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Abstract: The sustainable development goals “Good health and well-being” and “Sustainable cities
and communities” of the United Nations and World Health Organization, alert governments and
researchers and raise awareness about road safety problems and the need to mitigate them. In Portu-
gal, after the economic crisis of 2008–2013, a significant amount of road assets demand investment
in maintenance and rehabilitation. The areas where these actions take place are called work zones.
Considering the particularities of these areas, the proposed work aims to identify the main factors that
impact the occurrence of work zones crashes. It uses the statistical technique of multinomial logistic
regression, applied to official data on road crashes occurred in mainland Portugal, during the period
of 2010–2015. Usually, multinomial logistic regression models are developed for crash and injury
severity. In this work, the feasibility of developing predictive models for crash nature (collision, run
off road and running over pedestrians) and for type of person involved in the crash (driver, passenger
and pedestrian), considering only one covariate (the number of persons involved in the crash), was
studied. For the two predictive models obtained, the variables road environment (urban/rural),
horizontal geometric design (straight/curve), pavement grip conditions (good/bad), heavy vehicle
involvement, and injury severity (fatalities, serious and slightly injuries), were identified as the
preponderant factors in a universe of 230 investigated variables. Results point to an increase of work
zone crash probability due to driver actions such as running straight and excessive speed for the
prevailing conditions.

Keywords: road traffic safety; work zone; multinomial logistic regression; crash nature; type of
person involved

1. Introduction
1.1. Framework and Objectives

Road crashes are considered worldwide as a public health problem [1–5]. According to
the World Health Organization (WHO), in 2019, road injuries represented the seventh cause
of death in low-income countries and the tenth cause in lower-middle and upper-middle
income countries [6]. This problem is also a concern addressed by the United Nations
(UN). In its “2030 Agenda for Sustainable Development” [2] it is possible highlight two
sustainable development objectives that are relevant in the context of road safety:

Goal 3—Ensure healthy lives and promote well-being for all at all ages: By 2020, halve
global road fatalities and injuries.

Goal 11—Make cities and human settlements inclusive, safe, resilient, and sustainable:
By 2030, provide access to safe, affordable, accessible, and sustainable transport systems
for all, improving road safety notably by expanding public transport, with special attention
to the needs of those in vulnerable situations (women, children, persons with disabilities
and elders).

For the case of most developed countries, where planned national road networks
are practically completed (built), the next step in the road management process involves
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the maintenance and rehabilitation of these networks. Therefore, an increase in the need
for intervention on road networks is expected, along with an increase in the importance
and study of issues related to work zones (WZ) safety. In these areas, when compared to
nonwork zone scenarios, it is expected a higher probability of fatal and injury crashes, as
well as an increase in crash frequency [7–12].

Considering the proven feasibility of using binary and probit logistic regression tech-
niques with the information collected in the Portuguese police crash report [13], and the
use of the multinomial logistic regression almost exclusively to establish crash and injury
severity models, the main goal of the study is to verify the feasibility of identifying main
factors that contribute to Portuguese WZ crashes. The multinomial logistic regression
approach will be used in order to establish predictive models for crash nature (collision,
run off road and running over pedestrians) and type of person involved (driver, passenger
and pedestrian), considering one covariate (the number of persons involved in the crash).

The structure of the paper is organized into four sections. In the Introduction, the
framework and scope of the work, as well as a literature review on road WZ crash data
analysis using logistic regression or similar techniques, are presented. The modeling
approach adopted in the multinomial logistic regression application is described in the
Method section. The Models and discussion section is dedicated to the analysis of the
Portuguese WZ crash data and discussion of results. Finally, the main findings, limitations
and future work directions are summarized in Conclusions.

1.2. Literature Review

Taking into account the particularities of work zone areas, several authors have focused
their research on the identification of factors that impact the occurrence of WZ crashes
and injury severity level using logistic and probit regression approaches or other similar
methodologies [9,10,12–31]. Next, it is presented a description of the research conducted
and main finding of 16 of these studies.

Khattal et al. [14,15] considered the ordinal categorical nature of North Carolina (USA)
work zone data in the elaboration of ordered probit models for the analysis of injury severity,
as well as linear regression models for the analysis of the crash total harm (combine effect
of both frequency and severity of injuries). The sample of the study focused on the WZ
crashes occurred in the year 2000 (3383 WZ crashes), especially in the ones involving
heavy vehicles. The study showed that collisions involving heavy vehicles happened more
frequently when WZ activities were carried out while no traffic control device was in place
and that multivehicle crashes involving this type of vehicle were more injurious when
compared to non-work zone crashes.

The study carried out by Qi et al. [16] focused on 1994–2001 data from rear-end
collisions occurred in WZ located in the state of New York, USA. In the study, ordered
probit models were developed to analyze crash severity and to recommend measures for the
reduction of the frequency of rear-end crashes. The study concluded that, at the time, the
NYSDOT’s crash database system was the most comprehensive in use in the USA, especially
regarding WZ data collection practices. As an inference, the model provided some actions
that can be adopted to reduce the WZ crash frequency, namely: the installation of bands
that alert drivers of the WZ proximity through sound vibrations, speed displays and the
use of drone radar as a warning measure for law enforcement. It was also concluded that
the WZ frequency and crash severity are correlated with the construction or maintenance
phase of the work, the population density and the territorial area occupied.

Li & Bai [17,18,25] resorted to statistical techniques such as Pearson’s chi-square, chi-
square likelihood ratio probability and logistic regression, to study the characteristics of
Kansas’s (USA) highway WZ fatal and injury crashes, between 1992 and 2004 (157 fatal
crashes and 4443 injury crashes). The study focused on the role that human factors play
in WZ crash occurrence, aiming to reduce the likelihood of their occurrence by promoting
education campaigns, research, and the effective use of temporary traffic control devices.
The study identified several human behaviors as contributing factors to WZ crashes, such
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as disrespect for the safety distance, traffic signs, road markings, speed limits, as well
as driving under the influence of alcohol. The authors also found that for fatal crashes,
head-on was the dominant type of crash, and that the involvement of trucks, unfavorable
light conditions and complicated road geometries contributed to a larger percentage of
crashes. On the other hand, most injury crashes involved light-duty vehicles only and
rear-end was the dominant injury crash type.

The Southeast Michigan (USA) work zone crash data was utilized by Meng et al. [12]
to calibrate a probabilistic quantitative risk assessment model. The database contained
89 fatal, 10,142 injury and 35,036 property damage only crashes. The authors modeled the
records of the crashes occurred between 1999 and 2008 in long-term WZ (>3 days) using
the Monte Carlo technique and statistical techniques such as the chi-square. To obtain the
casualty risk, the model combines an estimation of the WZ crash frequency by regression
model, an event tree for crash scenario determination and consequence estimation models
for scenarios in the event tree. The probability of fatal or injured victims is measured by
taking the individual risk for driver and passenger categories. Societal risk is represented
by the relationship between the frequency and total number of casualties caused by vehicle
crash. The study showed that slowing down speed was found to be more effective in
mitigating individual fatality and injury risks than reducing the emergency medical service
response time.

In 2011, the analysis performed by Elghamrawy [19] included the available data and
reports on work zone crashes occurred in the state of Illinois (USA), during the period of
1996–2005. Crash severity indices for serious injury, multi-vehicle, and multi-injury crashes
were developed using the logistic regression method (ordered). The research also aimed
to carry out field experiments, in order to evaluate the effectiveness of temporary rumble
strips placed prior and at the edge of work zones, investigating and quantifying their effect
on the most inattentive drivers. The results obtained showed that the WZ speed limit,
type of barrier, length and the works’ start time were significant variables that directly
influenced the occurrence of this type of crashes. Still, the combination of free-flow speed,
respect for the established speed limit and type of construction or rehabilitation activity,
influenced the crash type.

Yang et al. [20] proposed an approach for crash frequency estimation that involves the
use of a measurement error (ME) model (applied to work zone length) integrated with the
traditional negative binomial (NB) model. The aim was to identify risk factors in work zone
safety evaluation. A dataset of 60 work zones in New Jersey (USA), for the period from
2004 to 2010, obtained from the NJDOT crash database, was used to estimate the models.
Results suggest that both work zone length and traffic volume are positively associated
with crash occurrence in WZ, and that variations in WZ speed can result in an increase
of crashes.

Later, in a state-of-the-art review, Yang et al. [10] considered 82 WZ research papers,
from January 1962 to July 2013, taking into account the point of view of WZ crash data
analysis and safety modelling. The main contributing factors identified in the selected
studies were crash classification (total number of crashes occurred during the construction
period, divided by the distance traveled (km) by the vehicle in the construction area), crash
severity, posted speed limit, annual average daily traffic, driver and vehicle characteristics,
type of occurrence, location, contributing circumstances and actions and maneuvers pre-
ceding the crash. The authors also found that the multicollinearity between the variables is
hardly addressed and that the variables and contributing factors are essentially selected
through syntheses based on the information contained in the statistical bulletins, instead
of adopting an analytical approach of how such variables and their respective groupings
should be selected. The analysis indicated that there are significant gaps in understanding
the relationship between injury severity and possible risk factors and that few studies have
explored the actual level of injury recorded in hospital patient reports. Failure to report all
WZ crashes and to collect WZ detailed information was also identified.
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Osman et al. [21] undertook an extensive empirical analysis of the different types
of injury severity models developed for WZ crashes involving large heavy vehicles. The
authors used the statistical techniques of multinomial logit, nested logit, ordered logit,
and generalized ordered logit to develop WZ crash models. The database used consisted
of WZ crashes occurred in the state of Minnesota (USA) between 2003 and 2012. The
authors concluded that the generalized ordered logit model provided superior data fit
when compared to all the other models. The contributing factors that increased the risk of
serious injuries in WZ crashes involving large heavy vehicles were crash occurrence during
daylight, no access control, closure of one or more traffic lanes, failures in WZ transition
areas, presence of workers on the road, higher speed limits, poor pavement grip conditions
and crash occurrence on main arteries.

In 2018, the authors published a new study in which different types of WZ configu-
rations adopted in the state of Minnesota were analyzed for crashes occurred in the same
period of the research published in 2016 (14,351 crashes involving at least one passenger
car) [22]. The analysis employed ordered and disordered probit models, in order to obtain
an analytical injury severity model as a function of different WZ configurations (lane clo-
sure, lane change, intersections, roadside works and intermittent or moving activity, among
others). It was found that 85% of fatal WZ victims were drivers and passengers of light
vehicles, and that heavy vehicle involvement influenced the level of severity of the injury.
It was also identified that the adoption of temporary traffic control plans is the solution
that best adapts to each type of activity. Partial access control, rural road environment,
night-time, weekends, and horizontal curves, were identified as factors that increase the
probability of serious injuries. For variations across WZ configurations, significant differ-
ences in the effects of the following factors were observed: access-control, number of lanes,
road class and surface condition, speed limit, WZ area, presence of workers, time-of-day,
number of vehicles involved, and truck involvement.

In Portugal, several studies that focused on the application of logistic and probit
regression techniques to WZ crash data obtained from the Police crash reports were per-
formed [13,30,31]. The official 2013–2015 WZ crash data (1767 work zone crashes) was
used in [13] to assess the feasibility of applying binary and probit logistic regression tech-
niques to identify the main factors contributing to WZ crashes. The authors developed
11 binary and probit logistic regression models (for pedestrian, angle, rear-end and run-
off-road crashes; for unexpected obstacle, excessive speed, disregards for vertical signs
and disregard for safety distance; and for youth, adult and senior age groups), concluding
that it was possible to identify risk factors and that the obtained estimated coefficients
and goodness-of-fit test values were very similar for both logit and probit link functions.
The modeling results pointed to excessive speed, disregard for vertical signs, luminosity,
intersections, and motorcycle and heavy vehicle involvement as the most significant risk
factors. As mentioned by [10,22], the study also concluded that it is necessary to collect
additional information to allow for more complex analyses, more representative results,
and to determine a measurement of crash exposure.

Finally, Ashqar et al. [26] identified and quantified the impact of risk factors that
can lead to high-severity injury and/or fatal WZ crashes. For this purpose, the authors
analyzed a set of 379 severe crashes that occurred in work zones along highway I-94 (state
of Michigan, USA, 2016) using frequency analyses, logistic regression and machine learning
Random Forest algorithm. Mechanisms for the improvement of WZ traffic control, lighting
conditions and public education programs aimed at high-risk drivers were some of the
directions pointed out by the study results to reduce risk in those areas. According to the
authors, when compared to logistic regression, the Random Forest has the advantage of
producing meaningful results, even for a small sample size.

Tables 1 and 2 present a summary of the methods, scope and variables adopted in the
presented studies.
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Table 1. Summary of work zones crashes studies using logistic regression approaches and other
similar methodologies.

Reference Year Method Scope

Khattak et al. [14] 2003 Ordered probit
Linear regression

Heavy vehicle involvement
Injury severity
and frequency

Khattak et al. [15] 2004 Ordered probit Heavy vehicle involvement
Injury severity

Qi et al. [16] 2005 Ordered probit Rear-end collisions
Crash severity

Li & Bai [17,18,25] 2006–2009 Logistic regression
Crash frequency analysis

Fatal and injury crashes
Human factors

Meng et al. [12] 2010

Probabilistic quantitative
risk assessment:
regression model, event
tree, consequence
estimation models

Long-term WZ
Casualty risk
Crash severity

Elghamrawy et al. [19] 2011 Ordered logistic
regression

Fatal and injury crashes
Crash severity and cost

Yang et al. [20] 2013 Negative binomial
regression

Crash frequency
Single vehicle
Drivers’ injury severity

Osman et al. [21] 2016

Multinomial logit
Nested logit
Ordered logit
Generalized ordered logit

Heavy vehicle involvement
Injury severity

Osman et al. [22] 2018 Mixed generalized
ordered probit

Injury severity of
passenger-car crashes

Santos et al. [13,30,31] 2017–2021 Logistic regression
Probit regression

Type of crash
Contributing factor
Driver age group

Ashqar et al. [26] 2021

Crash frequency analysis
Logistic regression
Machine learning
Random Forest algorithm

Crash severity

Most studies have been developed in the USA and the majority point out that crash
data constitutes the raw material necessary to assist decision-making regarding the imple-
mentation of road safety measures in WZ. However, there are still challenges related to the
collection, storage, integration of various sources of information and provision of complete
databases that adequately support research and investment [10,13,26,32].

As can be seen in Table 2, the degree of the information detail varies across studies and
can influence the statistical technique adopted in the analysis. Despite the different studies
approaches, the data related to road environment conditions, such as luminosity and
weather, road geometry, road environment (rural/urban), speed limit, number and type of
vehicles involved in the crash, WZ traffic control device/type, heavy vehicle involvement
and crash severity, are those normally considered, being also those that are generally
collected in police crash reports [13].
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Table 2. Summary of studies and explanatory variables adopted in logistic regression approaches and other similar methodologies applied to road work zones
crashes analysis.

Reference Khattak
et al.
[14]

Khattak
et al.
[15]

Qi
et al.
[16]

Li & Bai
[17,18,25]

Meng
et al.
[12]

Elghamrawy
[19]

Yang
et al.
[20]

Osman
et al.
[21]

Osman
et al.
[22]

Santos
et al. [13,30,31]

Ashqar et al.
[26]

Category and
variables Year 2003 2004 2005 2006–2009 2010 2011 2013 2016 2018 2017–2021 2021

Temporal:
hour and minutes (a), day of the
week (b), month (c)

a, b, c a, b (a) (a, b)

Road environment conditions:
light (a), weather (b), road surface (c) a, b a, b a, b, c a, b, c a a, b, c a, b, c b, c a, b, c a, b, c

Road and WZ conditions:
road class (a), road geometry (b),
road configuration (1) (c), number of
lanes (d), lane width (e), intersection
(f), bridge (g), pavement type (h),
rural/urban (i), AADT/peak hour (j),
speed limit (k), WZ type (2) (l), WZ
marked with sign/cones (m),
access/traffic control device (n),
pedestrian/pedestrian worker (o),
WZ activity (ongoing) (p), WZ
duration (q), WZ length (r), type of
work being done (s), WZ effect on
the roadway (3) (t)

c, k, l, m, n, o, p,
q, s, t

c, k, l, m, n, p, s,
t

a, b, f, l, n, o, q,
s, t

a, b, d, h, i, k, n i, j, q, r a, c, d, e, f, j, k, l,
n

b, j, k b, d, f, g, i, j, k, n,
o, t

a, b, d, g, i, k, n,
o, t

b, f, i, k a, b, d, f, k, l, m,
p

Driver:
age (a), gender (b), physical
condition (c), illegal
behaviours/poor judgment (d),
driving under the influence (alcohol,
drugs, etc.) (e), driver’s vision
obstruction (f)

a, b, c, d, e, f d, e, f a, b, d, e a, e b, e a, d, e

Vehicle:
type (a), age (b), estimated speed at
impact (c)

a
c

a a a a a
b
c

Crash information:
crash location (4) (a), n.º of vehicles
involved (b), n.º of persons involved
(c), HV involvement (d), motorcycle
involvement (e), crash type/severity
(f), contributing factors (g),
pre-collision actions (h), first/most
harmful event (i)

a, b, c, d, f, h, i a, b, c, d, f, i a, b, d, g a, b, f, g, h b, d, f b, c, d, f, g d, f, g, h a, b a, b, d d, e, g, h a

AADT—Average annual daily traffic; HV—Heavy vehicle; (1) One-way, Two-way, divided, not divided, unprotected, median barrier; (2) Construction, maintenance, utility, intermit-
tent/moving; (3) Lane closed, shoulder/median closed, road closed—retour opposing side, lanes shift/become narrow, other/unknown, none; (4) Before work area, adjacent to work
area, in work area approach taper.
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Studies are essentially focused on analyzing the crash or injury severity, the involve-
ment of a specific vehicle type, usually heavy vehicles, and a specific crash type, such as
rear-end crashes. Regarding the methods adopted, logistic regression is often the preferred
one, since it allows a better understanding of the risk factors and of how they can increase
the probability of occurrence of the dependent variable under study. This is mainly due
to the easy interpretation of odd ratios. However, approaches that use machine learning
techniques are being increasingly used, especially to obtain meaningful results for small
sample sizes.

To conclude, all works refer that the main benefit of WZ crash studies is that they
are fundamental elements for guiding intervention strategies and defining appropriate
measures that aim to minimize the occurrence of WZ crashes.

2. Method

The regression technique selection and data processing operations considered the aim
of investigating the possibility of modelling the nature and type of person involved in
crashes occurred in Portuguese road WZ. Data from police crash reports, made available by
the Portuguese National Road Safety Authority, was used as input in the modelling process.

2.1. Multinomial Logistic Regression

Regression techniques can be defined as a set of statistical and probabilistic approaches,
usually used for data analysis of different natures, from which the relationship between
the behaviour of a given phenomenon and one or more potentially predictive variables
is investigated [33,34]. This process may or may not result in a cause-and-effect relation-
ship [35].

In the present study, the phenomena to be modelled are the crash nature, considering
the categories collision (code 0), run-off-road (code 1) and running over pedestrians (code 2);
and the type of person involved in the crash, with pedestrian (code 0), passenger (code 1)
and driver (code 2) categories. These phenomena are translated by polychotomous nominal
qualitative variables (they present more than two mutually exclusive categories) and,
therefore, the regression technique to be adopted must be a categorical regression, in this
case, a multinomial logistic regression [34,35]. Multinomial regression is defined as a
generalized linear model used to estimate probabilities for the m categories of a qualitative
dependent variable Y, using a set of explanatory variables X [34–36]. In multinomial
regression, one of the categories of the dependent variable must be chosen as a reference, in
order to compare it with the remaining categories considered. This choice may or may not
be arbitrary, depending on the orientation of the study. However, it is relevant to note that
this does not change the model, it only changes the way of interpreting the data [37,38].

Therefore, if the dependent variable that represents the phenomenon under study
presents 3 response categories (m = 3), as considered in this study, coded with ‘0’, ‘1’ and
‘2’, the number of equations of the estimated logit model will be (m − 1). To normalize the
system relative to a category of the dependent variable, the logistic regression coefficient
vector β of the response category considered as reference is set equal to 0 (for example
β0 = 0). Thus, the probability P of the dependent variable Y taking the value of each of
the 3 categories is given by expressions (1) to (3) [33], the chances (Odds) of each of the
categories of Y relative to the reference category 0 is given by the expressions (4) and (5),
and the expressions (6) and (7) establish the logit model.

P(Y = 0 | X) =
eXβ0

eXβ0 + eXβ1 + eXβ2
=

e0

e0 + eXβ1 + eXβ2
=

1
1 + eXβ1 + eXβ2

(1)

P(Y = 1 | X) =
eXβ1

eXβ0 + eXβ1 + eXβ2
=

eXβ1

e0 + eXβ1 + eXβ2
=

eXβ1

1 + eXβ1 + eXβ2
(2)

P(Y = 2 | X) =
eXβ2

eXβ0 + eXβ1 + eXβ2
=

eXβ2

e0 + eXβ1 + eXβ2
=

eXβ2

1 + eXβ1 + eXβ2
(3)
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P(Y = 1 | X)

P(Y = 0 | X)
= eXβ1 (4)

P(Y = 2 | X)

P(Y = 0 | X)
= eXβ2 (5)

Ln
⌈

P(Y = 1 | X)

P(Y = 0 | X)

⌉
= Xβ1 (6)

Ln
⌈

P(Y = 2 | X)

P(Y = 0 | X)

⌉
= Xβ2 (7)

where:

Y is the qualitative dependent variable for a model where the response variable assumes m
response categories (for this case m = 3, with codes 0, 1 and 2).
X is the matrix of independent variables (explanatory variables).
β0, β1 and β2 are the logistic regression coefficient vectors for the response category m.

The model is adjusted using the maximum likelihood method. The significance of
the adjusted model is assessed using the likelihood ratio test (LRT). The LRT compares
the goodness of fit of two models based on the ratio of their likelihoods. In this case, the
likelihood of the reduced model (intercept only) was compared with the likelihood of
the full model (with all variables) [35]. The goodness of fit measures adopted were the
Pseudo-R2 of Cox & Snell, Nagelkerke and McFadden. It was not possible to find in the
literature a strong guidance on how Pseudo-R2 measures should be interpreted [39,40].
These measures are more useful when comparing competing models obtained for the same
data (the model with the largest pseudo-R2 statistic is the best). However, in Hensher and
Stopher [41], McFadden himself states that a McFadden pseudo-R2 between 0.2 and 0.4
indicates a very good model fit.

The significance of the model coefficients was assessed with the Wald test and the area
under the receiver operating characteristic curve (ROC), that ranges from 0 to 1, was used
to measure the model’s ability to discriminate whether a specific condition is present or
not. According to Hosmer and Lemeshow [33], for an area under the ROC (AUC) of 0.5, it
is considered that the model does not have discriminant ability; for 0.5 < AUC < 0.7 the
discrimination is weak; for 0.7 ≤ AUC < 0.8 it is acceptable; for 0.8 ≤ AUC < 0.9 it is good;
and for AUC ≥ 0.9 the discrimination is exceptional.

Unlike what happens with other statistical data analysis procedures, in multinomial
logistic regression, special attention is given to the sample size, especially for cases in which
the explanatory variables present characteristics close to collinearity. This care is justified
for very small samples with highly correlated variables, such as the number of fatal victims,
since they can lead to erroneous or unreliable inferences based on the regression model
obtained [26,32]. General guidelines recommend that maximum likelihood estimation,
including logistic regression, must consider at least 100 cases. They also state that 500
cases are adequate in most applications, and that there should be at least 10 cases per
predictor [42].

For diagnoses of the correlation between explanatory variables, the determination
of Tolerance and VIF (Variance Inflation Factor) was adopted. According to Hoffman,
Miles and Sze et al. [43–45], the closer the tolerance and VIF values are to 1, the lower the
multicollinearity will be. Generally, VIF values above 4 or tolerance below 0.25 indicate
that multicollinearity may exist. Still, to select variables with predictive power, the Forward
Stepwise selection method was used. This method starts with a model that only includes
the intercept, and it adds, at each step, the variable (predictor) that causes the largest
statistically significant change in −2 Log Likelihood to the model. The final (best) model
will be the one that only includes important predictors [33,35,46].

The procedure described and adopted in the analysis was performed using the soft-
ware IBM SPSS®—Statistical Package for the Social Sciences, version 25.0 [47].
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2.2. Data Processing

Efficient safety management needs a significant amount of data regarding the condi-
tions under which crashes occur. The quantity and quality of the recorded data is essential
to identify crash contributing factors and to properly diagnose safety conditions, allowing
the detection of current and future safety needs, the definition of safety measures and the
prediction of strategies’ effects over time.

To allow a valid and meaningful analysis of the road WZ crash phenomenon, the
preparation of information started with the processing and organization of the 2010–2015
data provided by the Portuguese National Road Safety Authority (ANSR), originally spread
over 3 related databases, in a single database of WZ crashes occurred in mainland Portugal.

In the Portuguese Police Crash Report [48], WZ crashes are record in section “B4—
Pavement”. This section consists of four fields that aim to describe the pavement type (B4.1),
its state of conservation (B4.2), the presence of obstacles on the pavement or roadworks
(B4.3), and the pavement grip condition (B4.4). In this way, the reporting of WZ crashes
is carried out along with crashes due to obstacles on the pavement by selecting one of
the following B4.3 filling options: ‘Non-existent’, ‘Unsigned’, ‘Insufficiently signed’, and
‘Correctly signed’.

For the present study, ANSR provided three distinct databases for crashes with at least
one victim and field B4.3 coded as ‘Unsigned’, ‘Insufficiently signed’, Correctly signed’
and ‘Undefined’: a database with information about vehicles and drivers involved in the
crash, also including general information (location, date/time, nature, road environment
conditions and characteristics); a database with information about injured passengers; and
a database with information on injured pedestrians. The databases were related to each
other through the crash identification number.

Decisions taken throughout the data preparation process were based on the recommen-
dations and procedures adopted by [18,20,22,49–51]. In these studies, authors concluded
that a significant part of WZ crashes is not reported, and that among those that are reported,
some exhibit incomplete or incorrect crash report completion. The analysis of the Por-
tuguese data showed that there is a significant percentage of reports with no information
in the field B4.3, which does not allow concluding whether the crash occurred in a WZ
or not. This fact can distort the real WZ crashes scenario, generating ambivalence in the
validation of parameters, variables and models, which may result in erroneous conclusions.
However, over the years, there has been a progressive decrease of non-completion cases,
which makes it possible to envisage more representative future analyses (38% in 2010, 24%
in 2011, 11% in 2012, 10% in 2013, 9% in 2014 and 8% in 2015) [13,31,52].

Considering that a road crash can involve one or more drivers, passengers, or pedes-
trians, just as it can involve one or more vehicles, a new variable was prepared to connect
the three original databases. This new variable was the type of person involved in the
crash: driver, passenger, and pedestrian. Based on the crash identification number, a new
quantitative variable to represent the number of persons involved in the crash was also
created. In accordance with this new quantitative variable, crashes with 6 or more persons
involved were excluded from the database (1 crash with 44 persons involved, 1 with 13,
1 with 11, 4 with 9, 2 with 8, 11 with 7, and 23 with 6), since the minimum sample size
conditions to fit the assumptions of multinomial logistic regression were not verified.

When processing the information, it was possible to verify that about 31% of a total of
13,109 records of persons involved in WZ crashes (4053 records) presented B4.3 coded as
‘Undefined’. These data were not considered, as the information recorded does not make it
possible to state whether the crash occurred in a WZ area or due to the presence of obstacles
on the pavement. Regarding records with other inadequate information completion, which
resulted in the exclusion of another 2004 persons involved in WZ crashes, the following
elimination criteria were considered:

(a) Records coded as ‘Undefined’ in report fields A3: Crash type (with property damage
only, fatalities, serious or minor injuries); A4: Crash nature (run of road, collision
or run over pedestrians); A6: Gender and/or Date of birth; B2.1: Road horizontal
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geometry (straight or curved); B2.2: Road vertical geometry (level, slope or hump);
B2.4: Road crash location (on the track, side, sidewalk, dedicated track or parking lot);
B2.5: Road intersection (outside the intersection, at a level or uneven intersection);
B4.1: Pavement type (unpaved, bituminous, concrete or stone); B4.2: Pavement
condition (good, regular or bad); B4.4: Pavement grip condition (dry and clean,
humid, wet, etc.); and B5.1: Markings on the pavement (no marks or barely visible,
with markings separating the direction of traffic or with markings separating the
direction and lanes of traffic).

(b) Records without location data (no information in field A2).
(c) Records of drivers under the age allowed by law to drive (field A6).
(d) Records with no information about the year of license to drive (field E1.3).

In summary, taking into account the above, the database was initially organized based
on the crash identification number and then it was reorganized by the type of person
involved in the crash (new variable), which resulted in a single line of information per
person involved in the WZ crash.

The procedure described resulted in a final database with 7052 persons involved
(drivers, passengers, and pedestrians), corresponding to a total of 3504 WZ crashes. Table 3
presents the number of records with B4.3 field ‘Undefined’ and the number of WZ crashes
and type of person involved. This database was used in the IBM SPSS® program to perform
the following statistical analysis: an exploratory analysis to identify the main characteristics
related to the variables considered in the study, and the development of multinomial
logistic models for crash nature (collision, run-off-road and run over pedestrians) and type
of person involved in the crash (driver, passenger, and pedestrian).

Table 3. Global database numbers.

Year
N.º of Records

Coded as
‘Undefined’
in Field B4.3

N.º of WZ
Crashes (1)

N.º of
Drivers

Involved

N.º of
Passengers
Involved

N.º of
Pedestrians

Involved

Total N.º of
Persons

Involved

2010 1558 830 1263 336 116 1715
2011 968 706 1107 247 97 1451
2012 424 544 814 162 93 1069
2013 419 511 755 192 91 1038
2014 364 451 650 145 72 867
2015 320 462 694 143 75 912

Total 4053 3504 5283 1225 544 7052
(1) obstacles on the pavement and roadwork areas (crash report field B4.3).

3. Models and Discussion

Based on the data provided by ANSR, which treatment resulted in a single database
organized by type of person involved in WZ crashes, an exploratory analysis, the selec-
tion of significant variables, and statistical tests recommended for multinomial logistic
regression, were performed.

In total, 230 predictive nominal qualitative variables were studied and converted
into dummy variables, based on the results obtained from the exploratory analysis. The
quantitative predictive variable considered in the modelling process as a covariate was
the number of people involved in the crash, with five categories: 1, 2, 3, 4 and 5. The
outcomes of the collinearity analysis and forward stepwise regression performed for the
predictive variables resulted in a set of significant explanatory variables to be considered
in the models. For the crash nature model, 10 variables were selected, and for the type
of the person involved, 7. These variables are in line with those identified in similar
studies [10,12–22,25,26,30–32].

In the modelling process, the reference category ‘collision’ was considered for the crash
nature model (most common type of WZ crash identified in several studies [10,16–19,25,26]
and in the database), and ‘pedestrian’ for the type of person involved model (type of person
involved presenting more severe injuries in the database). The explanatory variables selec-
tion and multinomial modelling results are presented and discussed in Sections 3.1 and 3.2.
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3.1. Model 1: WZ Crash Nature
3.1.1. Results

Table 4 provides a summary of the cases processed in the analysis. It presents: the
number of elements (N) in each of the explanatory variable categories (5 categories for
quantitative variable X1 and dummy code for qualitative variables X2 to X11); the cor-
responding percentage values; the valid, missing, and total values; and two collinearity
diagnostic factors, tolerance and VIF.

Table 4. Case processing summary, tolerance and VIF.

Dependent Variable Code Categories N % Tolerance VIF

Crash nature
0 Run over pedestrians 957 13.6%
1 Run-off-road 1851 26.2%
2 Collision 4244 60.2%

Independent variables Code Categories N % Tolerance VIF

N. of persons involved in the crash
(Covariate)

X1

1 person involved (1) 1167 16.5%

0.853 1.172
2 persons involved (2) 2992 42.4%
3 persons involved (3) 1656 23.5%
4 persons involved (4) 832 11.8%
5 persons involved (5) 405 5.8%

Fatality X2
No (0) 6982 99.0% 0.969 1.031Yes (1) 70 1.0%

Seriously injured X3
No (0) 6813 96.6% 0.915 1.093Yes (1) 239 3.4%

Slightly injured X4
No (0) 2802 39.7% 0.868 1.152Yes (1) 4250 60.3%

Road environment (urban) X5
No (0) 2650 37.6% 0.914 1.094Yes (1) 4402 62.4%

Horizontal geometric design (alignment) X6
No (0) 1884 26.7% 0.978 1.023Yes (1) 5168 73.3%

Pav. grip condition (dry and clean) X7
No (0) 2431 34.5% 0.970 1.031Yes (1) 4621 65.5%

Passenger car X8
No (0) 1575 22.3% 0.907 1.103Yes (1) 5477 77.7%

Driver action (running straight) X9
No (0) 2183 31.0% 0.938 1.067Yes (1) 4869 69.0%

Pedestrian worker victim action (in WZ) X10
No (0) 6965 98.8% 0.958 1.043Yes (1) 87 1.2%

Excessive speed for prevailing conditions X11
No (0) 6563 93.1% 0.969 1.032Yes (1) 489 6.9%

Valid values
Missing values
Total values
Subpopulation

7052
0
7052
535 a

100%
0%

a The dependent variable has only one value observed in 332 (62.1%) subpopulations.

A summary of the model fitting criteria and of the effect selection tests obtained in the
forward stepwise regression, considering a significance level of 0.05, is presented in Table 5.
Table 6 presents the information regarding the model fit to the data, and Table 7 presents
the likelihood ratio tests results and the model fitting criterion for each of the explanatory
variables (predictors).

The estimates of the model parameters, the Wald test and the odds ratios Exp(β) are
presented in Table 8. Finally, the equations of the probabilistic models obtained from the
information presented in Table 8 are used to calculate the probability that a person involved
in a WZ crash has to belong to a certain crash nature category (each person involved
is classified in the category where the probability of occurrence is greater). The results
obtained in the classification are shown in Table 9.
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Table 5. Summary of variables selected by the forward stepwise method.

Step Action Variable Code

Model Fitting Criteria Effect Selection Tests

AIC BIC −2Log
Likelihood Chi-Square a df Sig.

(p-Value)

0 Entered Intercept 7206.624 7220.346 7202.624
1 Entered X1 5118.382 5145.826 5110.382 2092.242 2 <0.001
2 Entered X9 4412.906 4454.073 4400.906 709.475 2 <0.001
3 Entered X4 3965.229 4020.118 3949.229 451.677 2 <0.001
4 Entered X5 3658.287 3726.897 3638.287 310.943 2 <0.001
5 Entered X10 3508.108 3590.441 3484.108 154.179 2 <0.001
6 Entered X3 3398.055 3494.110 3370.055 114.052 2 <0.001
7 Entered X6 3288.628 3398.405 3256.628 113.427 2 <0.001
8 Entered X8 3180.663 3304.162 3144.663 111.965 2 <0.001
9 Entered X7 3124.939 3262.161 3084.939 59.724 2 <0.001
10 Entered X11 3081.704 3232.647 3037.704 47.235 2 <0.001
11 Entered X2 3053.036 3217.702 3005.036 32.668 2 <0.001

Method: Forward Stepwise. a Variable entry is based on chi-square likelihood test. AIC is the Akaike Information
Criterion. BIC is the Schwarz’s Bayesin Information Criterion. df is the degrees of freedom.

Table 6. Model fitting information.

Model

Model Fitting Criteria Likelihood Ratio Tests

AIC BIC −2Log
Likelihood Chi-Square df Sig.

(p-Value)

Intercept only 7206.624 7220.346 7202.624
Final 5118.382 5145.826 5110.382 2092.242 22 <0.001

Goodness-of-fit

Pseudo R-Square Pseudo R2

Cox and Snell 0.449
Nagelkerke 0.532
McFadden 0.321

Table 7. Independent variables likelihood ratio test results.

Effect AIC of
Reduced Model

BIC of
Reduced Model

−2Log
Likelihood Chi-Squre df Sig.

(p-Value)

Intercept 3053.036 3217.702 3005.036 a 0.000 0
X1 4418.717 4569.660 4374.717 1369.681 2 <0.001
X2 3081.704 3232.647 3037.704 32.668 2 <0.001
X3 3172.531 3323.475 3128.531 123.495 2 <0.001
X4 3575.313 3726.257 3531.313 526.277 2 <0.001
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Table 7. Cont.

Effect AIC of
Reduced Model

BIC of
Reduced Model

−2Log
Likelihood Chi-Squre df Sig.

(p-Value)

X5 3330.868 3481.811 3286.868 281.832 2 <0.001
X6 3144.972 3295.915 3100.972 95.935 2 <0.001
X7 3101.301 3252.245 3057.301 52.265 2 <0.001
X8 3166.438 3317.381 3122.438 117.401 2 <0.001
X9 3580.781 3731.724 3536.781 531.744 2 <0.001
X10 3189.141 3340.084 3145.141 140.104 2 <0.001
X11 3096.417 3247.360 3052.417 47.381 2 <0.001

The chi-square statistics is the difference in −2 log-likelihood between the final model and a reduced model. The
reduced model is formed by omitting an effect from the final model. The null hypothesis is that all parameters
of that effect are 0. a This reduced model is equivalent to the final model because omitting the effect does not
increase the degrees of freedom.

Table 8. Model parameter’s estimates.

Crash Nature a β
Std.
Error Wald df

Sig. b

(p-Value)

Exp(β) c

(Odds
Ratio)

95% Conf. Interval
for Exp(B)

Lower
Bound

Upper
Bound

R
un

-o
ff

-r
oa

d

Intercept 9.314 0.749 154.439 1 0.000
X1 −1.233 0.046 726.329 1 <0.001 0.291 0.266 0.319
X2 (=0) −1.975 0.339 33.830 1 <0.001 0.139 0.071 0.270
X3 (=0) −2.257 0.202 125.050 1 <0.001 0.105 0.070 0.155
X4 (=0) −1.753 0.097 328.494 1 <0.001 0.173 0.143 0.209
X5 (=0) 0.264 0.075 12.298 1 <0.001 1.302 1.123 1.508
X6 (=0) 0.626 0.076 67.960 1 <0.001 1.870 1.611 2.170
X7 (=0) 0.456 0.073 39.449 1 <0.001 1.577 1.368 1.819
X8 (=0) 0.032 0.082 0.151 1 0.698 1.032 0.879 1.213
X9 (=0) −1.046 0.091 132.227 1 <0.001 0.351 0.294 0.420
X10 (=0) −2.472 0.599 17.023 1 <0.001 0.084 0.026 0.273
X11 (=0) −0.574 0.129 19.816 1 <0.001 0.563 0.438 0.725

R
un

ni
ng

ov
er

pe
de

st
ri

an
s

Intercept 6.012 0.785 58.723 1 0.000
X1 −1.182 0.065 335.410 1 <0.001 0.307 0.270 0.348
X2 (=0) −0.842 0.417 4.074 1 0.044 0.431 0.190 0.976
X3 (=0) −0.739 0.239 9.536 1 0.002 0.478 0.299 0.763
X4 (=0) 0.653 0.091 51.973 1 <0.001 1.922 1.609 2.295
X5 (=0) −1.714 0.128 178.035 1 <0.001 0.180 0.140 0.232
X6 (=0) −0.358 0.106 11.344 1 0.001 0.699 0.568 0.861
X7 (=0) −0.197 0.091 4.671 1 0.031 0.821 0.687 0.982
X8 (=0) −1.228 0.128 92.221 1 <0.001 0.293 0.228 0.376
X9 (=0) 1.395 0.087 254.695 1 <0.001 4.036 3.400 4.790
X10 (=0) −4.426 0.542 66.671 1 <0.001 0.012 0.004 0.035
X11 (=0) 0.985 0.270 13.360 1 <0.001 2.679 1.579 4.544

a The reference category is Collision. b According to [35]: p-value < 0.001—the effect is statistically highly
significant; 0.001 < p-value < 0.05—the effect is statistically significant; 0.05 < p-value < 0.10 the effect is statistically
marginally or almost significant; and p-value > 0.10—the effect is not statistically significant. c “green”—positive
influence; “red”—negative influence; “black”—no influence.

Table 9. Classification.

Predicted

Observed Collision Run of Road Run over Pedestrian Percent Correct

Collision 3540 506 198 83.4%
Run-off-road 556 1248 47 67.4%
Run over pedestrian 571 10 376 39.3%
Percent correct 66.2% 25.0% 8.8% 73.2%
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3.1.2. Analysis of Results

In the WZ crash nature model, the probability of a subject belonging to Y0 (collision),
Y1 (run-off-road) and Y2 (run over pedestrian) was determined through a set of 10 predictor
variables (X2 to X11 in Table 4). The tolerance and VIF test results showed that the selected
variables were not influenced or inflated by its correlation with the other considered
variables, meaning that multicollinearities were not identified. The results of the stepwise
analysis using the forward entry method (see Table 5) also confirm the relevance of the
selected variables. The successive reduction of AIC and BIC values, in line with the
likelihood ratio tests, indicates that the model improves with the entry of each variable.
Also, since the significance of the chi-square p-value is less than 0.05, it is possible to
conclude that the model fits the data significantly.

The model fitting information presented in Table 6 makes it possible to conclude that
there is at least one independent variable that significantly influences the nature of the WZ
crash (p-value≤ 0.001). The values of AIC, BIC and the likelihood tests indicate that the final
complete model (with all variables) has a better fit than the reduced model (intercept only).
There is no strong guidance on how pseudo-R2 of Cox and Snell, Nagelkerke and McFadden
should be interpreted, however, the obtained value of 0.321 for Mc Fadden indicates a good
fit of the model. The likelihood ratio tests results obtained for the independent variables
(Table 7), for an α = 0.05, show that all the variables considered significantly affect the WZ
crash nature (p ≤ 0.001). The best model, i.e., the one with the lowest AIC and BIC, is the
model that incorporates all variables.

From the Wald test results (Table 8), for the run-off-road category, it is concluded that
only variable X8 (passenger car) is not significant. Thus, it is possible to state that the
remaining independent variables allow distinguishing the probabilities of the run-off-road
category versus the collision category, and that all the variables allow distinguishing the
probabilities of the run over pedestrian versus the collision category. For the run-off-road
category, variables X1, X2, X3, X4, X9, X10 and X11 do not increase the probability of being
involved in a run-off-road WZ crash (26.2% of persons involved) relative to a collision
(60.2% of persons involved). On the other hand, when compared to a collision, variables X5,
X6 and X7 increase the probability of being involved in a run-off-road WZ crash. Concerting
the running over pedestrian category, variables X1, X2, X3, X5, X6, X7, X8 and X10 do not
increase the probability of being involved in a run over pedestrian WZ crash (13.6% of
persons involved) relative to a collision. However, X4, X9 and X11 considerably increase the
probability of being involved in a run over pedestrian WZ crash.

As shown in Table 9, the predicted model correctly classifies 73.2% of the cases,
representing a rate of correct classifications that is 1.63 times higher than the one obtained by
chance (0.6022 + 0.2622 + 0.1362 = 0.449 = 44.9%), demonstrating the usefulness of the model
for classifying new observations. The predictive power of the model can also be evaluated
using the ROC curves. Figure 1 presents the ROC curves for the estimated cell probability
in the collision, run-off-road and running over pedestrian response categories. Graph
(a) shows an area under the ROC curve of 0.811, which indicates a good discriminating
ability for this category. Graphs (b) and (c), with areas under the ROC curve of 0.735 and
0.602, indicate an acceptable and poor discriminating ability to predict these categories
(run-off-road and run over pedestrian).
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3.2. Model 2: Type of Person Involved in WZ Crashes
3.2.1. Results

Similar to Section 3.1.1, Tables 10–15 present the results obtained for Model 2: type of
person involved in WZ crashes.

Table 10. Case processing summary, tolerance and VIF.

Dependent Variable Code Categories N % Tolerance VIF

Crash nature
0 Pedestrian 544 7.7%
1 Passenger 1225 17.4%
2 Driver 5283 74.9%

Independent variables Code Categories N % Tolerance VIF

N. of persons involved in the crash
(Covariate)

X1

1 person involved (1) 1167 16.5%

0.948 1.054
2 persons involved (2) 2992 42.4%
3 persons involved (3) 1656 23.5%
4 persons involved (4) 832 11.8%
5 persons involved (5) 405 5.8%

Fatality X2
No (0) 6982 99.0% 0.995 1.005Yes (1) 70 1.0%

Seriously injured X3
No (0) 6813 96.6% 0.992 1.008Yes (1) 239 3.4%

Road environment (urban) X4
No (0) 2650 37.6% 0.937 1.067Yes (1) 4402 62.4%

Horizontal geometric
design (alignment)

X5
No (0) 1884 26.7% 0.984 1.016Yes (1) 5168 73.3%

Pav. grip condition (dry and clean) X6
No (0) 2431 34.5% 0.981 1.020Yes (1) 4621 65.5%

Heavy vehicle involvement X7
No (0) 6704 95.1% 0.984 1.016Yes (1) 348 4.9%

Working weekday X8
No (0) 1813 25.7% 0.991 1.009Yes (1) 5239 74.3%

Valid values 7052 100%
Missing values 0 0%
Total values 7052
Subpopulation 226 a

a The dependent variable has only one value observed in 110 (48.7%) subpopulations.
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Table 11. Summary of variables selected by the forward stepwise method.

Step Action Variable Code
Model Fitting Criteria Effect Selection Tests

AIC BIC −2Log Likelihood Chi-Square a df Sig.
(p-Value)

0 Entered Intercept 2690.999 2704.721 2686.999
1 Entered X1 1895.983 1923.427 1887.983 799.016 2 <0.001
2 Entered X4 1725.956 1767.122 1713.956 174.027 2 <0.001
3 Entered X3 1633.382 1688.271 1617.382 96.573 2 <0.001
4 Entered X8 1566.389 1634.999 1546.389 70.993 2 <0.001
5 Entered X7 1517.454 1599.787 1493.454 52.934 2 <0.001
6 Entered X5 1485.635 1581.690 1457.635 35.819 2 <0.001
7 Entered X2 1459.336 1569.113 1427.336 30.299 2 <0.001
8 Entered X6 1450.037 1573.536 1414.037 13.299 2 <0.001

Method: Forward Stepwise. a Variable entry is based on chi-square likelihood test. AIC is the Akaike Information
Criterion. BIC is the Schwarz’s Bayesin Information Criterion. df is the degrees of freedom.

Table 12. Model fitting information.

Model
Model Fitting Criteria Likelihood Ratio Tests

AIC BIC −2Log Likelihood Chi-Square df Sig.
(p-Value)

Intercept only 2690.999 2704.721 2686.999
Final 1450.037 1573.536 1414.037 1272.962 16 <0.001

Goodness-of-fit

Pseudo R-Square Pseudo R2

Cox and Snell 0.165
Nagelkerke 0.217
McFadden 0.126

Table 13. Independent variables likelihood ratio test results.

Effect AIC of
Reduced Model

BIC of
Reduced Model −2Log Likelihood Chi-Squre df Sig.

(p-Value)

Intercept 1450.037 1573.536 1414.037 a 0.000 0
X1 2179.746 2289.523 2147.746 733.709 2 <0.001
X2 1476.190 1585.967 1444.190 30.153 2 <0.001
X3 1552.724 1662.501 1520.724 106.687 2 <0.001
X4 1673.644 1783.421 1641.644 227.607 2 <0.001
X5 1478.061 1587.838 1446.061 32.024 2 <0.001
X6 1459.336 1569.113 1427.336 13.299 2 <0.001
X7 1496.907 1606.684 1464.907 50.870 2 <0.001
X8 1509.464 1619.241 1477.464 63.427 2 <0.001

The chi-square statistics is the difference in −2 log-likelihood between the final model and a reduced model. The
reduced model is formed by omitting an effect from the final model. The null hypothesis is that all parameters
of that effect are 0. a This reduced model is equivalent to the final model because omitting the effect does not
increase the degrees of freedom.

Table 14. Model parameter’s estimates.

Type of Person Involved a β Std.
Error Wald df Sig. b

(p-Value)
Exp(β) c (Odds
Ratio)

95% conf. Interval for Exp(B)

Lower
Bound

Upper
Bound

Pa
ss

en
ge

r

Intercept −7.548 0.627 144.972 1 0.000
X1 0.780 0.057 184.951 1 <0.001 2.182 1.950 2.442
X2 (=0) 2.150 0.483 19.795 1 <0.001 8.588 3.330 22.146
X3 (=0) 1.434 0.230 38.994 1 <0.001 4.197 2.676 6.584
X4 (=0) 1.914 0.157 148.787 1 <0.001 6.782 4.986 9.225
X5 (=0) 0.734 0.135 29.719 1 <0.001 2.084 1.600 2.714
X6 (=0) 0.429 0.119 12.945 1 <0.001 1.535 1.215 1.939
X7 (=0) 1.789 0.284 39.806 1 <0.001 5.983 3.432 10.429
X8 (=0) 1.016 0.138 53.909 1 <0.001 2.763 2.106 3.624
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Table 14. Cont.

Type of Person Involved a β Std.
Error Wald df Sig. b

(p-Value)
Exp(β) c (Odds
Ratio)

95% conf. Interval for Exp(B)

Lower
Bound

Upper
Bound

D
ri

ve
r

Intercept −2.781 0.430 41.928 1 0.000
X1 −0.030 0.052 0.346 1 0.556 0.970 0.876 1.074
X2 (=0) 1.980 0.321 38.095 1 <0.001 7.243 3.862 13.583
X3 (=0) 2.043 0.182 125.901 1 <0.001 7.712 5.398 11.019
X4 (=0) 1.812 0.146 154.502 1 <0.001 6.124 4.602 8.150
X5 (=0) 0.465 0.119 15.351 1 <0.001 1.592 1.262 2.009
X6 (=0) 0.306 0.102 8.946 1 0.003 1.358 1.111 1.659
X7 (=0) 0.551 0.188 8.610 1 0.003 1.735 1.201 2.508
X8 (=0) 0.606 0.125 23.454 1 <0.001 1.833 1.434 2.342

a The reference category is: Pedestrian. b According to [35]: p-value < 0.001—the effect is statistically highly
significant; 0.001 < p-value < 0.05—the effect is statistically significant; 0.05 < p-value < 0.10 the effect is statistically
marginally or almost significant; and p-value > 0.10—the effect is not statistically significant. c “green”—positive
influence; “black”—no influence.

Table 15. Classification.

Predicted

Observed Pedestrian Passenger Driver Percent Correct

Pedestrian 26 6 512 4.8%
Passenger 4 204 1017 16.7%
Driver 19 230 5034 95.3%
Percent correct 0.7% 6.2% 93.1% 74.6%

3.2.2. Analysis of Results

In the type of person involved in WZ crashes model, the probability of a subject
belonging to Y0 (pedestrian), Y1 (passenger) and Y2 (driver) was identified through a set
of 7 predictor variables (X2 to X8). Multicollinearity was not identified and the results
of the stepwise analysis using the forward entry method confirmed the relevance of the
7 variables considered (see Tables 10 and 11). The successive reduction of AIC and BIC
values, in line with the likelihood ratio tests, make it possible to state that the model
improves with the entry of each variable. It is still possible to conclude that the model fits
the data significantly, since the significance of the chi-square p-value is less than 0.05.

Regarding the model fitting information (Table 12), it is possible to conclude that there
is at least one independent variable that significantly influences the type of person involved
in WZ crashes (p-value ≤ 0.001). The values of AIC, BIC and likelihood tests indicate that
the final complete model (with all independent variables) represents a better fit than the
reduced model (intercept only). As previously mentioned, there is no strong guidance on
how pseudo-R2 of Cox and Snell, Nagelkerke and McFadden should be interpreted. Still,
for the McFadden pseudo-R2, according to [41], the value of 0.126 does not indicate a good
fit of the model. For the independent variables and an α=0.05, the likelihood ratio test
results in Table 13 show that all the variables considered significantly affect the type of
person involved in WZ crashes (p ≤ 0.001). The best model is the model with all variables
(lowest AIC and BIC).

According to the Wald test results (Table 14), all the variables allow to distinguish the
probabilities of the passenger category versus the pedestrian reference category. For the
driver category, only variable X1 (number of persons involved in the crash) is not significant.
The remaining independent variables make it possible to distinguish the probabilities of
the driver category versus the pedestrian category. Despite the verification of statistical
criteria, results obtained for the model must be interpreted carefully, since the reference
category (pedestrian) presented a low percentage of correct classifications, namely 4.8%
(see Table 15). Having pedestrian (7.7% of persons involved) as the reference category, all
variables for the passenger category increase the probability of being involved in a WZ
crash as a passenger (17.4% of persons involved). For the driver category, variables X2 to
X8 increase the probability of being involved as a driver (74.9% of persons involved).
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The predicted model correctly classifies 74.6% of the cases (Table 15), which repre-
sents a rate of correct classifications 1.25 times higher than the one obtained by chance
(0.0772 + 0.1742 + 0.7492 = 0.597 = 59.7%). The predictive power of the final model was
also evaluated using ROC curves. Figure 2 presents the ROC curves for the estimated cell
probability in the pedestrian, passenger, and driver response categories. Graph (a) shows
an area under the ROC curve of 0.741, which means that there is acceptable discrimination
of subjects for this category, and graphs (b) and (c) show areas under the ROC curve of
0.641 and 0.541, meaning poor subject discrimination to predict these categories.

Sustainability 2023, 15, x FOR PEER REVIEW 18 of 24 
 

According to the Wald test results (Table 14), all the variables allow to distinguish 
the probabilities of the passenger category versus the pedestrian reference category. For 
the driver category, only variable X1 (number of persons involved in the crash) is not sig-
nificant. The remaining independent variables make it possible to distinguish the proba-
bilities of the driver category versus the pedestrian category. Despite the verification of 
statistical criteria, results obtained for the model must be interpreted carefully, since the 
reference category (pedestrian) presented a low percentage of correct classifications, 
namely 4.8% (see Table 15). Having pedestrian (7.7% of persons involved) as the reference 
category, all variables for the passenger category increase the probability of being in-
volved in a WZ crash as a passenger (17.4% of persons involved). For the driver category, 
variables X2 to X8 increase the probability of being involved as a driver (74.9% of persons 
involved). 

The predicted model correctly classifies 74.6% of the cases (Table 15), which repre-
sents a rate of correct classifications 1.25 times higher than the one obtained by chance 
(0.0772 + 0.1742 + 0.7492 = 0.597 = 59.7%). The predictive power of the final model was also 
evaluated using ROC curves. Figure 2 presents the ROC curves for the estimated cell prob-
ability in the pedestrian, passenger, and driver response categories. Graph (a) shows an 
area under the ROC curve of 0.741, which means that there is acceptable discrimination 
of subjects for this category, and graphs (b) and (c) show areas under the ROC curve of 
0.641 and 0.541, meaning poor subject discrimination to predict these categories. 

 (a) (b) (c) 

Tr
ue

 p
os

iti
ve

 ra
te

 (S
en

si
tiv

ity
) 

   

 False positive rate (1-Specificity) 

Figure 2. ROC Curves. Estimated cell probability for: (a) Pedestrian (AUC = 0.741), (b) Passenger 
(AUC = 0.641), (c) Driver (AUC = 0.541). 

3.3. Discussion of Results 
In addition to checking the feasibility of establishing the models, the decision to de-

velop WZ crash nature and type of person involved in WZ crashes global models, rather 
than a model of injury severity, is justified. This can be inferred since the injury variable 
categories, for the database considered, do not present a similar distribution of subjects, 
as recommended by Marôco [35], especially regarding fatal and seriously injured victims 
(1.0% fatal victims, 3.4% seriously injured, 60.3% slightly injured and 35.3% unharmed). 

It was also confirmed that the database did not present specific WZ quantitative var-
iables that could be used as covariates in the analysis, such as the number of obstacles, the 
annual average daily traffic (AADT), the total WZ length, or the number of lanes closed, 
among others. To overcome this limitation and allow the feasibility of multinomial regres-
sion analysis, the quantitative variable X1 (number of persons involved in the crash) was 
prepared and included in the analysis. 

Considering the more favorable distribution of subjects for the WZ crash nature and 
type of person involved in WZ crashes categories, models were developed for these two 

Figure 2. ROC Curves. Estimated cell probability for: (a) Pedestrian (AUC = 0.741), (b) Passenger
(AUC = 0.641), (c) Driver (AUC = 0.541).

3.3. Discussion of Results

In addition to checking the feasibility of establishing the models, the decision to
develop WZ crash nature and type of person involved in WZ crashes global models, rather
than a model of injury severity, is justified. This can be inferred since the injury variable
categories, for the database considered, do not present a similar distribution of subjects,
as recommended by Marôco [35], especially regarding fatal and seriously injured victims
(1.0% fatal victims, 3.4% seriously injured, 60.3% slightly injured and 35.3% unharmed).

It was also confirmed that the database did not present specific WZ quantitative
variables that could be used as covariates in the analysis, such as the number of obstacles,
the annual average daily traffic (AADT), the total WZ length, or the number of lanes
closed, among others. To overcome this limitation and allow the feasibility of multinomial
regression analysis, the quantitative variable X1 (number of persons involved in the crash)
was prepared and included in the analysis.

Considering the more favorable distribution of subjects for the WZ crash nature and
type of person involved in WZ crashes categories, models were developed for these two
variables. The models showed a high level of confidence (5%) and proved to be statistically
significant. As mentioned previously, the crash nature model presents 73.2% of correct
classifications. This value is considerably higher than the proportional percentage of correct
classifications by chance, which is 45.1% (about 1.63 times higher). For the type of person
involved, the percentage of correct classifications is 74.6% and the proportional percentage
of correct classifications by chance is 59.7% (about 1.25 times higher). For this last model,
the increase in correct classifications, when compared to the classification by chance, is not
as expressive as for the crash nature model. Even so, according to Marôco [35], the model
can be considered to have classificatory properties (increase of at least 25%).

Regarding the WZ crash nature model, the quantitative variable X1 (number of people
involved in a WZ crash) that was created did not show a positive influence on the model
(Exp(β) < 1). When examining the injuries’ variables (X2 to X4), the analysis indicates that
they do not increase the probability of a subject being involved in a crash. The exception is
X4 (light injury = 0) for the run over pedestrian category relative to the reference category
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collision, since being involved as a fatal victim or being seriously injured or unharmed, in
contrast to a light injured, increases the chances of being involved in a run over pedestrian
by 92.2% (Exp(β) = 1.922). As expected, due to the involvement of vulnerable users
(pedestrian workers) [21,22], when compared to run-off-road and collision, running over
pedestrian category presents a high proportion of fatalities and serious injuries in WZ
crashes, which confirms the obtained result.

For the road environment variable (X5, urban = 0), being involved in a crash in a
rural environment, compared to a crash in an urban environment, increases the chances
of being involved in a run-off-road crash relative to a collision by 30.2% (Exp(β) = 1.302).
This environment was also identified in [13,22] as a risk factor that increases the probability
of WZ crashes, especially those involving serious injuries. In contrast, for running over
pedestrian, it reduces the chances of a subject being involved by 82% (Exp(β) = 0.180). In
run-off-road crashes, this increase is apparently associated with the practice of high speeds.

The road horizontal geometric design (X6, alignment = 0), for run-off-road category
relative to collision and when the crash occurs on a curve, increases the chances of a subject
being involved by 87.0% (Exp(β) = 1.870), relatively to those involved in crashes that occur
in straight alignment, while for running over pedestrian there is a reduction of 30.1%
(Exp(β) = 0.699). Bad pavement grip conditions (X7, dry and clean = 0) are directly related
to road environment conditions, such as adverse weather, presence of mud, sand, or oil on
the pavement. For subjects involved in crashes that occurred with good grip conditions (dry
and clean pavement), relative to those involved in places with poor grip conditions, there
is an increase of 57.7% (Exp (β) = 1.577) in the chances of being involved in a run-off-road
crash. There is also a reduction of 17.9% (Exp(β) = 0.821) for the case of run over pedestrian,
when compared to the reference category collision. In view of these results and of the
literature [13,18,22], it is considered of fundamental importance to ensure efficient traffic
control devices, traffic signs and speed limits, especially in adverse weather conditions and
complex road geometries.

Regarding the intervening vehicles, a positive influence was not found for the pas-
senger car variable (X8, passenger car = 0) when modelling the crash nature. This result
is in line with the fact that there is a predominance of subjects involved in WZ crashes
driving or being passengers in passenger cars (77.7% of people involved). Considering
the results obtained and the literature consulted [14,15,17,18,21,22,25], and despite the re-
duced number of cases in the analyzed database (348 cases), it is suggested that an isolated
analysis of crashes involving one or more heavy vehicles is performed, since they present
homogeneous characteristics in terms of injury severity, involved persons (drivers) and
type of crash (collision).

For variable X9 (running straight = 0), being involved in a crash in which the actions
and maneuvers were not running straight before the crash (including driver actions and ma-
neuvers before the crash and actions of pedestrian victims), compared to running straight,
reduces the chances of being involved in a run-off-road crash by 64.9% (Exp(β) = 0.351).
Under the same conditions and when compared to a collision, it significantly increases
the chances of being involved in a run over pedestrian crash by 303.6% (Exp(β) = 4.036).
Most road crash studies, including the ones presented in the literature review section, have
identified running straight as a risk factor that increases the probability of crashes, since it
favors the practice of higher speeds.

The involvement in a crash with other actions and maneuvers of the driver previously
to the accident, as well as with actions of the pedestrian victims, relative to the involvement
of a road worker (X10, WZ pedestrian worker victim = 0), reduces the chances of being
involved in a run-off-road crash by 91.6% (Exp(β) = 0.084). It also reduces the chances of
being involved in a run over pedestrian crash by 98.8% (Exp(β) = 0.012), in comparison
to a collision crash. As mentioned before, pedestrians working on the road are the most
vulnerable subjects on WZ. Additionally, it is considered relevant to develop a model for
run over pedestrian crashes, since there were 14 fatal and 50 seriously injured victims, as
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a consequence of this type of crash, presenting a relatively homogeneous distribution in
terms of injuries.

For the circumstances described in other information complementary to actions and
maneuvers (such as disrespect for vertical signs, road markings or traffic lights, among
others), relative to the practice of excessive speed for prevailing conditions (X11, ex-
cessive speed for prevailing conditions = 0), which is an illegal and unadvised behav-
ior in WZ, the chances of being involved in a run-off-road crash are reduced by 43.7%
(Exp(β) = 0.563). However it increases the chances for the run over pedestrian category by
167.9% (Exp(β) = 2.679), when compared with collision.

Having collision as a reference category, variables X9 and X11 revealed a positive
influence on the crash nature model for the run over pedestrian crash type. These results
indicate the need to develop effective methods for signaling, as well as for warning and
directing traffic in WZ. Some examples of these methods are the adoption of temporary
traffic control and speed reduction devices, and more visible inspections (police presence).
These actions aim to reduce the impact of human behavior as a contributing factor to the
occurrence of WZ crashes [12,16,18,19,25,26].

When compared to the crash nature model, there is an increased difficulty in interpret-
ing the results of the type of person involved model, since the pedestrian’s category was
used as a reference and the characteristics of crashes in which they are involved are quite
different from those verified for the drivers and passengers categories. This fact is rein-
forced by the results obtained in the classification of cases (Table 14), since the percentage
of correct classifications for pedestrian and passenger categories are low when compared
to the driver category.

The number of persons involved in the selected WZ crashes (X1) revealed a positive
influence on the type of person involved model for the passenger category. The chances of
being involved as a passenger in a WZ crash in comparison to a pedestrian, for the total
number of persons involved, is 2.182 (Exp(β)), corresponding to a chance’s variation of
118.2% per unit increase of persons involved. Regarding crashes with one driver involved
(which corresponds to a single vehicle involved), considering the ROC curves (especially
for the driver and passenger categories) and the representativeness of this category in
variable X1 (16.5%, see Table 3), it is recommended to investigate this scenario separately
from crashes involving multiple vehicles. The need to study the effect of the type and
number of vehicles involved, was also identified and addressed by Osman et al. and
Meng et al. [12,22].

For the passenger and driver categories, variables related to injury severity (X2 and X3,
fatality = 0, seriously injured = 0) revealed a positive influence on the model. These groups
have the highest number of persons involved with injuries (mostly slight injuries) when
compared with the pedestrian category.

For variable X4 (urban = 0), a subject involved in a rural environment WZ crash,
relative to an urban environment, increases the chances of being involved as a passenger
by 578.2% (Exp(β) = 6.782) and as a driver by 512.4% (Exp(β) = 6.124), when compared
to the pedestrian category. Involvement in a crash that occurs on a horizontal curve (X5,
alignment=0), in comparison to a crash on a straight alignment, increases the chances
of being involved as a passenger by 108.4% (Exp(β) = 2.084) and as a driver in 59.2%
(Exp(β) = 1.592). It was also verified that adverse pavement grip conditions, relative to
good grip conditions (X6, dry and clean=0), increase the chances of being involved as a
passenger by 53.5% (Exp(β) = 1.535) and as a driver by 35.8% (Exp(β) = 1.358), compared
to the pedestrian category. The results obtained are in line with what would be expected
from the comparison of passenger and driver with the pedestrian reference category.

Being involved as a subject in other types of vehicles considered in the Portuguese
police crash report, relative to the class heavy vehicle (X7, heavy vehicle involvement = 0), in-
creases the chances of a passenger being involved in a WZ crash by 498.3% (Exp(β) = 5.983),
and the chances of a driver being involved in 73.5% (Exp(β) = 1.735), when compared to
pedestrians. It should be noted that the passenger category is naturally associated with



Sustainability 2023, 15, 2674 21 of 25

passenger cars, the driver category is mostly associated with passenger cars and for the
other types of intervening vehicles, these categories are heterogeneously distributed.

Finally, the chances of a subject being involved in a WZ crash during the weekend, in
comparison to a subject involved during the working weekdays (X8, working weekday = 0),
increases the chances of a passenger being involved by 176.3% (Exp(β) = 2.763) and a driver
by 83.3% (Exp(β) = 1.833), relative to a pedestrian. Considering that during the weekend
road work zones are generally inactive, the results obtained reflect a greater propensity for
driver behaviors associated with imposed speed limit and signage disrespect, as stated by
Osman et al. [22].

4. Conclusions

Aligned with the consolidated road networks ‘maintenance needs and with the WHO
and UN objectives to improve road safety, the presented study aims to identify the main
risk factors increasing the probability of WZ crashes occurrence considering the crash
nature, type of person involved and use of multinomial logistic regression. Multinomial
logistic regression has been mainly used to analyze WZ crash and injury severity. Therefore,
its application to the crash nature and type of person involved, considering the information
available in the Portuguese police crash report, which was organized in a single database
by type of person involved, constitutes a new application and a contribution to the study
and promotion of WZ safety.

In this study, two analytical models were established, confirming the feasibility of us-
ing multinomial logistic regression to predict the occurrence probabilities for the categories
considered for crash nature (collision, run-off-road and run over pedestrian) and type of
person involved in WZ crashes (pedestrian, passenger and driver).

In a universe of 230 available independent variables, 10 nominal qualitative variables
with predictive effects were selected for the crash WZ nature model: fatality, seriously
injured, slightly injured, road environment, horizontal geometric design, pavement grip
condition, passenger car, driver action, pedestrian worker victim action and excessive
speed for prevailing conditions. Considering the type of person involved in WZ crashes,
the following 7 predictive nominal qualitative variables were considered: fatality, seriously
injured, road environment, horizontal geometric design, pavement grip condition, heavy
vehicle involvement and working weekday.

From the fitting information, quality of fit, Pseudo-R2, likelihood ratio tests, predictive
parameters’ estimates, as well as from correct and random classifications, it was concluded
that both models are considered discriminating through classification and with predictive
power verified by the ROC curves. However, the WZ crash nature model presented better
results. It is believed that this outcome is related to a more favorable distribution of subjects
by categories in the WZ crash nature model, and to the use of pedestrians as the reference
category in the type of person involved model (pedestrian’s characteristics and type of
involvement are quite different from those of passengers and drivers).

Taking collision as a reference category, a global analysis of the WZ crash nature pre-
dictive model showed that rural environment, horizontal curve design and poor pavement
grip conditions, compared to the urban environment, horizontal alignment design and
good pavement grip conditions (dry and clean), increase the chances of a run-off-road crash
by 30.2%, 87.0%, 57.7% respectively. For the run over pedestrian category, it was found
that fatal victims, serious injured and unharmed victims, compared to a subject with minor
injuries, increase the chances of being involved in a run over pedestrian crash by 92.2%.
Running over pedestrian have the highest number of fatalities and serious injuries in the
set of WZ crashes analyzed. The chances of being involved in a run over pedestrian crash
as a subject in a vehicle that performs other actions and maneuvers before the crash or
other complementary information, including pedestrian victims’ actions, compared to a
subject in a vehicle running straight or moving at excessive speed, increase by 303.6% and
167.9% respectively.
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As mentioned in the discussion of results, the interpretation of the type of person
involved in WZ crashes model results must be carefully performed. According to the
predictive model, the passenger category is positively influenced by all the considered
predictive variables. For the driver category, only the number of persons involved in the
crash does not significantly influence the probability of being involved in a crash as a driver,
which can be explained by the fact that most of the persons involved in WZ crashes are
drivers. Variables with the most significant positive influence are injured and unharmed
victims, the rural environment, and the involvement of vehicles other than heavy vehicles,
compared to the urban environment, fatal victims and the involvement of heavy vehicles,
increasing the chances of being involved as a passenger by 755.8%, 578.2% and 498.3%
respectively. This result could be explained by the fact that passengers essentially travel in
passenger car vehicles. The chances of being involved as an unharmed or slightly injured
driver, compared to being a fatal or seriously injured victim, increase by more than 600%.
For the driver category and considering the road environment variable, the chances of
being involved in a WZ crash in a rural environment, compared to an urban environment,
increase by 512.4%.

The lack of more detailed WZ information, namely of quantitative variables such as
the WZ length and traffic volume, is considered the main limitation of this study. It is
believed that WZ detailed information would allow more representative and advanced
crash analyses. Considering future works, crash nature models using multinomial logistic
regression considering only drivers and a separate analysis for crashes involving a single
vehicle from those with multiple intervening vehicles, are suggested. It is also suggested
to verify the possibility of applying other statistical techniques such as generalized linear
models, Monte Carlo, genetic algorithms, random forest and neural networks to Portuguese
data, as well as comparing the results obtained, when possible, with those of multinomial
logistic regression.
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