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Abstract

We present a dynamic pay-how-you-drive pricing scheme for motor insurance using telematics signals. More specif-
ically, our approach allows the insurer to apply penalties to a baseline premium on the occurrence of events such as
hard acceleration or braking. In addition, we incorporate a bonus-malus system (BMS) adapted for telematics data,
providing a credibility component based on past telematics signals to the claim frequency predictions. We purpose-
fully consider a weekly setting for our ratemaking approach to benefit from the signal’s high-frequency rate and to
encourage safe driving via dynamic premium corrections. Moreover, we provide a detailed structure that allows our
model to benefit from historical records and detailed telematics data collected weekly through an onboard device.
We showcase our results numerically in a case study using data from an insurance company.

1. Introduction

In recent years, telematics information has given researchers and actuaries a new perspective on how
motor insurance premiums can be calculated. Through vast amounts of data collected from GPS devices
in either the car or the cellphone of drivers, a clearer picture of a client’s driving profile can be obtained.
Ideally, an insurer could determine premiums based on driving skills and habits, leading to better risk
identification, as shown by Verbelen et al. (2018), where the predictive power of claim frequency models
benefited from including telematics data. This reduces adverse selection for insurers and motivates the
client to drive more securely, as safe driving is encouraged via premium reductions. Consequently, there
is a real incentive for the insurer to implement pay-how-you-drive (PHYD) pricing schemes to take full
advantage of the telematics data collected.

Although telematics information has proven to be a powerful tool to identify risks, actual dynamic
pricing methods using this information in real time, such as Henckaerts and Antonio (2022), are scarce.
Indeed, there are a number of difficulties when incorporating these data into a pricing scheme. First,
information is collected as the client drives and is unknown before the coverage period is observed.
Therefore, the insurer must either charge a premium after the client has driven or predict future telematics
events based on present information. Second, including telematics information in models often leads to
big data difficulties, since a considerable amount of data may be collected, and there may be data quality
issues. Third, from a legal standpoint, the heavily regulated nature of personal vehicle insurance in some
countries may render weekly dynamic schemes inapplicable. This paper provides a pricing scheme that
tackles the first and second challenges. However, we do not adapt our pricing scheme according to
specific regulations of any particular country. Nevertheless, in cases where dynamic telematics pricing
schemes cannot be directly considered for ratemaking, we believe such approaches may still benefit the
insurer in their evaluation of risk.
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We focus our research on telematics signals (also known as near-misses, risky events, or near-claims
in the literature). In an insurance context, a high number of breaking events or speed events are clearly
indicative of dangerous driving, but there are many other types of events that could also be considered
high risk, such as cellphone use. Commonly, in the ratemaking literature, a telematics signal is more
broadly defined as a punctual event that potentially affects claim occurrence. This paper focuses on two
events: accelerations and braking events, given that the positive correlation between these events and
accident risk is well documented in the literature (see, e.g., Ma et al. (2018)).

The advantage of including telematics signals in a pricing scheme is twofold. The first advantage is
that these signals occur more frequently than actual claims. The ratio between signals and actual claims
could easily be hundred to one, depending on the exact definition of a telematics signal. This allows us to
turn from a low-frequency setting to a more dynamic one, for example, from a yearly premium structure
to a weekly one. The second advantage is that the driving profile of a client can be determined in simpler
terms by focusing on only a couple of telematics signal events rather than broader telematics data. This
enables the insurer to possibly circumvent potential difficulties in implementing big data. In addition,
with more transparent data to hand, the insurers are able to explain the premium increases more easily
to their clients.

In practice, an insurer determines a baseline premium based on traditional covariate information,
which is charged at the end of short time intervals (e.g., weekly). Then, on top of this baseline premium,
penalisations in the form of extra charges are added depending on the number of dangerous telematics
signals that have occurred. In other words, high-risk driving behaviour can be identified and penalised
dynamically. The issue with this pricing scheme is that if the insurer wanted to preemptively assess the
risk of a driver at the start of a given interval, they could only base this on information provided by
traditional risk factors since the signals (or the lack thereof) for the interval in question would not have
been observed.

In this paper, we suggest a pricing scheme that allows the insurer to dynamically benefit from data
from previous telematics signal counts to determine a more accurate premium. Indeed, by predicting
the signal count to be observed on a given period based on past information, a classical pricing structure
can be implemented. The idea is to combine traditional risk factors and signal predictions to charge a
premium at the beginning of a covered period. Hence, our approach allows the insurer to charge pre-
miums preemptively (as classical approaches would) while benefiting from past telematics information.
Furthermore, as the period ends, the insurer acquires new telematics data in the form of mileage, signals,
or more broad information, such as the time spent driving at night. By having access to such variables,
the insurer is able to adjust the previously charged premium based on the observed driving patterns of
the client. In other words, new telematics data impacts the total premium charged in two ways. First, the
data enable better prediction of future signals and thus can adapt the preemptive premium for an unob-
served period. Second, the data allow the insurer to adjust the previously charged premium by including
observed telematics data.

In terms of the telematics signal predictions used in our pricing scheme, we choose to adapt a bonus-
malus system (BMS), which has been studied alongside telematics data in the form of mileage (see
Lemaire ez al. (2016)). We believe this is a natural implementation. The telematics signal pricing scheme
and the bonus-malus approach share a similar goal in rewarding (or punishing) drivers based on the
occurrence of events (or lack thereof). Furthermore, most bonus-malus scores are designed for claim
counts, which, like signals, are punctual events. It is worth noting that, with a higher frequency of obser-
vations, the bonus-malus structure can be more dynamic as we can allow it to change over a shorter
period (its value could change every week rather than every year).

To summarise, this paper proposes a dynamic pricing scheme allowing the insurer to charge premiums
before telematics information is observed. Moreover, as information is collected through telematics
signal events, weekly premiums are updated dynamically through a bonus-malus score. For a graphical
depiction of our approach, see Figure 1.
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Figure 1. Flowchart of a weekly telematics signal BMS ratemaking scheme.

e

We present our findings as follows. In Section 1, we review the literature on telematics ratemaking,
telematics signal applications, and BMS credibility models. Section 2 showcases the statistical frame-
work of our model, focusing on the step-wise implementation we suggest. In Section 3, we consider a
numerical application of our framework to a case study, where we provide results in terms of goodness-
of-fit and discriminatory power, along with numerical examples of a billing procedure. Finally, we make
concluding remarks and comment on possible extensions.

2. Background

The research on ratemaking modelling for motor insurance has dramatically evolved in recent years,
especially, in terms of risk selection such as in Vallarino et al. (2023), where Shapley effects were con-
sidered, or in terms of novel methods to incorporate data in pricing, for example, through the generation
of driving and accident data (Kim et al. (2023)) and through the inclusion of open claims in predictive
models (Okine (2023)). In addition to these examples, a growing trend of publications has focused on
telematics data applications. Some of the earlier papers focused primarily on distance travelled to mea-
sure risk; for example, in Ayuso et al. (2014) and Ayuso et al. (2016a), the distance travelled before
an at-fault claim is observed was analysed through a Weibull distribution. Later, Boucher et al. (2017)
considers generalised additive models (GAMs), including distance travelled and the exposure time as
covariates measuring the risk of an accident.

Other authors have focused on more broad telematics data leading to big data applications. In this
context, machine learning methods with telematics data were introduced by Wiithrich (2017). Since then,
various contributions have been made using similar methods. For example, in Baecke et al. (2017), data
mining techniques were used to show that telematics data can improve risk selection. While in Gao and
Wiithrich (2018), speed—acceleration heat maps were developed using neural networks. Their approach
was further studied in Gao et al. (2019), where they showed the advantages of considering the telematics
covariates they studied compared to traditional rating factors.

Alongside research on telematics data as previously mentioned, signal implementations for actuarial
applications have been developed. This is due to strong indications that the occurrence of certain events
has an impact on accident risk. For example, in Ma et al. (2018), the authors demonstrated that sudden
acceleration and braking influence the accident rate. Additionally, Quddus (2002) also found that specific
telematics signals, such as rapid acceleration and sharp turns, are correlated with accident risk. Also
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worth mentioning is the analysis by Stipancic et al. (2018), where locations with a high rate of braking
and acceleration proved to be indicative of higher accident rates. More recently, Huang and Meng (2019)
concluded that driving habits (including certain critical events) impact the frequency of accidents.

Let us discuss the research developed so far in an actuarial context. In this regard, some papers
have focused on the prediction of signals using other telematics and traditional covariates (see Sun et al.
(2021) and Guillén et al. (2020)). Both papers benefited from the high-frequency setting of signals when
performing their analysis. Later, in Guillén et al. (2021), one of the first pricing schemes using signals
was put forward, where penalisations were applied when dangerous events occurred. More recently,
Henckaerts and Antonio (2022) published the first ratemaking application with telematics data that
included a profit and retention analysis. In parallel to these publications, another strand of the litera-
ture has focused on credibility applications using past signal observations. But, before we discuss these
papers in detail, let us briefly review relevant literature.

As part of our paper, we refer to bonus-malus credibility models popularised by Lemaire (2013).
These credibility models incorporate a bonus-malus score to summarise the history of an insured and
modify the premium accordingly. At the end of an insurance contract, this score will decrease if the
insurer does not make claims and will increase otherwise. Currently, these methods have proven to be
flexible and have been adapted to several contexts and pricing issues. An example is given by Dizaji
et al. (2023), where an adaptation of BMS was considered for long-term health insurance. Another
example is given by Xiang et al. (2023), where the authors adapted a BMS to a cybersecurity setting.
Also, in Yanez et al. (2023), a BMS was adapted to a micro-level loss reserving context. Meanwhile,
dependency structures have been adapted to BMS models, such as in the paper by Oh et al. (2023),
where a copula was considered to accommodate the dependence between claim frequency and sever-
ity. Likewise, in Verschuren (2021), premiums from different products were incorporated into a BMS
structure through multiple scores. Furthermore, other contributions have adapted BMS models to solve
complex problems in the context of Property and Casualty insurance. For example, Boucher and Inoussa
(2014) generalised the approach to better adapt information from policyholders who had been protected
for long time periods. Similarly, in Cao ef al. (2023), a BMS was incorporated into an evaluation of
reporting and underreporting strategies from insured clients. We can also cite Boucher (2022) when a
method to recreate the past history of policyholders was developed when this information was missing.
This application redefined a BMS within the generalised linear models (GLM) framework.

With this context in mind, let us discuss the applications of telematics signal credibility that have been
researched. To our knowledge, currently, there are only two published papers that incorporate signals
or near-misses in a credibility context. On the one hand, Denuit er al. (2019) designed a multivariate
credibility model for telematics signals. This model provides a credibility-based mechanism that updates
a random vector containing both signals and claim counts. Furthermore, the authors provided methods
to combine multiple signals into a single score or consider them separately. Their numerical analysis was
based on discretised mileage under risky conditions, such as night driving. On the other hand, Corradin
et al. (2022) proposes a mixed Poisson model for signals, where one of the key contributions is to allow
their model to include non-integer signals, for example, proportions or continuous measurements.

There are several differences between this present paper and these propositions. The first is that claim
count credibility is treated separately and in a different context. In our context, traditional claim count-
based credibility cannot be directly considered due to the short observation period of the dataset that
contains telematics signals. Instead, claim count data are extracted from historical records with lengthier
observation periods but without telematics observations. This is the context from Guillén et al. (2021)
and is expanded and reexamined in this present paper by providing credibility structures that better
capture the individual risk of each driver in the historical records. Consequently, our claim credibility
approach is ideal for insurers with access to historical records with lengthy observation periods and
shorter-term telematics datasets with few to no claims. The second difference is that we design a two-step
process that allows risk to be evaluated at two stages of development: the beginning and end of weekly
intervals. The first evaluation shares many similarities with Denuit ez al. (2019); however, rather than
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considering a mixed model, we consider the framework from Boucher (2022) where a bounded BMS is
added as a covariate. In fact, the bounded structure showcased in this paper proves particularly relevant
when adapted to our case study. However, it is worth noting that a similar bounded structure could be
adapted to the mixed models presented by Denuit et al. (2019) and Corradin et al. (2022). Regarding
the second evaluation at the end of the interval when signals have been observed, we refer to the pricing
scheme by Guillén et al. (2021) but expand upon it by including the preliminary evaluations from the
next unobserved week. Consequently, this paper significantly expands upon the pricing scheme from
Guillén et al. (2021) by incorporating credibility-based predictions from historical data and by adding
a bounded BMS approach to predict telematics signals.

3. Ratemaking schemes with telematics information

In vehicle insurance, the more significant portion of historical datasets does not include telematics vari-
ables, since, in the past, pay-as-you-drive (PAYD) and PHYD products were not offered, and there was
no real need to collect this information. Comparatively, datasets that do contain telematics information
are often very large due to the detailed data collected. For instance, for any given driver, rather than
having global information for a long observation period, dense and detailed weekly information for a
shorter time span is gathered. In general, telematics datasets are often smaller regarding the number of
drivers and have shorter observation periods but are rich in detailed data. Given the low frequency of
claims in P&C insurance, insurers may need to draw information from both the historical data (that does
not have telematics information) and the newer information collected from an onboard device (OBD).
However, there is a discrepancy between the data points as the historical data may be collected annually,
while the telematics data may be collected in shorter intervals (daily, weekly, etc.). For our paper, we
follow the approach from Guillén et al. (2021) to solve this issue, which has the benefit of leaving telem-
atics count data unchanged. However, if a telematics dataset is sufficiently large in terms of the length of
the observation periods, the need to complement it by drawing information from older datasets without
telematics data may become optional.

Let us showcase the statistical framework of our pricing scheme through five subsections. In the first
one, we provide an introductory GLM framework that is later used as a baseline to compare our results.
Then, in the next two sections, we introduce weekly telematics information to our model. Subsequently,
we link the previous subsections to present our full ratemaking scheme. Finally, a Gini index application
for motor insurance is considered to analyse the quality of our pricing method.

3.1. Traditional claim modelling

Let us assume that D™ is a historical dataset from drivers for the periods where no telematics data were
collected. Also, let Y be the number of observed at-fault claims of driver i during the total coverage
period in weeks, denoted by th), fori=1,2,...,1( denotes the total number of drivers). Furthermore,
when a new policy is signed, other than the duration of the contract, some information becomes available
to the insurer in the form of static covariates within the exposure year, such as the power of the car or
the age of the driver. Let X; be the vector containing each client’s information.

In a ratemaking context, claim count models are often introduced through a mean parameter, as
this classical structure allows for a streamlined computation of the pure premium. In particular, we
also consider a logarithmic link function to have a multiplicative effect on the risk factors, which is
particularly valuable when interpreting the impact of each covariate. With these considerations in mind,
let the mean parameter for claim counts be:

pyn =E [YP] X, WP]=W"exp (X/B), fori=1,...,1I, (D)

where B is the parameter vector that combines linearly with X;. Note that in (1), unlike in more tradi-
tional definitions, the exposure is measured in weeks, not years. In addition, this model structure can be
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incorporated into distributions that are members of the exponential family, such as the Poisson distribu-
tion or the Negative Binomial distribution. More specifically, the latter distribution’s mass probability
function is given by:

w_ o TO+1/o) <ou,- )( 1 )”"
P (Y, —y|“““)_r(1/a)1“(y+1) ltow) \1+ow) ~ *

where w; is the mean parameter and the standard deviation is (u + o 4*)%3. In terms of the parameters
the model uses, o is homogeneous among drivers of the portfolio, while the mean parameter varies
according to the covariates in hand.

Once the framework of a GLM has been defined with our notation, we introduce telematics
information into the model.

3.2. Predicting claim counts with observed telematics information

In this section, we re-introduce the approach from Guillén et al. (2021) with a notation adapted for our
credibility pricing extension. In particular, we focus on predicting claim counts, assuming telematics
information has already been collected. This is an important distinction, as in the traditional model
showcased in Section 3.1, insurers can make predictions and charge a premium before the coverage
period is observed. However, in this section, the insurer would first need to observe the telematics data
(i.e., the coverage period) and then charge a premium accordingly. Given this is one of the core issues
we discuss in this paper, from here on we distinguish between models that allow insurers to charge
premiums before and after telematics data are collected. On the one hand, the mean parameter for models
conditional to observed exact telematics data for a given period is denoted by p™. On the other hand,
the mean parameter for models conditional to predicted telematics data for a given period is denoted
by u.

More specifically, in this section, we put forward models for observed telematics signals through three
cases. We begin by introducing an optimistic case in Subsection 3.2.1, where an insurer has collected
telematics data throughout the duration of the various contracts from drivers of a traditional dataset, akin
to the one showcased in Section 3.1. In this context, telematics signals are summarised as an average per
kilometre driven, while kilometres serve as exposure measures. Then, in the second case (Subsection
3.2.2), we reexamine the model from Subsection 3.2.1 in a less ideal scenario, where an insurer has
access to a historical dataset without telematics information. However, in contrast, they have access to
a distinct, more recent dataset where drivers are monitored through an OBD. In this situation, signals
and kilometres driven from the telematics dataset are transferred to the historical dataset. Finally, in
our third case (Subsection 3.2.3), we reprise the previous context, where telematics information is only
available in a recent dataset and not in a historical dataset. However, our goal is not limited to merging
the datasets, as we also want to consider signals as count variables and not averages over kilometres
as in the previous two cases. We achieve this by constructing a dataset with the same number of data
points as in the more recent telematics dataset. Consequently, by allowing weekly signal counts to be
considered as covariates, we can develop a weekly PHYD billing scheme with telematics data.

3.2.1. Case 1: Telematics information available in a historical dataset

Ideally, the insurer would have gathered telematics information for a long period of time, for instance, in a
historical dataset D™ In this context, for this observation period, let us introduce telematics information
in two forms: first, the kilometres driven and second, a signal event such as hard braking or acceleration.
Accordingly, let T and M be, respectively, the kilometres driven and the observed number of signals
in D™ for driver i. Then, we can compute ﬁih), the signal frequency per kilometre, which measures
the risk of each driver by profiling their driving behaviour. Consequently, let the mean parameter for
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Y" € D® be such that,

+ _ (h)
i =E[¥!

h h h
X, W, T, M|

=Texp (X/° + 1,5

., M
=T"exp | X/BY + TT'h)ﬂ(”’) , fori=1,...,1, 3)

where, similarly, 8 is the parameter vector that combines linearly with X;, while 8 is the parameter
that combines with the signal frequency per kilometre. The variables used for this case are summarised
in Figure 2.

3.2.2. Case 2: Completing uncollected signal events from a historical dataset with newly acquired telematics
data

Let us leave aside the ideal scenario we covered in the previous section, as the insurer may only have
collected telematics data for a relatively short time. Therefore, suppose that telematics information has
not been collected in D*. However, in a later period, drivers from the historical dataset are monitored
with an OBD, and their telematics information is collected weekly. Let D be this new telematics
dataset where, for each driver, i, telematics data are collected for Wf’) weeks. Moreover, let us define
the following variables for this new granular dataset,

. Z(’)' the claim counts for driver i during week j,

N;; 0 : the telematics signal counts for driver i during week j,

. U“) the kilometres driven by driver i during week j,

. E(’) the exposure in weeks for driver i during week j (1 week in this case),

. Kf;) = N,?/U): the telematics signal per kilometre ratio for driver i during week j,

fori=1,...,Jandj=1,...,W".
Then, for each driver i, let us introduce the aggregated version of the previously defined variables
over W weeks, such that.

wo W(z) W(t) W(r) W(f)
(1 § (1) o) — § (U] () § (1) o § (n E
Yi - ZIJ ’ Mi - NtJ 4 7‘1 - UI‘] 4 VVt E 1
j=1 j=1 j=1 j=1
fori=1,...,1.

Furthermore, we should bear in mind that in this second case neither 7" nor M are available in
D™, In this context, we consider a non-parametric credibility approach through a Biihlmann-Straub
framework (see Bithlmann and Straub (1970)) to compute the (¢)-equivalent of K,-(h) and T,.(h) given data
from DY, In particular, we extend this approach to allow for unbalanced data in terms of the observation
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period, given that in D, each driver i is observed for W” weeks. Considering this, let the (#)-equivalent
kilometres driven and the telematics signal per kilometre ratio in the historical dataset be given by:

Ti*(h) — CiT,('t) +(1-2) T(t),
K" =K +(1-£) K,
where,
AN
T(f) — 21{:1 Ti(t) I?(z) _ Zi:] Zj:l N,(’,

] ) (1) ’
X W YL YUY

Ly

Inaddition, let s and 57 be the expected value of the process variance and let o and o7 be the variance
of the hypothetical means (respectively 7" and K\"). With these assumptions, let the credibility factors

be given by:
1 1
&= - 2 &= - 2
1+ W(—ing 1+ Wi}g
where
1 Wi (w0 ? ! w ~n2
L_TLTh (T XL U (K R
¢ = ] ’ €= 1 ’
X (W =1) X (W =1)
) (=0 =0\ ~ ~ 2
b —(I - 1)S( + Zi:l <T: —-T ) - - - 1)S§ + le':l Ti(l) (Klfl) _ K(t))

k]

(1)
1 (1) Wi
Zi:l Wi (1 Ty IW@)
i*=1 "7

Assuming that on average drivers behave similarly in terms of the telematics data collected for both
D® and DY, we can incorporate the missing telematics information from model (3). More specifically,
we can re-introduce the mean parameter for Y € D* such that,

C9) h h h h
W =E[Y" X, WP, T, K]

I "
Zi:l Ti (1 Y] @

=1 Tix

=T "exp (X/BY +K;"p™) fori=1,...,1, 4)

where, similarly, 8% is the parameter vector that combines linearly with X;, while 8 is the parameter
that combines with the telematics signal frequency per kilometre. The variables used for this case are
summarised in Figure 3.

3.2.3. Case 3: Telematics signals as count covariates in a merged dataset containing historical data and newly
acquired telematics data

In the previous section, we covered case 2, where we dealt with the missing telematics data in the
historical dataset by replacing the kilometres driven and signal counts per week in D™ by credibility-
based values from the telematics data from D®. In other words, by extrapolating the telematics data from
DY to D™, we were able to complete the missing information from the latter dataset. In this section, in
addition to obtaining a merged dataset with information from both D® to D", we also want to consider
signals as count variables and not averages over kilometres. This is achieved by ignoring the distance
driven and by obtaining a merged dataset that has the same number of data points as in the telematics
dataset, allowing each signal observation N,.(}) to be used directly as a covariate.
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Let us begin by considering the telematics dataset D”. We should bear in mind that although we do
have access to weekly claim counts Z,%-), the time frame in which data were collected for D® may be much
shorter and there may likely be few to no observed claims. In practice, this limits our ability to fit a model
considering claim counts as a response variable. To solve this issue, let us ignore the kilometres driven
and focus on E,(y , the exposure in terms of time. In addition, let us introduce ZZ}’) the (h)-equivalent
weekly claim counts for the telematics dataset. Depending on the dataset in hand, this value may be
approximated with the Biihlmann—Straub model we showcased in the previous section. However, if
the number of observations per driver in D* is low, a Bayesian approach may be more suitable. The
framework of this paper is an example of this situation, having only one claim count observation per
driver (Y,»(h)). Let us consider a Poisson—~Gamma mixture, where the conditional distribution of Y,.(h) is

given by:
(YPIWP, A) ~ Poisson (W"A),
A ~ Gamma(r,y),

where parameters » and y can be approximated by maximum likelihood estimators. Note that in the
context of a Poisson—Gamma mixture, the mass probability function of Y,-(h) becomes

y®
wr)"

Py® (yl(.h) v, r) =/ (—
! 0

Y
!

Y o
exp (—W"1) %A 'exp (—yA) dA

Yi(h) +r—1 ‘/V,-(h) Y;h> y r
Lo W'ty ) AW 4y )

Additionally, let the claim count per week ratio for driver i during the historical period be th) =
Y /W Then, let Z;;" be the (h)-equivalent claim count per week in the telematics dataset, given by:
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W % r
Z= <W.<"> ) (W-(h) + y) <;> ’ ©

where the exposure for each observation (i,j) in D is 1 week. Meanwhile, the exposure for each obser-
vation i in D® is W" weeks. This distinction is of particular importance when considering Zf;” as a
replacement of Z,-(j-) since the random component of its formula is the product of Y and 1/ W (see (5)).
In other words, the length of the observation period in the historical dataset disproportionately affects
the variance of Zu('), leading to possible issues in terms of under-dispersion. In this regard, several mod-
els for under-dispersed count data have been suggested in the literature, such as the Generalized Poisson
introduced by Consul and Jain (1973) and further developed in Consul and Famoye (1992) or more
recent generalisations such as the Conway—Maxwell model (Lord et al. (2010)). However, in the context
of this paper, these models are not well suited to model Z*(’) due to a second key characteristic discussed
below.

The second issue that arises when modelling the (k)-equivalent weekly claim counts is that, unlike
observable claim count variables, Z;, ;') € R*. Consequently, traditional count models such as the Poisson
and Generalized Poisson cannot be considered. Moreover, although it is technically possible to fit a
model with a continuous distribution, such an approach would prove cumbersome as it would hin-
der our ability to include a severity component into the model. Given these limitations, we suggest a
quasi-likelihood approach (introduced in Nelder and Wedderburn (1972) and expanded in Wedderburn
(1974)). This approach allows us to incorporate key aspects of count distributions, such as their vari-
ance function while allowing us to bypass the inclusion of non-integer values in the computation of the
likelihood.

To solve these issues, let us begin by assuming that for each observation (i,f), the exposure in weeks
is not 1 week but rather W weeks. In essence, let the extended exposure in weeks for observation (i.f)
in D be

ENO=W", fori=1,....,landj=1,...,W".

Furthermore, by considering a repetitive behaviour over the W weeks, we can assume that the
extended (h)-equivalent claim counts and the extended signal counts are, respectively, given by:

(h)
Z[;(t) ZZ;ZV)E;(:) — (‘:.V)—I Yi(h) + <+> (i) ‘/Vi(h)’
‘ Wit +y Wit +y/ \v

> O >0 — A7 Oy
Nt}/’ _NL/’EL/ _Ni,i Wi i

fori=1,...,Jandj=1,..., W".

In other words, if for each observation (i,j) in D, the client would drive W,-(h) weeks instead of 1
week, Z,-:(') claims and N,-:(’) signals would be observed. Next, let us assume that the mean parameter for
Z7" € D" is given by:

/’LH—»)(:) —F [Zb(t) |X”N>(t) E»(r)]
— wesp (X8 47
(ORy Q)
= W"exp ( /B + Nl‘/ W /3(")>
= Wi(h)exp (Xi/ﬂ(x) +N:fj)ﬂ(n)) , fori= ]’ . andj: 1,..., VVi(l), (6)

where B is the parameter vector that combines linearly with X;, while 8 is the parameter that com-
bines with the weekly telematics signal counts. Note that while Nl-(}) is a count variable, in this context, it
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* Data set size: Y1y W’Em observations

+ Exposure (in weeks): 1 week

Observation (i, j) from the

telematics data set

= Claim count: ZS) claims

= Signal count: N;'(.? signals

(h)-equivalent replacement for Zf_? |

+ Data set size: Ef=1 Wim observations

Observation (i, ) from the = Exposure (in weeks): 1 week

telematics data set

+ (h)-equivalent claim count: 20 claims
i,

+ Signal count: N‘.(‘;’signals

Suppose (i, ) is observed for W:(h) weeks |

+ Data set size: 21, W}m observations

« Exposure (in weeks): W;U') weeks

Observation (i, j) from the
telematics data set

+ (h)-equivalent claim count: Z;jm claims |

= Average weekly signal counts : Nf? signals/week

Figure 4. Case 3: Flowchart of variables from a merged dataset.

is interpreted as the average signal counts over the extended exposure W.". The variables used for this
case are summarised in Figure 4.

Based on the mean parameter in (6), two models are considered in this paper. First, the well-known
quasi-Poisson (QP) model incorporates the variance function of the Poisson model, that is, V() = u,
while also allowing flexibility in terms of the choice of the dispersion parameter ¢. The main advantage
of this model is that it can accommodate over-dispersion and under-dispersion in a dataset. The other
model is the extended quasi-Negative Binomial model (EQNB) developed by Clark and Perry (1989),
which is an extension of the extended quasi-likelihood approach by Nelder and Pregibon (1987). For
this model, let the extended quasi-likelihood contribution of a single observation be:

1 1
0; (iu) = —3log [279V, ] - §¢>—'Dx(y;m,
where D, (y;u) is given by:
y —Uu
V,(u)

The main advantage of the extended quasi-likelihood by Nelder and Pregibon (1987) is that we can
incorporate a variance function with unknown parameters. In particular, as shown in Clark and Perry
(1989), the Negative Binomial distribution is a suitable candidate by considering:

du.

D (y;p) = -2 /

V() = i+ k.

Thus far, we have showcased Zi*;'), apossible replacement for the weekly claim counts in the telematics
dataset by considering a Bayesian credibility approach based on the data from a historical dataset (see
(5)). In addition, we have discussed two issues when considering this new response variable. On the

one hand, the size of the observation period in D™ may lead to under-dispersed claim count data. On
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the other hand, this new replacement is not an integer limiting our ability to consider traditional count
distributions. To tackle these issues, we suggest a step-wise approach. First, we replace weekly claim
counts with ()-equivalent values. Second, we assume that the observation period in D is extended
from 1 week to Wi(h) weeks. Third, we consider the QP and EQNB statistical frameworks with (6) as a
mean parameter.

We acknowledge the assumptions made so far are strong. However, they allow us to feed D with
the more complete data in terms of claim counts from D In an ideal scenario, we would refer to the
first case (see 3.2.1).

After focusing on models that incorporate observed telematics data in Section 3.2, we shift our
attention to Section 3.3 where we showcase models for predicted telematics data.

3.3. Predicting claim frequency with past telematics information

One of the challenges when incorporating telematics data in a pricing scheme is that, unlike traditional
rating factors, these data becomes available as the insurer drives. For this reason, in all three cases from
Section 3.2, we showcased predictive models that assume this information is known. In practice, a direct
application of models based on this assumption would lead to drivers paying a premium after a portion
or the totality of an insurance policy has been observed. Although such pricing structure would lead to
realistic PHYD insurance applications, it would be at odds with the timeline of how risks are evaluated
and rated in the industry. Put simply, generally, the insurer determines a driver’s risk profile and charges
a premium before the coverage period is observed. Hence, in this section, we aim to allow the insurer to
charge premiums before claims (or lack thereof) are observed while also benefiting from the information
provided by telematics signal counts.

First, let us assume that the insurer wants to charge a premium for a given unobserved week j.
However, since no telematics information has yet been collected for week j, we are limited in the amount
of information available. Specifically, we have access to static covariates from vector X; and past telem-
atics data in the form of signal events from previous weeks. Moreover, given that signals are count
variables, we can take inspiration from the actuarial literature to consider a credibility structure to better
incorporate this past information. Among the various methods that have been suggested, the bonus-
malus score definition in a generalised linear setting suggested by Boucher (2022) serves particularly
well as we have introduced all our models so far through a mean parameter.

In terms of the structure of this section, we begin with Subsection 3.3.1, where we put forward a
predictive model for future signal counts. Moreover, previous signal events (or lack thereof) procure
information through a bonus-malus score, used as a covariate. Then, in Subsection 3.3.2, we provide a
model for weekly claim counts similar to the one suggested in Subsection 3.2.3. However, rather than
using signal observations, we use predictions derived from our telematics signal model.

3.3.1. Weekly telematics signal modelling through a bonus-malus score

To begin, let le;? be all the available information from D for driver i up to week j (assuming that j > 1).
Thus, at the end of week j — 1, the insurer has access to telematics signal counts from week 1 to week
Jj — 1, and this information can be used recursively to predict the signal count of the unobserved week
Jj- Similarly to a claim count model, we can introduce the signal count model using a mean parameter.
Let v;; be the expected number of signals at week j, where past information is included in the form of a

BMS structure. More formally, let the expected number of signals at week j for driver i be
v, =E[N?|X,,E)=1,D} ]
=Dexp(X/y™ +y%;,.,) fori=1,....,landj=1,...,W?, @)

where y™ is the parameter vector that combines linearly with X;. We also let ¢; j—1 be the BMS for driver
i at time j — 1 for telematics signals, while y© is its linear parameter. Specifically, £;; can be computed
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with the following formula:

max {min {€;;_; — 1 (N} =0) + YN, buur} s bpin} , fork=1,2,...
by = (3
0, for k=0,

where ¢, and ¢, are, respectively, the maximal and the minimal value of the BMS score. In addition,
1() is the indicator function, while the jump parameter is given by . It is important to mention that
BMS formulas are not unique; indeed, many forms have been suggested in the literature. We chose a
particular formula for use in our case study, although we encourage actuaries to include the structure
better suited to their particular dataset. For reference in this matter, we recommend the book by Lemaire
(2013). In the context of this paper, the performance of our BMS credibility structure is assessed by
comparing the results with a random effect Poisson—-Gamma mixed model for longitudinal data, known
as a multivariate Negative Binomial model (MVNB). We provide a summary of the key features of this
benchmark model in the Appendix, purposely considering the notation used so far in the paper (see
Appendix A.1).

Given that the model from this subsection uses exclusively information known before a given week
is observed, we can predict unobserved signal counts. This property is put to use in the next Subsection
3.3.2, where a claim count model is put forward.

3.3.2. Including telematics signal predictions as covariates for a claim count model

Let us recall the claim count model that includes signal events as counts (see equation (6)). In this con-

text, by placing ourselves at the start of week j, Nf;-) becomes unobserved. In this scenario, we are unable

to compute the mean parameter directly. However, we can incorporate predictions based on predictions

of signal counts by assuming that:
NO =y,

ij ij>

fori=1,....,landj=1,...,W".

Note that, given that the expected number of signal events uses additional information other than the
one derived from X; we can include it as a covariate to potentially improve our predictions. Let the mean
parameter of the claim count model at the start of week j be:

1“) —FE [Z>(t)| X,,N’“) E»(r)]
=F [Yi(h)| Xis Ni:(t) W(h) E»(r) W(},)]

— W(h)exp (X /a()r) +N>() (n))

)
= Whexp (X a4 vi;Wi a(n))

W(h)

=W"exp X/ +v;a0”), fori=1,...,Jandj=1,...,W", 9)

where, similarly, & is the parameter vector that combines linearly with X; and a™ is the parameter
that combines with v;;. It is important to note that the mean parameter in (9) assumes that the telematics
signal N,-;(” has been observed and its value is equal to v;;. We do not consider the joint distribution of
vector (Z,-:('), N’ (’)).

Before we continue, let us discuss some of the considerations that have to be taken into account
when introducing signal predictions into a claim frequency model. First, as indicated in Guillén e al.
(2020), not all near-miss events necessarily positively impact the increase of the claim frequency. In
other words, the occurrence of certain signal events is an indication of safe driving, which, in turn,
would lower the cost of the premium. For example, a skilled driver may perform hard braking to avoid
an accident. Thus, for these specific cases, incorporating a bonus-malus score is likely to influence the
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premium similarly (where a higher value leads to a lower premium). Note that a higher value always
leads to a higher premium in typical implementations of bonus-malus scores. Second, it is unlikely that
signal events are independent from one another. Thus, a more complex structure has to be developed,
especially if past information with different impacts on the risk is considered. We will leave this more
intricate multivariate problem for future studies.

After developing a model for claim counts at the start of a given week, we can build a pricing scheme
in Subsection 3.4, allowing the insurer to charge a premium before telematics data are observed while
also benefiting from it.

3.4. Pricing scheme
So far, we have produced models for claim counts for two stages of development. First, at the end of
week j — 1, case 3 can be incorporated (see Subsection 3.2.3) as telematics data for week j — 1 have
been collected. Second, for week j, signal counts can be predicted by considering the BMS structure
from Subsection 3.3.1. Then, these predictions can be used to predict claim counts for j (see Subsection
3.3.2). The goal of this Section is to use these models to design a dynamic pricing scheme that allows
the insurer to use as much information as possible at any stage of development of an insurance policy.

In practical terms, we follow the structure detailed in Figure 1. Based on this prediction, we begin
by predicting claim counts at the start of a given week j and charging a premium. Then, at the end of
week j, the weekly premium is recalculated with the newly acquired information. Thus, the discrepancy
between the initial and final premium during week j is charged along with the initial premium of week
j—L

Let P;; be the premium charged to driver i at the beginning of week j. Thus, for the first week (i.e.,
j=1), we have

P“ :6 . (Mi;) +Ai,0)

where C is the average cost of a claim, while A, ; is the premium adjustment from the previous week.
Given that no development was previously observed when j = 1, we set it to 0. Then, for j > 1 we have

P = C- (/,Ll(-;-) +Aij—1)

—C. (> ) )

=C- (li,j + (/’Lij—l - /’Lij—l)) >
where the adjustment A;; is the difference between the expected number of claims at time j, given
information at the beginning and at the end of the week.

Several statistical methods can be used to measure the benefits of applying our pricing scheme.
Among them, we consider a Gini index min-max strategy tailored for motor insurance ratemaking.

3.5. Gini index application for ratemaking

One of our goals is to use telematics data to identify risky behaviour and safe driving, which can be
assessed in terms of discriminatory power. A method that is often used to measure a model’s capacity to
distinguish risks is the Gini index. This index is defined as twice the area between the Lorenz curve and
the equality line. Although it is most often used to measure inequality in terms of wealth in an economics
context, researchers have adapted this measure to quantify risk discrimination for ratemaking in P&C
insurance (see Frees er al. (2011), Frees et al. (2014)).

Let us determine the Lorenz curve for two weekly pricing schemes benefiting from information pro-
vided by a historical dataset. Hence, let P,(-tl,.) and PE(}) be the premium charged to driver i for week j,
respectively, based on an alternative pricing scheme and on a baseline pricing scheme. Furthermore, let
the (h)-equivalent loss for driver i, at week j, be Q;; = C - (¥" /W")..
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Then, by letting premium relativity be R;; = (Pf-ff /PE?), the Lorenz curve for the k" premium can

be obtained through set G, = (Qk, PO, P ) which is sorted from smallest to largest, according to the
W{/)

relativities, for k=1,..., K, where K =31 S 1.

J
The baseline premium distribution is given by:

> PULR < )
S P

and the weekly equivalent loss distribution is given by:

Y QLR < )
> O

where 11(5 is the indicator function. The graph (I:“ i (W), F Q(w)) is an ordered Lorenz curve.

Fro(w) =

s

Folw)=

)

The Gini can be calculated as follows:

K—1
Gini=1-Y (ﬁ,;«» (Riv)) — Fpo (Rk)) ([VQ (Rit) + Fy (Rk)> .
k=0

In Frees et al. (2014), the authors suggest a min-max strategy to determine the best model regarding
discriminatory power. The idea is to calculate the Gini index using each model in consideration as a
baseline model along with each other competing model as an alternative. For each combination, the
Gini measures the mismatch between the baseline premium and the observed loss (in our context, the
weekly equivalent loss from the historical dataset). Furthermore, given that the alternative models affect
the ordering of the premiums in terms of risk, we can determine the vulnerability of each baseline model
to competing classifications by computing the maximum Gini index (i.e., the highest mismatch between
the baseline premium and the loss). We can then determine the claim design that is least vulnerable to
competing orderings by considering the baseline model with the lowest maximum Gini index. However,
as noted by Wiithrich (2023), selecting a model based on this criteria must be met with caution as a
model with the most optimal Gini index may not necessarily be the best in terms of predictive power.
Notably, the Gini score is rank-based and is not calibration-sensitive.

So far, we have developed a pricing scheme that incorporates current and past telematics data.
Furthermore, we have showcased the Gini index min-max strategy by Frees et al. (2014) in the context of
our paper. Let us now implement our pricing scheme to a case study using historical and telematics data
from an insurance company and measure the quality of the models considered through several statistical
measures.

4. Case study

In this section, we produce a numerical application of the models showcased in the paper. We begin by
detailing the dataset we considered by defining the variables and providing general descriptive statistics
(see Section 4.1). Then, in Section 4.2, we provide a goodness-of-fit analysis through various statistical
measures, and we quantify the quality of the models considered and the significance of the covariates
in hand. We continue with Section 4.3, where billing examples for two distinct drivers are showcased,
considering our pricing scheme as well as a benchmark scheme. Finally, in Section 4.4, we provide
results in terms of discriminatory power for all the models considered through a Gini coefficient.

4.1. Data description

The data for our case study comprises information from historical and telematics data for 641 drivers.
The policyholders are tracked weekly through an OBD in their vehicle for up to 149 weeks between
August 2016 and July 2019, adding to 7570 weeks for the whole dataset. Moreover, while tracked,

https://doi.org/10.1017/asb.2024.30 Published online by Cambridge University Press


https://doi.org/10.1017/asb.2024.30

16 Juan Sebastian Yanez et al.

Table 1. Variables description for the telematics and historical datasets.

Variable

Dataset By driver By week Name tag Description

w E!  ExpoT Exposure time in weeks

Y z! NumT Number of at-fault claims
Telematics T U DistThous Distance travelled in metres

X; X; EngineCapacity Vehicle engine capacity

Mo NO EBrakl, EBrak2, EBrak3 Braking event (3 intensity levels)

! W EAclrl, EAclr2, EAclr3  Acceleration event (3 intensity levels)

Historical Wi(h) - ExpoH Exposure time in weeks

y® - NumH Number of at-fault claims

Table 2. Descriptive statistics, by driver, for the telematics and historical datasets.

Dataset Variable Name tag Mean SD Minimum Maximum
w® ExpoT 11.81 20.84 1 149
Y NumT 0 0 0 0
T DistThous 1.80 4.40 0 42.59
X; EngineCapacity 21.71 48.44 0.42 532.99
EBrakl 22 93.61 0 763
Telematics EBrak?2 7.99 39.55 0 480
EBrak3 2.01 15.08 0 255
YO EBrak_all 32 129.96 0 1098
! EAclrl 16.45 85.15 0 1249
EAclr2 1.39 7.85 0 105
EAclr3 1.95 15.63 0 242
EAclr_all 19.80 96.46 0 1338
Historical we ExpoH 279.16 41.64 52.29 545.86
y® NumH 0.08 0.44 0 6

telematics data in the form of signal events of varying intensities are collected at the end of each week.
However, no claims were observed due to the relatively small sample size in terms of the number of
drivers and the length of the observation period. In contrast, we also have access to historical data for
each insured. Although no telematics information is collected in this latter dataset, the exposure length
is much longer (up to 549 weeks) and does contain at-fault claims.

Let us analyse the variables from the telematics dataset, which are listed in Table 1 and are sum-
marised in the form of descriptive statistics in Table 2 (by driver) and Table 3 (by week). As displayed in
the tables, two types of telematics signal events are recorded: the acceleration (EAclr) and the braking
(EBrak) events. Using similar definitions as the ones suggested in Guillén et al. (2020) and Guillén et
al. (2021), three severity levels are derived from a score comprised of values from O to 1. Regarding the
acceleration events, we set a threshold of 6m/s?, which is based on standard values from the literature.
As a reference, in Hynes and Dickey (2008), the authors suggest 5.7m/s* as the threshold for a low
peak acceleration event during rear-end impacts. We then, we calculate a ratio between 1) the difference
between the maximal acceleration reading and the first reading above the threshold and 2) the corre-
sponding timestamps of the latter readings. In terms of braking events, their severity takes into account
accelerations, given that braking can be considered as deceleration events (or negative acceleration).
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Table 3. Descriptive statistics, by week, for the telematics and historical datasets.

Dataset Variable Name tag Mean SD Minimum Maximum

E! ExpoT 1 0 1 1

z NumT 0 0 0 0

Uy DistThous ~ 0.15  0.19 0 2.72

EBrakl 1.86 6.36 0 93

Telematics EBrak2 0.68 2.71 0 33
EBrak3 0.17 1.14 0 29

O EBrak_all 2.71 8.69 0 119

Y EAclrl 1.39 7.11 0 202

EAcIr2 0.12 0.75 0 20

EAclr3 0.17 1.19 0 30

EAclr_all 1.68 7.96 0 219
S - ExpoH - - - -
Historical B NumH B 3 B 3

In addition to signal events, this dataset also contains other telematics information in the form of the
distance driven (in metres) each week during the observation period and static covariate information
in the form of the engine capacity. Finally, as previously mentioned, no claims were observed in this
telematics dataset for any driver.

We now consider data from the historical dataset, which is also listed in Table 1 and is summarised
in the form of descriptive statistics in Table 2. In contrast to the telematics dataset, the mean of the
historical dataset’s exposure (in weeks) is 23 times longer than its counterpart. Furthermore, drivers are
observed for at least a year (52 weeks) rather than 1 week, which is the minimal value of the exposure
of the telematics dataset. Hence, the total number of claims observed is 49, with claim counts per driver
ranging from O to 6 observations. In addition, for comparative purposes, although the car’s engine power
is not explicitly indicated for this observation period, we extrapolate the information from the telematics
dataset and assume it to be the same as the one in the historical dataset.

Following the framework from Section 3, we adapt our model for two telematics signals: EBrak3
and EAclr3. We chose these values as these more extreme events can be more easily interpreted as risky
driving behaviour. Furthermore, aggregated values were not considered since; for these particular events
(brakes and accelerations), distinct severity levels may impact the risk very differently (see Guillén
et al. (2021)). It is worth noting, however, that for braking and acceleration, severity level 1 events occur
much more often than level 3 events (respectively 10.9 and 8.4 times more likely to occur). Hence, most
weeks do not record level 3 severity events. Indeed, respectively, for braking and acceleration, 95, 26%,
and 95, 48% of weeks in the portfolio present none of these events. As for the rest of the weeks, the
distribution of level 3 events is very heavy-tailed, although observations with more than 15 events are
very rare. Indeed, among the 7570 weeks available, only 4 and 9 weeks have, respectively, 16 or more
level 3 braking and acceleration events. These results are represented in Figure 5.

Let us now proceed to the numerical analysis, for which data was split into training and testing
datasets. The former considers 80% of the drivers (513), while the latter considers the remaining 20%
(128) drivers.

4.2. Numerical results for the claim count and telematics signal count models

4.2.1. Probability distributions for the claim count and telematics signal count models

We begin by fitting models for the two telematics signal events incorporated into our ratemaking scheme
(EBrak3 and EAclr3). For both of these variables, we consider the Poisson and the Negative Binomial
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Figure 5. Histograms of EBrak3 and EAclr3 counts for weeks with at least one observed telematics
signal (respectively, EBrak3 or EAclr3).

distribution (see (2)). Furthermore, among these covariates, we include a BMS score computed using
the formula (8), having itself three parameters: v, £, and £,,,. The best combination of these three
parameters can be achieved through various methods. For example, one could look for the combination
that maximizes the likelihood or reduces the mean squared error. In our case study, we chose the former
approach. Moreover, we restrict the values of the minimal and maximal BMS parameters to be integers.
This consideration aligns with classical BMS models and allows for an easier score interpretation. The
optimal values for these parameters are given by Table 4. Additionally, the quality of this model is
assessed by comparing it with an MVNB model as a benchmark (see Appendix A.1). As for the claim
count models, we fit the QP and the EQNB showcased in Section 3.2.3.
With these considerations in mind, let us perform a goodness-of-fit analysis.

4.2.2. Goodness-of-fit analysis
The first models we work on aim to predict the future number of telematics signals using past infor-
mation. We use EBrak3 and EAclr3 as response variables, and we consider two covariates: the engine
power as the only static variable and a BMS as a telematics covariate. Table 5 summarises the results for,
respectively, the Negative Binomial distribution and the Poisson distribution. In the former, we observe
that all the covariates considered have a significant effect on the occurrence of braking (with a p-value
lower than 5%). As for the acceleration model, similar conclusions can be drawn, particularly regarding
the implementation of a BMS. However, the significance of the engine capacity varies given that for the
Poisson distribution, the engine capacity does not reach a desirable level of significance (p = 0.132). A
summary table for these results is included in the Appendix (see Table 9).

We now let us put forward the claim count models at the start of any given week (see Section 3.3.2).
In this context, the expected number of signals are included as covariates to predict the future occurrence
of claims. For consistency, the distributions of the models mirror the ones used in the prediction of the
signal counts. That is, the QP claim count model considers predictions from the Poisson signals model,
while the EQNB claim count model includes predictions from the Negative Binomial signals model.
Let us outline the results from Table 5, which contains the z-tests for the EQNB and the QP model that
include EBrak3 counts. We note that both the engine capacity and the mean of the previous model are
significant (with a p-value lower than 5%) across both models. Meanwhile, similar conclusions can be
drawn when accelerations are used instead of braking (see Table 9 from the Appendix). Based on these
first results, in the context of our case study, a BMS provides valuable information in the prediction of
claim counts when telematics data have not yet been collected.
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Table 4. Bonus-malus parameters for EBrak3 and EAclr3 events.

EBrak3 EAclr3
NB NB' PO PO’ NB NB' PO PO’
W 5.50 6.26 3.16 3.67 8.44 9.66 4.21 4.22
Lin -2 -2 -2 -2 -3 -3 -3 -3
L 6 7 5 6 9 10 10 10

Denotes distributions without traditional factors (X;).
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Table 5. Z-tests for EBrak3 count models and claim count models using EBrak3 predictions and

observations as covariates.

Timeline Response Distribution Covariate Estimate Std. Error  z value  Pr(> |z|)
v intercept —2.269 0.245 —9.244 <0.01
NB EngineCapacity —0.457 0.140 —-3.265 <0.01
BMS 0.702 0.019 36.996 < 0.01
EBrak3 o 0.549
v intercept —2.325 0.140 —16.632 < 0.01
PO EngineCapacity —0.276 0.070 —3.920 <0.01
Start of BMS 0.810 0.017 48.672 < 0.01
the week W intercept —7.829 0.103  —76.374 <0.01
EQNB EngineCapacity = 0.122 0.049 2.475 <0.01
v 0.213 0.041 5.216 <0.01
NumH K 1.509
W intercept —7.796 0.102 —-76.202 < 0.01
QP EngineCapacity  0.154 0.048 3.210 <0.01
v 0.236 0.037 6.400 <0.01
W intercept —17.736 0.100 —=77.157 <0.01
EQNB EngineCapacity ~ 0.094 0.049 1.905 0.028
EBrak3 0.060 0.024 2.455 < 0.01
End of NumH K 1.543
the week u intercept -7.693  0.100 —76.786 <0.01
QP EngineCapacity  0.124 0.048 2.587 0.01
EBrak3 0.059 0.022 2.672 <0.01

We can now focus on claim count models with information updated by telematics data. In this sce-
nario, rather than predicting the signal counts, we can use the actual values observed during the week
(see Section 3.2.3). Yet again, we choose a distribution based on the one used in the two previous steps.
Let us start by analysing Table 5, which summarises the results for the EQNB and the QP models when
EBrak3 is considered as a covariate. We note that EBrak3 is statistically significant in terms of the test
performed for both models, having a p-value lower than the 5% threshold. This is also the case for the
engine power. Regarding models that incorporate accelerations (see Table 9), we note that the p-value
for EAclr3 is higher than the 5% threshold, implying that this telematics signal is not significant for
these models. This contrasts the results from the model at the start of the week when data from past
observations were used instead. The difference between these two conclusions could be explained by
the fact that the previous model uses more information (1 week vs. all the past weeks). Furthermore, in
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Table 6. AIC for the telematics signal and claim count models.

EBrak3 EAclr3
Distribution With BMS  Without BMS  With BMS  Without BMS
PO 3002.98 7971.91 3046.86 7841.78
NB 2334.64 3452.57 2258.67 3217.64
MVNB 7974.26 7994.36
PO’ 3018.25 8225.55 3047.20 8061.04
NB' 2342.16 3511.16 2262.12 3268.71
MVNB' 8229.45 8184.86

fdenotes distributions without traditional rating factors (X;).

this step, we only considered one telematics covariate: the signal in question. Insurers would likely have
obtained much more telematics data, which could be used to improve the model at this step.

In addition to the significance tests performed, we also compute the Akaike information criterion
(AIC) for the signal models. These results are showcased in Table 6. We also provide the AIC of vari-
ous benchmark models. Specifically, we consider models that do not include signals information while
mirroring all the other aspects of their counterparts (in terms of distribution and covariates used) and an
MVNB longitudinal model. We note that for all models, the inclusion of a BMS reduces the AIC and
thus provides better models. This is consistent with our findings from the significance test. Additionally,
we note that the benchmark credibility model yields the least desirable results in terms of the AIC. The
poor performance of this model could be attributed to the higher prevalence of outliers when modelling
telematics signals comparatively to modelling claim counts (see Figure 5). In essence, a particularly
high count of EBrak3 or Aclr3 events during a specific week (e.g., 10 observations) may indicate an
increase in terms of risk. However, one may not necessarily observe similar extreme values in the weeks
to come. In contrast to the MVNB model, the suggested capped BMS model is better suited to handling
such increases. This feature is showcased through the optimal BMS parameters from Table 4, where
observing 2 to 3 events is enough to cap the value of the BMS.

In addition to the statistical measures already mentioned, we perform a 5-fold cross-validation analy-
sis by fitting and measuring the mean squared error of all the models considered thus far. For each fold,
80% of the drivers are used to fit the models, and the remaining 20% are used to validate the results.
Results are displayed in the Appendix, respectively, for EBrak3 and EAclr3 events in Table 10 and in
Table 11.

Let us first discuss the results from the telematics signal count models. We note that, unlike the
conclusions drawn thus far, the performance of the BMS model is mixed. For EBrak3, BMS models
outperform their counterparts in the first three folds, and in the fourth fold, only the full BMS Negative
Binomial model outperforms its counterpart. For EAclr3, BMS models perform well only in folds 2 and
4. Nevertheless, BMS models overall perform better than the MVNB model, matching the conclusion
drawn from the AIC analysis. In contrast, results for claim count predictions are much more homoge-
neous. For each model considered, the inclusion of either predicted or observed signals provides better
results.

Overall, our BMS structure is better suited for predicting braking events than acceleration events.
This implies that our approach should be selectively considered depending on the telematics signal at
hand. Furthermore, when modelling claim counts, the telematics signal’s predictive power should also
be considered. Specifically, in our case study, including EBrak3 events to predict claim counts is relevant
overall, either as a predicted value or as an observation.

Having carefully examined the models’ performance, we now analyse the discrepancy between the
predictions from models at the start and at the end, of any given week.
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Table 7. Simulation of the total claim counts in the test dataset.

Quantiles

Signal Dist. Timeline Mean SD 1% 5% 10% 25% 50% 75% 90% 95% 99%
start 221.19 16.63 184 194 200 210 221 232 243 249 261

NB end 219.22 16.61 182 192 198 208 219 230 241 247 259
NB start 220.39 16.59 183 194 199 209 220 231 242 248 260
EBrak3 end 219.37 16.57 182 193 198 208 219 230 241 247 259
PO start 24466 15.63 209 219 225 234 245 255 265 271 282
end 24290 1556 207 218 223 232 243 253 263 269 280
PO start 24396 15.69 209 219 224 233 244 254 264 270 282
end 242.66 15.54 207 217 223 232 242 253 263 269 279
NB start 22247 16.71 185 196 201 211 222 234 244 251 262
end 219.61 16.64 182 193 198 208 219 231 241 247 259
NB start 22247 16.71 185 196 201 211 222 234 244 251 262
EAcl3 end 219.61 16.56 182 193 199 208 219 231 241 247 259
PO start 24950 15.83 213 224 229 239 249 260 270 276 287
end 24325 15.58 208 218 223 233 243 254 263 269 280
PO start 248.43 15.78 213 223 228 238 248 259 269 275 286
end 243.10 15.56 208 218 223 233 243 254 263 269 280
Observed 223.57

fdenotes distributions without traditional rating factors (X;).

4.2.3. Simulation of claim counts

In this section, we assess the impact of predicted and observed telematics signals on the premium. To
this end, we simulate the distribution of the total claim counts based on models at the start and at the
end of any given period with the two models we have showcased, the EQNB and the QP. It should
be noted that these models are based on the quasi-likelihood and do not have an intrinsic distribution.
Hence, we aim to produce simulated results based on distributions that incorporate the results from
these models. Our first proposal is to consider a Poisson model with the QP’s coefficients from Table 5,
essentially incorporating the values of an equidispersed QP. We also propose a Negative Binomial model
that integrates the mean parameter’s coeflicients of the EQNB (see Table 5) and its approximation of
the dispersion so that the standard deviation in (2) becomes (i + « 14*)°>. Moreover, some variations
of these models are considered. These are based on the signal considered (EBrak3 or EAclr3) and the
omission or inclusion of traditional factors.

This analysis is performed on the test dataset with models fitted on the entire training dataset, essen-
tially, simulating 100,000 iterations of a portfolio consisting of the telematics and traditional factors
from drivers in the test dataset. Purposefully, we consider the extended exposure (i.e., E,;m =W") for
our simulations in order to better illustrate visually the distribution of claim counts, as considering a
weekly exposure would lead to an extremely low count of simulated values (mostly O for the whole port-
folio). Results from our simulation are showcased in Table 7. Additionally, simulations EBrak3 models
are illustrated in Figures 6 and 7, while simulations for EAcrl3 models are available in the Appendix
(see Figures 9 and 10).

For models derived from EBrak3 signals, the results fall in line with what one would expect from
a weekly update based on the newly acquired information, where the signals switch from predicted to
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Figure 6. Total claim counts distribution of the extended test dataset. EBrak3 Negative Binomial model
with traditional factors (left) and without traditional factors (right).
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Figure 7. Total claim counts distribution of the extended test dataset. EBrak3 Poisson model with
traditional factors (left) and without traditional factors (right).

observed. We observe a small but noticeable change in the distribution between models at the begin-
ning and end of weekly updates. This implies that using predicted rather than observed signals does not
have a disproportionate impact on the premium. In contrast, for models that include EAclr3 signals, this
change is more noticeable. This result corroborates our findings from Section 4.2.2, where the predictive
power of EAclr3 was not as prevalent. In essence, the difference between predicted and observed accel-
erations is more noticeable than for braking. Hence, our pricing scheme seems to perform better when
handling statistically significant telematics signals that can be accurately predicted through credibility
frameworks.

Following the evaluation of our pricing scheme through the simulation of a portfolio, we now look
at smaller-scaled examples by analysing the impact on the premium of single drivers depending on their
risk profiles.

4.3. Example of a billing process

In this section, we provide examples of a weekly pricing scheme using current and past telematics sig-
nal observations and compare the results with those of a baseline model. We begin by identifying and
describing two drivers for whom a PHYD product is proposed. In terms of static variables, we consider
that they share the same values. In the context of this paper, this would mean the same engine capacity
(4000 cc in this case). Also, we assume that both are new clients for which no prior driving history
has been recorded, regarding both past claims and past telematics records. Our example covers a billing
period of 2 months (or 8 weeks) in which a premium is charged weekly. During this period, signal counts
are tracked by an OBD in the vehicle. This is where we differentiate our two clients. The first driver will
produce four near-misses, either level 3 braking or accelerations, during the span of the coverage. The
second will not produce any signals. Note that if no telematics information is used in the ratemaking,
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Table 8. Pricing scheme with a EBrak3 bonus-malus model for a risky driver (profile 1) and a safe
driver (profile 2) in the context of a 2-month insurance policy.

Driver  Week (j) EBrak3 ¢,, v, C-u; C-u C-Ay,, P; P
1 0 0 002 195 1.91 0 1.95  1.90
2 1 -1 001 195 2.02 —005 190 190
3 0 450 039 211 1.91 007 219 1.90
Profile 1 4 0 350 019 203 1.91 —021  1.82  1.90
5 2 250 010 199 2.15 —0.12  1.86 1.90
6 0 6 112 247 1.91 016 263 1.90
7 1 5 056 219 2.02 -0.56 163 190
8 0 6 112 247 1.91 —0.17 230 190
1 0 0 002 195 1.91 0 1.95  1.90
2 0 -1 001 195 1.91 —0.05  1.90 1.90
3 0 -2 0 1.95 1.91 —0.04 190 190
Profile 2 4 0 -2 0 1.95 1.91 —0.04 191 190
5 0 -2 0 1.95 1.91 —0.04 191 190
6 0 -2 0 1.95 1.91 —0.04 191 1.90
7 0 -2 0 1.95 1.91 —0.04 191 1.90
8 0 -2 0 1.95 1.91 —0.04 191 190

both clients would be charged the same premium, denoted by P\”. In this example, by setting an aver-
age cost of C = 3000€ and by considering an EQNB model to predict the claim frequency, we set our
baseline weekly rate to Pf-b) =1.90€, fori=1,2andj=1,..., 8. This is equivalent to a 98.96€ yearly
premium.

We now include the telematics signal information collected in the premium computation through the
approach from Section 3.4. That is, computing a BMS score (¢;;_,) at the end of week j — 1 using the
current and past signal counts, and then, using this score (¢,;_;) to predict the signal count for week
J @.e., v;;). This allows the insurer to charge a preemptive premium before telematics data for week j
is observed (Z‘ . Mﬁ;)). Furthermore, given that j — 1 has already been observed, we can determine an
updated version of the premium with telematics data (C - ,uﬁ;)), which allows the insurer to adjust the
premium charged at the beginning of week j — 1 (4;,_). Thus, the premium at the start of week j (P;;) is a
combination of the current week’s expected cost and the correction from the previous week. In practice,
other costs, such as administrative or marketing costs, would be incorporated into the final premium.

Let us consider the Negative Binomial models from Section 4.2.2 so that the two billing schemes
can be calculated by either considering severe braking or acceleration as telematics signals. Table 8
details the pricing scheme for both drivers considering EBrak3 telematics data, while the details for
EAclr3 models are given in the Appendix (see Table 12). We also provide two figures (Figure 8),
one for each driver, representing the baseline premium (horizontal solid line), the EBrak3-BMS pre-
mium (dashed line), and the EAclr3-BMS premium (dotted line). The left side Y-axis contains the cost
of the three premiums at the end of each week. In addition, we add a histogram (vertical lines) con-
taining the number of signals observed the previous week; these values are indicated at the right-side
Y-axis.

For the first driver, we notice that the occurrence of telematics signals influences the cost of the pre-
miums paid. Indeed, the occurrence of signals impacts the BMS score, affecting the premium price the
following week (see the jumps between weeks 2, 6, and 8). Furthermore, we also note that an immediate
improvement in terms of driving (e.g., not producing signals the following week) leads to the client being
rewarded a discount. For instance, at weeks 4 and 7, there is a significant reduction from the premium
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Figure 8. Weekly billing process with a 2-month insurance policy for a risky driver (profile 1) and a
safe driver (profile 2).

paid the week before. As the driver keeps reducing their BMS score by not producing signals, the pre-
mium stabilises to a value close to the baseline premium (see weeks 4 and 5). However, this stabilisation
of the premium is better showcased by the second driver, who reaches the minimal value of the BMS
at week 3 and, from then on, pays the same premium. It is worth noting that there is no significant dif-
ference between the baseline premium and the premium paid at the minimal BMS score (the difference
being lower than 0.01€). Thus, for this case study, our BMS model is better suited for riskier drivers,
who are very rapidly rewarded for improving their driving style (by not producing signals). However,
there is no significant advantage for good drivers who end up with virtually the same premium as with
a traditional approach.

4.4. Discriminatory power through a Gini index

For our case study, we adapted this min-max strategy from Section 3.5 leading to the results from
Tables 13, 14 and 15 (available in the Appendix). For each table, several models were considered to
compute a baseline premium, and then the Gini score was obtained for each combination of alterna-
tive scores. As with our previous numerical results, we considered the Poisson/QP and the Negative
Binomial/EQNB models with and without static covariates. In the context of our pricing scheme, we
considered similar models and the same static covariates for the telematics signal and the start/end of the
week models. For example, premiums EBrak3-NB from Table 15 are computed using an EQNB model
with static covariates for the start and the end of each week. Moreover, the end-of-the-week model uses
predictions of EBrak3 events as covariates, which themselves originate from a Negative Binomial distri-
bution with static covariates. We also considered benchmark premiums that do not use telematics signal
data in their models. Finally, given that our paper focuses on frequency models, we set the average
severity (C) to 1€ for all premiums.

Table 13 compares the Gini index for benchmark models and models that incorporate EBrak3 events,
while Table 14 showcases the same models replacing EBrak3 events by EAclr3 events. Finally, Table 15
compares all models from the two other tables. Let us discuss the results. The results show that the
inclusion of the Engine Capacity as a covariate has a variable effect on the Gini score. Consequently, we
cannot confirm that the Engine Capacity allows for better discrimination power and risk identification
for every model. We also note that when a BMS credibility structure is included, the Negative Binomial
distribution is more optimal than the Poisson distribution. Yet again, we obtain a lower minimal Gini
score from models fitted with these distributions while keeping the same covariates. Lastly, across all
models (other than EAclr3 PO in Table 15), we observe that our scheme improves risk classification
when incorporated. Moreover, the overall best models are the Negative Binomial with a telematics cred-
ibility structure and without static covariates. Overall, we conclude that the BMS structure showcased
in this paper optimises the min-max strategy.
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5. Conclusion

This paper presents a new ratemaking scheme for telematics signals using an iterative approach. One of
the main innovations we showcase is including a preliminary premium based on previous signal counts.
This allows the insurer to maintain a more classical ratemaking structure, charging a premium before
a short covered period is observed. We complement this approach by updating rates dynamically in
two ways, first, by adjusting the previous premium based on the new information acquired, second, by
incorporating a bonus-malus score that supplements traditional information to better capture a driver’s
risk profile. There are several advantages to our approach. First of all, we provide the insurer with two
new tools to better understand fluctuations in terms of risk. On the one hand, it is possible to track the
difference between the premium paid at the beginning of a period and the one at the end. On the other
hand, the bonus-malus score itself can be used as a measure of risk. For example, a driver who keeps
producing dangerous telematics signals will maintain a high score, while if they drive more safely, their
score will be reduced progressively. In other words, we can incorporate the same effect of a traditional
bonus-malus scheme in a much shorter period. This benefits both the driver and the insurer, as risky
behaviour can be tracked and corrected immediately.

To better focus our attention on the main contribution of our paper (i.e., the ratemaking scheme),
several concessions and simplifications had to be made throughout the results presented. Some of them
were due to data constraints. For instance, we acknowledge there is a significant gap between the infor-
mation available from the historical dataset and the telematics dataset, particularly in terms of kilometres
driven. However, this situation may not be as uncommon currently, since ratemaking with traditional
covariates has been done for years while telematics applications are much more recent. Nonetheless,
we provide numerical adaptations in this regard, which would allow for a transition as larger telematics
datasets become available. We also did not have access to the severity of past claims, so we considered
an average cost for each claim. Although this simplification is not ideal, bonus-malus models are usu-
ally adapted for claim frequency only. Furthermore, it should be noted that both claims and signals are
punctual events. However, signals do not have an intrinsic cost unlike claims, as no loss or payments are
directly produced when they occur.

Some of the other simplifications we made can be addressed by extensions in future projects. Our
approach focused on one signal event at a time. However, in most scenarios, an insurer would have access
to various distinct events with multiple degrees of intensity. Moreover, multiple events could pose vari-
ous technical challenges and considerations (see Section 3.3.2). One of them is the issue of dependence
between the variables considered. For instance, acceleration and braking have a clear correlation, as
one could lead to the other. As such, a dependent multivariate structure would have to be considered.
Another possible extension to our research would be to survey the various forms a bonus-malus score
can take to determine the best adaption for a signal setting, as our paper only explored one structure.
Finally, in terms of the numerical methods considered, we purposely focused on parametric models that
are defined through a mean parameter to streamline the structure of our ratemaking scheme. Naturally,
at the cost of interpretability, other statistical frameworks may provide better numerical results. For
example, as a replacement for linear parameters, smoothing functions could be implemented in the con-
text of GAMs. Another example is considering statistical learning techniques such as gradient boosting
machines (GBMs).

Supplementary material. To view supplementary material for this article, please visit https://doi.org/10.1017/asb.2024.30.
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A Appendix
A.1 Multivariate Negative Binomial model (MVNB)

Let us consider a mixed random effect model for telematics signals where, for any given week j of any
given driver i in D® we have

o) ) . Ppi
Nl; 1X;, 0;, Ei; Poisson (Qi)w) ,
®; ~ Gamma («, o)

where 1,; = E{’exp (X/B%).

J
In addition, let us consider the cumulative values of A;; and nf? That is, for 0 < j* < Wf’), let these
values respectively be

j*-1 !
N =3 = Y Bl (X/8°)
Jj=1 j=1

-1

o _ § (1)
miﬁ = nij'

j=1
We can then write the joint distribution of the observed telematics signal counts as:

1 w 0]

r (m(.’) + oz) o o« L A i
p(n(t)) == [lv. < ) < ,‘/ ) 9
H C @ I8 T (mf) +1) ) Vit e H Aie F o
wo W
Ai,o = Z )"i,j’ m;, = Z mff,)
j=1 j=1

and where the vector containing all the observed telematics signal counts is given by n®” =

0] )

where
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Let us consider that a driver has been observed for j* weeks. Then, at exactly the end of week j*,
suppose that the insurer wants to predict the number of events during week j* 4 1, given the informa-
tion from week 1 to week j* (defined as 7—[](3). The conditional distribution of N,-(;l 41 given previous
observations up to week j* becomes

Mije+1
Nl HY ~NB ( Figraty —————— ) :
Nija1 + A

for 0 < j* < W, where
Tijept = O 4 My,
N1 =+ Njje.
Hence, the conditional mass probability function of N, ([)* + I'H(') is given by:
1) Ty n(.t.)*
p(nh M) = U (rijesr +n0) < Nije+1 > [ < At > W

ij*+1 .
/ r ( fy*ﬂ + 1) I ( ,J*+1) Nijer1 + A Nijett + Aijeyn

Accordingly, for 0 < j* < W, the conditional mean of N\ )*+ 1 |7—l is given by:

o+ m;
w0 e (552).

https://doi.org/10.1017/asb.2024.30 Published online by Cambridge University Press


https://doi.org/10.1017/asb.2024.30

	Introduction
	Background
	Ratemaking schemes with telematics information
	Traditional claim modelling
	Predicting claim counts with observed telematics information
	Case 1: Telematics information available in a historical dataset
	Case 2: Completing uncollected signal events from a historical dataset with newly acquired telematics data
	Case 3: Telematics signals as count covariates in a merged dataset containing historical data and newly acquired telematics data

	Predicting claim frequency with past telematics information
	Weekly telematics signal modelling through a bonus-malus score
	Including telematics signal predictions as covariates for a claim count model

	Pricing scheme
	Gini index application for ratemaking

	Case study
	Data description
	Numerical results for the claim count and telematics signal count models
	Probability distributions for the claim count and telematics signal count models
	Goodness-of-fit analysis
	Simulation of claim counts

	Example of a billing process
	Discriminatory power through a Gini index

	Conclusion
	Multivariate Negative Binomial model (MVNB)


