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PVOTOr Perish

Enterprises around the world are facing a “perfect storm” of change.

— Is the enterprise of the Profitablfz growth

past century still fit for 21st Century Enterprise
purpose in this

century? . :
y Inflection point

— What does it take to be
a 21st Century 1
Enterprise amidst these

changes? * .

— How will today’s leaders
transform their
business models,
organisational
structures and
operations to thrive

today and in the future? > Time
Today

20th Century Enterprise

m 2018 KPMG, an Irish partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative, a Swiss entity. All rights reserved



Jala drven customer Service..

A 21st Century Enterprise unlocks value from non-traditional assets such as Data, to drive decisions and
efficiencies in companies’ front and back offices, and APIs to collect and deploy data.
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FVerytning-as-a-Senvice

Organisations have been analysing the impact on their business, chosen a strategy, defined requirements, designed

and implemented solutions and be able to demonstrate ongoing compliance...but what next?

As-a-Service Economy

53 percent of senior vice presidents and above see the ‘As-a-Service
economy’ as critical or absolutely critical for their organisation, per a
survey conducted in partnership with Accenture.

Digital Twins

By 2020, digital twins for industrial equipment will drive 25 percent
reallocation of end-user spend from “procure and maintain” to “service”
models provided by manufacturers.

Gartner

Manufacturing
o By 2018, 40 percent of top 100 discrete manufacturers and 20 percent
40% of top 100 process manufacturers will provide Product-as-a-Service

platforms

l



lechnical q Greativity Sl Reaurred?

Industry Profile

Financial Services & Investors

Skills Forecast

Skills Change, Overall Industry

2020

Social skills

Cognitive abilities

Process skills

Resource management skils
Systems skills

Content skills

Technical skills

Complex problem solving skills

Physical abilities

1
3 10 15 20 25
W growing skills demand W stable skills demand declining skills demand

=

Emerging Job Family in Focus: Comp athematical

Occupations Key skills for 2020 Skills family

A0

Change Management and Future Workforce Planning

Barriers

Insufficient understanding of disruptive changes
Workforce strategy not aligned to innovation strategy ...

Pressure from shareholders, short-term profitability

Information Security Analysts Complex Problem Solving Skills
Technical Skills
Cognitive Abilities

Process Skills

Complex Problem Soivil
Database and Network Professionals Programming
Data Analysts Logical Reasoning
Critical Thinking
Cognitive Abilities

Resource constraints 43%
Insufficient priority by top management 27%
Insufficient pricrity by line management 2%
Strategies

Irvest in reskilling current employees 67%

Support mobility and job rotation 47%

Target female talent
Attract foreign talent 23%

Offer apprenticeships
Collaborate, educational institutions
Collaborate, other companies across industries

Don't know 17%

67%
believe future
workforce planning
is a leadership

priority

53%
are confident
strategies are

suitable



ISLCentury Enterprse architecture
® wom, @ o, @) e @) s

Security

Interface /
Application
Layer

Autom
Vehicles

Smart Engine
Layer

Employees,
Gig Workers, Bots

Data Layer Operations, Equipment Suppliers, Partners

Infrastructure

Blockchain
Layer
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RUIES O engagement..

A Model for Types and Levels of Human Interaction
with Automation
Raja Parasuraman, Thomas B. Sheridan, Fellow, JEEE. and Christopher D. Wickens
HIGH 10 The computer decides everything, acts autonomously, ignoring the human.

&, informs the human only if it, the computer, decides to
B. informs the human only if asked, or
7. executes automatically, then necessarily informs the human, and
&, allows the human a resiricted Hme b veto before aubomatic execution, or
5. executes that suggestion if the human approves, or
4. suggests one alternative
3. narrows the selection down to a few, or

2 The eomputer offers a complete set of decision/action alternatives, or

‘ Lo L. The computer offers no assistance: human must take all decisions and actions.

m © 2018 KPMG, an Irish partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative, a Swiss entity. All rights reserved.
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What are
therisks?

Do you know what Al is in place in your organisation?
Have you thought about how you might audit Al?

What about regulations...GDPR...the right to understand an
automated decision

How do you avoid entanglement and bias?
e Augment workforce or replace
e Artificial stupidity...

Hype over promise and under dellver
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Innovation Governance and Process

p ~ Individual Innovation Cycle (4 — 12 weeks) —
Empathize & Startup Value Proposition
Understand Scouting Development ;®
: %4
50 26 yo s/
(S
Problem e e e !
Statement Pitch
H -h Sol I
ypothesis olution Devel
Formulation Shortlisting evelop
prototype

m Leadership )ar Budget he

upon successful pitch

Awareness
Training and

engagement

Collaboration
Mechanism &

Strategy

Metrics 10



Milennial attitudes - How accurate are they?

|
ALWAYS CONNECTED

EXPLORE & EXPERIMENT DECOMPLEXIFIED
g PERSONAIIZED
I

SHARE OPINIONS -

"‘S""S““"‘ ! TODAY'S BANKING CUSTOMERS |

"\ . 4
Y i > HAVE NEW AND DIFFERENT A

§  MESSAGING VS TALKING |, . EXPECTATIONS _
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J0bs 10 be Dong Amaong Gonsumer Segments:

* Young professionals without children
» Parents with young children

e Empty nesters

* Entrepreneurs or start-ups
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Canada:

KPMG 2
Technology ﬁ | &‘?
,\}" .

Innovation
Center

Innovation
Factory

Unlted States:
KPMG TechnologyInnovation
Center

« Innovation Factory

« Ignition Centres
WeWork Labs

10set - We Leverage our Global networ
0 ENSUre Leading Outcomes

Unltedegdom Neti?}?‘:ﬂigg%nFacmry Russia:
gzrl\‘ltlngechnologyInnovatlon +  KPMG Innovative Startups . KPMGT.et:hnoIogy
+  KPMG Centre for Advanced + InnovationLab InnovationGenter
Business Analytics Germany:
= Chelsea Apps Factory * KPMG Technology
C2FO InnovationCenter Chlna
+ Insights Centre KPMG Technology Innovation
+ InnovationL, Center
+« KPMG Innovative Startups
Program

« Insights Centre

52Ds \

Y

Singapore:

+ KPMG Technology
InnovationGenter

+ innovationventures.io

+ Digitalvillage.asia

Australia:
+« KPMG TechnologyInnovation
Center
Israel: : g{;;atesi
+ KPMG India:
Technology . KPMG Legend

InnovationCenter Global network

Localised programmes

Technology
InnovationCenter

Fin/Insurtech innovation is evolving in unique ways in many different geographies as a result of their unique skills bases, innovation
centers, government priorities and collaborations. Leading companies often have a presence in key fintech ecosystems in order to

stay on top of signals of change and to help identify potential partners from outside their local jurisdictions. For example, Canada’s
CIBC, the National Australia Bank and Bank Leumi of Israel have formed an alliance in order to leverage joint innovation to improve
the customer experience for all three banks. CIBC and the National Australia Bank have also partnered on a blockchain project.

© 2018 KPMG, an Irish partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative, a Swiss entity. All rights reserved.
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Governance model of the collaboration
Aﬂ[j F O| | | he 8 _UD PU\/ Jolnt venture (21%)
. or eguity Investment (10%)

The path to successful collaboration

Custemer — supplier (24%)

| nr‘pnqir-r_;
agreament (19%)

Aresearch Into successiul startup and corporate collaberation. Beth parties need
each other to innavate and scale, but on the journey te success there are many Thumbrules
things that can go wrong, Sample size: 137 startups {comparies younger than five
year with a strong focus on building a scalable business).

Why collaborate? How to enter? What are roadblocks?

° Access lo the markel (65%) o- Come prepared and know /e

probiem you will be saly
e Capital / Funding (54%)

Stow decislon making and red
tape

e Use your Invester nefvork 1o Luiture iash
Sales network [ economies get introductions atfhe rghl level

at scale (S4%)

Speed up forces at
the corporate side

The difficulty in finding the right

e Go to the preferred supplier person thal actually needs the
of tha large organizy product and has budget

Establish a clear entry point, have a
process in place to deal with startups

Have a budget ready for pilots fd
experiments

o0 e

Alliance manager: Somege
te help the startup ternavigate internally
startup

@ Funding: at least 58% is lunded o Company age: 2 years

o Startup-phase: 848% is ® Team: 8 full time employees with a total
maket-ready, 24% is readly to scale of 23 years sales and business experl-
up and 4% is already beyond ‘ence and 28 years technical experience

scaling {eg. saftware develapment)



-Merging technology - lustrative packages

The emergence of new technology, coupled with enhanced computing power, has the
potential to radically disrupt this historic approach.

(Omputing power Nas Increased
Significantly over time

Data preparation @
N
IVE

We have seen a

in computer
processing capabilities over
the past (1)

Cognitive — ()SaS @ Today’s smartphone has more computing

machine learning

THE POWEFTO KHOW, power than the Apollo 11 Guidance Computer

+'+‘+ ] @
+ 4+
Visualization E Q I I k @
+ableau

Robotic process AUTOMATION &
automation AAWEEEE b|Uep|’I8m

Source: WExperts Exchange, “Processing Power Compared”
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Source: @Frost & Sullivan, “Addressing Mobile Cybersecurity”

1
5
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pI0CKCNan [ransaction - How It WO(KS

o

Entity A wants to send value, Entity A’s request is Each node verifies the transaction
e.g. a Bitcoin, to Entity B, broadcast to every User using blockchain algorithms
and creates a request (node) across the entire
network

BLOCK 780 BLOCK 781 BLOCK 782

Immutable and Unforgeable

Entity A’s transaction is complete and The new block is added to the ledger and  Once verified the transaction is combined
Entity B is now the owner of that Bitcoin s replicated on all nodes across the entire with other verified transactions into a

network block of data for inclusion in the ledger
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HOW [0 {rain'your chat bot.

o.'f)'?o —Define outcomes / intent (what services should the chatbot cover?)
o

—Collect corpus of knowledge (e.g. real demand from customers and

responses)
—Train the chatbot using the training set
—Develop the dialogue
—Review errors and refine training
—Use the trained chatbot with alpha / beta community
=1

—Continue to train with additional utterance

—Add new outcomes / intents over time

18



Whatrealy IS Al

input layer

hidden layer

output layer

19



What really IS Al-con

Biometrics

]

® .
x 2 K 5
-OF -
output layer

input layer

hidden layer
ID&V

ACL Centre example?

Voice to Text

output layer
input layer

hidden layer

What words did they say?

Text to Intent

How to respond?

!
—
x
X —> S w: ¥
—
3

output layer
input layer
hidden layer

What do they want?

What else did | detect?

output layer

input layer

hidden layer
* Emotions
e Fraud

e Opportunity

20



RPA - RBSEVINg as pa

pacer claim play

Robotic process automation has the ability to improve operational efficiencies across
the entire claims operation. The reserving process is particularly ripe for automation.

First Notice of
Loss

Duplicate
FNOL
Identification

Number
Generatio
D

Case Creation Segmentation

Collect
Informatio
n

Additional
Informatio

Identify Score and
Policy Segment

Verify Basic
Policy
Information

Validate and
Register
Claim

Generate
Claim
Number

Process
Automation

CLASS 3:
Autonomic
/Cognitive

Legend:
CLASS 1: Basic

CLASS 2:
Enhanced Process
Automation

Limited RPA
opportunities or
not enough

Assignment

Assign
Handling
Office

Assign
Superviso

Assign
Claim
Adjuster

Notificatio
n to

Litigation
Management

Investigation Evaluation Reserving Payment

Verify Analyze Cross

Policy Informatio Pf;ztaafe ND[IfI(ia[IDn of Ve
Details n Legal Matter 7

Complete Claim

Evaluation Aggregate

Verify Creation of Verify Claim

Data i
Coverage Report Legal Matter Details
Apfrf_ggzl Review Square AssflgLn melnt Verify
PP Claims Triangle Oeeo2 Reserves
s Matter

Set /
Allocate
Reserves

CIMYASIEWEINENS

2. DTS Bl / Medical

Audit

Creation Verify Policy
of Budget Limits

Bureau Scene
Investigation

Determine Update Review of
Liability Reserves Invoice

ReV|'ew Assess Analysis / Payment
Claim ; Approvals
History Recovery Trends of Invoice

Finance to
Process and
Issue Payment

Duplicate

Closing of
Legal Matter

Document
Insights

Calcu]ate Corrective Fraud
Claim A
Action Management
Value
Se;:onda}ry Eraud Issue
nvestigation Check
Research

Scene Inform
Investigation Customer

Refer to e

Litigation Liuostion
Adjust for
Recovery

Refer to
Investigator

Detect /
Manage
Fraud

Validate
Recipients

Negotiatio

Approval /

Decision

Recovery

Reinsurance
Recovery

Subrogation

Salvage

Claim Closure

Updating Policy

Payment Check Records w/ Claim

History

Closing the
Claim

1Ne path to cognitive automation

Class 1: Basic
process automation

¥

Learning

H

Class 2: Enhanced
process automation

¥

Reasoning

Class 3: Cognitive
automation

© 2018 KPMG, an Irish partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative, a Swiss entity. All rights reserved.
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NON [ITe CIaim reserving - decades ot (he Same approach

How reserves are established has changed little over the last century.

1850 1900
I I

1950
|

2000

2018

1800's

— New York Insurance
Law requires sufficient
general reserves to pay
all claims.

1934

— Tarbell paper in CAS
Proceedings outlines a
method of calculating
one year runoff of pure
IBNR, to add to case
basis reserves.

1972

— Remarking how little
has changed in
reserving since 1934,
Bornhuetter and
Ferguson lay out
methods of loss
development, and the
BF method that still
underpins reserving
techniques today.

— These are designed
around batch computer
printout reports, and
green paper
spreadsheets.

—

1990’s

— Automated software
tools are developed,
such as ReservePro
and ResQ that
incorporate the 1972
methods.

— Advances like statistical
ranges are introduced.

1980’s

— Electronic spreadsheets
like Visicalc, and later
Excel, are adapted to
calculate the 1972
methodologies,
replacing the paper
greensheets.

2000’s

— Modern version of SAS,
R introduced -
computing power

increases exponentially.

— Visualization tools such
as Qlik and Tableau
introduced.

— Later, tools such as
Hive and Hadoop
empower “big data”
techniques, and RPA is
introduced - these are
little used in loss
reserving.

2018

Reserve
modernization
using detailed
data, new
tools, and
computing
power
becomes
practical.
While GLM
and MCMC
methods have
been
developed,
they are not
widely in use.

24



Fmerging technology - llustrative packages  ICHEERSERAEES

Significantly over time

The emergence of new technology, coupled with enhanced computing power, has the
potential to radically disrupt this historic approach.

Data preparation @
AY
~HIVE

We have seen a

in computer
processing capabilities over the

past (1)

Cognitive — <>SaS @ Today’s smartphone has more computing

machine learning

THE POWER TO KNOW. power than the Apollo 11 Guidance Computer

+ - ©
* Qlik@
eau

Robotic process AUTOMATION ®
automation AAWHERE blueprlsm

Go be great.

Visualization

Source: MExperts Exchange, “Processing Power Compared”
Source: @Frost & Sullivan, “Addressing Mobile Cybersecurity”

m © 2018 KPMG, an Irish partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative (“KPMG Internatior
Ireland




RESENVE Modermnization - movement aiong the maturnity curve

Reserve capabilities will mature through a combination of advances in both data and cognetics.
A

Transaction-level
& unstructured
Long-term

— Full reserve methods
— Claim-level reserves

/

Claim & Near-term

policy-level — New reserving methods
— Detailed data

Based on
existing
Aggregated — Automation
Current
Method
A
Data
— >
RERREE > Rules Decision Machine learning &
Cognetics based modeling artificial intelligence

m © 2018 KPMG, an Irish partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative (“KPMG International”), a Swiss entity. All rights reserved. Printed in
reland



Jptmisation

Manual Analysis: _ .
e Review data architecture and

process flow

: : e |dentify areas for efficiency

gains:
Manually check data Prepare analysis, Compile reporting _ .
and reports. Apply charts and and submit for review StEp reduction
manual adjustments narrative .
‘ — Automation
) N | — Collaboration and reporting
Additional
Optimised Process: time for e Control
Fecdback Insight
eeanac . . .
€ mmm e e e mm — Strategic validation

— Review, challenge and feedback
@ - — Continuous improvement

Bot reviews data and flags User Reviews findings
any errors and makes and adds additional
recommendations analysis.



Automation - non-ife reserving exampie

Streamline a manual reserving process
in 10 weeks:

e 8 of the 18 high-level manual tasks
automated in the analysis process.

e automated 18% of analyst effort in
analysis

e We also identified process re-
engineering opportunities (incl. RPA)

Expected to reduce analyst effort

approximately 50%
—) Task executed by an RPA bot
|-| with analyst interaction for
Al exception handling only

reland

KPmG

© 2018 KPMG, an Irish partnership and a member firrr

---------------- >
(—] —] (—] — (—]
m— — N — W — — W — — — —>
J VY il I VY Al J VY

Task | Create folder ~ Reconcile Pull large loss Pull rate data  Pull trend Replicate  Review prior Selection of  Calculate
structure and  input data data data reports  study memos parameters impact from
copy prior parameter

analysis files selection

Analysis
Share Software; Large loss  SharePoint; Various Analysis Share Analysis Analysis
Tool(s) | folder Excel pivot system Excel reports Software folder Software Software
tables
— — (—
—> —> —> —> —> |.| —> |.| —> —> —> |.|
Al J ¥ J ¥
Select a Calculate Ad-Hoc Produce  compile PDF Peerreview Peer review Manager Update booked
Task | method selection analysis memo, outputs data checks  judgment review estimates in
impact checklist, checks financial system
etc.
Tool Analysis Analysis Analysis Word, Acrobat Share folder Share folder Share folder Share folder;
oolfs) | Software Software Software Excel Excel
1 of the KPMG network of independent member firms affiliated with KPMG International Cooperative (“KPMG International”), a Swiss entity. All rights reserved. Printed in
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\NEX[ generation development - non ife reserving example

Traditional methods

Existing chain-ladder and reserving
techniques link development factors to
development period

Machine Learning Methods

At an triangle level, we can
include more information to
compare

Build towards a more granular
approach

Traditional experience only
projection

Projection based on non-
linear relationships and
exposure data

29



. Weight in
. . Predictor Data Model
'\ Accident Year 5%
: Development Lag 4%
_ A \ Premium 5%
<
First Dev Paid LR 3%
Machine Learning approach First Dev Incurred LR 8%
. . . . j First Dev Paid To Incurred 7%
e Machine learning techniques can be employed to provide a more _
detailed analysis. ) Inc LDF Mean 0%
. . / Incurred LDF min 4%
*  Foran aggregate triangle, this means
Incurred LDF max 9%
*  More predictive factors can be included in the analysis U -
i
* The patternis estimated separately for each accident year Average NCB 5%
. . . : - , A Veh Val 5%
*  Projected triangles can be validated against existing methods i/ verage Ten e :
. Paid LDF min 4%
Paid LDF max 4%
."\_ Paid LDF mean 5%
H H . First Year, . . Avg.
Policy-Level Reserving Accident | ooium| paid/ |AY9; Driver|Ava. Driverly el g 2 3 | a4 | s 6 | 7 8 | 9 | 10
Year Age NCD
Incurred Value
e The same methods can be employed to 1988 08,658 20% 28.7(¢ 264 2.35] 96,661| 91,122 94,748 | 95847 | 92,518 89,087 | 87,827 | 86,727 | 89,541 93,263
reserve on a policy-by-policy basis 1989 99,860 21% 28.94 3.01 2,664] 102:387| 105,727| 105,101 103,817 101,737 97,331| 95,841| 94,602 | 94,168 0.9
e using features of individual policy and 1990 115,330 18% 29.64 3.10 2,728 114,563| 120,860 116,530 115167 112,542| 108,505 | 105573| 104,558| 0.99 0.9
claims 1991 148,270 15% 30.63 322 2,742| 140,708| 135,980| 131,184 136,037 127,123| 122,509 | 119,437| 099 098 0.9
. Aggregate triangles can still be created, and 1992 180,31B 14% 30.94 3.33 3,571 167,166| 150,172| 152,042 | 147,005 | 142,620 | 135,698 0.94 10p 10t 1
compared against the new methods 1993 209,457  15% 31.1f 3.69 3,783 180,072 174,823| 182,437| 173562| 162.630| 09§ 09 10p 104§ 10
° Analysis tailored to the risk profile of each 1994 225,356 15% 31.211 3.89 4,11p 195,314 184,302| 184,126| 173,711 0.94 0.91 0.94 0.9 1.0 1.0
year 1995 266,022  14% 31.31 424 4,280| 221,355| 210,412 208,135 09 09§ 09§ 09 09§ 099 0.9
1996 308,206 16% 31.3] 450 4,539 244,749 | 239,482 10h 09§ 09 0.9 0.9¢ 108 104 10
1997 358,51l 17% 32.31 453 4,971 280,808 0.9 106 09§ 09 09 0.9 108 104 10

KkPME!
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Sheet1

																																																								Dev Lag		1		1		1		1		1

																														Chain ladder with Volume weighted all

				Accident Year		Premium		1		2		3		4		5		6		7		8		9		10				Accident Year		Premium		1		2		3		4		5		6		7		8		9		10				Accident Year		Premium		First Year Paid / Incurred		Avg. Driver Age		Avg. Driver NCD		Avg. Vehicle Value		1		2		3		4		5		6		7		8		9		10				Predictor		Weight in Data Model

				1988		ERROR:#VALUE!		96,661		91,122		94,748		95,847		92,518		89,087		87,827		86,727		89,541		93,263				1988		ERROR:#VALUE!		96,661		91,122		94,748		95,847		92,518		89,087		87,827		86,727		89,541		93,263				1988		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		96,661		91,122		94,748		95,847		92,518		89,087		87,827		86,727		89,541		93,263				Accident Year		5%

				1989		ERROR:#VALUE!		102,387		105,727		105,101		103,817		101,737		97,331		95,841		94,602		94,168						1989		ERROR:#VALUE!		102,387		105,727		105,101		103,817		101,737		97,331		95,841		94,602		94,168		1.04				1989		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		102,387		105,727		105,101		103,817		101,737		97,331		95,841		94,602		94,168		0.99				Development Lag		4%

				1990		ERROR:#VALUE!		114,563		120,860		116,530		115,167		112,542		108,505		105,573		104,558								1990		ERROR:#VALUE!		114,563		120,860		116,530		115,167		112,542		108,505		105,573		104,558		1.01		1.04				1990		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		114,563		120,860		116,530		115,167		112,542		108,505		105,573		104,558		0.98		0.98				Premium		5%

				1991		ERROR:#VALUE!		140,708		135,980		131,180		136,037		127,123		122,509		119,437										1991		ERROR:#VALUE!		140,708		135,980		131,180		136,037		127,123		122,509		119,437		0.99		1.01		1.04				1991		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		140,708		135,980		131,180		136,037		127,123		122,509		119,437		0.99		0.98		0.98				First Dev Paid LR		3%

				1992		ERROR:#VALUE!		167,166		150,172		152,042		147,005		142,620		135,698												1992		ERROR:#VALUE!		167,166		150,172		152,042		147,005		142,620		135,698		0.98		0.99		1.01		1.04				1992		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		167,166		150,172		152,042		147,005		142,620		135,698		0.96		1.00		1.01		1.01				First Dev Incurred LR		8%

				1993		ERROR:#VALUE!		180,072		174,823		182,437		173,562		162,630														1993		ERROR:#VALUE!		180,072		174,823		182,437		173,562		162,630		0.96		0.98		0.99		1.01		1.04				1993		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		180,072		174,823		182,437		173,562		162,630		0.95		0.95		1.02		1.04		1.04				First Dev Paid To Incurred		7%

				1994		ERROR:#VALUE!		195,314		184,302		184,126		173,711																1994		ERROR:#VALUE!		195,314		184,302		184,126		173,711		0.96		0.96		0.98		0.99		1.01		1.04				1994		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		195,314		184,302		184,126		173,711		0.94		0.95		0.94		0.98		1.00		1.00				Inc LDF Mean		28%

				1995		ERROR:#VALUE!		221,355		210,412		208,135																		1995		ERROR:#VALUE!		221,355		210,412		208,135		0.98		0.96		0.96		0.98		0.99		1.01		1.04				1995		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		221,355		210,412		208,135		0.95		0.95		0.95		0.95		0.98		0.99		0.99				Incurred LDF min		4%

				1996		ERROR:#VALUE!		244,749		239,482																				1996		ERROR:#VALUE!		244,749		239,482		1.00		0.98		0.96		0.96		0.98		0.99		1.01		1.04				1996		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		244,749		239,482		1.04		0.96		0.98		0.98		0.96		1.03		1.04		1.04				Incurred LDF max		9%

				1997		ERROR:#VALUE!		280,808																						1997		ERROR:#VALUE!		280,808		0.96		1.00		0.98		0.96		0.96		0.98		0.99		1.01		1.04				1997		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		ERROR:#VALUE!		280,808		0.98		1.04		0.96		0.98		0.98		0.96		1.03		1.04		1.04				Average Driver Age		5%

																																																																																										Average NCB		5%

																														Volume All LDF						0.96		1.00		0.98		0.96		0.96		0.98		0.99		1.01		1.04				1989																														0.99				Average Veh Value		5%

																																																								1990																												0.98		0.98				Paid LDF min		4%

																																																								1991																										0.99		0.98		0.98				Paid LDF max		4%

																																																								1992																								0.96		1		1.01		1.01				Paid LDF mean		5%

																																																								1993																						0.95		0.95		1.02		1.04		1.04

																																																								1994																				0.94		0.95		0.94		0.98		1		1

																																																								1995																		0.95		0.95		0.95		0.95		0.98		0.99		0.99

																																																								1996																1.04		0.96		0.98		0.98		0.96		1.03		1.04		1.04

																																																								1997														0.98		1.04		0.96		0.98		0.98		0.96		1.03		1.04		1.04








Why IS Dala Science Important?

Machine learning is great as a theme, but why do we need it? Summarised Data
Reserve 1T

Iceberqg Analogy Triangles i

Looking to understand centuries of climate

change by profiling ice production

Triangle Reserving: Ice Axe Policy and

« Based on latest summarised data. Much
of the detail is lost but gives the latest
behaviour

«  Well understood analysis but only
scratches the surface

Machine Learning: lcemaster 3000

« Tools to drill down to capture a lower level
of data in the analysis

« Same objective but ML scales to handle
more factors and information to make the
predictions more accurate

- However, it require different tools to
evaluate results
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