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Machine Intelligence @Swiss Re (1/3)

Query Artificial-Intelligence Recognitior

Language Reasoning

. KnOWlEdge Semantic-Web
Learnin Kipedi "
Natural—Language—Procesgsmg C\:wvallkr‘ggtﬂra Graphs COgﬂ'tlon

Handwritten WWW XML Multiple -
Recommender Neural Computational Machine-Learning Artificial

ML Web Semantic Algorith
KerﬂE[ Constrains EBR 1
System Intelligence Unsupervised |nformat|on

Text Mining Method Data-Mining Mining
Neuroscience Clustering
Pattern

Case-Base Supervised
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NLP Planning

tormal knowledge representation ~ Artificial Intelligence
Information Extraction Information Retrieval
Approximate Bayesian inference  predictive models
Biomedical Imaging neural networks numerical modeling
Statistical machine learning Semi supervised learning
Multimedia processing compressive sensing  Probabilistic Modeling

) ) g Image analytics St
Cloud Computing 11-11 age analytic Patterl’l Recogthl
Image Processing Graph Mining Numerical Analysis
search log analysis Convex optimization C/C large scale data mining
Data Science Data Scientist Robotics Spam Filtering

quantitative imaging Pattern Classification Hadoop nonlinear dynamical systems
Social Computing Computational Vision Optimization
. o : £
data analytics Bioinformatics

artificial neural networks
Applied Machine Learning Recommender systems
mining content predictive analytics Vvideo analysis
Large scale learning Algorithms

:Olnputer ViSion Data Mll’ll\l’lg vprcdicli\'u modeling
g . Statistics
Machine Learning

spam detection

Augmented Reality

L‘Dll'lrllllllli()]l[ll ncuroscience
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Machine Intelligence @Swiss Re (2/3)

Machine Intelligence refers to the interplay between Artificial Intelligence, Machine Learning and

Cognitive Computing
Learn through interaction
with humans

Cognitive Machine
Identify patterns and
extrapolate for prediction

Computing Learning

Artificial
Intelligence

Use data & predictions to
reason about decision making

[
l These three disciplines are very broad and specific capabilities are not interchangeable
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Machine Intelligence @Swiss Re (3/3)

Balanced portfolio of projects between productive solutions, PoCs, feasibility checks for new requests and R&D activities

Active plans to Have R&D
deploy within adopted/in Early st 5% Productive
12 months, use today, arly stage Solution
11% 20%

25%

Piloting, 19%

No plans to
adopt within
next 12
months, 37%

Implementing
22%

Source: Gartner (March 2017), Jefferies

CONFERENCE

insurance

THE 42" ANNUAL fi: )
CANADIAN f :
REINSURANCE £ Y A




Use Cases (1/6)

U L&H Underwriting

Analytics
structure and highl'ight cocs

— SR Underwriters

@ swisske L&H UW Casa Manager

200.000

cases extractand pre-populate IBownstream Syslems.
|- o
8 million

Clients pages

make case mach ne rezozhle

Machine Learning

9 Text Analytics ' Machine Learning
= Optical character recognition to mako data machine readanlo . )
= |mage & layout processing o dentify relevant sections " Undersfcand co.ntext to detect impairments
= Section classification to identify relevant sub-documents and their severity .
= Named entity recognition and = Aulomnalically gergrale summaries

= polarity analysis tc derive context

rur‘rurF-d Information Enables Underwriting Decision
@ Supporl
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Use Cases (2/6)

O L&H Underwriting

Analytics
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What underwriters receive

Navigation

[P Cover Appiication

* (7 |APS (Attending Physician Statement)

P part m (Medical Examination)
I Laboratory Result
I Aps (Attending Physician Statement)

Follow-Up Wote

What we can do today

Read Forms

e Highlighting Searc

ce:

Follow-Up Note Find 2
s [Rrptiton =]
Breast fancer:

Previous Next

cc:
Evaluation'management/follow-up of breast cancer

HPL:

The patient is a pleasant 52 y/c female with hfo early stage breast cancer who comes in for a fiu appl. She has
nag iumpectomy and fagiation, now started on Arimidex. Her main complaints are hot fiashes.

Ailergias:

Codsine

Medications: (Reviswed)
inglude Arimidex.

Family History: (Reviewed/unchanged from previous visi)
tory: hanged from the previous visit)
is marrs-u as naver smoked. She drinks cccasionally. She consumes 1 dayiwesk.
feports the Tofowing support systems: Lives with spouse, significant other, family, or friends and Has a

Iving will of advenced directives. She does nol have any ha aicohol or tobacco abuse. She drinks occasional
wine. She is mamed. She is an office manager and lives with her hushand.

Past Medical History: (Reviewed)
Changed for her campletion of radiation

Review of Systems:

Constitutional Na favers, chills, night sweats, excessive fatigue or weight loss.

AliergicAmmunclogic Na reactions

Eyes Na significant visiiat difficuities. No diplopia.

= Neo problams with hearing, no sore throat, no sinus drainage.

Endocrine No giabstes, thyroid disease or hormone replacement. No hot flashas ar night
sweats,

Hematglogie/ilymphatic No easy bruising of bleeding. The patient denies any tendar or palpable lymph
nodes

Breasts Mild shingies R breast

Respiratory No dyspnea on exertion, chest pain, cough or hemoptysis

Cardiovascular No anginal chest pain, palpitations or orthopnea

Gastrointestinai

No nsussa, vomiting, diarrhea, GI biseding, or constipation. No change in bowel
habits, na heartburn or early satiety

MEDICAL EXAMINER'S REPORT
I comimrson, ed orring  pae. ot esploetion ko Insvarce s

What we are developing

Understand

Extract Values

Tick-Boxes

WESTER AND SOUTHERN UPEINSURAN 0.
T ESTER AN SOLTHER LFE ASSLAANCE (0

e

'hv Vnur

a. Disorder of eyes, ears, nosa of
b. Dizzinass, mmmhnm
a?m paralysis or

mvmhm plauisy, asthma, Ulll"b'!"'l

mm«:mwmummn o
d. Chest pain, palpitation, high bivod pressure, heumatic
fever, heart murmur, unan*mmrm:um

o Jaundice, intzstralbi bieading, ulcar, hemia, appendicitis,
colitis, diverticulitis, hemordwids, racurrant indigestion,
‘o othar dwsarder of tha stomach, intastinas, Ifver of

2. Hasthe hmﬂwmwmuum ‘ever had. Ya

EIYu%Nu
D\ﬁ MR ! o et e M Tl iy

taity history of 1 MMI&dmmm- high
hrmdp;mn heart or kidney diseasa, menta! iliness or

Awll

Afth | 54

mwwmmnmm:mm’

o:dent - AL

getibtaddar?
f. Supar, albumin, blood or pus in urina,
Mummwwdwgfmww hlddnr prostate,

g. Dimbates. thyroid or othar endocrine disorders?
h. Neuritis, sciftics, rheumatism. arthritis. gout, or
dnmnrhnulmmmhdu

i W:rm; [amenass or ampistation?
l Mdlm'ﬂmo(mnﬂwm
wnumuﬁwmm-um
!. ‘than above, has the Proposed Insured within the
pmSmrs

n Hada d\ldm consuhtation. illnass. injury, surgany? ....

amy tobacca pr

12.0ates of last menstrual period?

€
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Use Cases (3/6)

O Accident & Health
Cost Claims 5 billion physician
Forecasting consultations

1.7 billion drug
prescriptions

Medical History on
40 million insureds

Rising High Claims Costs

Hospital
admissions

= Strong Medical Inflation High Claims

= |ncrease in the frequency of i
q Yy Demographics Forecasting

catastrophic claims
[ ] From 2009 tO 201 3 Share Of \/
losses caused by the upper

[0)

§§02ftf)h§§f;£°'ees Qe s Big Data Machine &a Predictive

o . wa? Methods Learning Modelling
= Main drivers are specialty

drugs where costs can reach * Handle 2TB of data = Train model on medical history = Predict medical

USD 10m per year per » 5 vears of full medical and demographic data inflation

individual records of 40 million people = |dentify key drivers of claims * Predict high cost

claims
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Use Cases (4/6)

] Accident & Health

Cost Claims = \What is the medical inflation for the = Which key features have the highest = Ability to flag 67% of cases that will
Forecasting different demographics? forecasting power? exceed a certain threshold
= \What are high claims made of? = \What will the medical inflation rates be = 66% of flagged case do exceed the
= How much does a given treatment cost, next year? threshold
e.g. lung cancer? = How to get early warnings on new = | eading indicators for catastrophic claims
high-cost treatments? are cancers and kidney diseases
Normal Diabetic Patient High Claim Diabetic Patient Xard‘ac
Anti-Diabetic ° frest
Insulin Agents .
PS ° Vasodilation
° Skin . ° Agents o
Infection Diabetes °®
, |:> Gangrene e {
Diabeges Diabetes [ ]
® prigs ® Ulcerof )
Skin Coronary Myocardial
atherosclerosis infarction
Diagnosis ® Drugs

High cost (>USD 50k per year) diabetic patients are characterized by a high-leve/
of co-morbidities, including skin and cardio-vascular diagnoses.
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Use Cases (5/6)

(] Bank-insurance

Additional reliable and
high volume data
Bank source for UW

|I cash withdrawals ® Banks posses highly

Predictive Model

Clients standardized = Model predicts standard/
E transactional data substandard
card payments = Transactions could serve classification based on

as proxy of lifestyle Machine banking data
behavior of individuals Learnin = Underwriting data
9 enriched with lifestyle

@ predictors extracted from

$ .
banking transfers

Underwriting Data

O=

Anonymized data

$ Type of health benefit

Standard / sub-standard

= Contain gender, income,

smoker, age, etc
Contain historical UW
decisions on standard
vs. substandard L & H
risk classification
Medical examination data
must be ignored from
modelling

banking data

Shorten list of Q&A during
UW process

Indicate whether bank
client should be pre-
approved or a more
detailed UW process is
required

“M
s

risk pool
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Use Cases (6/6)

. Anonymized & aggregated transactions (last 3 years)
U Bank-insurance

Underwriting Decisions

Bank Description tNumbe;r &
Clients ransactions
Transactional data 38,073,298 Stan Drug Orthope Sports Health
id Age dard Stores | ... dic (3p949) Services
Bank to merchant 11,307,025 > | (5912) (3842) (8000)
transactions
e . cl12 34 Yes 1 0 10 0
Deposit W|t_hdraw 1,853,557
transactions
c23 45 No 4 2 0 3
Underwriting Data sl se - T wl x 1.1 x " »
SUBSTAMDARD_IND
L — 66 | 59 | .. | Yes X | .. X X X
" Death Emﬁls(ear:e”flillesi Disability Lifestyle behaviour proxy
Fully underwritten data (~33,000 cases) from transactions

(standard vs. substandard health risk classification)
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Machine Intelligence Platforms @SR

We provide three platforms for our productive solutions

= Smartautomation {claims’
processing, contract intelligence,
submissions” processing)

{\ ' ADAPT is a scalahle platform that uses
machine learning to automate
AJDAPT repetitive document processing tasks

;‘f' Insights Re is a document enrichment
w Dplatform powered by semantic search
A i

and Al capzbilities

* Document intelligence (classification,
summarisation, scarch)
« Information retrieval

Insights Re

= Predictive modelling using state-
of-the-art machine learning {e.qg.
Cala Robol)

enables ta rapidly deploy models and
visualizations

l:) !" Pythia is a scalable platfarm which
3t 1a
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Challenges and next steps

A potential cultural clash...

Statistical Science
2001, Vol. 16, No. 3, 199-231

Statistical Modeling: The Two Cultures

Leo Breiman

Abstract. There are two cultures in the use of statistical modeling to
reach conclusions from data. One assumes that the data are generated
by a given stochastic data model. The other uses algorithmic models and
treats the data mechanism as unknown. The statistical community has
been committed to the almost exclusive use of data models. This commit-
ment has led to irrelevant theory, questionable conclusions, and has kept
statisticians from working on a large range of interesting current prob-
lems. Algorithmic modeling, both in theory and practice, has developed
rapidly in fields outside statistics. It can be used both on large complex
data sets and as a more accurate and informative alternative to data
modeling on smaller data sets. If our goal as a field is to use data to
solve problems, then we need to move away from exclusive dependence
on data models and adopt a more diverse set of tools.
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Challenges and next steps

Different Machine Intelligence methods have different relevance depending on the amount and
type of data available for analysis

really big
data
big data We b
companies
i Swiss Re
in between ©
small data
Methodologies

Rules, ontologies,
causal/explanatory models
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About Expert System

« LARGEST EUROPEAN VENDOR
of Artificial Intelligence for Text Analytics with more than €30 M in turnover

 PUBLIC COMPANY (EXSY)
with offices and R&D labs in Europe and USA and 235 global employees

« PATENTED TECHNOLOGY

* The technology of choice FOR ENTERPRISES in all sectors and FOR
GOVERNMENTS

R . e




Expert System group highlights
COGITO’ E o <o

AMERICAN

CoaITo TECHNOLOGY IS SUBSIDIARIES: T_l(_)P 10AB|G DATA
TECHNOLOGY PATENTED IN THE EXPERT SYSTEM ; LE/):T NALYTSS
DEVELOPED UNITED STATES USA & EXPERT TFZOSII\AGS,

SYSTEM ENTERPRISE
2000 2011 016
2015 ‘

‘ 2014 ‘ 2015 2017
2006

LISTING ON THE 100% AcQUISITION MQ
CoaGITo IS ITALIAN AIM OF TEMIS GRrRouP INSIGHT
PFS&"L%EP?E'N EXCHANGE (FRENCH LEADER IN ENGINES
®
. TEXT ANALYTICS
Mitalia
LANGUAGES NW MIS SOLUTIONS) Ga rtneE
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Customers in Key Verticals
IIIEMEMMNEIIIIIIMMHHMHIII

LLOYD'S B oo parizas INTESA [1] SNNPAOLO 4 t:larfmm @ Wolters Kluwer @S AGE B Bloomberg e %

7 UniCredit @) Swiss Re ZUR'CH INGSDIRECT  LesEchos DOW JONES

. o McGRAW HILL : 0]
@ SERT, . 9K CaixaBank UIPOIRA coface™ WiLEY 0 FRAVCA!™" &) springertink GANNETT 5k

_ GRUPO a (5]
. W I = SUra> Sabadell ..;n aSIMIONI[g;:HUSTER & Thieme e AT ORE |
(geniajoyd S e X 3 Adesl CBC 1o Trinity Mirror plc
L UB><pnca A S Cartasi 7 ggﬁiizs g i Qﬂ-l)lﬂj( {ONDIE tf\sl ()pDeAGOSTINI
L k e marrre WDRGONAL BANGOBPM eV france Fe%.'sﬁ.'n?n')'e? @ MEDIASET  CORRIERE DELLA SERA

GOVERNMENT OTHERS

nav.‘mn : = EUR—POL MERRCK 4 E- endesa l."
Y2 | EONARDO g Eﬁq —— em l NOVhARTIS easTEr AN SANOFI Shf"
iSOQEI KA e ol w D ngeinein’ @ ) ToTtaL NALCO Ch"’:r:bfﬁ’:
e, o [EE| ma s ) g N oo 3y @ G (05
| it %_ @ :ijslmer'l . %'4@ & ’é{. ::eDF =5=BlackBefry l{\\.,. R FINCANTIERI
() {\)ﬂllzf{‘sgﬁlﬁ%s'\ CERT-PA deputati ’rﬂn'\(‘

L

R S wiio Bomes

BE Microsoft ISR

THALES Rz, Dgmme,  @)osco @JCASS'D'AN 2 Fraunhofer (AU}
raunhorer
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Artificial Intelligence
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Which policy?
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Artificial Intelligence

[ Morphological

dog, dog-catcher, and
':> doggy-bag are closely related

Analysis
SMALL
ENCLOSURE
COMPOSE USED FOR
CONFINEMENT

TO PUT
a IN WRITING

«There are 40 rows in the
table» (rows = noun)

—> «She rows 5 times a week»
(rows = verb)

FENCE

INSTRUMENT Analysis

FOR WRITING

[ Part of Speech

PENCIL TO CONFINE
TO
RESTRICT

«Davey Jones, represented
J by attorney Daniel Stanley, is

[ Logical Analysis married to Rebecca Carter»

Rebecca is married to Davey

PENITENTIARY .
and not Daniel

—
«l used chicken broth for my
=) soup stock» (stock = food)
«The company keeps lots of
stock on hand» (stock =
inventory)

[ Semantic Analysis
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How Artificial Intelligence is
Transforming Insurance

Submission Automation

Contract clauses

€
L —

Pre-quote

Al comparison o O
— 4,4 0
' alaaol
‘8
Property Risk B
Screening Underwriting Cognitive
Assistant
i

Due Diligence Risk analysis

Insurance Value Chain

|4
| €
] — 0
Ly P I
CALL Analysis Claims management O

E-Mails Automatic
Classification

=

(@) Claims Adjudication

Alerting Triage

0

Broker/Agent Interaction

Fraud Detection

IVR with Open Question

Investment Management

»
»

Pricing &
Underwriting

> Product Design >

Distribution

> > Admin & Claim Mgmt >
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How Artificial Intelligence is
Transforming Insurance

It is not only a matter of efficiency gain, but also of risk exposure reduction:

« Speed

* Free up time

« Accuracy

« Standardization

« Easier audits

* Reduce leakage

» Improve customer satisfaction
* Reduce reserving

Relmagine
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Hints for success

Have confidence in the value of Al and
experience: sometimes road is long and
winding, but at the end the results are real,
solid and measurable

Prefer a gradual approach: targeting a
step-by-step implementation of Al solutions
is often the best recipe for success

A bit of healthy skepticism is always a good
start to set the right expectations for Al
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Questions

Gianluca Antonini - Head Machine Intelligence & Strategy, Swiss Re

‘ . ! A Pamela Negosanti - Global VP, Insurance, Expert System
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