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Table 1 Number of InsurTech Deals

Number of Observations

Category . . .
Original Sample Transaction Partnership

Data Analytics 77 52 33 19
Digital Platform 57 35 29 6
Digital Distribution 40 25 16 9
On-demand insurance 24 20 13 7
Internet of things 29 21 14 7
Cross Selling 32 20 3 17
Digital Insurer 22 17 7 10
Cyber Security 16 14 3 11
P2P 22 10 8 2
Driving 11 8 4 4
BIO Tech 9 6 6 0
Social Media 7 4 3 1
Drone 3 3 1 2
New Vehicle 3 3 3 0
Blockchain 4 2 2 0
Total 363 240 145 95

Source: Stock Market Reaction to InsurTech Innovations (Yu-Luen et al., APRIAKX<, 2019) 7
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Your email address can affect your

motor premium

24 January 2018

Hotmail®] & D REEE > GmailF) & D IRER

0000 e @Q AR

YHOLDING
I : : . BACK 4
Investigation by The Sun finds Hotmail users pay higher premiums L TECHNOLOGY

than Gmail users . INNOVATION?>#~

Car insurance will cost you more if you have a Hotmail account, according to
The Sun.

INSURANCE REINVENTED

Research on comparison sites by the newspaper showed that quotes for
customers with Hotmail accounts were higher than quotes for customers with Most popular  Most commented

Gmail accounts. All other details were the same.
L [

https://www.insurancetimes.co.uk/your-email-address-can-affect-your-motor-
premium/1426144.article
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« ASOP No.12, Risk Classification (for all practice areas)
= U X 71t

« “The actuary should select risk characteristics that are related to
expected outcomes.” = FHI SN HMER BRI 5 U X7 DFEEUE #
NERON=

« “While the actuary should select risk characteristics that are related
to expected outcomes, it is not necessary for the actuary to
establish a cause and effect relationship between the risk

characteristic and expected outcome in order to use a specific risk
characteristic.” = EEREHR X TIEKOH TUL AL,

(HH#1) Actuarial Standards Board
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The Actuary of the Fifth Kind (why nth-kind?) gz s
BERLIN 2018

» First Kind: the (deterministic) life actuary

» Second Kind: the stochastic non-life actuary

* Third Kind (Hans Bihlmann): the ALM actuary

» Fourth Kind (PE): the ERM actuary

= Fifth Kind (Singapore Actuarial Society, PE): "Modern society
will no doubt need tomorrow’s actuary (whether life or non-
life) to go back to this early cradle of our profession, that is as
a data driven and model guided financial decision maker in
a world governed by uncertainty.”

(H#) Paul Embrechts, Model Risk, Solvency and Risk Aggregation
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RO /Xy —< | StMoMo |

Model Predictor

I.C ot = ap + BV M Lee-Carter€7 /L

CBD et = KV + (z —0)s®  CBDETIL

APC et = oz + kY £y . Age-Period-Cohort® 7L (CMIE T L THERE)
RH Mot = ap + LK) + s AR— NIEDH B Lee-CarterEF L

M7 e =Ky + (@ =Dy + (2 =72 = 62) v+

PLAT ot = o + &0 + (2 — 2) + g

Table 1: Model structures considered in this paper.

(H#1) Package ‘StMoMo’

[£%] StMoMolZStochastic Mortality Model DE&72HY, Saint MoMo & %% (Andres et.al.)
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StMoMo: An R Package for Stochastic Mortality Modelling - Andres M Villegas
StMoMo: An R Package for Stochastic Mortality =
. b
Modeling e | | | | | |
1960 1980 2000 2020 2040 2060
Andrés M. Villegas Pietro Millossovich Vladimir K. Kaishev year
UNSW Business School Cass Business School Cass Business School
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Figure 1: Illustration of the operation of the convergence algorithm over a 40-year period,
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Data Science with Actuarial Applications @ University of Waterloo
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« “Actuaries provide added value to Big Data work in their ability to

“connect the dots” through a deep understanding of the subject
matter.”
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« “actuaries may be positioned to be the quarterbacks of the Big
Data teams.”

c VI FaT ) —OHENEE

(tH#1) Big data and the role of the actuary (AAA, 2018) % &3 (Z{ERR 38
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