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Abstract

High-emission private vehicles contribute disproportionately to urban air pollution, which,
together with traffic accidents, constitutes a major public health threat and a leading
cause of death among young adults. The tension between individual driving habits and
collective environmental responsibility highlights the pressing need for strategies promoting
safer driving. This paper introduces a novel approach to evaluating road crash risk by
using air pollutants as exposure measures, thereby encouraging drivers to reduce both their
environmental footprint and mitigate their crash risk. We analyze a dataset of over 1,500
at-fault crash-related claims recorded over two years by an insurance company, merged
with detailed telematics driving data for individual vehicles. We show that emission factor
models can effectively incorporate emission-based exposure measures into crash risk models.
We also provide empirical evidence that incorporating behavioral telematics data allows
pollutant-driven models to perform as efficiently as traditional distance-driven models. The
approach reported has the potential to enhance road safety and reduce air pollution by
directly linking environmentally conscious driving practices with lower road crash risks.

Keywords air pollution; crash risk; public health; road accident; telematics; transportation



1 Introduction

Private vehicles represent a growing concern to public health, making a significant contribution to accident-
related deaths and posing serious socioeconomic challenges at both individual and national levels. According
to the World Health Organization (WHO | (2023)), road traffic injuries are the leading cause of death among
children and young adults aged 529 years, serving to highlight their devastating personal impact. Moreover,
these injuries disproportionately affect working-age individuals: for example, in 2023, 46% of road fatalities
in the EU occurred among those aged 15-49 (European Commission | (2024])). On the broader scale, road
traffic accidents have substantial economic costs, estimated at between 1 and 3% of gross domestic product
in most countries (WHO | (2023))). The impact of private vehicles is undeniable; yet despite extensive efforts

and campaigns to promote road safety, risky driving behaviors persist, intensifying the associated dangers.

Concurrent with these concerns, there has been a shift in societal priorities because of the effects of human-
driven climate change and air pollution. The land transport sector is a major culprit here, with private
vehicles making a substantial contribution to global carbon dioxide (COs2) emissions, the greenhouse gas that
drives climate change. In 2022, the domestic transport sector accounted for 23.77% of total CO5 emissions
in the EU (EEA | (2024)). In addition, the WHO reports that the sector emits other harmful pollutants,
including nitrogen oxides (NOx) and carbon monoxide (CO) (WHO | (2021))). Urban areas, where motor
vehicle density is highest, bear the brunt of these impacts: in 2022, 97% of the EU’s urban population was
exposed to fine particulate matter levels exceeding the WHQO’s 2021 guidelines (EEA | (2021))). Electric vehicles
(EVs) offer a pathway to reduce emissions; however, in many parts of the world, they remain outnumbered by
internal combustion engine (ICE) vehicles. Thus, in the 27 EU Member States in 2023, EVs accounted for

just 22.7% of new car registrations (EEA | (2024])).

In short, the sector affects public health on two key fronts: road safety, on the one hand, and air pollution,
on the other. Both are critical and have dedicated research fields in which academic debates are wide ranging.
However, the lack of access to datasets that include both accident and emission statistics severely limits their
joint study. Yet, there is great potential in so doing, as particle emissions and road accidents share many risk
factors that, if diminished, could simultaneously reduce the risk of accidents and a driver’s environmental
footprint. In this way, safer driving practices, in terms of both air quality and accident risk reduction, can

be promoted by advocating for the dual benefit of such practices. Moreover, by linking driving not only



to crash risk but also to pollutant release, insurance schemes can be designed that price driving risk and

environmental damage simultaneously.

To the best of our knowledge, this is the first paper to seek to integrate the two pivotal public health issues
affecting road transportation: road safety and air pollution. We do so by modeling road accident risk as a
function of particle emissions as opposed to relying on more conventional measures such as distance traveled
or observation period (typically referred to as ‘risk exposure’). Ours is an intuitive approach, as the literature
has already proposed a variety of alternative proxies for exposure, including travel time and, even, fuel

consumption.

As with other complex variables (e.g. time spent behind the wheel), data availability is the key limitation
when seeking to employ emissions as a risk exposure measure. Yet, recent advances in telematics mean we
can now circumvent this problem. Telematics data, gathered using on-board devices (OBD) and smartphone
applications, provide information about driving behavior and road conditions on specific routes, including
the number of kilometers driven (an exposure measure in itself), road type (urban, rural, etc.), speed, harsh
braking events, and accelerations. In studies of pollutant emissions, telematics data are helpful insofar as
they provide information about two of the three factors affecting vehicle emissions: driving behavior and road
conditions (the third being vehicle characteristics). In accident prevention research, telematics data allow

behavioral risk factors, such as the number of harsh accelerations and nighttime driving, to be identified.

The case study reported herein benefits from these recent technological advances. Specifically, we have access
to a dataset containing two years’ worth of telematics data from 17,405 drivers along with records of at-fault
accidents. We complement this information with a macroscopic emissions model, adapted to our data, that
converts telematics data into particle emission estimates. We then propose various models (ranging from
simple to more complex) to predict traffic accident risk. We provide empirical evidence that modeling the
number of accidents as a function of air pollutant emissions is as effective as modeling them as a function of

distance, with the performance of the models being similar in terms of the precision of their estimations.

This paper contributes to the academic literature by proposing an alternative and innovative risk exposure
measure hitherto unexplored in the road accident and prevention literature. In this way, we complement
ongoing research on exposure measures in road accident modeling, earlier examples of which include traffic
volume (Qin et al. | (2006); [Van den Bossche et al. | (2005))), travel time (Chipman et al. | (1992)); |Chipman et

al. | (1993)), [Pei et al. | (2013); [Shen et al. | (2020))) and fuel (Fridstrom et al. | (1995)).



From a modeling perspective, emissions represent a conceptually distinct exposure dimension that links
risk assessment with environmental externalities. This dual relevance is particularly important in light of
ongoing technological developments: advances in telematics, onboard diagnostics, and standardized emissions
modeling are rapidly reducing measurement costs and increasing availability. As a result, emissions are

becoming a feasible and scalable variable in applied settings.

The approach we report can be used, moreover, as a template for many practical applications. In insurance,
an ecological spin might be given to policies based on telematics data, with premium discounts being linked
to a client’s environmental footprint. While this would have only a minimal impact on the premium cost
for the underlying risk, it could provide the insured with ecological incentives to drive more safely. From a
governmental perspective, key metrics for the joint risk factors, capturing the amount of emissions before an
accident and the practices that reduce both effects, could be usefully included in the reports of road safety or

environmental agencies.

2 Background

Understanding the environmental and safety impacts of land transportation is critical for addressing contem-
porary public health challenges. Research focused on the prediction of pollutant emissions, fuel consumption,
and road accident risks provides both motivation and a foundation for the present study. Indeed, several
authors have hinted at the importance of considering these two major problems simultaneously. For instance,
Segui-Gomez et al. | (2011) advocated reducing the distance driven to avoid accidents, while highlighting the
potential benefits for air pollution reduction. Likewise, in the ambient air pollution survey conducted by
Anenberg et al. | (2016)), the authors called for the development of assessment tools that address both air
pollution and related health risks, including vehicle accidents. Here, our access to extensive telematics data

allows us to bridge this gap by modeling road accident risk as a function of particle emissions.

2.1 Pollutant Emissions and Fuel Consumption Predictions

Over the last 30 years, air pollution attributable to private vehicles has been studied using different statistical
methods and datasets. Researchers have focused on two distinct objectives: predicting fuel consumption

per kilometer (petrol or diesel) and estimating pollutant emissions per kilometer (CO2, NOx, CO, or



hydrocarbons). Whichever variable is studied, be it particles or fuel, the complexity of models depends on

the level of detail of the input data and the scale at which the measurements are taken.

The literature on predicting pollutant emissions and fuel consumption can be divided into two broad categories:

macroscopic and microscopic (Nejadkoorki et al. | (2008); [Nocera et al. | (2017))). Macroscopic models estimate

emissions (i.e., the mass of pollutants) or fuel consumption per unit distance using aggregate values over
large areas and long periods. For instance, government agencies such as the United Kingdom’s National
Atmospheric Emissions Inventory (NAEI) and the European Environment Agency (EEA) provide big datasets
for nationwide emissions. Other large-scale models estimate emissions based on mean travel speed, the case
of the U.S. Environmental Protection Agency’s Mobile Source Emissions Factor (MOBILE), the California

Air Resources Board’s EMission FACtor (EMFAC) and the Calculations of Emissions from Road Transport

(COPERT) (Ntziachristos et al. | (2009)). [Smit et al. | (2008a) and [Smit et al. | (2010) list other models

that incorporate traffic conditions as input variables, including the Handbook Emission Factors for Road

Transport (HBEFA; De Haan & Keller | (2004)), the Assessment and Reliability of Transport Emission Models

and Inventory Systems (ARTEMIS; [Andre et al. | (2004)) and Traffic Emissions and Energetics (TEE;

| (1996)).

In microscopic models, the goal is to measure emissions on a much smaller scale, that is, for specific vehicles,
trips, or driving cycles (acceleration, deceleration, etc.). The models vary in complexity and typically need

detailed input data, requiring engineering expertise to develop. Examples include the Comprehensive Modal

Emission Model (CMEM; |Scora et al. | (2006)), the Virginia Tech Microscopic energy and emission model

(VT Micro; [Ahn et al. | (2002); Rakha et al. | (2004))), and the Passenger Car and the Heavy-Duty Emission

Model (PHEM; Hausberger et al. | (2013)). The main limitation of these models is their reliance on detailed

vehicle parameters that can generally only be acquired directly from the manufacturer. In addition to these
models that use engineering data, scholars have developed multivariate regressions that use vehicle class and

driving pattern factors (e.g. speed, driving cycles, etc.), such as the Mobile Emissions Assessment System for

Urban and Regional Evaluation (MEASURE; [Fomunung et al. | (2000)) and the VERSIT+ model (Smit et al!
| (2007)).

Recently, the increasing availability of telematics data from global positioning system (GPS) devices, OBDs,
and smartphone applications has facilitated the collection of trip- and driver-specific information. Trip-specific

data include road type and driving conditions, while driver-specific capture behavior such as aggressiveness



and speeding. These datasets have allowed researchers to identify behaviors that affect fuel consumption (i.e.

eco-driving). Relevant studies using smartphone data include Pirayre et al. | (2022), [Yao et al. | (2020) and

[Meseguer et al. | (2017)) (for a general overview see Fafoutellis et al. | (2020))). Other studies have focused

on predicting emissions directly. For instance, Rodriguez et al. | (2023)) and [Thibault et al. | (2016) studied

behavioral profiles based on geographical data from smartphones, while [Sentoff et al. | (2015) and [Huboyo ef

(2017) developed models using data directly from OBDs.

2.2 Road Accident Risk

Studying the factors that influence road accident risk presents several challenges, primarily due to the relative
infrequency of accidents compared to more common driving events, such as acceleration and braking. This

risk can be influenced by a range of factors that include the weather, driver-specific behavior, and vehicle

dynamics. In a recent study, Wang et al. | (2025) found evidence in China of a significant association between

road accidents and extreme pollution levels.

Several studies have investigated the impact of weather on accident risk. For instance, [EI-Basyouny et al. |

(2014)) employed a multivariate Poisson model to examine how time and weather conditions influence accidents.

Similarly, Naik et al. | (2016) used high-resolution data from weather stations across the United States to

assess the effects of weather on road safety. In Finland, [Malin et al. | (2019)) proposed a Palm probability

framework to study the relationship between the weather and accident risk. More recently,
(2000)) used a generalized additive model (GAM) to analyze the combined effects of weather and congestion

on accident risk.

Road type and congestion levels are critical determinants of accident risk. |Ahn et al. | (2004) applied a

logistic distribution to examine the impact of traffic conditions on accidents. [Yu et al. | (2013)) used data

on freeway congestion levels in a multivariate model to predict accident risk. More recently,

(2021)) employed a random forest approach to identify risk factors and understand the interplay between

traffic flow and risky driving behavior. Comprehensive reviews by Wang et al. | (2013) and Retallack et al. |

(2019)) summarize this stream of research.

Advances in telematics have enabled detailed studies of driver-specific behaviors and there has been a plethora

of such research in insurance economics (Guillen et al. | (2021); Duval et al. | (2023)); Bauer et al. | (2024);

[Holzapfel et al. | (2024)); |Soleymanian et al. | (2025))). Both Ma et al. | (2018) and |Quddus | (2002)) found that




harsh braking and rapid acceleration increase accident rates. Location-based analyses also show that areas

with frequent acceleration and braking events are associated with higher accident risk (Stipancic et al. | (2018)).

In actuarial science research, telematics have been used to develop detailed driver risk profiles. For example,

|Guillen et al. | (2019) showed that specific behavioral data (e.g. speed limit violations and urban driving)

captured by OBDs increase expected accident frequency. [Wiithrich | (2017) designed speed-acceleration

heatmaps to identify driver risk profiles, while |Gao & Wiithrich | (2019)) employed a convolutional neural

network to classify telematics data, providing detailed insights into varying risk levels. Similarly,
(2019) applied logistic regression and machine learning techniques to telematics-derived data to
classify drivers into distinct risk categories. Across these and other studies, acceleration/deceleration and

speed have been consistently identified as critical factors in road accident analysis.

An essential component of accident risk modeling is the exposure measure, which reflects how long a driver
is at risk of an accident. In the literature, the most commonly used exposure measures have been either
distance driven or time (i.e. the observation period). From a macroscopic perspective, time is often used

as a simplified proxy due to limited access to detailed driver data, a common limitation in the insurance

industry (see [Ohlsson et al. | (2010)), for a comprehensive overview). From a microscopic perspective, both

distance and time have been used as exposure measures. For example, |Ayuso et al. | (2014) and Ayuso et al. |

(2016al) examined the distance driven before an accident using Weibull distributions, while |Boucher et al.

(2017) employed GAMs incorporating both distance traveled and time. Recognizing the critical importance

of employing these two exposure measures, several studies have explored the relationship between them

let al. | (2013); Shen et al. | (2020); and Chipman et al. | (1992)).

3 Methodology

Our approach to modeling road accident risk is motivated by the availability of telematics data, which have
proven to be a valuable resource in both accident risk assessment and emissions research. Figure [1| provides
a graphical overview of the data used in this study, highlighting the variables selected and the modeling

process.

Before specifying our model, it is important to describe the makeup of a typical telematics dataset and its
relevance for modeling emissions and accident risk. The variables derived from telematics data can be broadly

categorized into two groups: factors that significantly influence both accidents and emissions, and factors



that primarily impact on only one of these outcomes. A key link between emissions and road accidents is
that the primary drivers of emissions — that is, vehicle characteristics, road conditions, and driving behavior —

also play a critical role in modeling accident risk.

In conventional modeling approaches, an exposure measure, such as distance traveled, is typically included
alongside other predictors specific to estimating either emissions or accident risk. Indeed, the choice of factors

in the existing literature is strongly influenced by the availability of input data.

This study builds upon the positive correlation observed between emissions and accident risk by leveraging
the risk factors shared by the two outcomes. In so doing, our primary contribution lies in the substitution of
traditional exposure measures, such as distance traveled, with emission estimates. In this way, we model

accident risk as a function of vehicle emissions, a novel approach that is illustrated in Figure
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Figure 1: Graphical overview of the emissions and road accident risk modeling process.

After broadly outlining the impact of our telematics data on the modeling process, we next describe the
statistical methods employed in our empirical analysis. We begin by introducing the notation used for each
variable in this paper and follow this with an in-depth discussion of the probability distributions considered

in the analysis.



3.1 Statistical Framework

Let D denote a dataset containing observations from I drivers over J years, where, for each observation (i, j)
(corresponding to the i — th driver in the j — th year), the accident counts are recorded. In addition, suppose
that for each driver, static covariates describing individual and vehicle characteristics are also available. Let
us also assume that yearly telematics data capturing driving behavior and distance driven are recorded.
Specifically, we consider three distinct telematics-based exposure measures k: distance driven (k=1), estimated

NOx emissions (k=2), and estimated CO emissions (in grams) (k=3).

Based on our assumptions, for k =1,2,3 and i =1,..., ] and j =1,...,J, we define the following variables:

e Njj; the number of at-fault accidents for driver ¢ in year j,
. TI(JO) = 1 Vi,j; the exposure in years for driver i in year j,

. Tl(f), the telematics-based exposure of type k for driver ¢ in year j,

e Z;;; a vector containing additional telematics data for driver ¢ in year j,

SE
o X;; a vector containing static, non-telematics covariates for driver .

Next, we identify the statistical framework of our accident frequency models, conditional to the telematics

and static covariate vector. Specifically, we consider a classical generalized linear model (GLM) structure,

where the distribution of the response variable is defined through its mean, and we consider three different

model structures for each exposure measure (see Table |1)).

Table 1: Mean parameter (ugkj)) structure for each exposure measure k

Tag Number “EZ) formula Description
(0) Ti(g)exp (Xi{B) Benchmark model, uses time as exposure measure
(I) Ti(,];)exp (XiB) Telematics-based exposure as an offset
(1) exp (Xiﬁ +1In (Tl(];)) oz(k)) Log of the telematics-based exposure as covariate
(IIT) exp (Xg,@ +In (TZ(];)) alk) 4 Zij'y) Model (II), with the other telematics covariates

B, a®) and ~ are the parameter vectors that combine linearly to their respective covariates.
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3.2 Distributions

The Poisson regression model is the classical choice for modeling count variables due to its simplicity and
ability to account for exposure either as an offset term or as a covariate influencing the mean parameter (u).
Consequently, we adopt the Poisson model as our baseline specification and use it as a benchmark against

which to evaluate more complex, flexible alternatives.

The negative binomial regression is another widely used model for count data. Unlike the Poisson regression,
it introduces an additional dispersion parameter, which is typically set as a constant. This added complexity
allows the model to relax the equidispersion assumption inherent to the Poisson (i.e. that the expected value
of the response variable is equal to its variance). The flexibility provided by the negative binomial model

makes it well suited for overdispersed data, a common feature of low-frequency events such as road accidents.

The zero-inflated Poisson (ZIP) regression provides a method for addressing an excessive number of observations
with no events (see Tang et al. | (2014))). Specifically, the response variable is assumed to be a random draw
from one of two events: (i) with probability o € [0, 1], we assume that the observation always equals 0; (ii)
with probability 1 — o, we assume that the observation follows a Poisson distribution. The excessive-zero
component is modeled by a Bernoulli variable, which is equal to 0 when we draw from the Poisson model
and 1 otherwise. Given that the Bernouilli regression is based on the probability of the variable being equal
to 1 as a parameter (i.e., o € [0, 1]), incorporating an exposure measure as an offset to o may violate the
boundaries in which the parameter is defined (e.g. obtaining values where (o > 1). To address this, exposure
needs to be incorporated in the model as a covariate, ensuring that the probability of drawing from the

Poisson distribution appropriately reflects the driver’s level of exposure.

We next summarize the main components of each regression using the variables defined in Section [3.1] Note

that the parameters of each model are obtained by maximizing the log-likelihood function.

3.2.1 Poisson
The Poisson model is defined as in Equation :

(Ni,j|Xia Zi,jvT'(k

k k
m')) ~ PO (p;j)) , for Tz'(,j) > 0, (1)

11



(k)

where, (13" is the mean parameter of the Poisson distribution (PO) and can be defined with the structures

outlines in Table .

The mean and the variance of the Poisson model are given by:

B[Ny 1%, 2, T = ),

0,55

Var [N 1Xi, Zi, T | = ).
3.2.2 Negative Binomial

The negative binomial model is defined as in Equation :

0,59

(050 10 ) < X5 5.0, e 0, g

where ,ui()};)

and o) are, respectively, the mean parameter and the dispersion parameter of the negative
binomial distribution (NB). The former can be defined with the structures outlined in Table [1} the latter is a

constant.

The mean and the variance of the negative binomial model are given by:

k k
B [Nig X Zig, T | = i,

Var |: 1J|X15Z ,]aT(k):| = M'E,k]) —|—O'(k) (/’Lgkj))

3.2.3 Zero-Inflated Poisson

(k)

Two components define the ZIP model. We set N;; = 0 with probability o;;”. Then, we set a Poisson

distribution with probability 1 — O'(k). The ZIP distribution is defined as in Equation (|3

Zj’ 7,_]

(Mgl X025, T ) ~ 20 ()0 8))  for T > 0, (3)

where, ui(f;) and oi(’?) are the mean parameter of the Poisson distribution and the probability of not drawing
from the Poisson distribution, respectively. The former can be defined with the structures outlined in Table [T}

the latter is a function of the exposure measure, as in Equation ,

12



exp ( () 4 In (T(k)> 1[1(k))
1+ exp (wo +In (TZ(I;)) wlk))

K
Tij

, for T8 > 0, (4)

(k) (k)
0

where, is the intercept and 1);"’ is the parameter of the log of the k' exposure measure. Note that when

the exposure is measured in years and all policy holders have a complete one-year contract, we have T(O) =1,

(0)

ij & constant.

Vi,j. Thus, the log of the exposure becomes 0, which makes o,

The mean and the variance of the ZIP model are given by:

E [Ni,j|xz, Z; ,],T(k)}

(1 — il )) uit),

Var [ 551X, Z; ],T(k)] (1 (k)) ugk) (1 + 2u(k)) )

3.2.4 Combined Actuarial Neural Network

To complement the GLM and GAM approaches adopted in our case study, we also implement supervised
learning techniques. Among available options, we consider the combined actuarial neural network (CANN)
model, as proposed by [Wuthrich & Merz | (2019) to be especially relevant here for three reasons. First, its
primary strength is that it manages to combine the flexibility and pattern recognition capabilities of classical
neural network (NNs) with the familiar structure of classical regression models such as GLMs. In this way,
we can complement the information provided by a GLM. Second, given that we have already formulated our
models in terms of the mean parameter, the CANN model directly extends this structure by incorporating an
NN architecture. Third, the CANN model has already shown promising results in accident count modeling

using telematics data Duval et al. | (2024)).

To implement the CANN here, we follow the CANN-Poisson algorithm outlined by Duval et al. |(2024).
Specifically, we consider a two-layered multilayer perceptron (MLP) with rectified linear unit (ReLU) activation
functions, combined with batch normalization between the fully connected layers. For the output activation
function, we opt for the exponential function introduced by |Wiithrich & Merz | (2019)). Although Duval et al!

(2024) recommend the softplus function to mitigate the numerical instability dependent on the input data,
we find the exponential function to be preferable in our context. It allows for the seamless incorporation of
an offset component to capture risk exposure — a key aspect of our analysis — and, importantly, we did not

observe stability problems when using this function.

13



The CANN approach employed can also be summarized through the lens of the mean parameter. For example,

when complementing model (III) in Table we obtain

ug)kj) = exp <X§,B +In (Ti(,];‘)) a®) 4 Ziyy+a (X1, Zi;, 0)) (5)

where 3, a(®), ~ are the parameter vectors that combine linearly with their respective covariates. 6 are the
weight matrices and bias vectors of the MLP, which is denoted by a(-). A schematic overview is provided in

Figure 2.

loss(i, y)

Figure 2: CANN architecture for the Poisson specification. The MLP’s preactivation output value is added to
the log-linear model’s preactivation output value of the GLM component, defined as the linear combination
of parameters and covariances, before being transformed with the exponential function. The loss function is

specified as the Poisson deviance.

4 Results

4.1 Data and Descriptive Statistics

In our study, we draw on a dataset containing information about 17,405 drivers insured by a Spanish company
between 2017 and 2018. All insured were covered for the two entire years. A major advantage of this dataset

is its size, which includes over 1,700 claims at-fault reported over the two-year observation window. Claims

14



not at-fault are not considered in our study. Table [2] summarizes the distribution of claim counts per driver

for this period.

Table 2: Frequency of claims (17,405 drivers, in 2017 and 2018)

At-fault claim counts

0 1 2 3 4

Absolute Frequency 15835 1450 112 6 2

In addition to claim counts, we have access both to static covariates about each driver and vehicle and to

telematics data collected via OBDs. These data include total kilometers driven, disaggregated into three

distinct road types: Urban, Rural, and Motorway. Table |3| presents the descriptive statistics for the mean

yearly distance traveled on each road type. We observe that, on average, drivers in our sample tend to cover

the greatest distance on motorways, followed by rural roads, and to cover the least distance in urban areas.

Table 3: Descriptive statistics for the mean yearly distance driven by road type (in km)

Descriptive Road type

Statistics Urban Rural Motorway All
Mean 2,349 2,741 5,142 10,233
1st Quartile 1,311 977 1,660 5,473
Median 2,060 1,985 3,809 9,103
2nd Quartile 3,038 3,636 7,220 13,692
Standard Deviation 1,557 2,619 4,746 6,463

We further consider telematics indicators related to risk-taking behavior, namely the percentage of kilometers

driven at night and the percentage driven above the speed limit. Table [4] presents the descriptive statistics

for both telematics and static covariates, distinguishing between drivers with and without claims.

15



Table 4: . Descriptive statistics of driver and vehicle covariates

All sample Drivers without claims*  Drivers with claims

Covariate n = 17405 (100%) n = 15835 (91%) n = 1570 (9%)
Mean SD  Mean SD  Mean SD
Driver Age 29.07 4.62  29.10 4.60  28.77 4.78
Gender Male % 43.36 - 4319 - 4510 -
Vehicle Power 102.71 30.37 102.58 30.19 104.06 32.10
Km at Night % 10.02 7.80 9.89 773  11.32 8.38
Km overspeed % 3.60 6.07 3.58 6.04 3.84 6.33
Km urban % 26.39 15.93 26.21 15.89 28.23 16.22

* only claims at-fault are considered. The drivers without at-fault claims that we

consider in this segmentation could have been involved in claims not at-fault.

Based on these descriptive results, we note differences between drivers with and without at-fault claims.
Among the static covariates, the riskier cohort tends to be younger on average and includes a slightly higher
proportion of male drivers. Additionally, the vehicles of the riskier cohort generally have more powerful engines.
Among the telematics covariates, drivers with claims present a higher average percentage of night-time driving,
overspeeding, and urban driving. However, the differences between drivers with and without claims are
quantitatively very small. Specially when we take into account that the relative small size oof the cohort of

clients that declared clamis during thsi two year period.

Our data set does not contain direct measures of air pollution attributable to drivers. Therefore, we opt to

estimate these particle levels using an emission forecasting model.

4.2 Emission Modeling

We employ a macroscopic model to estimate emissions, based on emission factors provided by the UK’s
national agency responsible for reporting annual emissions, the NAEI. These factors enable us to broadly
estimate drivers’ yearly emissions by multiplying the respective factors by the kilometers driven by each
road type. As discussed, our data offer essential insights into road accident risk as they combine telematics

variables and claim counts for a relatively large population of drivers. While a microscopic model could yield
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more precise estimates, we lack access to sufficiently detailed telematics information about drivers’ trips

necessary to effectively implement current state-of-the-art microscopic approaches.

To account for differences in the national-level fleet composition between the UK and Spain, we turn to
the Ministry for the Ecological Transition (MITECO), the Spanish agency responsible for pollution reports.
Unfortunately, the MITECO does not report emission factors for cars under distinct road conditions. However,
it reports the total yearly mileage by vehicle as well as the fleet composition by fuel type (diesel or petrol)
(see Ministerio para la Transicion Ecologica | (2020)). We have summarized this information specifically for
cars during the observation period 2017-2018 (see Table @ Moreover, for comparative purposes, we have
also included the parallel table for the UK’s fleet for the same years. This latter table was constructed by
cross-referencing data from the NAIE and the "Road Traffic Estimates: Great Britain" from the Department

for Transport (see Department for Transport | (2018]) and [Department for Transport | (2019))).

For this analysis, we focus on two pollutants with substantial public health impacts: nitrogen oxides (NOx)
and carbon monoxide (CO). The choice of these pollutants are primarily motivated by air quality and public
health considerations, rather than direct greenhouse gas effects (Note, the NAIE did not report CO2 emissions
from private cars in 2017 and 2018.) The emission factors from the NAIE are summarized in Table Eﬂ
Additional descriptive statistics for our emission estimates are presented in the Appendix (see Table .
According to these emission factors, vehicles emitted the highest levels of pollutant particles in urban areas,

followed by motorways and, then, by rural roads.

Table 5: Estimated combined hot exhaust and cold start emission factors (g/km), by road type

Country Spain UK Spain UK
Year 2017 2018 2017 2018 2017 2018 2017 2018
In g/km NOx NOx NOx NOx CcO CcO CcO (610

urban  0.5536 0.5361 0.3728 0.3555 0.6705 0.5819 0.7957 0.7027
All cars rural 0.3984 0.3795 0.2798 0.2662 0.1291 0.1271 0.2607 0.2463

m-way 0.4522 0.4281 0.3537 0.3367 0.1726 0.1727 0.3078 0.2925

%Cold start’ emissions are produced when the engine and catalytic converter are not yet at their optimal operating

conditions leading to higher pollutant emissions (Reiter et al. | 2016).
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We run a bivariate kernel density estimation (KDE) for the variable pairs (km, CO) and (km, NOx), based
on the 2017 and 2018 Spanish factors, to visualize the relationship between particle emissions and kilometers
driven. The KDE for each pair is constructed using a multivariate normal distribution and a normal scale
bandwidth selector, following standard practice in the multivariate KDE literature (see, for example,
, Chs. 2-3). Figure [3| provides a graphical representation of the results using heatmaps. We
observe that the variance depends on the pollutant selected in each pair. Specifically, the pair (km, NOx)
presents a strong positive relationship: longer distances are clearly associated with higher emissions. In
contrast, the other pair (km, CO) presents a weaker association, particularly at longer distances where the

variance in CO emissions is greater.
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Figure 3: Bivariate kernel density distribution for kilometers driven and pollutant particles. Left: CO. Right:

NOx.

In short, the macroscopic model yields a linear relationship between distance driven and particle emissions,
but the strength of this association varies by pollutant. These estimates provide the emission inputs for the

accident risk models discussed in Subsection [4.3]

4.3 Road Accident Modeling

To model road accident risk using estimates of particle emissions, we first conduct a comparative analysis
of the impact of different exposure measures. We then introduce the models used for predictive analysis,
compare their predictive power in terms of goodness-of-fit, and, finally, perform an out-of-sample simulation

to compare emission-based and distance-based approaches.
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4.3.1 Exposure Measure Comparison

We compare the impact of alternative exposure measures on road accident risk. Figures[d and [] visually
illustrate these relationships. For the analysis, we split the dataset into two subsamples: one containing
driver-year observations with no at-fault reported claims, and another including observations with at least
one reported at-fault claim. Using the bivariate kernel approach outlined in Section we estimate the

density distributions for each subsample.
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Figure 4: Bivariate kernel density distribution for kilometers driven and pollutant particles in the sample

without at-fault claims. Left: CO. Right: NOx.
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Figure 5: Bivariate kernel density distribution for kilometers driven and pollutant particles in the sample

with claims. Left: CO. Right: NOx.
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Figures [4] and [5] present heatmaps for the subsamples without and with at-fault claims, respectively. Notably,
driver-year observations with at least one at-fault claim tend to exhibit a higher number of kilometers driven
and higher emissions as the mode of the distributions shifts proportionally. Additionally, consistent with
findings in Section the pollutant under observation affects the variance of the distributions: the (km,
CO) pair exhibits greater dispersion than that of the (km, NOx) pair. Visual inspection suggests that all
three exposure measures — kilometers driven (Km), CO emissions, and NOx emissions — are relevant and

provide a slightly different perspective in explaining the variation in road accident frequency.

4.3.2 Model Description

Following the comparative analysis of exposure measures using kernel distributions, we train predictive models
and evaluate the significance of covariates based on the three statistical distributions introduced in Section
the Poisson (Equation (T)), the negative binomial (Equation (2))), and the ZIP (Equation (3))). For model
development, 80% of the 2017 data is used as the training set and the remaining 20% as the validation set.
Out-of-sample comparisons in this section are therefore based on the validation data set. The data for 2018

are used in the next section. Moreover, our main results will consider the Spanish emission factors from 2017

(see Table[5).

The core driver, vehicle, and behavioral characteristics highlighted are already explicitly incorporated in our
model and more information is provided through standard telematics covariates. This is an important point:
emissions are not intended to substitute for these variables, nor to proxy for omitted driver heterogeneity.
Rather, they are introduced in addition to a rich set of controls that already capture driving style, usage, and
individual risk factors. Consequently, any incremental contribution of emissions should be interpreted as over

and above what is already explained by driver, vehicle, and telematics characteristics.

Hereon in, we opt to focus specifically on type (III) models, and we analyze covariate significance using
z-tests. Table [] presents the results for the negative binomial model, while comparable results for the other

two distributions, in terms of significance, are provided in the Appendix (Tables .
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Table 6: Negative binomial model with static covariates, telematics covariates, and exposure measures

Risk exposure measures

Years Km NOx CO

Coef. p-value Coef. p-value Coef. p-value Coef. p-value

(v intercept) -3.317 < 0.001 -5.391 < 0.001 -9.950 <0.001 -9.463 < 0.001
Driver Age -0.017 0.036 -0.014 0.094 -0.014 0.092 -0.014 0.089
Gender Male  -0.015 0.838 -0.060 0.414 -0.061 0.407 -0.065 0.379
Vehicle Power  0.003 0.002  0.003 0.019  0.003 0.019  0.003 0.022
Km Night 0.018 < 0.001 0.013 0.001 0.013 0.001  0.012 0.003

Km overspeed -0.002 0.666 -0.008 0.147 -0.009 0.136 -0.008 0.157

Km Urban 0010 <0.001 0026 <000l 0024 <0001 0014 <0.001
log (7%)) 0.752 < 0.001 0752 <0.001 0.769 < 0.001
o 1883 0021 3227  0.080 3253  0.081 3431  0.089

Across all models, a consistent pattern emerges. When using a 5% p-value threshold, the coefficients of driver
age and vehicle power stand out as significant static covariate effects. Among the telematics covariates, the
coefficients of percentages of kilometers driven in urban areas and at night consistently fall below the 5%
significance threshold, while gender and the percentage of kilometers driven above the speed limit consistently
underperform in terms of their z-test results. The non-significance of gender aligns with prior findings
indicating that it loses explanatory power when telematics variables are considered (see, for example, |Ayuso
et al. | (2014])). However, the non-significance of overspeeding contradicts the consensus presented in the
literature (see, for example, [Steg & van Brussel | (2009); Pawar et al. | (2020)), suggesting that this effect is

captured by correlated components of the model, such as vehicle power and distance driven in urban areas.

Finally, the exposure measures demonstrate substantial predictive power across all models. Having assessed
the covariates and exposure measures in our models, we can now compare model performance using a range

of statistical tools.
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4.3.3 Goodness-of-fit Comparison

We compare the performance of the aforementioned models using the Akaike information criterion (AIC)
and both the in-sample and out-of-sample mean squared error (MSE), as summarized in Table |7} Across all
distributions and evaluation criteria, incorporating any of the three exposure measures — either as offsets or
as covariates (models (I) and (ITI), respectively) — enhances the baseline models (0). Notably, treating the

exposure measures as covariates consistently reduces both the AIC and MSE across all models.

Adding telematics covariates leads to additional model improvements, as evidenced by the general perfor-
mance gains observed when comparing models (III) and (II). These improvements are consistent across all
distributions and exposure measures, highlighting the value of incorporating telematics information in these

risk models.
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The results in Table |7] show that when comparing exposure measures, all three indicators yield similar results.
However, CO is generally the most effective indicator (results highlighted in bold), albeit not significantly
improving model performance. While NOx outperforms kilometers in models (I) and (II). In model (III),
which includes all telematics covariates, kilometers, and NOx become extremely comparable both in terms of

the in-sample and out-of-sample MSEs.

The choice of distribution produces mixed outcomes with regard to model performance depending on the
evaluation criteria. Specifically, the ZIP distribution provides better results in terms of the AIC but its
out-of-sample MSE is significantly higher than those of its two counterparts, hinting at potential overfitting.
Yet, overall, the preferred model is the CANN since it provides the best results across all three statistical
measures. Moreover, all the models benefit from including more information in the training process, as models

(ITII) outperform the rest.

All the aforementioned analyses are based on Spain’s 2017 emission estimates. However, to ensure the
robustness of these findings, a sensitivity analysis was conducted by alternating the geographical emission
profiles, specifically utilizing the 2018 Spanish emission factors and the 2017 UK factors (see [5)). This
cross-year, cross-country swap allows us to assess the stability of our analyses. The Appendix showcases
Tables [I3] and [I4] which contain the results under these hypotheses. We note that our comments would

remain unchanged, signaling the robustness of our results.

We conclude that employing certain pollutants — particularly CO — as exposure measures can provide
comparable quality of models estimating road accident risk, as those that employ traditional exposure
measures, such as distance driven. Therefore, overall, our findings suggest that emission-based measures can

serve as viable alternatives for the modeling of road accident risk.

4.3.4 Out-of-sample Simulation Study

Finally, we conduct an out-of-sample simulation study to evaluate the performance of different exposure
measures in predicting road accidents. To do so, using models trained on 2017 data, we simulate total claims
counts in 2018 across 100,000 iterations. Specifically, we consider two distinct frameworks: (Model (I)), which
includes only the exposure measures (as offsets) and excludes other telematics covariates, and (Model (III)),

which incorporates all telematics variables, including the exposure measures, as covariates. For this analysis,
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we select the negative binomial distribution, as an example. Table [§| summarizes the key results, which are

further illustrated for models (I) and (III) in Figures [6] and [7] respectively.

Table 8: Out-of-sample distribution of total claim counts in 2018 for negative binomial models

Model Quantile
Dist & Mean SD

Tag 1% 5% 10% 25% 50% 75% 90% 95% 99%

KM 77991 28.69 714 733 743 760 780 799 817 827 848
(I) NB NOx 77894 2867 713 732 742 760 779 798 816 827 846

CO 77633 2830 711 730 740 757 776 795 813 823 843

KM 79156 2841 726 745 755 772 791 811 828 838 858
(IIT) NB  NOx 791.32 2838 726 745 755 772 791 810 828 838 859

CO 78849 2827 724 742 752 769 788 808 825 835 855

Observed 843

The simulation results presented in Table [§suggest that all models underpredict the total claim counts. At the
95% Value-at-Risk (VaR), only one of the six models yields a VaR equal to or higher than the observed claim
count. When comparing models of the same type (i.e., Models (I) or (III)), the choice of exposure measure
has minimal impact on the total claim count distribution: the mean, standard deviation, and quantiles are

nearly identical, resulting in similar distributions regardless of the exposure measure used (see Figures |§|

and .
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Figure 6: Negative Binomial model (I): Distribution of the total claim counts in 2018
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Figure 7: Negative Binomial model (III): Distribution of the total claim counts in 2018

Based on this analysis, we conclude that for large datasets of drivers and claims, road accident risk can be
effectively estimated using models based on either traditional distance-driven exposure measures or pollutant-
based measures, without compromising predictive quality. Moreover, models that incorporate pollution-based
exposure measures offer a unique opportunity to promote road safety by exploiting environmental arguments

to influence driver behavior.

5 Discussion

This paper introduces emissions as an alternative exposure measure in individual-level accident risk modeling
within an actuarial and telematics-based framework. Unlike traditional measures such as distance or driving
time, emissions have not previously been explicitly used in this context. Our contribution is therefore
primarily conceptual: we propose a reinterpretation of exposure that integrates environmental externalities

with established risk modeling practices, rather than introducing new estimation techniques.

A key insight of our approach is that emissions should not be viewed merely as a transformation of distance.
Although they are constructed from distance and road type, emissions embed additional information related
to driving context, such as congestion, stop-and-go traffic, and road environment. As a result, they capture
aspects of exposure quality that are not fully reflected in standard measures. Two drivers covering identical
distances may generate different emissions due to differences in location and traffic conditions, highlighting

the added informational content of this metric.
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At the same time, we acknowledge that many relevant driver, vehicle, and behavioral characteristics are
already included in the model through telematics covariates. Emissions are not intended to proxy for
omitted heterogeneity, but rather to complement these variables by providing a more integrated measure of
exposure. Even when controlling for rich telematics information, our results indicate that emissions retain

some explanatory power, albeit with modest incremental predictive gains.

Importantly, the value of emissions should not be assessed solely in terms of predictive performance. The
empirical improvements over traditional exposure measures are moderate, emissions offer a conceptually
distinct perspective that aligns risk modeling with broader societal concerns, particularly environmental
sustainability. In this sense, emissions extend the scope of actuarial modeling beyond purely financial risk to

incorporate externalities that are increasingly relevant in regulatory and market contexts.

From a practical standpoint, emissions also offer advantages in terms of data aggregation and privacy. When
information on distance, location, and driving conditions is consolidated into a single metric, emissions may
reduce the need to collect and process highly granular telematics data, such as detailed location tracking.
This has the potential to make risk modeling less intrusive while preserving key dimensions of exposure, an

aspect that may be particularly valuable in settings with privacy constraints.

We also recognize limitations related to measurement in our case study. Emissions are not directly observed
but estimated using standardized factors, which may introduce noise and reduce granularity. However, such
measurement error is likely to attenuate estimated effects, suggesting that our findings are conservative.
Moreover, existing evidence supports the use of standardized emissions models across similar contexts, and

technological advances are expected to further improve measurement accuracy and availability over time.

From a behavioral perspective, the willingness to mitigate air pollution is intrinsically linked to psychological
distance—the perceived gap between the immediate 'here and now’ and distant environmental consequences,
as discussed by [Cheng et al. | (2022) and Mir et al. | (2016)). By linking a driver’s environmental footprint to
their insurance premiums through exposure metrics, this psychological distance can be narrowed, making
abstract environmental harm feel more tangible and immediate. This presents opportunities to design
incentives that foster sustainable behavior; as noted by Riley et al. | (2021) and |Helbig et al. | (2021),
communicating pollution data to drivers via smartphones or in-vehicle devices enables flexible, targeted
engagement, even though |Haddad & de Nazelle | (2018) have shown that relying exclusively on communication

has limited impact on behavioral change. In this regard, the disclosure of emission levels is reinforced by
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monetary incentives in the form of premium reductions. This allows telematics data to influence driver

behavior in a manner analogous to road pricing (Gibson & Carnovale |, [2015)).

Finally, regarding implications for insurance markets, we emphasize that emissions are not intended to replace
existing telematics-based pricing models but to complement them. Our results do not show large changes
in premiums or loss ratios. Hence, emissions-based exposure can support the development of new contract
features, such as sustainability-linked pricing or other green projects, as insurance companies increasingly
invest in environmentally friendly initiatives (Khovrak | |2020). Labini et al. | (2025)) show that American
insurance companies are characterized by quality governance that is committed to environmental, social and
governance sustainability policies which is linked to good financial performance (see also Khovrak | [2020)).
These new eco-designed products applications are forward-looking but align with ongoing trends in regulation
and consumer preferences, suggesting that the relevance of emissions in actuarial practice may increase over

time.

In essence, emissions-based exposure can support the design of pricing and underwriting schemes that
incorporate environmental considerations alongside risk. Even in cases where predictive gains are modest,
such measures can enable insurers to differentiate contracts, introduce sustainability-linked incentives, and

align pricing structures with emerging regulatory and societal priorities.

6 Conclusion

In this paper, we have demonstrated the feasibility of assessing road crash risk by incorporating pollutant
emissions as exposure measures, thus replacing traditional metrics such as observation periods and distance
driven. We evaluated this approach using various statistical frameworks and three distributions: Poisson,
negative binomial, and zero-inflated Poisson, to assess the impact of using CO and NOx emissions as exposure
measures. We show that CO and NOx emissions provided comparable predictive power to distance driven (as
measured by AIC and MSE). The slight edge provided by CO be attributed to the fact that more CO is

emitted in urban areas, where traffic accidents are more frequent.

Indeed, emissions are mechanically related to distance, yet they are not a simple transformation of it. Emissions
depend on a combination of speed profiles, acceleration patterns, congestion levels, and road context. This
implies that two drivers with identical distance exposure—and even similar telematics summaries—may still

generate different emissions due to differences in driving environments (e.g., urban versus highway in our
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case). In this sense, emissions capture aspects of exposure quality that are not fully spanned by distance or
standard telematics variables alone. Our empirical analysis, although showing moderate gains, confirms that

emissions retain explanatory content even after controlling for these factors.

To further illustrate our methodology, we simulated annual crash counts for 17,405 drivers, testing models
with distinct covariate structures. By comparing the effect of different exposure measures on the total claim
count distribution, we found that for a large number of vehicles, as in our case study, the distribution of
road crash counts remains virtually indistinguishable whether traditional mileage metrics or pollutant-based

exposure measures are used.

While our macroscopic approach is well-suited to large groups of vehicles, its reliance on aggregated telematics
data limits its level of detail. Future research could usefully integrate microscopic data about specific trip
characteristics and individual driver behavior. Combining extensive datasets, as in our study, with more
granular telematics data could significantly enhance the precision and applicability of this modeling framework.
Such an extension would allow for the development of risk and emission measures specific to individual drivers

and trips, offering new insights into both accident and environmental risk.

Our study introduces a novel modeling approach to road crash risk assessment that integrates environmental
considerations. By providing evidence that reducing pollutant emissions may also mitigate accident risk, we
highlight a dual benefit for public health and safety. This approach can be used to transform the way classical
insurance rates consider exposure to risk, and ease the introduction of green taxes that penalize high-emission
driving. Moreover, it can help drivers minimize their environmental footprint while contributing to accident

prevention and benefiting society as a whole.
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7 Appendix: Additional Tables

Table 9: Vehicle Distance Estimates (Millions of KM) and Percentages

Year 2017 2018
Country  Measure Type Petrol Diesel Total Petrol Diesel Total
Urban 24974 92,635 117,609 26,091 93,969 120,060
Rural 11,542 43,383 54,925 12,008 43,826 55,834
Total KM*
Motorway 26,876 116,941 143,817 28,277 119,464 147,740
Total 63,392 252,958 316,350 66,376 257,258 323,634
Spain
Urban 0.07894 0.29282 0.37177 0.08062 0.29036 0.37097
Rural 0.03649 0.13714 0.17362 0.03711 0.13542 0.17252
%KM
Motorway 0.08496 0.36966 0.45461 0.08737 0.36913 0.45650
Total 0.20039  0.79961 1 0.20510 0.79491 1
Urban 83,343 64,530 147,873 85,769 62,233 148,003
Rural 90,913 92,519 183,432 91,521 93,169 184,690
Total KM*
Motorway 30,375 47,738 78,112 29,899 = 47,791 77,690
Total 204,631 204,787 409,417 207,190 203,193 410,383
UK
Urban 0.20357 0.15761 0.36118 0.20900 0.15165 0.36065
Rural 0.22205 0.22598 0.44803 0.22301 0.22703  0.45004
%KM
Motorway 0.07419 0.11660 0.19079 0.07286 0.11645 0.18931
Total 0.49981 0.50019 1 0.50487 0.49513 1

* Values expressed in millions of kilometers (Mkm).
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Table 10: Descriptive statistics for the risk exposure measures (mean yearly exposure by driver)

Descriptive Risk exposure measure
Statistics Kilometres NOx* CO*
Mean 10233 4575 2680
1st Quartile 5473 2504 1603
Median 9103 4095 2479
2nd Quartile 13692 6103 3514
Standard Deviation 6463 2818 1501
* in grams

Table 11: Poisson model with static covariates, telematics covariates, and exposure measures as covariates

Risk exposure measures

Years Km NOx CO

Coef. p-value Coef. p-value Coef. p-value Coef. p-value

(w1 intercept) -3.312 < 0.001 -5.388 < 0.001 -9943 <0.001 -9.460 < 0.001
Driver Age -0.018 0.031 -0.014 0.089 -0.014 0.087 -0.014 0.084
Gender Male -0.015 0.839 -0.059 0.415 -0.060 0.408 -0.064 0.380
Vehicle Power 0.003 0.002  0.003 0.017  0.003 0.017  0.003 0.020
Km Night 0.018 < 0.001 0.013 0.001  0.013 0.001  0.012 0.002
Km Overspeed -0.002 0.665 -0.008 0.145 -0.009 0.134 -0.008 0.153
Km Urban 0.010 <0.001 0.026 <0.001 0.024 <0.001 0.014 <0.001

log (7.%)) 0.751 <0.001 0751 <0.001 0.769 < 0.001

39



Table 12: Zero-Inflated Poisson model with static covariates, telematics covariates, and exposure measures as

covariates

Risk exposure measures

Years Km NOx CcO

Coef. p-value Coef. p-value Coef. p-value Coef. p-value

(w1 intercept) -2.938 < 0.001 -4.159 <0.001 -6.432 <0.001 -6.937 < 0.001
Driver Age -0.017 0.035 -0.014 0.094 -0.014 0.091 -0.014 0.084
Gender Male -0.015 0.842 -0.053 0.475 -0.053 0.469 -0.058 0.432
Vehicle Power 0.003 0.002  0.003 0.016  0.003 0.017  0.003 0.019
Km Night 0.018 < 0.001 0.013 0.002  0.013 0.002 0.013 0.002
Km Overspeed -0.002 0.672 -0.008 0.187 -0.008 0.178 -0.008 0.198
Km Urban 0.010 <0.001 0.025 <0.001 0.024 <0.001 0.014 <0.001

log (7.%) 0.372 0010 0377  0.011 0485  0.002

(o intercept) 0.156 < 0.001 1.676 0.012 8948 < 0.001 7.685 0.007

log (7.%) 1182 <0.001 -1.186 <0001 -1.131  0.006
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