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Advanced Analytics

Artificial Intelligence?

= Orlgln Alan Turlng (1950) “Any attempt to automate”

u initi . “Any datab ject” i})
Today, many definitions: ny database projec - S

Big Data + Machine Learning = Al,

Al = Handle data with intelligence, A . -
ny algorithm applied

Machine Learning

Etc.
“Specific approaches” TextJI\c/;I(ining
= This covers algorithms, Deep Learning etc.

automation, data visualization,...

= Recent buzz words: deep learning,
GDPR, discriminative algorithm, ...
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Advanced Analytics

General presentation

= Advanced analytics combines multiple fields of expertise (Predictive modelling, IA, IT) to tackle complex
issues which involve diverse sources of data and strong structural constraints

= The diversity of profiles and experience of the Milliman Analytics team allows us to work on different
topics and ensures the success of projects.
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Process automation

Data management

Predictive modelling Software development

Design of tools and
dashboards in R (Shiny),
Python (Dash, Flask)

Management of different data
sources, big data processing,

use of structured and
unstructured data

Development of SaaS
softwares, use of best
practices (Cl, unit tests, git),
local or cloud deployment

Projects with machine
learning and actuarial
modelling
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Advanced Analytics

Our vision: Key points

= Milliman has been working on different analytics projects for 5 years. From our experience ranging from
studies to tool developments, we believe that successful analytics in a large company depends on these

key points:

Business innovation

Data availability & quality

L) Milliman

Advanced
Analytics

Sustainability

Product design & modelling

Capitalizing on different internal skills

2018
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Advanced Analytics

Different areas

Intelligence efficiency & Automation

Telematics
@0 /\/‘
e il
©
—® Pricing

Fraud lysis @——— anne
raud analysis o~ Milliman
Advanced
Analytics Yield management

Risk mapping
Focus 1
‘ Customer behavior

@ Advanced reserving

Customer relationship management

Health analytics @— %
"]
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jFocus 1
Yield Management




Artificial efficiency applied to yield management

Traffic and Budget forecasting for non-insurance company (1/2)

Description:

A European transportation company wants to
deploy an open source solution to lead their
budget and predict traffic .

Constraints:

» Use only open source technologies;

» Testing and integrating a machine learning
model;

» Developing a Graphical User Interface;

* Respecting current IT infra.

L) Milliman
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Artificial efficiency applied to yield management

Traffic and Budget forecasting for non-insurance company (2/2)

Highlights

Integration/Connecti
on to the existing

Al

We demonstrated that Milliman
Data-Lake

could successfully achieve a data
science project. All the expected

storage system.

skills of a data scientist were Extraction of relevant .
gathered into one project: data data and Joining with Data

management, machine learning (calendar, targets Enrichment

modelling, web reporting, IT etc.)

knowledge. = Machine learning

’ algorithm was fitted
Daily to predict traffic and

prediction

revenues.

Duration of the project

Indicators are
generated after the
predictions and

2month + 6 month Reporting

. reported through and
(PoC + full project) interactive

dashboard.
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Focus 2
Text Mining




Comment analysis




Comment analysis on insurance companies
Context (1/3)

= Why analyzing comments could be useful?
Clients share experience: comments and ratings influence underwriting because people like getting feedback.

Understanding user experience: unsatisfied clients make more noise... understanding main reasons why someone
can move to another insurance company is valuable.

Competitive market: new digital actors with digital services.
= How do we proceed?

Lots of information: thousands of comments are published, reading them one by one could be time consuming and
not efficient to extract main topics.

Automating analysis and reporting: the programming languages used in machine learning provide a large amount
of tools to ease exploration.

) L]
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Comment analysis on insurance companies

Context (2/3)

= A study lead on almost 40k comments about a mix of 180+ French insurance companies

= Each comment is rated with a mark of five points

Difficult to reach __insurance__ whose on-hold music lasts f
hours. As for the refund within 48 hours.... | have been waiting

forz N PP o b H L. 4 L 1 | PN P I |

on thd Hello, itis impossible to give precise advice on your insurer a
paymé long as you have not had a claim!.... it is only after this that

you car
your se

To avoid | insured a camping car with them _insurance AN __  Unstructured data

information it cost me 600 euros more than with
_insuranceB_ with less guarantees | cancelled after 15
days it is 3 months since they withdraw me from the
expiries under the pretext that | did not provide reasons
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Comment analysis on insurance companies
Context (3/3)

= General trend: rate decreases 1.5 points lost in average in 10 years

= No specific distinction between mutual or insurance companies

4.0
35

3.0

2500
2000
_a_é type-company 'g 1500 type-company
® assurance 8 E assurance
22 ® mutuelle e mutuelle
1000
20
500
- 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2008 2000 2010 2011 2012 2013 2014 2015 2016 2017 2018
annee annee
= Can we learn more?
L) Milliman
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Comment analysis on insurance companies
Data preprocessing (1/2)

How to deal with text information?

no refunds from September to March [no, refund, september, multiple, letter,
despite multiple registered letters left left, despite, unanswer, people, whom,
unanswered. the people with whom we are we , be, connect, phone, never, able,
connected by phone are never able to request, due, computer, problem, holidays
answer requests due to computer problems, ‘ , demand, illness, service, more, dubious
holidays, illness... NO customer services! , practice , not, subscribe ]

more than dubious practice! do not

subscribe!!!

{ « Convert string sequence into list of words \
« Stemming
* Remove “stopwords”
* Remove special characters
» Apply custom scrubbing

) L]
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Comment analysis on insurance companies

Data preprocessing (2/2)

First analysis

Frequency Distribution of Top 20 tokens
* People who comment are very

expressive: 1 exclamation pointin < —
I
average by comment _exclama:ic;:_ I
I
.. assura::: ]
» People are very descriptive, large a e I
. - us _
amount of qualifying verbs and numbers bt
1 1 1 snistre [N
to describe prices and times il
contrat |
. . . suivre_etre [N
 Different perspectives for the analysis: Gent
« Focus on figures (time or prices) g
+ Define a normed rating (retreated assurer [
depuis [
from exposure, etc.) service [
« Extract topics from text -l
etc. 0 20000 40000 60000 80000 100000

L L]
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Comment analysis on insurance companies

Text representation

Methodologies overview

[ aucun, remboursement, septembre
, a, mars, malgres, multiple,
courrier, recommande , laisser, sans
, freponse, personne, sommer_etre,
mettre , relation, telephone, etre,
jamais , capable, repondre,
demande, suite, avoir, problem,
informatique , conge , maladie ,
aucun, service, client, pratiquer,
plus , douteur_douteux, avoir,
surtout , souscrire |

L) Milliman

Frequency

Bag of Words
dictionary aucun, avoir, aller, ..., jamais, ..., problem, ...

Sentence 1 2 0 1 1

Each sentence is represented by a vector of length 37896
counting the occurrence of each word

‘ Context

Vector representation: « Word2Vec »

dictionary aucun, avoir, aller, ..., jamais, ..., problem, ...

word 0 0.01 | 24| ... Wy

Each word is represented by a vector but there, each value
indicates a score (probability like) that a word of the
dictionary co-appears with the word of interest
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Comment analysis on insurance companies

Focus on topic detection (1/2)

= Unsupervised methodology to detect topic

» Ratings are biased and subjected to
personal appreciation

« Extracting topics helps in
understanding reason of
(dis)satisfaction

* It provides more insights to enhance
client experience and improve
process

=» Example with Latent Dirichlet
Allocation: Bayesian model to cluster
words/sentences

L) Milliman

tres bon
rapport a

bon assurance
service client
card card

tres cher

bon assureur
moins cher
etre tres
concurrence
aucun suivi
tres mauvais
a deconseiller
suivi dossier
card juillet

card an

avoir avoir
depuis card
card euro
avoir card
non responsable
avoir etre
avoir sinistre
jamais avoir
tout risque
avoir jamais
card avoir

an avoir

avoir accident
moins cher

avoir ete
avoir avoir
card moi_mois
suite a
assurance a
card jour
service client
card card

a eviter
apres avoir
avoir dire

a recevoir
avoir sinistre
avoir envoye
a jamais

cas sinistre
service client

avoir ecoute

etre tres

prise charge
conseiller etre
qualite service

prix etre

tres rapide
intervention cas
assurance tres
conseiller clientele
disponibilite conseiller
qualite intervention

_exclamation_
qualite prix

a fuir

rapport qualite

fuir _exclamation_
tout aller
_exclamation_ etre
aller bien

card moi_mois

a eviter

rien _exclamation_
client _exclamation_
tres mauvais
_exclamation_ plus
_exclamation_ alors

2018 Milliman | Private | All rights reserved

17



Comment analysis on insurance companies

Focus on topic detection (2/2)

: Too expensive | g «No late refund to flee (beware of accidents abroad you would still be 100%
Topic O —> related to the responsible) price too expensive ( 1200 \x80 for a Renault koelos in any risk) so

provided service the legal protection | don't even tell you »

Lift chart
le.g. « [...]in May 2016, | had water infiltration in two places. You are told that
. lyou must cover and that you will be reimbursed 250 euros per tarp, in fact you
Bad EXPErIENCE fare not reimbursed anythingl...]. You receive a letter indicating that you have had 12
) with one specific [wo claims and that therefore you are being charged a penalty, | only had one )
Topic 1 laim /| P f claim and | was not responsible for it. We tell you that in the end we only give
Claim QtS ) lyou one claim, but we leave you the penalty We send you an estimate of the 11
details damage done at random, well below what it costs me [...] »
Just a grump g
; u u Yy
Topic 2 - cat |e.g. « CATASTROPHICHIIT »
[1R:]
e.g. « At the time of subscription, the contracts seem to be good value for
. money, but this does not last. After one year of insurance without any claims, my 08
. Bad eXpe.“ence lpremium is already 11% more expensive than for a new contract (with exactly
Topic 3 — of services the same coverage). My advisor, who was not lacking in reactivity and or
arguments before my subscription, remains mysteriously silent on this subject : 0 1 2

despite numerous reminders from me. In short, loyalty is not rewarded r»

le.g. « Although a little more expensive than many of the competitors, [...] has
Topic 4 —_— Happy user shown excellent coverage in the event of an automobile accident requiring

significant breakdown assistance and compensation thanks to globally attentive
ladvisers and great responsiveness. »

L L]
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Use case: Net promoter score automation

An example to apply text-mining

Understand and design

models

*)

= Understanding models
= Programming skills

= Business knowledge

B
6 O

-

hy
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9

= Capitalizing on tool
development experience

= Risk modeling

= Optimizing production
process with open source

2018

Dashboarding

Rshiny / Dash

[e]o

)

= Monitoring results

= Optimize long term ROI

= me—mez o [ 9
m wm s mam om0 b m@ .
-
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Optical Character
Recognition (OCR)




OCR

Some context

Pdf /word document Scanned + Handwritings

Rechercher B
[
Sequential AMI&JIJ‘M Wsern, a_
ik g W e . 18 acded. e

‘Sequeiitial Design for Q Précédent Suiva 12, CIRCONSIANCIS

Robert B. Gramacy" and Micha

Kearachs's Firm: Railroad. wtch was the Fisut One
Abstract. We propase  new approach 10 sclving optimal stopping problems via stuulation. Working within West of the Allsgtasy Messroinn
o

Lonzstaff and Sehwarz that focuses on approximating the stopping stratey, Namely,

winpiiv gimertion of the stochwslc £rid anchorin she sinted sumple patha ofthe undarying -

stato process. This allows for nctivo learning of the classifiors partitioning the state space into The Ow sl dop B Mo groe  wab phade ornl BUAE AN
the continuation and stopping reztons. To this end, we examine sequential desizn schemes that P et
aduptivay place Bow dei pous clse 0 tho wopptng bowdaris, We then dicm dynamie

regression algorithms that can (mplement such recursive eectmation and local refinement of the

lasaes, The new slorthan s hasrmiod wih Yy of ekl npuidRt et Uk

with existing

benchmarks In the courext of priciug wultidimensional i options.

Key words. opttmal stopping. rogreston Monte Carlo, dynamic ress, active learaing, expeeted improvemont

AMS subject classifications. 91660, 62105, 66640

L
DOL. 10.1137/140850059 Cwaed Swam, bor wvmal vabiomd s
e el 0 WA MR Ay 1R
-

1. Introduction. Numerical solution of optimal stopping problems remains a fertile area - L herr wvee b S L
of research with applications in derivatives pricing, optimization of trading strategies, real e o el Oh SgeTaTies b e
options, aud algorithuic trading, As the underlying models continue 1o get wore aud more
complex, the computational boly grail of robust, fast, and accurate solvers remains clusive,
Essentially all analytic methods deteriorate in high-dimensional problems where geometric
vanishes. Thus, recent attention Las turned to probabilistic approaches, based on
inell cnvelope representation. These methods rednce to recursive estimation of conditional
expectations,
B e TR, B e
oy Sla) =Yy T-1.T-2...0 B Bl prapa buowm bngrveed
ok e et A N meeleles &

where the response is real-valued, Y| € ®, and the state process X, € R is a multidimen-
sional Markov process, typically with moderate dimension d € [1,10).

The estimation problem iu (1.1) comes from » dynawic programming (DP) argument
Naumely, the process (¥e) is the Snell envelope of the payoll process {fe(Xe)}, aud its expected
waluio fy(z) is interpreted as the price of the corresponding claim, given initial condition X, = .
The envelope V; 1 is defined recursively via ¥, 1 = by, (X5,., ), where 7.y = inf{s > #+1
ha(Xa) 2 falXs)} AT depends on the future expectations /,(] s>t cf (1.7).

e b That e
l-‘l-A B e
e

vt

*Recelved by the editors July 30, 2014; accepted for publication (In revised form) June 19, 2015; published
electronically August 18, 2015,
b/ wwm Sam e founalssifin6,/58008 htm!
'umn Scholof Buse, The Unkersty of Cicgn, lcae L 6067 (tgramacyShiagnbacch o)
't of Statistics and Applicd Probability. University of Calfonia, Santa Barbara, CA 03106-3110
(Iudl-wsk»ep;'m ucsb.cdu). This author's roscarch was partially supportod by NSF grant ATD-1222262
a8 B wwn el 5 gl D 4o gra b
Weepern, ik woem and bl bewd Tovis ¥ Bovwek e ngumm w Tod o
N oA By s, sweeeed B8 w0 B | Weten Jeeeph Bieeell,

Copyright ® by SIAM. Unautkorized reproduction of this article is probibited.
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OCR algorithms with handwritten writing style

Text-Mining and document analysis

Different accuracies (results are based on
claim reports and death certificates):

Scanned document: 99%+
Scanned + handwritten: 61% (literature 58-
60%)

Scanned + handwritten can go up to 80%+ if

we consider the context and prior on
document.

L) Milliman
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PQMQL W V;cfor

A B
1 Nom Prenom
2 Guige Joélle Paule
3 Géribakdi  Maurice André
4 Ottoloyas Robert André

(¢

D

E

\4

08/11/57 Nice
08/10/57 Nice
09/10/57 Nice

Cult

— &———— nze Noverbre Jolle Paule Guige Victor

Macon
Nan
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OCR algorithms with handwritten writing style

Training and results

Convolutional layer Recurrent layer classification .
« Data base (Rimes)

« Training on 70 000 pictures

) =  Testing 7000
, ¢ P
J B l ™1 « Use of AWS GPU
™o i { «"’J,/».,__ AN LT * Error metric WER: % of words badly
- sdl ;“ | o I N —— detected (i.e. at least one character is
= N 1 wrong)
 Literature best score (LSTM 100): 44.37 %
* Our OCR model: 46.5 %

Povr [ B

Vu Pham, Théodore Bluche, Christopher Kermorvant, and Jéréme Louradour. Dropout
— improves recurrent neural networks for handwriting recognition. In Frontiers in Handwri-
ting Recognition (ICFHR), 2014 14th International Conference on, pages 285-290. IEEE,
2014.
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General overview




Telematics
At a glance (1/3)

= Key words within the insurance business:
Black Box Insurance
Usage Based Insurance
Pay As You Drive
Pay How You Drive
Driving pattern
Driving styles
Pattern recognition

Data provider
= The information is called driving behavior data (DBD). It covers the typical questions: when, where, how.
= Disruption

Customers: demand personalized relationships, reactivity, transparency, valuable services

Insurers: looking to boost profitability, anticipate and understand clients needs
Other players

u M l I I iIman 2018 Milliman | Private | All rights reserved 26



Telematics
At a glance (2/3)

= Applications:
Pricing,
Scoring,
Claims (first notice of loss),
Fraud,
etc.
Underwriting & Services.

= Involve potential causative variables in the equation that could replace traditional proxies:
Accuracy
Incentives
= Telematics is no longer in early stages:
ltaly, UK, US
French market

) L]
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Telematics
At a glance (3/3)

Adding value e&———
through analytics

—=e Data acquisition

Data management

Adding extra data and pre-processing

Pattern recognition e———

and classification — @ Visualizing data
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In practice




Telematics — in practice
Data preparation
= Provided by (at least) GPS latitude, longitude and timestamp.

= Data management: filtering techniques (causal moving mean or median, Kalman, etc.)

= Compute indicators: speed, acceleration, etc.

Slope
Latitude Longitude Elevation
48.8755 2.2848 50 21/05/2018 20:30:00 :

v |

48.8760 2.2868 55 21/05/2018 20:30:05 :

Corner
48.8757 2.2884 60 21/05/2018 20:30:10 ‘
48.8755 2.2905 65 21/05/2018 20:30:15 x|
48.8753 2.2919 75 21/05/2018 20:30:20

L L]
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Telematics — in practice

Data analysis — overview

= Build your scores to answer questions:

How far do you drive?
How aggressive are you?
How fast do you drive?
When do you drive?

Trip 1

Trip 2

Acceleration

Pace

L) Milliman

Acceleration

Trip 1

Trip 2

Pace

Trip 1

Trip 2

Curve

2018

Curve
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Telematics — Case study

Get insights from the data

= From very raw data, we can enrich/challenge the KPIs reported by the data provider. Information is being
controlled with a lot of applications (pricing and services).

More: White paper 2018 http://www.milliman.com/uploadedFiles/insight/2018/raw-telematics-data-driving-behaviour.pdf

Data assessment Visualization Use information
Take control View the data Build profiles, KPIs, services
’ Ezglglosri: with simplified . Usg qustom graphics t_o take Use th_e informati_on for: _
. Scrub the data decisions for the modelling * Trips ano_l drivers qnaly3|s: _
. ding to the frequency we part un_sup_erwsed techniques to build
According inf quency objective clusters
cencompue normanon | = B Custer » Crash analysis: get a better
: I I =: understanding of how an
| — e T =§ accident happened
Y= K * Build adriving risk score the
) ) . driver can use to optimize the
I I =,” insurance premium
[ [ | By [0 [ [ | ‘ * Fraud detection: check if claims
S report matches with the
pennee = — telematics data
’ e * Predictive maintenance:
¥ e considering the data available,
. predict and anticipate the
-~ maintenance of the vehicle
] » Etc.: other roads conditions, etc.

) L]
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Telematics — Case study

Focus: How to analyze crash/event?

N

\1'3 - Analysis of detected events.

. rd,«s B
N >
5 ° Z ‘g
§ . 9 $
%2 1 ° 1 e
Accon X oo ————
?‘-VD'W X-Z projection
3 oo 3 o w4 3o -
$ § | $
' Aeco:lx Aecofnx N)CoralY
Y Trajectory inference.
]
B
]
- F
“ & e o
8 e
e / 0
e x
eonseret?ifl 0

W, X R
(SN
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Thank you. Questions?
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