Published in International Journal of Banking, Finance and
Insurance Technologies 1, 1, p, 31-59, 2021

Road safety for fleets of vehicles

Georges Dionne, HEC Montréal'
Denise Desjardins, HEC Montréal
Jean-Francois Angers, Université de Montréal

March 24, 2021

Abstract

Road safety for fleets of vehicles has been neglected in the insurance literature, mainly
because appropriate data is not available. This paper makes a threefold contribution:
1) Produce statistics on current fleets’ road safety offences using a panel of 20 years
of data on truck fleets; 2) relate these offences to fleets’” accidents; and 3) identify and
classify the riskiest fleets for insurance ratemaking based on past experience in
managing road safety. Our results show a substantial heterogeneity between fleets in
terms of road safety.
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Introduction

There are very few statistical analyses of the road accident risks of owners and operators of
heavy vehicles (HVOSs) in the insurance literature. Some authors have studied the risks of heavy
vehicle drivers, without really assessing the aggregate risk of vehicle fleets (Savage, 2011, 2012;
Lueck & Murray, 2011; Angers et al, 2006, 2018; Tay, 2005; Desjardins et al, 2021). These studies
of HVOs drivers show that fleet owners can influence driver risk through their road safety
management.

Since 1992, the Société de I’assurance automobile du Québec (Québec automobile insurance
board, SAAQ) has been using violations of the Highway Safety Code to rate bodily injury
insurance through driver’s license payments. To justify this practice, meticulous analyses of the
statistical links between the types of violations and accident rates have been carried out, using
robust statistical instruments, to verify whether the number of demerit points accumulated or the
number of violations of the Highway Safety Code are closely related to the number of accidents.
Estimated coefficients of the effects of violations on crashes can also be used to test whether the
demerit points awarded for each violation accurately reflect the relative crash risk of that offense,
which is important for public road safety management (Tardif, 2020).

The first two objectives of our research are to determine the most common violations
committed by HVOs and their drivers, and to establish a statistical link between the types of
violations and the types of road accidents in which HVOs are involved. The use of traditional
counting models is not always appropriate for fleets of a certain size. The annual probability of
having zero accidents is strongly affected by fleet size. We use two types of models to predict the
mathematical accident expectation using estimated parameters. For larger fleets we use the Zero-

inflated Negative Binomial (ZINB) model. This random effects model first estimates the



probability of having zero accidents and then estimates the distribution of accidents with the
Negative Binomial (NB) model by controlling for the excess zeros. We use the Negative Binomial
directly for smaller fleets since we reject the Poisson model.

The third objective of the research is to identify the HVOs most at risk in order to improve
insurance pricing based on the relative risks that fleets represent. Insurance pricing based on risk
classes will provide an incentive for fleets to be more cautious. The statistical results will help
regulators carry out targeted road safety monitoring activities, which can motivate the riskiest
businesses to be more prudent. This information will also allow better identification of repeat
offenders.

The following section presents the methodology used, and Section 2 describes the data
obtained from the SAAQ. Section 3 discusses the results of the statistical estimates of accident
distributions obtained for HVOs, and Section 4 proposes a calculation of the different risk classes
derived from our statistical results in order to increase the incentives for road safety in the presence
of information asymmetry among fleet owners, insurers and those responsible for monitoring road
safety. The conclusion discusses the implications of our results for the optimal road safety

management of vehicle fleets and proposes an extension to our research.

1. Methodology

To carry out our research, we use several methodologies. We analyze the relative risks
between HVOs by fleet size, in order to reduce the effects of unobservable heterogeneity between
fleet sizes that we cannot control, such as management of heavy vehicle drivers by business owners
or fleets’ risk exposure. Further, because we are interested in the distributions of accident numbers,

the annual probability of having zero accidents is highly influenced by fleet size. We use two types



of models, depending on fleet size, to predict the mathematical expectation of accidents using the
estimated parameters. We group fleet sizes together when the number of observations for each size
is insufficient to estimate the selected models.

For each fleet size (or group of sizes), we estimate the parameters of the negative binomial
(NB) distribution of the annual number of accidents according to the characteristics of the fleets,
the years, and the number of driver (DRV) and carrier (CAR) violations accumulated in the
previous year. When the NB model does not accurately predict the mathematical expectation of
the number of accidents of larger fleets, we proceed in two steps. First, we estimate the probability
of having zero accidents in a year, and then estimate the negative binomial distribution using the
estimated probability of having zero accidents, to weight the zeros of each fleet. To achieve our
third objective, we construct risk classes for the vehicle fleets using the predicted accident
probabilities obtained from the estimated models.

Let Y;., represent the total number of accidents for truck fleet i in year t. To take into account
the number of observations equal to 0, we use a zero-inflated model (Mullahy, 1986; Lambert,

1992). Thus, the probability of observing y;.. accidents is given by:
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where 0 < m;, < 1. The function f(yl-,t) represents a probability function on the integers {0; 1,
...}(Creel and Loomis, 1990).

To consider the over-dispersion (variance greater than the mean) of the number of accidents

k, we opted for a type 2 negative binomial probability function (Hausman et al, 1984) of parameters

Aand a., i.e.:



F(é"'k) 1 1/0,' al k _
f(k) = {rér+1 (1+a/1) (1+a,1) k=0;1; ...

@)
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With this model, the first two moments (the mathematical expectation and the variance) of
Y;.c are given by:
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where «a is the over-dispersion parameter. When ;. and « are equal to zero, the model corresponds
to the Poisson model with a parameter A.

To link the different explanatory variables, we use a generalized linear model with an
exponential function for the parameter 4 (Boyer et al, 1992) and with a Logit function for m; ;.

Thus, we have:

AX) = exp(Bo+ BiX1+ BoXo+ o+ BpXp),
TT; (2) = exp(Yo+V1Z1+Y2Zo++VpZp) (4)
it - 1+exp(Yo+V1Z1+V2Z2++VpZp)

The XjandZ; represent the different explanatory variables. The parameters (a;
Bo; B1; B2 -5 Bps Yos Y15 Y25 -5 Vp) are estimated by applying the SAS COUNTREG
procedure (Edman et al, 2008), which uses the maximum likelihood method. This model is known
as Zero-inflated Negative Binomial (ZINB). It is a random effects model.*

If the model is well specified, maximum likelihood theory ensures that the random effects
estimators of the NB model obtained with panel data are consistent and asymptotically efficient
when they exist (Cameron and Trivedi, 1998; Staub and Wilkelman, 2013). The specifications of

the two equations in (4) may be different, but this is not necessary. We can assume that the error

1 To our knowledge, very few studies use fixed effects to estimate the ZINB. Majo and van Soest (2011) propose a
fixed effects model limited to two periods.



terms between the two equations are independent but, again, this is not necessary when the number
of observations is very large, as in our study. Staub and Winkelman (2013) show, using a Monte
Carlo study, that even if the exclusion restrictions are not met, we can obtain unbiased estimators
if the correlation is not too high. To reduce the potential correlations between the variables in the
two equations, we performed a principal component analysis to select the factors or variables to
be used in the Logit estimation.

For small fleets, the number of observations equal to 0 can be modelled directly very well
by using a negative binomial model (see equation 2). To isolate this model, one only has to fix

m; . = 0 in equations 1 and 3.

2. Data

The data, obtained primarily from the SAAQ, represent the HVO population in Québec over
the period 1991-2010, i.e. 20 years. In this article, we limit the analysis to heavy trucks and tractors.
The database we compiled for this research is the most exhaustive in this area. We were able to
link carriers to their drivers. The information received was encrypted, which protected the identity
of the vehicle fleets and drivers. This database makes it possible to track the behavior of owners
and operators of heavy vehicles over time.

The starting point for building this database was all registered carriers as of December 31,
2010. Vehicle data and vehicle mechanical inspection record data were extracted from the
previously selected personal identification numbers (PINs). From these PINs, VINs (Vehicle
Identification Numbers) and license plates, we extracted accidents, carrier (CAR) and driver

(DRV) violations, and penalties linked to those carriers, vehicles, or drivers. The HVO register



was also used. The evaluation process covered several areas, including results of on-site

inspections and events (accidents, violations and decommissioning of a heavy vehicle or driver).

3. Descriptive statistics of variables used in the analysis of HVO accidents

Our data cover the entire population of heavy truck and tractor fleets (SAAQ code BCA) in
Québec over 20 years, namely from 1991 to 2010. Detailed data are presented in the study by
Dionne et al. (2015). Table 1 shows that the number of HVOs (owners and operators of heavy
vehicles) remained fairly stable over the study period: It increased slightly until 1998 and returned
to its 1991 level in 2010. The number of small HVOs decreased, while those of other sizes
increased. The total number of heavy trucks as of December 31 of each year increased from 91,164
in 1991 to 122,423 in 2010 (see column 1 of Table 2).

[Table 1 here]

There were no major changes in economic activity trends, excluding a decline in agriculture
and an increase in construction and other services (Table Al). We note a steady decline in the
percentage of new HVOs over time for the years 1991 to 1999, with a slight increase in 1999,
followed by a decrease in 2000. For the years 2001 to 2010, the percentage of HVOs that began
operations during the year ranged from 6.41 to 7.56. In contrast, mergers have increased, which
seems to reflect industry consolidation during the analysis period. Details can be found in the study
by Dionne et al. (2015).

Table 2 gives the numbers and averages of total accidents and accidents with personal injury
involving an HVO. The average number of total accidents decreased over the period, with a slight
increase in 1999, followed by an almost continuous decrease after that date. The slight increase in

1999 can be explained by a change in the source of the data, because such an increase does not



appear in the SAAQ reports for total heavy truck accidents. Our database was compiled in two

phases: The first part, covering the period 1991-1998, was prepared in 1999, and the second part,

covering the period 1999-2010, was prepared in the years that followed. This difference should

not affect the following analyses of accident distributions with individual or non-aggregated data.
[Table 2 here]

The average number of injury accidents involving a heavy truck has fluctuated slightly,
although there was a significant increase in 1999 and a sharp decrease in 2010. We see the same
stability for violations of the Highway Safety Code (DRV), if we exclude the periods of police
strikes in 2005 and 2006. Several carrier violations (CARs) increased in 2000, peaking in 2002.
Thereafter, there was a slight decrease in these offences over time, but the level remained higher
than in the years prior to 2000.

Table 3 provides details on the evolution of driver violations (DRV) over the 20 years of the
study. As previously demonstrated for accidents involving passenger vehicle drivers, violations
for speeding and failure to obey red lights or stop signs are the most significant in explaining the
accident rates of heavy vehicle drivers (Angers et al., 2006).

[Table 3 here]

For all offences, with the exception of failure to obey stop signs, there were significant
decreases in 2005 and 2006, explained by the police strike. Speeding violations continued to be
the most prevalent. New violations added to the regulations in 2001 did not reach significant
volumes, nor did violations related to cell phone use, added in 2008.

Regarding carrier violations (CAR), presented in Table 4, many of the infractions
(equipment, road signs, traffic rules, driving hours, hazardous materials) increased significantly

after 1999, the year a reform came into effect. More traditional offences such as overloading,



oversizing, improper stowage, and mechanical inspections did not change significantly after the
1999 reform. We used variables of heavy truck characteristics by year as control variables in the
different analyses of accident distributions.

[Table 4 here]

4. Regression results on total annual HVO accidents

In order to estimate the relative risks of different HVOs, we first estimated their accident
distributions over the period 1991-2010. To better focus on the comparable relative risks of HVOs,
we perform analyses by fleet size. We group the larger fleets together because the numbers by size
are not sufficient to accurately estimate the model parameters. We use all available information to
control for the determinants that could affect road accidents. For example, our regressions contain
variables on carriers’ economic sector and on the characteristics of the vehicles they own. We also
used years to consider the evolution of accidents over the course of the analysis period.

The tables of all regression results from the study include 21 regressions, corresponding to
different fleet sizes and vehicle types. As indicated above, the choices of statistical models
estimated depend on the fleet size. Given that we are interested in the annual distribution of fleet
accidents, our natural starting point is the family of count distributions containing the Poisson and
negative binomial distributions where there is over-dispersion (variance greater than the mean).
For small fleets, we rejected the Poisson distribution and retained the negative binomial
distribution because the alpha over-dispersion parameter was always positive. For these sizes, we
also estimated the negative binomial with random effects to consider the panel aspect of the data.
Because the main results are essentially the same between the two models, we interpret them by

using the results of the negative binomial. The results of both models are presented in the tables.



Fleet size can influence the annual probability of having zero accidents, so we had to adapt
our modeling to consider the fact that for larger fleets, the probability of having zero accidents in
a year is very low. We also observed that the NB model did not estimate this probability
adequately. As mentioned above, for these fleets we estimated the accident distributions by
grouping different fleet sizes. In addition, we considered the fact that fleets of different sizes have
different probabilities of having zero accidents. Therefore, we first estimated the probability of
having zero accidents and used the estimated probability to weight the zeros in the regressions of
the accident distributions for fleet sizes of 20 trucks and more. For these fleet sizes, it was
necessary to use the negative binomial distribution with an overweight for the zeros of the largest
fleets in the group to obtain predicted numbers of accidents that matched the observed frequencies.

An important part of our problem is to ascertain whether there is a statistical relationship
between accidents and cumulative violations. We used the most frequent violations of the Highway
Safety Code for drivers (DRV) and carriers (CAR). To reduce the simultaneity problem, we used
the cumulative violation rates of the previous year t-1 in the estimation of the accident distributions
of the current year t.

The results of the 21 total accident regressions are presented in the study by Dionne et al
(2015). We summarize the main results of our analyses below and present the results for two fleet
sizes in more detail in tables 5 and 6.

The most interesting and stable results pertain to the numbers of violations that drivers
accumulated in the previous year to explain the current year’s accident numbers. For all fleet sizes
below 50 trucks, the variables speeding, and failure to obey a red light or stop sign are significant
at 1% with a positive coefficient to explain the following year’s fleet accident numbers. As

expected, DRV violations for failure to stop at a red light or a stop sign have the highest significant

10



positive coefficients. Not wearing a seatbelt has a positive and coefficient significant at 1% for all
fleet sizes below 50 trucks, except for the 8-truck group, where it is not significant at 10%. For
fleets between 51 and 150 vehicles, non-wearing of seatbelts is non-significant, whereas the other
violations have positive coefficients significant at 7% and better. Finally, for fleet sizes of more
than 150 vehicles, only the speeding violation is significant with the expected sign, at 5%.

Two factors may explain the non-significance of some DRV variables for larger fleets. First,
we have very few observations in this fleet category: Only 721 over the entire analysis period for
the category of 150 trucks and more. This reduces the degrees of freedom, an important dimension
when estimating non-linear models of this nature with panel data. Second, managers of larger fleets
may exercise more stringent control over their drivers.

The statistical relationships between carrier violations (CAR) in one year and accidents in
the following year are less significant than those for DRV violations. The violations most
frequently significant at 5%, with a positive coefficient, are those for axle overload, total overload,
improper stowage, failure to perform mechanical inspection and pre-trip vehicle inspection.
Violations for driving hours, hazardous materials and oversize are significant with a positive sign
for very small fleets only. The results are less stable than those for DRV violations across sizes,
but the most consistent violations with the highest significant positive coefficients are axle
overloading, failure to check the vehicle’s condition before departure, poor stowage, and failure
to perform a mechanical inspection of the vehicle before departure. The years should be interpreted
in relation to the year 1999. The years 2009 and 2010 were found to have negative signs with very

high orders of magnitude.
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In general, we are satisfied with the results obtained, except for very large fleets of more than
150 trucks, for which we have very few significant variables due to the fact that we have very few
observations.

[Tables 5 and 6 here]

What most distinguishes the regressions in tables 5 and 6 is the frequency of having zero
accidents for a fleet. It is 83% in Table 5, but it is only 12.4% in Table 6. This clearly justifies the
use of an estimation model that incorporates this frequency into the estimation of the 21-50 vehicle
group, given that the NB model does not integrate this frequency adequately. Without
consideration of this frequency, the estimation of the distribution of these accidents would not
meet the properties of a counting model. Note in Table 6 that the percentage of zero crashes is
much higher in the sample (12.4%) than the estimated probability (10.4%). This is why we use, in
Table 7, the negative binomial regression with an overweight for zeros, obtained from the Logit
model in the second part of the table, to estimate the model.

In order to decrease potential correlations between the two models, we used control variables
obtained from a PCA to estimate the probability of having zero accidents using the Logit model.
The results of the Logit model are presented at the bottom of Table 7, and the factors used are
defined in Table A3. We note, in Table 7, that the percentage of zero accidents for a fleet in the
sample is now very close to the estimated probability.

[Table 7 here]

Another distinction is the size of the violation coefficients between tables 5 and 7, although
the coefficients for DRV offences are all highly significant in both tables. The coefficients in Table
5 indicate a greater sensitivity of crash violations with respect to violations. This can be explained

by greater heterogeneity in road safety management between the larger fleets.
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5. ldentification of HVO risk classes

Many theoretical contributions were published since the 1970s to account for stylized facts
related to information problems observed in insurance markets.? Partial insurance, such as
deductible and coinsurance contracts, can be justified by asymmetric information. However, these
static contracts have been shown to be dominated by dynamics contracts based on the information
from past experience when long-term relationships exist between the principal (less informed) and
the agent (more informed). This is because past experience in road safety convictions and accidents
add information on the long run behavior of more informed participants (Abbrig et al. 2003;
Dionne et al, 2013b, Pinquet, 2013). In particular, it was demonstrated that multi-period contracts
with memory outperform those without memory under full commitment by the insurance industry.
Here, under asymmetric information, the relevant trade-off is between insurance availability at a
low price and incentives that consider the benefits and costs of road safety in a hierarchical
framework comprising insurers, regulators, fleet owners and drivers. In this section, we use fleets’
past experience in road safety activities to predict road accidents and to set different risk classes
for given fleet sizes.®

To achieve our third objective, we construct risk classes using model estimation results for
vehicle fleets. We want to identify vehicle fleets at risk for road safety. The results are presented
in Table 8 for selected fleet sizes. To perform this task, we used the results obtained from the
regressions on total heavy truck crashes such as those in tables 5 and 7. After determining that we

would have five risk classes per size of HVO, we first predicted the number of annual accidents

2 Usually, insured are assumed to have more information about their risk or prevention activities than the insurer or
the regulator (adverse selection: Rothschild and Stiglitz 1976; and moral hazard: Shavell, 1979).

3 For surveys on asymmetric information in insurance markets see Cohen et al (2010) and Dionne et al (2013a). For
an analysis of the deterrent effects of traffic enforcement see Tay (2005).
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for each HVO in each year it was present in our database by calculating its annual mathematical
accident expectation, namely the sum of the products of the estimated coefficients of the variables
in the regressions and the values of the different variables in the regressions. We then ordered the
mathematical expectation of accidents and constructed 100 ordered groups of 1% of the
observations (percentiles).

To determine the percentile of the least risky class for a given HVO size, we used the
percentage of HVOs with zero accidents. For example, in the group of one-truck HVOs, 93% of
the fleets had zero accidents. We then placed the HVOs with the lowest mathematical expectation
up to the 93" percentile, i.e. those with an average mathematical expectation of 8.22%, in the first
risk class. Confidence intervals of calculated mathematical expectations are not reported but are
available.

We still had 7% of HVOs to classify. We therefore used the seven remaining 1% groups,
which we classified into four risk classes. To determine the sizes of the four remaining classes, we
analyze the accident averages of the seven remaining groups and classify them according to the
ranges of observed accident numbers. Once the percentages of the number of observations in each
remaining class have been set, we rank the mathematical accident expectations in ascending order
within each class. For example, the second risk class of 1 truck HVOs contains 3% of the HVOs
with an average mathematical expectation of 18.89%, and so on. The size 1 HVOs most at risk for
road safety are those with an average mathematical expectation of 49.97%. They numbered 5,310
over the 20 years of the study and represented 1% of the observations. The size 3 fleets most at
risk of accidents have an average mathematical expectation (per truck) of 51.46% and represent

1.2% of the population of this fleet size.

14



[Table 8 here]

In Table 9, we redo the exercise and modify two aspects. On the one hand, we represent the
risk classes for the year 2010 and not an average for all years. The advantage of this method is that
it provides a shorter-term and more operational view of the pricing. In addition, violations of both
types are now aggregated in the regressions. Their parameters are presented in Table 10. As seen
above, Table 10 shows a similar discrepancy between the coefficients of the DRV and CAR
variables. They are now all statistically significant for both types of infractions by fleet size. For
each fleet size, we verify that the parameters of the aggregate DRV violations are larger than those
of CAR, which is consistent with the results in tables 5 and 7. These parameters were estimated
with the 20-year data. The other regression parameters are not reported but are very similar to
those in the previous regressions. However, for the calculation of mathematical expectations of
accidents, only 2010 data are used for fleet characteristics, and 2009 data are used for both types
of infractions. An insurer could therefore use stable parameters estimated over several years (to be
updated from time to time) to rank fleets from one year to another using current and previous
year’s information.

Note also that we use the same percentiles as in Table 8 to divide the five risk classes for
comparison purposes, but also to ensure the stability of results. Because we only use the fleets
present in 2010, we have fewer observations in each risk class. We note that the mathematical
expectations are lower in the risk classes because, on average, the accident frequencies have
decreased over time. For size 1, we have 254 bad risks with an average accident frequency of
19.25%, compared with an average of 4.63% for the lowest risk class. The worst risks accumulated

2.73 DRV points and 4.0 CAR points, while those in the least risky class accumulated, on average,
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0.14 DRV points and 0.16 CAR points. These figures clearly affirm great heterogeneity between
fleets of the same size.

[Tables 9 and 10 here]

6. Conclusions and research avenues

Our research has implications for road safety managers and, more specifically, those
responsible for the road safety of owners and operators of heavy vehicles. It is also aimed at
managers of transport companies, drivers of heavy vehicles, insurers, and regulators of road
transport companies.

One important contribution of our research is that we compiled an original 20-year database
for HVOs. This article concentrated on heavy trucks, although other types of vehicles were
analyzed.

The first immediate outcome of our research is that we have developed a methodology to
identify the individual risks of HVOs. The method consists in calculating the annual mathematical
expectation of crashes for each HVO for the coming year. We show that these mathematical
expectations are a function of the characteristics of HVOs in the current period, and of driver and
carrier safety code violations (to a lesser extent) in the previous year. The statistical results show
that past offenses are significant in explaining the relative risks of HVOs, which are stable across
fleet sizes in general.

Several violations of the Highway Safety Code by drivers (DRV) and carriers (CAR) are
determining in explaining fleet accidents. The main DRV offenses are speeding, failure to stop at

a red light and failure to stop at a stop sign, while the main CAR violations are axle overload, total
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overload, and failure to perform a mechanical inspection. This information could be used to better
target the oversight of road safety regulations.

In a second step, we constructed risk classes by fleet size. We found considerable
heterogeneity between vehicle fleets in terms of road safety. The different risk classes constructed
in this research categorize the riskiest vehicle fleets by size. The use of these risk classes to price
insurance should encourage the riskiest fleets to increase their prevention activities and motivate
the least risky to continue to be cautious. In the medium term, we should see a decline in road
accidents for vehicle fleets if this type of pricing is applied.

An extension of our research would be to test how the implementation of this type of
insurance pricing affects accident rates. It is not necessary to apply the change to all fleets. Rather,
it should be implemented on a voluntary basis. This will allow a control group and an experimental
group to be identified. The use of difference-in-difference and firm propensity score-matching
methodologies will make it possible to detect the differences between the two groups and to verify

whether the use of risk classes has a causal effect on road safety (Dionne and Liu, 2020).
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Table 1
Fleet size as of December 31 of the current year

Year 1 2 3 4.5 69 1020  21-50 tr':g?]rgo ONf“:]\?gZ
1991 28466 5371 2238 1815 1,123 665 258 104 40,040
1992 28602 5445 2319 1836 1,102 665 246 99 40,314
1993 28607 5648 2308 1888 1,154 679 240 102 40,626
1994 20453 5699 2348 2035 1,175 711 253 110 41,784
1995 20523 5722 2354 1955 1244 710 262 115 41,885
1996 20555 5735 2352 2019 1215 738 262 111 41,087
1997 20675 5820 2402 2031 1325 750 282 116 42,401
1998 20504 5819 2461 2118 1376 790 205 130 42,493
1999 27691 5490 2431 2195 1,366 830 320 136 40,459
2000 26727 5471 2424 2130 1482 849 326 148 39,557
2001 25936 5414 2407 2209 1,430 881 332 148 38757
2002 25581 5362 2415 2135 1505 857 330 152 38,337
2003 25657 5350 2409 2216 1560 903 366 151 38,612
2004 25870 5432 2404 2301 1576 945 379 166 39,073
2005 25811 5578 2438 2314 1647 981 382 173 39,324
2006 26008 5583 2527 2303 1,630 998 391 175 39615
2007 26255 5620 2528 2337 1,668 1,003 398 183 39,992
2008 25586 5557 2580 2367 1,640 1046 399 187 39371
2009 25514 5597 2569 2385 1,717 1,051 394 181 39,408
2010 25716 5834 2622 2482 1770 1,124 436 186 40,170
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Table 2
Accidents, casualties, HVO driver traffic violations (DRV) and carrier violations (CAR)

Year T:)ﬁcolrsh;s \(;3‘/ Tota_l no. of - Casualty vitg\ll;)t'i?r:]sl,D i?ihe vicl)\:gﬁgggﬁﬁhe A\tlgtr;llge Average Ave_rage_ DRV Ave_rage_ CAR
December 31 accidents rates previous year previous year accidents casualty rate  violations violations
1991 91,164 12,958 1,465 7,956 6,281 0.142 0.016 0.087 0.069
1992 91,303 12,325 1,437 6,903 4,518 0.135 0.016 0.076 0.049
1993 92,229 13,166 1,589 7,715 6,453 0.143 0.017 0.084 0.070
1994 96,618 13,861 1,621 8,620 6,111 0.143 0.017 0.089 0.063
1995 97,108 13,506 1,458 10,819 8,563 0.139 0.015 0.111 0.088
1996 97,568 12,042 1,397 11,540 8,550 0.123 0.014 0.118 0.088
1997 102,532 13,451 1,709 12,587 8,992 0.131 0.017 0.123 0.088
1998 105,475 12,599 1,586 11,117 6,551 0.119 0.015 0.105 0.062
1999 104,346 13,707 1,866 11,213 5,303 0.131 0.018 0.107 0.051
2000 105,575 14,635 1,996 10,926 8,252 0.139 0.019 0.103 0.078
2001 105,403 13,474 1,863 8,673 14,086 0.128 0.018 0.082 0.134
2002 107,355 14,079 1,998 14,020 16,309 0.131 0.019 0.131 0.152
2003 110,525 14,398 2,045 12,445 15,710 0.130 0.019 0.113 0.142
2004 113,763 14,366 2,147 12,125 12,401 0.126 0.019 0.107 0.109
2005 116,465 14,466 2,227 12,400 12,983 0.124 0.019 0.106 0.111
2006 116,974 13,085 1,771 7,360 11,603 0.112 0.015 0.063 0.099
2007 118,773 14,030 1,838 8,401 11,319 0.118 0.015 0.071 0.095
2008 118,811 14,079 1,746 10,836 12,745 0.118 0.015 0.091 0.107
2009 118,436 11,646 1,487 10,896 14,169 0.098 0.013 0.092 0.120
2010 122,423 8,838 1,148 9,962 12,723 0.072 0.009 0.081 0.104

* This means that the violations reported in year t are those of year t - 1 to explain the accidents as of date t.

21



Table 3

Driver offenses (DRV)
Year Speed Red light Stop sign Seat belt  Cell phone Addzlgg?s "N Other DRV
1990 3,961 1,390 1,190 1,064 0 0 351
1991 3,878 1,059 931 739 0 0 296
1992 4,325 1,052 1,013 879 0 0 446
1993 5,006 1,193 1,049 882 0 0 490
1994 6,523 1,308 1,134 1,245 0 0 609
1995 7,083 1,346 1,204 1,282 0 0 625
1996 8,519 1,070 1,051 1,406 0 0 541
1997 7,567 1,213 1,090 639 0 0 608
1998 7,636 1,318 1,079 842 0 0 338
1999 7,210 1,367 1,154 639 0 0 556
2000 5,365 1,194 1,002 495 0 0 617
2001 9,386 1,255 1,132 1,204 0 284 759
2002 7,861 1,242 1,148 1,055 0 416 723
2003 8,334 983 1,062 762 0 498 486
2004 8,285 1,044 1,082 878 0 585 526
2005 4,212 884 1,005 598 0 212 449
2006 4,866 841 1,068 930 0 242 454
2007 6,727 951 1,093 1,174 0 365 526
2008 6,035 967 1,078 1,560 355 423 478
2009 5,058 828 975 1,492 822 364 423
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Carrier offences (CAR)

Table 4

Year Ovﬁ‘flloea d O\Ie?’}g; d Dimension Stowage Tﬁ;&ﬁgg > Dhr(;\ljlrr;g I\ifqes(;gii?ilgﬁl Equipment Road signs Traffic rules Prien-sd;eia;irgﬁre Other
1990 2,044 1,544 1,467 503 50 45 239 31 0 76 215 67
1991 1,831 1,301 496 342 42 12 252 23 0 7 131 81
1992 1,543 1,831 583 449 93 53 1,543 44 0 1 249 64
1993 1,793 1,821 625 459 129 76 810 34 0 2 315 47
1994 3,224 2,063 779 759 145 180 725 22 0 12 581 73
1995 3,283 2,610 805 532 227 195 396 14 0 18 431 39
1996 3,922 2,442 780 487 173 167 474 21 0 12 474 40
1997 3,306 1,475 471 318 58 153 345 6 0 6 359 54
1998 1,756 1,431 505 342 82 134 285 12 11 82 480 183
1999 1,144 1,927 328 509 47 485 483 437 989 669 980 1,254
2000 2,773 1,904 620 592 1,068 357 607 1,800 1,027 1,246 2,092
2001 2,583 1,745 778 980 1,175 376 651 2,552 1,492 1,289 2,688
2002 3,330 1,388 687 906 14 1,059 335 523 2,596 1,372 871 2,629
2003 2,563 1,075 499 738 246 837 290 395 1,864 1,223 588 2,083
2004 3,208 1,254 494 686 262 713 270 391 2,142 1,174 536 1,853
2005 2,828 1,382 464 560 307 653 276 399 1,549 933 500 1,752
2006 2,589 1,401 527 892 222 628 305 402 1,302 956 450 1,645
2007 2,885 1,519 515 1,073 306 672 396 390 2,042 1,120 398 1,429
2008 2,748 2,032 552 1,205 274 1,159 740 493 1,960 1,238 433 1,335
2009 1,764 2,404 473 886 179 931 602 425 1,632 1,094 995 1,338
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Estimated number of accidents involving HVO of size 2

Table 5

Variable name

Negative binomial (NB)

NB with random effects

Coefficient Pr>| |t Coefficient Pr>| [t
Constant -1.4214 <0.0001 1.1307 <0.0001
Main economic activity of HVO
Activity not specified -0.0674 0.0033 -0.0878 0.0005
Trucking (reference) e e e e
Passenger transportation 0.1759 <0.0001 0.1610 <0.0001
Agriculture and agriculture related services -0.6983 <0.0001 -0.7340 <0.0001
Food and tobacco 0.0605 0.0962 0.0650 0.1320
or Financ, roa state and nsurance 00850 008 00876 00767
Furniture -0.0838 0.1572 -0.1012 0.1565
Timber harvesting and paper -0.3846 <0.0001 -0.4064 <0.0001
Construction -0.3380 <0.0001 -0.3462 <0.0001
Other -0.1608 <0.0001 -0.1653 <0.0001
Average age of HVO vehicles -0.0482 <0.0001 -0.0460 <0.0001
Average maximum number of axles of HVO 0.1171 <0.0001 0.1203 <0.0001
HVO started during the year -0.2768 <0.0001 -0.3231 <0.0001
Number of axle overload violations 0.2098 <0.0001 0.1346 <0.0001
Number of total overload violations 0.1457 <0.0001 0.1209 <0.0001
Number of oversize violations 0.0637 0.1442 0.0413 0.3054
Number of stowage violations 0.2204 <0.0001 0.2080 <0.0001
Number of hazardous material violations 0.2620 0.0134 0.0397 0.6993
Number of driving violations 0.1932 0.0001 0.1180 0.0019
Number of mechanical inspection violations 0.3297 <0.0001 0.2760 <0.0001
Number of pre-departure inspection violations 0.2895 <0.0001 0.2356 <0.0001
Number of speeding violations 0.2395 <0.0001 0.1758 <0.0001
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Variable name

Negative binomial (NB)

NB with random effects

Coefficient Pr>| |t Coefficient Pr>||[t|

Number of red light violations 0.3899 <0.0001 0.2427 <0.0001
Number of stop sign violations 0.4148 <0.0001 0.3042 <0.0001
Number of seat belt violations 0.3160 <0.0001 0.2482 <0.0001
Year of accident accounted for by dichotomous variables
Dispersion parameter 0.9956 <0.0001 - e

- S 25.9681 <0.0001

b e e 2.0112 <0.0001
Number of HVOs 32,886 32,886
Number of observations 110,570 110,570
Likelihood log -58,597 -57,841
AlC 117,283 115,774
BIC 117,716 116,216
Statistics N Average 32?/?;?52 Minimum Maximum
Probability of zero accidents 110,570 0.8352 0.0743 0.0342 0.9792
Percentage of zero observations 110,570 0.8341 0.3720 0.0000 1.0000
Mathematical expectation of accidents 110,570 0.2104 0.2095 0.0213 27.8920
Average number of accidents 110,570 0.2085 0.5498 0.0000 23.0000
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Table 6
Estimation of the number of accidents of heavy trucks of HVO sizes 21 to 50 with NB

Negative binomial - 5 itk random effects

Variable name (NB)
Coefficient  Pr>||t| Coefficient Pr>| [t
Constant -1.7903 <.0001 -1.5258 <.0001
Main economic activity of HVO
Activity not specified -0.6327 <.0001 -0.5225 <.0001
Trucking (reference) —eeeee e e e
Passenger transportation -0.0337 0.4034 0.0894 0.1258
Agriculture and agriculture related services -0.5340 <.0001 -0.2814 0.0835
Food and tobacco -0.0040 0.9352 0.2645 0.0015

Associations and leisure activities

or Finance, real estate and insurance -0.1817 0.0131 0.1406 0.1682
Furniture -0.7267 0.1001 -0.2450 0.6659
Timber harvesting and paper -0.5586 <.0001 -0.3444 0.0160
Construction -0.1741 <.0001 -0.0581 0.3203
Other -0.1237 0.0010 -0.0410 0.4909
Average age of HVO vehicles -0.0142 <.0001 -0.0177 0.0002
Average maximum number of axles of HVO -0.0482 <.0001 0.0395 0.0042
HVO started during the year -0.2537 <.0001 -0.2311 <.0001
Number of axle overload violations 0.0260 <.0001 0.0108 0.0262
Number of total overload violations 0.0263 0.0161 0.0193 0.0176
Number of oversize violations -0.0098 0.5567 -0.0056 0.6403
Number of stowage violations 0.0318 0.1064 0.0113 0.4428
Number of hazardous material violations -0.0185 0.6387 0.0445 0.1363
Number of driving violations -0.0014 0.9096 0.0084 0.3449
Number of mechanical inspection violations 0.0287 0.0565 0.0071 0.4559
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Negative binomial

NB with random effects

Variable name (NB)
Coefficient  Pr>||t| Coefficient Pr>| [t

Number of pre-departure inspection violations 0.0361 0.1550 0.0315 0.0926
Number of speeding violations 0.0341 <.0001 0.0207 0.0000
Number of red light violations 0.0761 <.0001 0.0271 0.0159
Number of stop sign violations 0.1056 <.0001 0.0301 0.0199
Number of seat belt violations 0.0873 <.0001 0.0393 0.0020
Year of accident accounted for by dichotomous variables

Dispersion parameter 0.4618 <0001 - e
- 7.6711 <.0001
b e e 3.9547 <.0001
Number of HVOs 1,229 1,229
Number of observations 6,440 6,440
Likelihood log -16,282 -15,248
AIC 32,655 30,588

BIC 32,960 30,899
Statistics N Average 22%?;3;2 Minimum Maximum
Probability of zero accidents 6,440 0.1044088 0.0598838 0.0001 0.452
Percentage of zero observations 6,440 0.1237578 0.3293306 0 1
Mathematical expectation of accidents 6,440 4.8472516 2.8994031 0.9590 134.908
Average number of accidents 6,440 4.7569876 4.5540819 0 76
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Table 7
Estimated number of accidents of HVO heavy trucks sizes 21 to 50
with the NB and considering excess zeros

Variable name

Negative binomial logit
(overweight for zeros)

Coefficient Pr> ||t

Constant -1.6082 <0.0001
Main economic activity of HVO

Activity not specified -0.5212 <0.0001

Trucking (referencey e e

Passenger transportation -0.0687 0.0722

Agriculture and agriculture related services -0.5687 <0.0001

Food and tobacco -0.0564 0.2221

Associations and leisure activities

or Finance, real estate -0.2406 0.0005

and insurance

Furniture -0.7985 0.0569

Timber harvesting and paper -0.5845 <0.0001

Construction -0.2054 <0.0001

Other -0.1244 0.0006
Average age of HVO vehicles -0.0123 0.0003
Average maximum number of axles of HVO -0.0611 <0.0001
HVO started during the year -0.2194 0.0002
Number of axle overload violations 0.0228 <0.0001
Number of total overload violations 0.0192 0.0542
Number of oversize infractions -0.0114 0.4481
Number of stowage violations 0.0218 0.2281
Number of hazardous material violations -0.0293 0.4273
Number of driving hour violations -0.0035 0.7595
Number of mechanical verification violations 0.0264 0.0490
Number of infractions pre-departure check 0.0245 0.2986
Number of speeding violations 0.0278 <0.0001
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Negative binomial logit

Variable name (overweight for zeros)

Coefficient Pr>||t|
Number of red light violations 0.0643 <0.0001
Number of stop sign violations 0.0885 <0.0001
Number of seat belt violations 0.0687 <0.0001
Year of accident accounted for by dichotomous variables
Dispersion parameter 0.3672 <0.0001
Probability of having zero accidents Logit
Constant -9.6510 <0.0001
Trucking 0.7181 0.0074
Number of years 0.1082 0.3027
Number of axles -0.2510 0.0162
Start HVO -0.0302 0.6738
Offences CAR 1 -4.1327 0.0024
Offences CAR 2 -0.6606 0.1491
DRV Offences -2.2247 <0.0001
Number of HVO 1,229
Number of observations 6,440
Likelihood log -16,151
AlC 32,408
BIC 32,767
Statistics N Average  Minimum Maximum
Probability of zero accidents 6,440  0.1246566 0.0001 0.4698
Percentage of zero observations 6,440  0.1237578 0 1
Mathematical expectation of 6,440  4.8047781 0.9670 87.9479
accidents 6,440 47569876 0 76

Average number of accidents
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Risk classes of different sizes of HVOs calculated with total accidents over all years

Table 8

Risk class
HVO with 1 heavy truck 1 2 3 4 5
Number of observations 491,872 15,872 10,544 5,310 5,310
% of 528,908 93% 3% 2% 1% 1%
Average number of accidents 0.0836 0.1801 0.2047 0.2480 0.3910
Mathematical expectation of accident 0.0822 0.1889 0.2217 0.2688 0.4997
Mathematical expectation of accident per truck 0.0822 0.1889 0.2217 0.2688 0.4997
HVO with 2 heavy trucks 1 2 3 4 5
Number of observations 92,295 12,633 2,343 2,223 1,076
% of 110,570 83% 11% 2% 2% 1%
Average number of accidents 0.1685 0.3428 0.4285 0.5551 0.8634
Mathematical expectation of accident 0.1660 0.3410 0.4512 0.5697 1.2262
Mathematical expectation of accident per truck 0.0830 0.1705 0.2256 0.2849 0.6131
HVO with 3 heavy trucks 1 2 3 4 5
Number of observations 36,079 4,642 5,141 1,792 597
% of 48,251 74.8% 9.6% 10.7% 3.7% 1.2%
Average number of accidents 0.2601 0.4946 0.5684 0.7991 1.1223
Mathematical expectation of accident 0.2587 0.4572 0.5789 0.8126 1.5439
Mathematical expectation of accident per truck 0.0862 0.1524 0.1930 0.2709 0.5146
HVO from 10 to 20 heavy trucks 1 2 3 4 5
Number of observations 4,307 3,344 4,218 2,611 2,555
% of 17,035 25% 20% 25% 15% 15%
Average number of accidents 1.0697 1.5472 2.1280 2.6032 3.8204
Mathematical expectation of accident 1.1274 1.5664 1.9974 2.5648 4.1352
Mathematical expectation of accident per truck 0.1006 0.1299 0.1524 0.1768 0.2586
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HVO from 21 to 50 heavy trucks 1 2 3 4 5
Number of observations 754 1378 2003 1574 781
% of 6,440 12% 21% 31% 24% 12%
Average number of accidents 2.1366 3.0965 4.5926 5.8727 8.4609
Mathematical expectation of accident 2.2397 3.1706 4.2496 5.9051 9.4412
Mathematical expectation of accident per truck 0.0937 0.1275 0.1549 0.1746 0.2335
HVO from 51 to 150 heavy trucks 1 2 3 4 5
Number of observations 148 571 723 482 144
% of 2,069 7% 28% 35% 23% 7%
Average number of accidents 5.1824 7.5639 12.062 17.886 23.833
Mathematical expectation of accident 5.2862 7.8729 11.298 17.603 30.798
Mathematical expectation of accident per truck 0.0887 0.1246 0.1607 0.1815 0.2581
HVO of more than 150 heavy trucks 1 2 3 4 5
Number of observations 108 125 236 144 108
% of 721 15% 17% 33% 20% 15%
Average number of accidents 10.019 20.504 29.013 40.424 94.722
Mathematical expectation of accident 10.153 17.918 27.546 45.455 96.354
Mathematical expectation of accident per truck 0.0505 0.0884 0.1238 0.1541 0.2007
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Table 9
Risk classes of different sizes of HVO calculated with total accidents for 2010

Risk class in 2010

HVO with 1 heavy truck 1 2 3 4 5
Number 23,149 746 486 260 254
% of 24,895 93% 3% 2% 1% 1%
Mathematical expectation of accident 0.0463 0.0942 0.1054 0.1231 0.1925
Average DRV demerit point average in 2009 0.1434 0.4853 1.2058 1.5885 2.7283
Average accumulated carrier points in 2009 0.1634 0.6367 1.0206 1.7769 4.0079
HVO with 2 heavy trucks 1 2 3 4 5
Number 4,805 636 117 116 58
% of 5,789 84% 11% 2% 2% 1%
Mathematical expectation of accident 0.0953 0.1785 0.2201 0.2614 0.4622
Average DRV demerit point average in 2009 0.2435 1.0330 1.4701 2.2500 3.9655
Average accumulated carrier points in 2009 0.3589 1.1431 21111 3.1897 5.6207
HVO with 3 heavy trucks 1 2 3 4 5
Number 1,957 258 265 104 27
% of 2,611 75% 10% 10% 4% 1%
Mathematical expectation of accident 0.1565 0.2630 0.3212 0.4279 0.6853
Average DRV demerit point average in 2009 0.3091 0.9496 1.6075 2.8269 5.4074
Average accumulated carrier points in 2009 0.5422 1.0736 1.8755 3.4423 8.3704
HVO from 10 to 20 heavy trucks 1 2 3 4 5
Number 280 224 281 168 168
% of 1,121 25% 20% 25% 15% 15%
Mathematical expectation of accident 0.6937 0.8840 1.0804 1.3517 1.9251
Average DRV demerit point average in 2009 0.7429 1.7902 2.5801 4.0536 7.1964
Average accumulated carrier points in 2009 1.4036 2.0893 3.0534 5.0238 8.8155
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HVO from 21 to 50 heavy trucks 1 2 3 4 5
Number 53 90 135 24 51

% of 434 12% 21% 31% 24% 12%
Mathematical expectation of accident 1.5754 1.9248 2.3874 3.3150 5.1936
Average DRV demerit point average in 2009 1.5472 2.3333 5.2370 7.5143 14.7255
Average accumulated carrier points in 2009 2.2453 4.1667 6.6444 8.3714 17.3725
HVO with 51 to 150 heavy trucks 1 2 3 4 5
Number 9 39 49 32 9

% of 138 6.5% 28.3% 35.5% 23.2% 6.6%
Mathematical expectation of accident 3.4742 5.2194 7.0988 10.7321 16.8773
Average DRV demerit point average in 2009 7.3333 5.9487 12.5102 19.3125 35.8889
Average accumulated carrier points in 2009 5.6667 9.7179 14.6939 23.5313 23.6667
HVO of more than 150 heavy trucks 1 2 3 4 5
Number 6 6 15 11 8

% of 46 13% 13% 32% 24% 17%
Mathematical expectation of accident 6.7379 9.6246 15.8590 25.1876 60.4193
Average DRV demerit point average in 2009 13.3333 13.667 30.8000 37.5455 82.6250
Average accumulated carrier points in 2009 15.5000 15.000 22.8000 29.7273 41.3750
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Table 10

Parameters of aggregate DRV and CAR violations

Negative binomial

e Parameter gtar)dgrd Pr>||t|
eviation

1 heavy truck for years 1991-2010

Number of CAR violations 0.2671 0.0092 <0.0001

Number of DRV violations 0.3476 0.0099 <0.0001

2 heavy trucks for years 1991-2010

Number of CAR violations 0.1869 0.0092 <0.0001

Number of DRV violations 0.2597 0.0103 <0.0001

3 heavy trucks for years 1991-2010

Number of CAR violations 0.1221 0.0088 <0.0001

Number of DRV violations 0.2006 0.0103 <0.0001

10 to 20 heavy trucks for years 1991-2010

Number of CAR violations 0.0375 0.0029 <0.0001

Number of DRV violations 0.0769 0.0039 <0.0001

21 to 50 heavy trucks for years 1991-2010

Number of CAR violations 0.0161 0.0025 <0.0001

Number of DRV violations 0.0376 0.0031 <0.0001

51 to 150 heavy trucks for years 1991-2010

Number of CAR violations 0.0060 0.0024 <0.0001

Number of DRV violations 0.0166 0.0028 <0.0001

More than 150 heavy trucks for years 1991-2010

Number of CAR violations 0.0096 0.0026 <0.0001

Number of DRV violations 0.0042 0.0021 <0.0001
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Table Al
HVO main economic activity

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000

Activity not specified 10,306 10,548 10,780 13,371 15,095 16,346 17,462 18,557 10,214 9,558
Trucking 8,736 8,405 8572 8,497 8445 8483 8586 8527 8,062 8,134
Passenger transportation 43 47 49 46 39 40 45 41 52 52
Other transportation 107 105 105 95 85 86 82 78 139 141
Other services related to transportation 256 273 290 266 243 223 208 206 480 500
Wholesale automobile, parts and accessories trade 96 97 96 90 79 69 61 63 97 101
Retail automobile, parts and accessories trade 864 888 892 820 734 681 642 613 943 909
Transportation equipment industries 76 73 68 54 52 51 49 46 65 70
Pipeline transportation 7 9 7 6 6 6 5 4 23 23
Air transportation 15 16 14 15 10 9 9 9 24 25
Rail transportation and services 14 14 13 13 10 10 9 9 11 11
Water transportation 30 30 31 30 28 27 27 25 43 49
Agriculture 3,750 3,800 3,791 3,777 3,667 3,669 3,618 3,449 2,837 2,712
Services related to agriculture 88 95 96 89 87 81 77 74 86 93
Wholesale trade in agricultural products 59 59 60 53 50 44 41 42 58 57
Wholesale trade in agricultural machinery, equipment and supplies 475 475 485 440 394 343 333 320 496 491
Food 1,388 1,385 1,379 1,252 1,129 1,034 958 882 1,479 1,465
Association and leisure activities 268 290 304 278 253 225 207 179 335 336
Furnishings 741 741 732 672 593 538 508 468 671 669
Timber harvesting and paper 826 842 864 802 741 694 658 628 974 945
Clothing and accessories 336 322 310 288 263 220 197 184 272 258
Construction 5501 5646 5578 5131 4624 4204 3,957 3,690 5203 5181
Fishing and trapping 13 10 9 10 9 9 9 11 18 13
Materials processing 552 546 517 489 445 417 390 362 470 466
Oil and gas 322 336 346 330 305 276 264 251 276 272
Communications 185 199 233 204 190 180 154 145 294 287
Human services 754 776 781 704 635 575 543 488 899 889
Administrative and public services 1,313 1,398 1,390 1,379 1,358 1,341 1,313 1,288 1,442 1,412
Business services 193 196 184 160 137 123 116 111 384 404
Tobacco 28 30 26 20 18 19 18 17 14 17
Textiles 83 82 80 74 62 53 52 49 65 64
Finance, real estate and insurance 404 377 355 310 271 238 227 199 983 932
Mining industry 345 355 358 337 302 274 271 252 324 309
Other commercial ventures 1,376 1,373 1,352 1,246 1,129 1,027 958 898 1,548 1,599
Other industries 406 396 405 365 333 312 292 267 422 428
None 481 442
Health care 78 74 68 67 60 57 51 56 101 106
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Unknown 6 6 6 4 4 3 4 5 174 137
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Activity not specified 9,113 8971 8961 8992 8916 8974 9,035 8,710 8520 8,583
Trucking 8,039 8,116 8,364 8,780 9,044 9,149 9,110 8,703 8,475 8,560
Passenger transportation 53 52 59 68 78 66 67 66 66 71
Other transportation 145 152 163 182 189 197 215 237 264 313
Other services related to transportation 487 507 503 509 539 546 554 566 592 636
Wholesale automobile, parts and accessories trade 104 101 96 100 105 115 116 127 120 127
Retail automobile, parts and accessories trade 907 925 938 964 975 1,010 1,037 ,1051 1,056 1,090
Transportation equipment industries 64 66 75 87 89 94 98 98 101 113
Pipeline transportation 18 17 18 17 17 17 17 16 17 18
Air transportation 25 28 24 26 30 29 33 33 34 38
Rail transportation and services 12 10 11 11 12 14 15 16 14 13
Water transportation 44 45 43 43 44 39 39 40 38 38
Agriculture 2,587 2503 2479 2,388 2,277 2,250 2,217 2,207 2,198 2,208
Services related to agriculture 88 94 94 101 99 106 119 122 131 140
Wholesale trade in agricultural products 58 57 66 67 64 69 68 78 81 77
Wholesale trade in agricultural machinery, equipment and supplies 494 486 470 461 458 452 454 447 452 450
Food 1,467 1,481 1,467 1,474 1,450 1,442 1,464 1439 1,464 1,455
Association and leisure activities 324 337 348 358 346 364 376 375 392 399
Furnishings 690 670 652 653 638 632 644 636 637 624
Timber harvesting and paper 912 857 840 854 838 833 810 778 798 830
Clothing and accessories 242 222 189 175 157 138 134 125 123 111
Construction 5254 5248 5372 5450 5641 5789 598 6,138 6,444 6,706
Fishing and trapping 17 17 16 18 22 20 20 25 27 31
Materials processing 465 445 437 431 431 423 435 432 434 429
Oil and gas 262 250 260 251 245 237 237 231 225 215
Communications 288 291 289 290 316 323 330 341 325 327
Human services 887 882 895 906 903 909 959 990 1,021 1,050
Administrative and public services 1,379 1,262 1,256 1,262 1,268 1,291 1,295 1,286 1,297 1,328
Business services 390 379 406 431 439 442 469 509 549 567
Tobacco 16 15 14 13 10 7 6 9 9 8
Textiles 60 50 57 53 51 48 48 40 37 36
Finance, real estate and insurance 874 849 819 780 782 738 741 677 670 714
Mining industry 310 314 312 313 319 311 305 316 306 320
Other commercial ventures 1,616 1,605 1,629 1,645 1,660 1,687 1,726 1,709 1,702 1,740
Other industries 423 424 429 433 428 446 453 464 462 474
None 418 390 350 290 256 194 138 107 78 56
Health care 114 120 119 113 113 112 111 102 94 98
Unknown 111 99 92 84 75 102 112 125 155 177
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Table A2
Variables descriptions

Variable name

Description

Main economic activity of HVO
Activity not specified
Trucking (reference)
Passenger transportation
Agriculture and agriculture related services
Food and tobacco

Associations and leisure activities, or
Finance, real estate and insurance

Furniture
Timber harvesting and paper
Construction
Other
Average age of HVO vehicles
Average maximum number of axles of HVO

HVO started during the year

Number of axle overload violations
Number of total overload violations
Number of oversize violations

Number of stowage violations

Number of hazardous material violations
Number of driving violations

Number of mechanical inspection violations

Number of pre-departure inspection violations

Number of speeding violations
Number of red light violations
Number of stop sign violations
Number of seat belt violations

Main economic activity of the fleet not specified

Trucking is the main economic activity of the fleet

Passenger transportation is the main economic activity of the fleet

Agriculture and agriculture related services is the main economic activity of the fleet
Food and tobacco is the main economic activity of the fleet

Associations and leisure activities, or Finance, real estate and insurance is the main
economic activity of the fleet

Furniture is the main economic activity of the fleet

Timber harvesting and paper is the main economic activity of the fleet
Construction is the main economic activity of the fleet

The main economic activity is other than those mentioned above
Average age of the fleet vehicles during the year

Average maximum number of vehicles axles to obtain registration

Dummy variable equal to one if the fleet started its activities during that year
Equal to zero otherwise

Number of axle overload violations by the fleet during the previous year

Number of total overload violations by the fleet during the previous year

Number of oversize violations by the fleet during the previous year

Number of stowage violations by the fleet during the previous year

Number of hazardous material violations by the fleet during the previous year
Number of driving violations by the fleet during the previous year

Number of mechanical inspection violations by the fleet during the previous year
Number of pre-departure inspection violations by the fleet during the previous year
Number of speeding violations by the drivers of the fleet during the previous year
Number of red light violations by the drivers of the fleet during the previous year
Number of stop sign violations by the drivers of the fleet during the previous year
Number of seat belt violations by the drivers of the fleet during the previous year
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Table A3
Definition of the factors used in the principal component analysis

Factor

Description

Number of years

Score of the mean and standard deviation of the age of HVO vehicles in years and standard
deviation of the mass of these vehicles

Number of axles

Score of the mean and standard deviation of the maximum number of axles of HVO vehicles and
mean mass of these vehicles

Start HVO Score if the HVO started or merged during the year

CAR1 offences Score of mean number of violations per HVO truck for axle overloading, total overloading,
oversize, and improper stowage

CAR?2 offences Score of average number of violations per HVO truck for driving hours, failure to perform
mechanical or pre-trip inspection.

DRV offences Average number of speeding, red light, stop sign and seatbelt violations per HVO truck
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