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Introduction: This paper investigates the Empirical Bayes (EB) method and the Highway Safety Manual
(HSM) predictive methodology for network screening on low-volume roads in Oregon. Method: A study
sample of around 870 miles of rural two-lane roadways with extensive crash, traffic and roadway infor-
mation was used in this investigation. To understand the effect of low traffic exposure in estimating the
EB expected number of crashes, the contributions of both the observed and the HSM predicted number of
crashes were analyzed. Results and Conclusions: The study found that, on low-volume roads, the predicted
number of crashes is the major contributor in estimating the EB expected number of crashes. The study
also found a large discrepancy between the observed and the predicted number of crashes using the HSM
procedures calibrated for the state of Oregon, which could partly be attributed to the unique attributes of
low-volume roads that are different from the rest of the network. However, the expected number of
crashes for the study sample using the HSM EB method was reasonably close to the observed number
of crashes over the 10-year study period. Practical Applications: Based on the findings, it can still be very
effective to use network screening methods that rely primarily on risk factors for low-volume road net-
works. This is especially applicable in situations where accurate and reliable crash data are not available.

� 2021 National Safety Council and Elsevier Ltd. All rights reserved.
1. Introduction

Maintaining safety on the highway system has become the
leading priority for most highway agencies in the United States.
Therefore, almost all state agencies employ safety management
programs that aim to improve safety at the network level on an
ongoing basis, by implementing safety improvements at sites
throughout the network. Historically, these programs have used
crash data in identifying sites that are more deserving of fur-
ther consideration, and thus become candidates for safety
improvement projects. The underlying principle is to maximize
the potential safety benefits at treatment sites, leading to a
maximum return on expended safety funds. These conventional
‘‘hot spot” methods using crash history alone have obvious lim-
itations when used for network screening on Low-Volume
Roads (LVRs). Specifically, low volumes on these roads typically
lead to the rare and sporadic nature of crash occurrence on LVR
networks. Further, many of these roads were built to lower
standards (usually lower functional classes), which could
increase crash risks (i.e., the likelihood of crash occurrence on
these roads). Therefore, using roadway characteristics associated
with crash risk (a.k.a. risk factors) along with crash history is
believed to be a more appropriate approach for screening safety
improvement sites on LVRs.

In the last couple of decades, and particularly after the introduc-
tion of the Highway Safety Manual (HSM) in 2010 (AASHTO, 2010),
crash prediction methods, with and without the use of crash data,
have found increasing use by safety professionals in practice. One
of the methods that utilizes crash prediction along with crash his-
tory is the well-known Empirical Bayes (EB) method. This method
is also outlined in the HSM and is considered the gold standard in
conducting safety analyses. The use of the method can be for net-
work screening purposes as well as for investigating safety at
specific sites (e.g., before-after analyses, examining alternative
safety projects at specific sites). This method incorporates the
use of roadway characteristics and crash history in estimating
the expected number of crashes at any specific site in the highway
network.

The objective of the current research is to examine the effec-
tiveness of using the EB method for LVR network screening pur-
poses. While there have been many published studies on the
application of the EB method, the majority of those studies are
related to primary higher-volume routes, and none of these studies
were concerned with network screening on LVRs, which often
belong to the lowest class in the highway classification hierarchy.
It is expected that findings from the current investigation would
help in assessing the effectiveness of using the EB method on LVRs
and potential limitations. They may also provide insights that help
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in developing new (and more practical) methods for network
screening on LVRs.

While there is no consensus on the definition of low volume
roads (LVRs) in practice, this study used the Annual Average Daily
Traffic (AADT) of equal or less than 1,000 vehicles per day as the
criterion for identifying LVRs. This same criterion has been used
by a few other studies in the literature (Ewan et al., 2016; FHWA,
2009; Gross et al., 2011).

2. Background

The EB method outlined in the Highway Safety Manual (HSM)
(AASHTO, 2010) is revered as the ‘‘gold standard” method for
safety analysis by professionals and researchers across the United
States. While a significant number of studies exist in the literature
that assessed the safety benefits of various safety countermeasures
using the EB method, only a few studies investigated the use of the
EB method for the purpose of network screening, which is the focus
of this review.

Elvik (2008) investigated the predictive capability of the EB
method. Two periods of crash data from the national highways in
Norway were used in this study. No major updates or changes in
the roadway study sample had occurred in between these two
periods. The first period crash data were used for crash predictions,
while the second-period crash data were used to check for predic-
tion accuracy using the EB method. This study found that the EB-
approach of crash prediction is more accurate than the traditional
crash history-based approaches.

A study in Italy (Montella, 2010) compared the performance of
different network screening methods based on a set of criteria. The
criteria included efficiency in identifying sites with poor safety
performance, reliability in identifying hazardous sites in subse-
quent time periods, and ranking consistency. The crash frequency,
equivalent property damage only (EPDO), crash rate, proportion
method, EB estimate for total crash frequencies, EB estimate for
severe crash frequencies, and the potential for improvements
(PFI) were analyzed. Crash data from an Italian motorway was used
in this investigation. The study found that the EB methods outper-
formed all the other methods investigated by this study. It was also
found that the EB method for the total crash frequency performed
slightly better than the EB method for the severe crash frequency.

Another study in Italy (Cafiso & Di Silvestro, 2011) used simu-
lated data to check the performance of the different hotspot iden-
tification methods. The EB estimation, potential for safety
improvement (PSI), observed crash frequency and crash rate were
evaluated. This study also found that the EB and the PSI methods
performed significantly better than the crash frequency and the
crash rate methods in identifying hazardous sites.

A study in the United States (Manepalli & Bham, 2016) also
evaluated the performance measures for different hotspot identifi-
cation methods by using crash frequency and crash severity mea-
sures. The EB method for total crash frequency and the EB
method for severe crashes (injury and fatal crashes only) along
with other methods like the crash factor measure (CFM), EPDO,
crash frequency measures, and crash rate were tested. The CFM
method utilizes crash severity and volume normalized for the
length of the segment and time duration for which the crash data
are collected. Both simulated and empirical data were used for this
analysis. The empirical data were collected from three entire high-
way routes. The results found that the EB method for total crash
frequency performed better than other methods for crash fre-
quency measures, while the CFM method performed better for
crash severity measures.

A few studies in the literature have used the EB method as a ref-
erence or benchmark for comparing the performances of newer
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proposed approaches. Jiang et al (2014) investigated the ranking
performance of the Bayesian Poisson random effect model, which
accounts for both temporal and spatial random effects. Fatal and
injury crashes from urban four-lane divided highway from central
Florida were used in this study. The analysis revealed that the ran-
dom effect model outperforms the EB model as well as the conven-
tional Poisson log-normal model. Another study (Manepalli &
Bham, 2011) analyzed the effectiveness of the Kriging method as
a hotspot identification tool. The Kriging method is developed
based on the principle that the effects of unknown or unobserved
factors on a variable are correlated over space and the level of cor-
relation decreases with the increase in distance. Crash data from I-
630 in Arkansas were used in this investigation. The prediction
capability of the Kriging method was compared to that of the EB
method. The results of this study found that the Kriging method
performed better than the EB method for a 3-year crash prediction,
however, both methods were found to overestimate the predicted
crash numbers. For a shorter period of one year, the two methods
performed similarly. Another study by Persaud et al. (1999) sug-
gested the use of the potential for safety improvement as an alter-
native to the use of the standard EB method. The study defined the
potential for safety improvement as the difference between the
number of predicted crashes using all applicable variables and
the number of predicted crashes using volume (AADT) only. The
validation used two-lane rural highway data from Ontario, Canada
and found the newmethod to be more effective compared with the
standard EB method.

Other than network screening applications, there are many
published studies that reported the use of the EB method for
assessing the effectiveness of various safety countermeasures.
Most of these studies involved the use of before-after analyses
for safety treatments such as posting speed limits (Gayah et al.,
2018), installation of rumble strips (Himes et al., 2018; Wu et al.,
2018; Bobiceanu & Fontaine, 2018; Zhao et al., 2017), horizontal
curve realignments (Srinivasan et al., 2018), edge treatments
(Lyon et al., 2018), passing relief lane (Cafiso et al., 2017), roadway
widening (Wu et al., 2015), pavement markings (Park et al., 2012),
and horizontal curve delineation (Srinivasan et al., 2012).

Finally, a few studies in the literature examined the different
aspects of the EB method itself such as the study by Alluri and
Ogle (2012), which examined the influence of the variation of the
different variables on predicted crash frequencies, and a couple
of other studies (Cafiso et al., 2010; Lord & Park, 2008) that inves-
tigated the dispersion parameter of the safety performance func-
tions and its variability using field data.

3. Empirical Bayes method: an overview

The EB method employs the predicted number of crashes and
the observed number of crashes in estimating the expected num-
ber of crashes at a specific site. This estimation is developed using
the following equation:

Nexpected ¼ w� Npredicted þ 1�wð Þ � Nobserved ð1Þ
This equation assigns different weights (contributions) to the

predicted and observed numbers of crashes in estimating the
expected number of crashes. The predicted number of crashes is
found using a predictive mathematical model, also known as safety
performance function (SPF), and a set of crash modification factors
(CMFs). The predictive HSM method predicts the number of
crashes at a specific site in a two-step process. First, the method
utilizes the SPF mathematical model in predicting the number of
crashes under base conditions (e.g., for two-lane highway seg-
ments, inputs are the AADT and segment length). Eq. (2) shows
the SPF for rural two-lane highway segments.
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Nspf ¼ AADT � L� 365� eð�0:312Þ ð2Þ
Then, the method accounts for roadway and roadside character-

istics (a.k.a. risk factors) that deviate from the base conditions
using crash modification factors. Equation (3) illustrates how the
CMFs are used to calculate the predicted crash numbers.

Npredicted ¼ Nspf � CMF1 � CMF2 � � � � � � � � � �CMFn ð3Þ
Once the predicted number of crashes is found, Equation (1) is

used to find the EB expected number of crashes. The observed
number of crashes in this equation refers to the number of
reported crashes at the specific site for the same analysis period.
The weight (W) for the predicted number of crashes is calculated
using Eq. (4).

w ¼ 1
1þ k� ðNpredictedÞ ð4Þ

where, w =Weight for predicted number of crashes, k = Overdisper-
sion parameter associated with the specific SPF, and Npredicted ¼ Pre-
dicted number of crashed.

While many SPFs are proposed in the literature for various
types of highway facilities, this study used the SPF proposed by
the Highway Safety Manual (HSM) for rural two-lane highways
that is calibrated for the state of Oregon (Dixon et al., 2012). The
calibration study developed separate calibration factors for urban
and rural intersections and segments. That study used the ODOT
databases to collect historical crash data, roadway data, and road-
side data for rural two-lane segments. Crash data were collected
for the period 2004 to 2006, which overlaps with the crash data
collection period used in this study (discussed in the following
section).

4. Study data

As discussed earlier, low-volume roads are defined in this study
as roads with annual average daily traffic (AADT) of equal or less
than 1000 veh/day. The study utilized a relatively large sample of
LVRs from the state of Oregon. Specifically, a total of 848.85 miles
of state-owned and operated LVR segments were selected for the
study sample. Additionally, segments of rural two-lane roads with
higher volumes (AADT between 1000 veh/day and 2500 veh/day)
totaling 22.45 miles were also used to be able to establish relation-
ships beyond the LVR volume range. The Oregon Department of
Transportation (DOT) online databases were used to obtain the
AADT information for the study sample.

The Oregon DOT online databases and video logs were utilized
to identify and compile roadway data for the study sample. Specif-
ically, information on roadway geometry and roadside characteris-
tics were acquired from online databases and video logs using
0.05-mile increments. The 0.05-mile increment was selected so
that the data would capture all the changes in the physical charac-
teristics of the roadway, thus largely eliminating the possibility of
missing important changes between consecutive observation
points. Roadway information gathered in this study included lane
width, shoulder width, horizontal curves, spiral curves, vertical
curves, grade, driveway density, side slope, and roadside fixed
objects. Lane type and width, shoulder type and width, degree of
curvature for horizontal curve, the presence of spiral curve, type
of vertical curve, and percent grade data were all collected from
Oregon DOT online databases. The Oregon DOT video logs were
used to collect driveway density, side slope rating, and fixed object
rating information. Major intersections were not included in the
dataset. Intersections and 0.05-mile segments along the
approaches upstream and downstream were excluded from the
dataset. All the segments in the study sample were on two-lane
paved rural roads with a posted speed limit of 55 mph.
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Crash data from 2004 to 2013 were collected for the study sam-
ple using the Oregon DOT online databases. The 10-year time per-
iod was deemed necessary given low traffic volumes and
consequently the small number of crashes associated with the
study sample.
5. Results and discussion

5.1. Application of the EB method on the LVR study sample

The EB method using the HSM crash prediction methodology
was applied to the study sample and the results are shown in Fig. 1.

The scatterplot in this figure shows that the EB expected num-
ber of crashes and the observed number of crashes are not materi-
ally different. However, there seems to be more scatter in the
observed crashes that could be explained in part by the small seg-
ment length considered in this analysis. To verify how the two
numbers compare to each other, the total number of crashes for
the study sample (both expected and observed) were also exam-
ined. It was found that the total expected crashes for the 10-year
period was 1,507 versus only 1,442 observed number of crashes
for the same period. This indicates that the two numbers corre-
spond well, as the expected number of crashes is only around
4.5% higher than the observed number of crashes.

To better understand the estimation of the EB expected number
of crashes, it was deemed important to have a closer look at the
contribution of the predicted and observed number of crashes as
outlined in Equation (1). The first and second terms in Eq. (1) (pre-
dicted and observed crashes multiplied by their respective
weights) were calculated for all segments and summed for the
study sample as well as for segments with AADT of 1000 veh/day
or less. The results of this analysis are shown in Table 1. For low-
volume roads, which constitute 97% of the study sample, the con-
tribution of predicted crashes is around 70% of the EB expected
number of crashes. This indicates that the EB expected number
of crashes is primarily determined by traffic and roadway charac-
teristics, the major inputs to the HSM predictive methodology. This
finding has an important implication, especially that using crash
history in assessing safety on low-volume road networks may
prove to be impractical.
5.2. Analysis of the EB weight (W)

Table 1 discussed in the previous section clearly suggests that
the predicted number of crashes is the major contributor to the
EB expected number of crashes and that higher values for (W)
are associated with lower volumes. To gain insights into the contri-
bution of the predicted crash numbers in determining the EB
expected number of crashes, a plot of the EB weight (W) as it
changes with traffic volume is shown in Fig. 2. The best-fit loga-
rithmic function curve is also shown on the scatterplot. It is impor-
tant to note that the total study sample used in this analysis
includes 3% segments with AADT of greater than 1000 veh/day.

The pattern shown in Fig. 2 suggest that the EB weight (W) is
inversely proportional to the AADT. In other words, the lower the
traffic exposure, the more reliant the EB method on traffic expo-
sure and roadway characteristics, and the less reliant the EB
method on crash history. This figure also exhibits a high level of
scatter in the values of EB weight for almost all volumes investi-
gated in this study, which largely explains the somewhat low R-
square value of 0.452 for the fitted relationship. At first, the small
segment length used in this study (0.05 mile) was suspected to be
associated with the excessive scatter shown in Fig. 2. To examine
this possibility, the same analysis was repeated with the study data



Fig. 1. The EB Expected Number of Crashes and Observed Number of Crashes.

Table 1
Sum of contributions for the EB equation terms (see Eq. (1)).

Road segments W*Npredicted (1 �W)*Nobserved Nexpected

All sample 1000 [66.5%] 507 [34%] 1507 [100%]
AADT � 1000 945 [70%] 408 [30%] 1353 [100%]
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being compiled into longer segments with the same traffic level
(AADT). The results of this analysis are shown in Fig. 3.

Fig. 3 shows very similar patterns to those exhibited in Fig. 2,
including the excessive scatter discussed previously, which
Fig. 2. Scatterplot of EB Weight and AA
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suggests that segment length is not the main reason for the
scatter shown in Fig. 2, and that a more in-depth investigation
of the factor(s) affecting the EB weight value is required to help
explain this wide variation in W for the same traffic level. The
formula for calculating the EB weight (W) is provided in Equation
(4). As shown in this formula, the EB weight (W) is a function of
the predicted number of crashes and k, the overdispersion param-
eter. As the overdispersion parameter (k) is only a function of
segment length, which is a constant in this study, the EB weight
becomes solely a function of the HSM predicted number of
crashes.
DT Relationship for Study Sample.



Fig. 3. Scatterplot of EB Weight and AADT Relationship Using Compiled Longer Segments.
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5.3. The HSM predictive methodology and the EB weight analysis

As discussed in the previous section, the predicted number of
crashes in this study was the only variable determining the EB
weight value that exhibited a great deal of variation as shown in
Fig. 2. In an attempt to clarify the underlying cause for this varia-
tion, the HSM predicted number of crashes for the study sample
was examined. Fig. 4 shows a scatterplot of the HSM predicted
number of crashes and the observed number of crashes for the
study sample.
Fig. 4. HSM Predicted Number of Crashes an
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At a glance, the predicted number of crashes seems to largely
exceed the observed number of crashes in many instances. A cou-
ple of possibilities could be behind the pattern shown in this figure.
The first possibility is the larger variation in the predicted number
of crashes compared with that of the observed number of crashes.
The second possibility is for the predicted number of crashes to be
significantly higher than the observed number of crashes. To check
the first possibility, the standard deviation for the predicted and
observed number of crashes was calculated and found to be 0.36
and 0.35, respectively, which are very close and could be consid-
d Observed Number of Crashes vs AADT.
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ered as relatively similar. To verify the second possibility, the num-
bers of predicted crashes and observed crashes for the total sample
were calculated and compared. It was found that the total number
of predicted crashes was 2,254 versus only 1,442 for total number
of observed crashes. This is around 56% overestimation in the num-
ber of crashes using the calibrated HSM predictive methodology.
This overestimation warranted further investigation of the HSM
crash prediction exhibited in Fig. 4. As discussed previously, the
predicted number of crashes is a function of traffic exposure and
roadway characteristics (or risk factors) through the use of crash
Fig. 5. The Predicted Number of Cras

Fig. 6. The HSM CMF for Horizontal Curv
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modification factors (CMFs). As such, it was of interest to examine
the contribution of the AADT and the CMFs in estimating the pre-
dicted number of crashes shown in Fig. 4. Fig. 5 illustrates the pre-
dicted number of crashes before and after applying the CMFs for
the study sample to better understand the contribution of traffic
volume and roadway characteristics in estimating the predicted
number of crashes.

Fig. 5 clearly shows that the effect of the CMFs on the predicted
number of crashes is considerably larger in magnitude than that of
the AADT or traffic exposure. Consequently, the CMFs calculated
hes with and without the CMFs.

es vs the Product of All Other CMFs.
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for the study sample were examined in an attempt to identify the
root cause of the overestimation in predicted number of crashes. It
was noticed that, in most cases, the CMF for horizontal curves were
considerably greater in value compared to all other CMFs, and that
the CMF for sharper curves (small radii) could reach some extreme
values (the CMF reached values as high as 28 in many instances).
Fig. 6 shows the CMF for horizontal curve plotted against the pro-
duct of all other CMFs for the study sample, including CMFs for
lane width, shoulder width, grade, driveway density, and roadside
features. While the combined effect of multiple CMFs at a particu-
lar site could be lower than the product of all these CMFs (issue not
addressed by the HSM), it is unlikely for this to be the main reason
behind the overestimation given the very high values for horizon-
tal curve CMFs.
5.4. A closer look on sharp horizontal curves in the study sample

The previously discussed overestimation of the predicted num-
ber of crashes and the notably high CMF for horizontal curves were
also linked to the excessive scatter in the EB weight values shown
in Fig. 2. This observation led to a more in-depth investigation of
the sharper horizonal curves in the study sample. The first issue
encountered in conducting this investigation was how to separate
sharper curves from other (or flatter) curves in the sample and
what cut-off value to use for this purpose. It was decided to use
the classification and regression tree analysis (CART) to divide
the study sample into two groups based on the degree of curvature
and the EB weight value. The CART results are shown in Table 2.
Table 2
Summary of CART results for horizontal curves classification.

Degree of
curvature

Radius Percentage Mean EB
Weight

Category

DC < 11 Radius > 521 ft 90% 0.76 Others
DC � 11 Radius � 521 ft 10% 0.41 Sharp Curves

Fig. 7. Scatterplot of EB Weight and AADT wi
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As shown in Table 2, the CART yielded two classes of segments:
sharper curves with degree of curvature of 11 or more (radius of
521 ft. or smaller) and others including flatter curves and tangent
segments with degrees of curvature less than 11 (or radius greater
than 521 ft.). The former class constituted 10% of all segments and
had an average EB weight of 0.41, while the latter class constituted
90% of all segments and had an average EB weight of 0.76. This
finding largely supports the hypothesis that the large CMF for
sharp horizontal curves may be behind the excessive scatter in
the EB weight values shown in Fig. 2. To confirm this hypothesis,
Fig. 2 was reproduced to highlight the two classes and the best-
fitting curves were developed for the data sample both with and
without the ‘‘sharper curves” data points. The results are shown
in Fig. 7.

Fig. 7 clearly illustrates the overrepresentation of sharper
curves in the lower EB weight data points, which largely con-
tributes to the excessive scatter shown in this graph. This finding
is further confirmed by the notable increase in the R-square of
the fitted curves when ‘‘sharper curves” data points are excluded
from the relationship. This analysis along with the patterns shown
in Fig. 4 provide evidence that the HSM crash modification factor
formula for horizontal curves often leads to overestimation in
crash occurrence for those segments on rural two-lane highways.

6. Conclusions and recommendations

This study investigated the application of the EBmethod and the
HSMpredictivemethodology on rural low-volume roads in the state
of Oregon. Extensive roadway, traffic, and crash data were acquired
for the 871-mile study sample using Oregon DOT online databases
and archived video logs. The major findings of the study are:

I. On low-volume roads, roadway and roadside characteristics
that are related to crash occurrence (a.k.a. risk factors) have
the major contribution to the HSM predicted number of
crashes and consequently the EB expected number of
crashes (as shown in Fig. 2).
th and without Sharp Horizontal Curves.
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II. Considering finding I above, new methods that rely primar-
ily on risk factors in assessing safety at the network level
(i.e., network screening purposes) can still be very effective
in identifying candidate sites for potential safety treatments.
This finding is very important as many of the LVRs are
owned and operated by local agencies (counties, townships,
tribal governments, etc.) that lack resources to apply the EB
or other data-intensive methods.

III. Using 10-year crash data from the state of Oregon, the study
found considerable overestimation of the predicted number
of crashes using the HSM methodology calibrated for the
state of Oregon (as shown in Fig. 4). Specifically, the pre-
dicted total number of crashes was 56% more than the
observed number for the study sample during the 10-year
analysis period. This finding may partly be attributed to
the fact that LVRs share unique attributes that are somewhat
different from the rest of the highway network.

IV. Despite the considerable overestimation in the HSM pre-
dicted number of crashes, (Fig. 1) shows that the EB method
yielded estimates of the expected number of crashes that
were reasonably close to the observed number of crashes
(difference less than 5%). The use of observed crash data in
the EB Method seems to help much in alleviating the overes-
timation in the predicted number of crashes. This confirms
the robustness of the EB method in estimating the number
of crashes used in various safety analyses.

The authors recommend more empirical research and extensive
field data be used in updating the crash modification factors for its
critical role in crash prediction used in safety analyses. Further, the
authors recommend the use of the EB method over the use of crash
prediction alone whenever crash data is accessible or readily
available.
7. Practical applications

This study found that the contribution of the predicted number
of crashes in calculating the EB expected number of crashes is
higher for low-volume roads. An important implication from this
finding is that methods that rely primarily on risk factors can still
be very effective in screening the low-volume road networks in the
absence of crash history. This can be especially helpful for local
agencies (counties, townships, tribal governments, etc.) where
low-volume roads constitute a significant part of the road network
and access to accurate crash data may present a challenge for those
agencies.
Acknowledgments

The authors would like to thank the Western Transportation Insti-
tute’s Small Urban, Rural, and Tribal Center on Mobility (SURT-
COM) for their financial assistance to this research project.
Author contributions

The authors confirm contribution to the paper as follows: study
conception and design: Ahmed Al-Kaisy; data collection: Kazi Tah-
sin Huda; analysis and interpretation of results: Ahmed Al-Kaisy
and Kazi Tahsin Huda; draft manuscript preparation: Ahmed Al-
Kaisy and Kazi Tahsin Huda. All authors reviewed the results and
approved the final version of the manuscript.
233
References

Alluri, P., & Ogle, J. (2012). Effect of Variations of CMFs on Predicted Crash
Frequency on Rural Two-Lane Highways: Sensitivity Analysis. Transportation
Research Board 91st Annual Meeting, Washington D.C.

American Association of State Highway and Transportation Officials (AASHTO)
(2010). Highway Safety Manual-First Edition. Washington D.C.

Bobiceanu, S. E., & Fontaine, M. D. (2018). Examining the safety effect of centerline
rumble strips on curves on rural two-lane roads. Transportation Research Board
97th Annual Meeting, Washington D.C.

Cafiso, S., Di Silvestro, G., Persaud, B., & Ara Begum, M. (2010). Revisiting variability
of dispersion parameter of safety performance for two-lane rural roads.
Transportation Research Record: Journal of the Transportation Research Board,
2148, 38–46.

Cafiso, S., & Di Silvestro, G. (2011). Performance of safety indicators in identification
of black spots on two-lane rural roads. Transportation Research Record: Journal of
the Transportation Research Board, 2237(1), 78–87.

Cafiso, S., D’Agostino, C., & Kiec, M. (2017). Investigating the influence of passing
relief lane sections on safety and traffic performance. Journal of Transport and
Health, 7(A), 38–47.

Dixon, K., Monsere, C., Xie, F. and Gladhill, K. (2012). Calibrating the Future Highway
Safety Manual Predictive Methods for Oregon State Highways. Final Report, SPR
684 OTREC-RR-12-02, Oregon Department of Transportation.

Elvik, R. (2008). The predictive validity of Empirical Bayes estimates of road safety.
Accident Analysis and Prevention, 40(6), 1964–1969.

Ewan, L., Al-Kaisy, A., & Hossain, F. (2016). Safety effects of road geometry and
roadside features on low-volume roads in Oregon. Transportation Research
Record: Journal of the Transportation Research Board, 2580, 47–55. https://doi.
org/10.3141/2580-06.

Federal Highway Administration. (FHWA) (2009). Manual on Uniform Traffic Control
Devices. Washington, D.C. Accessed at http://mutcd.fhwa.dot.gov/. Accessed
March 28, 2019.

Gayah, V. V., Donnell, E. T., Yu, Z., & Li, L. (2018). Safety and operational impacts of
setting speed limits below engineering recommendations. Accident Analysis and
Prevention, 121, 43–52.

Gross, F., Eccles, K., & Nabors, D. (2011). Low-Volume Roads and Road Safety Audits
– Lessons Learned. Transportation Research Record: Journal of the Transportation
Research Board, 2213, 37–45.

Himes, S., Gross, F., Eccles, K., & Persaud, B. (2018). Safety evaluation of edge line
rumble stripes (elrs) on rural, two-lane horizontal curves. Transportation
Research Board 97th Annual Meeting, Washington D.C.

Jiang, X., Abdel-Aty, M., & Alamili, S. (2014). Application of Poisson random effect
models for highway network screening. Accident Analysis and Prevention, 63,
74–82.

Lord, D., & Park, P. Y. (2008). Investigating the effects of the fixed and varying
dispersion parameters of Poisson-Gammamodels on empirical Bayes estimates.
Accident Analysis and Prevention, 40(4), 1441–1457.

Lyon, C., Persaud, B., & Donnell, E. (2018). Safety evaluation of the SafetyEdge
treatment for pavement edge drop-offs on two-lane rural roads. Transportation
Research Record: Journal of the Transportation Research Board, 2672(30), 1–8.

Manepalli, U. R. R., & Bham, G. H. (2011). Crash prediction: evaluation of empirical
Bayes and kriging methods. 3rd International Conference on Road Safety and
Simulation, Indianapolis.

Manepalli, U. R. R., & Bham, G. H. (2016). An evaluation of performance measures for
hotspot identification. Journal of Transportation Safety and Security, 8(4),
327–345.

Montella, A. (2010). A comparative analysis of hotspot identification methods.
Accident Analysis and Prevention, 42, 571–581.

Park, E. S., Carlson, P. J., Porter, R. J., & Anderson, C. K. (2012). Safety effects of wider
edge lines on rural, two-lane highways. Accident Analysis and Prevention, 48,
317–325.

Persuad, B., Lyon, C., & Nguyen, T. (1999). Empirical Bayes procedure for ranking
sites for safety investigation by potential for safety improvement.
Transportation Research Record: Journal of the Transportation Research Board,
1665, 7–12.

Srinivasan, R., Persaud, B., Ecceles, K., Carter, D., & Baek, J. (2012). Safety impacts of
signing delineation for horizontal curves on rural two-lane roads. Journal of
Transportation of the Institute of Transportation Engineers, 3(1), 51–66.

Srinivasan, R., Carter, D., Lyon, C., & Albee, M. (2018). Before-after evaluation of the
realignment of horizontal curves on rural two-lane roads. Transportation
Research Record: Journal of the Transportation Research Board, 2672(30), 43–52.

Wu, L., Geedipally, S. R., & Pike, A. M. (2018). Safety evaluation of alternative audible
lane departure warning treatments in reducing traffic crashes: An empirical
Bayes observational before-after study. Transportation Research Record: Journal
of the Transportation Research Board, 2672(21), 30–40.

Wu, H., Han, Z., Murphy, M. R., & Zhang, Z. (2015). Empirical Bayes before-after
study on safety effect of narrow pavement widening projects in Texas.
Transportation Research Record: Journal of the Transportation Research Board,
2515(1), 63–69.

Zhao, J., Polk, C., Ritter, J., & Silverman, K. K. (2017). Safety performance of shoulder
rumble strips on rural roadways. ITE Journal, 87(3), 44–48.

http://refhub.elsevier.com/S0022-4375(21)00155-9/h0020
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0020
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0020
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0020
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0025
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0025
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0025
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0030
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0030
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0030
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0040
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0040
https://doi.org/10.3141/2580-06
https://doi.org/10.3141/2580-06
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0055
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0055
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0055
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0060
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0060
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0060
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0070
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0070
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0070
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0075
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0075
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0075
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0080
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0080
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0080
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0090
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0090
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0090
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0095
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0095
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0100
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0100
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0100
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0105
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0105
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0105
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0105
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0110
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0110
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0110
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0115
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0115
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0115
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0120
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0120
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0120
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0120
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0125
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0125
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0125
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0125
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0130
http://refhub.elsevier.com/S0022-4375(21)00155-9/h0130


A. Al-Kaisy and Kazi Tahsin Huda Journal of Safety Research 80 (2022) 226–234
Ahmed Al-Kaisy, PhD, PE Dr. Al-Kaisy is a transportation engineering professor in
the Department of Civil Engineering at Montana State University. He is also the
Program Manager for the Safety and Operations focus area at the Western Trans-
portation Institute and a registered professional engineer in the state of Montana.
Dr. Al-Kaisy has extensive research experience in many areas of transportation
engineering, including traffic capacity and quality of service, traffic safety, signal
optimization and control, highway design, and intelligent transportation systems.
He has authored/co-authored more than a hundred publications that are published
peer reviewed journals and/or presented in prominent meetings and conferences.
234
Kazi Tahsin Huda, MSc, Kazi Tahsin Huda, is a PhD student at the Montana State
University. His research interest is in traffic safety and engineering. He is currently
wrapping up a project for developing a suitable network screening method for rural
low-volume roads. Tahsin wishes to pursue a career in traffic safety and engi-
neering research in future. He aspires to use advance data analytics and techniques
to answer different transportation related questions


	Empirical Bayes application on low-volume roads: Oregon case study
	1 Introduction
	2 Background
	3 Empirical Bayes method: an overview
	4 Study data
	5 Results and discussion
	5.1 Application of the EB method on the LVR study sample
	5.2 Analysis of the EB weight (W)
	5.3 The HSM predictive methodology and the EB weight analysis
	5.4 A closer look on sharp horizontal curves in the study sample

	6 Conclusions and recommendations
	7 Practical applications
	ack13
	Acknowledgments
	Author contributions
	References


