New Criteria for Evaluating Methods
of Identifying Hot Spots

Wen Cheng and Simon Washington

Identification of hot spots, also known as the sites with promise, black
spots, accident-pronelocations, or priority investigation locations, isan
important and routine activity for improving the overall safety of road-
way networ ks. Extensiveliteratur efocuseson methodsfor hot spot iden-
tification (HSID). A subset of thisconsiderableliteratureisdedicated to
conducting per for mance assessments of various HSI D methods. A cen-
tral issuein comparing HSID methodsisthe development and selection
of quantitative and qualitative performance measures or criteria. The
authors contend that currently employed HSID assessment criteria—
namely false positives and false negatives—ar e necessary but not suffi-
cient, and additional criteria areneeded to exploit the ordinal nature of
siteranking data. With theintent to equip road safety professionalsand
resear cher swith mor e useful toolsto compar ethe per formancesof var-
ious HSID methods and to improve thelevel of HSID assessments, this
paper proposes four quantitative HSID evaluation teststhat are, to the
authors' knowledge, new and unique. These tests evaluate different
aspects of HSID method performance, including reliability of results,
ranking consistency, and falseidentification consistency and reliability.
Itisintended that road safety professionals apply these different evalu-
ation testsin addition to existing tests to compar e the perfor mances of
various HSID methods, and then select the most appropriate HSID
method to screen road networks to identify sites that require further
analysis. Thiswork demonstrates four new criteria using 3 years of
Arizona road section accident data and four commonly applied HSID
methods [accident frequency ranking, accident rate ranking, accident
reduction potential, and empirical Bayes (EB)]. The EB HSID method
revealsitself as the superior method in most of the evaluation tests. In
contrast, identifying hot spotsusing accident raterankingsperformsthe
least well among thetests. Theaccident frequency and accident reduction
potential methods perform similarly, with slight differences explained.
The authorsbelieve that the four new evaluation tests offer insight into
HSI D performance her etofor e unavailable to analysts and resear chers.

Identifying crash hot spots (also known as siteswith promise, black
spots, accident-pronelocations, and priority investigation locations)
isan imperative step to improve the safety performance of roadway
network. Its great significance is echoed in two federal transporta-
tion hills, the Intermodal Surface Transportation Efficiency Act
(ISTEA) of 1991 and the subsequent Transportation Equity Act for
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the 21st Century, which brought hot spot identification (HSID)
squarely into transportation planning activities. In particular, ISTEA
requires each state to develop a work plan outlining strategies to
implement safety management systems (1). One of the objectives
outlined in this system requires that metropolitan planning organi-
zations, departments of transportation (DOTS), or both to undertake
the adoption of adefensible methodol ogy for identifying safety defi-
ciencies within aregion. In addition to the legislation requirement,
therearea so public pressuresto spend safety fundswisely and profes-
siond pressuresto conduct rigorous analysesand be held accountable
for generation of reliable data.

There is a fairly extensive literature focused on methods for
HSID. There are papers that discuss methods based on accident
count or frequency (2), papers that employ both accident rate (AR)
and rate quality control (3-6), and others that adopt the joint use of
accident frequency and rateto flag siteswith promise (7). To correct
for the regression-to-the-mean bias associated with typical HSID
methods (8), some researchers have suggested using the empirical
Bayes (EB) techniques (9-14). This method combines clues from
both the accident history of a specific site and expected safety of
similar sites, and has the advantage of revealing underlying safety
problems which otherwise would not be detected. Applications of
the EB techniquesinclude estimating the safety of railway—highway
crossings, signalized intersections, drivers, etc.

Rather than using overall accident frequencies at sites, some
researchers have suggested using accident reduction potential (ARP)
to identify hot spots (15-18). ARP-based methodsrest on the premise
that only “excess’ accidents over those expected from similar sites
can be prevented by applying appropriate trestments, and thus the
potential for reduction is a better method for identifying sites with
promise. Y et other researchers (19-22), using sites with large traf-
fic volumes, using total crash counts, or both have focused on crash
outcomes and pattern recognition to identify sites with promise
(e.g., asitehasgreater than expected numbersof run-off-road crashes).
Finally, there are papers that emphasize the importance of crash
severity and costs (23, 24).

Compared with the large number of studiesfocused on the devel-
opment of various HSID methods, considerably less research has
been dedicated to comparing the performance of various methods.
Persaud and Hauer (25) compared and evaluated the performances
of an EB and anonparametric method for debiasing before-and-after
analyses. The analysis of several data sets show that the Bayesian
methods in most cases yield superior estimates. Hauer and Persaud
(26) also proposed the use of fal seidentificationsto measure the per-
formances of various methods for HSID. In response to this study,
Higle and Hecht (27) conducted a simulation experiment to evalu-
ate and compare techniques for the identification of hazardousloca-
tionsin relation to crash rates. Maher and Mountain (28) also used
asimulation-based approach to compare methods, including ranking
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of sites on the basis of annual accident totals and ARP. Subse-
quent work by Cheng and Washington (29) employed several prac-
tical empirical crash distributions from the state of Arizona and
several degrees of crash heterogeneity to compare HSID method
performances and explore the optimal accident history duration in
an experiment design.

Central to comparisons of HSID isthe identification and develop-
ment of robust and informative quantitative and qualitative criteria
for evaluating such methods. To the authors' knowledge, no paper
hasreported on the criterion used for assessing HSID methods. With-
out robust and meaningful criteriafor comparing HSID methods, the
results of such comparisonsrest on ashaky foundation. Similar tothe
selection of statistical and econometric models, numerous assess-
ment criteria are needed to assess HSID methods. For example, in
linear regression, numerous goodness-of-fit statistics are used to
assessthe appeal of amodel, including adjusted R2, F-ratio, t-statistics
of model variables, signs and magnitudes of coefficients, and mean
sguare error.

This paper describes research that aims to equip road safety pro-
fessionals with more useful tools for comparing and assessing the
performances of various HSID methods and to aid in the selection
of preferred methods with confidence. Five tests are proposed (four
new) for conducting performance assessments of aternative HSID
methods. Thesefivetestsevaluate the HSID methods' performances
in different aspects: the site consistency test measuresthe efficiency
inidentifying sites that show consistently poor safety performance.
The method consistency test and thetotal rank differencestest mea-
sure the reliability and consistency of HSID methods in relation to
the number of hot spotsthat have consistent underlying safety being
identified in arelatively short period. The false identification test
and the Poisson mean differences test measure the performance in
the basis of false identification of hot spots and the corresponding
consequences that arise from erroneous identifications.

The remainder of this paper first describes the HSID methods to
be compared intheanalysis. Then, it describes and devel opsthe ana-
lytics of the five performance criteria, four of which are new. The
data, consisting of safety performance functions of nine functional
classifications of road sections, are then described. Then presented
aretheresults of acomprehensivetest of the HSID methods against
the five criteria described. The paper ends with conclusions and
recommendations.

HSID METHODS USED IN COMPARISON

Four HSID methods are commonly used in practice. These methods
includetheranking of accident frequency (AF), theranking of ARS,
theranking of ARP, and the EB method and ARP method. The details
of each of these HSID methods are now described.

The AF HSID method is straightforward. Applying this method,
aset of “similar” locations (e.g., al four-lane signalized intersec-
tionsinajurisdiction) isranked in descending order of observed AFs
(or counts, x) during a given observation period (e.g., 1 year). Top-
ranked sites areidentified as siteswith promise for further examina-
tion and possible treatment. Typically, resources are invested to
improve correctable sites from the top down until alocated funds
are expended. One disadvantage of this method is that it does not
account for the underlying (and unknown) safety of locations. For
example, it cannot distinguish between arandom versus a “real” up
fluctuation in crash counts.

The AR isthe accident count divided by traffic volume or entering
vehicle volume. Analysis methods based on AR have also enjoyed
broad applications. The AR method simply ranks road sections (inter-
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sections, etc.) according to their calculated ARs. As discussed by
Hauer (30), the use of ARs makes an implicit assumption that safety
performance functions between accidents and exposure are linear for
acollection of sites. The possible nonlinearity of safety performance
functions and the lack of an estimable coefficient for exposure (even
if the effect is linear) are the two primary arguments against using
ARs. Moreover, if exposureistreated as an independent variable and
alinear (fixed-effect) coefficient is estimated (say, in a predictive
model of crashes), then the difference between arate-based model and
afregquency-based model issimply a multiplicative constant.

The EB method for HSID has been devel oped and applied more
recently than the AF and AR methods. Thismethod accountsfor both
accident history of aspecific site and the performance or similar ref-
erence sites. It follows that safety of asite is affected by not only
some common measurable factors shared by a corresponding refer-
ence population (generally captured in a multivariate regression
model) but al so some unique characteristics associated with the site
(reflected in its accident history). The expected safety of a site is
then expressed as follows:

A = WE[A]+(1-w)x, @

wherew isaweighting factor that is calculated through the following
equation:

w= —E[k] 2
{E[A]+Va[A]}

In Equations 1 and 2, E[A] represents the expected safety of aref-
erence population, Var[A] isthe corresponding variance, and x; isthe
observed count history for site i. Hauer (31) presented two ways
to calculate the E[A] and Var[A], that is, the method of sample
moments and the multivariate regression method. Theformer oneis
relatively straightforward but produces|ess preciseresults, whereas
thelatter oneismore complicated and requiresrel atively large amounts
of accident data. In the multivariate regression method, w can be
rewritten as follows (32):

W:[H(iw)} &)

where

u = expected number of accidents per kilometer per year on
similar segments or accidents per year expected on similar
intersections,

Y = number of years of accident count data used, and

¢ = overdispersion parameter, which is a constant for a given
model and isderived during theregression caibration process.

Finaly, the ARPwasfirst introduced as the difference between the
observed accident count of a site and the expected count estimated
using a collection of reference sites, ARP, = A, — E[A] (16, 17).
Subsequently, to account for the random fluctuations associated
with observed data, Persaud (18) proposed that the EB-estimated AF
replace the observed accident counts of the specific site. In so doing,
the ARP associated with each site is calculated and sites ranked to
identify sites with promise. Appropriately substituting Equation 1,
the ARPfor sitei is expressed as follow:

ARP, = WE[A]+(1-w)x — E[A] (4)

Comparing Equations 1 and 4, one can see that the higher crash
countsin history (x) will increasethe priority for further investigation



78

of each individua site in both EB and ARP methods, whereas the
value of E[A] hasthe reverseimpact on selection of hot spots. Inthe
EB method, larger values of E[A] increase the probability that aspe-
cific location makes it on the hot spot list (because it increases the
estimate at asite), whereasinthe ARP method, larger values of E[A]
decrease the corresponding probability that asiteis selected asasite
with promise (because the potential for improvement is diminished).

EVALUATION TESTS OF PERFORMANCE
OF HSID METHODS

With the HSID methods and saf ety performance functions described
and ready for supporting the EB and ARP methods, it is now possi-
ble to describe new evaluation criteria for evaluating HSID meth-
ods. To evaluate HSID methods, prior research hasrelied solely on
the percentage of false positives (FPs), claiming a site is unsafe
when it is not; the percentage of false negatives (FNs), failing to
claim that asiteisunsafewhen it is; and the percentage of incorrect
classifications, the sum of the FPs and the FNs divided by the total.
Thispaper contends that the FP and FN measures are too coarse and
uninformative to provide adequate insight into the relative perfor-
mances of HSID methods. Specifically, these measures are binary—
asiteis either an FP or not, or an FN or not—when in fact HSID
methodsrank sitesand provide much richer information than can be
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accurately captured by the count of FPs and FNs. HSID methods
produce ordinal datathat to date have been ignored in their evalua-
tion. The additional measures described in this paper make use of
the ranking data produced using HSID (which is ignored when
FPs and FNs are used), providing greater insight into HSID method
performance.

Thefour new eval uation tests devel oped and described in this sec-
tion include the site consistency test, the method consistency test,
thetotal rank differencestest, and the Poisson mean differencestest;
in addition, the false identification test, which is not new, is also
described. Tofacilitatethe understanding of andillustrate the mechan-
ics of the new tests, a random sample of 20 principal arterial road
sections, shownin Table 1, isused. The sites are sorted with respect
toincreasing crash countsin 2000. Furthermore, the table showsthe
results of the calculations for AF, AR, EB, and ARP (by means
of Persaud’ s correction) methods. For example, Site D 20 recorded
14 crashes per kilometer per year (in 2000) and had an accident rate
of 2.197 crashes per million vehicles per kilometer per year, an EB
estimate of crashes of 4.02 crashes per kilometer per year, and an
ARP of 5.07 crashes per kilometer per year. The 20 sites are used for
illustration only: a more comprehensive and extensive analysis on
all sitesinthe Arizonadatabaseis summarized |l ater in the paper, after
the new criteria have been illustrated. These later results produce
resultsthat do not suffer from small-samplebias, asisevident inthe
sample of 20 described here.

TABLE 1 Accident Information of Sample of 20 Principal Arterial Road Sections

Period 1 (2000) Period 2 (2001-2002)

Crash Crash EB ARP® Crash Crash EB ARP® 3-Year
Site Frequency Rate? Estimated Estimated Frequency Rate? Estimated Estimated Crash
1D (AF) (AR) Crashes Crashes (AF) (AR) Crashes Crashes Mean
1 1 0.16 121 -0.03 4 0.63 2.34 1.54 1.67
2 1 0.15 0.82 0.01 2 0.31 1.84 0.12 1.00
3 1 0.16 0.76 0.09 1 0.16 114 -0.08 0.67
4 2 0.31 0.83 0.44 2 0.31 152 0.06 133
5 2 0.32 0.79 0.96 1 0.16 0.84 0.02 1.00
6 4 0.52 171 1.42 5 0.65 2.68 1.16 3.00
7 4 0.63 181 1.62 10 1.58 2.94 4.3 4.67
8 5 0.77 1.86 1.50 13 2.00 3.94 2.98 6.00
9 5 0.79 179 3.20 4 0.63 2.98 0.56 3.00
10 6 0.74 1.92 0.20 17 21 4.06 6.78 7.67
11 6 0.93 1.82 1.49 11 171 3.9 0.22 5.67
12 6 0.94 1.89 3.75 16 251 3.62 7.98 7.33
13 7 111 195 0.80 15 2.39 4.24 112 7.33
14 7 1.10 2.01 1.82 17 2.68 4.86 8.36 8.00
15 8 1.28 1.96 1.09 20 2.40 3.78 7.56 9.33
16 8 1.26 1.99 4.37 15 237 454 524 7.67
17 11 1.38 3.56 1.08 16 2.01 6.36 0.16 9.00
18 11 173 4.33 4.06 31 3.31 6.82 13.98 14.00*
19 12 1.84 3.58 4.15 28 3.38 6.86 11.78 13.33
20 14 2.20 4.02 5.07 32 3.14 8.9 18.52 15.33*

NorTE: Sites 18 and 20 are considered as truly top 10% hazardous |ocations based on the 3-year accident mean, which is assumed as the true
Poisson mean of each road section. Shaded cells represent the top 10% sections of the 20 samplesin the 2 time periods according to HSID

method.
2AR: Accidents/million vehicles’km/year.

"ARP: Accident reduction potential. The negative values result from sections whose Bayesian estimators are | ess than regression val ues of

similar sections.
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Test T1. Site Consistency Test

The site consistency test (T1) is used to measure the ability of a
HSID method to identify consistently asite as high risk over subse-
quent observation periods. The test rests on the premise that a site
identified as high risk during Period 1 should also reveal inferior
safety performance in a subsequent Period 2, given that no signifi-
cant changes have occurred at the site and given that the siteisin
fact high risk. Test T1 simply requires a comparison of the sum of
observed crashes occurring on no high-risk sites during future time
period i + 1 identified by method j (during time period i) to crashes
occurring at high-risk sites (in time period i + 1) identified by other
possible HSID methods. In equation form, thiscomparisonisgiven as

Tl= z Ck,mahod:j(i),i+1> 2 Ck,mahod¢j,i+1 ®

k=n-na. k=n-nao.

where

n = total number of sitesbeing compared (e.g., crashesoccurring
on n= 100 rura signalized intersections),

C = crash count for site ranked sitek,

o = threshold of identified high-risk sites (e.g., o = .05 corre-
sponds with top 5% of n sitesidentified as high risk, and no. =
number of identified high-risk sites),

j = HSID method being compared (e.g., j = 1 could be the AF
method, j = 2 the AR method, etc.), and

i = observation period (e.g., i =2000, i + 1 =2001). In thiscom-
parison, the method j that identifies sites in a future period
with the highest crash count is the most consistent method
for identifying underlying safety problems.

Toillustratethistest, consider the small sample of datapresentedin
Table 1. The AF and AR methodsidentify the same top 10% (o = .10)
of the sectionsduring 2000, Sites 19 and 20. The crash counts of these
same sites during 2001 to 2002 are 60 (28 + 32). The EB method
identifies Sites 18 and 20 as high risk in 2000, while thetotal crashes
in Period 2 at these sites are 63 (31 + 32). The ARP method identi-
fies Sites 16 and 20, whose total crashes during 2001 and 2002 are
47 (15 + 32). Thus, comparing the performance of all methods with
this test, the EB method performs best (based on this small sample
used for illustrative purposes). In other words, the EB method iden-
tified sitesin Period 1 with the highest crash counts also observed in
Period 2, or sites with the most consistent poor safety record.

Test T2. Method Consistency Test

InTest T1 just discussed, crash countsin Period 2 are used asabench-
mark to compare different HSID methods. The underlying assumption
isthat theidentification performance of the HSID methodsisrevealed
through the safety performance of the corresponding identified hot
spots. The method consistency test (T2), in contrast, is designed to
evaluate a method's performance by measuring the number of the
same hot spotsidentified in both periods. Inasmuch asthe two periods
arecloseintime, itisassumed that road sectionsarein the same or sm-
ilar underlying operational states (similar traffic volumes, driver pop-
ulations, geometric designs, weather fluctuations, etc.) and that their
expected safety performance remains virtually unaltered over the two
periods. Under this homogeneity assumption, a good HSID method
will identify the same set of hot spots across two periods. The greater
the number of hot spots that are identified in both periods, the more
reliable and consistent is the performance of HSID method.
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Analytically, Test T2 is simply the intersection of ranked sites k
identified in subsequent time periodsi and i + 1 that are high risk, or

T2] = {knfnoﬂ knfncul' ey kn}j,i r-\{knfnou knfnoul’ ey kf]}j’i+1 (6)

Only sitesidentified in the top threshold o are compared.

In thistest, the intersection of sitesidentified as high risk in two
subsequent periods is compared over methods j = 1 to J, and the
method yielding thelargest intersection of sitesissaid to be the most
consistent.

Inareview of Table 1 for the AF method, Sites19 and 20 and Sites
18 and 20, respectively, are selected asthetop 10% of the hot spotsin
thetwo periods; the number of consistent sitesisthus one, or, Site 20.
For the ARP method, the hazardous sections are Sites 19 and 20 and
Sites 18 and 19, respectively. In similar fashion, the number of hot
spotsidentified by the EB and the ARP methodsis one as well.

Test T3. Total Rank Differences Test

In Test T2, the number of consistently identified hot spots common
to both periods is used to measure a method' s reliability. Test T3,
the total rank differences test, building on Test T2, takes into
account the rankings of safety performances of road sectionsin the
two periods. To illustrate, a group of 100 road sectionsis consid-
ered; among them there is one site whose AR ranksfirst in Period 1
and ranks 10th in Period 2. If the top 10 sites are identified as hot
spots, then the AR method has identified asite in both periods even
though the rankings have changed between periods. Test T3 is pro-
posed to account for the rankings. Thetest is conducted by cal cul at-
ing the sum of total rank differences of the hazardous road sections
identified across the two periods. The smaller is the total rank dif-
ference, the more consistent isthe HSID method on thistest, reflect-
ing consistent ranking of sites across periods. In comparison with
the other tests, this test is based on the assumptions that no safety
treatments are implemented on the road sections and that the under-
lying safety of the road section during the two periods is constant.
Hence, it is of great importance to ensure that all data outliers (i.e.,
road sections treated during Period 2) have been identified and
removed when conducting this test.
In equation form, thistest statistic is given as

n

T3 = k;ﬁ(m(kj,i )= %R(k;0)) (7

where R istherank of sitekin period i for method j. The difference
inranksissummed over all identified sitesfor threshold level o for
periodi.

InTable1, thetop 10% of the sections—Sites 19 and 20—identified
by the frequency method (based on data in Period 1) possess the
19th and 20th rankings of AFin Period 1 and the 18th and 20th rank-
ings in Period 2; the total ranking difference of AF asaresultis 1
(19— 18+ 20— 20). In contrast, for the ARP method, the hazardous
sections, Sites 16 and 20, have the rankings of 19th and 20th in
Period 1 and 13th and 20th in Period 2, and the resultant total ranking
differenceis6.

False Identification Test

False identifications consist of FNs (i.e., the truly hazardous sites
mistakenly considered as safe) and FPs (i.e., the truly safe sites
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wrongly viewed as hazardous). Asthe nameimplies, thistest counts
false identifications to assess the performances of various HSID
methods. The false identification test is not new and has been used
in previous research (27, 33). An important concern of this test is
how to identify the “truly” hazardous and “truly” safe locations. In
other words, cal culation of falseidentification test statisticsrequires
that truth beknown apriori. Itisthisfact that justifiesthe use of sim-
ulated data for comparing HSID methods, and in fact historical data
cannot be used with reliability. To satisfy this requirement in this
analysis, the mean of 3 years of accident data is used as the true
Poisson mean (TPM) of the road section; thereby, road sectionswith
higher TPMsare assumed to betruly hazardouslocationsinthissim-
ulation (inreal data, the sitesthat aretruly hazardous are unknown).
Therelatively small sample of data(3 years) isacaveat for theresults
presented in this paper, and more accurate results may be obtained
withlonger crash histories. (However, thereisarisk with longer crash
histories in that the homogeneity assumption becomes threatened
due to changes in pavement conditions, vehicle fleet, surrounding
land uses, etc.)

Thefalseidentification test consists of asequence of steps similar
to those used in previous research (29). First, the TPM cumulative
distributions of each roadway classification are divided into truly
hazardous locations and nonhazardous locations by using various
specified separation thresholds. Generally, if theroad sectionswithin
thetop x% of TPMs are viewed as truly hazardous, then the separa-
tion threshold of 1 —x% isused. Second, thefour HSID methods are
applied as usua to identify hot spots. For the truly hazardous sites
(the road sections within the top x% of TPMs), if their associated
safety performance(i.e., AF, AR, EB-estimated accidents, and ARP)
rank lower than the top x%, then FNs are produced. Similarly, for
the collection of truly nonhazardous locations, when the correspond-
ing safety performance ranks higher than the top x%, FPsresult. The
number of falseidentificationsisthe sum of the number of FNsand
FPs. Finally, false identifications across classifications of road
sections in both periods are tallied and reported.

In Table 1, the column titled 3-Y ear Crash Mean represents the
TPM of each road section. From the ranking of these TPMs, it is
known that Sites 18 and 20 are hazardous locations, and therest are
truly safe sites. For the AF, in Period 1, one of the truly hazardous
sites (i.e., Site 18) iswrongly identified as safe because its recorded
accident count of 11 ranks lower than the top 10% among the 20
accident countsin Period 1. In Period 2, the two sites are correctly
identified. Thus, the number of FNsfor the AF in both periodsis 1.
Similarly, the truly safe Site 19 in Period 1 is mistakenly identified
as hazardous, and the number of FPs for the AF in both periodsis
also 1. The corresponding number of total false identifications is
then 2. In comparison, for the AR, Site 18 in Period 1 (the associ-
ated rateis 1.73) and Site 20 in Period 2 (the associated rate is 3.14)
arewrongly identified as safe, so the total number of FNsin thetwo
periodsisthen 2. It is easy to calculate that the number of FPs and
identifications are 2 and 4, respectively. The EB and ARP methods
follow the same logic to compute the erroneous identifications.

Test T4. Poisson Mean Differences Test

The false identification test just discussed uses the number of FNs
and FPs to assess the performances of various HSID methods. One
disadvantage of thistest isthat each false identification is weighted
equally. This disadvantage can be seen through a simple example.
If asite with a TPM (underlying true safety) of 15.6 is wrongly
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selected for treatment instead of one with a TPM of 15.7, the error
isredlly rather small, wheress, if asitewithaTPM of 5.7 is mistak-
enly selected instead of one with a TPM of 15.7, the error is much
more significant. An HSID method that makes the first error might
be preferred over one that makes the second. The TPM differences
associated with the two false identifications are 0.1 and 10, respec-
tively, a relatively large difference. To obviate this drawback, a
Poisson mean differencestest (T4) isdevel oped to differentiate var-
ious false identifications and to quantify more clearly the adverse
consequences that result from erroneous identifications of unequal
importance. Thetest statistic isthe sum of the absol ute difference of
TPMs associated with the falsely identified sitesand critical TPMs,
which separate the truly safe and hazardous locations. In numerical
form, thetest is

n

T4, = z (lTPMk.j,il_lTPMk.j.i+1

i

) ®)

k=n-not

Thistest requiresthat “truth” be known, soitisuseful only when
HSID methods are being compared in a simulated environment.
Some comparisonsin theliterature have been done on field dataand
so could not apply thistest; in those cases, the previous tests should
be used. In this simulation experiment, the truth isknown by design
and so this test can be applied.

Table 1 shows that the critical TPM of the top 10% truly haz-
ardous road sectionsis 14. The falseidentification test results show
that the AF resultsin one FN (Site 18) and one FP (Site 19) in the
two periods. Thus, the TPM differences of FNs and FPs of the AF
are 0 and 0.67 (absolute value of 13.33 — 14), respectively. A value
of 0 is obtained because the TPM of the FN (Site 18) is used asthe
critical TPM. This effect diminishes quickly as the number of FNs
increases. Thetotal TPM differencesof falseidentificationsarethen
0.67 (0 + 0.67), whereas, for the ARP, Site 18 in Period 1 and Site
20 in Period 2 are FNs and Site 19 in both periods are FPs, so the
relative TPM differences of FNsand FPs are 1.33 (15.33 — 14 + 0)
and 1.34 (0.67 * 2), respectively, and the total TPM difference of
falseidentificationsis 2.67 (1.33 + 1.34). With the same procedure,
the TPM differences of FNs, FPs, and false identifications for the
EB and the ARP methods are 0, 0.67, and 0.67, respectively.

DATA DESCRIPTION

Data used for comparing HSID methods by means of the new crite-
riaand for developing safety performance functions (SPFs) needed
to apply the EB and ARP methods were obtained from the Arizona
DOT. The data consisted of both highway and accident data. The
highway data contained information on functional classification,
speed limit, section length, pavement type, and thelike. The accident
data contained detail ed accident information, such as accident loca-
tions, accident times, prior events, involved vehicles, and so on. For
each of the 3 yearsfrom 2000 to 2002, accident data were extracted
for road segments, and i ntersection-rel ated accidentswere excluded.

For the purpose of comparing aternate HSID approaches, the 3-year
accident data were separated into two periods, Period 1 (Y ear 2000)
and Period 2 (Y ears 2001 and 2002). Within the state of Arizona, the
highway system isdivided into reference sections generally delimited
by intersections; thus, the road section lengths vary. To make road
sections comparable, the four HSID methods were applied on the
basis of accident density (i.e., accidents per kilometer)—equivalent
to an offset effect for length. Thus, the AF method uses accidents
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TABLE 2 Functional Classification Codes

Rural Urban
Code  Description Code  Description
1 Principd arterid—Interstate | 11 Principal arterial— nterstate
2 Principal arterial—other 12 Principal arterial—other
6 Minor arterial freewaysand
. expressways
7 Major collector o )
) 14 Principal arterial—other
8 Minor collector . .
16 Minor arterial
9 Local
17 Collector
19 Local

per kilometer-year toidentify road sections, the AR employsaccidents
per million kilometers to flag dangerous sections, and EB and ARP
methods rely on accidents per kilometer.

As discussed earlier, safety performance functions are required
when the EB and the ARP methods are being assessed. Because
design criteriaand level of service vary according to the functional
classification of the highway, the SPFs (based on Y ear 2000 accident
data) are devel oped by roadway classification. Thefunctional classi-
fication of roadways and corresponding codes used in the database
are shownin Table 2.

Summary information for roads of various functional classifica-
tionsis shown in Table 3 and includes total section lengths of each
classification, total accidents, and the like. Shown is the number of
road sections—2, 10, and 3, respectively—for the three classifica-
tions, rural local (9), urban collector (17), and urban local (19). Due
to small sample sizes, SPFs for these three classifications of road
sections are not modeled in this paper.

DEVELOPMENT OF SPFS

SPFsshould not bejudged on their ability to explain the causal factors
related to accident occurrence. The main purpose for developing
these functions is to provide the expected accident counts for spe-

TABLE 3 Statistics for Roads of Various
Functional Classifications

Functional Number of  Total Accidents Average
Classification  Sections Lengths(km)  (2000-2002) AADT

1 403 996.1 8,122 23,810
2 441 1,1151 7,012 7,603
6 436 1,132.1 5,261 5,483
7 628 1,856.1 5,285 2,637
8 100 365.4 416 684
9 12 221 29 3,194
11 207 171.6 11,999 106,338
12 165 199.5 9,557 95,931
14 429 270.6 9,685 17,407
16 164 139.7 2,282 11,499
17 10 75 136 4,144
19 3 44 13 433

Norte: Functional classification codes are provided in Table 1.

81

cific types of road sections that are required to apply the EB and
ARP methods; thus, the focus is on crash prediction, not explana-
tion. Dueto overdispersion of accidents observed on various classi-
fications of road segmentsin Arizona, negative binomial regression
models werefit to generate SPFs.

To remind the reader, the advantage of using anegative binomial
model (34) to model the distribution of crash frequenciesisthat the
Poisson distribution restricts the mean and the variance to be equal
[E(y)) =Var(y)]. When thisequality doesnot hold (statistically), the
dataare said to be underdispersed [E(y;) > Var(y;)] or overdispersed
[E(y) < Var(y))]. The negative binomial model allows for over-
dispersion in that the mean of Poisson counts over sitesii isitself
gamma.distributed and has the following form:

A, = EXP(BX +¢€,) = EXP(Bx ) EXP(,) )

where EXP(e;) is a gamma-distributed error term with mean 1 and
variance 0.2. The addition of thisterm allows the variance to differ
from the mean as shown in Equation 10:

Var[y,] = E[y][1+0E[y] = E[y,] + oE[y,]]" (10)

It isknown that many highway elements (e.g., speed limit, geom-
etry, and surrounding land uses) vary significantly acrossfunctional
classifications. Accordingly, SPFs were created for nine functional
classifications of roads. The model functional form used for the
SPFsisgivenas

A = o EXP(SL)B * (AADT)" 11

where SL is the independent variable representing the road section
length and o, 3, and vy are estimated parameters. SL is never zero,
and so it is not technically problematic to have a nonzero predic-
tion for the case when SL = 0. Hence, the model form including an
intercept is used to develop the SPFs.

Two goodness-of-fit methods were used to assess fit of SPFs
(see 34). The RS statistic (similar to R in linear regression) based on
standardized residualsis computed as

2
R=1-—- - VR, . (12)
5]
=R
where the numerator is similar to a sum of square errors and the
denominator is similar to atotal sum of squares. A second method

for assessing mode! fit is the G? statistic, for which a better-fitting
model will yield smaller G? values. G? is calculated as

3]

The results of SPFs for the nine classifications of road sections
areshown in Table4, including the estimated coefficient val ues, the
associated t-statistics, the overdispersion parameter, and measures
of goodness of fit. It isknown that all the independent variables are
significant with 95% confidence and that the sign and magnitude of
the modeled effect agrees with theoretical expectations of the acci-
dent process. Some important factors not considered in the models
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TABLE 4 Summary of Safety Performance Function Model Results

Estimated Parameters

Goodness of Fit

Functional

Classification I ntercept SL Ln (AADT) Dispersion R? G?

1 ~0.5065(-11.5175)  0.2583(18.1505)  1.0427 (13.1583) 3.1840 05396 12306
2 ~3.9588 (~5.1830) 01912 (14.5189)  0.5493 (6.5847) 45573 03947 18733
6 —6.2632 (-11.5879) 0.2297 (18.2387) 0.7995 (13.3474) 3.2221 0.6319 1,380.6
7 —2.5743 (~5.3246) 0.1955(16.9021)  0.3518 (5.7967) 41135 04026 20586
8 ~2.3758 (~2.1318) 0.2201 (6.6748) 0.2041 (2.2062) 1.7539 0.3950 1415
11 ~150635(-11.9517)  0.6413(11.0918)  1.4893 (14.4197) 9.8268 07196  1,7395
12 ~16.3219 (-5.6998) 0.1155 (8.5783) 1.6289 (6.7093) 9.7150 03374 19463
14 ~10.1915 (~7.8556) 0.8251 (8.9443) 1.1243 (8.7093) 10.3190 05672 36465
16 —~7.7549 (~5.2006) 0.7031 (8.1219) 0.8642 (5.6913) 4.9392 04711 6814

NortEe: SL: Variable of road section length (km). Ln(AADT): Logarithm transformation on variable AADT. Functional classification code
isillustrated in Table 1. Values shown in parentheses represent t-statistic values associated with various independent variable coefficients.

(e.g., human factors, number of lanes, weather, human error, etc.)
probably result in the relatively small R5 statistic values associated
with some SPFs.

TEST RESULTS

The five tests described previously (new Tests T1 through T4 and
the existing false identification test) are used to assess the relative
performance of four commonly applied HSID methods described in
thefirst section.

The evaluation experiment uses the following procedure, which
closely mimics how reactive safety management programs are
conducted in practice:

1. Road sections (intersections, ramps, two-lanerural roads, etc.)
are segregated so that the safety of similar sites can be fairly com-
pared. Inthisevaluation, theanalysisisbased on the analysisof nine
functional classifications of road sections.

2. For each HSID method, similar road sections are sorted in
descending order of estimated safety (noting that the four HSID
methods rank sites according to different criteria).

3. Sectionswith the highest rankings are flagged as hot spots (in
practice these siteswill befurther scrutinized). Typically, athreshold
is assigned according to safety funds available for improvement,
such asthetop 10% of sites. Inthisevaluation, both thetop 10% and
5% of the locations are used as experimental values.

The test results described in the following sections and shown in
the associ ated tables are the accumul ated results based on assessment
of four HSID methods using five test statistics for nine functional
classes of roadsin Arizona. The reader wishing more detail on this
analysiscan refer to the full report (33). Theresultsare discussed in
relation to the HSI D methods performance on thefive statistical tests.

T1 Site Consistency Test Results

From Test T1, it is shown in Table 5 that the AF method out-
performsother HSID methodsin identifying the top 10% of hot spots
with highest average accidents, 9,611, in Period 2, followed closely
by the EB method. The EB method performs best in identifying the
top 5% of hot spots, with 6,377 accidents occurring at high-risk sites

identified in 2000. The ARP performs the worst in both cases, with
theidentified hot spots experiencing thelowest number of accidents,
say, 7,556 and 4,313, respectively (although the ARP is based on
reduction potential, so the total count can be misleading). The AR
method also performs poorly, as the sites identified by this method
in 2000 produce quite afew accidents in the 2001-to-2003 period.

T2 Method Consistency Test Results

Table 6 showsthe number of similarly identified hot spotsidentified
by aternate HSID methods over the two periods. The EB method is
superior inthistest by identifying the largest number of the same hot
spots in both cases of o = .90 and o = .95, with 167 and 71 sites,
respectively. In other words, the EB method identified 167 sitesin
2000 that were a so identified as hot spotsin 2001 to 2003. The AF,
which performs dlightly better than the ARP method, places 2nd
with identifying 148 consistent hot spots (in the case of o =.90) and
63 consistent hot spots (in the case of oo = .95). The ARP performs
last, with thelowest number of consistent hot spotsidentified inthetwo
periods. Again, the EB method outperforms the other HSID methods.

Also shownin Table6 are differences between percentages (shown
in the parentheses) of Column 2 and Column 3 for the four methods.
There is a consistent drop in percentages as threshold values drop.
The explanationisthat thetop sites suffer from greater random fluc-
tuationsin crashes, and thusthe higher isthethreshold, thelarger are

TABLE 5 Accumulated Results of Site Consistency Test
(Test T1) of Various Methods for All Classifications of Highways

o.=0.90 o=0.95
Average Average

Accidents Accidents Accidents Accidents
Method 2000 2001-2002 2000 2001-2002
AF 8,276 9,611 5,639 6,303
AR 6,899 7,556 4,257 4,313
EB 8,123 9,603 5,399 6,377
ARP 7,314 8,450 5,611 6,260

Note: ARP—Method of Accident Reduction Potential. oo = 0.90 and o. = 0.95
represent the cases of top 10% and 5% hazardous sections.
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TABLE 6 Accumulated Results of
Method Consistency Test (Test T2) of
Various Methods for All Classifications

of Highways

Method a=0.90 a=0.95
EB 167 (56.0%) 71 (47.3%)
AF 148 (50.0%) 63 (42.0%)
AR 131 (44.0%) 49 (32.7%)
ARP 139 (46.6%) 59 (39.3%)

NoTE: oo = 0.90 and o = 0.95 represent the
cases of top 10% and 5% hazardous sections.
The number represents locationsidentified by
methods in both periods, the percent shown
in parenthesis stands for the percentage of
consistent hot spots, or the percentage of hot
spotsidentified in 2000 that were also
identified in 2001, 2002, and 2003.

therandom fluctuations and the likelihood of not being identified in
aprior year.

T3 Total Rank Differences Test Results

Table 7 illustrates that the EB method is vastly superior in Test T3.
In both the oo = .90 and o = .95 cases, the EB method has signifi-
cantly smaller-summed ranked differences, by about 50% compared
with the AF, 80% compared with the ARP, and by more than 100%
compared with the AR. This result suggests that the EB method is
the best HSID method (of the four evaluated here) for ranking sites
consistently from period to period.

False Identification Test Results

Review of Table 8 revealstheresults of the false identification test,
which has been presented elsewhere (29). First, the percentage of
FNs and FPs show an inverse relationship with o for the four HSID
methods. Theformer decreaseswith increasing o, whereasthe | atter
increases. This phenomenon suggests that stricter identification
criteria (higher o) will result in fewer failures to select truly haz-
ardous sites for remediation but will lead to a larger number of
nonhazardous locations identified as hazardous. Second, the false
identifications interestingly tend in the same direction as the FNs
with the increase of the value of o.. The most probable explanation
for this phenomenon is that the relatively small number of FNs can
lead to more FPs and then reduce the efficiency of theinvestment of
local governments.

TABLE 7 Accumulated Results
of Total Rank Differences Tests
(Test T3) of Various Methods for
All Classifications of Highways

Methods o=0.90 o=0.95
EB 17,851 10,349
AF 29,602 15,357
AR 34,869 21,212
ARP 32,601 18,787
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TABLE 8 Accumulated Results of False
Identification Test of Various Methods for All
Classifications of Highways

Method 0.=0.90 0=0.95
EB FN  153(2.9%) 94 (1.7%)
FP  153(25.6%) 94 (31.3%)
Fi 314 (5.1%) 188 (3.2%)
AF FN 152 (2.8%) 91 (1.6%)
FP  152(25.5%) 91 (30.3%)
Fi 304 (5.0%) 182 (3.1%)
AR FN  333(6.2%) 199 (3.5%)
FP  333(559%) 199 (66.3%)
Fi 666 (11.2%) 398 (6.7%)
ARP FN 226 (3.4%) 174 (2.7%)
FP  226(30.9%) 174 (50.7%)
Fi 452 (6.2%) 348 (5.1%)

Note: FN = false negatives; FP = false positives;

FI = falseidentifications. The number shown in thetable
isfaseidentifications; the percent in the parenthesisis
the corresponding percentage. FN% is defined as the
number of FNs divided by the number of sites viewed
as safein various periods; FP% is defined as the number
of FPsdivided by the number of sites viewed as safein
various periods; FI% is defined as the number of Fis
divided by al the number of sites.

In Table 8, the AF appears to top other alternative methods by
yielding both the lowest number and rate of FPs and FNs. The EB
method trails closely behind the AF, with slightly more (about 1%
to 3%) falseidentifications. The ARP method remainsin third place,
followed by the AR, which generatesthe highest fal seidentifications
in both the oo = 0.90 and o = 0.95 cases.

Asmentioned earlier, the results shown in thistest should beinter-
preted with care due to the relatively small accident history (3 years).
Fortunately, aformer study (29) used along accident history by sim-
ulating 30 years of data. The results of this prior analysis showed
that the EB method consistently outperformed the AF in almost
every situation. In consideration of thisprior result, it isplausible to
expect that the advantage of the AF in thistest would diminish with
longer accident histories and would be surpassed by the EB method.
Regardless, the EB and AF methods perform similarly with thistest.

T4 Poisson Mean Differences Test Results

It should be recalled that Test T4 measures the absolute difference
in TPM across periods. Large differencesin Test T4 represent large
differences in ranking across periods and are less desirable (than
small differences). Table9illustratesthat the AF performsbest, fol-
lowed by the EB method, followed by the ARP method, and last the
AR method (which is significantly worse than all other methods).
Theresultsagree with intuition and logic that total TPM differences
are positively related to the number of false identifications. The
greater isthe number of falseidentifications, the greater arethetotal
TPM differences.

DISCUSSION AND CONCLUSIONS

Three years of road section accident datafrom the State of Arizona
were used to compare aternate HSID methods, including the AF,
the AR, the ARP, and the EB methodsfor identifying hot spots. Five
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TABLE 9 Results of Poisson Mean Differences
Test (T4) of Various Methods for All Classifications

of Highways

Method o=0.90 o =0.95

EB FN 1,141.5 (7.46) 1,097.3 (11.67)
FP 1,271.3(8.31) 1,169.7 (12.44)
= 2,412.8 (7.68) 2,267.0 (12.06)

AF FN 1,041.4 (6.85) 858.9 (9.44)
FP 1,279.0 (8.41) 1,168.8 (12.84)
= 2,320.4 (7.63) 2,027.7 (11.14)

AR FN 4,164.7 (12.54) 3,175.5 (15.96)
FP 2,549.4 (7.66) 2,378.2 (11.95)
= 6,714.1 (10.08) 5,553.7 (13.95)

ARP FN 1,047.5 (4.63) 1,017.0 (5.84)
FP 1,465.6 (6.48) 1,358.5 (7.81)
= 2,513.1 (5.56) 2,375.5 (6.83)

NoTE: Vauesin parentheses represent average true Poisson
mean differences per erroneous identification.

evaluation tests—four new ones and one that has been used in past
research efforts—are applied to evaluate the performance of thefour
HSID methods. The tests applied include the site consistency test
(T1), themethod consistency test (T2), thetotal rank differencestest
(T3), the false identification test, and the Poisson mean differences
test (T4). Theintended use of these methodsis akin to the selection
of statistical models by which multiple criteriaare used to select the
“best” model, including adjusted R?, F-ratio, t-statistics of model
variables, signs and magnitudes of coefficients, and mean square
error. Asin statistical modeling, a model will not be best among all
criteria, and the analyst must compare models against aset of criteria
and subjectively choose the most appealing model.

These four new tests are argued to offer improved ability (a) to
evaluate HSID methods versus comparing FPs and FNs and (b) to
provide additiona criterion on which to gauge the performance of
HSID methods. The four new tests evaluate dimensions of HSID
methods heretofore not acknowledged and provide tools for evaluat-
ing future HSID methods against one another. Thefour new methods
areunique and represent acontribution to the understanding and eval -
uation of HSID methods that are integral to safety management pro-
grams. All themethods rest on the assumption that in adjacent periods
safety has not changed as aresult of interventions or significant road
user changes, traffic, and like. Tests T1 through T3 can be used to
evauatefield or simulated data (wheretruth is known), whereas Test
T4 can be used only on simulated data (where truth is known).

From a practical perspective, four commonly applied HSID
methods were evaluated by using the new criteria against a subset
of Arizona crash data for nine functional classifications of roads.
After evaluation of these four methods, the following conclusions
are drawn:

e The AF method outperforms the other three HSID methods on
the Test T1 (site consistency), followed very closely by the EB
method. That is, the AF and EB methodsidentify sitesin Period 1 that
produced the highest number of crashesin Period 2, demonstrating
good consistency. The AR method performed the worst.

e The EB method is superior to the other three methods for the
Test T2 (method consistency). That is, the EB method consistently
identified a larger intersection of sites across observation periods.
The AF and the AR method follow the EB method in second and in
third place, respectively, while the ARP method performed worst.
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e Compared with the Test T2 (method consistency), the Test T3
(total rank differences) revealed pronounced benefits associated
with the EB method. The EB method outperformed all competing
HSID methods by a wide margin on this criterion, showing great
consistency in ranking sites across observation periods. The AR
method performed the worst by alarge margin.

¢ |n the false identification test, the AF slightly outperforms the
EB method, with fewer false identifications, although the differ-
encesare small. Again, the AR method performed the worst against
this criterion.

e Theresultsof Test T4 (Poisson mean differences) aregenerally
positive relative to the number of false identifications examined in
the false identification test. The greater is the number of false iden-
tifications, the greater are the false TPM differences. The best-
performing HSID method on thiscriterionisthe AF, followed by the
EB, and thenthe ARP, which differed in performance by at most 10%.
The AR method performed significantly worse, with a differences
aslarge as 300%.

e Qverall, the five tests reveal that the EB method is the most
consistent and reliable method for identifying hot spots. Although it
was not the best on all measures, in the casesin which it was not the
best, it was always similar in performance to the best. On other cri-
teria, the EB outperforms other methods by a wide margin. This
evaluation suggests that the EB method (of the methods compared)
should remain or become the industry standard.

e |n contrast, the AR method performed consistently the worst.
Thisresult isquite aarming, asmany agencies use thismethod due to
itssmplicity for ranking hot spots. Infact, the AF method is better than
the AR method in many cases and would be a better choice than the
AR. Theseresultsdiscouragethe use of the AR method for identifying
hot spots.

The results observed in this paper require some caveats. First,
only two independent variables are included in the safety perfor-
mance functions, and as a result, the functional forms might not be
appropriate in some cases. Second, the advantages associated with
the EB method are obtained based on Arizona accident data, and the
relative performances of HSID methods may change when other
accident datais used (thisresult is possible but not expected).

Itisintended that road safety professionals can apply thefivetests
described here to compare the performance of current and future
proposed HSID methods. Thetests are meant to provideinsight into
dimensions of hot spot identification that have heretofore not been
exploited.
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