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Powerful new predictive modeling tools are available to capture operational
iImprovement across most elements of the claims process

Technology enabling value drivers for Total Incident Management

Fraud Management » Predictive modeling can provide fraud "flags”

Litigation Management » Technology can enable insurers to better determine litigation strategy

Notification and Assignment Verification of coverage Investigation and evaluation Negotiation and settlement Salvage/Subrogation
« Early notification » Customer service * Predictive modeling « Colossus/ICE » Total loss assessment
* Predictive triage * UM pursuit * Image engineering » Lawyer profile
« Direct to network » Adjuster variance * Source law firms

» Motor repair network

Significant operational improvement requires rapid determination of how a claim should be handled and

Predictive models can aid the claim
intensive effort to reduce the variance in adjustors’ evaluation of loss

representative in determining the likelihood of
overpayment and suggest strategy options

Assignment Triage Adjuster Calibration Case Management

Investigation and Evaluation

Assignment of

Claim to Appropriate
Track

Fast Track
Regular BI

Target End >Invest.> Eval> Negot>
tate

Key Overpayment | . What to investigate
Drivers . Settlement offer
- range

y « Manager Review
$ Estimate . $ Estimate

Independent
Examiners &

Assignment of
Claim to
Appropriate Rep,
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Recent studies estimate that Auto Physical Damage represents over 20% of all claims leakage.

Losses from Claim Leakage
Property and Casualty Insurance

100% = $30 Billion

Other Coverages
(Mainly: workers compensation,
health insurance,
auto B,
homeowners insurance)

$ Million

Estimates

» Depending on the location,
about a third to a half of all

Physical physical damage claims
Damage have substantial leakage
$6 — 7 Billion

 Losses from ‘Hard’ fraud
represents a small part of
this leakage

» Efforts to date to eliminate
this leakage have had only
limited success

Public Perceptions (All Americans, 2000
Survey):

= 24% think it is okay to overstate insurance
claims to make up for past premiums

= 35% think it is acceptable to ‘pad’ claims
to make up for deductible

In California*:

43% of all vehicles inspected showed
evidence of overwrite by an auto body shop

Fraudulent repairs equaled $586 per
vehicle

Source: National Insurance Crime Bureau; California Department of Consumer Affairs; California Bureau of

Automotive Repair

* California Bureau of Automotive Repair, ongoing auto-repair re-inspection program. Numbers are as of December

31, 2001
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PA’s experience indicates that, despite efforts to improve performance, insurers generally
continue significantly overpaying Auto Physical Damage claims by up to 9%.

Motor Physical Damage:
Distribution of Estimate Amounts

llustrative

Performance Challenges

Staff Examiners

= |nadequate Controls (l.e., field reinspections and

desk reviews)

* Inconsistent estimates across appraisers and
appraiser types, due to broad range of skills

» Wide range of accident types and physical
damage profiles

» Emphasis on customer service issues,
sometimes at the expense of proper control and

safequards

Significant
overpayment (up
to 9%*) continues
in Auto Physical
Damage for most
insurers

Typical Situation

1
~/
%) 1
E E Independent
o1 Examiners
Preferred s f
Body Shops E y.:\
, :
1 | ' >
$ Estimate

Desired Situation

# of Claims

>

$ Estimate

* Based on reinspections by client teams of estimates by “top” front-line claims personnel
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Despite global use of training and corrective tools such as reinspections, significant differences
still exist between adjusters estimating the claim from the same auto damage event.

Estimate Breakdown: Examples of Differences Disguised
Estimator 1 Estimator 2 Estimator 3
Bumper Overhaul (1.1 hours), LKQ Replace (.7 hours) LKQ assembly | Replace (.7 hours) LKQ assembly
assembly for $187.50,2.5 paint | for $130, 3.5 paint hours for $160, inspect LKQ (.3 hours)
hours 2.5 paint hours
Lamps Replace (.3 hours), LKQ tail lamp| Replace (.5 hours), LKQ tail lamp | Replace (.5 hours), LKQ tail lamp

for $62.50

for $100

for $60.00

Rear Body Panel Not written Repair body panel (4 hours), 1.7 Replace 5.2 hours), OEM body
paint hours panel ($133.27), 1.4 paint hours
Real Floor Pan Not written Not written Repair (2.5 hours) floor pan

assembly, 2 paint hours

Quarter Panel

Repair body panel (7 hours) 2.2
paint hours

Repair body panel (6 hours), 2.2
paint hours

Replace (9.4 hours), LKQ quarter
panel($160), 2.6 paint hours

Other

Pinstripe ($10),
Flex Material ($12),
Car Cover ($5), Hazmat ($4)

Set up & Pull (2 hours), stripe tape
($10), blend (.5 hours), seam
sealer ($8), undercoating ($15)

Paint fuel door (.3 hours), flex coat

($12), Hazmat ($4), stripe tape

($15), corrosion protection ($15),
seam sealer ($8)

Estimate Total
(Indexed)

100

140

200

Note: LKQ refers to salvaged parts
Source: Test of sample claims with representative claims organization
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When several adjusters were compared in a blind, quantitative process, startling variations

were found in the appraisal performances.

Measuring Estimator Performance

Repair Estimates
Proportional Scale

= Damaged vehicles representing
different ages, type and damage

Disguised Example

locations were collected in a

central location

= Estimators were asked to
provide repair estimates for

[CoC KN

every vehicle. Different types of
estimators (i.e., insurer, DRP,
non-DRP and independent)

H o¢ <30

) <>..<>J)'

were chosen .
Estimate

H Q@0

P <20 @

e o0

Amount

N[O <@

= Estimators were not allowed to

Q@i <D &

m O e

share data or observations

«<> 0> CONE®

= Significant differences between

e <@

groups (internal and external
adjusters), as well as within
each group were observed

Source: Test of sample claims with representative claims organization

10

11

12

. Adjuster A
. Adjuster B
. Adjuster C

O 00 @o e 4N
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This problem of high variance and overpayment in Auto Physical Damage losses can be
addressed only through desired Behavior Modification on the part of appraisers and shops.

Importance of Behavior Modification

Key Issues in Auto Physical Damage
Losses

Claims losses are primarily determined
by a large number of decentralized
adjusters, with different performance
levels

The process depends significantly on
the expertise of adjusters

Heterogeneity of claims implies difficulty
in designing predictive modeling tools
for several risk segments

Field reinspections and desk reviews
tend to be marginally effective because
the resources are limited and it is
difficult to allocate them effectively

The key objective of any
corrective strategy has to be
Behavior Modification through
proper controls and associated
training, communications,
incentives, etc.

© PA Knowledge Limited 2003 - 9




One tool used for control is the reinspections of estimates. Unfortunately, reinspections do not
identify most overpayments, nor do they always achieve the desired behavior modification.

Key Issues with Reinspections

» Unsophisticated claim selection procedure: reinspection resources tend to focus on the largest
$ amount claims, or those that are conveniently accessible on a given day, rather than on those
with the maximum potential likelihood of overwriting.

» Limited reinspection resources: Reinspection effectiveness is generally limited because of
limited resources, and appraisers’/shops’ knowledge of these limitations

» No single reinspection process: reinspection process may vary between appraisal types
(different for staff/internal appraisers from others), making it difficult to evaluate appraisers
consistently

» |nefficient results capture: Reinspection results are not captured in a single place, generally, and
may be saved in different systems for different markets. This makes it difficult to analyze the data
for identifying trends or developing corrective strategies

—~———

Estimates are typically selected either randomly or through a pre-set and
generally known dollar limit, which means that:

= Several of the most problematic claims do not get reinspected, and so
savings are not maximized

= Reinspections tend to create limited desired modification in
partner/vendor behavior
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PA tackles reinspections differently, by using a sophisticated model to estimate the overwriting
probability of each estimate, and then allocating limited reinspection resources accordingly.

PA’s Approach to Targeting Auto Physical Damage
Leakage through a Probabilistic Model

» “Expert” decision process information is gathered
from experienced adjusters

= Historical claims data is collected for model

» Model is designed, based on a probabilistic Bayesian
framework, using historical claims data

» Model is trained on historical reinspection results

= Links are created to allow model to function
dynamically with fresh daily claims data, and to ‘learn’
with data

» Model results are fed into reinspection resource
allocation process, resulting in increased ‘hit rates’
and savings identified

» Qver time, process leads to behavior modification
and a significantly improved estimation process
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Our predictive modeling solution directly integrates with the client claims management system,
creating a tool and a process for ongoing claims evaluation and selection for reinspections.

Staff Appraisals

Independent
Appraisals

DRP Appraisals

Reinspections Process With PA’s
l Predictive Model: lllustrative Data Flow

Appraisals
Uploaded into
Claims System

v

PA’s Predictive Model Desk Reviews
Recommended
¢ desk reviews
Model Rei : _ N Savings
Recommendations elinspections Desk reviews requiring Identified/

Dispatch field reinspections

incl. Random* Realized

Recommended field
reviews

Field Reinspections

* Typically, a fixed % of random recommendations is added to the mix in order to ensure reinspections of all shops and appraisers over a period of time
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Our methodology is based on Bayesian Networks, which provide consistent statistical
treatment to both hard data and experts’ assumptions about the likelihood of overwriting.

What are Bayesian Networks?

BNs are models that represent uncertainty in our knowledge:

— Uncertainty from experts’ knowledge

— Uncertainty about the domain being modeled

— Uncertainty from the knowledge engineer (aka model builder)
— Uncertainty about accuracy and availability of the knowledge

(Source: Russel Greiner, U. of Alberta, Canada)

BNs are conditional probability models

— Bayesian inference consists of updating prior beliefs as new
information becomes available — BNs are able to “learn” from new

data

— Rev. Thomas Bayes (1702-1761) is responsible for the Bayes’
Theorem, which is the basis for conditional probability theory

BNs are graphical causal models

— Bayesian methods have been available for a long time, but tend to be
computationally difficult

— Only in the last 10 years has software become good enough to
develop useful applications that can be solved in areasonable time
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Bayesian networks use conditional probabilities to represent what we usually call
“‘common sense” — they have found a warm reception in Artificial Intelligence circles

Why Bayesian?

Rev. Thomas Bayes stated in 1761 that
PA|B)=P(B|A)*P(A)/P(B)

The Bayes’ Theorem allows easy manipulation of conditional probabilities, which are

critical to develop “reasonable” systems.

An example from the Physical Damage claims world:
The fact that there is a lower than expected amount of used parts in a vehicle repair
estimate increases the probability of overwriting. However, if this vehicle is a rare
model, then the probability decreases, because we don't expect to easily find LKQ
parts for it.

Conditional on
rarity, however, the
LKQ content
seems appropriate
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e
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iee 207 i | o
Without knowing
rarity, the LKQ
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too low, and worthy
of reinspection
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Partial view of the predictive model

LKQ content lower
than expected
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Bayesian Networks have been applied in diverse areas of engineering, medicine and

business

Some examples of applications:

Medical diagnostics

Visit To Agia Emoking
Wisit 1.00 Smokar 0.0
R Language understanding M “isit m.n_ ManSmoker 5000
] .
Tubercilosis | LIJI'IE E'-H'II:EF an:hlﬂ
. : Presant  1.04 Fresant 5 50 Prasent dﬁﬂ
o SPAM filtering Absent  99.0 | Absent Ll Absent |
e Machine vision :r':'_j"“"“:ﬂ Cancer |
| Faln B3, 5L| e -
. Chest Chinic
e Fraud detection mﬁ,m " Oyapah.
Abnarmal 11 I:lt | | Presen ¢3.E|=
Meormal Absart  GE4 —

Operational risk management
Pharmaceutical drug discovery
Online customer service
Predictive maintenance

Fault analysis for complex machinery

The classic “Chest Clinic” Bayesian
Network for medical diagnosis*®

* (From Norsys’s Netica tutorial, based on S. L. Lauritzen and D. J. Spiegelhalter. Local computations with probabilities on graphical
structures and their application to expert systems. Journal of the Royal Statistical Society, Series B (Methodological), 50(2):157-224, 1988).
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The power of today’s computers allows an old theory to be applied to a modern problem.

Benefits of Bayesian Networks:

BNs replicate cause-and-effect relationships seen in real life, and identified by
experts familiar with the industry

BNs rely on a rigorous probabilistic structure, so conflicting evidence can be
weighed appropriately instead of biasing the results

BNs can generate results with incomplete data, and account for uncertainty in
the inputs appropriately

BNs stay current because of their ability to learn from new data as it is
generated, reducing maintenance requirements

BNs keep all assumptions visible and make them easy to share with users,
even those without technical training
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BNs are ideally suited for Auto Physical Damage Claims analysis

Claims data is usually incomplete, and traditional statistical tools do not handle
incomplete information well

Experts can quickly identify overwriting in auto insurance claims, but have a difficult
time making their process explicit — modeling with BNs allows companies to capture
experts’ mental models and replicate them across the company, standardizing best
practices

Historical reinspections results are usually patchy and unstructured — a system based on
BNs can start with a model created from experts’ opinions, and validate them as new
results are collected

Early in the development of the system we explored the possibility of using a more
traditional method, such as logistic regression, to estimate the probability of overwriting

— However, we found logistic regression too rigid for this application, since it has more
stringent data requirements

— Additionally, incorporating the experts’ knowledge requires a hierarchical approach to
model development, which is difficult to represent using traditional regression tools
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Bayesian networks are superior to alternative modeling methodologies.

Features

Can incorporate expert
knowledge

Can handle quantitative
data inputs

Cause and effect explicitly
represented

Non-linear relationships
can be easily represented

Continuous (fuzzy) logic
allowed

Can handle incomplete
data sets

Can learn from data

Gut feel and Regression
intuition models

Rules-based
expert systems

Neural Bayesian
networks networks

v

V

STISISISSES
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The predictive model is built by combining expert knowledge with quantitative data.

Model Design and Construction Claims and Policy data... lllustrative
Appraiser information...

Estimate detalils..
Repair Shop Characterlstlcs

Expert Interviews...
PA’s experience...
P e ';/
53 2
> i

Qualltatlve model > Quantitative model

H‘ The qualitative model The quantitative model turns
represents how different the relationships between
inputs potentially relate inputs into probabilities, which
to each other are calibrated using claims

data and other sources
These relationships are
represented graphically
and validated through
interviews
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The key starting point is to tap into the accumulated knowledge of your Material
Damage claims experts.

Breaking down the “expert” decision process

“I know a good repair shop when | walk in the door”

“These new staff appraisers always seem to miss the little things that can add up”

“I know a Total Loss when | see it”

“I always jump on those positive supplements that come in late”

“If they all just did what | tell them to do, we wouldn’t need you consultants”

© PA Knowledge Limited 2003
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Bayesian networks provide an explicit way of balancing expert knowledge with “hard” data

‘ lllustrative I

Model reacts quickly to new data when there is
little confidence on prior knowledge...

Confidence on

: Wariable ‘Warizhle Wariahle Wadiahle
: tribi prior expert Ot 10 B2 ] [Qwid 114 . Dee 10 020 TR R
Prior distribution from knowledge is 0100 EBEX | E::m;:: }: , wewo oi2] ||| wwa 02| |||
: = [ b 1 Mo 303) 30 231
expert knowledge equivalent to 1 i MR- ] (B Srieml ||| B ol |
i i i 01050 563 [ o [ 40 ba 0 1:35—,' d0tosn 42
is uniform data point M10E b | | |sowen 114 || [sowen vni) [ || |s0wen 2715 [ |
Varlable B0l BS | | [E0wm 114 | B0 o12f | | | BOte?D 012 |
il i3E TWiedl E25 [ ] |0ie80 1.4 | otoBD 012 | | | hesED 2 | ||
0020 125 426417 a0 £ 8.9 FH +E68 MERE
WA 125
o 1 data point 10 data points 100 data points 1000 data points
S il 125
E0in 70 125 Wariable Wariahle Wariahle Variakle
| M01080 125 Oiid 124 Oiid 114 Oil B2 [ awm vl ||
40 £ 23 W2 124 01020 114 012 EI5 [ nwxa 1.14] | |
‘ 1030 124 MW 114 %1".:;1. ;; : Mo 368 ':
i Lo 40 174 Wio 40 169 0] ! Mioad 423
Con idence on 401051 134 01050 159 01050 08 : 40 1o 50 -155¢'
prior expert xm?c: : E01060 114 ﬁ'"aﬂ E?: | ﬁmgﬂ IE'.: [ ]
. in 12 B 1o 7 1.4 nf fin |} 1
knowledge is | 701080 124 T0w8l 114 T8l EX | | |7omwa0 114] | |
equivalent to A0+ 23 a0 £ 72 W92 17 A02:54

100 data points _ _ _
g If there is more confidence on prior knowledge,

the model reacts more slowly to new data

Note: Data points in this example come from a random Normal(40,5) sample
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Expert interviews provide the base for creating the Bayesian Network, which captures a
rich set of cause-effect relationships between different data inputs

High-Level auto repair model diagram

Main output
variable:
Probability of
overwriting

80+ data inputs, combining hard data in non-linear cause-effect relationships elicited by experts
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For example, this claim’s probability of being overwritten is 72.2%, but this value is the
result of a complex combination of inputs

|

0 ili Clairm_owerwritten
72.2% pro'b_ablllty T i
of overwriting... falza 278 :— ;

Appraiser is 45% likely
to have missed
potential labor

savings...

AP_missed_Labor_Savin

true 451 AT
false 549 !

_missed_parts_sav
124mi
Bﬁ ﬁ i ’

..... Frame_as_Fraction_of_Total =
p :;; H EHHE :EE = ] ! .,if DTEI [|[|1 |:| : : : : | E|E 15 ) ) o z: | ; .;:
= ] 0.01to 0.1 1] I 7 —
' A | 01t002 100 p— ]
f 02t D3 1] : : : T
03to 04 of ¢ v
0.4ta 1 I .
= | 0 Excessive frame labor

is likely a major source
of overwriting
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Policy, claim and other data is gathered to calibrate the predictive model.

Data sources for possible inclusion in model

Examiners and Repair Facilities

Examiner Group

Characteristics

Independents

PRS Shops

Staff Examiners

Date of joining
Prior incidences
Experience level
Expertise focus
Training level
Historical ratios

Repair Facilities

Relationship with company

Geographical information

Relationship with other carriers
Part of a dealership or network

Apprai

sal information

Labor

= |Labor Rates

=  Types of Labor
=  Labor Hours

Parts

=  Amount

= Type and frequency
= Repair/replace rules

Total Loss Miscellaneous

=  Threshold Amount = Repair guidellines
= Vehicle Valuation =  Betterment

=  Prior Damage = Mileage

Accident Profile Characteristics

S

Vehicle
. Make
- Model
. Year
- ACV

Driver

- Age

. Sex

- Prior claims
- Violations

J/ Accident Type

. Comprehensive

- Low vs. high impact

- Single-car vs. multiple

. $ size of damage claim
relative to medical clair

/l/PoIicy and Receivable

Information
. Limits
. Deductible
- Vehicle new to policy
- Premium current?
. Payment basis?
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Model calibration can be done with a small number of reinspection results, from which the
model will continue to learn over time

Model Calibration Process

100%
90%

Correlation of 80%

estimates 705
processed in 0
mtermedla_\te 60%
models with

those processed  50%

in the final 40%
model

30%

20%

10%

0%

Step 1:

Step 2:

Population Learning Performance Learning*

This calibrates model
input nodes, using
estimates without re-
inspection data

45352
estimates
(none of them
reinspected)
were used to
calibrate the
input nodes

This step uses re-inspection
data to calibrate relationships
between variables

0
94.30% 100%

68.30%

82 In-house Physical 391 Outsourced Physical 11608 Desk Reviews
Reinspections Reinspections

* Performance Learning relies on an iterative optimization algorithm called “Expectation Maximization”, or EM. This
algorithm maximizes the likelihood that the data used was generated by the model in question, each iteration
modifies the conditional probability tables in the model to increase the likelihood that the model would generate the dataset.

Source: PA’s Experience with model calibration
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Once the model is calibrated, it is used to calculate a probability of overwriting for all
the claims processed by the system.

Distribution of probabilities for historical

Di i
estimates generated by the predictive model sguised

0.00 0.25 0.50 0.75 1.00

Low Probability High Probability
of Overwriting 28% Mean of Overwriting
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Using the model probabilities, reinspection hit rates on assigned claims — both field
and desk — is substantially greater.

Desk Reviews Disguised
(average prob.: 42%)

Allocation of Capacity to Model
Recommendations

Both Desk and Field

The shaded area includes

the top % of all estimates

that can be reinspected by

projected capacity Field Reinspections

(average prob.: 65%)

/
A r

0.41 0.47 0.54 1.00

Claims allocation is based on company’s reinspection capacity
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Hit Rate

The actual field hit rate closely matches the model generated probabilities.

CPMS results Disguised client example

100%:

0%

20%

0%

G0%

S50%

AD0%

0%

20%

10%

a0 a1 0.2 0.3 0.4 0.5 0.6 0.7 o.a 0.8 1.0
Probability Buckets
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A single system architecture which is necessary to enable the multiple data inputs for the
models.

Data Inputs for Predictive Models lllustrative

all] |
Pl

ﬁ

Reinspection

B
I

Repair
Facility

C
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This single system architecture allows for a robust system that, while fully integrated, has a
focused purpose.

Solution System Active Server Pages
Architecture Overview

User Tasks e Administration Management
Management Reporting

N A / il

CMS Daily Extracts

5
Data Interface and
] Mapping Tool

Estimate Data

Model/CIairi Database

Model
Interface

External Data

Model
Engine

The model is part of an integrated IT solution required for daily analysis of claims and dispatch of reinspectors.
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Included with our solution is a user interface that allows management of both the model
and the information needed to achieve the benefits expected from your reinspection
process....

¥plorer provided

File Edit Yiew Favortes Tools Help _Linkg ”I

BXEE:QT,TH Claims Predictive home | contact us
Modeling System

Home Dashboard Management Reporting Model Management User Tasks Administration

] - L R

i Welcome to the; s iClaims Predictive Modelmg S'y'stem!

The Pa Claimz Predictive Modeling System (CPME) iz a sophisticated system that uses a Bayesian Model
Frocessing Engine to determine the probability that a padicular estimate is ovenwritten. These findings are

presented as reinspection recommend ations, made available for assignment by the CPMS dispatcher to either
field ar MDS peonnel,

This site is dasigned to manage and raperd on the CPME, It has the following funclional areas:
Deshbosrd Contains a quick snapshot of the 4 Claims Reinspection Process.
hian i i Frovides four datailed reinspedion reports,

Enables warious aspects of the Bavesian Model to be managed by the Bodel

hodel Manage ment
Manager.

Frovides CPMS users the ability to pedform varnous dayto-day tasks, These include

User Tasks wiewing recommedations, dispatching reinspections and enterng reinspaction
findings,
Fudmnini stration Frovides the ability to manage CPME users and system configurations.

" Nota: Soma areas within the CPMS are controlled by pemissions. Usars must be explioitly dafined to have
access to these areas in order to use them.

Walll || FH

dashboard management user tashks

Claims Mews
Stay tuned for claims nawesil]

|#:'| [ |E5 Lacal intranet o

© PA Knowledge Limited 2003 -




...Including standard and customized management reporting...

-’3 Aeporting - Microsoft Internet Explorer provided: & @ 0
|_, File Edit Wew Favoites Tools Hep

home | contact us
Consulting

Group

Claims Predictive
Modeling System

Home Dashboard Management Reporting Model Managernent User Tasks Administration

Management Reporting

Total Reinspection Variance
High lewvel repor showing the total warlanee identified for the selecled time petod. This Includes a compaison bebween nof-madel delwan einpections and madal deven reinspestions, aswell as
negative suppleament amounts for the reinspections comparing model driven and non-model driven.

Detailed Line ltems

Average Variance ldentified

High lavel report showing the average variance identified on reinspected esfimates for the selacted time pesiod, This includes a comparison of average varanos and negalive supplemants by office

Detailed Line ltems

Reinspected Estimates By Appraiser
High lavel report showing the numbaer of reinsp ected estimates by appralser group. This repont includes a comparizon babueen moedel diiven and non-model diivan reinspactions as weell aswhich ones
pesulted in savings for] |77

Detailed Line ltems

Reinspected Estimates By Office

High lewvel report showing the number of reinsp ected estimates by office. This report indudes a comparizon between model driven and non-model diven reinsp ections as weell aswihich ones resulted in
savings foi ]

Detailed Line ltems

|&] Daore : [E5) Local intranet
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...at the Appraiser, Office and Region level, including individual reinspection details.
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Today’s Agenda

» Defining the opportunity

» Approach to Auto Physical Damage claims leakage reduction
* Modeling methodology

» Technical Design

» Typical Process

» Appendix: Application to Bodily Injury Claims
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Timing

Key
Activities

A preliminary workplan for the Optimizing Reinspections effort would be divided into 3 phases:
planning, detailed design, and pilot launch.

Phase 1

Planning

2 — 3 Weeks

Optimizing Reinspection Process: Auto
Physical Damage Claims

Phase 2

Solution Design

9 —11 Weeks

Phase 3

Pilot Implementation

TBD

llustrative

Identify pilot market/unit
Understand availability of data

Review sources of data, for historical
and ongoing data

Obtain historical claim data
Begin analyzing claim data
Lay out detailed claims process

Understand relevant technology
infrastructure, and identify links to be
created
Develop high-level predictive modeling
plan
Develop preliminary reporting
requirements
Develop resource requirements

- People, costs, systems
Report to management

= Design database for pilot market/unit

= Design, secure and ‘clean’ data (e.g.,
identify and correct for missing variables
and outliers)

= Develop process and technology for
collecting ongoing data into model

= Create process for using model results in
decision-making (e.g., for determining
when to re-inspect)

= Develop training program

= Design reinspection process around model
= Create technology plan

= Define pilot implementation team

= Design first generation model

= Design key management reports

= |dentify key success metrics

= Perform user testing

= Report to management

= Implement revised

reinspection process

Ensure complete
model inclusion in
decision-making
process for claims
Identify and articulate
key learnings from
model results

Chart progress against
objectives

Develop rollout plan for
rest of the organization

Rollout
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Integrating the models into the claims process begins with a detailed understanding of the
claims process in the organization.

Overview of Generic Claims Process lllustrative Only
(and Potential Areas of Improvement)
Automobile BI

|:| Process or Activity

Enizie Dela - File augmented with
— Claims System additional policy data <> Decision Point
from claims system === Potential Opportunity

- Coverage confirmed

Claimant Decision made
“Fast Track based on
Units” experience and Based on likely case
judgment size/complexity
¢ SIU Unit
0 Early Bl

Notice of N oo% Unit Manager in f\ Y “Wiz)z;rd"

claim sent —p| Regional Claims Office Y.

via fax - Make early
settlement
offer

Customer Litigation
Service Management
Makes Fast N
Track Data for decisions 7 PN \\Rep Category Seniors: over $25,000
Decisions Cost from y 82%

Containment
(BI claims)

llaims mgt. syste CR2: up to $25,000

© PA Knowledge Limited 2003 - 39




Overview of Generic Claims Process (continued) Nustrative

(and Potential Areas of Improvement)
Automobile BI

Reps with leakage targeted for I:I Process or Activity

remedial efforts, but case Decision Poi
assignment not altered <> ecision Point

=== Potential Opportunity

Rep assigns
reserve estimate

Reviews findings,
makes
recommendations

L /
—» Rep 2 /\

21 day initial review
cycle regardless of claim
characteristics, followed

by 30 + 30+ 60...

Negotiation

14

May be reassigned
to another unit or
litigation specialist

Decision made based
on workload

© PA Knowledge Limited 2003 - 40




There are at least four areas of potential model application and integration into the Bl claims

process.

A. Early Triage

Assignment o

Claim to
Appropriate
“Track”

SIU

» Early Bl

— Regular Bl

B. Rep Assignment

N
. Sue
/ — « Pete
Claim to N
\ /.
Appropriate Mary
Rep ’ . Joe

C. Investigation and Evaluation

Key

Overpayment
Drivers

Inves. > Eva>

- What to
investigate

. Settlement offer
range

- Manager Review

D. Determination of Offer

A
$ High [&—

Typical ¢ Most
Settlement <4—— Appropriate
Range <4—— Offer

$ Low v<—
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A. Early Triage

A probabilistic model is used at the early stages of the claim to determine likelihood of early
closing, enhancing Early Bl decision process

New BI Claim
entered

Information

available at FNOL:

Policy information

Preliminary accident

description
Representation
Legal precedents

Evaluation using
probabilistic model

|:| Process or Activity

Q Decision Point

=—— Model evaluation

Maybe
J y

Propose
settlement/CWP

!

Information gathering/ Case
documentation

Additional information
gathered about claim:

Witnesses
Police Report

Detailed accident
description

Medical records
Fault determination
Negotiation approach

Accepted?

Close claim

Probability of
Early

v

Regular BI

, > Claim

Management
DN\ Continue
ves }7 documentation and
investigation
Negotiation
Propose A
settlement/CWP Litigation
Accepted? »_ |
No
Yes

Window of opportunity for Early Bl
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A. Early Triage — Cont.
Data inputs are combined to determine the likelihood of closing as more information is collected

lllustrative
Geographical _Factors
Favorable SO0 .
CTiTH] Seﬁlemerit?'-:‘.egue ‘_'_'_/_'_'_'_'_,_/—'_'_’ Unfaworable 5IZI.|J= :
I - T - —
100 to 500 197 Elalmant_lihaaar:cterlstllcls
500 ta 1000 30.8 B 33'3 288
1000 to 10000 15.4 & 333 i
10000 to 20000  11.5 : L : P :
20000 tg 50000 7.60 Qual|t].r_0‘f_EIa|rn_Dncumentat|lnrlu
»= 50000 385 h?wh %33: 0
igl .

Witnesses
True ED.D:E
Falze 40.0 Dol
Strength_of _Case .///
Low 34.3ni.i Police_Report
High 687 ; \Tme ?s.n:-u-n
Falze 22.0pm @ :

Early_Closing_Mecepted
true 431 P f— Ease_Ready_fc\r_Early_Elnsn? Frecedents_In_5State
false 51.0 — i 543# : Faworable GO0 :
falze 45.8 P Unfavorable 400 T
‘Wehicle_Darnage
hnimal 333 i
Substantial 333l i
TL 333 i
Injury_Type

A3 i
B 333 :
Mtorney_Influence Cooaaa 8

Strong 59.3:5 - 0 itorney_Track_Record

Weak 407 Successful A0.0 H
Unsuccessful 500 :

As more information becomes

available, the model recalculates the Htarney_Characteristics
likelihood that the case will close ” gggE
C !

early, either through settlement or
through CWP
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