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How do telematics data look like?

Sample Trip Summary Data — One Day

Totl Toui

Motorway Motorway Urban Other Speeding Speeding
State Date | StaiTime Yards Urban Vards | Other Yards | Seconds Second: Second: Yards Second:
3/3/2012 12:12-:00) = 31 - - 13,713 - = -
332012 14:17-1 2 3355 - - 7934 = - =
3372012 14:340 35.566 35.010 69.042 1.328 1.922 2564 1379 38
3/3/2012 15:37.% - 11,346 907 = 8358 60 = =
37372012 17:21:1. 31426 43634 57.837 L&O 2141 6.9!._9 = =
3301 msmﬂ - 4501 5,201 - 2912 330 - -
37372012 21:57-2 ke 14.255 1398 z 21 466 60 = =
3/3/2012 22:24 4 - = = - 356 - = =

2.6 MB 68TB

per vehicle

per week it

Source: Jim Janavich ideas.returnonintelligence.com
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Is this is the market?

Companies selling motor insurance based on
telematics

Inatnomile

Pay a low base rate Ihen just pennies per mile —

Pay-by-mile / ° /{ ©
o

car insurance o o
for savvy VA L 4

. 4o
drivers.

CONTRATA TU SEGURO DE COCHE POR KILOMETROS
¥ NO PAGUES DE MAS.
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Research agenda

Main questions

e Should pay-per-mile replace traditional motor insurance? No

e BRI
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Research agenda

Main questions

e Should pay-per-mile replace traditional motor insurance? No

e Will telematics transform motor insurance pricing? Yes

e What detailed telematics data should be collected? Only valuable
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Basic concepts

e Usage-Based-Insurance (UBI). Telemetry provides the insurer with
detailed information on the use of the vehicle and the premium is
calculated based on usage.
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detailed information on the use of the vehicle and the premium is
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linked to vehicle driven distance.
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Basic concepts

e Usage-Based-Insurance (UBI). Telemetry provides the insurer with
detailed information on the use of the vehicle and the premium is
calculated based on usage.

e Pay-As-You-Drive (PAYD) automobile insurance is a policy agreement
linked to vehicle driven distance.
e Pay-How-You-Drive (PHYD) considers driving patterns.
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Some recent papers on telematics pricing

The relationship between the distance run by a vehicle and the
risk of accident has been discussed by many authors, most of them
arguing that this relationship is not proportional (Litman, 2005 and
2011; Langford et al., 2008; Boucher et al., 2013).
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risk of accident has been discussed by many authors, most of them
arguing that this relationship is not proportional (Litman, 2005 and
2011; Langford et al., 2008; Boucher et al., 2013).

There is evidence of the relationship between speed, type of
road, urban and night-time driving and the risk of accident
(Rice et al., 2003; Laurie, 2011; Ellison et al, 2015; Withrich, 2017;
Verbelen et al. 2018; Ma et al. 2018; Gao, Yang and Wiithrich,
2019).
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Bocca, 2017).
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Some recent papers on telematics pricing

The relationship between the distance run by a vehicle and the
risk of accident has been discussed by many authors, most of them
arguing that this relationship is not proportional (Litman, 2005 and
2011; Langford et al., 2008; Boucher et al., 2013).

There is evidence of the relationship between speed, type of
road, urban and night-time driving and the risk of accident
(Rice et al., 2003; Laurie, 2011; Ellison et al, 2015; Withrich, 2017;
Verbelen et al. 2018; Ma et al. 2018; Gao, Yang and Wiithrich,
2019).

Telematics information can replace some traditional rating
factors and provide a pricing model with the same predictive
performance (Verbelen et al. 2018; Ayuso et al., 2016b; Baecke and
Bocca, 2017).

Gender: discrimination that turns out to be a proxy

Gender can be replaced by:
km/day (Barcelona approach) or
km /trip (Leuven approach)
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m Information on mileage and driving habits improves the prediction of
the number of claims (and the cost of claims) compared to
traditional rating factors and coverage exclusively by time (usually
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What we do

Strong evidence exists

m Information on mileage and driving habits improves the prediction of
the number of claims (and the cost of claims) compared to
traditional rating factors and coverage exclusively by time (usually
one year).

m Semi-autonomous vehicles are expected to contribute to a lower
frequency of motor accidents

Our question is:
What is the role of telematics in motor insurance ratemaking?

umvERsTAT
e %! BARCELONA

9 /45



Introduction
oe
What we do

JIREeN




Introduction
oe
What we do

e Distance driven (mileage, exposure to risk) and other telematics data
(speed, braking, habits) modify traditional premium calculation.
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What we do

e Distance driven (mileage, exposure to risk) and other telematics data
(speed, braking, habits) modify traditional premium calculation.

Our contribution:

m Propose a method to update premiums regularly with telematics data.

We create the basis for real-time pricing (not necessary), and real-time
prevention.




What we do

e Distance driven (mileage, exposure to risk) and other telematics data
(speed, braking, habits) modify traditional premium calculation.

Our contribution:

m Propose a method to update premiums regularly with telematics data.
We create the basis for real-time pricing (not necessary), and real-time
prevention.

m Show that the price per mile depends on driving habits and price should
not be proportional to distance driven. A zero claim is relatively more
frequent for intensive users. Propose a predictive modeling approach for
this purpose.
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What we do

e Distance driven (mileage, exposure to risk) and other telematics data
(speed, braking, habits) modify traditional premium calculation.

Our contribution:

m Propose a method to update premiums regularly with telematics data.
We create the basis for real-time pricing (not necessary), and real-time
prevention.

m Show that the price per mile depends on driving habits and price should
not be proportional to distance driven. A zero claim is relatively more
frequent for intensive users. Propose a predictive modeling approach for
this purpose.

m Derive some open-questions about risk measures to summarize telematics
big data and optimal pricing when customers may lapse.
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Why is insurance analytics a good example of big data in applied economics?

Social
networks
Web

Mediation

distribution ASERNEC

Prevention

All files have

longitudinal
information

Policiesline of
business 1

Policies line of
business 2

BESEE
Provisions
Solvency
capital

Policiesline of
business K

7 & s,
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Source: Guillen, 2016
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Telematics information as complement/substitute of traditional risk factors

The classical ratemaking model is based on a prediction of the number of
claims (usually for one year) times the average claim cost plus some extra
loadings.
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Telematics information as complement/substitute of traditional risk factors

The classical ratemaking model is based on a prediction of the number of
claims (usually for one year) times the average claim cost plus some extra
loadings.

e Subscript i denotes the ith policy holder in a portfolio of n insureds.

e Given x; = (xqj,...xxi) (vector of k covariates), the number of claims
Y; (dependent variable) follows a Poisson distribution with parameter
i, which is a function of the linear combination of parameters and
regressors, Bo + Bixi1 + - - - + BiXik-

E(Yilx:) = exp(Bo + Bixin + - - - + Buxik) (1)
The unkown parameters to be estimated are (5o, ..., Ok)-
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Telematics information as complement/substitute of traditional risk factors

The classical ratemaking model is based on a prediction of the number of
claims (usually for one year) times the average claim cost plus some extra
loadings.

e Subscript i denotes the ith policy holder in a portfolio of n insureds.

e Given x; = (xqj,...xxi) (vector of k covariates), the number of claims
Y; (dependent variable) follows a Poisson distribution with parameter
i, which is a function of the linear combination of parameters and
regressors, Bo + Bixi1 + - - - + BiXik-

E(Yilx;) = exp(Bo + Bixir + ... + BrxXik) (1)

The unkown parameters to be estimated are (5o, ..., Ok)-

e Classical covariates are age, time since driver’s license was issued,
driving zone, type of car,...

e The pure premium equals the product of the expected number of
claims times the average claim cost. Finally, the premium is obtained

once additional margins and safety loadings are included. )
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Telematics information as complement/substitute of traditional risk factors

@
https://doi.org/10.1007/s11116-018-9890-7

Improving automobile insurance ratemaking using
telematics: incorporating mileage and driver behaviour
data

1

Mercedes Ayuso' (= - Montserrat Guillen! - Jens Perch Nielsen?

© Springer Science-+Business Media, LLC, part of Springer Nature 2018

Abstract We show how data collected from a GPS device can be incorporated in motor
insurance ratemaking. The calculation of premium rates based upon driver behaviour rep-
resents an opportunity for the insurance sector. Our approach is based on count data regres-
sion models for frequency, where exposure is driven by the distance travelled and addi-
tional parameters that capture characteristics of automobile usage and which may affect
claiming behaviour. We propose implementing a classical frequency model that is updated
with telemetrics information. We illustrate the method using real data from usage-based
insurance policies. Results show that not only the distance travelled by the driver, but also
driver habits, significantly influence the expected number of accidents and, hence, the cost
of insurance coverage. This paper provides a methodology including a transition pricing
transferring knowledge and experience that the company already had before the telematics
data arrived to the new world including telematics information. P
o s

%! BARCELONA

Keywords  Tariff - Premium calculation - Pay-as-you-drive insurance - Count data
models
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Telematics information as complement/substitute of traditional risk factors

In Transportation (2018) we proposed a method for assessing the
influence on the expected frequency of usage-based variables which can be
viewed as a correction of the classical ratemaking model.

A two-step procedure:
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e Step 1: Let Y; be the frequency estimate obtained as a function of

the classical explanatory covariates x; = (i1, - . ., Xik)-
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Telematics information as complement/substitute of traditional risk factors

In Transportation (2018) we proposed a method for assessing the
influence on the expected frequency of usage-based variables which can be
viewed as a correction of the classical ratemaking model.

A two-step procedure:

e Step 1: Let Y; be the frequency estimate obtained as a function of
the classical explanatory covariates x; = (i1, - . ., Xik)-

e Step 2: Let z; = (z1,...,2;) be the information collected periodically
from a telematics unit. Then, the prediction from usage-based
insurance information is a correction such that:

E(YYz, Yi) = Vi exp(no + mzin + - .. + 1wzix)s (2)

where the parameter estimates (7o, ..., 7;) can now be obtained using
Y; as an offset.
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Telematics information as complement/substitute of traditional risk factors

In Transportation (2018) we proposed a method for assessing the
influence on the expected frequency of usage-based variables which can be
viewed as a correction of the classical ratemaking model.

A two-step procedure:

e Step 1: Let Y; be the frequency estimate obtained as a function of
the classical explanatory covariates x; = (i1, - . ., Xik)-

e Step 2: Let z; = (z1,...,2;) be the information collected periodically
from a telematics unit. Then, the prediction from usage-based
insurance information is a correction such that:

E(YYz, Yi) = Vi exp(no + mzin + - .. + 1wzix)s (2)

where the parameter estimates (7o, ..., 7;) can now be obtained using
Y; as an offset.

This approach is less efficient than a full information model, but it works
well in practice. Telematics data are collected on a continuous basis and
this correction can be implemented regularly (i.e. on a weekly basis)

& UniversiAT
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Models with an excess of zeros

Risk Analysis

The use of telematics devices to improve
automobile insurance rates

Risk Analysis

DOE10.1111/risa. 13172

Publication status
Article accepted on 9 July, 2018

Guillen, M. et al (2018)

Most automobile insurance databases contain a large number of policyholders with zero
claims. This high frequency of zeros may reflect the fact that some insureds make little
use of their vehicle, or that they do not wish to make a claim for small accidents in order
to avoid an increase in their premium, but it might also be because of good driving. We
analyse information on exposure to risk and driving habits using telematics data from a
Pay-as-you-Drive sample of insureds. We include distance travelled per year as part of
an offset in a zero- inflated Poisson model to predict the excess of zeros. We show the
existence of a learning effect for large values of distance travelled, so that longer
driving should result in higher premium, but there should be a discount for drivers that
accumulate longer distances over time due to the increased proportion of zero claims.
We confirm that speed limit violations and driving in urban areas increase the expected
number of accident claims. We discuss how telematics information can be used to
design better insurance and to improve traffic safety.

e UNIVERSITAT
F BV
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In Risk Analysis (2018) we propose to include the distance travelled per
year as an offset in a Zero Inflated Poisson model to predict the number of
claims in Pay as You Drive insurance.

e The Poisson model with exposure: Let us call T; the exposure factor
for policy holder i, in our case T; = In(D;), where Di indicates
distance travelled, then:

E(Yilxi, Ti) = Dj exp(Bo + Bixin + ... + Bixic) = DiAi  (3)

Excess of zeros exists because:
m Some insureds do not use their car and so they do not have claims

m Some insured acquire exceptionally good driving skills and they do
not have claims (learning curve).

umvERsTAT
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Models with an excess of zeros

o The Zero-inflated Poisson (ZIP) model : Now the probability of not
suffering an accident is

P(Y;=0)=p;+(1—p)P(Y" =0) (4)

where p; is the probability of excess of zeros. Y;* follows a Poisson
distribution with parameter exp(S8o + B1x1 + - - . + Bixik), and p; may
depend on some covariates.
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A ZIP Poisson model with exposure

We assume that p; is the probability of an excess of zeros, and it is
specified as a logistic regression model such that

_exp(ag + ain(D;))
1+ exp(ag + a1in(Dy)).

(5)

i

The Poisson model for Y* is specified as follows, with an exposure

E(Y|xi, Ti) = Diexp(Bo + Pixin + - .. + Brxik) = DiAi = exp(In(D;))\i =
exp(T;)Ai, where T; = In(D;). The expectation of the Poisson part is:

1
1+ exp(ao + a1ln(Dy))

(1= p)E(Y] |xi, Ti) Dixi = Di'Ai - (6)

1

where D} = is a transformation of the original measure

D;
1+exp(ao+ailn(D;))
of exposure (distance driven) D;.

T
ssonr” T EARERIONA

e

19 /45



Transition to telematics
0000 @0
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A ZIP Poisson model with exposure

So, when we include zero-inflation there is a transformation of the
exposure in the Poisson part of the model.

e When D; is big then D = o) tends to zero if a; > 1.

D;
1+exp(ao+ain(

g
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A ZIP Poisson model with exposure

So, when we include zero-inflation there is a transformation of the
exposure in the Poisson part of the model.

e When D; is big then D = o) tends to zero if a; > 1.

D;
1+exp(ao+ain(
m When oy =1 then D tends to constant m when D; increases.
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Models with an excess of zeros

A ZIP Poisson model with exposure

So, when we include zero-inflation there is a transformation of the
exposure in the Poisson part of the model.

e When D; is big then D} = tends to zero if oy > 1.

D;
1+exp(ao+ailn(D;))
m When oy =1 then D tends to constant m when D; increases.
e Assuming that D; > 1, when a3 > 1 this is a concave transformation

that scales exposure into the interval [O } So, the larger

1
? 1+exp(ag)
the exposure the smaller the value whereas the smaller the exposure

the larger the value.
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A ZIP Poisson model with exposure

So, when we include zero-inflation there is a transformation of the
exposure in the Poisson part of the model.

e When D; is big then D} = tends to zero if oy > 1.

D;
1+exp(ao+ailn(D;))
m When oy =1 then D tends to constant m when D; increases.
e Assuming that D; > 1, when a3 > 1 this is a concave transformation

that scales exposure into the interval [O } So, the larger

1
? 1+exp(ag)
the exposure the smaller the value whereas the smaller the exposure
the larger the value.

e Assuming that D; > 1, when a3 < 1 then the transformation is a
change of scale to the interval {m, —|—oo>.
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Models with an excess of zeros

A ZIP Poisson model with exposure

If we look at the logistic regression part, we can also derive the following
expression:

__explag +aain(D;))  exp(ao +auln(D;))  Di
1+ exp(ag + a1ln(D;)) 1+ exp(ao + a1In(D;)) D;
D; 1 Dz
’ S = In(D;)) =
1+ exp(ao + alln(D;)) D,‘ eXP(Oé0+al n( )) D,'
(7)

So, the probability of zero excess (p;) can be understood as a rescaling of
the relative transformed exposure.

i

exp(ao+azin(D;))

Interestingly, when a3 < 0 then note that p; tends to zero when D;
increases, whereas when a1 > 0 then p; tends to one when D; increases.
In the empirical part we find a3 > 0, which means that there is a learning
effect and the excess of zeros is more important than the Poisson part_ ..

B . . L - i BARCELONA
when distance driven increases.
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Models for near-misses

Excessive braking or acceleration and other risky events

Nt A i S, 00 111, 2019
oo
ittt
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Can Automobile Insurance Telematics Predict the Risk of
Near-Miss Events?

Montserrat Guillen,' ®, Jens Perch Nielsen,? Ana M. Pérez-Marin,® and Valandis Elpidorou®
Department of Econometrics, Riskcenter—IREA, Universitat de Barcelona, Barcelona, Spain

*Cass Business School, City, University of London, London, United Kingdom

Department of Econometrics, Riskcenter-IREA, Universitat de Barcelona, Barcelona, Spain

‘Arch Reinsurance Europe Underwriting dac Ireland, Dublin, Treland

Telematics data from usage-based motor insurance provide valuable inform;

specding, and time and proportion of urban/onurban driving, which can be used fo

scelration,braking, and cornering cun ikewse b useully emploved to Wenity ea-migs cvents, a coneep tken from waton

have resulted in an acciden
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sed cals that certain Fctors
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af carnering events urhan diving icrcases the

These results are relevant for the insurance industry

as preventive actions.

k of nea

m i ot S lln\'m
d specd sociated with acceleration events.
order to implement dynamic risk monitoring through telematics, as well

1. INTRODUCTION AND MOTIVATION

Before the mergencs of telematics, insurers had no verifiable information on the driving patierns and real vehicle usage of
the insured. Driv umstances and styles could only be uuennmed and then indirectly. in the spec se of an accident.
Today. in contrast. telematics provides a novel source of data for risk classification before an accident. or even before a dar
A near miss—a name taken from aviation safety. where reports

‘gerous event, occurs, in what insurers refer (o as a *near miss
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In North American Actuarial Journal (to appear 2020) we propose
modelling near-miss events

m Acceleration event positive difference between the maximum
acceleration reading and the acceleration detected in the first reading
above the acceleration event detection threshold (set at 6m/s?, see
Hynes & Dickey, 2008).
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and speeding is associated with acceleration events.

23 /45



Transition to telematics
oe
Models for near-misses

In North American Actuarial Journal (to appear 2020) we propose
modelling near-miss events

m Acceleration event positive difference between the maximum
acceleration reading and the acceleration detected in the first reading
above the acceleration event detection threshold (set at 6m/s?, see
Hynes & Dickey, 2008).

m Breaking event same as acceleration, with a minus sign.

m Cornering event larger than one ratio between the speed of a
reading and the maximum speed possible during a turn for the vehicle
to stay on track.

We conclude that night-time driving is associated with a lower risk of
cornering events, urban driving increases the risk of braking events
and speeding is associated with acceleration events.

Pricing versus safety
y

Ethical question: should all drivers be penalized equally for each excessive
near-miss event regardless of their driving zone? p iR
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Information on the data sets

Zero-inflation for the Number of Claims
Empirical application based on 25,014 insureds with car insurance coverage
throughout 2011, that is, individuals exposed to the risk for a full year.

Table 1. Frequency of claims per driver (n=25.014)
in the Spanish insurance dataset (all claims. at fault. and not at fault)
Absolute frequency per driver

Number of claims All claims Claims at fault Claims not at fault
0 20,608 22,432
¥ 3.310 2,11
2 889 424
3 165 40
4 34 6
5 7 1 1
6 1 0 0

One 1nsured dnver had 6 claims, 2 were at fault and 4 where not at fault.

Table II. Descriptive statistics for the risk exposure indicator
(total kilometres travelled per year in 000s)

All Sample Drivers with no claims ~ Drivers with claims

n=25014 1n=20.608 (82.4%) n=4.406 (17.6%)
Mean 7.16 6.99 7.96
1st Quartile 4.14 4.00 4.87
Median 6.46 6.28 722
3rd Quartile 9.40 9.22 10.30
Standard Deviation 4.19 4.14 4.35
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Information on the data sets

Table 2 Descriptive statistics by claims (quantitative variables)

All sample Drivers with no Drivers with
N=23.014 claims claims
N=20,608 (82.4%) N=4406 (17.6%)

Mean SD Mean SD Mean SD
Age 21.57 3.09 27.65 3.00 27.18 3.10
Age driving licence 7.17 3.05 1.27 3.07 6.73 294
Vehicle age 875 417 8.76 4.19 869 4.11
Power 9122 2177 96.98 27.83 08.36 27.46
Km per year (000s) 7.16 4.19 6.99 4.14 7.96 435
Km per year at night (%) 691 6.35 6.85 6.32 1.16 6.49
Km per year over speed limit (%) 6.33 6.83 6.28 6.87 6.60 6.59
Urban km per year (%) 2587 1436 2551 1431 2756 14.47

Table 3 Descriptive statistics by claims (categorical variables)

All sample Drivers with no claims Drivers with claims
N=25014 N=20.608 (82.4%) N=4406 (17.6%)
Frequency Percent Frequency Percent Frequency Percent
Gender
Men 12,235 4891 10018 48.61 2217 50.32
Women 12,779 51.09 10,590 51.39 2189 49.68
Parking
Yes 19,356 77.38 15912 77.21 3444 18.17
No 5658 22.62 4696 2279 962 21.83
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Two step correction

Poisson model results. All types of claims.

Table 6. Poisson model results with offset km per year. All claim types (n=25.014)

Telematics with
offsets (Log of
All variables Non-telematics Telemarics prediction of
Non-telematics
model - Column 2)

Coefficient prahm) Coefficient (p-value) Coefficient (p-value) Coefficient (p-value)

Tntercept 2103 024 0472 0625 4219 <0001 0731 <0001

Age 218 wei oamh  onn

Age 0003 0040 0004 0005

Male 0086 0002 0040 0076

Age Driving License 0061 <0001 0076 <0001

Vehicle Age 0015 < 0022 <0001

Power 0003 <0001 0001  0.063

Parking 0034 020 0034 0200

Log of km per year (000s) 1.000 - 1.000 - 1.000 - 1.000 -

K per year at night (%) 0008 0051 0005 0161 0000  0.017

Km per year at might (%)° 00002 0.062 00001 0193 00002 0033

Bm peryear over apeed 0015 0004 0014 0006 0019 <001

Limit (%)

Empe"e_“ overspeed 0001 0001 0001 0005 0001 <001

imit (%)

Utban km per year (%) 0.020 <0001 0.031 <0001 0028 <0001
ATC 20631281 30.624.100 20800170 20,658 447
BIC 20,736,934 30,689.117 20857042 20707210
LogL 13,742,650 14,244,060 '13.838.600 13.763.230
Chi? 1357220 <0001 354400 <0001 1165320 <0.001 1316060 <0.001
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Two step correction

Concordant predictions of all models (in percentages).

All variables Non-telematics Telematics Telematics with offsets
Poisson model results. All 62.28 55.91 61.34 62.10
types of claims

Poisson model results with off- 62.15 58.60 61.18 62.05
sets (Log of Km per year in
thousands). All types of claims

Poisson model results. Claims 62.70 57.72 61.13 62.65
where the policyholder is guilty

Poisson model results with off- 62.38 58.96 60.89 62.43
sets (Log of Km per year in

thousands). Claims where the

policyholder is guilty

T
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Two step correction

Prediction with telematics and offset
2.0

197
187
1.7

0.0
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Table IV. Zero-inflated Poisson model with offsets (Log of km per year in 000s). All
types of claims.

Poisson part

All variables

(Only significant)

Non-telematics

Telematics

Coefficient  (p-value)

Coefficient  (p-value)

Coefficient  (p-value)

Coefficient (p-value)

Intercept -2.148 -3.396 =001 0.440 -3.461 <.001
Age -0.094 0121
Age’ 0.002 0.131
Male -0.068 -0.074 0.719
Age Dniving Licence -0.059 -0.056 =001
Vehicle Age 0014 0.014 =001
Power 0.003 0.003 0017
Parking 0.029 0381
Log of km per year 1.000 - 1.000 - 1.000 - 1.000 -
(thousands) - offset
Kum per year at night (%) -0.004 0312 -0.001 0.771
Km per vear at night (%) 0.0001 0.467 0.000 0931
Km per year over speed 0019 0.001 0.019 0.001 0018 0.001
Limit (%)
Km per year over speed -0.001 0.001 -0.001 0.001 -0.001 0.003
Limit (%)
Utban km per year (%) 0.026 <001 0.026 2001 0.027 001
Zero-inflation part
Intercept (Logit) -0.847 <001 -0.857 =001 -1.639 <001 -0.795 =.001
Log of km per year 0404 <001 0.410 =001 0824 <001 0406 <001
(thousands) (Logit)

AIC 28.877.112 28.870.556 29427423 29.005.172

BLC 2_8,999 019 28.951.828 29.508.694 29,070,1_59
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‘Two step correction

Concordant predictions of all models (in percentages).

All variables Non-telematics Telematics Telematics with offsets
Zero Poisson model results with 62.36 59.10 61.39 62.20
offsets (Log of Km per year in
thousands). All types of claims

Poisson model results with off- 62.15 58.60 61.18 62.05
sets (Log ok Km per year in
thousands). All types of claims

Zero Poisson model results with 62.71 59.85 61.17 62.77
offsets (Log of Km per year in

thousands). Claims where the

policyholder is at fault

Poisson model results with off- 62.38 58.96 60.89 62.43
sets (Log ok Km per year in

thousands). Claims where the

policyholder is at fault
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Other models

Changing driving habits: speed reduction

Cost of claims with telematics information
Conditional quantile as risk predictor
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Summary

+ Linear models + Longitudinal and panel datamodels - Bayesian regression models
- Regression with categorical dependent variables - - Linear mixed models - Generalized additive models and nonparametric regression
+ Regression with count-dependent variables « Credibility and regression modeling  « Non-linear mixed models
+ Generalized linear models - Fat-tailed regression models « Claims triangles/loss reserves
- Frequency and severity models « Spatial modeling « Survival models
« Unsupervised leaming « Transition modeling

and then correct premium —

—
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Pricing and Personalization

Claims

In dependent modelling claims, lapse and usage are all interconnected
4
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Further research

Innovations create the demand for new insurance products for which there
is no historical information and so, no mathematical way of measuring the
risk of an accident.
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Further research

Challenge

The adaptation to digital innovations in the insurance companies
themselves

1) Central role of data chief officer (CDO)
2) Promote CEOs cross-sectional vision of data analytics

3) Let data speak, Data-speak language is more than a number.
Analytics should express conclusions in sentences, analysts should
find the meaning to formulas, algorithms, figures and digits.

’m
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Further research

What have we learned?

1) The statistics on driving style are much more informative than the
traditional rating factors

2) The level of personalization and the role of insurance changes

3) Insurance is reinvented in order to protect people and prevent accidents.
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Further research

What have we learned?

1) The statistics on driving style are much more informative than the
traditional rating factors

2) The level of personalization and the role of insurance changes

3) Insurance is reinvented in order to protect people and prevent accidents.

What comes ahead?

Insurance as a utility for protection, not only for compensation
Insurance pools

Autonomous/assisted driving. Joint ventures insurers-manufacturers -

7
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See our work in progress: www.ub.edu/riskcenter
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Driving data for automobile insurance:
will telematics change ratemaking?
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