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ABSTRACT 

This paper aims to investigate which parameters affect users’ willingness to pay for alternative 

usage-based motor insurance pricing schemes such as Pay-as-you-drive (PAYD) and Pay-as-how-

you-drive (PHYD). For that reason, a dedicated questionnaire was designed and administered to 

100 participants including both revealed and stated preference questions and proposed scenarios 

regarding current and alternative insurance schemes. In order to account for unobserved 

heterogeneity, a mixed logit model was applied to analyze vehicle insurance choice. Candidate 

variables include the effect of driving characteristics, drivers’ demographics and the price of 

vehicle insurance premiums. Two distinct mixed logit models were developed; one mixed logit 

model to investigate the factors influencing the choice of present insurance policy over PAYD and 

one for present insurance policy over PHYD. Results indicated that women and smartphone 

owners are more likely to choose a new insurance schemes. Kilometers and cost reduction were 

also found to affect similarly the choice for both Usage-Based-Motor Insurance (UBI.) Moreover, 

the higher the speed reduction imposed to the user, the lower the probability of the UBI scheme to 

choose it. It was also found that people over 40 years old are less likely to choose PHYD insurance.  
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1. INTRODUCTION 1 

Usage-based motor insurance (UBI) schemes, such as Pay-as-you-drive (PAYD) and Pay-how-2 

you-drive (PHYD), constitute new innovative concepts that have recently started to be globally 3 

commercialized. The core concept is based on the fact that drivers pay insurance premiums 4 

depending on their travel and driving behavior instead of a fixed price based on demographics 5 

and/or their driving experience only.  In spite of having been only recently implemented, it appears 6 

to be a very promising practice with a potentially significant impact on traffic safety as well as on 7 

traffic congestion mitigation and pollution emissions reduction (Tselentis et al., 2017). 8 

 Insurance charging systems based on travel behavior are often called Pay-As-You-9 

Drive (PAYD) Usage-Based Insurance schemes. Drivers’ travel behavior can be defined as their 10 

strategic choices (whether on a real-time basis or not) concerning which type of road network they 11 

use and at what time they drive in order to fulfil their travel needs. These choices are directly 12 

linked to their exposure to crash risk through their mileage, the road network type chosen and the 13 

related traffic conditions, the period of time chosen to drive and the related weather conditions. In 14 

the primary form of PAYD, mileage was only incorporated in the models as a travel behaviour 15 

characteristic. This was concluded based on the fact that mileage and crash risk are much 16 

correlated. Indeed, many studies (Litman, 2005, Bordoff and Noel, 2008) in literature indicate a 17 

relationship between VMT (vehicle miles travelled) and crash risk. For instance, Edlin (2003) 18 

found that the elasticity of the number of crashes occurring with respect to VMT is approximately 19 

1.7 which means that if mileage was reduced by 10%, crashes would be reduced by 17% while in 20 

other research the elasticity of crash risk was found to be around 1.2 (ICBC Research Services 21 

Data, 1998). More specifically, the authors claim that the 1981-1982 recession led to a 10% VMT 22 

and 12% insurance claims reduction in British Columbia. In support of the above, Ferreira and 23 

Minikel (2010) found that there is a high statistical significance between mileage and risk and that 24 

they are positively correlated. 25 

 Another PAYD insurance scheme is the Pay-at-the-Pump (PATP) method which was 26 

the early stage of the mileage-based insurance policy that appeared later. Considering that fuel 27 

consumption and mileage are somehow correlated, these two methods share many similar 28 

characteristics and the same conceptual basis. PATP is the second most influential method of UBI 29 

which considers fuel consumption as its main indicator instead of mileage. For example, Wenzel 30 

(1995) argued why insurance premiums should be estimated based on use. Claiming that VMT is 31 

a good predictor of crash costs, he proposed a travel behaviour-based system which was actually 32 

a per-gallon surcharge for consumers, a method similar to the PATP method. Wenzel also 33 

suggested that premiums should be the sum of a fixed amount based on location, vehicle safety 34 

characteristics and driving record, most of which are travel behaviour characteristics, plus a 35 

variable amount based on fuel consumption (per-gallon surcharge). 36 

 On the other hand, insurance charging systems based on Driving Behavior are often 37 

called Pay How You Drive (PHUD) Usage Based Insurance schemes. Driving behavior can be 38 

defined as drivers’ operational choices at real time in handling the vehicle within the existing 39 

traffic conditions. These choices are directly linked to the probability of getting involved in a traffic 40 

accident, based on the way they are driving, e.g. by speeding, harsh braking, harsh accelerating, 41 

harsh cornering, being distracted by mobile phone, etc.. The main advantages of UBI schemes 42 

compared to the conventional ones so far are discussed in more details in Sugarman, (1994), 43 

Litman (2004a), Litman 2004b and Tselentis et al. (2017) and so on. For instance, Bolderdijk et 44 

al. (2011) found that speed violations of young drivers are significantly reduced with PAYD 45 
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schemes. The potential financial benefits and incentives are likely to lead to reduce speeds as 46 

Todelo et al. (2008) state. Similarly, other studies found that PHYD (or pay-as-you-speed) can be 47 

very beneficial in road safety (Lahrmann et al., 2012). 48 

 During the last few decades traditional motor insurance has started to gradually 49 

transform into Usage-Based Insurance. The question, , to what extent is this new type of motor 50 

insurance going to be widely adopted and which indicators will be fully incorporated, remains 51 

though. According to Tselentis et al. (2017), UBI will play a key role in motor insurance market 52 

in the future and as a result it will strongly influence traffic safety in total. Figure 1 illustrates the 53 

types of insurance that currently exist in the marketplace as well as the intuition of the authors on 54 

how motor insurance future will be formed. Since the trend in innovative motor insurance revealed 55 

above is to implement schemes that progressively incorporate travel and behavioural factors the 56 

authors consider that future models will be in the form of Pay-As-How-You-Drive (PAHYD) 57 

including parameters from both PAYD and PHYD models. 58 

  59 

60 
Figure 1: UBI and current Insurance policies. Source: Tselentis, D. I., Yannis, G., & Vlahogianni, E. I. (2017). 61 

Innovative motor insurance schemes: a review of current practices and emerging challenges. Accident 62 
Analysis & Prevention, 98, 139-148. 63 

 64 

 In order to estimate insurance premiums, the “Willingness to Pay” (WtP) methodology 65 

is examined, which is in fact the reflection of the individual estimate on how much money an 66 

individual is willing to pay (or sacrifice) so as to obtain certain benefits or even avoid costs 67 

(Persson and Cedervall, 1991). Apart from the opinion of each individual on the desired goods or 68 

services value in comparison to other desirable objects, the amount specified by the respondent 69 

also reflects the ability of people to pay. Individuals can judge their own wealth and therefore 70 

values and estimates derive from an oriented domination of the consumer. The existing income or 71 

wealth distribution is considered acceptable if the amount resulting from the WtP is adjusted by 72 

the individual's ability to pay (Persson, 1992). 73 

 When analyzing stated preferences in discrete choice situations, one common way is to 74 

apply (random parameters) mixed logit models (Brownstone, 2000). One reason for choosing this 75 
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type of models is to account for unobserved heterogeneity and variations among observations. It 76 

is therefore important to apply such a methodology that allows for the influence of variables 77 

affecting users’ preferences to vary across the sample. This is an important consideration raised 78 

by relatively recent research carried out by Brownstone and Train (1999), Train (1999a, 1999b), 79 

Revelt and Train (1997, 1999), McFadden and Train (2000), and Bhat (2001). The aforementioned 80 

studies have demonstrated the effectiveness of the mixed logit model that can explicitly account 81 

for such variations. Therefore, it is suggested that mixed logit models are superior to traditional 82 

logit models. Due to the effectiveness of the mixed logit model, it is also widely applied in other 83 

fields of transport, as for example in road safety (Gkritza and Mannering, 2008; Ben-Akiva et al., 84 

2007). 85 

 In general, relevant literature on the field is very limited since the analysis of the Usage-86 

Based Motor insurance schemes via willingness to pay is a novel subject and has only recently 87 

been starting to be explored. Consequently, the present paper aims to add to the current knowledge 88 

by being one of the first attempts to identify the parameters that affect users’ willingness to pay 89 

for usage-based motor insurance, proposing alternative pricing methods such as PAYD and 90 

PHYD. More specifically, it is aimed to investigate and provide insight on the understanding of 91 

the impact of driving characteristics (driving style and driving needs), drivers’ demographics 92 

(gender, age, marital status, income, etc.) and the specific characteristics of vehicle insurance 93 

premiums on vehicle insurance choice. In order to achieve the aims of the study, a mixed logit 94 

model is implemented. 95 

 The paper is structured as follows: Section 2 provides an illustration of the sample, the 96 

experiment and the choice situations. Section 3 is dedicated to a concise theoretical background of 97 

the mixed logit model, whilst Section 4 illustrates and discusses the findings of the models utilized 98 

for PAYD and for PHYD. Finally, the last section provides the main conclusions of the study as 99 

well as directions for further research.  100 

 101 

2. METHODOLOGY 102 

2.1 Discrete Choice Experiment 103 
 104 

In order to identify users’ preferences and the criteria influencing their choice, the two pricing 105 

methods (PAYD-PHYD) were evaluated by respondents using multiple choice and scaled 106 

questions. For most questions, a five levels scale was used (1-5) in which the significance of 107 

individual factors was evaluated as 1 = "not at all" to 5 = "very much". 108 

The dedicated questionnaire was designed including both revealed preference questions 109 

about current vehicle and insurance type, as well as stated preference scenarios related to current 110 

and alternative insurance schemes. To increase the number of alternative tested scenarios, two 111 

different sheets were designed with four PAYD and eight scenarios PHYD each and each of the 112 

100 respondents answered a single sheet. The questionnaire is structured in 4 sections and 113 

questions included: 114 

• general respondent’s driving data (years since license was obtained, vehicle make, current 115 

insurance cost etc.), 116 

• driving behavior data 117 

• alternative stated preference scenarios about the new insurance premium policies (PAYD and 118 

PHYD) and their benefits 119 

• personal - demographic data to draw conclusions about the sample characteristics. 120 
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The required time for completion was 10-12 minutes and it was administered to drivers 121 

being stopped at a motorist’s service station in the Attica region, Greece. The following quoted 122 

text was  read in each respondent before the administration of the questionnaire: 123 

“In the context of dealing with road accidents, consideration will be given to the future 124 

application of an alternative pricing policy based on the use and / or driving behavior of each user, 125 

as recorded by a smartphone or an in-vehicle device (On-Board-Diagnostics i.e. OBD). Monitored 126 

driving information will be confidentially disclosed to the insurance company that will evaluate 127 

the insurance premium annually. Information and further advices will also be provided to the driver 128 

via the Internet and / or a smartphone application. These insurance schemes are: 129 

a) based on the use of the vehicle (annual mileage) i.e. the driver will be able to choose a 130 

specific annual mileage package based on his needs and pay lower premiums per annum than the 131 

current situation if it does not exceed the permitted mileage of the package (Pay-As-You-Drive - 132 

PAYD) 133 

b) based on improved driving behavior (lower average speed, lower number of acceleration 134 

and braking events etc.) the driver will pay lower premiums (Pay-How-You-Drive - PAHD) 135 

Along with lower premiums and better driving behavior, the driver will have lower 136 

accident risk and fuel costs (energy-efficient driving) and potentially additional rewards within the 137 

Loyalty Programs (gifts, etc.).” 138 

As for the number of scenarios chosen, it was decided that for the proper implementation 139 

of the research the number of scenarios should be reduced. Based on the number of possible values 140 

that the variables of the stated preference questionnaire were designed to take, the number of 141 

different scenarios results to 16 for PAYD and 80 for PHYD. The number of different 142 

combinations in this study was reduced based on an orthogonal design analysis that was 143 

implemented, under the assumption that no correlations between typical alternatives exist. 144 

Occasionally, in stated preference surveys fractional factorial design can be used instead of full 145 

factorial design. Both these designs ensure orthogonality however, the full factorial design would 146 

include 16 out of 80 scenarios respectively, in contrast to the fractional comprising (usually much) 147 

fewer combinations and are guaranteed to meet some desirable statistical properties, such as the 148 

identification and accuracy (Tselentis et al., 2017). 149 

Table 1 summarizes all alternative specific variables used in different scenarios used both 150 

for present insurance and the two new insurance schemes, PAYD and PHYD. Present insurance’s 151 

values were chosen to be zero to facilitate the respondent by not being affected by changes both in 152 

new and present insurance schemes. 153 

Regarding the PAYD and PHYD insurance schemes, it should be noted that the 154 

respondents were given different scenarios that arose from the orthogonal design in which 155 

variables used are in form of percentage reduction. For instance in PAYD schemes, percentage 156 

reduction in mileage and percentage reduction in insurance cost are used to counterbalance the 157 

reduction in driving distance and cost savings. In other words, respondents were asked to assess 158 

how much it would be worth for them to reduce their mileage in exchange for a reduction in their 159 

annual insurance fees. The introduction of these variables in this form in the scenarios intends to 160 

capture the exact willingness to pay of the respondents i.e. to quantify the percentage reduction 161 

drivers are willing to alter their mileage in order to switch to a new insurance scheme. This could 162 

not be captured if an absolute minimum mileage value was given in the scenarios tested instead 163 

since the most important to take into consideration is the percentage reduction for each respondent 164 

and not the absolute value by itself. The latter could not be easily interpreted in the analysis of the 165 

stated preference part of the questionnaire where the actual annual mileage of each driver are not 166 
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taken into consideration. Finally, percentages are preferred over absolute values in order to render 167 

feasible the comparison between a) current and future insurance schemes and b) individuals. 168 

Regarding all variables used in the questionnaire, respondents were informed that their driving 169 

behavior would be recorded during the evaluation period and as a result the user could monitor the 170 

value of mileage and speed and therefore adapt his driving habits within the requested limits to 171 

gain the respective profit presented in each scenario. 172 

 173 

TABLE 1  Descriptive Statistics for Alternative Specific Variables 174 
ALTERNATIVE SPECIFIC 

VARIABLES Abbreviation Mean St.deviation

PRESENT INSURANCE

% reduction in mileage 

(current Insurance) KM 0.00 0.00

% reduction in Insurance 

Cost (current Insurance) COST 0.00 0.00

% reduction in Speed 

(current Insurance) SPEED 0.00 0.00

PAYD INSURANCE*

% reduction in mileage 

(PAYD Insurance) KM 11.76 6.58

% reduction in Insurance 

Cost (PAYD Insurance) COST 11.69 6.63

PHYD INSURANCE**

% reduction in mileage 

(PHYD Insurance) KM 6.25 9.61

% reduction in Insurance 

Cost (PHYD Insurance) COST 11.43 6.78

% reduction in Speed 

(PHYD Insurance) SPEED 11.47 6.80

*reduction is compared to the traditional scheme

**reduction is compared to the traditional scheme  175 
 176 

As for PAYD and PHYD variables used, percentage change in Mileage allowed to be 177 

driven within the insured period and percentage change in Annual Insurance cost were chosen for 178 

PAYD as it accounts only for how much you drive. On the other hand, PHYD represents how you 179 

drive so percentage change in Average Vehicle Speed variable is also considered in addition to 180 

PAYD variables. As illustrated in Table 1, mileage and insurance cost variables for the PAYD 181 

scenarios range between -20% and -5% change with a mean and standard deviation of -11.76 % 182 

and -11.69% respectively. As for PHYD, mileage, cost and speed variables range between -20 and 183 

5, -20 and -5 and -20 and -5 while their means and standard deviations are -6.25 and 9.61, -11.43 184 

and 6.78 and -11.47 and 6.80 respectively. Generally, in PAYD, mileage and cost reduction 185 

intermediate levels used were -5%, -10%, -20% while intermediate levels used for PHYD were -186 

5%, -10%, -20% for cost and speed reduction and +5%, 0%, -10%, -20% for mileage reduction.  187 

The individual variables used in the models are shown in Table 2 and represent gender, 188 

age, whether the respondent is using a personal computer and a smartphone owner, the marriage 189 

status, income, occupation and education to name them by the order of appearance. 190 
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As for the dependent variable, it represents the choice of either present or usage-based 191 

Insurance i.e. PAYD/PHYD insurance schemes depending on the scenario answered. The choice 192 

of present insurance is represented by 0 whereas by 1 the choice of PAYD/ PHYD insurance. 193 

It should be highlighted that individual variables are defined as all variables that 194 

characterize each individual such as age, gender, education etc. whereas alternative-specific 195 

variables are those variables that are used in stated preference questionnaire to test how a 196 

respondent’s choice varies while their values are fluctuating. 197 

 The on-site survey took place in a Motorist Service Stations of a motorway in Attica, 198 

Greece. The interviews were made during a whole week both on weekdays and the weekend. The 199 

interviewers were randomly asking respondents to participate in the survey taking into account 200 

only whether or not the respondent is a holder of a valid driving licence as a screening question. 201 

No other screening questions such as age, years of active driving etc. were asked since the 202 

researchers’ intention was to include younger drivers into the survey as well. 203 

Regarding the sample characteristics, 100 respondents participated in the survey of which 204 

45% were women, 53% married, 98% makes use of a PC and 78% is a smartphone owner. All 205 

individual specific variables tested in models developed are summarized in Table 2 along with 206 

their abbreviation and a few descriptive statistics such as mean, standard deviation, min and max 207 

values. The most important highlights are that: 208 

• The majority of respondents were between 30-50 years old. That is also illustrated in figure 1 209 

where it is shown how gender is distributed by age category. As it appears, 43% and 28% belong 210 

to the age category of 30-40 and 40-50 respectively. 211 

• Most respondents’ income was between 10,000 and 25,000 Euros. 212 

• 45% was working in the public sector whereas 40% in private sector. 213 

• 72% had pursued a degree after school. 214 

Considering the sample characteristics illustrated in Table 2, one major remark is that the 215 

sample taken is a representative sample of the current motor insurance customer population. 216 

According to HMITN, the Greek population of drivers is similar to the one collected for the 217 

purpose of this research with a slight emphasis given on middle-age and younger drivers who form 218 

the future of motor insurance market in Greece. It has to be highlighted that the conducted research 219 

within this paper is aiming to identify the willingness to pay for alternative insurance schemes that 220 

do not exist in Greece at the moment but will probably exist in a decade. Therefore, it was 221 

considered preferable to administer the questionnaire to a less percentage of people whose age is 222 

more than 60 than the representative percentage of the Greek population of drivers. It should be 223 

noted that all respondents were at that moment insured with traditional motor insurance schemes 224 

and not with the new ones. 225 

As for the definition of the variables, respondents were asked in the questionnaire to specify 226 

their main occupation i.e. the most profitable one for them as well as their level of education 227 

clarifying that this is the higher degree they hold. For both variables, only one answer is accepted 228 

so that they can be treated as categorical variables in the implemented analysis.  229 

230 
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TABLE 2  Descriptive Statistics for Individual Specific Variables 231 

INDIVIDUAL SPECIFIC 
VARIABLES Abbreviation Frequency 

Gender = Female GENDER_F 45 

Age: 18-30 (reference 
category) AGE1,2 11 

Age: 30-40 AGE3 43 

Age: 40-50 AGE4 28 

Age: >50 AGE5 18 

PC usage=yes USAGE_PC 98 

Smartphone Owner SMARTPHONE 78 

Married MARRIED 53 

Income <=10000 
(reference category) INCOME1 6 

10000 < Income <= 25000 INCOME2 54 

Income > 25000 INCOME3 40 

Occupation: Public Sector OCCU1 45 

Occupation: Private Sector OCCU2 24 

Occupation: University 
Student OCCU3 3 

Occupation: Freelancer OCCU4 9 

Occupation: Enterpreneur OCCU5 3 

Occupation: Household OCCU6 2 

Occupation: Technician OCCU7 0 

Occupation: Pensioner 
(reference category) OCCU8 7 

Occupation: Unemployed OCCU9 2 

Occupation: Other OCCU10 5 

Education: Primary 
Education EDU1 2 

Education: Secondary 
Education (reference 
category) EDU2 24 

Education:Τechnological 
Educational Institute  EDU3 33 

Education: University 
Degree EDU4 11 

Education: Postgraduate 
Degree EDU5 24 

Education: Ph.D. EDU6 3 

Education: Other EDU7 3 
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 232 
                FIGURE 2   Gender distribution per age group. 233 
 234 

When the preference on new motor insurance schemes is considered, (Figures 2 and 3), it is 235 

observed that the majority of the respondents are willing to switch to a new insurance policy. More 236 

specifically, in all education categories people seem to prefer a transition to UBI except from 237 

people with secondary education. The same applies to all age categories except for people between 238 

50-60 years old, who answered that they would not switch to a usage-based insurance scheme.  239 

 240 

241 

 242 
 243 

                FIGURE 3  PAYD and PHYD preference distribution per education group. 244 

 245 
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 246 

 247 
                FIGURE 4  PAYD and PHYD preference distribution per age group. 248 

2.2 Mixed Logit Models  249 
 250 

The proposed methodology in order to analyze the stated preference questionnaire regarding Pay 251 

As You Drive (PAYD) and Pay How You Drive (PHYD) is the mixed logit model (random 252 

parameter model). Since the alternatives for each insurance scheme are two (the present insurance 253 

versus PAYD and present insurance versus PHYD), the binary logistic (fixed effects) model is 254 

initially considered appropriate.  255 

However, the traditional fixed effects modeling approaches treat parameters as constant 256 

(fixed) across observations, meaning that the effect of any individual explanatory variable is the 257 

same for each observation or individual (Moore et al., 2011). Therefore, to account for unobserved 258 

heterogeneity, random-parameter models are applied assuming that the estimated parameters vary 259 

across observations. Train (1999) and Ben-Akiva et al. (2007) consider this model as a highly 260 

flexible model that can account for the standard logit limitations and at the same time allows for 261 

random variation across observations. In these models some parameters can be held fixed across 262 

observations while others are allowed to be random and follow a distribution (e.g. normal, 263 

lognormal, uniform, etc.).  264 

Following Ben-Akiva et al. (2007) and Train (2009), a function determining discrete 265 

outcome probabilities is considered: 266 

𝑇𝑖𝑛 = 𝛽𝑖𝑋𝑖𝑛 + 𝜀𝑖𝑛        (1) 267 

 268 

A mixed logit model is any model whose choice probabilities can be expressed in the form: 269 

𝑃𝑛𝑖 = ∫𝐿𝑛𝑖(𝛽)𝑓(𝛽)𝑑𝛽       (2) 270 
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where Lni(β) is  the logit probability evaluated at parameters β: 271 

𝐿𝑛𝑖(𝛽) =
𝑒
𝑉𝑛𝑖(𝛽)

∑ 𝑒
𝑉𝑛𝑗(𝛽)𝐽

𝑗=1

        (3) 272 

 273 

f(β) is a density function, Vni(β) is the observed portion of the utility, which depends on  274 

the parameters β. If utility is linear in β, then  275 

𝑉𝑛𝑖(𝛽) = 𝛽′𝑥𝑛𝑖        (4) 276 

 277 

Then, the mixed logit probability takes the usual form: 278 

𝑃𝑛𝑖 = ∫(
𝑒𝛽′𝑥𝑛𝑖

∑ 𝑒
𝛽′𝑥𝑛𝑗

𝑗

)𝑓(𝛽)𝑑𝛽       (5) 279 

Mixed logit is a mixture of the logit function evaluated at different β’s with f (β) as the 280 

mixing distribution. Estimation of the mixed logit model takes place by using simulation methods 281 

due to the difficulty in computing probabilities. More details about the mixed logit model can be 282 

found in Washington et al. (2003). Train (2009), provides a review of sampling techniques, but 283 

one of the most popular technique is considered to be the Halton draws (Washington et al., 2003), 284 

which were proposed by Halton (1960). 285 

 286 

4. RESULTS 287 

In this paper two distinct mixed logit models were developed; one mixed logit model in order to 288 

investigate which factors affect the choice of present insurance policy versus PAYD and one mixed 289 

logit model for present insurance policy versus PHYD. A common issue when fitting mixed logit 290 

models is the determination of which parameters should be random and which should be fixed 291 

(Moore et al., 2011). Moore et al. (2011) suggest starting with all possible independent variables 292 

and then gradually reduce them. For that reason, many different trials were conducted. 293 

 The next two subsections illustrate the proposed mixed logit models. In these models, 200 294 

Halton draws were used. The parameters which were found to be random, were those whose 295 

standard deviations differ significantly from zero as Train (2009) and Milton et al. (2008) suggest. 296 

On the other hand, parameters whose standard deviations are not 95% statistically significant are 297 

considered as fixed across observations. It is noted that proposed random parameters followed the 298 

normal distribution. In order to present the performance of the model, goodness-of-fit measures 299 

such as log-likelihood and McFadden R2 are calculated. 300 

 301 

4.1. Pay As You Drive Scheme (PAYD) 302 
 303 

The final model for the PAYD scheme is presented on Table 3. The model has an adequate fit in 304 

terms of likelihood ratio test (log-likelihood of empty model versus log-likelihood of the full 305 

model) and also McFadden R2. More specifically, the likelihood ratio test was 61.19, and the 306 

McFadden R2 was 0.212 indicating a reasonable fit of the model. 307 

The variable “Km” and the variable “Cost” (which are alternative specific variables) as 308 

well as the constant term, were set to be random following the normal distribution across 309 

observations. However, only the standard deviation of the Km and the constant term were 310 

ultimately found to be statistically different from zero. Therefore, the cost variable is considered 311 
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to be fixed across observations. The variable Km was found to have a mean value of 0.219 and a 312 

standard deviation 0. Therefore: 313 

𝑍 =
0−0.219

0.122
= −1.795. 314 

According to the Z score table and the normal distribution function about 3% of 315 

observations are lower than zero. This means that in about 97% of observations, Km is associated 316 

with increased likelihood of selecting PAYD while only 3% of observations show a negative 317 

correlation. Therefore, in the vast majority of cases, it can be concluded that as the offered 318 

percentage reduction in driven mileage decreases, it is more likely that the drivers choose the 319 

PAYD policy.  320 

Similarly, the constant term has a Z score of 1.044 (mean value = -1.179, s.d. = 1.129) 321 

means that about 86% percent of observations have a negative constant term. 322 

The cost parameter were considered as fixed, therefore the negative sign of the beta 323 

coefficient (-0.158) denotes that as the cost reduction is lower, drivers are more likely to choose 324 

the present insurance. This happens because this variable expresses the percentage reduction in 325 

cost offered by the PAYD scheme. Therefore, a positive sign expresses an increase in offered cost 326 

reduction in PAYD scheme. 327 

The positive value of the coefficient of SMARTPHONE variable (0.668), denotes that 328 

drivers who are more familiar with smartphones usage are more likely to choose PAYD scheme 329 

rather than the present insurance policy at a 90% level of confidence. The odds ratio was 1.95 330 

meaning that drivers who are familiar with smartphones are about twice as likely to choose the 331 

PAYD scheme, than those who are not familiar with smartphones. Therefore, familiarity with 332 

technology is positively associated with acceptance of new alternative insurance policies as 333 

expected.  334 

 335 

TABLE 3   Mixed logit Model Estimates (PAYD) 336 

 337 
 338 

4.2. Pay As How You Drive (PHYD) 339 

 340 

Variables Estimate Standard error p-value Conclusion Odds ratio

Constant term -1.179 0.529 0.026 95% significant 0.308

Standard deviation of constant term 1.129 0.491 0.022 95% significant 3.093

Km 0.219 0.051 <0.001 95% significant 1.245

Standard deviation of Km 0.122 0.045 0.006 95% significant 1.130

Cost* -0.158 0.032 <0.001 95% significant 0.854

Standard deviation of Cost - - - non-significant -

SMARTPHONE 0.668 0.403 0.097 90% significant 1.950

Log-likelihood of the empty model -259.279

Log-likelihood of the full model -203.500

McFadden's pseudo R
2 0.212

Cost variable was entered as fixed variable

Random parameters (normal distribution)

Fixed parameters
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The final model for the PHYD scheme is presented on Table 4. The model has an adequate fit in 341 

terms of likelihood ratio test values (log-likelihood of empty model versus log-likelihood of the 342 

full model) and values of McFadden R2. 343 

 In this model, the constant term as well as the variables “Km”, “Cost” and “Speed” were 344 

set as random variables and be normally distributed. More specifically, Km has a mean value of 345 

0.114 and a standard deviation of 0.061, Cost has a mean of -0.179 and standard deviation 0.065, 346 

while Speed has a mean value of 0.091 and 0.077. On the other hand, the constant term was found 347 

to have a mean value of -1.789 and standard deviation 1.197.  348 

The interpretation of the random parameters is similar to the previous model by calculating 349 

the Z-scores and use the Z-tables, since all random parameters were normally distributed. 350 

Concerning Km, the calculated Z-values indicate that 97% of observations have a positive 351 

correlation with PHYD meaning that as the percentage change in km, tends from negative to zero 352 

(reduction is lower) the probability of selection of PHYD increases. Change in speed (variable 353 

Speed) has a similar interpretation, and results indicate that about 11% of observations have a 354 

negative association with PHYD while 89% have a positive association with PHYD. The mean 355 

value of the beta coefficient was found to be 0.091. This means that as the percentage reduction in 356 

speed tends to zero, the driver is more likely to choose the PHYD policy scheme.  357 

On the contrary, variable Cost has a negative mean value as in the previous model, 358 

indicating that the percentage reduction in cost tends to be zero, the present policy is more probable 359 

to be selected by drivers. This is also supported by the Z score which indicates that about 99.7% 360 

of observations show a negative correlation of cost and PHYD. 361 

 The interpretation of the fixed parameters in this model is straightforward to a similar 362 

manner to the previous model. Age was found to be statistically significant for the PHYD scheme 363 

having an expected effect. More specifically, the beta coefficients of AGE4 and AGE5 have 364 

negative signs, indicating that drivers 40-50 years old and older than 50 years old are more likely 365 

to prefer the present insurance policy compared with younger drivers. More specifically, young 366 

drivers are almost 2.5 times and almost 3 times more probable to choose the PHYD policy, 367 

compared to drivers 40-50 years old and older than 50 years old respectively. Familiarity with 368 

smartphone use was found to be significant and expected, similar to the PAYD model. Its beta 369 

coefficient was 0.627, indicating that familiarity with smartphone and applications suggests high 370 

probability for drivers choose the PHYD scheme (similarly to the PAYD) compared to the present 371 

policy. In other words, the probability of PHYD selection by users familiar with smartphone use 372 

is 1.872 times higher than those who report low familiarity. Lastly, the beta coefficient of gender 373 

shows that female drivers would prefer the PHYD compared to male drivers (2.731 more likely 374 

than males). Therefore, female drivers are more willing to turn to new insurance policies in contrast 375 

to male drivers who are more tentative and prefer the traditional insurance policies. This could be 376 

attributed to the fact that female drivers are probably driving less frequently and are less likely to 377 

excess speed. Therefore, they would benefit from such alternative insurance policies. 378 

 379 
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TABLE 4   Mixed logit Model Estimates (PHYD) 380 

 381 

5. CONCLUSIONS 382 

Within this paper, a methodological approach is proposed to identify the parameters that 383 

affect users’ willingness to pay for alternative usage-based motor insurance pricing schemes such 384 

as PAYD and PHYD. Firstly, a dedicated questionnaire was designed and distributed to a random 385 

but representative sample of 100 participants in Attica region in Greece. In this questionnaire, 386 

specific scenarios were constructed in order to disclose respondents' preference towards insurance 387 

pricing schemes. It also included both revealed and stated preference questions regarding current 388 

and alternative insurance schemes. 389 

The statistical analysis of the study consists of mixed logit models which are applied a) to 390 

account for unobserved heterogeneity and b) to assist in the better understanding of the effect of 391 

driving characteristics, drivers’ demographics and the characteristics of vehicle insurance 392 

premiums on vehicle insurance choice. More specifically, two distinct mixed logit models were 393 

developed; one mixed logit model to investigate the factors influencing the choice of present 394 

insurance policy over PAYD and one for present insurance policy over PHYD. 395 

To the best of our knowledge, the present study adds to current knowledge, as it is one of 396 

the very first times that a discrete choice experiment towards insurance policies is carried out. This 397 

is the core contribution of the study. Results indicated that female drivers and smartphone owners 398 

are more likely to choose a new insurance scheme as they are more familiar with new technologies. 399 

Kilometers and cost reduction were also found to affect the choice for both UBIs in a similar 400 

manner, i.e. the higher the kilometers reduction the lower the probability of the UBI scheme to be 401 

chosen and the higher the cost reduction the higher the probability of the UBI scheme to be chosen 402 

by a user. Moreover, as the speed reduction imposed to the user increases, the probability of 403 

choosing UBI scheme is reduced. 404 

Variables Estimate Standard error p-value Conclusion Odds ratio

Constant term -1.789 0.429 0.000 95% significant 0.167

Standard deviation of constant term 1.197 0.270 0.000 95% significant -

Km 0.114 0.017 0.000 95% significant 1.121

Standard deviation of Km 0.061 0.027 0.022 95% significant -

Cost -0.179 0.025 0.000 95% significant 0.836

Standard deviation of Cost 0.065 0.025 0.009 95% significant -

Speed 0.091 0.020 0.000 95% significant 1.095

Standard deviation of Speed 0.077 0.022 0.001 95% significant -

AGE4 -0.846 0.274 0.002 95% significant 0.429

AGE5 -1.176 0.433 0.007 95% significant 0.309

SMARTPHONE 0.627 0.309 0.042 95% significant 1.872

GENDER_F 1.005 0.244 0.000 95% significant 2.731

Log-likelihood of the empty model 513.250

Log-likelihood of the full model -416.500

McFadden's pseudo R
2 0.216

Random parameters (normal distribution)

Fixed parameters
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 It was also found that people over 40 years old are less likely to choose PHYD insurance 405 

which is supported by descriptive statistics described in Data section. This is something expected, 406 

since older drivers show more familiarity with present insurance schemes.  407 

 Future research could extended by carrying out surveys in different countries and perhaps 408 

set up different scenarios, perhaps also including more parameters. Lastly, alternative models to 409 

account for unobserved heterogeneity could be utilized, for example the latent class model. 410 
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