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10 Years Ago

TOWERS
PERRIN

TILLINGHAST

What is Predictive Modeling?

Casualty Actuaries of the Northeast
Spring 2005

Sturbridge, MA

March 23, 2005

Presented by Christopher Monsour, FCAS, MAAA

https://www.casact.org/community/affiliates/cane/0305/monsour.pdf
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Data Science In
Insurance

Why It's more important
now than ever before



Data is everywhere and Data Science
generates value from data

“Data is an emerging asset class” - World Economic Forum

“90% of the data in the world today has been created in the last two years alone”

traditional non-traditional
data data better GO g|€
[ _ ® product
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TR data : amazoncom
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improved @ GE
operations Aviation



not smart, not

smart,
easy-to-use

Absolutely insane amount of computation

easy-to-use

power

Increasingly inexpensive and smart storage & computational environment

-
o

2000s

2020s

\J

1982 Osborne PC weighs
100 times as much, has
500 times the volume,

costs 10 times as much -

with 1/100 of processing
speed, 1/100000 memory
of a typical 2010 smart
phone.



Next generation tools, platforms, and
approaches to data science

Traditional Approach

Ivy league approach - only for the chosen ones
Focused on activities - detached from outcomes
Assumption based: model selection is based on
modeler’s understanding of the world?
Development is costly and limited

Heavy dependence on programming

Modern Approach

29

@ python’ w!,{k T
open source social network of automated
programming coders solutions

Common man approach - for everyone

Focused on business outcome

Validation based: model selected if it predicts well in real
world

Development is crowd sourced, peer reviewed

Automated solutions



Modern Approach

=X ap X~
29 @
@ python  github .

) open source social network of automated
programming coders solutions

e Common man approach - for everyone

e Focused on business outcome

e Validation based: model selected if it predicts well in real
world

® Development is crowd sourced, peer reviewed

e Automated solutions



Completed » $25,000 « 634 teams

Liberty Liberty Mutual Group - Fire Peril Loss Cost

_— Tue 8 Jul 2014 - Tue 2 Sep 2014 (14 months ago)
INSURANCE

Dashboard Competition Details » Getthe Data » Make a submission

Home A
Data

e s eubmison Predict expected fire losses for insurance
Information Y po | ICIES

Description
Evaluation
Rules
Prizes
Timeline
Winners

il

Forum >

Leaderboard =

Public
Private
A Fortune 100 company, Liberty Mutual Insurance has provided a wide range of

My Submissions = insurance products and services designed to meet our customers' ever-changing needs
for over 100 years.

Leaderboard Within the business insurance industry, fire losses account for a significant portion of
total property losses. High severity and low frequency, fire losses are inherently

1. DataRobot volatile, which makes modeling them difficult. In this challenge, your task is to predict

2. Ivanhoe the target, a transformed ratio of loss to total insured value, using the provided

3. barisumog information. This wiII. Eenable more acFurate identification of each polic?ﬂjolder's r.isk

\ datalab e exposure and the ability to tailor the insurance coverage for their specific operation.

5. paulperry Because we seek to tap innovation both inside and outside the company, certain

6. Mark & Dmitriy eligible Liberty Mutual employees are encouraged to participate in this challenge for

7. tryhard development purposes. Refer to the competition rules for the full details.

8. Leustagos and Titericz

[+]

Fanece Armchil amd



Completed * $10,000

Allstate Claim Prediction Challenge

Wed 13 Jul 2011 - Wed 12 Oct 2011 (4 years ago)

Dashboard
— A key part of insurance is charging each
pata customer the appropriate price for the risk
information they represent.
Description
Evaluation
Rules Risk varies widely from customer to customer, and a deep understanding of different
Prizes risk factors helps predict the likelihood and cost of insurance claims. The goal of this
competition is to better predict Bodily Injury Liability Insurance claim payments based
Forum on the characteristics of the insured customer’s vehicle.
Leaderboard Many factors contribute to the frequency and severity of car accidents including how,
E::g:e where and under what conditions people drive, as well as what they are driving.
Bodily Injury Liability Insurance covers other people’s bodily injury or death for which
the insured is responsible. The goal of this competition is to predict Bodily Injury
Leaderboard Liability Insurance claim payments based on the characteristics of the insured's
vehicle.
1. MattC

2. Owen



Q) Alistate.

You're in good hands.

Dashboard

Home

Data
Make a submission

Information

Description
Evaluation
Rules
Prizes
Timeline
Winners

Forum

Leaderboard

Public
Private

My Submissions

Leaderboard

1. Prazaci

2. Alessandro &
BreakfastPirate

Owen

dynamic24

uoA~w

Peng

- -

Completed « $50,000 - 1,568 teams
Alistate Purchase Prediction Challenge

Tue 18 Feb 2014 - Mon 19 May 2014 (18 months ago)

Competition Details » Getthe Data » Make a submission

Predict a purchased policy based on
transaction history

As a customer shops an insurance policy, he/she will receive a number of quotes with
different coverage options before purchasing a plan. This is represented in this
challenge as a series of rows that include a customer ID, information about the
customer, information about the quoted policy, and the cost. Your task is to predict the
purchased coverage options using a limited subset of the total interaction history. If the
eventual purchase can be predicted sooner in the shopping window, the quoting
process is shortened and the issuer is less likely to lose the customer's business.

Using a customer’s shopping history, can you predict what policy they will end up
choosing?



Homesite

HOME INSURANCE

Dashboard

Home

Data
Make a submission

Information

Description
Evaluation
Rules
Prizes
Timeline

Forum

Scripts

New Script
New Notebook

Leaderboard

My Submissions

Leaderboard

Ivanhoe
clustifier
SY

Faron
Shize Su

LA I

L)

$20,000 » 332 teams

Homesite Quote Conversion
. Merger and 1st Su.bmission Deadline

Mon 9 Nov 2015 Mon 8 Feb 2016 (2 months to go)

Competition Details » Getthe Data » Make a submission

Which customers will purchase a quoted
insurance plan?

Before asking someone on a date or skydiving, it's important to
know your likelihood of success. The same goes for quoting home
insurance prices to a potential customer. Homesite, a leading
provider of homeowners insurance, does not currently have a
dynamic conversion rate model that can give them confidence a
quoted price will lead to a purchase.

Using an anonymized database of information on customer and

sales activity, including property and coverage information, Homesite is challenging
you to predict which customers will purchase a given quote. Accurately predicting
conversion would help Homesite better understand the impact of proposed pricing
changes and maintain an ideal portfolio of customer segments.

Started: 7:29 pm, Monday 9 November 2015 UTC
Ends: 11:59 pm, Monday 8 February 2016 UTC (91 total days)
Points: this competition awards standard ranking points
Tiers: this competition counts towards tiers



Deloitte.

Dashboard

Home

Data
Make a submission

Information

Description
Evaluation
Rules
Prizes
Timeline
Winners

Leaderboard

Public
Private

Leaderboard

Leustagos & Gxav

Dmitry Efimov

P wN =

Yoon Lee
). A. Guerrero

FAndy & Sen

N o w

agdavis

" A mmemla = dans

ivo and BreakfastPirate

Michael Jahrer & Jeong-

0

Completed « $70,000 » 37 teams

As the World Churns

Tue 22 Oct 2013 - Sat 21 Dec 2013 (23 months ago)
Competition Details » Getthe Data » Make a submission

@ This competition is private-entry. You can view but not participate.

Predict which customers will leave an
insurance company in the next 12 months.

Understanding customer loyalty is an important part of any business. The ability to
predict ahead of time when a customer is likely to churn can enable early intervention
processes to be put in place, and ultimately a reduction in customer churn. This
competition seeks a solution for predicting which current customers of an insurance
company will leave in 12 months time, and when.

This competition is now closed to new entrants.

Started: 7:59 pm, Tuesday 22 October 2013 UTC
Ended: 11:59 pm, Saturday 21 December 2013 UTC (60 total days)
Points: this competition awarded standard ranking points
Tiers: this competition counted towards tiers



- More data
- More computation power
- Better and more accesible tools

Your competitors are doing it!
Your customers expect it!



1ICTCTU LU AIIVUVY

Data Science in
Insurance e ToEIT
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What is Data Science?




What I1s Data Science?



"Statistics on a Mac"

"The generalized extraction
of knowledge from data"

Predictions
Data —» &

Insights

Been doing this for a while now



What's different?
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"Statistics on a Mac"

The generalized extraction
of knowledge from data"

Predictions
)ata —» &

Insights

Been doing this for a while now

What's different?

Traditional
Analytics

Structured Data

Use what data is readily
available (or what IT is
willing to give you)

Smallimedium size data

Shallow understanding

of the data

IT is heavily involved

Projects take a long time/

Limited bandwith

Limited tool set
(Regression,
GLM)

Data Science

Structured &
Unstructured Data

Go get any data that
may be of value

Size of data not
an obstacle

Deep understanding
of the data

IT as little as possible

Faster turnaround
through better tools
and more automation

y

Higher bandwith

More/Better tools
(Modern statistical
approaches,
machine learning)




Traditional
Analytics

Structured Data

Use what data is readily
available (or what IT is
willing to give you)

Small/medium size data

Shallow understanding
of the data

Data Science

Structured &
Unstructured Data

Go get any data that
may be of value

Size of data not
an obstacle

Deep understanding
of the data



IT is heavily involved IT as little as possible

Faster turnaround
through better tools

) ) and more automation
Projects take a long time/ *

Limited bandwith

Higher bandwith



Limited tool set More/Better tools
(Regression, (Modern statistical
GLM) approaches,
machine learning)







End Result: Dramatic increase in quality and
quantity of actionable predictions & insights

How decisions are made

- Science
&
Data
Science

&
Data

Without Data With Data
Science Science



now than ever before

::::::::::

“Tha generaized extaction

Wakat's aifferents

What is Data Science?

quantity of actionabie predictions & insights

Pzt i are mads



What is a
Data Scientist?



"The Sexiest Job of the
21st Century™

"Statistician from
San Francisco"



Hacking Skills

Ability to write computer

programs to:

- Get data

+ Clean and manipulate data

- Run models

- Implement models

Deep understanding of:

- The industry
- The business problem
- The data

+ Strong statistical background
+ Working knowledge of many

modeling techniques

how to validate and
pare models

- How it was generated & collected
- Company specific issues and limitations

- Production data streams

Domain
Expertise

Math & Stats .
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Ability to write computer
programs to:

Hacking SKkills = .cia

- Clean and manipulate data
- Run models
- Implement models

Deep understanding of:




- Strong statistical background
- Working knowledge of many
modeling techniques

. KnO\hlrl;irat:ce)\.'::1 ’g)d\é?slidate and M at h & Stats




TARCHIE MCPHEE

Deep understanding of:

- The industry

- The business problem

- The data
- How it was generated & collected
- Company specific issues and limitations
- Production data streams

Domain
Expertise




Hacking Skills

Ability to write computer

programs to:

- Get data

+ Clean and manipulate data

- Run models

- Implement models

Deep understanding of:

- The industry
- The business problem
- The data

+ Strong statistical background
+ Working knowledge of many

modeling techniques

how to validate and
pare models

- How it was generated & collected
- Company specific issues and limitations

- Production data streams

Domain
Expertise

Math & Stats .
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Percentage of Matching Job Postings

0.04 -

0.03 -

0.02 -

0.01 -

“Unicorns are Lame” -quote by: nobody ever.

Job Trends from Indeed.com
—"data scientist"

Jan"os jan"ﬂ? _lan"os Jan"OB Jan.'ln Jan"ll Jan"lz jan"13 jan"la Jan“lS

Hiring Real Unicorns is Expensive! $$$$$3$3$$$$%%
Also, Many People Pretending to be Unicorns.
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Where to Find Data
Scientists for Your
Insurance Company



Recruit and Hire
Existing Data Scientists



Challenges

- Many imposters posing as
Data Scientists

- Takes time to learn industry
& business knowledge

- Takes even more time to aquire
company data knowledge

- Data Scientists are
prohibitively expensive
($ > hiring manages salary)



Other Data Scientist
Candidates



Candidate #1: Statistician

_ Data
Business Knowledge Science
x Potential:
Company Data

) ¢ Medium



Candidate #2: MBA

Business Knowledge

v

Company Data

X

90% of MBA's think
their math skills are

above average for
an MBA.

~\

Data
Science
Potential:

Medium



Candidate #3: The IT Data Specialist

Business Knowledge Data

Science
x Potential:
Company Data

v Medium



- Takes time to learn industry
& business knowledge

- Takes even more time to aquire
company data knowledge

- Data Scientists are
prohibitively expensive
($ > hiring manages salary)

What about a team?

Candidate #4: Statistician, MBA, IT

200 of MBA's think

Candidate #1: Statistician Candidate #2: MBA i nah skils are
abmwe average for
el % L _a|n‘l':'IEA.
\;ﬁ"“‘ﬁ& % S ﬂg«ﬂﬁ %‘% 4 o Moy,
X v x X

=+ = o+

Candidate #3: The IT Data Specialist

Sciefce Science Buiriss Knowledge Data

Fotential: v Potential: x Scl'm;
Company Qan . Compary Oain - — Paduntial:
® Medium x Medium H--J Medium

Candidate #4: Team

=]
o Moy,

oV S
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o Fotontial




« Takes time to learn industry

& business knowledge

« Takes even more time to aquire

company data knowledge

- Data Scientists are

prohibitively expensive
($ = hiring manages salary)

Candidate #4: Statistician, MBA, IT

Candidate #1: Statistician

Seience
Potential:

Medium

Candidate #2: MBA [ 2 1Exs e
above averooe Tor

o %%‘ L z;l:';-u:.\
x

Data
Soience
v Poigntial:
X_ Medium

Candidate #4: Team

o "’%x
v

What about a team?

Candidate #3: The IT Data Specialist

9@9 %E’Q
\,,d"‘f/ xSz,
FmE— Duata
X Potena:
Sy
v Medium




Candidate #4: Team

Data
Science
Potential:

High







« Takes time to learn industry

& business knowledge

« Takes even more time to aquire

company data knowledge

- Data Scientists are

prohibitively expensive
($ = hiring manages salary)

Candidate #4: Statistician, MBA, IT

Candidate #1: Statistician

Seience
Potential:

Medium

Candidate #2: MBA [ 2 1Exs e
above averooe Tor

o %%‘ L z;l:';-u:.\
x

Data
Soience
v Poigntial:
X_ Medium

Candidate #4: Team

o "’%x
v

What about a team?

Candidate #3: The IT Data Specialist

9@9 %E’Q
\,,d"‘f/ xSz,
FmE— Duata
X Potena:
Sy
v Medium




Can you think of any other
Insurance company
employee that would
make a good candidate
for a Data Scientist?



Candidate #5: Actuary

Data

9 Science
Potential:

Company Data

v HIGH

Business Knowledge



Customer Solutions  Competitions ~ Community « Sign Up Login

. As the World Churns
Deloitte.

Tuesday, October 22, 2013 £70.000 * 37 teams Saturday, December 21, 2013
Dashboard Competition Details » Getthe Data » Make a submission
Home
Data

T DT - @ This competition Is private-entry. You can view but not participate.

Information

Description Predict which customers will leave an insurance company

in the next 12 months.

Prize<
'

Timeline
Winners Understanding customer loyalty is an important part of any business. The ability to
mendiet abhand Al tlema ssdbmnem a mrimbramm e e lleabhita chiirm cmem mmabkla sl lmbm e sm el -
Leaderboard
Verified

".Jtli account @ o

Private Highestt Currentt All models are wrong, but some are usefi
Leaderboard

Profile Results Scripts Forum Profile Results Scripts
1

15T 15T ST 2ND
LUK | | LOAN SO - '\ L \ | LOAN | | Loax
= — -
: e e £ % S : i
P - ==

1st/634 1st/570 1st/173 15t/37 angyS25 Znd/a72 2nd/363 Znd/236

Wit




Make a submission

Information
Description
Evaluation
Rules
Prizes
Timeline
Winners

Leaderboard

Public
Private

Leaderboard

1. Leustagos & Gxav ‘—

2. Dmitry Efimov

]

i

<@ This competition Is private-entry. YOU can view but not particip:

Predict which customers will leave an insurance
in the next 12 months.

Understanding customer loyalty is an important part of any business. The .

mmandlot abvanonsd Al blvmnn wodbvmnen o mismbmomns lom lHlonhi,bn shiivem canm amalulea acel. i

Verified

xaVier Conort account MASTER ?

http://www.datarobot.com/ ist 21st
/368,442

85,069.4 points
Joined 4 years ago

‘tRanking method changed 13 May 2015 (?)
Profile Results Scripts Forum

HOTOETBS -

1st/634 1st/570 1st/173 1st/37 2nd/925 2nd/472 2nd/363 2nd/236 Competitions

EEE
BlEE

Owen MASTER

Working for DataRaobot but | am not a robot. ist
/368,444

@ http.//www .datarobot.com/
223,636.8 points

Joined 4 years ago
tRanking method changed 13 May 2015 (7)

Profile Results Scripts Forum Contact



Dashboard Competition Details » Getthe Data » Make a submission

Home
Data z
B & @ This competition is private-entry. You can view but not participate.
Information L]
Description Predict which customers will leave an insurance company
Evaluation .
Rules in the next 12 months.
Prizes
Timeline
Winners Understanding customer loyalty is an important part of any business. The ability to
B L e e B e e R T B B e e e I L A S
Leaderboard =
Public xaVier Conor‘t 3 T Shea ParkBS MASTER 7
Private hittp:/iwvwew. datarobot.coms 1st 21st %ﬂms“m WL SN0 O Siuer R 13th 739th
/368,442 /168,447
oksad s w00 Joned  years g0
LEademrd e e AL G "Rasiong mathal o@sped 11 Ma 2015 [7)
Profile Results Seripts Forum Profile Results Scripts Forum Contact

1. Leustagos & Gxav -«

T HOTeETEY === M
Permrasham
s 99 = e N
1s/634 18570 154173 15t/37 2nd/925 2ndf472 353 236 Campatitions e e . p— —— —— e
Owen ursven Jeremy Achin .

‘Working for DataRobat but | am nat a robot. ist
http:iwenw. datarobot.comd 20th 326th
/368,444
368,445
233,635.8 points
16,302.1 points

Joined 4 years igo
THsakieg mathed changed 13 May 2013 [}

@ hitp./fwerw.datarobot.coms

Joined 4 years ago
*Ranking metod chasged L3 May 2013 (7]

Profile Results Scripts Forum Contact Profile Results Scripts Forum Contact

MOHE=-"§8o . =7T35=

1M LS4 1s387 2na1687 2/ 1604 237 ndf102 Competitions

100



Candidate
Statistician
MBA

IT

Team

Actuary

Summary

Data Science
Potential

Medium

Low

Medium




Insurance companies will need Data Scientists to stay competitive
and
Actuaries are their best (maybe only viable) hope
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Where to Find Data
Scientists for Your
Insurance Company

Recruit and Hire
Existing Data Scientists

Other Data Scientist
Candidates
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Insurance companies will need Data Scientists to stay competitive

and

Actuaries are their best (maybe only viable) hope
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What actuaries
DON'T need to
know

— —_—
Mechanics wnde rlying complex tools,
platforms and algorithms

A pragmatic approach for practiti 5

Leaming Data Scence with automated plationm
and win busmess cutcome in foous

o bl arw Tumi line with real worldd
wpeiierc & practical knowledge._

Take arvantage of free educaticnal
resources out there

Call 1o action
Take the unicorm by the horn




Mechanics underlying complex tools,
platforms and algorithms

We use complex, automated tools
successfully everyday to make our life simple
and productive
... without knowing the mechanics.

Complex mechanics of Data Science ... No need to learn programming to get started

syttt il
e

Problem solving with automated platform

Quick learming & smart application of advanced
algorithms

Tool! Platform/

Learning Focus
Source B

Activity

Data manipulation & @ & pythan

General programming
mr
packages

Visualizations Qlik@ 7+ablean drap

- dufining the rght uastion

Automated Modeling, - inferpreting reaults

Machine Learning

® e
DataRobot

= TN g imints using

the aulomated platiom




We use complex, automated tools
successfully everyday to make our life simple
and productive
... without knowing the mechanics.




Quiz#1

An increasing number of people are using
this device for a vast number of activities
e.g. education, medical practice, business
communication, flight tracking, special
assistance communication and even for
actuarial work.







uiz # 2
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wrote millions of lines of e
C++ codes to build this i

E i Guand aGuard(s_akules|:
n: ws_nChents £&8 m_pmpl)

platform that actuaries use Il

m_pimgl = NULL:
)

extensively. b i e

enaurelmplExsis():

_Replate |

reham m_plmpl:

INoEr
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Quiz # 3










We use complex, automated tools
successfully everyday to make our life simple
and productive
... without knowing the mechanics.




omplex mechanics of Data Science ...

Additive Training ot o, i

* How do we decide which f to add?
= Optimize the objectivell

* The prediction at round tis 4" ="' + flz:) __
This i whial wa need 16 dacide in round |
Obj = Fo0 Uy )+ T O )
el (1617 + filw)) + QY+ comstant

Goal: T Ji to mimirnizn e
+ Consider square |oss
obin =50 (- +j,u.j}:]‘l—1!tf‘|-r-:m.-:
o (30" = walz) + J.:m“] + Qo) + conat

This is usually callod residual from previows round

Ready to use, off-the-self open source
implementation ...

et

T

®

A rrmre

T kT

AT g e 1T

A e T Ay



Additive Training

* How do we decide which f to add?
= Optimize the objective!!
» The prediction at round t is 39 =5V + fula)
This is what we need to decide in round t
OB = iy Uyl 4 55, f)
#E?_l (y,, Q:t + ft(-‘l.',-)) + Q_O?)>+ constant
== =

Goal: find f;, to minimize this
* Consider square loss )
Objt) = Z:':1 b — (y = L Si(x; ))) + QU fi) + const
Y, 2(*“‘ -;_,{;)fi(xi) + fl@i)?] + QU fo) + const

Il

This is usually called residual from previous round

npiex mechanics or Data scienc

Chen, Singh, Taskar, Guestrin

Lemma 3.1,
2903 IPUlx, pe = &) = Piyalx) s
= Ipfdit.e, k) + 3 dis.t k)]
—

< apldite k) + 3 dint k) J] oua)
. (o bhe Qe

=l =gt 43 T owal

= a4 Qa1

Hore the inequality i given by Corol
lary 31 (d(stk) <  oft,£5) [Timcgoon @al
e the dmk eqnlly B g B Lem
mn 3.3 (de, ¢, k) = 1 =p;). Reeall that Hy; = py(1 =py),
we have proved Theorem 4.1. o

The caleulation of v can bo performed wsing dynamic
programming. To explain the algorithm clearly, let us
define an suxiliary mesage varisble

Boin & ary, fona +1)  (18)
RE W (st])s) (o b0 Qi A, o)

Wo can rosrrange 5, in Theorem 4.1 in terms of 3,
where the index i satisfies p; = Ay = k), s

2™y, ) z(: | ‘Errﬂ. ..)

Sisnilarly for /" in Theorem 4.2, whese the index
satisfies 11 = Dpe = ky, pe = ku). we have

Pomesloe T ns E_ss).

T T

The caleulation of § can be done cflciontly wing &
message passing algorithm with the following update.

[ — ﬁ{_.(| + A ..) nmn

b B

In the case of lincar chain CRF, oor Dmhk:m Is re-
duwond to the calolation of S,y & o O 41
and Sy & T Ty @i , and the frr S
updstes in Eg. 17 conwDond t0 & forward-backward
algorithin using the following rocursion formuls:

Brrr—t = tigrr (1 + Bea—es)

Ready to use, off-the-self open source

implementation ...

And with decumentatien:
& python

hrtnssfirithuh. eom ddmileisshnnstshinbdmastesddoc/nvthnndouthon . intrn.mid

Algorithm 1 Gradiont Boosting for CRF
ropoat
for U € {N,£} do
for y,x € P In paralld do
{inferenee of py, 7, are done asing dynamic
i
Infer Gy, x) + pily) - po
By, x) &= (1 = py) for each i € W4
Infer (. x) using dynamic programming
for each i €8
end for
for [c] © U4 in parallel do
{We use e] to enumernte over set of equivabent
index dofined by C in 4}
. + argming, ;- THd + §)
+ T T, wen Gy x)éy.x)

+wly =) Hu (o 58 (r =),
B = e+ e
end for
ond for
until convergence

Corollary 4.1. Whenl/ is the inder sef of node poten.
Hiols, % = In ..m.)m Eq. (6), where n is the number
of modes in the CR.

Bused on Theorem 4.1 and 4.2, wo can get an effelent
gradient boosting algorithm for CRF (GBCRF), which
i presented in Algorithen 1. Here ¢ is 8 shrinknge term
used to avold overfitting. Our algorithm adaptively
estimates 5 via the mixing rate caleulation st each
iteration. At the beginning. when each variable s
noarly independent from each other, we will have & 4
that is close to 2 (and thus the updates aro sgErossive).
= inereases a8 the variables become dependent on cach
other (resulting in more conservetive updates).

Helation to LogitBoost: Owr n]gu(ll]uu usu e
wiowod as & g lon of multi-cl

using LogitBoost [Friodman et al., 1998]). When £ = @
in Eq. (2), our model degenerates to the LogiBoost
modal. In this cnse, the variabbos |5 onch poaition are
independent, the mtimation of 7 is 2, and Algorithm 1
s exactly squivalent 1o LogitBoost. When the variables
are dependent on each other, which s common b struc
tured prediction, our modal estimates the dependeney
level via the Markov Chaln mixing rate to gukde the
baoumting objective in each iterution




Ready to use, off-the-self open source
iIimplementation ...

Free Python and R Implementation:
https://github.com/dmlc/xgboost

And with documentation:

& python

https://github.com/dmlic/xgboost/blob/master/doc/python/python_intro.md

R

https://github.com/dmlc/xgboost/blob/master/R-package/vignettes/xgboostPresentation.Rmd

How to use: complete Step-by-step real life illustration:
https://github.com/dmlc/xgboost/blob/master/demo/kaggle-otto/understandingXGBoostModel.Rmd




No need to learn programming to get started

#' p =— progress_estimated(3, min_time = 3)

PACK_LEN1 = Struct('!BB').pack #' for (i in 1:3) p$pause(d.1)$tick({)}$print()
PACK_LEN2 = Struct('!BBH').pack W
PACK_LEN3 = Struct('!BBQ').pack #' \dontrun{
PACK_CLOSE_CODE = Struct('!H').pack #' p <— progress_estimated(1@, min_time = 3)
MSG_SIZE = 2 =% 14 #' for (i in 1:10) p$pause(@.5)$tick()$print()
#' }
progress_estimated <- function(n, min_time = @) {
class WebSocketError(Exception): Progress$new(n, min_time = min_time)
"tiwebSocket protocol parser error,"'" }
def __init__(self, code, message): #' @importFrom R6 R6Class
self.code = code Progress <- R6::R6Class("Progress",
super().__init__ (message) public = list(
n = NULL,
i=ae,
def WebSocketParser(out, buf): init_time = NULL,
while True: stopped = FALSE,
fin, opcode, payload = yield from parse_frame(buf) stop_time = NULL,

min_time = NULL,
if opcode == OPCODE_CLOSE:

if len(payload) >= 2: initialize = function(n, min_time =@, ...) {
close_code = UNPACK_CLOSE_CODE (payload[:2]) [0] selfén <—n
if close_code not in ALLOWED_CLOSE_CODES and close_code < 3000: selfémin_time <— min_time
raise WebSocketError( selfsbegin()

CLOSE_PROTOCOL_ERROR,



Problem solving with automated platform
Quick learning & smart application of advanced

algorithms

Tool/ Platform/
Source

@ o pgthon

. tomr P mh

Activity

Data manipulation &
General programming

Visualizations Qlik@ i +ableav

1)) rapidminer
® 7S

DataRobot

Automated Modeling,
Machine Learning

Learning Focus

data manipulation

key statistical packages
key visualization
packages

visualize data by drag &
drop
productize your solution

defining the right question
interpreting results
running experiments using
the automated platform



A pragmatic approach for practitioners

Learning Data Science with automated platform
and with business outcome In focus

Revisting data science venn-diagram

Augmentation
Man & machine working together

P
mripuaien
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Traditional Data Science Education Approach Pragmatic education with modern automation
Long learning cycle, higher drop outs Fast learning cycle, less dropouts
Hign Humber of soudents @ High Huriber of Students @ And if you want...
bty o ek real work prablers @) Ability to tacde real world prablems @
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Revisting data science venn-diagram

Augmentation
Man & machine working together

understanding of

programming & data ; g ot
algorithms & validation

manipulation

. Ly framework
_ Yytableau @ A puthon
- Hind hacking maths &
Paxata skills stats - off-the-shelf algorithms

from open source.

let machines do the coding... IR P
- working knowledge is

sufficient.
b - - Actuaries are in the best
" 5 position to learn the
Actuaries are afready.serwng as the domain philosophical
product & domain experts SEVEERal
Right question to solve knowledge understanding

Right data to answer the question

Experimentation and socialization
business knowledge
company data



Traditional Data Science Education Approach
Long learning cycle, higher drop outs

High

Low

Statistics

Programming

Algorithms

Number of Students .
Ability to tackle real world problems @@

>
TIME

Practical
Knowledge
Real World
Experience



Pragmatic education with modern automation
Fast learning cycle, less dropouts

High Number of Students @) And if you want...
Ability to tackle real world problems . )
- =
= A better way . -
— -
< -
Va
o]
Statistics
Programming
Algorithms
Low

B
TIME

Statistics
Programming
Algorithms
Practical
Knowledge
Real World
Experience



A pragmatic approach for practitioners

Learning Data Science with automated platform
and with business outcome In focus

Revisting data science venn-diagram

Augmentation
Man & machine working together
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Traditional Data Science Education Approach Pragmatic education with modern automation
Long learning cycle, higher drop outs Fast learning cycle, less dropouts
Hign Humber of soudents @ High Huriber of Students @ And if you want...
bty o ek real work prablers @) Ability to tacde real world prablems @
& barerway P *
-
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Programming
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Once you are familiar with real world
experience & practical knowledge...

Take advantage of free educational
resources out there

Machine Learning
(Coursera)

Andrew Ng

@ python’

Udacity (http:
CS 101: Introduction to Computer Science
Dave Evans (Beginner Python)

CS 212: Design Of Computer Programs
Peter Norvig (Intermediate Pyt‘honf [

UUUUU ™

An Introduction Ti
Statistical Learning

Coursera (hitp://'www.coursera.com)
Roger Peng W JOHRE HOPKINS
Jeff Leek L

The swirl package
A Guided Introduction to Learning R




A, oython’

Udacity ( : ' )
CS 101: Introduction to Computer Science
Dave Evans (Beginner Python)

CS 212: Design Of Computer Programs
Peter Norvig (Intermediate Python)

[ U

UDACITY



An Introduction To
Statistical Learning

with Applications in R

Coursera (http://lwww.coursera.com)
Roger Peng n JOHNS HOPKINS
Jeff Leek Rt

The swirl package
A Guided Introduction to Learning R

| { . }
statistics with interactive R learning: an R package



Machine Learning
(Coursera)
Andrew g

https://www.courserd.org/course/ml

Trevor Hastie
Robert Tibshirani
Jerome Friedman

The Elements of
Statistical Learning

Second Edition

-
) ‘ v ™) v
I A e Fy Fl - Fl I A A



A Practitioner’s Guide to Generalized Linear Models

A foundation for theory, interpretation and application

Third edition -~ February 2007
Paper authored by:

Duncan Anderson, FIA
Shalom Feldblum, FCAS
Claudine Maodlin, FCAS
Daris Schirmacher, FCAS
Emesto Schirmacher, ASA
Neeza Thandi, FCAS




Once you are familiar with real world
experience & practical knowledge...

Take advantage of free educational
resources out there

Machine Learning
(Coursera)

Andrew Ng

@ python’

Udacity (http:
CS 101: Introduction to Computer Science
Dave Evans (Beginner Python)

CS 212: Design Of Computer Programs
Peter Norvig (Intermediate Pyt‘honf [

UUUUU ™

An Introduction Ti
Statistical Learning

Coursera (hitp://'www.coursera.com)
Roger Peng W JOHRE HOPKINS
Jeff Leek L

The swirl package
A Guided Introduction to Learning R




Call to action
Take the unicorn by the horn

Call to action

(from my CAS presentation in 2014)

Who
sy Aliidid

Soclely DA

Achanal st

Kananng Astuarcs

Takeaways

Mok ct scleree skl @ priarhy

Leam Data Sckence Skill

Leam enouph data seknce o manage actuarial data
scientists

Ennizimmsgse we:hoswinl alulwels b laarn aexl apgily clals
sclenes

S

Strategic Investment in
Actuarial Data Scientist

'ANDS INTO SPECIALTY CREDENTI

CAS EXP, ALS;
NEW GAS INSTITUTE TO LAUNGH CREDENTIAL

IN PREDICTIVE ANALYTICS AND DATA
SCIENCE

Call to action - 2015 revised
Take the unicorn by the horn

Who

‘Casualty Actuarkal
Bockty (GAF)

Actuarisl Shuckeds

Munmging Actusriss

Taksaways

‘Strategic Investment on Dala Eclense for PratAloncrs
Encourage hands-on, plopmatic leamig v IG4E o leam

Lo b dalngs and become part of Data Eclence commaritks
stz s gy iniliv: basersing vred vl wrld ez s

Lot wirtgh <IIN Siciorcas L img s Wiz <AL el
[Lncourans actuaral ahedets o sarn and apply dot erencs



Call to action
(from my CAS presentation in 2014)

Who Takeaways

Casualty Actuarial

Society (CAS) Make data science sKills a priority

Actuarial Students Learn Data Science Skill

Learn enough data science to manage actuarial data

scientists
Encourage actuarial students to learn and apply data
science

Managing Actuaries



Strategic Investment in
Actuarial Data Scientist

CAS EXPANDS INTO SPECIALTY CREDENTIALS;
NEW CAS INSTITUTE TO LAUNCH CREDENTIAL
IN PREDICTIVE ANALYTICS AND DATA
SCIENCE

11/16/2015 —

Arlington, VA, November 16, 2015 - The Casualty
Actuarial Society (CAS) announces the creation of The
CAS Institute, an organization offering new credentials
and specialized professional education for quantitative
professionals looking to remain current in their field.
The CAS Institute will develop a curriculum for each of
its offered specialty areas, initially covering advanced
topics such as predictive analytics and data science.
CAS President Bob Miccolis, FCAS, formally introduced
The CAS Institute today during the CAS Annual
Meeting in Philadelphia.

The CAS Institute is a subsidiary of the CAS and brings the rigorous CAS educational standards to a
wider community of quantitative specialists seeking to earn specialized, in-demand credentials and
quality professional education to address talent demands, both today and in the future. The CAS will

continue to offer actuarial credentials, while The CAS Institute will offer specialty credentials.



Call to action - 2015 revised
Take the unicorn by the horn

e s

Casualty Actuarial Strategic investment on Data Science for Practitioners
Society (CAS) Encourage hands-on, pragmatic learning in iCAS curriculum

Learn by doing and become part of Data Science communities

Actuarial Students i i i
Focus on pragmatic learning and real world experience

Learn enough data science to manage actuarial data scientists

TR AT Encourage actuarial students to learn and apply data science



Call to action
Take the unicorn by the horn
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Strategic Investment in
Actuarial Data Scientist

'ANDS INTO SPECIALTY CREDENTI

CAS EXP, ALS;
NEW GAS INSTITUTE TO LAUNGH CREDENTIAL

IN PREDICTIVE ANALYTICS AND DATA
SCIENCE

Call to action - 2015 revised
Take the unicorn by the horn

Who

‘Casualty Actuarkal
Bockty (GAF)

Actuarisl Shuckeds
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Taksaways
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What actuaries
DON'T need to
know

— —_—
Mechanics wnde rlying complex tools,
platforms and algorithms

A pragmatic approach for practiti 5

Leaming Data Scence with automated plationm
and win busmess cutcome in foous

o bl arw Tumi line with real worldd
wpeiierc & practical knowledge._

Take arvantage of free educaticnal
resources out there

Call 1o action
Take the unicorm by the horn




Data Science:

What Actuaries (DON'T) Need to Know

What actuaries
need to know

Data Seience in

ICE _ —
. =
Why it's more impartant -
now than ever b efore -
What is Data Science?
What
Data Scientist?
Wh Find Data -
Sci s for Your
Instn Compa

Jeremy Achin

What actuaries
DON'T need to
know

bcharks arcathing curpba s
latarms and sgarthen,
e
A prageaiic app
Lasarirg D
o e

P —

peites et
S ———
aen —g =

CEO & Co-founder, DataRobot Inc.




Questions?
m

DataRobot

Additional questions, comments,
queries:
jeremy@datarobot.com



