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ABSTRACT

Over decades safety performance functions (SPF) have been developed as a tool for traffic safety in order to
estimate the number of crashes in a specific road section. Despite the steady progression of methodological
innovations in the crash analysis field, many fundamental issues have not been completely addressed. For
instance: Is it better to use parsimonious or fully specified models? How should the goodness-of-fit of the
models be assessed? Is it better to use a general model for the entire sample or specific models based on
sample stratifications? This paper investigates the above issues by means of several SPFs developed using
negative binomial regression models for two-lane rural highways in Spain. The models were based on crash
data gathered over a 5-year period, using a broad number of explanatory variables related to exposure,
geometry, design consistency and roadside features. Results show that the principle of parsimony could be
too restrictive and that it provided simplistic models. Most previous studies apply conventional
measurements (i.e., R%, BIC, AIC, etc.) to assess the goodness-of-fit of models. Seldom do studies apply
cumulative residual (CURE) analysis as a tool for model evaluation. This paper shows that CURE plots are
essential tools for calibrating SPF, while also providing information for possible sample stratification.
Previous authors suggest that sample segmentation increases the model accuracy. The results presented here
confirm that finding, and show that the number of significant variables in the final models increases with
sample stratification. This paper point out that fully models based on sample segmentation and on CURE
may provide more useful insights about traffic crashes than general parsimonious models when developing

SPF.

Keywords: Cumulative residuals; Safety Performance Functions; two-lane rural highways; flat terrain;

parsimonious models; fully models

1. INTRODUCTION

According to the World Health Organization, approximately 1.24 million people are killed every year on the
world’s roads, and another 20 to 50 million sustain nonfatal injuries as a result of road crashes (WHO, 2013).
All efforts to reduce traffic crashes are therefore well justified. In Europe, approximately 60% of road
accident fatalities occur on two-lane rural roads (Cafiso et al., 2010). Two major factors usually play an
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important role in traffic accident occurrence: the first is related to the driver; and the second is related to the
roadway design (Abdel-Aty and Radwan, 2000).

Safety Performance Functions (SPF) make it possible to predict the number of crashes that may take place on
a given stretch of roadway with certain characteristics. For many years this type of model was developed
using simple or multiple linear regression techniques. However, Miaou (1994) showed that Poisson
regression models —or, in the case of overly dispersed data, Negative Binomial (NB) regression models—
are more appropriate. Later research showed that, in general, the number of crashes used when calibrating
the prediction models presents over-dispersion, with a greater dispersion than would be consistent under a
Poisson model (Hauer et al., 2002). Most studies nowadays therefore assume that the number of crashes
follows an NB distribution (Persaud et al., 1999; Cheng and Washington, 2008; Montella et al., 2008; Cafiso
etal., 2010; FHWA, 2010; Montella, 2010; Camacho-Torregrosa et al., 2013).

Although substantial research has been conducted on the development of crash models, there are issues still
on the forefront regarding: generalized models; unobserved heterogeneity; confounding variables; variables
to be considered in models and how to add them (parsimonious vs. fully specified models); overfitting of
models; measures used in assessing the goodness of fit; and the appropriateness of stratifying a sample to get
better models.

The generalized models are used by authorities to study the safety of other locations in a given region that
have characteristics similar to those of the location used to build the model. Thus, models containing
variables with highly significant parameters can predict accident frequencies at new locations not used in the
model development. In addition, because explanatory variables that have statistically significant model
parameters help explain the variability of the accident data, their inclusion in the model improves its fit with
the data (Sawalha and Sayed, 2006).

As for the unobserved heterogeneity, the fact that crashes involve complex interactions among human,
vehicle, roadway, traffic and environmental elements makes it impossible to take into account all factors
influencing the likelihood of highway crashes. Crash databases contain a lot of information about road,
vehicle and environment characteristics, yet many other elements remain unobserved, such as human
behaviour, friction measurements, etc. These factors constitute unobserved heterogeneity and can introduce
variation in the impact of the effect of observed variables on accident likelihood (Mannering et al., 2016).
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Unobserved heterogeneity can be defined as variations in the effect of variables across the sample population
that are unknown to the researcher. If this issue is ignored and the effects of observable variables is held to
be the same across all observations, the model may be misspecified and the estimated parameters might be
biased, leading to erroneous predictions (Mannering et al., 2016). Although relatively recent research has
explored unobserved heterogeneity, allowing new insights to be extracted from crash databases, the model-
estimation process involved becomes considerably more complex; the result obtained from methods such as
random parameter models may not be easily transferable to other datasets or different locations since the
individual parameter vector associated with each observation is unique to that observation (Lord and
Mannering, 2010; Mannering et al., 2016).

A further issue that concerns researchers is that of confounding variables. In general, confounding variables
are those that are not controlled in the model but may have a latent effect. A confounding factor can be
defined as any variable —other than the cause of principal interest in a study— that can either (a) generate
effects that may be mixed up with the effects of the causal variable, (b) distort the effects attributed to the
causal variable, e.g. modifying their direction or strength, or (c) hide the effects of the causal variable (Elvik,
2011). Controlling for confounding factors is important in establishing causality, and poor control of
confounding factors can seriously distort the findings of road safety studies and make them completely
worthless (Elvik, 2008). However, the number of potentially confounding factors that are successfully
controlled for is always limited due to the fact that most are unknown. Moreover, it is a fallacy to believe
that if a model fits the data very neatly, this demonstrates that it includes all important factors and that
factors not included in the model cannot have major effects (Elvik, 2011). Hence, this matter may be a
limitation in most crash-frequency studies. In the models applied to all accidents, there is slight confounding
owing to the mixture of different levels of accident severity (Elvik, 2011).

SPF are used for a variety of purposes. Most frequently they serve to estimate the expected crash frequencies
from various roadway entities (highways, intersections, interstates, etc.) and to identify geometric,
environmental, and operational factors that are associated with crashes. With respect to the selection of
variables, the explanatory variables that are potentially relevant in SPF can be grouped in two main
categories: (a) Variables describing exposure to crash risk; (b) Risk factors that influence the number of

crashes expected to occur in a road.
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In the first category, most studies include Annual Average Daily Traffic (AADT) and section length as
exposure variables (Hadi et al., 1995; Anderson et al., 1999; Persaud et al., 1999; Pardillo and Llamas, 2003;
Ng and Sayed, 2004; Pardillo et al., 2006; Dell’ Acqua and Russo, 2008; Cafiso et al., 2010; Park and Abdel-
Aty, 2015). Among the exposure variables, some authors moreover take into account the percentage of heavy
vehicles (Fitzpatrick et al., 2000; Elvik, 2007; Ramirez et al., 2009; Montella, 2010; Hosseinpour et al.,
2014).

In the second category, among risk factors that influence the number of crashes expected to occur on a
highway, most authors consider explanatory variables included in one of the three following groups:
geometric variables, consistency variables or context variables. A number of studies have attempted to
guantify the effects of road geometric design variables and exposure variables on accident frequencies (Hadi
et al., 1995; Persaud et al., 1999; Fitzpatrick et al., 2000; Anastasopoulos et al., 2008; Dell’ Acqua and Russo,
2008; Cafiso et al., 2013; Park and Abdel-Aty, 2015). Some authors have looked into the influence of
consistency variables —or a combination of geometric, environment and consistency variables— in SPF
development for two-lane rural highways (Anderson et al., 1999; Ng and Sayed, 2004; Cafiso et al., 2010;
De Ofia et al., 2014). Others have developed consistency indexes that may be used as independent variables
in SPF (Polus and Mattar-Habib, 2004; Camacho-Torregrosa, 2014; Garach et al., 2014). Some studies have
attempted to relate crash frequency with environmental variables such as driveway density (Pardillo and
Llamas, 2003; Pardillo et al., 2006; Cafiso et al., 2010).

Within this substantial body of research on SPF development, the vast majority of SPF studies include some
kind of measure of exposure, such as AADT or segment length. Still, there is a lack of consensus regarding
the number of variables that should be added in the model, and questions relating to parsimonious vs. fully
specified models.

According to Sawalha and Sayed (2006), model generality requires that a model be developed in accordance
with the principle of parsimony, which calls for explaining as much variability of the data as possible using
the least number of explanatory variables. The notion behind the principle of parsimony is to avoid
overfitting. If many variables are included in a model, a perfect fit could be obtained; but the developed
model would not produce reliable predictions when applied to a different set of locations. In addition, as the
data available to researchers is often limited, and many variables known to significantly affect the frequency
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of crashes may not be available, there is also a need to develop relatively simplistic models using only
explanatory variables than can, in practice, be gathered and projected for use. Given these data limitations
and the need to specify models with a few simplistic explanatory variables, parsimonious models are often
estimated.

However, other authors disagree with the concept of parsimonious models. According to Mannering and
Bhat (2014), the real problem with them is that models having a few simplistic explanatory variables might
exclude significant explanatory variables; and the model-estimated parameter for the basic variables (like
traffic volume) might be estimated with bias (omitted variables bias). The application of the model would be
fundamentally flawed, because changes in the omitted variables cannot be captured and predicted crash
frequencies will be incorrect. Mannering et al. (2016) indicated that if factors affecting the likelihood of an
accident are not included (unobserved heterogeneity), these factors could introduce variation in the impact of
the effect of observed variables on accident likelihood. Omission of important variables introduces bias in
model parameters, and will lead to incorrect inference (Washington et al., 2010; Mitra and Washington,
2012).

Regarding model evaluation, many studies use statistical measures such as Akaike Information Criterion
(AIC) or Pearson Chi-square statistics, among others. Few use cumulative residual analysis as a method to
evaluate the calibrated prediction models. Hauer (2015) recommends analysing residual plots as an essential
tool to calibrate crash models. Lord and Persaud (2000) applied cumulative residual analysis to evaluate
prediction models showing the variation in the accident rate in consecutive years; and they ruled out the use
of the conventional R?.

Another issue to consider is that when a study uses data from highways covering a broad region, there may
be very different characteristics in roadway sections of the same overall type. For instance, in the studies
cited above, the models calibrated included a wide range of AADTS, from as little as 166 veh/day (Anderson
et al., 1999) up to 25,000 veh/day (Park and Abdel-Aty, 2015). In such a situation, even if the models
obtained are valid, they may leave room for improvement. This point was brought out by Vogt and Bared
(1998): they concluded that their model could be improved if the sample had been divided on the basis of
ranges of some of the explanatory variables. Vogt and Bared (1998) came to this conclusion after analysing
models through a comparison of cumulative residuals plotted against leading variables, so as to check for
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systematic trends that might contradict the assumed model form or suggest model refinements. Pardillo et al.
(2006) showed that the stratification of the model oriented by the results of the cumulative residuals analysis
is a valid method to refine crash prediction models. According to Hauer (2004), when a model is used for
prediction, it is important that it fit well throughout the range of each variable. He suggested the possibility
of stratifying the models to overcome the lack of flexibility of the most common exponential functional
forms.

The aim of this paper is to develop SPF analysing cumulative residuals for two-lane rural highways, using a
high number of explanatory variables related to exposure, geometric design, design consistency and roadside
features. In the process of adding variables to the model, two types of models are compared: parsimonious
models vs. fully specified models. The paper is organized in four main sections. The first section has
presented an introduction to the main concepts and previous crash models. In the second section, we describe
the database and the methodology. The third section presents the results and discussion. Finally, in the last
section the main conclusions of this study are given.

2. DATA AND METHODOLOGY

2.1. Road and accident data

This study was conducted on 972 km of two-lane rural highways over flat terrain in Andalusia (Spain). The
roadway data were obtained from the General Direction of Roads under the Andalusian Regional
Government and included roadway inventories with characteristics of the road and traffic volume. Urban
segments, intersections! and passing or climbing lanes were removed because of their characteristics, as SPF
used to predict crashes in these cases are very different from the SPF that would be obtained on conventional
two-lane rural highways. Moreover, only those sections in which AADT was higher than 500 veh/day were
included in the study, as it was assumed that when traffic volumes are lower, traffic conditions and safety
problems are not representative of regular two-lane rural roads. Segments undergoing significant changes
during the study period were excluded from the sample. As a result, 606 km of two-lane rural highways were

involved in the analysis.

1 A portion of the road was considered intersection if it had a stop and left turn lane on the main road.
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Accident data were obtained from Spain’s “General Traffic-accident Directorate” (DGT) for a five-year
period (2006-2010). The total number of crashes on the studied roads was 1,443.

2.2. Methodology

Initially, each road was divided into horizontal curves and tangents. The next step was to subdivide the
sample into homogeneous road segments. The explanatory variables were then selected. Some of these could
be obtained directly from the database, while others, related with the design consistency, were obtained from
operating speed profiles in each homogeneous road segment. Once the variables had been selected, the
prediction models were calibrated and evaluated by means of several statistical measures.

2.2.1. Homogeneous road sections

Several authors have pointed out the need to study segments with homogeneous characteristics to ensure
coherent road safety studies (Resende and Benekohal, 1997; Fitzpatrick et al., 2000; Pardillo and Llamas,
2003; Cafiso et al., 2010, Garach et al., 2014). Following previous studies (Cafiso et al., 2010, Garach et al.,
2014), in order to work with such homogeneous road segments, the following parameters were used: AADT,

average paved width (Pw) and curvature change rate (CCR).

[Insert Table 1 here]

For AADT, a new segment was identified when there was a change of the intervals specified in Table 1
(AASHTO, 2010; Garach et al., 2014). For roadway width, the distribution of road widths was analysed and
the ranges defined in Table 1 were used. The sections with constant CCR were identified on the basis of the

section curvature change rate (CCRsect), defined as follows:

ilvil
CCRper = 2 1)

Lys

where CCRsect = section curvature change rate (gon=km); yi = deflection angle for a continuous element i
(curve or tangent) (gon: centesimal degree); LHS = road segment length (km).
For each road segment, a diagram was drawn. The sum of the y; was represented in the y-axis and the

distance in the x-axis. Road sections with homogeneous horizontal alignment were identified in this diagram
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by sections where the slope of the cumulative angle deviation curve (CCRse) was relatively constant. Based
on the German procedure (RAS-L, 1995), a minimum section length of 2 km was adopted. A section was
considered homogeneous when the three parameters discussed (AADT, road width, and CCR) were constant.
Applying these criteria to all roads under study, 456 sections with homogeneous characteristics were
identified.

2.2.2. Explanatory variables

Once the homogeneous sections had been defined, the variables considered for the model development were
selected. Explanatory variables related to traffic volume, geometric characteristics, design consistency and
roadside context were considered. A single value for each variable was assigned to every homogeneous road
section.

Table 2 shows the variables initially considered, grouped by categories (exposure, geometry, consistency and
context), along with the main statistics regarding the variables (mean, minimum, maximum and standard
deviation).

Exposure and geometric variables

AADT and percentage of heavy vehicles were obtained directly from the road database. The length of the
section is equivalent to the length of the homogeneous road segment as established above.

The variables lane width, shoulder width, platform width, longitudinal grade and radius were also taken
directly from the road database. Thus, a value for each one of these variables was obtained for each
homogeneous road section.

Other geometric and operational variables, such as the Curvature Ratio (CR) and Tangent Ratio (TR), were

computed using the following equations:

k
- Les
CR = —ZJ; 9 2
HS
k
i L
TR = _21: o ®3)
HS

where Lys is the total length of the homogeneous section (km); Lgj is the length of jth curve in the
homogeneous section composed by k curves (km); and Ly; is the length of jth tangent in the homogeneous

section composed by k tangents (km).
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[Insert Table 2 here]

Consistency variables

To obtain the consistency variables, it is necessary to know the operating speed (Ves) for each road element.
To this end, the respective operating speed profiles were built using the criteria established by De Ofia et al.
(2014). To construct the speed profile, one must first define an operating speed on curves, an operating speed
on tangents and an acceleration or deceleration between the two elements. Given the importance of using
speed prediction models calibrated according to local conditions (Misaghi and Hassan 2005), the model of
Camacho-Torregrosa et al. (2013) was applied in this study, adjusted for horizontal curves on two-way rural
highways in Spain (Eg. 4-5).

Vgs = 97.4254 — 3,310.94/R for 400 m < R <950 m (4)
Vgs = 102.048 — 3,990.26/Rfor70m < R < 400m (5)

where R = radius of curvature (m).
To build the speed profile, a constant curve speed was considered. The tangent speed value considered was
110 km/h (desired speed according to Camacho-Torregrosa et al., 2013). Otherwise, the acceleration and

deceleration rates proposed by Fitzpatrick and Collins (2000) for horizontal curves were taken into account.

The average operating speed from the speed profile (Vssag) Was computed on the basis of the operating
speed profile as follows:

Xl VgsiLi
V85an = TZS (km/h) (6)

where Vssi is the operating speed of the in geometric element (km/h) computed using the operating speed
profile; L; the in element length of the homogeneous section (km); and n is the number of geometric
elements along a section.

The relative area bounded by the speed profile (R.) and the average operating speed from speed profile

(Vssavg) Were also considered as design consistency variables, as well as the standard deviation (o) of the
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operating speed profile. They were calculated by means of the following equations (Polus and Mattar-Habib,

2004):

R, = Zi=13 (pys) )
Lys

o= \/Z?ﬂw“j"*’s“g’z (km/h) ®

where a; is the area bounded by the operating speed profile and the average operating speed line (m?/s); Vesi
is the operating speed of the i geometric element (km/h); Vesay IS the average operating speed along the
entire homogeneous section of length Lus (km/h); and n is the number of geometric elements in the
homogeneous section.

Considering the operating speed profiles, two more indicators were derived:

e Eal0 (m/s) is a measurement of speed dispersion. Similar to R,, it is the area bounded by the
operating speed profile and the average operating speed profile plus and minus 10 km/h. The length
of the road segment finally divides that area.

o Ea20 (m/s) is similar to the previous indicator, but considering 20 km/h.

Two other consistency indicators were also selected in light of the speed differentials between contiguous

elements in the homogeneous section, using the following equations:

AV, = % (km/h) (9)

AV, = %:20) (km/h) (10)

where N(AV>10) is the number of speed differentials (AVs) higher than 10 km/h in the homogeneous
section; and N(AV>20) is the number of speed differentials (AVs) higher than 20 km/h in the homogeneous
section.

One more consistency indicator was obtained with regard to speed differentials between contiguous elements
in a homogeneous segment. The variable average speed reduction A(Vgs; — Vgs141)avg Was calculated as

follows:

o=1Vgsi —Vgsi
A(Vsi — Vgs141)avg = 2ot Vosi Vosisal (jemyjp) (12)

npy
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where nav is the number of speed differentials in the homogeneous section and Vesi is the operating speed of
the i geometric element (km/h). Road segments are expected to be more inconsistent as this variable
increases, because of the higher speed reductions.

The consistency variable A(Vgs; — Vg)avg Was calculated as the difference between the operating speed from

the speed profile and the design speed of the road.

o1 |Vgsi =V
A(Vasi = Va)avg = == (ki) (12)

Using Ra and o, Polus and Mattar-Habib (2004) developed a consistency index (C,) based on a negative

exponential function.

Cp = 2,808 * e~0278Ra(35)) () (13)

Garach et al. (2014) developed an enhanced version of the Polus consistency model, indicating that the
original consistency model equation was not ideal for consistency analysis. Thus, they developed the

consistency index Cg, likewise dependent on Ra and o:

— 195.073
e (35-5:7933)(4.1712-R5)~26.6047 +6.7823 (m/s) (14)

Polus and Mattar-Habib (2004) established some thresholds for C,, Ra and o. Accordingly, consistency
could be considered as good, acceptable or poor (Table 3). The same limits as for the model of Polus and

Mattar-Habib (2004) were proposed for the Cqy index (Garach et al. 2014).

[Insert Table 3 here]

Camacho-Torregrosa (2014) developed another consistency index (C.) that was defined as follows:

Co = [Vmsave (1) (15)
d85avg

where Vgsayg is the average operating speed from speed profile (m/s), and dssavg IS the average deceleration

rate (m/s?) defined as:

d85 _ (Vrznax‘”rznin)

1
= 727 TR/,

2x1 3.62

(m/s?) (16)
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where, in turn, Vmax IS the operating speed before the deceleration (km/h), vmin is the operating speed after the

deceleration (km/h) and I is the length of the speed transition (m).

Context variables
As it has been demonstrated that direct accesses to roads can significantly increase crashes (Miaou et al.,

1996), driveway density (DD) was considered relevant and gathered from the roadway database.

The percentages of existing shoulder (%SH) and of existing paved shoulder (%SH,) in the homogeneous
section were obtained in view of the shoulder width variable available in the roadway database. For each
homogeneous segment the proportion of existence of shoulder was obtained. Speed limit (Viimi) was also
taken from the roadway database.

2.2.3. Modelling traffic crashes

SPF are developed using the general linear regression (GLM) approach. The GLM approach has the
advantage of overcoming the limitations associated with the use of conventional linear regression in
modelling traffic collisions (Hauer and Lovell, 1988; Sawalha and Sayed, 2001, 2006). The model form used
is shown below.

SPF form

The relationship between crash frequencies and selected variables related was modelled using loglinear
regression models and Negative Binomial (NB) distribution. The NB and Poisson distributions are an
appropriate choice since accident frequencies are integers, relatively small numbers, and necessarily non-
negative. The Poisson distribution was not used because it is appropriate in those cases where mean and
variance are equal. When this basic assumption is substantially violated, the NB distribution may stand to be
an improvement over the Poisson distribution (Lord and Mannering, 2010).

According to Sawalha and Sayed (2006), the mathematical form used for any SPF should satisfy the
following conditions: yield logical results (it must not lead to the prediction of a negative number of
accidents and it must ensure a prediction of zero accident frequency for zero values of the exposure
variables) and there must exist a known link function than can linearize the model for the purpose of
coefficient estimation. The mathematical form generally accepted in the literature (Pardillo and Llamas,

2003; Sawalha and Sayed, 2006; Cafiso et al., 2010; Montella, 2010; De Ofia et al., 2014) is:
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E(y) = ePox AADTP: « LBz + @Z(Bixi) 17)

where E(Y) is the estimated number of crashes; L is the length of the segment (km); AADT is the Average
Annual Daily Traffic (AADT) (veh/day); xi are the explanatory variables; and ; are the model parameters.
Hauer (2015) holds that the number of crashes depends on the amount of traffic and the segment length,
which he considers to be intuitively obvious and empirically substantiated. It is therefore clear that a traffic
variable and a segment length variable should be in the model equation. Intuition is, however, insufficient
regarding other variables. The research perspective offers no consensual statistical procedure for adding or
deleting variables from a model equation; the question of which procedures to use obeys “a great deal of
personal judgment” (Draper and Smith, 1981). In some cases the parameter that accompanies the variables in
the models proves incorrect and it is therefore deleted from the model equation. According to Hauer (2015),
the purpose of adding a variable to the model equation is to increase the accuracy with which the number of
crashes is estimated while reducing the magnitude of the standard deviation. According to Sawalha and
Sayed (2006), inclusion of a large number of explanatory variables may cause model overfitting.

Model Evaluation

Four measurements were used here to assess the goodness-of-fit of the model. They are: the ordinary
multiple correlation coefficient (R?), Akaike’s Information Criterion (AIC), the generalized Pearson y2
statistic and the Scaled Deviance (SD). The AIC compares different models based on the balance between
the bias and variance explained by them. The Pearson y? statistic can be used for null hypothesis significance
testing regarding the equivalence of the variance assumed in the modelling effort and the sample variance.
The SD is useful for comparing the proposed model and the saturated model. However, again according to
Hauer (2015), the goodness-of-fit measures describe only how the model fits overall; hence a single number
is insufficient. The model estimation must be nearly unbiased for all variable values. For this reason, it is
commonly recommended to plot Cumulative Residuals (CURE) to examine model fit in detail (Hauer,
2015). The residuals are equal to the difference between the observed and estimated values of the dependent
variable.

Each variable in the model will have its own CURE plot to be used in examining the goodness-of-fit for each

variable and to examine ways in which the fit for that variable could be improved. These residuals,
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calculated based on each one of the variables, should be within certain limits for the model to be considered
well adjusted. The upper and lower limits, accordingly, would be given by 2 * ' ,(i), where 6’ (i) has the

following expression:

N + ., G2(i
5. = Yo+ [1- 20 (18)

where 6',(i) is the limit of the residuals accumulated for the variable of analysis; 6, (i) is the square root of

the variance 62,(i); 62,(i) is the variance of the accumulated residuals up to the homogeneous section (i);

and 62,(n) is the variance of the accumulated residuals in the total homogeneous sections (n).

Selection of model variables

As previously mentioned, the variable selection problem has attracted attention in previous traffic crash

research. If many variables are included in a model, a perfect fit to the data can be achieved. Yet the same

model could be over-fitted and perform poorly when applied to a new sample. Sawalha and Sayed (2006),

applying the principle of parsimony, found that using less but statistically significant explanatory variables

can avoid overfitting and improve the reliability of a model. Still, as noted by Mannering and Bhat (2014),

parsimonious models are not only biased, but are fundamentally flawed, and offer little practical value. To

control the overfitting when fully specified models are developed, Hauer (2015) found that models whose

CURE plot does not go beyond the 0.5¢" limits are close to being unbiased, and that attempts to further

“improve” such models court the danger of overfitting. With this guideline one can decide whether a model

requires improvement or is good enough to be left alone. In this paper, parsimony models and fully specified

models are developed and compared. The latter are referred to here as best-fit accident prediction models.

The steps followed in the selection of model variables were as follows:

e Step 1: Building a model with the variables AADT and length. The goodness-of-fit criteria shown above
as well as the cumulative residuals of the model are analyzed. This provides the Basic Model.

o Step 2: Developing best-fit accident prediction models. Other predictive variables are subsequently
introduced to the basic model, until all variables (and their combinations) are tested. Models with all
possible combinations of the available variables are developed and analyzed. The decision to keep a
variable in the model is based on four criteria. First, the t-statistic for each parameter had to be

significant at the 95% confidence level. Second, engineering judgment deemed the variables” sign to be
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logical. Third, the variable exhibited a low correlation (i.e. <0.7) with other independent variables
already in the model (Wei and Lovegrove, 2013). Fourth, it was verified that the cumulative residuals
were within the established limits. In addition, according to Hauer (2015), to avoid model overfitting, it
was verified that the model’s CURE plot did not surpass the 0.5¢" limits. The order in which variables
are added was based on their t-stat, from highest to lowest.

e Step 3: Verifying which of the models developed in step 2 actually meet the parsimonious criterion.
Thus, in this step parsimonious accident prediction models are developed. A new variable introduced in
the model in step 2 is kept if the addition of this new variable generated a significant drop in the SD for a
95% level (>3.84). Otherwise, the parsimonious criterion dictates that the variable should not be
considered (Sawalha and Sayed, 2006).

Based on Sawalha and Sayed (2006), an outlier analysis was performed for all the models. First, potential

outliers are detected and they are removed one by one. The drop in SD is observed after the removal of each

point. Then, points causing a significant drop in SD are considered influential outliers, and thus they are

eliminated.

Regarding to the correlation between the variables indicated in steps 2 and 3, according to Turner et al.

(2012), identification of variable correlations is required to avoid having two or more significantly correlated

variables in the same prediction model. In such cases the variability within one variable does, to a certain

extent, predict the variability in the correlated variable. The authors further indicate that adding a variable

correlated to those already in an existing model does not improve the fit of the model compared with the

addition of important non-correlated variables. In the case at hand, the correlation matrix was previously

calculated. Some variables, such as paved width and shoulder width were highly correlated (coefficient over

0.70). However, it was decided to keep both variables in the analysis, but imposing that two correlated

variables were never in the same model.

3. RESULTS

Having identified the 456 homogeneous sections by means of the variables AADT, paved width and CCR,

the values of the variables in each one of these sections were calculated (see Table 2). Below the models are

developed.

3.1. Step 1 Results: base model
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Following the process described in the methodology, the base model considers only two variables: AADT
and length (Eqg. 19).

]::(Y) = ~12.3248, A ADT07512 , 11.0083 (19)

Figure 1 shows the residual analysis for the variables AADT (Fig.1a), length (Fig.1b) and fitted crashes
(Fig.1c). Fig.1b and Fig.1c show satisfactory results.

However, the AADT cumulative residuals plot showed that the fit was not good (Fig 1a). On the one hand, in
a range of AADT between 9,200 and 19,000 veh/day the values of the residuals surpass the limits of +20;
and on the other hand, after an AADT of approximately 4,000 veh/day, the curve begins to rise considerably
and continuously. From an AADT of 5,000 veh/day onward the number of crashes observed is greater than
the crashes estimated with the model (the accumulated sum of the differences between the crashes that
occurred and those expected is positive, and therefore the curve is above the x axis).

This shows, as highlighted Hauer (2004), that usually it is not easy to find a relatively simple function that
suits the data along its entire domain. For this reason, and according to other authors (Vogt and Bared, 1998;
Hauer, 2004; Pardillo et al., 2006), the sample was stratified. A stratification of the sample based on splitting
the sample by AADT ranges was explored.

The "Observed/Fitted" ratio was chosen for examining if fitted values are into line with observed values
(Table 4).

[Insert Table 4 here]

As Table 4 shows, the AADT ranges in which there are greater differences between fitted and observed
values are the 4,000-5,000 range (ratio 1.20) and the 5,000-6,000 range (ratio 1.27). Different stratifications
of the sample considering the different thresholds for each range were explored:

1. AADT < 4,000 and AADT > 4,000

2. AADT <5,000 and AADT > 5,000

3. AADT <£6,000 and AADT > 6,000

The first strata (AADT<4,000 and AADT>4,000) was selected because the models provided better overall
results than the ones developed in the other stratifications. Thus, the sample was divided in two sub-samples

(one in which all the AADT values were less than 4,000 veh/day and another in which all the AADT values
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were greater than 4,000 veh/day), and different models could be derived according to these different ranges

of AADT.

[Insert Figure 1 here]

Table 5 (model 1) and Table 6 (model 1) show the basic models obtained for the two different AADT values.
In both models AADT and length are significant. Moreover, their coefficients present the expected signs
(positive): greater volume of traffic and greater section length are associated with more crashes. As for the
overall goodness of fit, the R? values obtained were similar to those reported by previous authors (Abdel-Aty

and Radwan, 2000; Camacho-Torregrosa et al., 2013).

[Insert Figure 2 here]

Figure 2 shows the residual analysis for the models calibrated for AADT<4,000 veh/day and for
AADT>4,000 veh/day with regard to the variables AADT, length and fitted crashes. As can be seen, the
residuals are substantially improved. Hence models will be created for different AADT values, as they will
significantly enhance the base model.

Regarding the outliers, the difference between adjusted and observed values was calculated in the entire
database and the data that had a large difference between the two were considered as possible outliers.
Seventeen points (3.74% of the sample) were detected as potential outliers. None of them caused a
significant drop in scaled deviance and therefore they were kept in the analysis (Sawalha and Sayed, 2006).
The same outlier process was carried out in each of the databases (AADT<4,000 and AADT>4,000) and the
same results were obtained; so all the possible outliers were kept in the analysis.

In addition, according to the outlier ignoring approach (El-Basyouny and Sayed, 2010), if few outliers are
identified, representing a small percentage of the sample size (e.g., less than 5%), it is still acceptable to
include them —especially if the analysts are not certain about whether or not they are outliers.

3.2. Step 2: Results of best-fit models
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At this point the variables of Table 2 are added to the exponent part of the model of Eq. 17. These models are
developed with all possible combinations of the available variables complying with all the criteria listed in
step 2, related to t-statistic, logical sign, no correlation and cumulative residuals. Models are calibrated
considering, separately, the AADT<4,000 veh/day database (Table 5) and the AADT>4,000 veh/day
database (Table 6). Table 5 presents parameter estimates, p-values, and the goodness-of-fit measures for the
models with AADT<4,000 veh/day.

Table 5 only shows models with four variables. Models with more (five and six variables) are included in the
Appendix to simplify reading. These models give increasingly complex models without providing significant
improvements. No model with more than six variables meets the conditions of step 2.

[Insert Table 5 here]

Table 5 shows that the variables AADT and length are significant and present the expected signs. The
variables participating in the models built with a single variable in the exponent part are:
- The consistency index C.
- The driveway density (DD).
The variables that participate in the models with two variables in the exponent part are:
- The DD combined with variables: percentage of shoulder; percentage of paved shoulder; consistency
index Ce
- The longitudinal grade (LGr) combined with variables: average operating speed and consistency
index Cq.
All the variables in Table 5 are significant (p<0.05). The two exposure variables AADT and length have
positive signs, indicating that traffic volume and length increase crash occurrence. In the next section the
coefficients obtained for the rest of the variables will be interpreted.
Model 5 in Table 5 presents the best goodness-of-fit values according to three of the four measurements of
fit calculated (R?=0.571; AIC=797.446; %?=263.985) and it includes the variables: AADT, length, percentage
of paved shoulder in the section and driveway density.
Table 6 presents the parameter estimates, p-value, and goodness-of-fit measures for the models with AADT

> 4,000 veh/day.
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Table 6 only shows models with four variables. (Models with five variables are shown in the Appendix.) No

model with more than five variables meets the conditions of step 2.

[Insert here Table 6]

All the variables of Table 6 are significant at the 95% confidence level. The variables AADT and length
have, as in Table 6, positive signs. The significance of the rest of the variables is explained below.
In the case of a single variable in the exponent part, the variables that intervene are:
- Percentage of heavy vehicles
- Average operating speed
- Consistency index Cp
- Driveway density.
In the case of two variables in the exponent part, the variables intervening are:
- Percentage of heavy vehicles combined with the variables: CCR; average operating speed;
consistency index Cp; consistency index AV
- The mean longitudinal grade combined with variables: CCR; average operating speed; consistency
index C,; consistency index Cg; consistency index AVio; and consistency index C
The models with variables in the exponent part present very similar values for R?, AIC, SD and 2.
In the models developed in both databases (AADT<4,000 and AADT>4,000 veh/day), explanatory variables
that have statistically significant model parameters contribute to the explanation of the variability of crash
data and allow predicting crash frequencies at new locations not used in the model development. In addition
it is seen that no model is over-fitted, and therefore the results would be transferable to different locations.
Still, the extrapolation of these results to the same type of roadway in other countries is a matter to be

approached with caution.

3.3. Step 3: Parsimonious models
At this point it is necessary to confirm the variables that were added in Step 2 (meeting the criteria related to

t-statistic, logical sign, no correlation and cumulative residuals), moreover generated a significant drop in the
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SD at a 95% level. If a given variable does not generate a significant drop, it is not kept in the model. Models
are calibrated considering, separately, the AADT<4,000 veh/day database and the AADT>4,000 veh/day
database.

If the parsimony criterion is applied in the AADT<4,000 veh/day database, only two models are obtained:
model 1 (basic model) and model 2 in Table 5. The driveway density (DD) variable is the only one that
should be retained in the model. None of the other variables should be added according to the parsimony
criterion because none of them meets the above criteria (t-ratio of its estimated parameter is not significant at
the 95% confidence level, the addition of the variable to the model does not cause a significant drop in the
scaled deviance at the 95% confidence level, or it does not have a logical sign).

If the parsimony criterion is applied in the AADT>4,000 veh/day database, the only resulting model is model
1 (basic model) of Table 6. None of the other variables should be added according to this criterion.

In both databases, the parsimonious models have proved to be quite simplistic. This is a good solution if the
data available to researchers is limited. Moreover, as underlined by Mannering and Bhat (2014), if a model is
developed using only the volume of traffic and length as explanatory variables, it will exclude significant
explanatory variables bias because there are clearly many other factors affect the frequency of crashes.

3.4. Analysis of variables in the models

In order to facilitate interpretation of the models obtained for AADT under and over 4,000 veh/day,
following several authors (Osgood, 2000; Olmstead, 2001; Chin and Quddus, 2003), the coefficients are
transformed to incidence rate ratios (IRR) —i.e., €’ rather than . IRR can take on different values. If the IRR
of a given variable is much less than 1.0, then an increase in the value of the variable is associated with a
significant improvement in safety. Conversely, if the IRR is much greater than 1.0, an increase in the value
of the variable is associated with a significant decline in safety. Otherwise, the variable has no effect on

safety (Chin and Quddus, 2003).

[Insert Table 7 here]

Table 7 shows the final set of all the variables included in the models, their maximum and minimum

coefficients, the models where they appear and the corresponding IRR. To facilitate interpretation, the
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IRR%10 is given, indicating the effect that a 10% increase in the independent variable would have on the total
number of crashes.

Models for AADT<4,000 veh/day database

Of all the geometric variables considered in the models calibrated in the AADT<4,000 veh/day database, the
only ones kept in the models are the average longitudinal grade (LGr) and the average operating speed
(Vssavg). LGr presents a negative sign, thus indicating that when the average longitudinal grade increases, the
occurrence of crashes decreases. Several studies (Pardillo and Llamas, 2003; Pardillo et al., 2006; Montella
et al., 2008; Montella, 2010; Cafiso et al., 2013) report similar results. The coefficients for LGr vary between
-0.0171 and -0.0128 (Table 5 and Table 7), indicating that all other things being equal, an increase of 10% in
longitudinal grade is associated with a 0.1%-0.2% reduction in total annual crashes (IRR%! between 0.999
and 0.998). This value for IRR indicates that longitudinal grade has little effect on safety.

Vsgsavg ShOWS a negative sign, indicating that if Vssayg increases, the occurrence of crashes decreases. This is
logical if one considers (disregarding other factors) that higher speed on flat terrain could be indicative of
good road design, hence fewer crashes. Hauer et al. (2004) found that the higher the speed limit, the fewer
the expected crashes. It is likewise possible that roads where a low speed is posted may be considered to be
of high risk. IRR%! for Vgsayg is 0.998, indicating that all other things being equal, a 10% increase in Vgsay is
associated with a 0.2% reduction in total annual crashes.

Cy and C. present a positive sign, indicating that the worse the section, the greater the number of crashes
expected (Ng and Sayed, 2004; Cafiso et al., 2010; Camacho-Torregrosa et al., 2013; Garach et al., 2014).
IRR for C. is 1.000, meaning this variable has no effect on safety. The IRR%! for Cq is 0.977, so that other
things being equal, an increase of 10% in Cq is associated with a 2.3% reduction in total annual crashes.
Among the context variables, the percentage of shoulder and the driveway density variables are found to
contribute to accident occurrence significantly. The estimated coefficients of the variable percentage of
shoulder (paved or not paved) are highly significant.

The coefficient for the percentage of shoulder is -0.5116, indicating that, all other things being equal, an
increase of 10% in the percentage of shoulder is associated with a 5% (IRR%! is 0.950) reduction in total
annual crashes. The variable percentage of paved shoulder has a similar effect, reducing the number of
crashes by 6.3% when there is an increase of 10% for paved shoulder in the segment. The negative sign
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accompanying these variables has also been reported by other authors. Head and Kaestner (1956) concluded
that total crashes increase with increasing shoulder width, except for roadways having AADT between 3,600
and 5,500 veh/day. Perkins (1956) found that all accident types decreased with increased shoulder width for
AADT's between 2,600 and 4,500 veh/day. Stohner (1956) observed reductions in crashes as shoulder width
increased, especially in the 2,000-6,000 AADT range. Hadi et al. (1995) found that increasing lane and
shoulder widths decreased the accident rate. Fitzpatrick et al. (2000) reported that the number of crashes
decreased when shoulder and lane width increased. Dell’ Acqua and Russo (2008) concluded that accident
frequency increases with lower roadway paved width. Anastasopoulos et al. (2008) also concluded that the
number of crashes decreases when the shoulder width is greater.

Driveway density has a positive sign, indicating that higher driveway density increases the likelihood of
accident occurrence. Other authors have arrived at similar results (Fitzpatrick et al., 2000, 2010; Pardillo and
Llamas, 2003, Pardillo et al., 2006; Cafiso et al., 2010). This variable intervenes in the four models. In all of
them the coefficient ranges from 0.1121 to 0.1145, thus indicating that a 10% increase in driveway density is

associated with increase of 1.1%-1.2% in the number of crashes (IRR%! is between 1.011-1.012).

Models for AADT>4,000 veh/day database

In the models obtained for AADT>4,000 veh/day, among the exposure variables, the percentage of heavy
vehicles has a high influence on crashes (models 2, 6-9 in Table 6). The highest value for g is 2.0429 (Tables
6 and 7), which means that a 10% increase in the percentage of heavy vehicles would result in a 22.7%
greater crash occurrence (IRR¥ is 1.227). This variable has a positive sign: a higher number of crashes is
associated with the higher percentage of heavy vehicles. Ramirez et al. (2009) demonstrated, with different
roadway types, that a reduction in the total number of crashes would occur as a result of a drop in the number
of heavy vehicles. Hosseinpour et al. (2014) presented similar findings.

CCR, average longitudinal grade, and average operating speed also contribute to accident occurrence. CCR
has a high influence on crashes. The parameters maximum and minimum estimate for CCR are 2.1633 and
1.9699 (Table 7). These values show that a 10% increase in the percentage of CCR increases the number of
crashes by an average of 24.2% (IRR™¥ is 1.242) or 21.8% (IRR* is 1.218). The positive sign by this variable
indicates that the greater the change in curvature, the more the expected crashes. Cafiso et al. (2013)

obtained the same sign for this variable. The average longitudinal grade and the average operating speed
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variables have the same signs as in the models obtained for AADT<4,000 veh/day. The values of IRR are
also similar, although they have a lesser influence on crashes (they are associated with a 0.1%-0.2%
reduction in total annual crashes).

The consistency variables that intervene in all the models are: indexes Cqand C,, and AV10. Index Cy has a
negative sign, as in the AADT<4,000 veh/day database, indicating that the worse the road design, the greater
the number of crashes expected. However, the coefficient that accompanies this variable in the AADT>4,000
database is lower, meaning that the variable is less influential with regard to crashes (1IR* is 0.986, hence a
1.4% reduction in total annual crashes). Index C, has a negative sign that leads to the same interpretation as
for Cy. The IRR™ for C, varies between 0.998 and 0.987, indicating that all other things being equal, an
increase by 10% in C, is associated with a reduction between 0.2%-1.3% in total annual crashes. AV10
presents a positive sign, indicating that more the differences in speed (over 10 km/h) among successive
elements entail a greater probability of crash occurrence. This variable has little effect on safety, given that
the IRRX varies only from a minimum of 1.007 to a maximum of 1.008; a 10% increase in the variable
AV10 is associated with an increase of 0.7%-0.8% in total crashes.

The only context variable that intervenes in the models is driveway density, with the same positive sign as
seen for the models obtained in the AADT<4,000 veh/day database. This variable affects crashes less in the
AADT>4,000 day database than in the AADT<4,000 database. In the latter, as commented earlier, the
coefficients of the order of 0.11 would indicate that a 10% increase in the driveway density variable is
associated with approximately 1% more crashes. In the database with AADT>4,000 the coefficient of 0.0524
implies an increase in crashes of 0.05%.

Comparison of the models obtained for AADT<4,000 veh/day and for AADT>4,000 veh/day

A general comparative analysis of the models obtained in both databases shows that there are variables that
have a great effect in one database but not in the other. For example, the variables percentage of heavy
vehicles and curvature change rate (CCR) are included in the AADT>4,000 veh/day database and not in the
other; whereas the variables percentage of shoulder (paved or not paved) and driveway density are in the
AADT<4,000 veh/day database but not in the other.

A detailed comparison of the models obtained in the two databases points to these noteworthy findings:
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In five models for AADT>4,000 veh/day there appears the variable percentage of heavy vehicles
(not appearing for AADT<4,000 veh/day). In the AADT>4,000 veh/day database, the percentage of
heavy vehicles has, together with the variable CCR, the greatest relative effect on the crash
frequency among all the independent variables. Thus, a 10% increase in %hv is thought to cause an
increase of up to 22.7% (model 7) in the fatal crashes. It is logical that heavy vehicles influence
crash statistics on roadways with high traffic volume more than they do on roadways with low traffic
volume. A high volume of traffic usually translates as high light vehicle traffic, which could produce
scenarios of even greater traffic conflicts caused by speed differences, resulting in overtaking

maneuvers using the oncoming lane, thereby increasing the risk of crashes.

CCR is included in roadways with AADT>4,000 veh/day but does not take part in any model when
the database is AADT<4,000 veh/day. This variable has a high effect on the crashes in roadways
having AADT>4,000 veh/day, as a 10% increase in CCR is thought to cause an increase of up to
24.2% (model 10) in the crashes. Therefore, roadways with a volume of traffic over 4,000 veh/day
should take special care regarding curvature changes. The high volume of traffic could produce a
greater number of dangerous maneuvers in which a change in curvature would favor the occurrence

of crashes.

The percentage of shoulder (paved or not paved) participates in the models based on AADT<4,000
veh/day, but in no model with the database AADT>4,000 veh/day. Roadways with a greater volume
of traffic usually have a shoulder, and it is usually paved; whereas along roadways with less traffic
this is generally not the case. Moreover, the effect of both these variables in the models with
database AADT<4,000 veh/day is considerable. Coefficients between -0.5111 and -0.6464 indicate
that a 10% increase in this variable is associated with a reduction in total crashes between 5% and

6.3%.

When AADT>4,000 veh/day, the driveway density appears in just one of the models, while this
variable intervenes in four of the models when AADT<4,000 veh/day. The coefficients show that
this variable has more impact on crashes in the AADT<4,000 veh/day database than in the

AADT>4,000 veh/day database. In the former, the regression coefficient of the order of 0.11
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indicates that an increase by 10% in the variable driveway density means an increase in crashes of
1.1%; in turn, in the database of roadway with AADT>4,000 veh/day the regression coefficients
around 0.05 point to an increase of 0.5%. This could be due to the fact that roads with more traffic
volume have more controlled access than roadways with less traffic. In addition, Spanish legislation
allows left turns on roadways with AADT<5,000 veh/day if they have a middle lane for waiting, but

left turns are not permitted on roadways with AADT>5,000 veh/day.

= Cq intervenes in models of both databases and it presents the same effect as CCR: inconsistencies in
the road’s design with high traffic volumes can give rise to a great number of dangerous maneuvers,

with an ensuing greater risk of crash occurrence.

4. CONCLUSIONS

This paper investigates the relationship between crash frequency and several variables related with exposure,
geometry, consistency and context for Spanish two-lane rural highways on flat terrain. Cumulative residual
analysis of the model built with only the variables AADT and length made it possible to identify regions
where the model either under- or over-estimates crashes. The original sample was divided on the basis of
ranges of the explanatory variable AADT. Stratification for AADT under and over 4,000 veh/day led to a
significant improvement of the models generated.

The parsimonious models have proved to be quite simplistic in both databases. This is a good solution if the
data available to researchers as limited. The problem is that the model will be excluding significant
explanatory variables bias because there are clearly many other factors affecting the frequency of crashes.
The fully specified models show appreciable differences for the SPF obtained in each one of the databases.
In the AADT>4,000 veh/day database, the percentage of heavy vehicles has a large effect on the crash
frequency. A 10% increase in the percentage of heavy vehicles is determined to cause a 22% increase in the
occurrence of crashes. The variable CCR is also highly significant for crashes on this roadway type, as a
10% increase in CCR means 24% more crashes. Neither of these variables is included in the models for
AADT<4,000 veh/day.

In the AADT<4,000 veh/day database, the percentage of shoulder (paved or not paved) bears a high
influence on crashes. According to the models generated, an increase of 10% in these variables is associated

with around a 5% reduction in total crashes. Notwithstanding, this variable does not participate in any model
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generated for AADT>4,000 veh/day, as highways with a greater volume of traffic normally have a shoulder,
most often a paved shoulder, whereas roadways with less traffic do not. The driveway density takes part in
four models of the AADT<4,000 veh/day database and in just one model based otherwise. In the first
database an increase of 10% in the variable driveway density would give an increase of 1.1% in the
occurrence of crashes, while in the AADT>4,000 veh/day database, there would be an increase of 0.5%. On
roadways with greater volumes of traffic, the number of driveways is usually regulated and channeled
through service roads. Furthermore, Spain’s regulations allow for left turns on roadways with AADT under
5,000 veh/day as long as there is a middle lane for waiting, whereas this is not allowed for roadways with
AADT>5,000 veh/day.

In view of the results expounded here, Spain’s Highway Administration should pay special attention to the
curvature changes and the percentage of heavy vehicles on two-lane rural highways with a volume of traffic
exceeding 4,000 veh/day, as well as the percentage of shoulder and the driveway density on two-lane rural
highways with a volume of traffic under 4,000 veh/day. Extrapolation of these results to this same type of
roadway in other countries is a matter to be approached with caution.

As future work, different stratifications of the sample according to the different AADT values could be
analysed.

An additional analysis could also be carried out using advanced techniques to deal with variation of the
effectiveness of predictor. Some of these techniques might be: Generalized Additive Models (GAM) which
offer more flexible functional forms than traditional generalized models and allow for more adaptable
variable interactions (Li et al., 2010); or Multivariate Adaptive Regression Splines (MARS) which avoid the
over-estimation problem through consideration of interaction impacts between variables (Park, 2015).
Furthermore, the developed crash prediction models predict crashes for all types of accidents and they do not
distinguish crash severity levels. If enough data were available, it would be interesting to conduct analyses
for different crash types and severity levels in future research efforts.
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