* Predictive underwriting is most popular application
— Very popular with banks, especially in Asia....

— BUT linking bank data to underwriting data is a common hurdle

« Generalised Linear Models being widely used

Institute
and Faculty
of Actuaries

— Predictive power sufficient YES

— Relatively straight forward to understand / explain ;’u\ﬁ‘
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Case Studies for Today

1. Predictive Underwriting
model

Data: Bank client data, underwriting outcomes
Model: GLM
Decision: Who to offer simplified underwriting to

2. Pricing override model

Data: Rating factors and profitability metrics
Model: Classification and Regression Trees
Decision: Where to override the pricing manual

S
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Case Study 1: Predictive Underwriting
Model

 Client: Bancassurer in Asia with large customer pool, but
low penetration in life product

« Goal: to predict UW decisions on its existing customers

- Major challenges - very limited data
— A total of about 8k-9k full UW cases

— Target variable UW decision, with very low declined/rated cases,
~3.0%

— Many missing values due to old time, especially for sub-STD

— Not all information collected at the time of UW
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Modeling Approach / Key Variables

* GLM with binomial and logistic link function

» About a dozen of predictor variables that are statistically
significant for prediction & readily available in client
database

» Key predictor variables

— “Positive” means the probability of being a standard rate case
increases if the value goes up; otherwise, it is "Negative”

. Name | _Type | Note

Negative; less likely to qualify for STD as age

Age At Entry Numeric
goes up
Branch Categorical Proxy of geographic locations
Asset Under Management  Numeric ’IZBSl\l/’Iuve; more likely to qualify for STD with large
Customer_Segment Categorical Positive for “Gold”, negative for other

Nationality Categorical Positive for domestic; negative for certain others
17



Model Results — Lift Plots

* In-sample results show
model performance under
optimal condition

» May over-fit data
* 0.5% of sub-STD in top 30%

Validation results are a better
test of model performance in
real business

0.6% sub-STD in the top 30%

18.0%

16.0%

Lift Plot for In-Sample Results

m Declined

H Rated

Average nonSTD Rate 3.0%

UbxAa Uon UlA

1 2 3 4 5 6 7 8 9 10
Sorted Model Output

non-STD Rate

Lift Plot for Validation Results

M Declined

M Rated

o
Q
X

Average nonSTD Rate 3.0%

04% 0.8% 0.5%

1 2 3 4 5 6 7 8 9 10
Sorted Model Qutput




Model Results — Gain Curve

. Another way to 1 Model Gain Curve

understand model
capability to differentiate
STD from sub-STD

— Best 30% of model
outputs contains about
5% of total non-STD

o
o

o
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o
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o
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— Lowest 30% captures
about 75% of bad risks

o
[N}

—@=—1In-sampleresutts—

01 =f=\/alidation results

=== Random

Sorted Model Output
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Classification and Regression Tree
(CART) Model

Both classification and regression

Non-parametric approach (no insight in data structure)

CART tree is generated by repeated partitioning of data
set

— Data is split into two partitions (binary partition)

— Partitions can also be split into sub-partitions (recursive)

Results are very intuitive

— ldentify specific groups that deviate in target variable%%[g

— Yet, algorithm is very sophisticated %@i“

SN 20 (2%
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Case Study 2: Pricing Override Model
» Business: US group Long-Term Disability(LTD)
— About 13k policies, with lives per policies from 10 to 30k
— Current pricing variables: about 30-40
— Experience data of past 5 years with >80 variables

— Major pricing variables: age, gender, industry, location, benefit
structure

* Objective

— To determine additional pricing variables and possible
interaction terms (for pricing)

— To identify groups with experience deviating from prlcmg

assumptions (for UW) ?%@
@g\
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Indicative® CART Model Results

Femalg< 4.5
1
wc<99.5 (SlczoLz)=abdﬁk
T
_2.1: -;Ls 47e+04 WC<47.5
n=157 n=212 I Jq o
) -0.572 gPFYC=a
n=3618 n=196
; dgg (S1C2012)=abdk V2i< 305 V13=98.5
T [ o L
<9, + =
i Rk <185 V4 e V3p=455
n=295 n=225 | p—_ L L J n=2748
= =/, +
YoPoeR > o0%s VIIELSoe*08 17 0710097
l n=1236 Ij n=110 n=105 n=588
-1.244 Pratih 0.99 0.0799
n=124 n=118 n=2473
VI$215 Lo
l/ n=192
245 -0.11.19
n=108 n=260
— Easy to develop, interpret and understand; business insights%&5. | nstiute
,J@i&i and Faculty
L2 | of Actuaries

— Not efficient for linear function; sensitive to noise; over-fitting

* Not actual model results, actual results are client confidential
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CART Model Results (2)

* Results improve profit margin and pricing accuracy
— Useful tool for both pricing and UW of group LTD business

* Model implementation

— Approved by management team

— Implemented in Q1°13

# of Actual Model
Quartile cases EPM Predicted EPM
1 3230 (28.0%) (32.0%)
2 3230 (8.8%) (6.0%)
3 3230 6.3% 2.0% etitute
4 3230 1.7% 1.4% and Faculty
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Key Messages :

Predictive Analytics/Modeling is a data-driven process
with a broad array of potential applications in insurance.

Large volumes of good quality, relevant data, is
essential for a good resuilt.

Applications can assist actuaries in their regular jobs.

Applications to simplified underwriting are proving
popular — BUT there are many more applications!

There are not “off-the-shelf” end-to-end solutions. PM
solutions are customized based on specific data and
specific needs.

No two exercises are the same — flexibility of approach
IS key. Institute

and Faculty
of Actuaries
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Expressions of individual views by members of the Institute and
Faculty of Actuaries and its staff are encouraged.

The views expressed in this presentation are those of the

presenter. }
NS
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Predictive Analytics Projects Worldwide*

UK:

* Basis Setting (mortality,
morbidity and lapses)

* Postcode pricing model

* Enhanced experience
analysis

* Predictive underwriting
on credit rating agency
and bank data

* Broker Quality

Europe:
* Predictive underwriting
on bancassurance data

South Africa:
* Enhanced Experience
Analysis
* Predictive underwriting
on bank and credit card
data

* Which the speaker knows about!

India:
» Claims Fraud Prediction

Australia:
* Predictive underwriting /
cross sell on
bancassurance data

USA:
* Pricing override model
for group LT disability
 Lapse basis
* Predictive underwriting
on Non-Life data
* Term Tail Lapses
 Mortality prediction on
credit rating agency data

Asia:

* Predictive underwriting
on bancassurance data

* Finer price
segmentation

* Propensity to buy

* Cross sell of insurance
on bank data




