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a b s t r a c t

The identification of crash hotspots is the first step of the highway safety management process. Errors
in hotspot identification may result in the inefficient use of resources for safety improvements and may
reduce the global effectiveness of the safety management process. Despite the importance of using effec-
tive hotspot identification (HSID) methods, only a few researchers have compared the performance of
various methods. In this research, seven commonly applied HSID methods were compared against four
robust and informative quantitative evaluation criteria. The following HSID methods were compared:
crash frequency (CF), equivalent property damage only (EPDO) crash frequency, crash rate (CR), pro-
portion method (P), empirical Bayes estimate of total-crash frequency (EB), empirical Bayes estimate of
severe-crash frequency (EBs), and potential for improvement (PFI). The HSID methods were compared
using the site consistency test, the method consistency test, the total rank differences test, and the total
score test. These tests evaluate each HSID method’s performance in a variety of areas, such as efficiency
in identifying sites that show consistently poor safety performance, reliability in identifying the same
hotspots in subsequent time periods, and ranking consistency. To evaluate the HSID methods, five years
of crash data from the Italian motorway A16 were used.

The quantitative evaluation tests showed that the EB method performs better than the other HSID
methods. Test results highlight that the EB method is the most consistent and reliable method for identi-
fying priority investigation locations. The EB expected frequency of total-crashes (EB) performed better
than the EB expected frequency of severe-crashes (EBs), although the results differed only slightly when
the number of identified hotspots increased. The CF method performed better than other HSID methods
with more appealing theoretical arguments. In particular, the CF method performed better than the CR
method. This result is quite alarming, since many agencies use the CR method. The PFI and EPDO meth-
ods were largely inconsistent. The proportion method performed worst in all of the tests. Overall, these
results are consistent with the results of previous studies.

The identification of engineering countermeasures that may reduce crashes was successful in all of
the hotspots identified with the EB method; this finding shows that the identified hotspots can also be

corrected.

The advantages associated with the EB method were based on crash data from one Italian motorway,
and the relative performances of HSID methods may change when using other crash data. However, the
study results are very significant and are consistent with earlier findings. To further clarify the benefits
of the EB method, this study should be replicated in other countries. Nevertheless, the study results,
combined with previous research results, strongly suggest that the EB method should be the standard in

ots.
the identification of hotsp

. Introduction

The identification of crash hotspots, also referred to as

azardous road locations, high-risk locations, accident-prone loca-
ions, black spots, sites with promise, or priority investigation
ocations, is the first step of the highway safety management pro-
ess. Crash hotspot identification results in a list of sites that
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E-mail address: alfonso.montella@unina.it.

001-4575/$ – see front matter © 2009 Elsevier Ltd. All rights reserved.
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are prioritized for detailed engineering studies that can identify
crash patterns, contributing factors, and potential countermeasures
(Hauer et al., 2002a, 2004). The most cost effective projects are
selected in order to ensure that the best use is made of the limited
funds available (Montella, 2001, 2005). A crash hotspot can be theo-
retically defined as any location that has a higher number of crashes

than other similar locations as a result of local risk factors (Elvik,
2007). This definition implies that true crash hotspots are sites at
which local risk factors related to road design and/or traffic control
make a substantial contribution to crashes; as a result, engineering
improvements can reduce crashes. Errors in hotspot identification

http://www.sciencedirect.com/science/journal/00014575
http://www.elsevier.com/locate/aap
mailto:alfonso.montella@unina.it
dx.doi.org/10.1016/j.aap.2009.09.025
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ay produce large numbers of false negatives (i.e., truly hazardous
ites mistakenly designated as safe) and large numbers of false posi-
ives (i.e., truly safe sites that are wrongly identified as hazardous).
hese errors result in an inefficient use of the resources applied
o safety improvements and reduce the global effectiveness of the
afety management process. Therefore, the correct identification of
rash hotspots is essential for the successful implementation of any
ighway safety plan.

Highway agencies use different hotspot identification (HSID)
ethods. The HSID methods most commonly used in practice are

he ranking of crash frequency and the ranking of crash rate (DTLR,
001; Persaud, 2001; PIARC, 2004; ROSPA, 2002; TAC, 2004; Tarko
nd Kanodia, 2004). To take crash costs into account, the equivalent
roperty damage only (EPDO) crash frequency method is some-
imes used (PIARC, 2004; TAC, 2004). Based on the assumption that
nly excess crashes over those expected from similar sites can be
revented by applying appropriate treatments, the potential for

mprovement, measured as the difference between the observed
or estimated with the empirical Bayes method) and the expected
rash frequency, is also used as an HSID method (Austroads, 2009;
l-Basyouny and Sayed, 2006; Persaud et al., 1999; PIARC, 2004;
OSPA, 2002). Since the existence of crash patterns susceptible to
orrection may be accompanied by an overrepresentation of crash
requency (Kononov, 2002), the proportion method is sometimes
sed; this method prioritizes sites according to the probability that
he observed proportion of a crash type at a site is truly above a
iven critical proportion (Lyon et al., 2007; PIARC, 2004). Crash
ount does not always give an unbiased estimate of the long-term
xpected number of crashes, because crash counts can randomly
uctuate during the observation period. This observation has gen-
rated interest in techniques that control for random fluctuations
n the recorded number of crashes; the empirical Bayes (EB) tech-
ique is one example (Hauer, 1997; Hauer et al., 2002b; Persaud
nd Lyon, 2007).

Compared with the large number of studies focused on the
evelopment of various HSID methods, considerably less research
as been dedicated to comparing the performance of various meth-
ds (Cheng and Washington, 2005). Central to the comparison
f HSID methods is the identification and development of robust
nd informative quantitative and qualitative criteria that can be
sed to evaluate the methods. Like the selection of statistical and
conometric models, numerous assessment criteria are needed to
ssess HSID methods. Cheng and Washington (2008) proposed
he use of five (four new) quantitative evaluation tests aimed at
omparing alternative HSID methods. These five tests evaluate a
ariety of aspects of each HSID method’s performance. The site
onsistency test measures each method’s efficiency in identifying
ites that show consistently poor safety performance. The method
onsistency test and the total rank differences test measure the reli-
bility and consistency of HSID methods in terms of the number of
otspots with consistent underlying safety problems that are iden-
ified in a relatively short period of time. The false identification
est and the Poisson mean differences test measure each method’s
erformance in terms of the false identification of hotspots and
he corresponding consequences that arise from erroneous identi-
cations. The latter two tests require that truth be known a priori;
hey are useful only when HSID methods are being compared in a
imulated environment, where the truth is known by design. Cheng
nd Washington demonstrated the new criteria using three years of
rash data collected in Arizona and four HSID methods: the ranking
f crash frequency, the ranking of crash rate, the ranking of poten-

ial for improvement, and the EB method. The EB HSID method was
he superior method in most of the evaluation tests. In contrast, the
rash rate method consistently performed the worst.

Elvik (2007, 2008a) used data from Norwegian roads to compare
ve HSID techniques: crash frequency, crash rate, combination of
revention 42 (2010) 571–581

crash frequency and crash rate, EB crash estimate, and contribution
of local risk factors to the EB estimate (equivalent to the poten-
tial for improvement method). The diagnostic performance of the
five techniques was assessed in terms of epidemiological criteria
(sensitivity and specificity). Confirming the results of Cheng and
Washington (2008), the EB technique performed the best and the
crash rate method performed the worst.

Persaud et al. (1999) compared the crash frequency method,
the crash rate method, the PFI method, and the EB method; they
used both the crash frequency and the difference between observed
and predicted crashes in a subsequent time period as measures
of effectiveness. The results differed in relation to the measure of
effectiveness.

Despite recent research showing that the EB approach is the
best available HSID method, most highway agencies continue to use
less effective methods. For example, Elvik (2007, 2008b) surveyed
HSID methods in eight European countries and found that most of
the approaches are primitive and are likely to involve substantial
inaccuracies. The European Parliament’s (2008) directive on road
infrastructure safety management does not make any reference to
the EB method. Furthermore, existing highway safety manuals (e.g.,
Austroads, 2009; DTLR, 2001; PIARC, 2004) do not adequately high-
light the problems associated with the use of older HSID methods
instead of the EB method. In addition, the forthcoming Highway
Safety Manual of the Transportation Research Board will suggest
that many HSID methods can be used; practitioners who are skep-
tical of new techniques may misinterpret this information. There is
an urgent need for research studies that use robust and quantitative
evaluation criteria to compare HSID methods.

The aim of this paper is to compare of a set of commonly applied
HSID methods against quantitative evaluation criteria. Five years of
crash data from the Italian motorway A16 were used in this com-
parison. Furthermore, in order to test whether the best method
identifies correctible hotspot sites, diagnostic evaluations were
performed and the existence of potential effective safety treat-
ments was verified. The remainder of the paper is organized as
follows: Section 2 describes the HSID methods that were evaluated;
Section 3 explains the analytics of the quantitative evaluation cri-
teria; Section 4 describes the case study data; Section 5 describes
the crash prediction models used in the evaluations; Section 6
reports and discusses the results of the comparison of HSID meth-
ods according to the evaluation criteria; Section 7 describes the
diagnostic evaluations performed in the hotspots identified with
the selected best method; and finally, conclusions are drawn in
Section 8.

2. Alternative hotspot identification methods used in
comparison

The following HSID methods were compared: the ranking of
crash frequency (CF), the ranking of equivalent property damage
only (EPDO) crash frequency, the ranking of crash rate (CR), the
proportion method (P), the ranking of EB estimate of total-crash fre-
quency (EB), the ranking of EB estimate of severe-crash frequency
(EBs), and the potential for improvement method (PFI). Each of
these HSID methods are described below. Since the methods were
compared with reference to highway segments, only explanations
relative to the segments are given.

2.1. Crash frequency
Crash frequency is the simplest identification criterion. Applying
this method, sites are ranked in descending order of observed crash
frequencies. In order to compare segments of different lengths, the
total number of crashes is divided by the segment length and the
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ime period. The result is a value showing crashes per year per
ilometer.

.2. Equivalent property damage only crash frequency

The EPDO crash frequency measure weights crashes according
o severity (fatal, injury, and property damage only) to develop a
ombined frequency and severity score for each site. The weighting
actors are based on property damage only (PDO) crash costs. An
PDO value summarizes the crash costs and severity.

In the calculations, weighting factors were assessed from the
rash cost estimates developed by the UK Department for Transport
2007) based on the willingness to pay approach. Using average
rash costs for motorways, fatal crashes (1,751,150 £) have a weight
actor equal to 771, injury crashes (78,930 £) have a weight factor
qual to 35, and PDO crashes (2,270 £) have a weight factor equal
o 1.

.3. Crash rate

The crash rate normalizes the frequency of crashes with
xposure (measured by traffic volume). Roadway segment traffic
olume is measured as vehicle-kilometers traveled for the study
eriod. This method reflects crash risk for the individual road user.

.4. Proportion method

This method is frequently applied as a diagnostic tool to identify
rash patterns; it is sometimes applied as an HSID method. Sites are
rioritized based on the probability that the proportion of a partic-
lar crash type is greater than the threshold proportion. A threshold
roportion is selected based on the proportion of the target crash
ype in the reference population. Since each crash can be viewed as
n independent Bernoulli trial with the probability of a particular
rash type equal to the proportion of the crash type in the compar-
son group (p), the probability of observing less than x crashes out
f n trials can be computed as follows:

(X ≤ x − 1, n; p)=B(x − 1, n; p)=
x−1∑
i=0

n!
(n − i)! × i!

× pi × (1 − p)n−i

(1)

In the calculations, the following crash types were considered:
un-off-the-road (ROR), rear-end, nighttime, wet road, and rainy.
ince crash patterns are different in the tangents and in the curves,
eference groups were different for the segments located in the
urves and in the tangents.

.5. EB method

In the EB procedure, a crash prediction model (CPM) is used to
rst estimate the number of crashes that would be expected in the
nalysis period at locations with traffic volumes and other charac-
eristics similar to the one being analyzed. The crash estimates are
hen combined with the count of crashes to obtain a better esti-

ate of the expected number of crashes according to the following
quations:

B = w × Ê(Y) + (1 − w) × count (2)
= 1

1 + (Ê(Y)/k)
(3)

here k is the negative binomial parameter (also called the inverse
ispersion parameter), constant for a given CPM, and is estimated
revention 42 (2010) 571–581 573

from the CPM calibration process with the use of a maximum like-
lihood procedure; count is the observed crash frequency; and Ê(Y)
is the predicted crash frequency.

The expected number of crashes is divided by the segment
length and the analysis period length to obtain the crashes per year
per kilometer.

2.6. EBs method

In this method, the EB expected frequency of severe crashes
(fatal plus all injury) is used.

2.7. Potential for improvement method

The potential for improvement (PFI) is the difference between
the EB expected crash frequency and the crash frequency predicted
from a CPM, as follows:

PFI = EB − Ê(Y) = w × Ê(Y) + (1 − w) × count − Ê(Y) (4)

When the potential for improvement value is greater than zero,
a site experiences more crashes than expected. When the potential
for improvement value is less than zero, a site experiences fewer
crashes than expected.

3. Hotspot identification methods evaluation criteria

The various HSID methods were compared using four quan-
titative evaluation tests: the site consistency test, the method
consistency test, the total rank differences test, and the total score
test. The first three tests have been recently introduced by Cheng
and Washington (2008); the fourth test is new and combines the
results of the previous tests in order to give a synthetic and easily
readable index. Each of these tests are described below. Since the
methods are not being compared in a simulated environment, there
is no known set of correct hotspots. Thus, the false identification
test was not performed.

3.1. Site consistency test

The site consistency test (SCT) measures the ability of an HSID
method to consistently identify a high-risk site over repeated
observation periods. The test rests on the premise that a site iden-
tified as high risk during time period i should also reveal an inferior
safety performance in a subsequent time period i + 1, given that the
site is in fact high risk and no significant changes have occurred at
the site. The method that identifies sites in a future period with the
highest crash frequency is the most consistent. The test statistic is
given as:

SCTj =
∑n

k=n−n˛+1Ck,j,i+1∑n
k=n−n˛+1Lk,j × yi+1

(5)

where j is the HSID method being compared, n is the total number
of sites, ˛ is the threshold of identified hotspots (e.g., ˛ = 0.01 cor-
responds with top 1% of n sites identified as hotspots, and n˛ is the
number of identified hotspots), C is the crash count for site ranked
k in the time period i + 1, L is the length of the site ranked k in the
time period i + 1 (km), and yi+1 is the length of the time period i + 1
(years).

3.2. Method consistency test
The method consistency test (MCT) evaluates a method’s perfor-
mance by measuring the number of the same hotspots identified
in both time periods. It is assumed that road sections are in the
same or similar underlying operational state and their expected
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roadside context, cross-section, and yearly effects were considered.
Table 1 shows descriptions and analytical details of the variables
included in the final models.

The model parameters and the dispersion parameter of the
negative binomial distribution were estimated by the maximum

Table 1
CPMs: Significant explanatory variables.

Variable Description

Traffic volume and composition
ln(AADT)[vpd] Natural logarithm of the average annual daily traffic
Phv [%] Percentage of heavy vehicles

Horizontal alignment
1/R2 [1/km2] Square of horizontal curvature
Def [gon] Deflection angle

Design consistencya

�V85 [km/h]b 85th percentile of speed reduction
�frc Difference between assumed and demanded side

friction
Lt [km] Length of the tangent preceding the curve

Vertical alignment
Gu [%]d Equivalent upgrade

Roadside context
Bridge Binary variable, equal to 1 if the segment is on a

bridge

Cross-section
Median Binary variable, equal to 1 if a concrete barrier is

present in the median (0 if a steel barrier is present)

Yearly effects
Yr02 Binary variable, equal to 1 in the year 2002

a Evaluated only on curves.
b V85 = 155 − 1352

R − 0.42 × def2
2 − 4.1 × |g| where def2 is the total deflection

angle in the 2 km before the end of the segment (gon), and |g| is the absolute value
of the longitudinal grade (%).

c �fr = fra − frd = 0.6 × 0.925 × (0.59 − 4.85 × 10−3 × Vd + 1.51 × 10−5 × V2
d

) −(
V85

2

127×R − e

)
where fra is the side friction assumed with respect to the design

speed, frd is the side friction demanded at the 85th percentile speed, R is the radius
of horizontal curve (m), and e is the curve superelevation.
74 A. Montella / Accident Analysis

afety performance remains virtually unaltered over the two anal-
sis periods. With this assumption of homogeneity, the greater the
umber of hotspots identified in both periods the more consistent
he performance of the HSID method. The test statistic is given as:

CTj =
{

kn−na+1, kn−na, . . . , kn

}
j,i

∩

×
{

kn−na+1, kn−na, . . . , kn

}
j,i+1

(6)

.3. Total rank differences test

The total rank differences test (TRDT) takes into account the
afety performance rankings of the road sections in the two periods.
he test is conducted by calculating the sum of the total rank differ-
nces of the hotspots identified across the two periods. The smaller
he total rank difference, the more consistent the HSID method. The
est statistic is given as:

RDTj =
n∑

k=n−n˛+1

∣∣R(kj,i) − R(kj,i+1)
∣∣ (7)

.4. Total score test

The total score test (TST) combines the site consistency test, the
ethod consistency test, and the total rank difference test in order

o provide a synthetic index. The test statistic is given as:

STj = 100
3

×
[(

SCTj

maxjSCT

)
+

(
MCTj

maxjMCT

)

+
(

1 − TRDTj − minjTRDT
maxjTRDT

)]
(8)

The test assumes that the SCT, MCT, and TRDT have the same
eight. The former three tests provide absolute measures of

ffectiveness, whereas the total score test gives an effectiveness
easure relative to the methods being compared. If method j per-

ormed best in all of the previous tests, the TST value is equal to
00. If method j performed worst in all of the tests, the TST value

s positive since all three components of the test have a positive
alue. Indeed, SCT and MCT, which should be maximized by the
SID methods, are weighted in relation to the maximum values

n the tests, whereas TRDT, which should minimized by the HSID
ethods, is weighted in relation to its difference from the minimum

alue in the test.

. Case study data

Geometric data, traffic volumes, and crash records were col-
ected for motorway A16 between Naples and Candela in Italy
Montella et al., 2008). Horizontal alignment characteristics and
raffic flow volumes were used to divide the study section into 646
omogeneous segments (343 for each direction of the motorway),
ith a mean length of 395 meters. Crash data from 2001–2005
ere collected by analyzing police reports and were integrated
ith detailed site inspections. In the analysis period, 2245 crashes

ccurred. The number of severe crashes (fatal plus all injury) was
28.

To compare the HSID methods, the five-year crash data were
eparated into two time periods, Period 1 (2001 and 2002) and

eriod 2 (2003, 2004, and 2005). In the study period, horizon-
al curve delineation improvements have been carried out for 15
urves (Montella, 2009). These sites were excluded from the com-
arison because the evaluation tests are based on the hypothesis
hat no significant changes have occurred at the sites.
revention 42 (2010) 571–581

5. Crash prediction models

The EB, EBs, and PFI methods require the use of pertinent crash
prediction models. For the purpose of the study, a refinement of the
CPMs developed by Montella et al. (2008) was used.

5.1. Model description

Generalized linear modeling techniques were used to fit the
models, and a negative binomial distribution error structure was
assumed. The selected model form is as follows:

Ê(Y) = L × ea0+a1×ln(AADT) × e

∑n

i=1
bi×xi (9)

where Ê(Y) is the predicted crash frequency, L is the segment length
(m), AADT is the average annual daily traffic (vpd) on the segment,
ai and bi are the model parameters, and xi are the explanatory
variables in addition to L and AADT.

In the model, segment length is an offset variable. It captures the
logical requirement that if N crashes are expected to occur on 1 km
of road, 2N crashes should be expected to occur on an identical road
that is 2 km long (Hauer, 2004).

Explanatory variables related to traffic composition, horizontal
alignment, design consistency, vertical alignment, sight distance,
d Gu =
∑

i
Giu×Liu∑

i
Li

where Gu is the equivalent upgrade, Giu is the grade of the

upgrade sub-segment i, Liu is the length of the upgrade sub-segment i, and Li is
the length of the sub-segments (both upgrade and downgrade) which make up the
segment under consideration.
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Table 2
CPMs: parameter estimates and goodness-of-fit measures.

Variable Total-crashes Severe-crashes

Estimate Standard
deviation

Estimate Standard
deviation

1/k 0.9192 0.0636 1.2752 0.1221
Constant −12.7360 1.0580 −16.7040 2.7594

Traffic volume and composition
ln(AADT)[vpd] 0.6511 0.1143 0.9738 0.2844
Phv [%] −0.0305 0.0148

Horizontal alignment
1/R2 [1/km2] 0.1290 0.0185 0.1236 0.0188
Def [gon] −0.0112 0.0019 −0.0099 0.0023

Design consistency
�V85 [km/h] 0.0323 0.0071 0.0514 0.0088
�fr −4.3016 0.7402 −4.6086 0.8565
Lt [km] 0.2974 0.0660 0.2996 0.0802

Vertical alignment
Gu [%] −0.0745 0.0166 −0.1046 0.0218

Roadside context
Bridge −0.3869 0.1526

Cross-section
Median 0.1805 0.0879

Yearly effects
Yr02 0.1960 0.0639 0.3039 0.0813

T
T

T
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ikelihood method using the GENMOD procedure in SAS. Separate
odels were developed for total-crashes and severe (fatal plus all

njury) crashes. The models were developed by the stepwise for-
ard procedure. Variables were kept in the model based on two

riteria. The first was whether the t-ratio of the variable’s estimated
oefficient was significant at the 5% level. The second criterion
as related to improvement in the goodness-of-fit measures of the
odel including the variable.

.2. Measuring goodness-of-fit

Two goodness-of-fit measures were used: R2
˛ (Miaou, 1996) and

he Akaike information criterion (AIC) (Akaike, 1987).
R2

˛, a dispersion parameter-based R2, is calculated as follows:

2
˛ = 1 −

(
kmin

k

)
(10)

here kmin is the smallest possible inverse dispersion parameter
hat is obtained by having no covariates in the model (by assuming
hat all sites have an identical prediction estimate equal to the mean
ver all sites) and k is the inverse dispersion parameter for the cali-
rated model. This measure is bound between 0 (when no covariate

s included) and 1 (when covariates are perfectly specified).
The AIC value is calculated as follows:

IC = −2 × ML + 2 × p (11)

here ML is the maximum log-likelihood of the fitted model, and
is the number of parameters in the model. A smaller AIC value

eflects a better model. The first term in the AIC equation mea-

ures the badness-of-fit, or bias, when the maximum likelihood
stimates of the parameters are used. The second term measures
he complexity of the model, thus penalizing the model for using

ore parameters. The goal for selecting the best model is to choose
he best fit with the least complexity.

able 3
est results: top 1% of hotspots.

HSID method Site consistency test
[crashes/(km × year)]

EB Test value 11.1a

Test ranking 1

CF Test value 11.0
Test ranking 2

CR Test value 10.5
Test ranking 3

EBs Test value 9.0b

Test ranking 4

PFI Test value 8.2
Test ranking 5

EPDO Test value 7.6
Test ranking 6

ProportionROR Test value 2.9
Test ranking 8

ProportionRear-end Test value 2.5
Test ranking 9

ProportionRainy Test value 2.5
Test ranking 9

ProportionWet Test value 4.6
Test ranking 7

ProportionNight Test value 2.5
Test ranking 9

he percentage shown in parenthesis stands for the percentage of hotspots identified in p
a The modified site consistency test is equal to 2.43 severe crashes/(km × year).
b The modified site consistency test is equal to 2.90 severe crashes/(km × year).
R2
˛ 0.562 0.663

AIC 4739.2 5474.8

5.3. Modeling results
Table 2 presents parameter estimates and goodness-of-fit
measures for both the total-crashes and severe-crashes models.
Non-significant parameters are not reported. All the parame-

Method
consistency test

Total rank
differences test

Total score
test

2 (33.3%) 137 98.3
1 2 1

2 (33.3%) 497 88.2
1 4 2

2 (33.3%) 618 83.3
1 6 3

1 (16.7%) 76 77.0
6 1 4

2 (33.3%) 877 69.5
1 10 5

1 (16.7%) 792 53.2
6 7 6

2 (33.3%) 872 53.4
1 9 7

1 (16.7%) 499 46.1
6 5 8

0 415 31.7
10 3 9

0 870 25.3
10 8 10

1 (16.7%) 1213 26.4
6 11 11

eriod 1 that were also identified in period 2.
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ers have a logical and expected sign. The difference from the
revious models developed by Montella et al. (2008) was the

nclusion of the variable 1/R2 (square of horizontal curvature)
s a substitute for the variable 1/R. The new models had lower
IC values and greater R2

˛ values. For the total-crashes model,
he AIC and R2

˛ values were 4739.2 and 56.2%, respectively. For
he severe-crashes model, the AIC and R2

˛ values were 5474.8
nd 66.3%, respectively. Overall, the models showed a reasonable
oodness-of-fit.

. Test results and discussion

The four quantitative tests described in Section 3 were used to
ssess the relative performance of the seven commonly applied
SID methods described in Section 2. Segments with the highest

ankings were flagged as hotspots. In this evaluation, the top 1%
see Table 3), 5% (see Table 4), and 10% (see Table 5) sites were
elected as hotspots.

.1. Site consistency test results

The EB method outperformed other HSID methods in identifying
he top 1%, 5%, and 10% of hotspots with the highest crash fre-
uency in period 2, equal respectively to 11.1, 5.2, and 4.3 crashes
er km per year. In contrast, the proportion method consistently
erformed the worst. In period 2, the top 1%, 5%, and 10% of hotspots

dentified with the EB method showed crash frequencies that were
34%, 158%, and 140% greater than the crash frequencies of the

otspots identified when the proportion method was applied to
ighttime crashes. That is, the proportion method is highly ineffec-
ive at identifying sites that will exhibit higher crash frequencies
n the future. On the site consistency test, the EB method was fol-
owed by the following methods: CF, CR, EBs, PFI, and EPDO. The

able 4
est results: top 5% of hotspots.

HSID method Site consistency test
[crashes/(km × year)]

EB Test value 5.2a

Test ranking 1

CF Test value 4.9
Test ranking 2

EBs Test value 3.9b

Test ranking 4

CR Test value 4.7
Test ranking 3

PFI Test value 3.5
Test ranking 5

EPDO Test value 3.5
Test ranking 6

ProportionROR Test value 1.9
Test ranking 10

ProportionRear-end Test value 2.0
Test ranking 7

ProportionNight Test value 2.0
Test ranking 7

ProportionRainy Test value 2.0
Test ranking 7

ProportionWet Test value 1.2
Test ranking 11

he percentage shown in parenthesis stands for the percentage of hotspots identified in p
a The modified site consistency test is equal to 1.37 severe crashes/(km × year).
b The modified site consistency test is equal to 1.06 severe crashes/(km × year).
revention 42 (2010) 571–581

EPDO method performed better than the PFI and EBs methods only
with reference to the top 10% of hotspots.

The EBs method is aimed at identifying sites with a high
frequency of severe-crashes and it is therefore not expected to per-
form well in identifying sites with a high frequency of total-crashes.
The comparison between the EB method and the EBs method was
thus also performed with reference to the modified site consistency
test, in which the total-crashes count (Eq. (5)) was substituted with
the severe-crashes count. Surprisingly, the EB method (except the
top 1% of sites) was more effective than the EBs method in identi-
fying sites that will exhibit a higher frequency of severe-crashes in
the future.

6.2. Method consistency test results

The EB method was superior in this test by identifying the largest
number of the same hotspots (2 and 15, respectively) in both the
top 1% and 5% of sites. In the case of the top 10% of sites, the EBs
method performed slightly better than the EB method, identifying
33 sites (vs. 31) in period 1 that were also identified as hotspots
in period 2. In this case, the CF and EB methods gave the same
results. The CR, PFI, and EPDO methods performed significantly
worse than the EB method. The proportion method performed the
worst.

6.3. Total rank differences test results

In this test, the EBs method performed the best and was closely

followed by the EB method. The difference between the EB method
(referring to both total and severe-crashes) and the other HSID
methods was very impressive and was consistent with the results
reported by Cheng and Washington (2008). Indeed, the other meth-
ods showed significantly greater summed ranked differences. In the

Method
consistency test

Total rank
differences test

Total score
test

15 (46.9%) 2180 98.1
1 2 1

13 (40.6%) 3965 83.5
2 3 2

11 (34.4%) 1772 82.7
3 1 3

11 (34.4%) 4016 77.1
3 4 4

8 (25.0%) 6745 50.4
5 9 5

4 (12.5%) 5810 45.3
7 6 6

5 (12.5%) 5302 39.7
6 5 7

4 (15.6%) 5934 35.4
8 7 8

4 (12.5%) 6220 34.0
8 8 9

4 (12.5%) 6925 30.7
8 10 10

4 (12.5%) 7029 25.3
8 11 11

eriod 1 that were also identified in period 2.
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Table 5
Test results: top 10% of hotspots.

HSID method Site consistency test
[crashes/(km × year)]

Method
consistency test

Total rank
differences test

Total score
test

EB Test value 4.3a 31 (48.4%) 6291 95.8
Test ranking 1 2 2 1

EBs Test value 2.9b 33 (51.6%) 5336 89.2
Test ranking 6 1 1 2

CF Test value 4.1 24 (37.5%) 8910 81.5
Test ranking 2 3 4 3

CR Test value 4.1 22 (34.4%) 8865 79.5
Test ranking 3 4 3 4

PFI Test value 2.9 22 (34.4%) 12820 61.0
Test ranking 5 4 9 5

EPDO Test value 3.0 16 (25.0%) 11553 58.5
Test ranking 4 8 7 6

ProportionRainy Test value 1.8 19 (29.7%) 11283 52.7
Test ranking 9 6 6 7

ProportionRear-end Test value 1.8 17 (26.6%) 10965 51.6
Test ranking 8 7 5 8

ProportionROR Test value 1.9 16 (25.0%) 13382 46.0
Test ranking 7 8 10 9

ProportionWet Test value 1.7 14 (21.9%) 12349 44.7
Test ranking 11 10 8 10

ProportionNight Test value 1.8 5 (7.8%) 14429 31.2
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Test ranking 9

he percentage shown in parenthesis stands for the percentage of hotspots identifi
a The modified site consistency test is equal to 1.21 severe crashes/(km × year).
b The modified site consistency test is equal to 0.97 severe crashes/(km × year).

ase of the top 5% of sites, differences with the EBs in summed
anked differences were as follows: 124% for the CF method,
27% for the CR method, 228% for the EPDO method, 281% for
he PFI method, and between 199% and 297% for the proportion

ethod.
The CF and CR methods, which were only slightly worse than

he EB method in the site consistency test, revealed large inconsis-
encies in the total rank differences test, mainly because they do
ot control for random fluctuation in crashes over time.

.4. Total score test results

In the total score test, which combines the results of the pre-
ious three tests, the EB method performed better than the other
SID methods in all of the case studies (the top 1%, 5%, and 10% of

he sites), reaching values very close to 100 (98.3, 98.1, and 95.8,
espectively).

The EB expected frequency of severe-crashes (EBs) performed
orse than the EB expected frequency of total-crashes (EB) (77.0 vs.

8.3 for ˛ = 0.01, 82.7 vs. 98.1 for ˛ = 0.05, 89.2 vs. 95.8 for ˛ = 0.10).
he largest difference was observed in the site consistency test,
here the EB method performed better with reference to both

otal-crashes and severe-crashes.
The CF and CR methods, which were only slightly worse than the

B method in the site consistency test, revealed large inconsisten-
ies in the method consistency test and in the total rank differences
est. The CF method performed worse than the EB method in all of
he tests and for any threshold of hotspots identified (total test
core equal to 88.2, 83.5, and 81.5). The CR method, which is used
y many agencies based on the assumption that it performs better

han the CF method, showed even worse results (83.3, 77.1, and
9.5).

The PFI (69.5, 50.4, and 61.0) and EPDO (53.2, 45.3, and 58.5)
ethods were largely inconsistent. The proportion method per-

ormed worst in all of the tests.
11 11 11

eriod 1 that were also identified in period 2.

6.5. Discussion of test results

Overall, our study results are consistent with the results of
the previous quantitative evaluations carried out by Cheng and
Washington (2008) and Elvik (2007, 2008a).

The test results highlight that the EB method is the most con-
sistent and reliable method for identifying priority investigation
locations. The EB estimate of total-crashes performed better than
the EB estimate of severe-crashes, even if the resulting differ-
ence was insignificant when the number of identified hotspots
increased. This result is supported by a strong theoretical basis,
because the EB method increases the precision of the safety esti-
mation and corrects for the regression-to-mean bias. Indeed, EB
estimates of safety allow the relative contributions of random vari-
ation, general factors, and local factors to the observed number of
crashes to be identified.

From a practical point of view, an important result is that the
CF method performed better than other HSID methods with more
appealing theoretical arguments. In particular, the CF method per-
formed better than the CR method in this and other studies (Cheng
and Washington, 2008; Elvik, 2007, 2008a; Persaud et al., 1999).
In fact, the crash rate method is biased towards low-volume sites
and incorrectly assumes a linear relationship between traffic vol-
ume and crash frequency. This result is quite alarming, as many
agencies use this method.

The PFI method, which is data-intensive like the EB method,
did not perform well. The main drawback of the PFI method is
that larger values of predicted crashes decrease the correspond-
ing probability that a site is selected as a hotspot (because the
difference between the EB estimate and predicted crashes is dimin-

ished), whereas in the EB method larger values of predicted crashes
increase the ranking. Elvik (2007, 2008a) found that the major
problem associated with the PFI method appears to be a large
number of false positives that result from a temporary instabil-
ity in the contribution of local risk factors to crashes. In previous
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Table 6
Top 5% of hotspots identified using the EB method: crash patterns.

Segment Length (m) Crash count EB rank EB estimate
[crashes/(km × year)]

PROR (%) Prear-end (%) Pnight (%) Pwet (%) Prainy (%) Overrepresented crashes

224 319 64 1 39.4 79.7 4.7 9.4 84.4 54.7 ROR, Wet, Rainy
545 255 52 2 36.7 96.2 0.0 42.3 92.3 57.7 ROR, Wet, Rainy
108 309 55 3 34.5 74.5 21.8 38.2 72.7 40.0 ROR, Wet, Rainy
160 86 21 4 26.0 66.7 19.0 47.6 61.9 33.3 Wet, Rainy
546 255 33 5 22.5 87.9 6.1 33.3 60.6 27.3 ROR, Wet, Rainy
223 319 35 6 21.3 65.7 17.1 17.1 77.1 40.0 ROR, Wet, Rainy
533 188 22 7 21.1 95.5 0.0 13.6 77.3 22.7 ROR, Wet

4 225 29 8 19.0 93.1 0.0 58.6 37.9 20.7 ROR, Night
84 181 18 9 18.0 66.7 16.7 33.3 61.1 44.4 Wet, Rainy

353 248 20 10 15.0 75.0 20.0 30.0 90.0 45.0 ROR, Wet, Rainy
221 236 17 11 14.6 82.4 0.0 35.3 64.7 23.5 ROR, Wet
135 171 11 12 13.7 72.7 27.3 9.1 54.5 45.5 Wet, Rainy
373 347 26 13 12.6 92.3 7.7 34.6 96.2 34.6 ROR, Wet, Rainy
354 248 16 14 12.1 75.0 6.3 31.3 50.0 18.8 ROR

24 476 28 15 10.9 75.0 7.1 32.1 25.0 17.9 ROR
222 236 10 16 8.9 90.0 0.0 30.0 70.0 30.0 ROR, Wet
298 206 10 17 8.8 50.0 20.0 10.0 50.0 30.0
159 86 6 18 8.3 33.3 0.0 16.7 0.0 0.0
103 514 21 19 8.1 61.9 23.8 38.1 71.4 42.9 Wet, Rainy
326 160 8 20 7.8 75.0 12.5 12.5 50.0 25.0
531 159 6 21 7.5 100.0 0.0 16.7 83.3 66.7 ROR, Wet, Rainy
426 474 18 22 7.4 94.4 0.0 16.7 94.4 27.8 ROR, Wet
487 196 7 23 7.4 14.3 0.0 28.6 28.6 0.0
139 159 5 24 7.4 80.0 20.0 40.0 80.0 40.0 Wet
246 434 16 25 7.1 75.0 25.0 31.3 62.5 6.3 ROR, Wet
335 240 9 26 7.0 33.3 22.2 66.7 66.7 55.6 Night, Wet, Rainy
131 177 6 27 6.1 33.3 33.3 16.7 0.0 0.0
457 501 16 28 5.8 50.0 0.0 25.0 18.8 6.3
187 292 12 29 5.5 16.7 50.0 33.3 8.3 8.3 Rear-end
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71.4
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458 501 14 30 5.5
488 196 5 31 5.2 1
329 284 7 32 5.2

nderline indicates crash types overrepresented at the 10% level of significance. Al

tudies (Cheng and Washington, 2008; Elvik, 2008a; Persaud et al.,
999), the PFI method performed worse than the EB and CF meth-
ds just as it did in this study, but performed better than the CR
ethod, which was not found in this study. Persaud et al. (1999)

sed both the crash frequency and the difference between observed
nd predicted crashes as measures of the effectiveness of the HSID
ethods; the results of the second measure, which was not used

n the evaluation tests of this study, indicated that the PFI was the
est HSID method. The difference between our results and those
f previous studies might depend both on the different range of
ADTs and on the different CPMs used in the evaluations. In the
resent study, the AADT ranged between 7266 and 16,000 vehi-
les per day, whereas in the previous studies greater variations in
raffic volume were observed. Cheng and Washington (2008) used
nly segment length and average annual daily traffic as explanatory
ariables (Persaud et al. added total width). Elvik (2008a) fitted one
odel for more highway types, using average annual daily traffic,

peed limit, number of lanes, density of intersections, and a dummy
or trunk highways as explanatory variables. In this study, more
etailed variables related to traffic volume and composition, such as
orizontal alignment, design consistency, vertical alignment, road-
ide context, cross-section, and yearly effects were used. As a result,
he contribution to the EB estimate of safety of the general factors
ncluded in the CPMs is greater and the contribution of local factors,

easured by the PFI method, is diminished.
The EPDO method was inconsistent in all of the tests, since

t overemphasizes sites with a low frequency of fatal or severe
rashes. To date, other quantitative evaluations of the EPDO method

ave not been performed.

The proportion method may be appealing because it is based on
he hypothesis that dominant crash patterns are associated with
isk factors; it is not, however, based on safety estimates. Dominant
rash patterns might also be observed in sites with low frequencies
0.0 64.3 78.6 42.9 ROR, Night, Wet, Rainy
0.0 0.0 100.0 40.0 ROR, Wet
0.0 71.4 71.4 42.9 Night, Wet

crash types were overrepresented at the 5% level of significance.

of total-crashes or with unusually low frequencies of other crash
types. Lyon et al. (2007) compared the proportion method with the
EB method and the PFI method based on the fraction of the same
hotspots ranked by the different methods. Using as reference the
hotspots ranked by the EB method, they found that between 45%
and 80% of the same hotspots were ranked by the PFI method and
between 45% and 70% of the same hotspots were ranked by the
proportion method. Based on this result, they concluded that the
proportion method appears to be a workable alternative to the pre-
ferred PFI and EB methods. In the present study, smaller fractions of
the same hotspots were ranked by the PFI (50–61%) and proportion
(22–50%) methods. Furthermore, the quantitative evaluation tests
clearly showed the inconsistency of the proportion method.

7. Correctability of hotspots identified with the EB method

In order to the verify whether the method classified as the
best according to the four quantitative tests also ensures the cor-
rectability of the hotspot sites (i.e., the sites are not false hotspots),
diagnostic evaluations were performed and the existence of poten-
tial effective safety treatments was verified.

Based on the 646 homogeneous segments and five years of crash
data, hotspots were identified with the EB method, which gave the
best results according to the quantitative evaluation criteria. The
top 5% of sites were selected as hotspots. With the exception of
one site, the identified hotspots were located on horizontal curves.
In each site, the following analyses were performed: (a) diagnosis
of safety concerns by means of comparison between crash pat-

terns in the site and in the reference sites; (b) identification of
local risk factors by means of assessment of site characteristics and
field investigations; (c) identification of countermeasures which
have proven to be effective in situations with the identified crash
patterns and local risk factors.
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Table 7
Top 5% of hotspots identified using the EB method: local risk factors.

Segment Local risk factors

224 Inadequate coordination between horizontal and vertical alignment: sag before the curve. Polished pavement. Faded markings.
545 Inadequate delineation due to chevrons missing in the curve beginning. Polished pavement.
108 Curve following long downhill with steep grade. Polished pavement. Faded markings.
160 Inadequate coordination between horizontal and vertical alignment: horizontal and vertical curves with different centers. Poor curve perception due also

to small deflection angle (6◦) and short length (86 m). Polished pavement. Faded markings.
546 Polished pavement.
223 Polished pavement. Faded horizontal markings.
533 Short tunnel with inadequate lighting. Inadequate delineation due to faded chevrons and markings. Polished pavement.

4 Poor curve perception in the night due to an exit ramp in the curve. Polished pavement.
84 Inadequate delineation on a steep downgrade due to chevrons missing. Curve warning signs.

353 Inadequate delineation due to missing chevrons and faded markings. Curve warning signs missing. Polished pavement. Pavement unevenness.
221 High pavement unevenness due to discontinuities along the buried bridge joints. Inadequate delineation due to local discontinuities of the chevrons and

faded markings. Polished pavement.
135 Design inconsistency due to the presence of a small radius curve (R = 250 m) on a steep downgrade which follows a larger radius curve (R = 500 m) after a

short tangent (L = 173 m). Polished pavement.
373 Inadequate coordination between horizontal and vertical alignment: sag before the curve. Polished pavement. Faded markings.
354 Design inconsistency due to a small radius curve (R = 320 m) which follows a larger radius curve (R = 760 m) after a short tangent (L = 121 m). Inadequate

delineation due to missing chevrons in the curve beginning, irregular spacing and height of the chevrons, and faded markings.
24 Narrow left shoulder.

222 Inadequate delineation due to local discontinuities of the chevrons. Polished pavement. Faded markings.
298 Inadequate coordination between horizontal and vertical alignment: sag before the curve. Inadequate delineation due to chevrons missing.
159 Inadequate coordination between horizontal and vertical alignment: horizontal and vertical curves with different centres. Poor curve perception due also

to small deflection angle (6◦) and short length (86 m). Faded markings.
103 High pavement unevenness due to discontinuities along the buried bridge joints. Inadequate delineation due to chevrons missing in the curve beginning.

Polished pavement.
326 Inadequate curve perception due to a tunnel with inadequate lighting preceding the curve, dazzling at the sunset in the tunnel exit, inadequate

delineation, and missing curve warning sign. Shoulder narrowing in the final part of the curve.
531 Polished pavement.
426 Inadequate perception of the curvature change due to the presence of a small radius curve (R = 305 m) which follows a larger radius curve (R = 785 m) after

a short tangent (L = 93 m). Chevrons installed in the tangent between the curves increase the perception problem. Polished pavement.
487 Entry ramp in the curve with short length. Faded markings.
139 High pavement unevenness due to discontinuities along the buried bridge joints before the curve beginning. Polished pavement.
246 Inadequate coordination between horizontal and vertical alignment: crest before the curve. Inadequate perception of the curve due to the transition

along the curve between a tunnel with inadequate lighting and a bridge. Inadequate delineation due to chevrons missing and faded markings. Curve
warning signs missing. High pavement unevenness due to discontinuities along the buried bridge joints. Polished pavement.

335 Inadequate delineation due to chevrons missing. Curve warning signs missing. Polished pavement.
131 Inadequate coordination between horizontal and vertical alignment: crest before the curve. Inadequate delineation due to chevrons missing.
457 Inadequate delineation due to chevrons missing in the curve beginning and faded markings. Pavement unevenness due to discontinuities along the

buried bridge joints.
187 Sag with short radius. Faded horizontal markings.
458 High pavement unevenness due to discontinuities along the buried bridge joints. Inadequate delineation due to chevrons missing. Curve warning sign

missing. Polished pavement.
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488 Polished pavement.
329 Inadequate lighting of the tunnel preceding the curve. Curve warni

joints. Inadequate delineation due to chevrons missing and faded m

.1. Crash patterns

Since crash patterns in the curves and in the tangents showed
tatistically significant differences, two different reference groups
ere used for the segments located in the curves and in the tan-

ents. For each curve, the reference group was composed of all the
urves in the study sample except the segment under consideration
325 reference curves). The same methodology was used for the
otspot located in the tangent (segment 187, with 319 reference
angents). Statistical analyses were performed with the binomial
est (see Eq. (1) in Section 2.4). The following crash types were
onsidered: ROR, rear-end, nighttime, wet road, and rainy.

In 25 out of 32 sites, crash types that were overrepresented at
he 5% level of significance were found (see Table 6). In one site, an
verrepresentation at the 10% level of significance was found. Only
ix sites did not exhibit an overrepresentation of crash patterns. In
ll of the top 16 hotspots, crash types overrepresented at the 5%
evel of significance were found.

In the hotspots, the most frequent crash patterns were wet

oad crashes, which were overrepresented at the 5% level of sig-
ificance in 21 sites (and at the 10% level of significance in one
ite). ROR crashes were overrepresented in 18 sites, rainy crashes
ere overrepresented in 14 sites, and nighttime crashes were over-

epresented in three sites. Rear-end crashes were overrepresented
n missing. Pavement unevenness due to discontinuities along the buried bridge
gs. Polished pavement.

(at the 10% level of significance) only in the hotspot located in the
tangent (segment 187, see Table 6 for further information).

Hypotheses regarding crash contributory factors were drawn
based on the identified crash patterns.

7.2. Local risk factors

The safety diagnosis was complemented by an assessment of
site characteristics and field investigations; these studies examined
how the road environment was perceived and ultimately utilized
by different road users. Furthermore, detailed site features were
observed. As a result, many local risk factors that could be cor-
rected were identified (see Table 7). The most common local risk
factors which were not detectable from the analysis of crash data
and crash patterns were (a) inadequate coordination between hor-
izontal and vertical alignment and (b) high pavement unevenness
due to discontinuities along the buried bridge joints. Segment 426
was a special case, where the curvature change was inadequately
perceived due to the presence of a small radius curve (R = 305 m)

following a larger radius curve (R = 785 m) after a short tangent
(L = 93 m). The perception problem was greatly increased by the
installation of chevrons along the tangent connecting the curves
with different radii. Furthermore, chevron spacing was the same
along the two curves and along the tangent. This is a misleading
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Table 8
Top 5% of hotspots identified using the EB method: potential countermeasures.

Segment Potential countermeasures

224 Resurfacing. Installation of high performance markings. Sag displacement.
545 Resurfacing. Curve delineation improvement.
108 Resurfacing. Installation of high performance markings. Installation of optical speed bars.
160 Resurfacing. Horizontal and vertical alignment improvement: increase of the horizontal curve radius, introduction of spiral transitions, and displacement

of the sag curve. Installation of high performance markings.
546 Resurfacing.
223 Resurfacing. Installation of high performance markings.
533 Resurfacing. Tunnel lighting upgrading. Curve delineation improvement. Installation of high performance markings.

4 Lengthening of the right turn lane. Curve delineation improvement: chevrons and sequential flashing beacons along the curve.
84 Resurfacing. Installation of curve warning signs. Curve delineation improvement: chevrons and sequential flashing beacons along the curve.

353 Resurfacing. Installation of curve warning signs. Curve delineation improvement: chevrons and sequential flashing beacons along the curve. Installation
of high performance markings.

221 Resurfacing. Buried bridge joints upgrading. Curve delineation improvement. Installation of high performance markings.
135 Resurfacing.
373 Resurfacing. Displacement of the sag curve. Installation of high performance markings.
354 Resurfacing. Installation of curve warning signs. Curve delineation improvement. Installation of high performance markings.

24 Widening of left shoulder.
222 Resurfacing. Curve delineation improvement. Installation of high performance markings.
298 Displacement of the sag curve and increase of the horizontal curve radius. Installation of chevrons and sequential flashing beacons along the curve.
159 Horizontal and vertical alignment improvement: increase of the horizontal curve radius, introduction of spiral transitions, and displacement of the sag

curve. Installation of high performance markings.
103 Resurfacing. Curve delineation improvement: chevrons and sequential flashing beacons along the curve. Buried bridge joints upgrading.
326 Tunnel lighting improvement. Installation of curve warning signs. Curve delineation improvement: chevrons and sequential flashing beacons along the

curve.
531 Resurfacing.
426 Resurfacing. Removal of the chevrons in the tangent preceding the curve. Change of chevrons spacing in the successive curves with different radius.
487 Lengthening of the entry ramp. Installation of high performance markings.
139 Resurfacing. Buried bridge joints upgrading.
246 Tunnel lighting improvement. Resurfacing. Installation of curve warning signs. Curve delineation improvement. Installation of high performance

markings. Buried bridge joints upgrading.
335 Resurfacing. Installation of curve warning signs. Installation of chevrons and sequential flashing beacons along the curve.
131 Increase of the radius of the crest curve. Installation of chevrons and sequential flashing beacons along the curve.
457 Curve delineation improvement. Installation of high performance markings. Buried bridge joints upgrading.
187 Increase of the radius of the crest curve. Resurfacing. Installation of high performance markings
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458 Resurfacing. Installation of chevrons and sequential flashing beacon
488 Resurfacing.
329 Resurfacing. Tunnel lighting upgrading. Installation of curve warnin

of high performance markings.

lue that gives road users a dangerous message about the presence
f only one curve with a constant radius.

.3. Countermeasures

Based on the results of previous investigations, identification
f countermeasures that may reduce crashes was successful in
ll of the hotspots (see Table 8). Engineering improvements that
ad been evaluated by properly conducted empirical Bayes obser-
ational before-and-after studies were preferred. For example, in
he sites where wet road crashes were overrepresented, resurfac-
ng was identified as a potential countermeasure. Indeed, Persaud
nd Lyon (2008) conducted an EB observational before-and-after
tudy and found statistically significant reductions of 31.6% in total
rashes and 65.4% in wet road crashes for rural segments; these
egments required skid resistance improvement because of a high
requency of wet road crashes and low friction numbers.

. Conclusions

Seven commonly applied HSID methods were compared against
our robust and informative quantitative evaluation criteria: the
ite consistency test, the method consistency test, the total rank dif-
erences test, and the total score test. These tests evaluated different
spects of each HSID method’s performance. The site consistency

est measures the method’s efficiency in identifying sites that show
consistently poor safety performance. The method consistency

est measures the efficiency of the HSID methods in terms of the
umber of the same hotspots identified in subsequent time periods.
he total rank differences test measures the methods’ efficiency in
g the curve. Buried bridge joints upgrading.

s. Buried bridge joints upgrading. Curve delineation improvement. Installation

identifying sites that have a small rank difference in subsequent
time periods. The total score test combines the previous tests in
order to provide a synthetic and easily readable index. For this eval-
uation, five years of crash data from the Italian motorway A16 were
used.

The quantitative evaluation tests showed that the EB method
performs better than the other HSID methods. The test results high-
light that the EB method is the most consistent and reliable method
for identifying priority investigation locations. The EB expected fre-
quency of total-crashes (EB) performed better than the EB expected
frequency of severe-crashes (EBs), although the difference was
insignificant when the number of identified hotspots increased. The
CF method performed better than other HSID methods with more
appealing theoretical arguments. In particular, the CF method per-
formed better than the CR method. This result is quite alarming,
as many highway agencies use the CR method. The PFI and EPDO
methods were largely inconsistent. The proportion method per-
formed worst in all of the tests. Overall, these results are consistent
with the results of previous studies.

The identification of engineering countermeasures that have the
potential for crash reduction was successful in all of the hotspots
identified with the EB method; this shows that the method identi-
fied hotspots that can also be corrected.

We recognize that the advantages associated with the EB
method were obtained based on data from only one Italian motor-

way and that the relative performances of the HSID methods may
change when other crash data are used. However, our study results
are very significant and are consistent with earlier findings. To gain
more confidence in the benefits of the EB method, the study should
be replicated in other countries. Nevertheless, these study results,
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ombined with previous research results, strongly suggest that the
B method should be the standard approach in the identification of
rash hotspots.
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