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ABSTRACT
Roadway departure crashes are three times more likely on horizontal curves than on tangent
sections of two-lane rural highways. Research is needed to better quantify the safety performance
(e.g., crash frequencies) of these crash-prone locations. Existing safety performance functions
(SPFs) for two-way rural highways in the Highway Safety Manual (HSM) rely on base conditions
that assume all roadway segments are tangent sections. The resulting predictions of crash frequency
are then modified using a crash modification factor (CMF) that includes as independent variables
the curve length, curve radius and presence of a spiral transition. Unfortunately, the CMF in the
HSM does not have a standard error associated with it, which greatly limits its practical application
and provides no indication of the level of uncertainty associated with the CMF. Other existing
CMFs for horizontal curves in the FHWA CMF Clearinghouse also suffer from a lack of standard
error and dated statistical methods, resulting in low to average star quality ratings (three or less).
Furthermore, these existing CMFs treat individual curves as isolated geometric elements, even
though recent research has shown that the safety performance of a horizontal curve is significantly
influenced by its proximity to neighboring curves. Curves in close proximity to each other are
expected to have lower crash frequency than those that are isolated because they are less likely to
violate driver expectation. Failure to account for this distance may lead to erroneous predictions of
crash frequency on horizontal curves.

The objective of this study is to develop a high-quality CMF for horizontal curves on two-lane rural
roads that takes into consideration the proximity of neighboring geometric elements using the most
statistically rigorous modeling technique available, which reduces the potential for bias in the
estimate of the CMF and provides a standard error that can be used to estimate the CMF uncertainty.
This CMF is estimated using eight years of crash data (2005-2012) obtained from over 10,000 miles
of state-owned two-lane rural roads in Pennsylvania. This comprehensive data includes information
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on roadway geometry (e.g., horizontal curvature, lane width, and shoulder width), traffic volume,
access density, roadside hazard rating, and the presence of various low-cost safety countermeasures
(e.g., centerline and shoulder rumble strips, curve and intersection warning pavement markings,
and aggressive driving pavement dots). The propensity scores-potential outcomes method is
applied, which matches each horizontal curve with tangent sections that are similar with respect to
all other site characteristics (excluding crash frequency). The propensity scores are estimated using
binary logistic regression, and curves and tangents are matched based on the propensity scores
using the nearest neighbor matching technique with calipers and without replacement. Matching
is performed across county lines to avoid individual horizontal curves being matched with its
neighboring upstream or downstream tangent sections, which are likely to have very similar
features and endogenous effects. Crash prediction is performed by means of random effects and
mixed negative binomial regression using the explanatory variables mentioned above as well as
distance to adjacent horizontal curves. The results indicate that degree of curvature, curve length,
and traffic volume must be considered when predicting the frequency of total and fatal and injury
crashes on horizontal curves. The presence of a horizontal curve and degree of curvature increase
crash frequency, while the length of curve and traffic volumes decrease expected crash frequency.
These results were consistent for both random and mixed effects models. The impact of the
distance to adjacent curves was not found to be statistically significant. When predicting fixed
object crashes, a proxy for roadway departure crashes, only degree of curvature and the presence
of a horizontal curve were found to be statistically significant. All crash modification estimates for
degree of curvature were consistent with the existing literature. The crash modification functions
estimated are supplemented with formulas to estimate a conservative value for the standard error
of the resulting CMF. The resulting crash modification functions in this thesis are recommended
to evaluate safety at rural two-lane horizontal curves in Pennsylvania.
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Chapter 1
Introduction
Highway safety is a significant problem in the United States. Despite a steady decline in highway
fatalities over recent years, the National Highway Traffic Safety Administration's (NHTSA)
Fatality Analysis Reporting System (FARS) documented 32,367 deaths as a result of 29,757 fatal
crashes on US roadways in 2011 (NHTSA 2014). Over 50 percent of those fatalities occurred in
rural areas, and the majority of these occurred specifically on two-lane rural roads (NHTSA 2013).
Fatal crashes on two-lane rural roads tend to cluster near restrictive geometric elements, especially
horizontal curves. Horizontal curves propose a significant safety risk to the driver due to the
differentiation in roadway alignment, which forces drivers to deviate from their original path. Any
errors in this process this can lead to vehicles departing their lane and either colliding with an
oncoming vehicle or departing the roadway, both of which have high potential for a severe crash.
In fact, more than 25 percent of all fatal crashes in the United States are related to horizontal curves
(FHWA 2014a). This is disproportional to the actual number of crashes observed at these locations;
e.g., the NHTSA data shows that 8,386 (21.6 percent) traffic fatalities in 2012 occurred while a
vehicle was negotiating a horizontal curve, while horizontal curve crashes accounted for only 5.2
percent of total crashes. The most typical crash types on horizontal curves are single-vehicle
roadway departure crashes (also known as run-off road crashes, ROR) and head-on crashes (Torbic
et al. 2004), which are very common crash types on rural roadways. The severity of run-off road
crashes is exacerbated if the vehicle strikes a fixed object on the roadside. According to the
Pennsylvania Department of Transportation (PennDOT) rural road database to be used in this
analysis, 48 percent (55,069) of crashes on two-lane rural roads from 2005-2012 were either RORstrike fixed object or head-on crashes.
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Considering the safety problems associated with horizontal curves, much attention and effort has
been placed on developing countermeasures to reduce crash frequency and severity at these
locations. Volume 7 of NCHRP Report 500 summarizes many curve safety treatments, including
improved signage and delineation, high-friction pavements, and larger clear zones. The report
suggests treating curve safety as a two-pronged effort that requires treatments to (Torbic et al.
2004):

1. Keep vehicles from departing their lane, crossing the centerline or leaving the roadway.
2. Eliminate obstacles to reduce the risk of a vehicle striking an object once a vehicle has left
the roadway.

The Federal Highway Administration (FHWA) also recognizes the need for horizontal curve safety
countermeasures. McGee and Hanscom (2006) describe low-cost countermeasures, such as the
addition of centerline and shoulder rumble strips, elimination of shoulder drop-off, and increased
signage, to mitigate roadway departure crashes at horizontal curve locations.

Unfortunately, most transportation agencies operate under a restrictive budget and are faced with
the daunting task of identifying the most effective ways to utilize available funding to improve
traffic safety throughout an entire roadway network. For states with a highly curvilinear network,
such as Pennsylvania, a significant challenge becomes identifying specific curves that have the
potential for safety improvement. Implementing some of the countermeasures described above will
be most effective if deployed at locations with the greatest potential for safety improvement. The
Highway Safety Manual (HSM) provides a set of tools that can be used to estimate the crash
frequency at individual locations and then identify locations with higher than expected crash
frequencies. In this framework, Safety Performance Functions (SPFs) are used to estimate crash
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frequencies for base conditions and these estimates are modified based on site-specific
characteristics—such as the presence of a horizontal curve—using Crash Modifications Factors. A
Crash Modification Factor (CMF) is defined by the Federal Highway Administration as "a
multiplicative factor used to compute the expected number of crashes after implementing a given
countermeasure to a specific site" (FHWA 2014b).

Crash Modifications Functions (also

abbreviated as CMF or alternatively referred to as CMFunctions) are defined as "formula[s] used
to compute the CMF for a specific site based on its characteristics" (Gross, Persaud, and Lyon
2010). Crash Modification Functions imply that the safety effect of the countermeasure varies with
site characteristics, which is appropriate for horizontal curves as expected crash frequencies are
likely to change with features of the individual curve, such as its radius or length.

Many previous efforts to develop CMFs for horizontal curves have been performed. The results of
these studies have been collected and summarized at the Federal Highway Administration's
(FHWA) CMF Clearinghouse (FHWA 2014b), which also provides a rating of the quality of the
individual CMFs. However, all of the horizontal curve CMF studies have received low quality
scores (3 or fewer stars on a 5 star qualitative scale based on expert review) that suggests they are
not reliable. There are several reasons for the low quality scores, such as dated statistical analyses
methods, little data, and lack of reported standard errors. Another significant issue with the existing
CMFs is their treatment of horizontal curves as an isolated feature. Recent research has shown that
the distance between adjacent curves is also a significant predictor of crash frequency on horizontal
curves (Findley et al. 2012; Khan et al. 2013). As a result, this thesis will incorporate these
distances into a horizontal curve CMF.
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1.1 Research Objectives
Based on the issues noted above, the following research objectives were developed:

1. Improve upon the current CMF for degree of curvature by using a new, more advanced
statistical technique that would result in a high-quality CMF,
2. Advance the findings of Findley et al. (2012) and Khan et al. (2013) regarding the impact
on crash frequency of a curve by its distance to adjacent curves, and
3. Provide a tool by which the Pennsylvania Department of Transportation may identify
horizontal curves with high than expected crash frequencies.

1.2 Organization of Thesis
The remainder of this thesis is organized into five chapters. Chapter 2 provides a comprehensive
review of the literature covering the safety of horizontal curves along with a description of the
process of developing CMFs and more clearly demonstrates the need for more reliable CMFs for
horizontal curves. Chapter 3 outlines the propensity score-potential outcomes method that is used
to develop CMFs for horizontal curvature.

Chapter 4 describes the data used for the analysis,

including the data collection reduction methods. Chapter 5 describes the models and CMFs that
were developed to describe safety on horizontal curves. Finally, Chapter 6 summarizes the findings
from the research, suggests opportunities for implementation, and provides suggestions for future
research.
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Chapter 2
Literature Review
This section of the thesis provides a critical review of the published literature related to horizontal
curve safety. This includes a review of previous efforts to quantify the impact of horizontal curves
on crash frequency, as well as methods used to develop crash modification factors (CMFs).

2.1 Horizontal Curves
This section is organized into 8 subsections. The first describes horizontal curve geometric design
parameters, while the second and third sections are related to horizontal curve-safety relationships.
The fourth subsection examines the impact of vertical alignment on horizontal curve safety while
the fifth examines how horizontal curve safety varies by functional classification. The sixth section
covers previous research regarding the impact of the spatial relationship between adjacent curves.
The seventh covers the difference between driveway density’s impact on crash frequency between
curves and tangents. Finally, concluding thoughts based on the curve safety literature review are
given.

2.1.1 Horizontal Curve Geometry
A discussion of horizontal curve geometry and design is vital to further discuss the literature on the
safety performance of horizontal curves. Figure 1 provides a sketch of the geometry of a simple
horizontal curve, which consists of a portion of a circle that connects to two tangent segments.
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Thus, a simple horizontal curve has a constant radius (R [length]) throughout the curve (AASHTO
2011). The point at which these two tangent sections would intersect if projected through the
horizontal curve is called the Point of Intersection (PI), and the angle at which they intersect is the
Deflection Angle (Δ). The length of the curve (L) is the distance between the start of the curve
(Point of Curvature, PC) and the end of the curve (Point of Tangency, PT) measured along the
curve. The Tangent (T) is the length between the PC and the PI. Not shown on this sketch, but
important for the discussion of curve safety, is the Degree of Curvature (D). This is a measure of
deflection or curve intensity, and is reported in units of degrees per 100 feet of curve length. Degree
of curvature is inversely related to the curve radius, as shown in Equation 1.

Equation 1 – Relationship between Curve Radius and Degree of Curvature

𝐷𝑒𝑔𝑟𝑒𝑒 𝑜𝑓 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒, 𝐷 =

5729.578
𝑅

Figure 1 – Sketch displaying the basic elements of horizontal curve geometry
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Horizontal curve design is based on the point-mass model, shown in Equation 2. This model was
derived considering the centripetal acceleration that a vehicle experiences when traveling along a
horizontal curve, while assuming the vehicle exists as a single point. The model includes the forces
enacted upon the vehicle due to the superelevation (e) of the curve (if any) and side-friction (f)
between the tires and road surface, which serves to keep the vehicle on the road by counteracting
the tangential momentum of the vehicle. A quick examination of the equation reveals that if speed
is held constant and curve radius is increased, a smaller superelevation and less side-friction are
required to keep the vehicle within the curve. This provides a basis for the long held theory that
horizontal curves experience fewer crashes as curve radius increases.

Equation 2 – The Point-Mass Model

𝑉2
= 0.01𝑒 + 𝑓
𝑔𝑅
where
V - Vehicle speed [ft/s]
g – Force of gravity [ft/s2]
R – Curve radius [ft]
e – Superelevation rate, [%]
f – Side-friction factor [unitless].

2.1.2 Horizontal Curve Safety
Horizontal curve safety (i.e., expected crash frequency on horizontal curves) has been modeled
using two schools of thought (Hauer 1999). Both use curve radius as the major factor affecting
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crash frequency, but differ in their approach to the effect. The first suggests that horizontal curve
crash frequency has a linear relationship with degree of curvature. This effect has been studied
extensively (Dunlap et al. 1978; FHWA 1982; Smith et al. 1981; Matthews and Barnes 1988;
Lamm, Choueiri, and Mailaender 1988; Voigt 1995); however, these results are not consistent, as
shown in Figure 2. The second way to view horizontal curve safety is that the propensity for crashes
increases at the transitions from tangent to curve, and the safety effect of the middle part of the
curve is equivalent to driving on a tangent of the same length (Deacon 1986; Glennon, Newman,
and Leisch 1985). Tangent-to-curve transitions cause safety issues because inattentive drivers may
not be aware of or react to the curve, causing them to continue on their tangential path and
eventually depart the roadway. This is especially relevant at night if a driver is unable to see the
curve. Upon departing the roadway, a driver may either be able to recover the vehicle if the
roadside environment is forgiving, or the vehicle may strike a fixed object or a vehicle in another
lane.

Figure 2 – Comparison of crash rates and degree of curvature, (Leisch and Associates 1971)
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In reality, it is likely that the true impacts of horizontal curves on crash frequencies can only be
described by combining the two theoretical frameworks described above. Crashes are much more
likely to occur at the tangent-to-curve transition than in the middle of the curve. However, crashes
in the middle of the curve should still be more likely than on a tangent of the same length because
there is still a multitude of forces acting on the vehicle. As a result, both schools of thought should
be considered when developing a reliable crash prediction model for horizontal curves.

2.1.3 Horizontal Curve Crash Modification Factors
The recent trend of quantifying safety in highway engineering culminated in the 2010 publication
of the first edition of the Highway Safety Manual (HSM) (AASHTO 2010). The HSM provides a
set of Safety Performance Functions (SPFs) that predict the expected crash frequency of various
roadway segments as a function of the traffic volumes on the roadway. For each roadway type
considered, a set of baseline conditions are assumed for modeling purposes. Differences in the
actual features of a segment of interest and the baseline conditions are accommodated by adjusting
the expected crash frequencies using Crash Modification Factors (CMFs) that describe how a
particular feature will change expected crash frequency, all else being equal. For most roadway
segments, the baseline condition for horizontal alignment is a horizontal tangent. As a result, CMFs
for horizontal curvature are included in the HSM for various roadway types. The two-lane rural
road chapter was published as a prototype chapter in 2000 (Harwood et al. 2000) and the horizontal
curvature CMF chosen for this HSM chapter is based on a 1992 study by Zegeer et al. (1992). This
study utilized a database of 10,900 horizontal curves on two-lane rural roads in Washington. The
study evolved from research by Deacon (1986), which identified the tangent-to-curve transitions
as the major safety hazards on horizontal curves (following the second school of thought proposed
by Hauer (1999)). This study investigated five years of crash data on each of these curve sections.
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These curve sections had an average of 0.22 crashes per year per curve, and almost 56 percent of
these curves did not experience a crash during the evaluation period (Zegeer et al. 1992). After
developing models to predict overall crash frequency on horizontal curves, the authors developed
an SPF specifically for horizontal curves on two-lane rural roads. The SPF developed is shown in
Equation 3.

Equation 3 – SPF for Horizontal Curves Developed by Zegeer et al. (1992)

𝐶𝑟𝑎𝑠ℎ𝑒𝑠/𝑌𝑒𝑎𝑟 = [1.55 ∗ 𝐿 ∗ 𝑉 + 0.14 ∗ 𝐷 ∗ 𝑉 − 0.012 ∗ 𝑆 ∗ 𝑉] ∗ 0.978𝑊−30
where:
L – Curve length [miles]
V – Traffic volume [vehicles/day]
D – Degree of curvature [degrees per 100 feet of curve length]
S – Presence of a spiral transition approach to a horizontal curve [1 if present on both
approaches, 0.5 on one approach; 0 otherwise]
W – Total paved width of the roadway [feet].

As shown in the model, the SPF for horizontal curves is positively correlated with all variables in
the equation, with the lone exception being the presence of spiral transitions (a gradual introduction
of curve radius, from infinite radius to the design value). The positive correlation with length is
consistent with intuition—more crashes should be expected on longer segments simply because
they cover more roadway. Furthermore, every crash prediction model, curve or not, has indicated
that expected crash frequency increases as the length of the segment increases. A positive
correlation with degree of curvature is also expected, as larger degrees of curvature are associated
with sharper curves with smaller radii. Curves will small radii can pose significant safety issues
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due to the increased steering required by drivers. Spiral transitions have a negative correlation
because they provide a less difficult transition for the driver from the tangent section into the curve.

Harwood et al. (2000) modified the model described in Equation 3 for eventual inclusion in the
HSM. This modified equation is provided below in Equation 4.

Equation 4 – Horizontal Curve CMF for HSM Two-Lane Rural Road Crash Prediction (AASHTO 2010)

80.2
1.55 ∗ 𝐿𝐶 + 𝑅 − 0.012 ∗ 𝑆
𝐶𝑀𝐹 =
1.55 ∗ 𝐿𝐶
where:
CMF – Crash Modification Factor for the horizontal curve
LC – Length of curve [miles]
R – Curve radius [feet]
S – Presence of a spiral transition on the curve [1 if present, 0.5 if only on one end; 0
otherwise].

As illustrated in Equation 4, Harwood et al. (2000) removed the width and volume terms and
converted the units from degree of curvature to curve radius. Volume was taken out of the function
because it would have already been accounted for in the baseline SPF provided by the HSM.

Despite its inclusion in the HSM, this CMF is not rated in the FHWA CMF Clearinghouse (FHWA
2014b), which serves as the most comprehensive repository of CMFs for use by transportation
professionals. All CMFs in the CMF Clearinghouse are rated with a score between 1 and 5 stars
(5 being excellent, 1 being poor) to describe their quality or reliability. The score is based on the
following five factors (FHWA 2014b):
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Study design,



Sample size,



Standard error,



Potential bias, and



Data source.

Since the Zegeer et al. (1992) CMF is reported without a standard error, it did not receive a star
rating in the Clearinghouse. Even if the standard error was reported, the fact that only Washington
curves were used would limit the star rating due to the sample size and data source criteria. Further,
the data used by Zegeer et al. (1992) are more than 20 years old, meaning that driving conditions
are potentially much more different now than described by the data used in this study. For example,
the fleet of vehicles and population of drivers have changed significantly during this time. By using
more modern crash data, more roadway mileage, and providing a standard error, this thesis hopes
to provide a new, more applicable CMF for horizontal curvature for consideration in the HSM.

Other studies have attempted to quantify safety impacts of horizontal curves through the
development of CMFs. Segment crashes from Washington State were modeled using a Bayesian
semi-parametric Poisson-gamma model (Shively, Kockelman, and Damien 2010). A total of 913
crashes were extracted from the HSIS database with the intention of developing a crash-prediction
model with a semi-parametric technique that is different from the typical negative binomial
regression, which treats covariates in a linear fashion. The researchers estimated the effect of
numerous covariates, including surface width, functional classification, AADT, shoulder width,
terrain, posted speed limit, and alignment characteristics. Three horizontal curve-related variables
were included in the modeling efforts: the presence of a horizontal curve (1 if present; 0 otherwise),
the natural log of horizontal curve length, and the natural log of degree of curvature. For the fully
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linear model, the coefficients of these three variables (with standard error in parenthesis) were 1.35 (0.83), 0.12 (0.12), and 0.37 (0.10), respectively, with the degree of curvature coefficient being
the only one that was statistically significant. These indicate that the presence of a horizontal curve
is correlated with a decreased crash frequency; however, increases in curve length and degree of
curvature result in increased crash frequency. For the nonparametric model, the coefficient for the
horizontal curve indicator variable was -1.65 (not statistically significant), which also indicates that
the presence of a horizontal curve is associated with a lower crash frequency. The other two
variables (natural log of horizontal curve length and natural log of degree of curvature) were
estimated non-parametrically. These results are shown in Figure 3.

Figure 3 – Estimated mean functions for curve length and degree of curvature by Shively, Kockelman, and Damien
(2010)
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It is notable that for horizontal curve length, Figure 3a suggests there is a sharp increase in expected
crash frequency for lower values; however, this is likely influenced by scarcity of data. For higher
curve lengths, the relationship is relatively consistent and linear. For degree of curvature, the
authors noted the sinusoidal shape of the function. The relationship between curvature and crash
frequency is rather flat at values below four degrees and at values higher than 12 degrees. In
between four and 12 degrees the relationship is steeper. An increase in degree of curvature from
four degrees to 12 degrees results in an expected increase of 0.06 crashes per year (Shively,
Kockelman, and Damien 2010). While the techniques used in this paper showed the possible
benefits of using non-parametric techniques to model crash frequency, the results are fairly limited
as only one year of crash data was used.

Horizontal curve safety research is not limited to roadways in the United States. Three years of
crash data from Ontario were used to develop crash prediction models to identify hazardous
horizontal curves (Persaud, Retting, and Lyon 2000). Crash prediction models, using negative
binomial regression and the empirical Bayes procedure, were developed for horizontal curve sites,
tangent sections, and road sections with known curve alignment data based on crash data from
1988-1993. These models were developed for crash frequency of all severity outcomes. The
resulting models are as follows (Persaud, Retting, and Lyon 2000):

Equation 5 – Crash Frequency Model for Horizontal Curves
𝐿
𝐶𝑟𝑎𝑠ℎ
= 𝐴𝐴𝐷𝑇 0.7609 𝐿0.6477 𝑒 (−6.9127+789𝑅)
𝑌𝑒𝑎𝑟

Equation 6 – Crash Frequency Model for Tangent Sites with Similar Length and AADT

𝐶𝑟𝑎𝑠ℎ
= 𝐿 ∗ 𝐴𝐴𝐷𝑇 0.9144 𝑒 −7.6780
𝑌𝑒𝑎𝑟
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Equation 7 – Crash Frequency Model for Road Sections with Known Alignment Data

𝐶𝑟𝑎𝑠ℎ
= 𝐿 ∗ 𝐴𝐴𝐷𝑇 1.0413 𝑒 (−9.1368−0.061𝑊+0.1904𝑇𝐸𝑅+0.07283𝐻)
𝑌𝑒𝑎𝑟
1000
𝑤ℎ𝑒𝑟𝑒 𝐻 = ∑ 𝑊𝐻𝑖 (
)
𝑅𝑖
where:
Crash/Year – crash frequency as a total of all crash types [crashes/year]
AADT – annual average vehicles per day [vehicles/day]
L – length of the segment [kilometers]
R – curve radius [meters]
W – total surface width, lanes and shoulders [meters]
TER – terrain classification (1 if flat, 2 if rolling)
H – weighted average curvature
WHi – the length of horizontal curve i in the segment divided by the segment length
Ri – radius of horizontal curve i [meters].

These crash prediction models are intended to provide engineers with a tool to identify horizontal
curves with higher than expected crash frequency. Using these models and site characteristics,
expected crash frequency can be estimated for a curve using Equation 5, and this value is compared
to a tangent section using Equation 6. High-risk horizontal curves were defined as those having a
higher ratio of the predicted curve crash frequency to predicted tangent crash frequency. This can
be used to help identify sites at which countermeasures could be most effective (Persaud, Retting,
and Lyon 2000).

The inverse relationship between curve radius and crash frequency on curves has been verified
across the world. A synthesis study of horizontal curve safety in ten countries on three continents

16
(North America, Europe, and Australia) revealed that the inverse relationship between radius and
curve safety was consistent across all locations (Elvik 2013). Though the studies ranged in terms
of quality and complexity—from application of categorical crash rates to CMFs developed using
statistically rigorous methods—they all in some way found that predicted crash frequency on the
curve increases as degree of curvature increases. The goal of Elvik’s (2013) study was to analyze
the transferability of curve CMFs between countries because some small countries may not have
the means or ability to develop their own CMF. After filtering through studies from many
countries, CMFs from the following eight countries were disaggregated: Canada (Persaud, Retting,
and Lyon 2000), Germany (Dietze and Weller 2011), Great Britain (McBean 1982), New Zealand
(Matthews and Barnes 1988; Hauer 1999), Norway (Sakshaug 1998), Portugal (Cardoso 1997;
Cardoso 2005), Sweden (Brüde, Larsson, and Thulin 1980), and the United States (Zegeer et al.
1992).

The biggest takeaway from Elvik’s (2013) synthesis is that all of the CMFs follow a common shape
when plotting relative crash frequency as a function of curve radius, as shown in Figure 4. For the
majority of the studies, relative crash rate increases rapidly as curve radius decreases below 200
meters (~656 feet). However, the plot flattens when the curve radius exceeds 200 meters, indicating
that large curve radii are associated with low relative accident rates (i.e., little reduction in relative
crash rate). This finding can have significant implications for horizontal curve design. Whereas
AASTHO’s A Policy on Geometric Design of Highways and Streets (the Green Book) suggests
curve radii based solely on design speed, maximum side friction for design, and maximum
superelevation (using the Point-Mass model), safety should also be considered (AASHTO 2011).
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Figure 4 – Plot of CMF’s analyzed by Elvik (2013)

2.1.4 Relationship between Horizontal Curvature and Vertical Alignment
The current HSM crash prediction algorithm views the safety impact of horizontal and vertical
alignment independent of each other. Bauer and Harwood (2013), hypothesizing that horizontal
and vertical geometry has an interactive safety effect, modeled crash frequency as a function of
different curve and grade combinations. Data were obtained from the Washington state HSIS
database, consisting of 3,457 miles of two-lane rural highways and six years of crash data (20032008). Horizontal elements were either classified as a tangent or curve. The vertical alignment
was divided into the following six categories: level roadways, straight grades, Type 1 crest vertical
curves, Type 2 crest vertical curves, Type 1 sag vertical curves, and Type 2 sag curves. Type 1
vertical curves involved a change in sign between grade 1 (initial) and grade 2 (final) [grade 1 is
positive and grade 2 is negative for a crest vertical curve, the opposite for a sag vertical curve]
while the two grades on Type 2 vertical curves have the same sign. The road was then segmented
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based on the alignment combination, meaning that a new segment was started at any point the
horizontal or vertical alignment changed. To account for extreme values, the data were adjusted
using the following rules (Bauer and Harwood 2013):

1. A minimum roadway segment length of 0.1 miles was used.
2. Any Type 1 vertical curve (both crest and sag) was removed if the absolute values of both
the initial and final grades were less than one percent.
3. Any Type 2 vertical curve (both crest and sag) was removed if the change in grade was
less than one percent.
4. Any vertical curve with a K-value greater than 1,000 was excluded.
5. Any curve with a radius greater than 11,460 feet was excluded.
6. Any horizontal curve with a curve radius less than 100 feet was included but the radius was
manually set to 100 feet.

Statistical modeling was performed using negative binomial regression. CMFs were developed for
combinations of horizontal curves and all types of vertical curves. For each combination, separate
CMFs were developed for fatal and injury (FI) crashes and property damage only (PDO) crashes.
The CMFs are as follows (Bauer and Harwood 2013):

Equation 8 – CMF for Fatal and Injury Crashes on Horizontal Curves and Tangents on Straight Grades

𝐶𝑀𝐹𝑆𝐺,𝐹𝐼

5730
1
exp [0.04𝐺 + 0.19 𝑙𝑛 (2 ∗
) + 4.52 ( )]
𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑅
𝑅
={
exp[0.044𝐺]
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑜𝑛 𝑛𝑜𝑛𝑙𝑒𝑣𝑒𝑙 𝑔𝑟𝑎𝑑𝑒𝑠
1.0
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)
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Equation 9 – CMF for PDO Crashes for Horizontal Curves and Tangents on Straight Grades

exp[0.040𝐺 + 0.13 ln (2 ∗
𝐶𝑀𝐹𝑆𝐺,𝑃𝐷𝑂 =

exp[0.040𝐺]
{1.0

5730
1 1
) + 3.80 ( ) ( )] 𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑅
𝑅 𝐿𝐶
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑜𝑛 𝑛𝑜𝑛𝑙𝑒𝑣𝑒𝑙 𝑔𝑟𝑎𝑑𝑒𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 10 – CMF for Fatal and Injury Crashes for Horizontal Curves and Tangents on Type 1 Crest Vertical
Curves

𝐶𝑀𝐹𝐶1,𝐹𝐼

5730 𝐿𝑉𝐶
exp[0.0088 (
)(
)]
𝑅
𝐾
={
1.0
1.0

𝑓𝑜𝑟 ℎ𝑜𝑡𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 1 𝑐𝑟𝑒𝑠𝑡𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 11 – CMF for PDO Crashes for Horizontal Curves and Tangents on Type 1 Crest Vertical Curves

𝐶𝑀𝐹𝐶1,𝑃𝐷𝑂

5730 𝐿𝑉𝐶
exp[0.0046 (
)(
)]
𝑅
𝐾
={
1.0
1.0

𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 1 𝑐𝑟𝑒𝑠𝑡𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑛𝑒𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 12 – CMF for Fatal and Injury Crashes for Horizontal Curves and Tangents at Type 1 Sag Vertical
Curves

𝐶𝑀𝐹𝑆1,𝐹𝐼

1
5730 𝐿𝑉𝐶
exp[10.51 ( ) + 0.011 (
)(
)]
𝐾
𝑅
𝐾
1
=
exp [10.51 ( )]
𝐾
{1.0

𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 1 𝑠𝑎𝑔𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 13 – CMF for PDO Crashes for Horizontal Curves and Tangents at Type 1 Sag Vertical Curves

𝐶𝑀𝐹𝑆1,𝑃𝐷𝑂

1
5730 𝐿𝑉𝐶
exp [8.62 ( ) + 0.010 (
)(
)]
𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝐾
𝑅
𝐾
1
=
exp [8.62 ( )]
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 1 𝑠𝑎𝑔𝑠
𝐾
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)
{1.0
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Equation 14 – CMF for Fatal and Injury Crashes for Horizontal Curves and Tangents at Type 2 Crest Vertical
Curves

exp [0.20 𝑙𝑛 (2 ∗
𝐶𝑀𝐹𝐶2,𝐹𝐼 = {

5730
)]
𝑅

1.0
1.0

𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 2 𝑐𝑟𝑒𝑠𝑡𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 15 – CMF for PDO Crashes for Horizontal Curves and Tangents at Type 2 Crest Vertical Curves

𝐶𝑀𝐹𝐶2,𝑃𝐷𝑂

5730
exp [0.10 𝑙𝑛 (2 ∗
)]
𝑅
={
1.0
1.0

𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 2 𝑐𝑟𝑒𝑠𝑡𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 16 – CMF for Fatal and Injury Crashes for Horizontal Curves and Tangents at Type 2 Sag Vertical
Curves

𝐶𝑀𝐹𝑆2,𝐹𝐼

5730
exp [0.188 𝑙𝑛 (2 ∗
)]
𝑅
={
1.0
1.0

𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑟𝑎𝑠ℎ𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 2 𝑠𝑎𝑔𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)

Equation 17 – CMF for PDO Crashes for Horizontal Curves and Tangents at Type 2 Sag Vertical Curves

𝐶𝑀𝐹𝑆2,𝑃𝐷𝑂

5730
exp [0.022 (
) 𝐴]
𝑅
={
1.0
1.0

where:
G – grade [percent]
R – curve radius [feet]
LC – length of horizontal curve [feet]
LVC – length of vertical curve [feet]
K – rate of vertical curvature [feet/percent]
A – absolute change in grade [percent].

𝑓𝑜𝑟 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑐𝑢𝑟𝑣𝑒𝑠
𝑓𝑜𝑟 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 𝑎𝑡 𝑇𝑦𝑝𝑒 2 𝑠𝑎𝑔𝑠
𝑓𝑜𝑟 𝑙𝑒𝑣𝑒𝑙 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑠 (𝑏𝑎𝑠𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛)
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Again, the CMFs all confirm a priori expectations that crash frequency on the curve decreases as
curve radius increases. However, the magnitude of this effect varies based on the vertical
alignment. This is a very important finding because the current HSM algorithm treats horizontal
curves independent of vertical alignment.

Safety performance functions have also been developed for low-volume rural roadways
(ADT<1000 vehicles/day) in Italy (Acqua and Russo 2011) that indirectly consider the relationship
between horizontal curvature and vertical alignment. The data used consisted of 983.58 kilometers
of roadway from Southern Italy, of which roughly 24 percent was on flat or rolling terrain (absolute
grade less than 6 percent) and the rest on mountainous terrain (absolute grade greater than 6
percent). The data were divided based on this distinction, and a separate SPF was developed for
the two databases. Three years of crash data (2003-2005) were collected, consisting only of
“injurious” crashes (Acqua and Russo 2011). Many characteristics were included in the analysis,
including length, ADT, horizontal curvature (via “curvature index”), vertical grade, roadway width,
and predicted speed. Negative binomial regression was used to estimate the models. The results
are as follows (Acqua and Russo 2011):

Equation 18 – SPF for Low Volume Roads in Italy with Flat or Rolling Terrain

𝐴𝐷𝑇
𝑌=(
∗ 6 ∗ 10−5 ) ∗ (6 ∗ 10−1.5 ∗ 𝐶𝐼) ∗ 𝑒 (0.25∗𝑉−1.42∗𝑉𝐺𝐼) ∗ 𝑒 (0.81𝑊)
1000
Equation 19 – SPF for Low Volume Roads in Italy with Mountainous Terrain

𝑌= 𝑒

[−190.48+5.98∗(

𝐴𝐷𝑇
)+0.65𝑉] (224.51−13.83∗𝐶𝐼+6.81∗𝑉𝐺𝐼−7.15∗𝑊)
1000
𝑒

where:
Y – number of injury crashes per year per kilometer [injury crashes/year/km]
ADT – average daily traffic [vehicles/day]
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V – mean speed for the analyzed segment [km/h]
CI – curvature index (1 if 400𝑚 ≤ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑎𝑑𝑖𝑢𝑠 ≤ 500 𝑚, between 1 and 2 if
150𝑚 ≤ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑎𝑑𝑖𝑢𝑠 < 400𝑚, and between 2 and 3 if 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑎𝑑𝑖𝑢𝑠 <
150𝑚)
VGI – vertical grade indicator (1 if Average Grade < 3 percent, between 1 and 2 if 3 percent
≤ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐺𝑟𝑎𝑑𝑒 ≤ 6 percent, and between 2 and 3 if Average Grade > 6
percent)
W – total width of roadway, lanes plus shoulders [meters].

These models both had high goodness of fit statistics; however, few crashes were included in the
analysis database. The flat and rolling terrain model was only estimated using 59 crashes and the
mountainous terrain model only 49 crashes. Regarding horizontal curvature, the models were
conflicting. For flat and rolling terrain, a higher curvature index (representing sharper curves
within the segment) was associated with more crashes predicted on the segment. This matches the
findings of previous literature and engineering expectations. In mountainous terrain, increases in
the curvature index were associated with decreases in predicted crash frequency. However, the
minimum and maximum values for the curvature index are both essentially one when converting
the coefficient into a CMF, meaning curvature is almost negligible when predicting crashes on
mountainous roadways. Actual curve radii or degree of curvature should have been used for model
estimation to improve upon the results of the study.

2.1.5 Horizontal Curvature and Rural Road Subclasses
Labi (2011) suggests that rural road safety performance and the effect of road safety improvements
may vary based on the functional classification of roadways. The rural road subclasses (collectors,
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minor arterials, and principal arterials) differ in many ways, including: mobility, accessibility,
speeds, and heavy vehicle traffic. In this study, data were obtained for 540 segments of two-lane
rural highways in Indiana. Crash data consisted of police-reported crashes from 1997 to 2000.
Negative binomial regression was used to estimate safety performance functions. Three models
(PDO crashes, Injury crashes, and fatal and injury crashes) were estimated for each functional class,
resulting in nine models. Variables included in the analysis were section length, traffic volume,
lane width, left shoulder width, friction number, pavement condition, horizontal alignment (average
curve radius), and vertical alignment (average vertical grade). The modeling results reported by
Labi (2011) are shown in Table 1.

Table 1 – Crash Prediction Models based on Severity and Functional Subclass, Labi (2010)

It should be noted that the effect of horizontal curve radius on crash prediction varies based on
functional classification. This is best exemplified by the plots developed by Labi (2011) shown in
Figure 5.
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Figure 5 – Safety effectiveness of changes in horizontal curve radius (Labi 2011)

As shown in Figure 5, changes in curve radius are most effective at crash reduction on rural minor
arterials, while they are least effective on rural major collectors. Further, the crash reductions are
the same for all injury severity types. Based on these findings, functional classification should be
considered when developing crash prediction models for rural roadways.

2.1.6 Spatial Relationship with Adjacent Horizontal Curves
One factor studied extensively is the spatial relationship between consecutive horizontal curves.
As discussed in The Handbook of Road Safety Measures and proven in other works, the effect
of curve radius on safety is dependent on the length of the preceding tangent (Elvik et al. 2009;
Findley et al. 2012; Khan et al. 2013). The hypothesis is that drivers on long tangents are less
expectant of a horizontal curve than those on shorter tangents, meaning they have more trouble
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adjusting to the change in alignment. Also, roads with many curves (high curve density) tend to
have lower operating speeds than those with fewer curves (low curve density). Lower operating
speeds allow for drivers to more easily complete the curve task safely, which should lead to fewer
crashes.

Khan et al. (2013) developed safety models for horizontal curves on undivided rural roads of the
Wisconsin State Trunk Network.

Using GIS, 30,185 horizontal curves were identified for

modeling, ranging from a minimum radius of 200 feet (selected to discount intersection curves) to
a maximum of 10,000 feet (to exclude long tangent sections with a slight radius). The database
was further filtered through the removal of curves on divided roadways and those with missing
data. This resulted in a final database of 20,743 horizontal curves. Five years of crash history
(2006-2010) were utilized for the analysis. Crashes that occurred within 200 feet of the end of a
horizontal curve were considered horizontal curve crashes. Intersection crashes (those occurring
within 150 feet of the intersection) and animal crashes were removed from the database. A
regression tree was utilized using GUIDE (Generalized, Unbiased, Interaction Detection and
Estimation). This regression tree analysis allowed the researchers to develop a simple model for
horizontal curve safety as well as to identify a radius value over which changes in curve radius no
longer affect curve safety. This value was identified as 2,500 feet, meaning the curve database was
trimmed to include only curves with curve radii ranging between 200 and 2,500 feet. The data
were divided into four separate databases: HORC (crashes on horizontal curve), KABHORC (fatal
and injury crashes on horizontal curve), HORC_N (crashes on horizontal curve if curve is at least
150 ft away from an intersection or a driveway), and KABHORC_N (fatal and injury crashes on
horizontal curve if curve is at least 150 ft away from an intersection or a driveway). Negative
binomial regression was used to estimate the models. The results are as follows:
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Equation 20 – Khan et al. (2013) Crash Prediction Model for HORC Dataset

𝑁𝐻𝐶𝐶 = exp[−4.67 − 0.0008 ∗ 𝑅 + 0.0007 ∗ 𝐿 + 0.707 ∗ ln(𝐴𝐴𝐷𝑇) − 0.023 ∗ 𝐿𝑆𝑊 − 0.35
∗ 𝑅𝑆𝑇𝑟 + 0.16 ∗ 𝑅𝑆𝑇𝑢 − 0.082 ∗ 𝐼𝑅𝐼 + 0.011 ∗ 𝐷𝑖𝑓𝑓𝑃𝑆𝐴𝑆 − 0.41 ∗ 𝑈𝑇1 − 0.34
∗ 𝑈𝑇2 − 0.15 ∗ 𝑈𝑇3 ]
Equation 21 – Khan et al. (2013) Crash Prediction Model for KABHORC Dataset

𝑁𝐾𝐴𝐵,𝐻𝐶𝐶 = exp[−5.21 − 0.0007 ∗ 𝑅 + 0.0006 ∗ 𝐿 + 0.587 − ln(𝐴𝐴𝐷𝑇) − 15.52 ∗ 𝑅𝑆𝑇𝑅
+ 0.23 ∗ 𝑅𝑆𝑇𝑈 − 0.115 ∗ 𝐼𝑅𝐼 + 0.014 ∗ 𝐷𝑖𝑓𝑓𝑃𝑆𝐴𝑆 − 0.560 ∗ 𝑈𝑇1 − 0.428
∗ 𝑈𝑇2 − 0.205 ∗ 𝑈𝑇3 ]
Equation 22 – Khan et al. (2013) Crash Prediction Model for HORC_N Dataset

𝑁𝐻𝐶𝐶_𝑁 = exp[−4.71 − 0.0006 ∗ 𝑅 + 0.0007 ∗ 𝐿 + 0.646 ∗ ln(𝐴𝐴𝐷𝑇) − 0.0308 ∗ 𝐿𝑆𝑊
− 0.301 ∗ 𝑅𝑆𝑇𝑅 + 0.15 ∗ 𝑅𝑆𝑇𝑈 − 0.068 ∗ 𝐼𝑅𝐼 + 0.014 ∗ 𝐷𝑖𝑓𝑓𝑃𝑆𝐴𝑆 − 0.251
∗ 𝑈𝑇1 − 0.194 ∗ 𝑈𝑇2 − 0.052 ∗ 𝑈𝑇3 ]
Equation 23 – Khan et al. (2013) Crash Prediction Model for KABHORC_N Dataset

𝑁𝐾𝐴𝐵,𝐻𝐶𝐶_𝑁 = exp[−5.117 − 0.0005 ∗ 𝑅 + 0.0006 ∗ 𝐿 + 0.554 ∗ ln(𝐴𝐴𝐷𝑇) − 0.032 ∗ 𝐿𝑆𝑊
− 15.50 ∗ 𝑅𝑆𝑇𝑅 + 0.194 ∗ 𝑅𝑆𝑇𝑈 − 0.124 ∗ 𝐼𝑅𝐼 − 0.448 ∗ 𝑈𝑇1 − 0.322 ∗ 𝑈𝑇2
− 0.114 ∗ 𝑈𝑇3 ]
where:
N - number of crashes for specific crash type
R – curve radius [feet]
L – curve length [feet]
AADT – annual average daily traffic [vehicles/day]
LSW – left shoulder width [feet]
RSTR – right shoulder type, rumble strips [1 if present; 0 otherwise]
RSTU – right shoulder type, unpaved [1 if present; 0 otherwise]
IRI – average IRI (International Roughness Index) rating
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DiffPSAS – difference between posted and advisory speed limits [mph]
UT1 – upstream tangent is between 0-600 feet long [1 if present; 0 otherwise]
UT2 – upstream tangent is between 601-1200 feet long [1 if present; 0 otherwise]
UT3 – upstream tangent is between 1201-2600 feet long [1 if present; 0 otherwise].

Once again, it was shown that as horizontal curve radius increases, predicted crash frequency
decreases. Other notable results include that crash frequency decreases as left shoulder width
increases, the presence of rumble strips on the right shoulder decreases expected crash frequency,
and the presence of an unpaved right shoulder increases expected crash frequency. Also, fewer
crashes are expected on curves with shorter upstream tangent sections. This latter effect will be
discussed in further detail below.

Findley et al. (2012) investigated the safety effect of the spatial relationship between adjacent
horizontal curves. Motivated by the HSM’s treatment of horizontal curves as isolated geometric
features, the authors attempted to model curve safety as a function of the spatial relationship
between consecutive curves.

Data from two-lane rural roads in North Carolina were used to

develop a CMF to be incorporated into the HSM crash prediction algorithm that accounts for the
distance between adjacent curves (Findley et al. 2012). For consistency, the authors chose to
classify surrounding curves as either a distal or proximal curve. Given a curve bordered by two
curves (one upstream and one downstream), the proximal curve refers to the curve that is closer
while the distal curve refers to the farther curve; see Figure 6 for a visual explanation. In this
example, the distal curve to the curve of interest (Curve #2) is Curve #1 and the proximal curve is
Curve #3. This is because in this example, the tangent of length x is longer than the tangent of
length y. Negative binomial regression was used to develop the model in Equation 24.
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Figure 6 – Figure explaining the difference between distal and proximal curves (Findley et al. 2012)

Equation 24 – Curve Crash Prediction Equation using Spatial Relationships

𝐶𝑢𝑟𝑣𝑒 𝐶𝑟𝑎𝑠ℎ 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 = 𝐻𝑆𝑀 ∗ exp[0.116 + 0.367 ∗ 𝐷 + 0.122 ∗ 𝑃 − 0.255 ∗ (𝐷 ∗ 𝑃)]

where:
Curve Crash Frequency – total predicted crashes on horizontal curve [crashes/year]
HSM – crash prediction from Highway Safety Manual algorithm [crashes/year]
D – distance to distal curve [miles]
P – distance to proximal curve [miles].

The authors found that, under most conditions, this CMF produced more accurate crash predictions
than just the unadjusted HSM crash prediction algorithm when comparing the estimated crash
frequencies to observed collision history. While predicted crashes on the curve increases as D and
P increase, the negative coefficient associated with the interaction variable between P and D
indicates there is a point at which curve isolation decreases predicted crash frequency. This
relationship is illustrated in Figure 7, which depicts how the magnitude of the spatial relationship
CMF changes as a function of the distances to the distal (D) and proximal (P) curves.
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Figure 7 – Crash frequency on a horizontal curve as a function of distance to the distal (D) and proximal curves
(P)

This study is not without its limitations. The database only consisted of two two-lane roads in
North Carolina, and the data were not uniformly rural (some segments fell within urban or suburban
settings). The pseudo R-squared value of the model is also rather low (0.0082), which means that
the variables in the model do a poor job of improving the model when compared to using a constant
CMF value that is independent of the additional parameters. Despite these shortcomings, the
findings of this study should be considered when analyzing curve safety, especially since similar
effects were observed in other studies (e.g., Khan et al. (2013)).

Ultimately, it is clear that the approach tangent length has an impact on the safety of a horizontal
curve. However, increasing curve density (i.e., adding more horizontal curves) should not be
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considered a safety countermeasure to reduce crash frequencies. The reason is that while crash
frequency on curves decreases with shorter connecting tangents, a segment with high curve density
experiences a higher total crash frequency than a segment with lower curve density due to
differences in driver expectancy.

2.1.7 Driveway Density on Horizontal Curves
Other factors should be considered when modeling crash frequency on horizontal curves. Two of
the most significant CMFs in the HSM for rural roadways are horizontal curvature and driveway
density. The difference in the effect of driveway density on crash frequency on horizontal curves
and tangents on four-lane rural highways in Texas was estimated in (Fitzpatrick, Lord, and Park
2010). Fitzpatrick, Lord, and Park (2010) identified how driveway density affects a horizontal
curvature CMF. The data consisted of 260 simple horizontal curves from rural four-lane highways
in Texas. The curves varied in length between 0.1 and 1.5 miles and the preceding tangent had to
have been the length of the curve plus 0.1 miles. Five years of crash data (1997-2001) were
obtained for the curves, consisting of all non-PDO crashes (fatal, incapacitating injury,
nonincapacitating injury, and minor injury, KABC respectively on the KABCO Severity scale).
The CMFs were estimated using negative binomial regression. The resulting CMF for horizontal
curvature as a function of degree of curvature (DC) is as follows:

Equation 25 – CMF for Horizontal Curvature, Fitzpatrick et al. (2010)

𝐶𝑀𝐹 = 𝑒 0.0831∗𝐷𝐶

Further, CMFs for driveway density were developed separately for horizontal curves and tangents.
Estimation results revealed similar CMFs for both, meaning the authors found driveway density
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does not affect tangents and horizontal curves differently. The resulting CMF for driveway density,
shown in Equation 26, can be applied to both curves and tangents.

Equation 26 – CMF for Driveway Density, Fitzpatrick et al. (2010)

𝐶𝑀𝐹 = 𝑒 0.0152(𝐷𝐷−𝑏𝑎𝑠𝑒)
where
DD – driveway density [driveways/mile]
Base – baseline assumption of driveway density, 3 driveways/mile.

Ultimately, the authors found that degree of curvature is the principal predictor of horizontal curve
safety, consistent with the findings discussed earlier. However, the hypothesis that driveways
affected horizontal curves differently than tangents on rural four-lane highways was not supported
by the data used in the analysis.

2.1.8 Conclusions from Curve Safety Literature
Based on the existing literature, there are numerous factors that influence crash frequency on
horizontal curves. These are summarized in Table 2. The most important factor is the degree of
curvature. Thus, any horizontal curve CMF must include degree of curvature as an independent
variable. Other factors to consider for this analysis include lane width, shoulder width and type,
vertical alignment, distance to adjacent horizontal curves, curve length, and traffic. All of these
variables (except vertical alignment) are contained within the database being used for this thesis
and will be considered for this analysis.
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Table 2 - Curve Variables and their Expected Effect on Horizontal Curve Crash Frequency
Variable
Degree of Curvature [degrees/100 feet]
Lane Width [feet]
Shoulder Width [feet]
Distance to Distal Curve [miles]
Distance to Proximal Curve [miles]
Product of Distal and Proximal Distances [miles2]
Curve Length [miles]
AADT [veh/day]

Expected Effect on Crash Frequency
(+)
(-)
(-)
(+)
(+)
(-)
(+)
(+)

2.2 Development of Crash Modification Factors
As described above, Crash Modification Factors (CMFs) and Safety Performance Functions (SPFs)
serve as the primary means to quantify the safety performance of roadway facilities. Once a CMF
is estimated, its significance can be checked using its 95 percent confidence interval. If the value
1.0 is not included in the confidence interval, then the CMF is considered statistically significant
at the 95 percent level. A CMF value less than 1.0 indicates that there are fewer crashes associated
with the treatment of interest, relative to the non-treatment condition. A CMF value greater than
1.0 indicates that more crashes are associated with the treatment of interest.

It is essential that statistically rigorous and reliable CMFs are provided for any feature of interest,
including the presence of horizontal curves. A Guide to Developing Quality Crash Modification
Factors (Gross, Persaud, and Lyon 2010) discusses the main study designs used for developing
CMFs, which include the following: before-after studies (both using comparison groups and
Empirical Bayes), full Bayes studies, cross-sectional studies, case-control studies, and cohort
studies. The Empirical Bayes (EB) before-after study is considered the current state of the art for
traffic safety studies, specifically for the development of CMFs. This method combines expected
crash frequency with historical crash data to assess the effectiveness of a treatment (Hauer et al.
2002). This method would be the preferred study type for the development of any CMF and ideally
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used in this thesis. However, a before-after study is not feasible for infrastructure-based traits such
as horizontal curvature since there is generally no “before” period for which the roadway did not
have a horizontal curve; i.e., the roadway is generally not built without curve that is later added.
As a result, a cross-sectional study using an increasingly popular, and statistically rigorous, causal
inference method—the propensity scores-potential outcomes framework—is adopted instead. The
following is a brief review of the methodology and its use in highway safety.

2.2.1 Causal Inference using Propensity Scores and Potential Outcomes
In research, causality is usually measured using randomized, controlled experiments. However,
randomized, controlled experiments in highway safety are unethical and cost-prohibitive,
especially when the goal is to understand the safety effect of an infrastructure-based feature, such
as horizontal curves or lane width. This leaves highway safety researchers very few methods to
estimate and quantify causality. One common statistical method recently adopted by transportation
safety analysts is causal inference using the propensity scores-potential outcomes method, a
technique for improving quasi-experimental studies such as cross-sectional analyses (Dehejia and
Wahba 2002a). This analysis method uses individual site traits to calculate the site’s propensity
score, which describes the likelihood of the site receiving a specific treatment (Rosenbaum and
Rubin 1983). This method is used extensively in epidemiology for ethical reasons, similar to those
faced in highway safety (Linden, Adams, and Roberts 2005; Oakes and Church 2007; Stürmer et
al. 2005; Brener et al. 2004; D’Agostino 2007). Propensity score analysis is used to simulate a
controlled experiment because it accounts for non-random assignment of the treatment sites and
reduces selection bias in the data (Holmes 2013; Hirano, Imbens, and Ridder 2003; Guo and Fraser
2010). Typically, a binary logit or probit model is used to estimate propensity scores (Wood and
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Porter 2013; Aul and Davis 2006; Sasidharan and Donnell 2013; Li, Graham, and Majumdar 2013),
but other methods can be utilized, as will be discussed in Chapter 4.

For valid causal inference when using propensity scores-potential outcomes, three assumptions are
necessary (Hirano, Imbens, and Ridder 2003; Guo and Fraser 2010; Rubin 1980; Westreich and
Cole 2010; Sasidharan and Donnell 2013), including the following:

1. Stable Unit Treatment Value Assumption (SUTVA): The application of a treatment to
one entity does not affect the outcome for any other entities. This is similar to
randomized experiments and it is important that this assumption is justified.
2. Positivity: Each site in the analysis has a non-zero probability of receiving the
treatment. It can also be stated that each site has potential (yet unobserved) outcomes
in the other group.
3. Unconfoundedness: The treatment is conditionally independent of the potential
outcomes for a given set of covariates. Further, all confounding covariates are
measured, available, and included in the analysis to remove any hidden bias.

As mentioned earlier, the propensity scores-potential outcomes methodology has only recently
been introduced to the traffic safety literature and thus has only limited application. The framework
has been used to estimate CMFs for signal installation (Aul and Davis 2006), the safety effects of
pavement marking retroreflectivity (Karwa, Slavković, and Donnell 2011), the safety impacts of
design exceptions (Wood and Porter 2013) and of intersection lighting (Sasidharan and Donnell
2013; Sasidharan and Donnell 2014). It has also been used to analyze fatal crashes in the FARS
and NASS-GES databases (Clark and Hannan 2013), determine the socioeconomic costs of traffic
injuries in Denmark (Kruse 2013), assess the safety impacts of warning devices at highway-rail
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crossings (Park and Saccomanno 2007), analyze the past and future crash risk among cyclists in
New Zealand (Tin Tin, Woodward, and Ameratunga 2014), and find the safety impacts of speed
cameras (Li, Graham, and Majumdar 2013). All of these analyses have found that the propensity
scores-potential outcomes framework is an effective tool to assess traffic safety countermeasures.
As a result, this methodology can be adopted to analyze the effect of horizontal curves, comparing
“untreated” tangents to “treated” horizontal curves.

2.2.2 Crash-Frequency Analysis
Following propensity score estimation and matching, the potential outcomes and CMFs need to be
estimated. This can be done using various forms of count regression models. Lord and Mannering
(2010) summarized the many possible count regression methods used in traffic safety research.
Below is a brief review of the issues associated with the various modeling methods, as well as some
remedies that can overcome the issues.

Functional Form and Over- and Under- Dispersion of Data
Historical observed crash frequencies are discrete values that are always greater than or equal to
zero. This has led to the use of count regression for highway safety models. In statistics, the most
popular form of count regression is the Poisson regression. Though Poisson regression appears to
be the first form of count regression used in the traffic safety literature (Jovanis and Chang 1986),
it is not widely used because Poisson regression is hindered by the assumption that the mean is
equal to the variance. This is a problem because crash data are typically overdispersed, meaning
the variance is larger than the mean.

To account for this overdispersion, Poisson-gamma

regression, also known as negative binomial regression, has been adopted (Lord and Mannering
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2010). Negative binomial regression is used extensively for crash prediction and CMF estimation
in the traffic safety literature (Lord and Mannering 2010; Fitzpatrick, Lord, and Park 2010;
Bonneson, Zimmerman, and Fitzpatrick 2005; Khan et al. 2012; Labi 2011; Findley et al. 2012;
Shankar, Mannering, and Barfield 1995; Chang 2005; Miaou 1994; Abdel-aty and Radwan 2000;
Manuel, El-Basyouny, and Islam 2014). Modeling options become extremely limited if the data
are under-dispersed, meaning the variance is less than the mean (Lord and Mannering 2010). The
specifics of Poisson and negative binomial regression will be discussed in the Methodology
chapter. If the wrong functional form is chosen, the results will be biased and possibly even
erroneous (Lord and Mannering 2010).

Time-Varying Explanatory Variables
Lord and Mannering (2010) state there is a loss of explanatory ability if a time-varying variable is
averaged over a time period. The authors use the example of precipitation, stating that precipitation
averaged over a long period of time (such as months or days) can lead to errors in model regression
and incorrect coefficients. This issue should not arise in this analysis as the only time-varying
variable, annual average daily traffic (AADT), is generally considered to be a proven predictor of
crash frequency.

Temporal and Spatial Correlation
When dealing with empirical crash data, multiple observations exist for each roadway segment. In
the database used for this thesis, there are eight observations of crash frequency for each segment
(one for each year of 2005-2012). Data in this form are referred to as panel data. The presence of
panel data results in spatial and temporal correlation between crash frequencies, which, from an
econometric standpoint, causes decreased estimation efficiency (Lord and Mannering 2010). To
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model crash frequency using a panel data approach, the best method for handling the spatial and
temporal correlation is the random-effects negative binomial regression model (Miaou, Song, and
Mallick 2003; Shankar et al. 1998; Johansson 1996). The random effects model assumes the
common unobserved effects are distributed over the units in the panel data, while simultaneously
assuming that there is no correlation between shared unobserved effects and the explanatory
variables (Lord and Mannering 2010). This will be explained further in the Methodology chapter.

Fixed effects regression techniques can also be used to model panel data (Hilbe 2011) in the traffic
safety context. Fixed effects regression allows the shared unobserved effects to be associated with
the observed variables, unlike the random-effects regression models (Allison 2009). The panel is
accounted for by providing an indicator variable for each year (Hilbe 2011). There are two types
of fixed effects models: conditional and unconditional, which differ in their form of the loglikelihood function. The conditional fixed effects negative binomial estimates 𝛽 by maximizing a
conditional joint distribution function (Yaacoob, Lazim, and Wah 2012). The unconditional fixed
effects negative binomial uses a dummy variable for each year and estimates 𝛽 by maximizing the
full log-likelihood equation of the model (Yaacoob, Lazim, and Wah 2012). However, the
conditional model has recently been proven ineffective because it is not a true fixed effects model
(Allison and Waterman 2002; Guimarães 2008), and the unconditional model can only be used if
there are less than 20 panels, otherwise the estimates are biased (Hilbe 2011; Neyman and Scott
1948).

A hybrid of fixed and random effects models, known as the mixed effects model, can also be
applied to address spatial and temporal correlation in count data (Hilbe 2011). Mixed effects
models include random parameters to correct for serial correlation, while simultaneously allowing
estimation of the overdispersion parameter to capture the effects of cluster overdispersion. The
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most common form of the mixed effects model is the random intercept model (Hilbe 2011). The
model is considered a random parameters model if the parameters are specified to be random.
However, if multiple parameters are allowed to be random, the model may over-adjust for
correlation in relation to the data (Hilbe 2011). The use of mixed-effects regression has been
limited in traffic safety (Butsick, Jovanis, and Wood 2015; Wood, Donnell, and Porter 2015;
Anastasopoulos and Mannering 2009); however, the method has been proven effective at handling
panel crash data.

Another method for handling spatial and temporal correlation is the use of generalized estimating
equation models (Lord and Mannering 2010). Generalized estimating equations are an extension
of generalized linear models that can be used to analyze longitudinal (panel) data by “assuming a
functional form for the marginal distribution each time” (Liang and Zeger 1986). This can be done
using two methods, a subject-specific approach, which models heterogeneity, or the populationaveraged approach, which disregards individual heterogeneity and models the response as a
function of covariates (Zeger, Liang, and Albert 1988). Generalized estimating equations have
been shown to be effective for developing SPFs using multiple years of crash data (Lord and
Persaud 2000).

To determine which of these models best fits the data, models can be compared using the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC). AIC measures model
quality as a function of the maximum likelihood estimates and the number of parameters used in
the model (Akaike 1973). BIC, though less popular (Aho, Derryberry, and Peterson 2014),
improves upon AIC by adding sample size to the metric calculation (Schwarz 1978). For both
metrics, the lower the value the better the quality of the model. AIC has been found to be a better
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measure of complex model selection while BIC is better for model confirmation and falsification
(Aho, Derryberry, and Peterson 2014).

Low Sample-Mean and Small Sample Size
It is typical of crash frequency data to be characterized by excess zero-observations, lowering the
sample mean and skewing it towards zero (Lord and Mannering 2010). To handle this issue, the
zero-inflated Poisson and negative binomial regression models have been developed. The zeroinflated model actually consists of two models; a binary logit or probit model to predict if the
segment if in the zero-state, and a count regression model to estimate the non-zero frequencies
(Lambert 1992; Washington, Karlaftis, and Mannering 2010). Because the excess-zero issue is
significant in highway and traffic safety analysis, zero-inflated models have become popular in the
field (Shankar, Milton, and Mannering 1997; Carson and Mannering 2001; Lee and Mannering
2002; Kumara and Chin 2003; Shankar et al. 2003; Miaou 1994; Malyshkina and Mannering 2010).
Despite their perceived benefit, zero-inflated models imply a long-term mean of zero (or “safe
state”), meaning the models do not accurately describe the nature of crash frequency data (Lord,
Washington, and Ivan 2005; Lord, Washington, and Ivan 2007; Lord and Mannering 2010).

Correlations between Injury-Severity and Crash Types
Crash frequency models of specific crash severities or specific crash types may be affected by
correlation between injury severity levels or specific crash types. For example, head-on crashes
may be highly correlated with major injury and fatal crashes. This can lead to biased and inefficient
regression results (Lord and Mannering 2010). This issue will not arise in this analysis as crash
frequency models are only being developed for total crash frequency, fatal and injury crash
frequency, and fixed object crash frequency (as a proxy for run-off-road crashes).
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Under Reporting
Under reporting less-severe crashes is a common problem in traffic safety (Lord and Mannering
2010; Elvik and Mysen 1999). The likelihood of a crash being reported is agency function of
reporting thresholds, which are often related to injury severity outcomes or vehicle tow-away
conditions (Hauer and Hakkert 1988; Aptel et al. 1999; James 1991). The major issue that arises
is that the rate of underreporting is unknown (Lord and Mannering 2010). If under-reporting is not
accounted for, regression analyses may result in biased estimates (Ma 2009; Kumara and Chin
2005). Kumara and Chin (2005) argue that using a zero-inflated model accounts for under
reporting, while Ma (2009) suggested using Bayesian analysis.

Omitted-Variable Bias
Lacking an explanatory variable may result in biased regression results (Lord and Mannering 2010;
Washington, Karlaftis, and Mannering 2010). The data being used for this analysis are extensive,
meaning this issue should not arise in this thesis.

Endogeneity
Endogeneity may arise if the value of an explanatory variable depends on crash frequency of the
segment (Lord and Mannering 2010). Accounting for endogeneity in count regression models
greatly increases the complexity of the analysis (Kim and Washington 2006). This issue may arise
in this database because horizontal curve warning pavement markings were likely placed at curves
with “high” crash frequency. If this endogenous relationship is not accounted for, one may
conclude that these warning markings result in an increase in crash frequency on the segment. As
a result, segments with these markings will be removed from this analysis.
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2.2.3 Conclusions based on Crash Modification Development Literature Review
Based on the literature review, numerous methods exist for developing crash modification factors
and functions. The most appropriate method for this analysis is a cross-section analysis enhanced
with the propensity scores-potential outcome methodology, matching “treated” horizontal curves
with “untreated” tangents. A site is considered “treated” if the degree of curvature on the segment
is greater than zero. Once sites are matched, negative binomial regression can be used to develop
a CMF for horizontal curvature. All of the issues covered by Lord and Mannering (2010) will be
considered to maximize the effectiveness of the resulting CMF.

2.3 Literature Review Conclusions
Safety on horizontal curves has been analyzed extensively in the traffic safety literature. All
analyses generally agree that crash frequency on the curve is expected to decrease as the radius of
curve increases. However, the magnitude of this effect has varied greatly. Also, many other
variables have been shown to significantly impact horizontal curve safety, and thus these variables
should be considered when developing a CMF for horizontal curvature. These characteristics are
considered in the present study. After considering the state-of-the-art modeling methods and the
data available for this thesis, a horizontal curve CMF is developed using the propensity scorespotential outcomes methodology. A binary logit model is used to estimate the propensity scores,
and the treated and untreated sites are then matched based on covariates such as traffic volume,
segment length, lane and shoulder width, roadside hazard rating, and other characteristics.
Random, and mixed effects models are developed and compared, and the best model is
recommended for inclusion into the FHWA CMF Clearinghouse. Ideally, this CMF will eventually
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be adopted by highway safety practitioners, such as PennDOT, and included into the AASHTO
HSM.
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Chapter 3
Methodology

The propensity scores-potential outcomes framework is employed in this thesis to develop crash
modification factors (CMFs) for horizontal curvature. Included in this chapter is a review of the
propensity scores estimation method. Then, propensity score matching techniques used to pair
horizontal curves with similar tangent sections is discussed. After the matching methods are
reviewed, potential outcomes methods using count regression models are described. Negative
binomial regression and several variations—such as random effects, fixed effects and mixed effects
models—are then explained. Measures to determine the predictive capability of each method are
also described in this chapter of the thesis.

3.1 Cross-County Matching
The complete database was divided into two sub-databases based on the county designation of
individual curve and tangent segments to ensure that individual curves are not matched with
adjacent horizontal tangents. The 66 counties containing two-lane rural roadways in Pennsylvania
were randomly ordered prior to matching. Dataset 1 consisted of horizontal tangents from the first
33 of the randomly ordered counties and the horizontal curves were contained in the remaining 33
counties. Dataset 2 consisted of the opposite—the curves were identified from the first 33 counties
and the tangents were from the remaining 33 counties. The methodology described in the remainder
of this section was performed using Dataset 1 to develop the CMFs for horizontal curvature then
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repeated on Dataset 2 to validate the results of the analysis. This split ensures curves are not
matched with preceding tangents, which is important for meeting the SUTVA assumption of causal
inference (if not, it could be argued that by treating a segment as a horizontal curve, the adjacent
segment had to be a tangent).

3.2 Propensity Scores-Potential Outcomes
The propensity scores-potential outcomes framework is a causal inference method that attempts to
mimic randomized experiments using observational data (Holmes 2013). It enhances a typical
observational cross-sectional study by comparing treated and untreated entities with similar
propensity scores. A propensity score provides the likelihood that an entity will receive a treatment
based on the other observed characteristics of the entity (Rosenbaum and Rubin 1983). Once the
propensity scores are estimated, the treated and untreated entities are paired using one of various
matching algorithms. Matching is the process of identifying the treated and untreated site with the
closest propensity scores, which mimics a randomized experiment. By matching sites, one can
compare an outcome from a treatment to what the outcome would have been if the site was not
treated, thus providing the ‘potential outcomes’ from the method’s name. Matching has been found
to significantly reduce selection bias in the final regression models (Holmes 2013). Once entities
are matched, count regression models are used to determine the treatment effect (Rosenbaum and
Rubin 1983).

3.2.1 Propensity Score Estimation
Propensity scores provide the probability (between 0 and 1) that an entity will receive a treatment
and are estimated using the observed characteristics of the entity itself (Holmes 2013).
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Traditionally, propensity scores have been estimated using either a binary logit or probit model
(Guo and Fraser 2010). In this thesis, the binary logit model was used to estimate the propensity
scores for horizontal curvature in each of the roadway segments. A binary logit model is estimated
using the treated variable (in this case, the presence of a horizontal curve) as the dependent variable
and a vector of covariates as the independent variables. The prediction for each observation is then
stored as the propensity score. The conditional probability of a binary logistic regression is provided
in Equation 27, which shows the probability that a road segment will be in a condition of treated
(horizontal curve present, HC=1) or untreated (horizontal curve not present, HC=0) (Guo and
Fraser 2010).

Equation 27 – Conditional Probability of Binary Logistic Regression

𝑃(𝐻𝐶𝑖 |𝑋𝑖 = 𝑥𝑖 ) = 𝐸(𝐻𝐶𝑖 ) =

𝑒 𝑥𝑖𝛽𝑖
1 + 𝑒 𝑥𝑖𝛽𝑖

where
𝐻𝐶 - presence of a horizontal curve [1 if present; 0 otherwise]
𝑋 - vector of covariates
𝑖 - observation segment number
𝛽 – vector of estimated coefficients.

This can be derived into the functional form shown in Equation 28 (Guo and Fraser 2010). The
resulting estimate, 𝑃, is considered the propensity score for each road segment observation.

Equation 28 - Functional Form of Binary Logistic Regression

ln (
where

𝑃
) = 𝑋𝑖 𝛽𝑖
1−𝑃
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𝑃 - propensity score, probability that 𝐻𝐶 = 1.

The 𝛽 vector of coefficients can be estimated by maximizing the log-likelihood shown in Equation
29 (Guo and Fraser 2010).

Equation 29 - Log-Likelihood Function of Binary Logit
𝑁

𝑁

𝑙𝑛[𝐿(𝛽)] = ∑ 𝐻𝐶𝑖 (𝑥𝑖 𝛽𝑖 ) − ∑ ln(1 + 𝑒 𝑥𝑖𝛽𝑖 )
𝑖=1

𝑖=1

where
𝐿(𝛽) – log-likelihood of the binary logit.

These models are estimated using all independent variables that are thought to be associated with
horizontal curvature. These variables include length, AADT, presence of rumble strips or passing
zone, combined lane width, shoulder width, posted speed limit and roadside hazard rating.
Statistical significance is not considered important for the covariates included in the models as
propensity score models should be created to maximize predictive power.

3.2.2 Propensity Score Matching
Many different algorithms exist to match treated and untreated entities. A few of these matching
techniques include nearest-neighbor (NN) matching, radius matching, kernel matching, and
Mahalanobis matching (Guo and Fraser 2010; Holmes 2013; Sasidharan and Donnell 2013). The
algorithms used in these matching techniques vary, and no single method has proven best for all
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applications; thus, the optimal method is dependent on the data being analyzed. Typically, nearest
neighbor or Mahalanobis matching is used (Holmes 2013).

Propensity scores can be matched using either one treated to one untreated entity (1:1) or one treated
to n untreated entities (1:n). When choosing the number of untreated entities to match to each
treated entity, one must consider the balance between minimizing the total differences in the
estimated propensity scores (1:1 matching) and increasing the efficiency (i.e., smaller standard
errors) of the coefficient estimates from the potential outcomes regression (1:n matching) (Dehejia
and Wahba 2002a). Untreated entities can also be matched to multiple treatment entities (known
as replacement) (Holmes 2013). While this may reduce bias by minimizing the differences in
propensity scores between the treated and untreated entities for matching, it may reduce the
efficiency of the estimators by reducing the amount of variance in the data (Dehejia and Wahba
2002a).

3.2.3 Nearest Neighbor (NN) Matching
Nearest Neighbor (NN) matching is performed by matching a treated entity to the untreated entity
(or entities if using a 1:n approach) with the closest estimated propensity score; i.e., it seeks to
minimize the difference in estimated propensity scores for every match (Rosenbaum and Rubin
1983; Dehejia and Wahba 2002b; Sasidharan and Donnell 2013; Guo and Fraser 2010). For this
to be done properly, the data must first be sorted in random order (due to potentially having multiple
entities with identical estimated propensity scores). Failure to randomly order the data may bias
the results (Sasidharan and Donnell 2013; Guo and Fraser 2010). Once the observations are
randomized, the first treated entity is selected and matched to the untreated entity with the closest
propensity score within a specified caliper width, followed by the removal of the matched entities
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from the sample (if replacement is allowed, only the treated entity is removed) (Sasidharan and
Donnell 2013).

This process is then repeated until all treated entities have been matched to an untreated entity with
a propensity score within a specified caliper width. Once this is complete, any unmatched entity
(treated or untreated) is dropped from the analysis (i.e., only the matched entities are included in
the analysis). The effectiveness of the matching procedure at balancing the covariates and reducing
selection bias is assessed using the standardized bias. The standardized bias quantifies the
differences in covariate distribution between the treated and untreated sample. If the matching
process is effective, the standardized bias for each of the covariates in the database (other than the
outcome or treatment) should be small (usually less than 10 percent) (Sasidharan and Donnell 2013;
Holmes 2013). Standardized bias is calculated using Equation 30 (Sasidharan and Donnell 2013).
Standardized bias below 10 percent for each covariate indicates significant overlap between the
treated and untreated data set. Measuring the improvement in standardized bias between the
matched and unmatched sample indicates an improvement in covariate balance from matching on
the propensity score (Holmes 2013). Once the matching is completed, treatment effects estimation
begins.

Equation 30 – Calculation of Standardized Bias

𝑆𝑡. 𝐵𝑖𝑎𝑠 =

100(𝑥̅ 𝑇 − 𝑥̅𝑈𝑇 )
2

2

√𝑆𝑇 + 𝑆𝑈𝑇
2

where
𝑥̅ 𝑇 – sample mean of the treated group for a variable x
𝑥̅𝑈𝑇 – sample mean of the untreated group for a variable x
𝑆𝑇2 – sample variance of the treated group for a variable x
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2
𝑆𝑈𝑇
– sample variance of the untreated group for a variable x.

3.2.4 Calipers
To ensure close matches, a maximum caliper width restriction may be applied to the NN matching
algorithm (Sasidharan and Donnell 2013; Guo and Fraser 2010). If no untreated entity has a
propensity score within the specified caliper width around the propensity score of a treated entity,
the treated entity is not matched. As mentioned previously, unmatched entities are not included in
the analysis of the treatment effects (Sasidharan and Donnell 2013). When considering what value
to use for a caliper width, the balance between increased selection bias and poor matches (result of
large caliper widths) and the number of dropped treated entities (result of small caliper widths)
should be considered (Holmes 2013). Typically, caliper widths of 0.20-0.25 times the standard
deviation of the estimated propensity scores of the treated group are used (Sasidharan and Donnell
2013; Holmes 2013).

However, other caliper widths, such as 0.05 or 0.10 times the standard

deviation, can be used to identify more accurate matches (Holmes 2013).

3.3 CMF Estimation
As discussed in Chapter 2, count regression models are the most appropriate method for modeling
crash frequency since crashes are discrete, non-negative count variables. The use of count
regression models in traffic safety was first introduced by Jovanis and Chang, which employed
Poisson regression (Jovanis and Chang 1986). As discussed in section 2.1.2, Poisson regression is
limited by the underlying assumption that the mean and variance of the dependent variable are
equal. In observational data, this is almost always untrue as the variance is typically larger than
the mean, which is known as overdispersion. Negative binomial regression accounts for the
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overdispersion exhibited in crash data (Shankar, Mannering, and Barfield 1995; Miaou 1994).
When serial correlation is present in crash data, the standard errors from negative binomial
regression may be underestimated (Kennedy 2008). Crash frequency data are typically longitudinal
data, meaning there exists repeated observations for the same site over time, and this will introduce
temporal correlation. This can be addressed using various regression tools, such as random or
mixed effects models.

The following sections describe the various statistical modeling methods used for this thesis to
develop CMFs for horizontal curves. Though Poisson regression was not used (all crash data
exhibited overdispersion), it is included due to its significance in developing the theory of the more
complex models to be used (Washington, Karlaftis, and Mannering 2011).

3.3.1 Poisson Regression
The typical functional form of Poisson regression for a count variable y is as follows (Greene 2008):

Equation 31 - Poisson Regression Model

𝜆𝑖𝑗 = exp(𝛽0 + 𝑥𝑖𝑗 𝛽𝑖𝑗 )
where:
𝑥𝑖 – vector of covariates for an observation 𝑦𝑖
𝛽 – estimated coefficient
𝑖 – observation segment
𝑗 – observation period.

51
The two most significant assumptions underlying the Poisson regression model are that y follows
a Poisson distribution and the variance of y is equal to the mean of y, as shown in Equation 32
(Wooldridge 2002).

Equation 32 - Variance of Y for Poisson Regression

𝑉𝑎𝑟(𝑦𝑖 |𝑥𝑖 ) = 𝐸(𝑦𝑖 |𝑥𝑖 )

The restriction of the variance reduces the applicability of Poisson regression because observational
data (especially crash frequency data) are typically overdispersed, meaning the variance is larger
than the mean (Greene 2008). Using Poisson regression in this situation can lead to biased
estimates of β (Shankar, Mannering, and Barfield 1995).

The Poisson probability function for outcome y is shown in Equation 33 (Shankar, Mannering, and
Barfield 1995).

Equation 33 - Poisson Distribution of Y
𝑦

𝑃(𝑌 = 𝑦𝑖𝑗 ) =

𝑒 −𝜆𝑖𝑗 𝜆𝑖𝑗𝑖𝑗
𝑦𝑖𝑗 !

3.3.2 Negative Binomial Regression
The negative binomial regression model is a more general form of the Poisson regression model in
that the variance of the data is not assumed to be equal to the mean (the data are assumed to be
overdispersed). The form of the model is similar to the Poisson model, but a gamma-distributed
error term is applied as shown in Equation 34 (Shankar, Mannering, and Barfield 1995).
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Equation 34 - Negative Binomial Regression Model Form

𝜆𝑖𝑗 = exp(𝛽0 + 𝑥𝑖𝑗 𝛽𝑖𝑗 + 𝑒𝑖𝑗 )
where
𝑒𝑥𝑝(𝑒𝑖𝑗 ) – gamma-distributed error term.

The mean-variance relationship of the negative binomial model is shown in Equation 35 (Shankar,
Mannering, and Barfield 1995).

Equation 35 - Variance of the Negative Binomial Regression

𝑉𝑎𝑟[𝑦𝑖𝑗 |𝑥𝑖𝑗 ] = 𝐸[𝑦𝑖𝑗 |𝑥𝑖𝑗 ] ∗ [1 + 𝛼𝐸[𝑦𝑖𝑗 |𝑥𝑖𝑗 ]]
where
α – overdispersion parameter derived from model estimation.

It is clear that as α approaches zero, the variance function takes the form of the Poisson variance
function. The probability function for the negative binomial model is shown in Equation 36
(Shankar, Mannering, and Barfield 1995).

Equation 36 - Probability Distribution of the Negative Binomial Model

𝑃(𝑌 = 𝑦𝑖𝑗 ) =
where
𝜑 = 1/𝛼
𝜑

𝑢𝑖𝑗 = 𝜑+𝑦 .
𝑖𝑗

Γ(𝜑 + 𝑦𝑖𝑗 ) 𝜑
𝑢 (1 − 𝑢𝑖𝑗 )𝑦𝑖𝑗
Γ(𝜑)𝑦𝑖𝑗 ! 𝑖𝑗
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Finally, the log-likelihood function for the negative binomial model is shown in Equation 37
(Shankar, Mannering, and Barfield 1995). Maximizing this function provides estimates for the
regression coefficients.

Equation 37 - Negative Binomial Likelihood Function
𝑁

𝑍

𝜑

Γ(𝜑 + 𝑦𝑖𝑗 )
𝜆𝑖𝑗
𝜑
𝐿(𝜆𝑖𝑗 ) = ∏ ∏
[
] [
]
Γ(𝜑)𝑦𝑖𝑗 ! 𝜑 + 𝜆𝑖𝑗
𝜑 + 𝜆𝑖𝑗

𝑦𝑖𝑗

𝑖=1 𝑗=1

where
𝑁 – number of segments of data
𝑍 – number of years of data.

Negative binomial regression is the typical regression method used for predicting safety
performance functions (SPFs). When estimating an SPF for road segments, the two most important
covariates to be included in the model are segment length and AADT. The typical functional form
for an SPF is shown in Equation 38 (Wood, Donnell, and Porter 2015).

Equation 38 - SPF Functional Form
𝛽

𝜆𝑖 = 𝐿𝑖 𝐴𝐴𝐷𝑇𝑖 exp(𝛽0 + 𝛽1 𝑥1 + ⋯ + 𝛽𝑛 𝑥𝑛 )
where
𝜆 - predicted crash frequency for the segment [crashes/year]
𝑖 – observation segment
𝑛 – number of covariates included in model
𝐿 – length of segment [miles]
AADT – annual average daily traffic [veh/day].
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Estimation of CMFs for horizontal curvature uses the estimates of β for the appropriate covariates
(degree of curvature, presence of horizontal curve, and the spatial relationship variables). The CMF
is simply the exponentiated coefficient (i.e., 𝐶𝑀𝐹𝑥 = 𝑒 𝛽𝑥 ). The significance of the CMF is
determined from the 95 percent confidence interval of the coefficient estimate, as shown in
Equation 39 (Hilbe 2011).

Equation 39 – 95 Percent Confidence Interval for Estimated CMFs

𝐶𝐼𝛼=0.05 = 𝑒 (𝛽𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 ±1.96𝜎𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 )
where
CIα=0.05 – 95 percent confidence interval of the CMF
𝛽𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 – CMF estimation of the covariate
𝜎𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 – standard error of the CMF estimation.

While negative binomial regression many be the most commonly used model for crash frequency
estimation (AASHTO 2010), it is not without limitations. As mentioned previously, the model is
unable to account for spatial and temporal correlation, a significant issue when using panel data
(repeated observations on same entity). As discussed in Chapter 2, numerous methods exist for
improving the model to account for this correlation. Three common methods considered for this
thesis are discussed next.

3.3.3 Random Effects
The random effects model accounts for serial and temporal correlation by applying a random effect
to the negative binomial for the location and time period (i.e., a random intercept), accounting for

55
overdispersion across the observations for each segment (Shankar et al. 1998). The functional form
for the random effects negative binomial is shown in Equation 40 (Shankar 1998):

Equation 40 - Random Effects Negative Binomial Functional Form

𝜆𝑖𝑗 = 𝑒 (𝛽0 +𝑥𝑖𝑗 𝛽𝑖𝑗+𝜇𝑖)
where
𝜇𝑖 – random effect for the 𝑖th panel where 𝐸(𝜇𝑖 ) is gamma-distributed with a mean of 1
and a variance of α
i – observation segment
j – observation period.

Further, assuming

𝜑𝑖
1+𝜑𝑖

to be B(a,b) where B(.) represents the beta distribution, the joint density

function in Equation 41 is derived (Shankar et al. 1998; Hausman, Hall, and Griliches 1984).

Equation 41 - Joint Density Function for Random Effects Negative Binomial

𝑃(𝑌 = 𝑦𝑖𝑗 ) =

Γ(𝑎 + 𝑏)Γ(𝑎 + ∑𝑗 𝜆𝑖𝑗 )Γ(𝑏 + ∑𝑗 𝑦𝑖𝑗 )
Γ(𝜆𝑖𝑗 + 𝑦𝑖𝑗 )
∏
Γ(𝑎)Γ(𝑏)Γ(𝑎 + 𝑏 + ∑𝑗 𝜆𝑖𝑗 + ∑𝑗 𝑦𝑖𝑗 )
(𝜆𝑖𝑗 )𝑦𝑖𝑗 !
𝑗

The vector of β coefficients as well as the parameters a and b (for the random effects) are estimated
by maximizing the log-likelihood equation (Shankar et al. 1998).

3.3.4 Fixed Effects
Two forms of the fixed effects negative binomial exist: conditional and unconditional. The
unconditional model is estimated by applying an individual fixed effect for each panel in the model
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and is specified using dummy variables. The conditional model also uses an individual fixed effect;
however, no dummy variables are required, and the fixed effect parameter is not included in the
log-likelihood function. Neither of these models are used in this thesis. The unconditional model
can only be used if there are less than 20 panels (i.e., entities); otherwise, the analyst may encounter
the ‘incidental parameters problem,’ in which too many parameters cause problems with the
likelihood function and reports incorrect estimates (Hilbe 2011; Neyman and Scott 1948). The
conditional model, on the other hand, has been found to not control for all predictors and is,
therefore, not a true fixed effects model (Hilbe 2011; Allison and Waterman 2002).

3.3.5 Mixed Effects
The mixed effects negative binomial regression model is a model with both fixed and random
parameters, of which the most common is the random intercept model (Hilbe 2011). The model
receives its name because a randomly distributed intercept is added to the model (Hilbe 2011). The
random intercept accounts for overdispersion across panels while the overdispersion parameter
accounts for overdispersion within the panel. The estimated coefficients are fixed or random within
and across panels (Hilbe 2011). The functional form of the mixed effects negative binomial with
a random intercept is shown in Equation 42.

Equation 42 - Mixed Effects Negative Binomial Functional Form

𝜆𝑖𝑗 = exp(𝛽0𝑖 + 𝛽1𝑖 𝑥1𝑖 + ⋯ + 𝛽𝑛𝑖 𝑥𝑛𝑖 + 𝜖𝑖𝑗 )
where
𝜀𝑖𝑗 – random error term.
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The coefficients are estimated using quadrature estimation methods or simulation (Stata
Corporation 2013). The mean-variance relationship for the mixed effects negative binomial with
a random intercept is shown in Equation 43 (Hilbe 2011).

Equation 43 - Mean-Variance Relationship of Mixed Effects Negative Binomial Regression
2

𝑉𝑎𝑟[𝑦𝑖𝑗 ] = 𝐸𝑥𝑝[𝑦𝑖𝑗 |𝑥𝑖𝑗 ] + [𝑒 𝜎𝛽0 (1 − 𝛼) − 1] ∗ 𝐸𝑥𝑝[𝑦𝑖𝑗 |𝑥𝑖𝑗 ]2
where
𝜎𝛽20 - variance of the estimated random intercept.

The probability function for the mixed effects negative binomial equation is shown in Equation 44
(Stata Corporation 2013).

Equation 44 - Probability Function for Mixed Effects Negative Binomial

1
Γ(𝑦 + 𝛼 )

1/𝛼

1
𝑃(𝑦𝑖𝑗 = 𝑦|𝛽0𝑖 ) =
(
)
1 1 + 𝛼𝜆𝑖𝑗
Γ(𝑦 + 1)Γ( )
𝛼

1
(1 −
)
1 + 𝛼𝜆𝑖𝑗

𝑦

where
𝛽0𝑖 – random effect for panel i
𝑦𝑖𝑗 – outcome for panel i during period j
𝜆𝑖𝑗 – predicted outcome for panel i during period j.

3.4 Standard Error for Crash Modification Function
The standard error of the CMFunction can be derived using the standard error of the coefficients
used in the function. Given a set of inputs for the CMFunction, a point standard error can be
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calculated using the variance function shown in Equation 45 (Mahadevan and Haldar 2000; Ang
and Tang 2007). The desired standard error is the square root of the calculated variance. It should
be noted that this variance function assumes that all variables included are statistically independent
and are not correlated, meaning no variance is shared amongst variables (Ang and Tang 2007;
Mahadevan and Haldar 2000).

Equation 45 – Variance of the CMFunction
𝑛

𝑉𝑎𝑟(𝑔(𝛽)) = ∑ (
𝑖=1

𝜕𝑔 2
) 𝑉𝑎𝑟(𝛽𝑖 )
𝜕𝛽𝑖

where
𝑔(𝑥) – CMFunction
𝛽 – coefficient of the variables in CMFunction
𝑛 – number of variables in CMFunction.

3.5 Assessing Model Fit and Predictive Power
Total, fatal and injury, and hit fixed object crashes (a proxy for run-off-road crashes) were modeled
using several statistical methods. To select the best model for each crash type, numerous measures
of goodness-of-fit and predictive power were used. Metrics measuring goodness of fit included the
pseudo R2 (Equation 46), the Akaike Information Criterion (AIC, Equation 47), and the Bayesian
Information Criterion (BIC, Equation 48). Pseudo R2 compares the goodness-of-fit of the model
using only a constant to the model with the constant and all estimated variable coefficients. The
higher the pseudo R2 value, the better fit the model compared to only a constant. AIC and BIC
measure goodness of fit by using the log-likelihood but includes penalties based on the number of
degrees of freedom (i.e., number of independent variables included in the model). The BIC
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penalizes further by including the number of observations used. For the AIC and BIC metrics, the
smaller the measure the better fit the model.

Equation 46 – Pseudo R2

𝜌2 = (

𝐿𝐿𝑖 − 𝐿𝐿𝑓
) ∗ 100%
𝐿𝐿𝑖

Equation 47 – Akaike Information Criterion

𝐴𝐼𝐶 = 2𝑘 − 2 ∗ ln(𝐿𝐿𝑓 )
Equation 48 – Bayesian Information Criterion

𝐵𝐼𝐶 = 𝑘 ∗ ln(𝑛) − 2 ∗ ln(𝐿𝐿𝑓 )
where
𝜌2 – pseudo R2
𝐿𝐿𝑖 – initial log-likelihood
𝐿𝐿𝑓 – final log-likelihood
AIC – Akaike Information Criterion
k – degrees of freedom in model
BIC – Bayesian Information Criterion
n – number of observations.

Mean Square Error (MSE, Equation 49) and Fractional Error (FRE, Equation 50) measure the
predictive power of the model. These metrics compare the estimated value for each observation
from the model (𝜆) to the observed value (𝑦). The MSE squares the difference between the two
while the FRE compares the difference relative to the predicted value. Traditionally, the FRE
compares to the observed value; however, this could not be done as most observations have a value
of zero.
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Equation 49 – Mean Square Error

𝑀𝑆𝐸 =

∑𝑛𝑖=1(𝜆 − 𝑦)2
𝑛

Equation 50 – Fractional Error

𝑦−𝜆
∑(
) ∗ 100%
𝜆
𝐹𝑅𝐸 =
𝑛
where
MSE – mean square error
𝜆 – predicted crash frequency on segment
y – reported crash frequency on segment
FRE – fractional error.

The model that performs the best on most metrics is selected as the final model for the crash type.

3.6 Conclusion
The horizontal curvature CMF in this thesis was estimated using the propensity scores-potential
outcomes methodology. Based on the literature review, this has proven an effective method for
CMF estimation. Propensity scores were used to match horizontal curves with similar tangents to
mimic a randomized experiment. The propensity scores were estimated using the binary logit
model and matching was done using the nearest neighbor algorithm. Various forms of the negative
binomial regression model, including both random and mixed effects models, was used to estimate
the horizontal curvature CMF. These model forms will account for serial correlation, which arises
from the use of panel data. The models are then compared using various goodness-of-fit metrics.
Application of these metrics were used to identify the most appropriate model for the data.
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Chapter 4
Data Sources and Preparation

Data from Pennsylvania were used in this thesis to assess the safety impacts of horizontal curves.
Crash data and an initial database of roadway segment data were obtained from PennDOT and
supplemented with a data collection effort performed at the Pennsylvania State University. The
remainder of this chapter describes the data acquisition and preparation process. Also, summary
statistics are provided for roadway characteristics and crash frequency.

4.1 Data Acquisition
Initial roadway segment data were obtained from the Pennsylvania Department of Transportation
(PennDOT) Roadway Management System (RMS) database. The RMS database consists of
roadway characteristics for each road owned by PennDOT. The roadways are divided into segments
of varying length. A segment is defined as a stretch of roadway located between what are
considered “permanent” land marks, examples of which include intersections or locations where
the roadway characteristics (e.g., speed limit of width of paved shoulder) change. The RMS
database consists of the following segment characteristics: segment length, Annual Average Daily
Traffic (AADT), beginning and ending milepost of the segment, paved width, shoulder width,
shoulder material type, surface type, number of lanes, functional classification, and posted speed
limit. Each segment is also identified by county, route, and segment number.
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The PennDOT RMS database was expanded to include additional information for two-lane rural
road segments in Pennsylvania as a part of a project to develop Safety Performance Functions for
these facilities (Donnell, Gayah, and Jovanis 2014). This additional data collection was performed
for two-lane rural roads with one-, two-, and three-digit route designations (i.e., state routes 1
through 999). Variables added to the database included Roadside Hazard Rating (RHR), presence
of a passing zone, presence of centerline rumble strips, presence of shoulder rumble strips, presence
of horizontal curve warning pavement markings, presence of intersection warning pavement
markings, presence of aggressive driving dots, number of horizontal curves, number of state owned
intersections within the segment, and number of non-state owned access points within the segment.
Access density ([intersections+access points]/mile) was also calculated for each segment.
Geometric data for individual horizontal curves within the segments were also collected as a part
of this process. These data included the starting and ending milepost of every horizontal curve,
curve radius, curve length, and degree of curvature.

Annual crash data for the period 2005-2012 were also acquired from PennDOT for use in the SPF
project. These data included all police-reported crashes from state-owned two-lane rural roads.
For each crash, the county, route, segment, and offset (to the nearest foot) at which the crash
occurred, the severity of the crash, and the crash type were all provided. Other variables in the
crash database included the most-harmful event, number of vehicles involved, and heavy truck
involvement.
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4.2 Data Preparation
Roadway segments with missing data (such as AADT, RHR, etc.) were excluded from the analysis.
Two unique databases of roadway segments were developed: the first included only tangent
segments, while the second included only curve segments. The tangent database was made up of
PennDOT segments that contained no horizontal curves. The horizontal curve database was
constructed by extracting the information for each horizontal curve from the RMS database.
Characteristics for the segment in which the curve was located, such as AADT and RHR, were
applied to each horizontal curve. This presented an issue for the access density variable, as it is not
accurate to assume the access density of the entire segment applies to an individual horizontal
curve. As a result, this variable was not considered in the analysis. This should not be an issue,
however, as Fitzpatrick, Lord, and Park (2010) found driveway density generally affects the safety
performance of tangents and curves the same.

A separate observation for each year between 2005 and 2012 was included in the separate tangent
and curve databases, with only the AADT varying across annual observations (crash frequency will
also vary when the crash data are merged). Since the propensity scores-potential outcomes
methodology was used to match tangent and curve segments using the covariates included in these
databases, the differences in segment length between tangents and curves were checked. At this
point in the data preparation process, horizontal tangents had a mean length that was roughly equal
to five-times that of the mean length of horizontal curve segments. To account for this and allow
length to be used as a parameter in the matching process, each tangent segment was divided into
five segments of equal length. This resulted in almost equal average lengths for the tangent (0.0906
miles) and curve (0.0840 miles) segments.

Splitting these segments is justified because the

segments lengths are likely arbitrary. Curves and tangents were then numbered based on their order
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within the segment. For instance, the third curve in the segment was labeled curve number 3.
Similarly, the third tangent in the segment was labeled tangent number 3.

Next, crash data were used to add crash frequency information to the segment databases. This was
done using a code written in MATLAB (MathWorks 2015). The county, route, segment, and offset
of the crash were used to find the appropriate segment in which the crash was reported. Crashes
that did not match county, route, segment, or have an offset within a segment were not included in
the analysis. Further, all intersection crashes were excluded from the analysis files. Frequency
data for total crashes, fatal crashes, fatal and major injury crashes, injury crashes, fatal and injury
crashes, property-damage-only (PDO) crashes, and each of ten crash types (0-9) used by PennDOT
were collected.

Some routes in the database were split due to mergers with other routes. If these were two state
routes, the lower number state route was given precedence, while the higher number route was
dropped and picked up again once the two routes split. An example of this is shown in Figure 8.
If the merger is a US route and a state route, the US route always took precedence regardless of
number. These mergers are not marked in the original RMS database, and it is difficult to find
these locations using just the RMS segment data because the segment numbers and milepost pick
up right where they left off. However, these route splits were identified using the PennDOT
intersection data. If a route was split, the second part of the route was assigned a new route number,
either by adding 1000 or 2000 to the existing route number. This was important for the next step,
which is finding the distance between horizontal curves.
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Figure 8 - Depiction of merger and split of PA 26 and PA 45

Once segments with missing data were removed and the segments were split, the distance between
adjacent horizontal curves was calculated. This was performed using a code written in MATLAB.
Adjacent curves were located by sorting the curves by year, county, route, and finally segment
number in Excel prior to importing the data into MATLAB. Each curve was compared to the
preceding and following curve in the database, and if the year, county, and route matched, the
beginning and ending mileposts were used to determine the distance between the curves in miles.
If a preceding or following curve was not located, a value of 999999 was assigned. Curves with
these values were later removed since the spatial relationship between adjacent curves was
considered as a variable in the modeling process for this thesis. Upon completing this step, the
terminology from Findley et al. (2012) was adopted. The distances to adjacent curves were
compared and the smaller of the two distances was labeled as the distance to the “proximal” curve
and the larger was labeled the distance to the “distal” curve. The inverse of these two distances
were then added to the curve database.

In order to combine the tangent and curve databases into one database for modeling, several curve
variables were added to the tangent database. First, the curve radius variable was removed since
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degree of curvature is known for each horizontal curve and this is related to radius by Equation 1.
A degree of curvature of 0 was included for each of the segments in the tangent database since
these segments have no curvature. Similarly, the distal and proximal curve for each tangent was
entered as 999999, resulting in inverse values near 0. Finally, a horizontal curve indicator was
added to designate each segment as a horizontal curve or tangent section. Curves were given a
value of 1 for the presence of a horizontal curve (the ‘treated’ variable in propensity scores-potential
outcomes methodology), while the tangents received a value of 0.

Finally, segment identifiers (Segment IDs) were required to account for the panel data during
modeling. This was done by using the concatenate command in Microsoft Excel (Microsoft 2015).
The segment IDs are a combination of the tangent or curve’s county number, route number,
segment number, tangent or curve number, and their “treated” value. An example is shown in
Figure 9, which shows a segment ID for the first horizontal curve in county 1, route 16, segment
40.

01001600400101
County

Route

Segment

Curve Horizontal
Number Curve

Figure 9 - Structure of segment ID to be used in modeling

4.3 Descriptive Statistics
The following is a summary of descriptive statistics for the curve and tangent databases, along with
the combined modeling database.
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4.3.1 Tangent Database
The tangent database consisted of 304,390 observations from 38,250 eligible tangent segments after
removing observations with missing or invalid data. Further, any observations with a paved width
of less than 16 feet or greater than 50 feet were removed because these were considered
unreasonable values for total paved width of a two-lane rural road (resulting in a nominal loss of
data). Also, roads with curbed or guttered shoulders were removed as these are not typical on rural
roadways. The posted speed limits were divided into what are classified by AASHTO as “low”
(≤ 45 mph) and “high” (≥ 50 mph) speed design (AASHTO 2011).

Descriptive statistics

regarding geometry and other roadway characteristics for the tangent database are available in
Tables 3 and 4.

Table 3 - Descriptive Statistics of Continuous Variables in Tangent Database
Variable
aadt
lengthmi
width
pave_shldr_width
totl_shldr_width

Description
Annual average daily traffic
[veh/day]
Segment length [miles]
Total width of travel way [ft]
Combined width of paved
shoulder [ft]
Combined total width of shoulder
[ft]

Mean
3767.076

Std. Dev.
3214.905

Minimum
74

Maximum
28674

0.0915925
22.4718
6.809619

0.0257371
2.977237
4.699823

0.0006061
16
0

0.1514394
50
38

8.36969

4.403503

0

38

Table 4 - Fraction of Tangent Segments with Characteristics
Variable

Description

passzone

Presence of a passing zone [1 if present; 0
otherwise]
Presence of centerline rumble strips [1 if
present; 0 otherwise]
Presence of shoulder rumble strips [1 if
present; 0 otherwise]
15 mph ≤ Posted speed limit ≤ 45 mph
50 mph ≤ Posted speed limit ≤ 55 mph

clrs
srs
psl45_low
psl50_up

Percent of Sites with Characteristic
Present [%]
40.94747
20.68235
9.04596
48.68918
51.31082
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PennDOT utilizes many types of materials for roadway shoulders. For this thesis, three categorical
variables were created: paved shoulders, unpaved shoulders, and other shoulders. If both the left
and right shoulder were paved, then the site was considered to have paved shoulders. If both are
unpaved, the site was considered to have unpaved shoulders. Sites with one paved and one unpaved
shoulder were considered “other shoulders”. The fractions of tangent sites with these shoulder
combinations are shown in Table 5.

Table 5 - Shoulder Type Combinations for Tangents
Variable

Description

s_pave

Both shoulders are paved [1 if present; 0
otherwise]
Both shoulders are unpaved [1 if present; 0
otherwise]
One paved and one unpaved shoulder [1 if
present; 0 otherwise]

s_unpave
s_other

Percent of Sites with Characteristic
Present [%]
83.48336
11.43763
5.07901

Dummy variables were also created for the 7 categories of roadside hazard rating (RHR). An RHR
of 1 indicated a clear, flat, forgivable roadside, while 7 represents a hazardous roadside with little
recovery area. Summary statistics of RHR for tangents are shown in Table 7. Finally, dummy
variables were created for each of the four types of functional classification in the database. These
classifications include principal arterials, minor arterials, collectors, and local roads. A summary
of these classifications in the tangent database are shown in Table 8.

Table 6- Roadside Hazard Ratings of Tangents
Variable

Description

rhr1
rhr2
rhr3
rhr4
rhr5
rhr6
rhr7

Roadside Hazard Rating=1 [1 if present; 0 otherwise]
Roadside Hazard Rating=2 [1 if present; 0 otherwise]
Roadside Hazard Rating=3 [1 if present; 0 otherwise]
Roadside Hazard Rating=4 [1 if present; 0 otherwise]
Roadside Hazard Rating=5 [1 if present; 0 otherwise]
Roadside Hazard Rating=6 [1 if present; 0 otherwise]
Roadside Hazard Rating=7 [1 if present; 0 otherwise]

Percent of Sites with
Characteristic Present [%]
0.13141
0.74904
7.61687
27.44013
48.74175
15.1894
0.13141
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Table 7 - Functional Classifications of Tangents
Variable

Description

mfc1
mfc2
mfc3
mfc4

Principal arterial [1 if present; 0 otherwise]
Minor arterial [1 if present; 0 otherwise]
Collector [1 if present; 0 otherwise]
Local [1 if present; 0 otherwise]

Percent of Sites with Characteristic Present
[%]
14.93972
44.35592
40.31341
0.39095

4.3.2 Curve Database
The final curve database consisted of 155,025 observations: up to eight annual observations for
each of the 19,415 eligible horizontal curves. As was done with tangents, observations with
missing or invalid data were removed. Further, observations with a paved width less than 16 feet
and greater than 50 feet were removed for reasons previously stated (resulting in a nominal loss of
data). Curves with a horizontal curve pavement warning marking were also removed to reduce
issues with endogeneity. Curves were also removed if they had curb or gutter shoulders. Posted
speed limits were also merged into low- and high-speed design categories. Finally, observations
with a degree of curvature greater than 200 degrees per 100 feet were dropped because these were
considered unreasonable values (note that this corresponds to a radius of less than 28.65 feet).
Descriptive statistics for the geometry and characteristics of the curves in the curve database are
shown in Tables 8 and 9.

As explained previously, categorical variables were used for shoulder types, roadside hazard rating,
and functional classifications. Tables 10-12 provide the fraction of observations with these
characteristics for these variables for the curve database. Because there are no horizontal curves
with wedge shoulders on both sides, tangents with these shoulders were removed from the database
as they were unable to be used for matching.
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Table 8 - Descriptive Statistics for Continues Variables in Curve Database
Variable
aadt
lengthmi
deg_of_curv
width
pave_shldr_width
totl_shldr_width
distal
proximal
dist_x_prox
inv_distal
inv_proximal
inv_dist_x_prox

Description
Annual average daily traffic [veh/day]
Segment length [miles]
Degree of curvature [degrees/100 ft]
Total width of travel way [ft]
Combined width of paved shoulder [ft]
Combined total width of shoulder [ft]
Distance to distal horizontal curve
[miles]
Distance to proximal horizontal curve
[miles]
Product of distal and proximal [miles2]
Inverse of distance to distal horizontal
curve [1/miles]
Inverse of distance to proximal
horizontal curve [1/miles]
Product of inv_distal and
inv_proximal [1/miles2]

Mean
2504.49
0.0846121
7.743965
21.63954
5.186267
7.214095
0.556433

Std. Dev.
2343.245
0.0735258
9.455785
2.224333
4.224402
3.688094
1.188395

Minimum
74
0.00067
0.000124
16
0
0
0

Maximum
21800
1.34
194.5523
50
24
30
44.6266

0.1603962

0.2177008

0

5.6895

0.1936895
212.317

1.443179
14365.74

0
0.0224082

93.0359
999999

9343.553

96092.87

0.1757624

999999

2.07*108

1.44*1010

0.0107485

1.00*1012

Table 9 – Fraction of Curve Segments with Characteristics
Variable

Description

passzone

Presence of a passing zone [1 if present; 0
otherwise]
Presence of centerline rumble strips [1 if
present; 0 otherwise]
Presence of shoulder rumble strips [1 if
present; 0 otherwise]
15 mph ≤ Posted speed limit ≤ 45 mph
50 mph ≤ Posted speed limit ≤ 55 mph

clrs
srs
psl45_low
psl50_up

Percent of Sites with Characteristic
Present [%]
16.51605
21.24367
6.69311
59.6678
40.3322

Table 10 – Shoulder Combinations for Curves
Variable

Description

s_pave
s_unpave

Both shoulders are paved [1 if present; 0 otherwise]
Both shoulders are unpaved [1 if present; 0
otherwise]
One paved and one unpaved shoulder [1 if present; 0
otherwise]

s_other

Percent of Sites with Characteristic
Present [%]
73.45525
21.99258
4.55217

Table 11 – Roadside Hazard Ratings for Curves
Variable

Description

rhr1
rhr2
rhr3
rhr4
rhr5
rhr6
rhr7

Roadside Hazard Rating=1 [1 if present; 0 otherwise]
Roadside Hazard Rating=2 [1 if present; 0 otherwise]
Roadside Hazard Rating=3 [1 if present; 0 otherwise]
Roadside Hazard Rating=4 [1 if present; 0 otherwise]
Roadside Hazard Rating=5 [1 if present; 0 otherwise]
Roadside Hazard Rating=6 [1 if present; 0 otherwise]
Roadside Hazard Rating=7 [1 if present; 0 otherwise]

Percent of Sites with Characteristic
Present [%]
0.09805
0.33543
0.321045
15.91163
56.12192
24.0129
0.30963
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Table 12 - Functional Classifications for Curves
Variable

Description

mfc1
mfc2
mfc3
mfc4

Principal arterial [1 if present; 0 otherwise]
Minor arterial [1 if present; 0 otherwise]
Collector [1 if present; 0 otherwise]
Local [1 if present; 0 otherwise]

Percent of Sites with
Characteristic Present [%]
7.63619
34.56991
56.97726
0.81664

4.3.3 Modeling Database
The modeling database is the tangent and curve databases combined. This database consisted of
459,415 observations: eight annual observations for each of 57,665 eligible tangents and curves.
Descriptive statistics for this database are shown in Tables 14 and 15. For this database, the inverse
of the distances to the distal and proximal curve were used. This allowed for 0 to be entered for
tangents and 999999 to be entered for curves with 0 distance between them.

As explained previously, dummy variables were used for shoulder type combinations, RHR, and
functional classifications. Tables 15-17 provide the descriptive statistics for these variables in the
curve database.

Table 13 - Descriptive Statistics for Continuous Variables in Modeling Database
Variable
aadt
lengthmi
width
pave_shldr_width
totl_shldr_width
deg_of_curv
inv_distal
inv_proximal
inv_dist_x_prox

Description
Annual average daily traffic [veh/day]
Segment length [miles]
Total width of travel way [ft]
Combined width of paved shoulder
[ft]
Combined total width of shoulder [ft]
Degree of curvature [deg/100 lineal
ft]
Inverse distance to distal curve
[1/miles]
Inverse distance to proximal curve
[1/miles]
Inverse of product of distal and
proximal [1/miles2]

Mean
3341.029
0.089237
22.19096
6.261835

Std. Dev.
3009.513
0.0476863
2.774397
4.609316

Minimum
74
0.0006061
16
0

Maximum
28674
1.34
50
38

7.979746
2.613124

4.211413
6.601406

0
0

38
194.5523

71.64424

8345.583

0

999999

3152.889

55994.39

0

999999

6.97*107

8.35*109

0

1*1012
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Table 14 – Fraction of Sites with Characteristics
Variable

Description

passzone

Presence of a passing zone [1 if present; 0
otherwise]
Presence of centerline rumble strips [1 if
present; 0 otherwise]
Presence of shoulder rumble strips [1 if
present; 0 otherwise]
15 mph ≤ Posted speed limit ≤ 45 mph
50 mph ≤ Posted speed limit ≤ 55 mph
Segment is a horizontal curve [1 if present; 0
otherwise]

clrs
srs
psl45_low
psl50_up
hor_curve

Percent of Sites with Characteristic
Present [%]
32.70333
20.87176
8.25202
52.39381
47.60619
33.744

Table 15 - Shoulder Type Combinations for All Segments
Variable

Description

s_pave
s_unpave

Both shoulders are paved [1 if present; 0 otherwise]
Both shoulders are unpaved [1 if present; 0
otherwise]
One paved and one unpaved shoulder [1 if present; 0
otherwise]

s_other

Percent of Sites with Characteristic
Present [%]
80.09947
14.99929
4.90123

Table 16 – Roadside Hazard Ratings for All Segments
Variable

Description

rhr1
rhr2
rhr3
rhr4
rhr5
rhr6
rhr7

Roadside Hazard Rating=1 [1 if present; 0 otherwise]
Roadside Hazard Rating=2 [1 if present; 0 otherwise]
Roadside Hazard Rating=3 [1 if present; 0 otherwise]
Roadside Hazard Rating=4 [1 if present; 0 otherwise]
Roadside Hazard Rating=5 [1 if present; 0 otherwise]
Roadside Hazard Rating=6 [1 if present; 0 otherwise]
Roadside Hazard Rating=7 [1 if present; 0 otherwise]

Percent of Sites with Characteristic
Present [%]
0.12015
0.60947
6.12997
23.54995
51.23211
18.1668
0.19155

Table 17 - Functional Classifications for All Segments
Variable

Description

mfc1
mfc2
mfc3
mfc4

Principal arterial [1 if present; 0 otherwise]
Minor arterial [1 if present; 0 otherwise]
Collector [1 if present; 0 otherwise]
Local [1 if present; 0 otherwise]

Percent of Sites with
Characteristic Present [%]
12.47521
41.05373
45.93646
0.53459

4.4 Crash Statistics
Crash frequency data were collected for each segment. These data were separated into several
categories based on severity and crash type. Severity categories include: total crashes; fatal crashes
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only; fatal and major injury crashes; fatal and injury crashes; injury crashes; and, property damageonly (PDO) crashes. PennDOT classifies crashes into ten types: non-collision, rear-end, head-on,
backing, angle, sideswipe (same direction), sideswipe (opposite direction), hit fixed object, hit
pedestrian, and other/unknown. Tables 18-20 provide summary crash statistics for tangents,
curves, and all segments, respectively.

Table 18 - Crash Statistics for Tangents
Variable
total_crashes
fatal
fatal_maj_inj
injury
fatal_injury
pdo
crash_0
crash_1
crash_2
crash_3
crash_4
crash_5
crash_6
crash_7
crash_8
crash_9

Description
Total crashes
Fatal crashes
Fatal and major injury crashes
Injury crashes
Fatal and injury crashes
PDO crashes
Non-collision crashes
Rear-end crashes
Head-on crashes
Backing crashes
Angle crashes
Sideswipe same-direction crashes
Sideswipe opposite-direction crashes
Hit fixed object crashes
Hit pedestrian crashes
Other/unknown

Mean
0.0890568
0.0021486
0.0056966
0.0450672
0.0472157
0.0419823
0.0050954
0.0157627
0.003213
0.0000361
0.0095765
0.0013929
0.0021486
0.043165
0.0006603
0.0080062

Std. Dev.
0.3214669
0.0463737
0.0758263
0.220383
0.2301516
0.2133597
0.0725714
0.1346452
0.0569394
0.0060114
0.1014869
0.0372963
0.0464445
0.2148125
0.0258162
0.090581

Minimum
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Maximum
7
2
2
5
5
5
2
4
2
1
4
1
2
4
2
3

Mean
0.0873408
0.0027995
0.0068183
0.0444057
0.0472053
0.0407418
0.0069021
0.0061022
0.003193
0.0000194
0.0064441
0.0005935
0.002419
0.0568424
0.0002516
0.0045735

Std. Dev.
0.3249305
0.0529588
0.0833038
0.2209531
0.2336974
0.2132329
0.0847175
0.0802445
0.056645
0.004399
0.0813754
0.0243537
0.0493855
0.2554634
0.0158591
0.0682333

Minimum
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Maximum
6
2
2
4
5
4
2
3
2
1
2
1
2
6
1
2

Table 19 - Crash Statistics for Curves
Variable
total_crashes
fatal
fatal_maj_inj
injury
fatal_injury
pdo
crash_0
crash_1
crash_2
crash_3
crash_4
crash_5
crash_6
crash_7
crash_8
crash_9

Description
Total crashes
Fatal crashes
Fatal and major injury crashes
Injury crashes
Fatal and injury crashes
PDO crashes
Non-collision crashes
Rear-end crashes
Head-on crashes
Backing crashes
Angle crashes
Sideswipe same-direction crashes
Sideswipe opposite-direction crashes
Hit fixed object crashes
Hit pedestrian crashes
Other/unknown
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Table 20 - Crash Statistics for All Segments
Variable
total_crashes
fatal
fatal_maj_inj
injury
fatal_injury
pdo
crash_0
crash_1
crash_2
crash_3
crash_4
crash_5
crash_6
crash_7
crash_8
crash_9

Description
Total crashes
Fatal crashes
Fatal and major injury crashes
Injury crashes
Fatal and injury crashes
PDO crashes
Non-collision crashes
Rear-end crashes
Head-on crashes
Backing crashes
Angle crashes
Sideswipe same-direction crashes
Sideswipe opposite-direction crashes
Hit fixed object crashes
Hit pedestrian crashes
Other/unknown

Mean
0.0884777
0.0023682
0.0060751
0.044844
0.0472122
0.0415637
0.0057051
0.0125029
0.0032063
0.0000305
0.0085195
0.0011232
0.0022398
0.0477803
0.0005224
0.0068478

Std. Dev.
0.3226405
0.0486963
0.0784309
0.2205755
0.2313539
0.2133175
0.0768894
0.1191866
0.0568402
0.0055202
0.0951882
0.0334949
0.0474574
0.2294275
0.0229453
0.0837253

Minimum
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Maximum
7
2
2
5
5
5
2
4
2
1
4
1
2
6
2
3

Contrary to intuition, the horizontal curves actually have a lower crash frequency than the tangents.
However, the curve segments have a higher frequency of fatal and major injury crashes, which
verifies a priori expectations. Finally, curves have a higher mean fixed object crash frequency than
tangent segments, which was expected, as fixed object crashes on two-lane rural roads are roadway
departure crashes, the most common crash type on horizontal curves.

4.5 Conclusions
As stated previously, both the roadway inventory and crash data for this thesis were acquired from
the Pennsylvania Department of Transportation. PennDOT segments with no horizontal curves
were selected for the tangent database and further divided to allow for the use of length in
propensity score estimation and matching. Horizontal curves were extracted from the PennDOT
RMS data and characteristics from the segments in which they fell were applied to them. Data
were cleaned by removing observations with missing or invalid data. Crash data used were
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constructed from police reported crashes in Pennsylvania between 2005 and 2012. These data were
used to obtain crash frequency data for each observation.
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Chapter 5
Analysis Results and Discussion
This chapter provides a summary and discussion of the analysis results. The propensity score
models and matching is first discussed. Then, the models are compared and the best models chosen.
Finally, the final models are presented and the CMFs for horizontal curvature on two-lane rural
roads are reported.

5.1 Data Splitting
To avoid matching horizontal curves with adjacent tangents, the data were split based on counties.
The 66 counties were randomly assigned numbers using Microsoft Excel (Microsoft 2015) and
sorted by this random number. For Database 1, tangents were taken from the first 33 counties and
horizontal curves were taken from the last 33 counties. Database 2 comprised of the opposite: the
horizontal curves from the first 33 counties and tangents from the last 33 counties.

The

methodology discussed in Chapter 3 was performed using Database 1 then repeated using Database
2 to validate the model results.

5.1.1 Database 1
Database 1 was used to build the models. Summary statistics for this database are provided in
Tables 21 and 22. This database consists of 234,289 observations from 29,381 segments.
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Table 21 - Descriptive Statistics of Continuous Variables in Database 1
Variable
aadt
lengthmi
width
pave_shldr_width
totl_shldr_width
deg_of_curv
inv_distal
inv_proximal
inv_dist_x_prox

Description
Annual average daily traffic
[veh/day]
Segment length [miles]
Total width of travel way [ft]
Combined width of paved
shoulder [ft]
Combined total width of
shoulder [ft]
Degree of curvature [deg/100
lineal ft]
Inverse distance to distal curve
[1/miles]
Inverse distance to proximal
curve [1/miles]
Inverse of product of distal and
proximal [1/miles2]

Mean
3426.135

Std. Dev.
3223.117

Minimum
74

Maximum
28674

0.0885897
22.17116
6.268497

0.0471856
2.750587
4.834916

0.0006061
16
0

1.13
50
38

8.235666

4.302085

0

38

2.762664

6.816343

0

194.5523

2.160414

7.876923

0

1000

2841.517

53160.55

0

999999

28376.59

938428

0

9.43*107

Table 22 - Percent of Segments with Characteristic in Database 1
Variable

Description

passzone

Presence of a passing zone [1 if present; 0
otherwise]
Presence of centerline rumble strips [1 if present;
0 otherwise]
Presence of shoulder rumble strips [1 if present; 0
otherwise]
15 mph ≤ Posted speed limit ≤ 45 mph
50 mph ≤ Posted speed limit ≤ 55 mph
Segment is a horizontal curve [1 if present; 0
otherwise]
Both shoulders are paved [1 if present; 0
otherwise]
Both shoulders are unpaved [1 if present; 0
otherwise]
One paved and one unpaved shoulder [1 if present;
0 otherwise]
Roadside Hazard Rating=1 [1 if present; 0
otherwise]
Roadside Hazard Rating=2 [1 if present; 0
otherwise]
Roadside Hazard Rating=3 [1 if present; 0
otherwise]
Roadside Hazard Rating=4 [1 if present; 0
otherwise]
Roadside Hazard Rating=5 [1 if present; 0
otherwise]
Roadside Hazard Rating=6 [1 if present; 0
otherwise]
Roadside Hazard Rating=7 [1 if present; 0
otherwise]
Principal arterial [1 if present; 0 otherwise]
Minor arterial [1 if present; 0 otherwise]
Collector [1 if present; 0 otherwise]
Local [1 if present; 0 otherwise]

clrs
srs
psl45_low
psl50_up
hor_curve
s_pave
s_unpave
s_other
rhr1
rhr2
rhr3
rhr4
rhr5
rhr6
rhr7
mfc1
mfc2
mfc3
mfc4

Percent of Sites with Characteristic
Present [%]
28.35003
19.87545
8.1122
51.55598
48.44402
35.35335
78.69341
17.50957
3.79702
0.06488
0.44048
5.41468
21.58744
52.51506
19.78966
0.1878
11.35862
40.03261
48.04451
0.56426
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5.1.2 Database 2
Database 2 was used to validate the final models from Database 1. Summary statistics for this
database are provided in Tables 23 and 24. This database consists of 225,126 observations from
28,284 segments.

Table 23 - Descriptive Statistics of Continuous Variables in Database 2
Variable
aadt
lengthmi
width
pave_shldr_width
totl_shldr_width
deg_of_curv
inv_distal
inv_proximal
inv_dist_x_prox

Description
Annual average daily traffic
[veh/day]
Segment length [miles]
Total width of travel way [ft]
Combined width of paved
shoulder [ft]
Combined total width of
shoulder [ft]
Degree of curvature [deg/100
lineal ft]
Inverse distance to distal curve
[1/miles]
Inverse distance to proximal
curve [1/miles]
Inverse of product of distal and
proximal [1/miles2]

Mean
3252.459

Std. Dev.
2767.008

Minimum
74

Maximum
21951

0.0899107
22.21156
6.254902

0.0481927
2.798818
4.362163

0.0026515
16
0

1.34
50
28

7.713409

4.098001

0

30

2.457497

6.366311

0

142.1254

143.9562

11921.51

0

999999

3476.934

58797.09

0

999999

1.42*108

1.19*1010

0

1.00*1012
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Table 24 - Fraction of Observations with Characteristic in Database 2
Variable

Description

passzone

Presence of a passing zone [1 if present; 0
otherwise]
Presence of centerline rumble strips [1 if present;
0 otherwise]
Presence of shoulder rumble strips [1 if present; 0
otherwise]
15 mph ≤ Posted speed limit ≤ 45 mph
50 mph ≤ Posted speed limit ≤ 55 mph
Segment is a horizontal curve [1 if present; 0
otherwise]
Both shoulders are paved [1 if present; 0
otherwise]
Both shoulders are unpaved [1 if present; 0
otherwise]
One paved and one unpaved shoulder [1 if present;
0 otherwise]
Roadside Hazard Rating=1 [1 if present; 0
otherwise]
Roadside Hazard Rating=2 [1 if present; 0
otherwise]
Roadside Hazard Rating=3 [1 if present; 0
otherwise]
Roadside Hazard Rating=4 [1 if present; 0
otherwise]
Roadside Hazard Rating=5 [1 if present; 0
otherwise]
Roadside Hazard Rating=6 [1 if present; 0
otherwise]
Roadside Hazard Rating=7 [1 if present; 0
otherwise]
Principal arterial [1 if present; 0 otherwise]
Minor arterial [1 if present; 0 otherwise]
Collector [1 if present; 0 otherwise]
Local [1 if present; 0 otherwise]

clrs
srs
psl45_low
psl50_up
hor_curve
s_pave
s_unpave
s_other
rhr1
rhr2
rhr3
rhr4
rhr5
rhr6
rhr7
mfc1
mfc2
mfc3
mfc4

Percent of Sites with Characteristic
Present [%]
37.23382
21.90862
8.39752
53.26573
46.73427
32.06915
81.56277
12.38684
6.05039
0.17768
0.78534
6.87437
25.59233
49.89695
16.47788
0.19545
13.63725
42.11641
43.74262
0.50372

5.2 Propensity Score Estimation
Propensity scores were estimated using a binary logit model in Stata 13 (Stata Corporation 2013).
All covariates were included for estimation of the propensity score, even if the variable was not
statistically significant. The left-hand side variable was the presence of a horizontal curve
(hor_curve). The resulting propensity score model is shown in Table 25, while summary statistics
of the propensity score estimations are available in Table 26. Variables with a positive coefficient

80
means an increase in the likelihood of a horizontal curve being present. Similarly, negative
coefficients decrease the likelihood of the presence of a horizontal curve.
Table 25 - Propensity Score Prediction Model
LNaadt
LNlengthMI
width
passzone
clrs
srs
psl45_low
rhr2_3
rhr567
s_pave
s_unpave
pave_shldr_width
_constant

β
Std. Err.
z
P>|z|
-0.6078245
0.006415
-94.75
<0.001
-0.9894883
0.0095563
-103.54
<0.001
-0.0341625
0.002137
-15.99
<0.001
-0.6655657
0.0116882
-56.94
<0.001
-0.1909057
0.0129992
-14.69
<0.001
0.3259484
0.019066
17.10
<0.001
0.156542
0.0102863
15.22
<0.001
-0.1981391
0.0238054
-8.32
<0.001
0.2065594
0.0121463
17.01
<0.001
-0.1504909
0.0254605
-5.91
<0.001
-0.8200118
0.026003
-31.54
<0.001
0.0222416
0.0015816
14.06
<0.001
2.330902
0.0674566
34.55
<0.001
LLi = -152195.68, LLf=-132808.74, Nobs=234289

95% CI
-0.6203977
-0.5952513
-1.008218
-0.9707583
-0.038351
-0.0299741
-0.6884743
-0.6426572
-0.2163836
-0.1654278
0.2885797
0.3633171
0.1363812
0.1767028
-0.2447968
-0.1514814
0.1827531
0.2303657
-0.2003926
-0.1005893
-0.8709767
-0.7690469
0.0191418
0.0253414
2.19869
2.463115

Table 26 - Descriptive Statistics of Propensity Score Estimations
Variable
pscore, all data
pscore, all curves

Description
Probability the segment is a
horizontal curve for all data
Probability the segment is a
horizontal curve for all curves

Mean
0.3535335

Std. Dev.
0.1915571

Minimum
0.0124366

Maximum
0.9986218

0.4622137

0.2126569

0.0124366

0.9986218

5.3 Propensity Score Matching
Propensity score matching was performed using nearest neighbor matching on the propensity
scores with a caliper and no replacement. The caliper width was set to 10 percent of the standard
deviation of the propensity scores of the treated sites, equal to 0.0213. This caliper width produced
the same matching results as 20 and 25 percent widths. When matching Database 1, 48 percent of
the data was lost (i.e., unmatched). However, 122,642 observations from 27,064 sites were
included in the matched database. Matching reduced the mean standardized bias from 24.1 percent
to 2.2 percent, indicating that the matching process was beneficial. Matching results for individual
variables can be found in Appendix B. The standardized bias for each covariate was reduced to
less than 10 percent, much less than the required 20 percent. The reduction in standardized bias for
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the variables included in the propensity score model is shown in Figure 10. This reduction in
standardized bias ensured the matched curves and tangents are similar enough for causal inference
modeling. Once the curves and tangents were matched, the horizontal curve CMFs can be
estimated. Summary statistics for the matched observations in Database 1 are shown in Tables 27
and 28.

Figure 10 - Standardized bias, before and after matching
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Table 27 - Descriptive Statistics of Continuous Variables for Matched Observations in Database 1
Variable
aadt
lengthmi
width
pave_shldr_width
totl_shldr_width
deg_of_curv
inv_distal
inv_proximal
inv_dist_x_prox

Description
Annual average daily traffic
[veh/day]
Segment length [miles]
Total width of travel way [ft]
Combined width of paved
shoulder [ft]
Combined total width of
shoulder [ft]
Degree of curvature [deg/100
lineal ft]
Inverse distance to distal curve
[1/miles]
Inverse distance to proximal
curve [1/miles]
Inverse of product of distal and
proximal [1/miles2]

Mean
3009.269

Std. Dev.
2806.102

Minimum
74

Maximum
28674

0.0901792
22.05155
6.00437

0.0554799
2.596286
4.64985

0.0006061
16
0

1.13
48
38

7.893316

4.098674

0

38

3.21755

5.74611

0

156.833

2.654889

9.587081

0

1000

4143.273

64162.69

0

999999

34424.4

903686.5

0

9.43*107

Table 28 - Fraction of Matched Observations with Characteristic in Database 1
Variable

Description

passzone

Presence of a passing zone [1 if present; 0
otherwise]
Presence of centerline rumble strips [1 if present;
0 otherwise]
Presence of shoulder rumble strips [1 if present; 0
otherwise]
15 mph ≤ Posted speed limit ≤ 45 mph
50 mph ≤ Posted speed limit ≤ 55 mph
Segment is a horizontal curve [1 if present; 0
otherwise]
Both shoulders are paved [1 if present; 0
otherwise]
Both shoulders are unpaved [1 if present; 0
otherwise]
One paved and one unpaved shoulder [1 if present;
0 otherwise]
Roadside Hazard Rating=1 [1 if present; 0
otherwise]
Roadside Hazard Rating=2 [1 if present; 0
otherwise]
Roadside Hazard Rating=3 [1 if present; 0
otherwise]
Roadside Hazard Rating=4 [1 if present; 0
otherwise]
Roadside Hazard Rating=5 [1 if present; 0
otherwise]
Roadside Hazard Rating=6 [1 if present; 0
otherwise]
Roadside Hazard Rating=7 [1 if present; 0
otherwise]
Principal arterial [1 if present; 0 otherwise]
Minor arterial [1 if present; 0 otherwise]
Collector [1 if present; 0 otherwise]
Local [1 if present; 0 otherwise]

clrs
srs
psl45_low
psl50_up
hor_curve
s_pave
s_unpave
s_other
rhr1
rhr2
rhr3
rhr4
rhr5
rhr6
rhr7
mfc1
mfc2
mfc3
mfc4

Percent of Sites with Characteristic
Present [%]
23.56044
18.6706
8.14811
55.0627
44.9373
50
78.34021
17.3929
4.26689
0.0742
0.35795
4.50172
19.68575
53.57626
21.54074
0.26337
9.82698
39.35683
50.28131
0.53489
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5.4 CMF Estimation
Once the data were matched, horizontal curve CMFs were estimated. Crash frequency models
were estimated for total crashes, fatal and injury crashes, and fixed object crashes (an auxiliary for
run-off road crashes). Both random and mixed effects negative binomial models were developed
for these crash types. Along with the basic variables used for safety performance functions (length,
AADT ,width, shoulder width, etc…), three groups of variables were used to estimate horizontal
curve CMFs: the baseline curve variables (presence of a horizontal curve and degree of curvature),
the distance to adjacent curves (aka spatial variables. the inverse of the distance to the distal and
adjacent curves along with the inverse of the product of the two), and several interaction variables
(the presence of a horizontal curve times segment length and the presence of a horizontal curve
times AADT). For modeling, four groups of variables were identified:



Baseline SPF – length, AADT, and lane width, shoulder width, and low-cost safety
countermeasure indicators,



Curve – presence of a horizontal curve and degree of curvature,



Spatial – the inverse of the distal and proximal distances along with the product of the
two, and



Interaction – the interaction of the presence of a horizontal curve with AADT and
length.


A total of 24 models were estimated, with four random effects and four mixed effects models for
each crash type. These four models varied based on the inclusion of the four variable groups:

1. Full Model – baseline SPF, curve, spatial, and interaction variables,
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2. Spatial Model – baseline SPF, curve, and spatial variables,
3. Interaction Model – baseline SPF, curve, and interaction variable, and
4. Base Model – baseline SPF and curve variables.

All variables included in the SPFs were statistically significant at the 95% level. Horizontal curve
variables that were not significant at this level were also left in the model. The coefficient results
and the goodness of fit metrics for these models are shown in Tables 29-31, while the full modeling
results can be found in Appendix A.

Comparing the coefficients of the different models shows the results are mostly consistent. One
difference is that large differences arise in the horizontal curve variable when the interaction
variables are removed. This is because the interaction variables were not included. The negative
coefficients for these interactions indicates that this baseline effect is reduced by length and traffic.
There are also significant differences between the constant for the random and mixed effects
models. This led to the mixed effects model providing a better goodness-of-fit to the crash data.
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Table 29 - Coefficient Results and Goodness-of-Fit Metrics for Total Crash Frequency Models
Random Effects
Spatial
Interaction
Base
Model
Model
Model
LNaadt
0.7216426
0.6804034
0.7096067
0.6786021
1 (offset)
1 (offset)
1 (offset)
1 (offset)
LNlengthMI
curve_LNlengthMI
-0.1521573
-0.1574185
curve_lnaadt
-0.1020552
-0.1080567
hor_curve
0.5695024
0.0842685
0.6031742
0.086547
deg_of_curv
0.0338528
0.038528
0.0340778
0.0387421
0.0005542
0.0008048
inv_distal
-9
-8
9.82*10
-4.56*10
inv_proximal
-8
-8
1.08*10
1.35*10
inv_dist_x_prox
passzone
-0.1510657
-0.150538
-0.1531757
-0.1509169
srs
-0.1206714
-0.1335407
-0.1262021
-0.1311258
psl50_up
-0.0590053
-0.0684574
-0.0671956
-0.0692397
width_16_181
-0.9575536
-1.044884
-0.9427716
-1.039684
width_18_202
-0.4639394
-0.5729661
-0.4669916
-0.5695009
width_20_263
-0.1172784
-0.1136978
totl_shldr_4_less4
0.2246336
0.2462035
0.2483816
0.2849282
totl_shldr_4_85
0.1284714
0.1469049
0.1847205
totl_shldr_4_166
0.1150374
totl_shldr_8_127
0.0633476
0.0684271
totl_shldr_8_168
0.0965578
_constant
-2.63387
-2.158153
-2.562135
-2.183548
10.862
10.82
10.863
10.82
Pseudo R2
68556.34
68591.85
68554.44
68586.61
AIC
68740.96
68766.76
68700.2
68732.36
BIC
12.36641
23.94306
12.53261
22.77616
MSE (DB1)
10.9304
19.88093
11.04121
18.56386
MSE (All Data)
-96.16379
-96.41771
-96.1687
-96.21209
FRE (DB1)
-96.16456
-96.44713
-96.17189
-96.22168
FRE (All Data)
Not Statistically Significant; 95% Statistically Significant; 99% Statistically Significant
1
1 if 16 ≤ width < 18; 0 otherwise
Full Model

1 if 18 ≤ width < 20; 0 otherwise
1 if 20 ≤ width < 26; 0 otherwise
4
1 if 0 ≤ total shoulder width < 4; 0 otherwise
5
1 if 4 ≤ total shoulder width < 8; 0 otherwise
6
1 if 4 ≤ total shoulder width < 16; 0 otherwise
7
1 if 8 ≤ total shoulder width < 12; 0 otherwise
8
1 if 8 ≤ total shoulder width < 16; 0 otherwise
2
3

Full Model
0.7102508
1 (offset)
-0.1471164
-0.1007845
0.5731318
0.0337693
0.0006736
2.81*10-8
1.02*10-8
-0.1560527
-0.1272301
-0.0670211
-0.8890657
-0.4504488
0.2535715
0.1220309
-6.054524
2.411
68550.47
68725.38
0.1068997
0.1035257
24.61247
24.4876

Mixed Effects
Spatial
Interaction
Model
Model
0.682323
0.7216742
1 (offset)
1 (offset)
-0.1435749
-0.098089
0.0962862
0.5670994
0.0377642
0.0337693
0.000814
-8
-2.34*10
-8
1.29*10
-0.1527495
-0.1545412
-0.1307608
-0.1182364
-0.0685832
-0.0598383
-0.9843298
-0.9029674
-0.5450274
-0.4483163
-0.1059416
0.2894263
0.2749078
0.1898503
0.1768775
0.1052658
0.1067178
-5.754187
-6.162433
2.302
2.411
68577.76
68541.81
68752.67
68697.28
0.1116361
0.1068508
0.1068797
0.103477
28.64239
24.58357
28.30835
24.5235

Base Model
0.618845
1 (offset)
0.1002219
0.0378911
-0.1538873
-0.1311078
-0.0688623
-0.9824534
-0.5461365
-0.1061214
0.290775
0.1900254
0.1050217
-5.750069
2.302
68573.64
68719.39
0.1120567
0.1071366
28.66311
28.3402

86
Table 30 - Coefficient Results and Goodness-of-Fit Metrics for Fatal and Injury Crash Frequency
Random Effects
Spatial
Interaction
Base
Model
Model
Model
LNaadt
0.6985932
0.6511282
0.698434
0.6423786
1 (offset)
1 (offset)
1 (offset)
1 (offset)
LNlengthMI
curve_LNlengthMI
-0.1860548
-0.185965
curve_lnaadt
-0.1216793
-0.1212835
hor_curve
0.710072
0.1345463
0.7104422
0.1390508
deg_of_curv
0.0331902
0.0387091
0.0332358
0.0390133
0.0005014
0.0007024
inv_distal
-7
-7
1.62*10
1.00*10
inv_proximal
-9
-9
-8.46*10
-5.10*10
inv_dist_x_prox
passzone
-0.174994
-0.1759632
-0.1752268
-0.182055
srs
-0.1709152
-0.1898021
-0.17068
-0.2113285
width_16_201
-0.5670384
-0.6840637
-0.5666377
-0.5547242
width_20_26*
-0.1300322
totl_shldr_4_less*
0.2561769
0.2585369
0.2545509
0.16963
totl_shldr_4_122
0.1024108
totl_shldr_4_16*
0.1083524
0.10706
_constant
-3.510972
-2.940048
-3.508229
-2.9082
10.0212
9.957
10.0211
9.956
Pseudo R2
43818.61
43851.55
43813.21
43851.88
AIC
43974.08
43997.3
43939.54
43949.05
BIC
1.662624
3.530363
1.675257
4.272843
MSE (DB1)
1.467026
2.819337
1.475767
3.328976
MSE (All Data)
-94.44482
-94.52396
-94.4458
-94.55696
FRE (DB1)
-94.42875
-94.5184
-94.42956
-94.54305
FRE (All Data)
Not Statistically Significant; 95% Statistically Significant; 99% Statistically Significant
*
See corresponding note in Table 29
1
1 if 16 ≤ width < 20; 0 otherwise
2
1 if 4 ≤ total shoulder width < 12; 0 otherwise
Full Model

Full Model
0.6896419
1 (offset)
-0.1739471
-0.104758
0.599246
0.0337022
0.0005535
1.58*10-7
-9.23*10-9
-0.1829659
-0.1768802
-0.5609965
0.2659419
0.1063096
-6.567391
2.264
43864.12
44019.59
0.0553326
0.0538545
27.54517
27.92837

Mixed Effects
Spatial
Interaction
Model
Model
0.6413121
0.6894682
1 (offset)
1 (offset)
-0.1738642
-0.1044191
0.1422287
0.6001684
0.0387702
0.0337555
0.0007643
-8
9.24*10
-9
-5.76*10
-0.1891848
-0.1832516
-0.2153945
-0.1766058
-0.5516728
-0.5604613
0.1803267
0.2641049
0.1049627
-6.095597
-6.564676
2.143
2.264
43894.84
43858.71
44021.16
43985.03
0.0587546
0.0553628
0.0562307
0.0538745
32.85087
27.55002
33.24004
27.93577

Base Model
0.6411675
1 (offset)
0.1460034
0.0388469
-0.1898999
-0.2151061
-0.5512145
0.1798505
-6.094207
2.143
43889.36
43986.53
0.0589093
0.0563353
32.87428
33.26468

Table 31 - Coefficient Results and Goodness-of-Fit Metrics for Fixed Object Crashes
Random Effects
Spatial
Interaction
Base
Full Model
Model
Model
Model
LNaadt
0.4639225
0.463328
LNlengthMI
0.8825575
0.8822457
hor_curve
0.312842
0.3185223
deg_of_curv
0.0367464
0.0369162
0.00111113
inv_distal
4.72*10-8
inv_proximal
7.92*10-9
inv_dist_x_prox
passzone
-0.1957627
-0.1973708
clrs
0.1216875
0.1218821
srs
-0.1589921
-0.1595895
width_16_20*
-0.7303129
-0.7309328
totl_shldr_4_less*
0.6702971
0.6699798
totl_shldr_4_12*
0.4335213
0.4328759
totl_shldr_12_161
0.2347226
0.2335208
_constant
-1.454211
-1.447403
10.7678
10.7679
Pseudo R2
47266.02
47261.55
AIC
47431.21
47397.59
BIC
11.24894
11.70425
MSE (DB1)
9.429378
9.740818
MSE (All Data)
-97.35017
-97.35463
FRE (DB1)
-97.38467
-97.3889
FRE (All Data)
Not Statistically Significant; 95% Statistically Significant; 99% Statistically Significant
*
See corresponding note in Table 29
1
1 if 12 ≤ total shoulder width < 16; 0 otherwise
Full Model

Mixed Effects
Spatial
Interaction
Model
Model
0.469533
0.8893241
0.3223857
0.0361436
0.0011511
7.39*10-8
6.59*10-9
-0.2042906
0.1255342
-0.1680362
-0.7104697
0.6709234
0.437267
0.2453174
-5.432123
2.34
47241.91
47407.1
0.055416
0.0537736
37.28614
35.52869
-

Base
Model
0.4689665
0.889064
0.3285935
0.0362907
-0.2058651
0.1257138
-0.168601
-0.7108102
0.6704983
0.4363434
0.243765
-5.427023
2.339
47237.63
47373.66
0.00555232
0.0538463
37.30983
35.55997
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5.4.1 Model Selection
From the 24 models estimated, the best model was chosen for each crash type. Seven metrics,
measuring goodness of fit and predictive power, were used for model comparison. These metrics
are pseudo R2, the Akaike Information Criterion (AIC), the Bayesian Information Criterion (BIC),
mean square error (MSE) for Database 1, MSE for the whole database, fractional error (FRE) for
Database 1, and FRE for the whole database. The equations used to calculate these metrics can be
found in Section 3.4.

The resulting values for the three crash types are shown in Tables 32-34. The cells with bold and
red text indicate the best model based on that metric. A review of the metrics reveals significant
disparity between the random and mixed effects models in pseudo R2, MSE, and FRE. These are
all due to the differences in estimating the constant between the random and fixed effects models.
The mixed effects model produced better predictive power (as indicated by the MSE and FRE)
while also providing an overall better fit (indicated by the lower pseudo R2 as the initial log
likelihood is an estimation of goodness of fit with just the constant).

The best model for each crash type was identified based on which model was considered the best
in the most categories. This meant for total crash frequency, the mixed effects “Interaction” model
is the final model, the full mixed effects model is the best for fatal and injury crash frequency, and
the mixed effects spatial model is the best for fixed object crashes. As shown in Table 34, no
models were estimated for fixed object crash frequency using the interaction terms, as these
produced regression coefficients that were inconsistent with engineering intuition (the horizontal
curve variable had a negative coefficient).

88
Table 32 – Model Selection Metrics for Total Crash Frequency Models

Random
Effects

Mixed
Effects

Full Model
Spatial
Interaction
Base
Full Model
Spatial
Interaction
Base

Pseudo R2

AIC

BIC

MSE (DB1)

10.862
10.82
10.863
10.82
2.411
2.302
2.411
2.302

68556.34
68591.85
68554.44
68586.61
68550.47
68577.76
68541.81
68573.64

68740.96
68766.76
68700.2
68732.36
68725.38
68752.67
68697.28
68719.39

12.36641
23.94306
12.53261
22.77616
0.1068997
0.1116361
0.1068508
0.1120567

MSE (All
Data)
10.9304
19.88093
11.04121
18.56386
0.1035257
0.1068797
0.103477
0.1071366

FRE (DB1)
-96.16379
-96.41771
-96.1687
-96.21209
24.61247
28.64239
24.58357
28.66311

FRE (All
Data)
-96.16456
-96.44713
-96.17189
-96.22168
24.4876
28.30835
24.5235
28.3402

Table 33 – Model Selection Metrics for Fatal and Injury Crash Frequency Models

Random
Effects

Mixed
Effects

Full Model
Spatial
Interaction
Base
Full Model
Spatial
Interaction
Base

Pseudo R2

AIC

BIC

MSE (DB1)

10.0212
9.957
10.0211
9.956
2.264
2.143
2.264
2.143

43818.61
43851.55
43813.21
43851.88
43864.12
43894.84
43858.71
43889.36

43974.08
43997.3
43939.54
43949.05
44019.59
44021.16
43985.03
43986.53

1.662624
3.530363
1.675257
4.272843
0.0553326
0.0587546
0.0553628
0.0589093

MSE (All
Data)
1.467026
2.819337
1.475767
3.328976
0.0538545
0.0562307
0.0538745
0.0563353

FRE (DB1)
-94.44482
-94.52396
-94.4458
-94.55696
27.54517
32.85087
27.55002
32.87428

FRE (All
Data)
-94.42875
-94.5184
-94.42956
-94.54305
27.92837
33.24004
27.93577
33.26468

Table 34 – Model Selection Metrics for Fixed Object Crash Frequency Models

Random
Effects

Mixed
Effects

Full Model
Spatial
Interaction
Base
Full Model
Spatial
Interaction
Base

Pseudo R2

AIC

BIC

10.7678

47266.02

47431.21

10.7679

47261.55

47397.59

2.34

47241.91

47407.1

2.339

47237.63

47373.66

MSE (DB1)
N/A
11.24894
N/A
11.70425
N/A
0.055416
N/A
0.0555232

MSE (All
Data)

FRE (DB1)

FRE (All
Data)

9.429378

-97.35017

-97.38467

9.740818

-97.35463

-97.3889

0.0537736

37.28614

35.52869

0.0538463

37.30983

35.55997

5.4.2 Total Crash Frequency
Table 35 indicates the final model for predicting frequency of all crashes and can be considered an
SPF for two-lane rural roads in Pennsylvania. The coefficient of one was included in the 95 percent
confidence interval for LNlengthMI, so the variable was offset. The variables measuring the impact
of the distance to adjacent curves were not statistically significant (lowest p-value was 0.449).
Further, the coefficients of the spatial variables were positive, indicating that as the curves got
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closer together, crash frequency increased, conflicting with the results of Findley et al. (2012) and
Khan et al. (2013).

Coefficient estimates in this SPF generally conformed to prior expectations and intuition. The
presence of a passing zone or shoulder rumble strips on the segment were associated with decreased
crash frequency. These make sense as passing zones allow for faster flowing traffic to pass slower
moving traffic and shoulder rumble strips tend to prevent roadway departure crashes. A posted
speed limit of 50 or 55 mph (compared to 45 or less) indicated fewer crashes. This is due to the
variable capturing the unobserved effects of more forgiving highway design on those classified in
the AASHTO Green Book as ‘high speed roads (>45mph)’ (AASHTO 2011). Further, narrow
lane widths (a combined travel lane width from 16 feet to <20 feet) were found to experience lower
crash frequency. This is consistent with lane width literature (Le and Porter 2013; Noland and Oh
2004; Strathman, Dueker, and Williams 2001). Finally, combined shoulder widths of 16 feet or
less (compared to larger shoulders) were associated with higher crash frequency. This is logical as
smaller shoulders provide a less forgiving driving environment.

Table 35 - Mixed Effects Negative Binomial for Predicting Total Crash Frequency
β
Std. Err.
z
P>|z|
95% CI
1 (offset)
LNlengthMI
0.721672
0.019644
36.74
<0.001
0.6831726
0.7601758
LNaadt
0.5670994
0.2335926
2.43
0.015
0.1092662
1.024933
hor_curve
0.0337693
0.0019787
17.07
<0.001
0.0298912
0.0376474
deg_of_curv
-0.1435749
0.0265184
-5.41
<0.001
-0.1955501
-0.0915997
curve_LNlengthMI
-0.098089
0.0283415
-3.46
0.001
-0.1536373
-0.0425407
curve_lnaadt
-0.1545412
0.0286727
-5.39
<0.001
-0.2107386
-0.0983437
passzone
-0.1182364
0.0423675
-2.79
0.005
-0.2012753
-0.0351976
srs
-0.0598383
0.0248584
-2.41
0.016
-0.1085598
-0.0111167
psl50_up
-0.9029674
0.4390956
-2.06
0.040
-1.763579
-0.0423558
width_16_18*
-0.4483163
0.1263455
-3.55
<0.001
-0.6959489
-0.2006838
width_18_20*
0.2749078
0.0713484
3.85
<0.001
0.1350675
0.4147482
totl_shldr_4_less*
*
0.1768775
0.0462264
3.83
<0.001
0.0862754
0.2674796
totl_shldr_4_8
0.1067178
0.0410359
2.60
0.009
0.0262889
0.1871467
totl_shldr_8_16*
-6.162433
0.1756909
-35.08
<0.001
-6.506781
-5.818085
constant
-1.425085
0.1655044
-8.61
0.000
-1.749468
-1.100702
/lnalpha
0.4653239
0.0240969
0.4204125
0.5150329
Num_segmentID var(_cons)
LLi = -35101.318, LLf=-34254.904, Nobs=122642, Nseg=27064
*
See corresponding note in Table 29
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The horizontal curve crash modification function to be drawn from this model consists of the
following curve-related variables:



presence of a horizontal curve (hor_curve),



degree of curvature (deg_of_curv),



interaction of horizontal curve presence and segment length (curve_LNlengthMI), and



interaction of horizontal curve presence and segment AADT (curve_lnaadt).

These combine to form the CMFunction shown in Equation 51, which assumes that a horizontal
curve is present (meaning the coefficients for hor_curve, curve_LNlengthMI and curve_lnaadt are
multiplied by 1). Other variables were not included in the CMF because their effect is the same on
tangents and curves. This function shows that curve safety is affected by the degree of curvature,
length of the curve and traffic volume along the curve. First, the presence of the curve results in a
CMF of 1.76, indicating the baseline effect of a horizontal curve is associated with a 76 percent
increase in crash frequency. This effect is modified by degree of curvature (increases in degree of
curvature increase the CMFunction), length (as curve length increases crash frequency decreases),
and traffic (as traffic increases crash frequency decreases). The degree of curvature coefficient is
consistent with all previous literature. The length interaction is logical because longer curves tend
to have flatter radii, which predicts lower crash frequency. Finally, the negative effect of increasing
traffic presents an interesting effect. This has not been found previously in the literature, however,
when considered from a human factors standpoint, this may make sense. Increased traffic on the
curve can provide the driver with more cues to assist with navigating the curve, especially at night
when headlights provide much better guidance than lane lines (it should be noted that the SPF
model still showed increases in AADT increase crash frequency, however, on horizontal curve, this
effect is not as prevalent). Also, increased traffic indicates decreased headways, which may result
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in a decrease in severe roadway departure crashes and an increase in underreported fender benders,
as vehicles may strike other vehicles at low speed before they depart the roadway. Large traffic
volumes also lower speeds, which means roadway departures can be more easily managed,
allowing the driver to stop on the shoulder or in the clear zone, prior to striking a fixed object.
Further, the original roadway departure studies (Hutchinson and Kennedy 1966; Cooper 1980)
suggest that increases in AADT are associated with a decrease in roadway departures. All of these
lend support to this interactive effect with traffic. However, this effect must be considered within
reason. At a certain level of traffic (and length), the CMFunction reports a CMF less than 1.0,
indicating the curve is predicted to have lower crash frequency than a similar tangent. While this
may sound jarring, it should not draw significant concern. First, it is likely that the upper bound of
the 95 percent confidence interval will include one, which means the CMF includes 1.0. Second,
operating speeds are reduced on horizontal curves (Fitzpatrick et al. 2000) and in high-traffic
conditions. Further, as mean speed decreases, speed deviation decreases; and it has long been
believed that as speed deviation decreases, crash frequency decreases (Solomon 1964; Cirillo 1968;
Research Triangle Institute 1970; Hauer 2009). Thus, it is within reason to conclude that the
CMFunction is capturing the crash reduction associated with the reduction in mean and variation
of operating speeds on the horizontal curve compared to the horizontal tangent. This reduction in
crash frequency is either due to an actual reduction in crashes or just a reduction in police reported
crashes. Ultimately, a CMF of below one should only be used if the upper bound of the 95 percent
confidence interval falls below one.

Equation 51 – Crash Modification Function for Total Crash Frequency on Horizontal Curves (assuming the
presence of a horizontal curve)

𝐶𝑀𝐹𝐻𝐶,𝑇𝐶 =
where

𝑒 0.5670994+0.0337693∗𝐷
𝐿0.1435749 𝐴𝐴𝐷𝑇 0.098089
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D – degree of curvature [DEG/100 ft]
L – curve length [miles]
AADT – annual average daily traffic on the horizontal curve [veh/day].

A set of plots was developed to depict the relationships in this CMF using average values for degree
of curvature (7.814433), length (0.082064), and AADT (2397.223) for horizontal curves in
Database 1. Figure 11 depicts this CMF as a function of degree of curvature, Figure 12 depicts the
CMF as a function of curve radius, Figure 13 depicts the CMF as a function of curve length, and
Figure 14 depicts the CMF as a function of AADT. Note the heel of the curve of the CMF plot as
a function of radius (Figure 12) occurs at roughly 600 feet. This is consistent with the plot produced
by Elvik (2013), which found the effect of radius on crash frequency flattens at roughly 200 meters
(656 feet, see Figure 4). These plots include the upper and lower bound of the 95% confidence
interval for each CMF value, which were calculated using Equation 52. While the CMF values
never drop below one, the lower bound of the 95 percent confidence interval does. However, the
standard error calculated using Equation 52 and used to determine the confidence interval is an
extremely conservative estimate. As stated previously, using the variance equation in Equation 43
requires an assumption that all variables are statistically independent. This assumption is violated
by these variables (see Table 36), meaning there is shared variability of the coefficients among
these variables. This is unaccounted for when using Equation 43, which means the confidence
interval should be much narrower.

Table 36 - Correlation Matrix of Horizontal Curve Variables (Among Horizontal Curves)

Degree of Curvature
Curve AADT
Curve Length

Degree of Curvature

Curve AADT

Curve Length

1.000
-0.3360
-0.1947

1.000
0.2031

1.000
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Equation 52 - Standard Error for a Point Value of the Horizontal Curve CMF

𝑆𝑡𝑑. 𝐸𝑟𝑟.𝐶𝑀𝐹 = √0.23359262 + 0.00197872 ∗ 𝐷2 − 0.02651842 ∗ ln(𝐿)2 − 0.02834152 ∗ ln(𝐴𝐴𝐷𝑇)2
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Figure 11 - Plot of horizontal curve CMF for total crashes as a function of degree of curvature
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Figure 12 - Plot of horizontal curve CMF for total crashes as a function of curve radius
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Horizontal Curve CMF as a Function of Curve Length
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Figure 13 - Plot of horizontal curve CMF for total crashes as a function of curve length
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Figure 14 - Plot of horizontal curve CMF for total crashes as a function of AADT

5.4.3 Fatal and Injury Crashes
Based on the metrics in Table 33, the best model to predict fatal and injury crash frequency is the
Mixed Effects negative binomial with the SPF variables and both the interaction and spatial
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variables, shown in Table 37. Note the coefficient estimates of the basic SPF variables are similar
to those for the total crashes model (see Table 35). The horizontal curve CMF coefficients are
slightly different: the curve constant is slightly higher, the degree of curvature coefficient is
essentially the same, and the coefficients of the interaction are a larger magnitude, indicating more
dramatic decreases from the interactions. However, the overall structure of the CMFunction is the
same. Finally, the spatial variables (inv_distal, inv_proximal, and inv_dist_x_prox) are not
statistically significant. Further, the signs are opposite those predicted for total crashes by Findley
et al. (2012). While reported because this was shown as the best model, they will not be included
in the CMFunction for horizontal curves for fatal and injury crashes.

Table 37 – Mixed Effects Negative Binomial for Fatal and Injury Crash Frequency
β
Std. Err.
z
P>|z|
95% CI
1 (offset)
LNlengthMI
0.6896419
0.0256064
26.93
<0.001
0.6394542
0.7398295
LNaadt
0.599246
0.305114
1.96
0.050
0.0012386
1.197253
hor_curve
0.0337022
0.0025181
-5.21
<0.001
0.0287668
0.0386377
deg_of_curv
-0.1739471
0.0333618
-2.83
0.005
-0.239335
-0.1085591
curve_LNlengthMI
-0.104758
0.0369864
13.38
<0.001
-0.1772501
-0.0322659
curve_lnaadt
0.0005535
0.001205
0.46
0.646
-0.0018081
0.0029152
inv_distal
1.58*10-7
2.50*10-7
0.63
0.527
-3.32*10-7
6.47*10-7
inv_proximal
-9.22*10-9
2.16*10-8
-0.43
0.669
-5.15*10-8
3.30*10-8
inv_dist_x_prox
-0.1829659
0.0368311
-4.97
<0.001
-0.2551537
-0.1107782
passzone
-0.1768802
0.0552091
-3.20
0.001
-0.2850882
-0.0686723
srs
-0.5609965
0.1650029
-3.40
0.001
-0.8843963
-0.2375967
width_16_20*
*
0.2659419
0.0918199
2.90
0.004
0.0859783
0.4459055
totl_shldr_4_less
0.1063096
0.0530157
2.01
0.045
0.0024007
0.2102186
totl_shldr_4_16*
-6.567391
0.2273281
-28.89
<0.001
-7.012946
-6.121837
constant
-0.344818
0.1297679
-2.65
0.008
-0.5988223
-0.0901414
/lnalpha
0.5123942
0.0395705
0.4404218
0.5961282
Num_segmentID var(_cons)
LLi = -22423.828, LLf=-21916.061, Nobs=122642, Nseg=27064
*
See corresponding note in Table 29

The horizontal curve CMFunction extracted from this model is shown in Equation 52. Once again,
the resulting CMF may drop below one. This is logical for the same reasons discussed in 5.4.3.
The larger magnitudes of the interaction variables indicate that as length and traffic increase on a
horizontal curve, fatal and injury crashes decrease at a faster rate than total crashes, indicating there
must be a decrease in these crash types and an increase in PDO crashes.

96
Equation 53 - CMFunction for Fatal and Injury Crash Frequency on Horizontal Curves (assuming the presence
of a horizontal curve)

𝐶𝑀𝐹𝐻𝐶,𝐹𝐼 =

𝑒 0.599246+0.0337022∗𝐷
𝐿0.1739471 𝐴𝐴𝐷𝑇 0.104758

As was done for total crash frequency, a set of plots was developed to depict the relationships in
this CMF using average values for degree of curvature (7.814433), length (0.082064), and AADT
(2397.223) for horizontal curves in Database 1. Figure 15 depicts this CMF as a function of degree
of curvature, Figure 16 depicts the CMF as a function of curve radius, Figure 17 depicts the CMF
as a function of curve length, and Figure 18 depicts the CMF as a function of AADT. The standard
error was calculated using Equation 54. While the CMFs never drop below one, the lower bound
of the 95 percent confidence interval does. A possible explanation for this was described in section
5.4.2.
Equation 54 - Standard Error Calculation for Point Value of CMF for Fatal and Injury Crashes

𝑆𝑡𝑑. 𝐸𝑟𝑟.𝐶𝑀𝐹 = √0.3051142 + 0.00251812 ∗ 𝐷2 − 0.03336182 ∗ ln(𝐿)2 − 0.03698642 ∗ ln(𝐴𝐴𝐷𝑇)2
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Figure 15 - Horizontal curve CMF for fatal and injury crashes as a function of degree of curvature
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Horizontal Curve CMF for Fatal and Injury Crashes as a
Function of Curve Radius
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Figure 16 - Horizontal curve CMF for fatal and injury crashes as a function of curve radius

Curve CMF

Horizontal Curve CMF for Fatal and Injury Crashes as a
Function of Curve Length
10
9
8
7
6
5
4
3
2
1
0

CMF(Length)
Lower Bound of 95% CI

Upper Bound of 95% CI

0

0.05

0.1

0.15

0.2

Curve Length [miles]

Figure 17 - Horizontal curve CMF for fatal and injury crashes as a function of curve length
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Horizontal Curve CMF for Fatal and Injury Crashes as a
Function of AADT
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Figure 18 - Horizontal curve CMF for fatal and injury crashes as a function of AADT

5.4.4 Fixed Object Crashes
As stated previously, models were estimated to predict fixed object crashes as an proxy for roadway
departure crashes (the crash database did not have a roadway departure crash type), the most
common crash type on horizontal curves. This was justified because in preparation of the database,
no fixed objects were noted within the roadway, meaning they must all exist on the roadside. While
this does not capture all roadside crashes, it should serve as a sufficient proxy. Table 34 indicates
the mixed effects negative binomial SPF with the spatial variables produced the best predictions
for fixed object crashes. This model is shown in Table 38. Models with the interaction terms were
not reported as the coefficients were inconsistent with engineering expectations. The basic SPF
variables were consistent with those in the total and fatal and injury crash models. The two
differences are that LNlengthMI is no longer offset (1 was not in the 95 percent confidence interval)
and the presence of centerline rumble strips (CLRS) became statistically significant. The effect
found for centerline rumble strips (an increase in fixed object crashes) can be credited to
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oversteering when reacting to the vibration caused by the strips. Significant oversteering can send
the vehicle into the roadside and strike a fixed object. Also, drivers may mistakenly react to the
centerline rumble strips as if they are shoulder rumble strips and turn left (Noyce and Elango 2004).

Table 38 - Mixed Effects Negative Binomial for Fixed Object Crashes
β
Std. Err.
z
P>|z|
95% CI
0.8893241
0.0289187
30.75
<0.001
0.832644
0.9460038
LNlengthMI
0.469533
0.0190037
24.71
<0.001
0.4322864
0.5067796
LNaadt
0.3223857
0.0346565
9.30
<0.001
-0.2544602
0.3903112
hor_curve
0.0361436
0.0022219
16.27
<0.001
0.317887
0.0404984
deg_of_curv
0.0011511
0.0010822
1.06
0.287
-0.0009699
0.0032721
inv_distal
-7
7.39*10-8
2.39*10-7
0.31
0.758
-3.95*10
5.43*10-7
inv_proximal
6.59*10-9
1.63*10-8
0.40
0.686
-2.54*10-8
3.86*10-8
inv_dist_x_prox
-0.2042906
0.0366031
-5.58
<0.001
-0.2760314
-0.1325498
passzone
0.1255342
0.0390241
3.22
0.001
0.0490483
0.20202
clrs
-0.1680362
0.0581953
-2.89
0.004
-0.2820969
-0.0539755
srs
-0.7104697
0.148372
-4.79
<0.001
-1.001273
-0.4196658
width_16_20*
0.6709234
0.0900754
7.45
<0.001
0.4943789
0.8474679
totl_shldr_4_less*
0.437267
0.0602671
7.26
<0.001
0.3191458
0.5553883
totl_shldr_4_12*
0.2453174
0.0699672
3.51
<0.001
0.1081842
0.3824507
totl_shldr_12_16*
-5.432123
0.1739751
-29.53
<0.001
-5.792708
-5.071539
constant
-1.227486
0.2211783
-5.55
<0.001
-1.660987
-0.7939841
/lnalpha
0.6107944
0.0362728
0.5436825
0.6861905
Num_segmentID var(_cons)
LLi = -24169.425, LLf=-23603.956, Nobs=122642, Nseg=27064
*
See corresponding note in Table 29

The CMFunction for horizontal curves from this model is shown in Equation 53. The spatial terms
will be ignored again as they are not statistically significant. The “constant” in the CMFunction
results in a CMF of 1.38, meaning that the presence of a horizontal curve alone results in a 38
percent increase in fixed object crashes. This value only increases as the curve radius decreases.
This finding is logical when considering fixed object crashes as a proxy for roadway departure
crashes. However, the lack of ability to formulate a good model with the interaction term does not
support the idea discussed previously, that increases in traffic can reduce roadway departure crashes
resulting in a decrease in total crash frequency.

Equation 55 - CMFunction for Fixed Object Crashes on Horizontal Curves (assuming a horizontal curve is
present)

𝐶𝑀𝐹𝐻𝐶,𝐹𝑂𝐶 = exp[0.3223857 + 0.0361436 ∗ 𝐷]

100

As was done for total crash and fatal and injury crash frequency, a set of plots was developed to
depict the relationships in this CMF using average values for degree of curvature (7.814433), length
(0.082064), and AADT (2397.223) for horizontal curves in Database 1. Figure 19 depicts this CMF
as a function of degree of curvature and Figure 20 depicts the CMF as a function of curve radius.
The standard error was calculated using Equation 56. For these conditions, neither the CMF nor
the lower bound of the 95 percent confidence interval drop below one.

Equation 56 - Standard Error Calculation for Point Value of CMF for Fixed Object Crashes

𝑆𝑡𝑑. 𝐸𝑟𝑟.𝐶𝑀𝐹 = √0.03465652 + 0.00222192 ∗ 𝐷2
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Figure 19 - Horizontal curve CMF for fixed object crashes as a function of degree of curvature
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Horizontal Curve CMF for Fixed Object Crashes as a
Function of Curve Radius
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Figure 20 - Horizontal curve CMF for fixed object crashes as a function of curve radius

5.5 Model Validation
To validate the final models presented in section 5.4, the same models were estimated using the
matched data in Database 2. The same propensity score estimation and matching technique as
Database 1 was also used on Database 2. The propensity score models differed, which is to be
expected considering there was a different proportion of horizontal curves. The propensity score
model and matching results can be found in Appendix C.

5.5.1 Total Crash Frequency
The final mixed effects negative binomial model for total crash frequency, depicted in Table 35,
was run using matched observations in Database 2.

The results of this model, along with

corresponding coefficients from the Database 1 model, are presented in Table 39. Coefficients
from the final model were compared to the 95 percent confidence interval of the corresponding
coefficient estimate for the Database 2 model. Though some SPF variables did not fall within the
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interval, almost all of the horizontal curve CMF estimates did, with the exception of the degree of
curvature estimate (which was just outside of the upper bound). This instills confidence in the
estimated CMFunction in Equation 51.

Table 39 - Mixed Effects Negative Binomial for Total Crash Frequency from Database 2
LNlengthMI
LNaadt
hor_curve
deg_of_curv
curve_LNlengthMI
curve_lnaadt
passzone
srs
psl50_up
width_16_18*
width_18_20*
totl_shldr_4_less*
totl_shldr_4_8*
totl_shldr_8_16*
constant
/lnalpha
Num_segmentID
var(_cons)

β
1 (offset)
0.7302118
0.2366445
0.0286167
-0.1719046
-0.0707521
-0.1706066
-0.0609856
-0.0377318
0.675144
-0.0546342
0.452019
0.3314468
0.2351937
-6.338758
-1.805241
0.4641603

Std. Err.

z

P>|z|

0.0240222
0.2613686
0.0022724
0.0276994
0.0314138
0.032061
0.0460406
0.0269625
0.7712803
0.1197812
0.077801
0.0546016
0.0504334
0.2088708
0.2385254
0.0252793

30.40
0.91
12.59
-6.21
-2.25
-5.32
-1.32
-1.40
0.87
-0.46
5.81
6.07
4.66
-30.35
-7.57

<0.001
0.365
<0.001
<0.001
0.024
<0.001
0.185
0.162
0.382
0.648
<0.001
<0.001
<0.001
<0.001
<0.001

95% CI
0.6831292
-0.2756285
0.0241629
-0.2261943
-0.1323221
-0.233445
-0.1512236
-0.0905772
-0.8371673
-0.2894009
0.299532
0.2244297
0.136346
-6.748137
-2.272742
0.4171665

LLi = -29858.417, LLf=-29137.925, Nobs=101712, Nseg=23121
See corresponding note in Table 29
1
If value is bolded, it falls within 95% CI of DB2 Model
*

0.7772944
0.7489175
0.0330706
-0.1176148
-0.0091822
-0.1077682
0.0292523
0.0151136
2.186196
0.1801326
0.6045061
0.438464
0.3340413
-5.929379
-1.33774
0.5164479

DB1 Coefficient1
1 (offset)
0.721672
0.5670994
0.0337693
-0.1435749
-0.098089
-0.1545412
-0.1182364
-0.0598383
-0.9029674
-0.4483163
0.2749078
0.1768775
0.1067178
-6.162433
-1.425085
0.4653239
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5.5.2 Fatal and Injury Crash Frequency
As was done with the total crash frequency model, the fatal and injury crash frequency model in
Table 37 was also estimated using Database 2. These results are presented in Table 40. All
coefficients from the CMFunction in Equation 53 fall into the 95 percent confidence interval of the
corresponding coefficients in the Database 2 model. This instills confidence in the fatal and injury
crash frequency CMFunction.

Table 40 - Mixed Effects Negative Binomial for Fatal and Injury Crash Frequency from Database 2

LNlengthMI
LNaadt
hor_curve
deg_of_curv
curve_LNlengthMI
curve_lnaadt
inv_distal
inv_proximal
inv_dist_x_prox
passzone
srs
width_16_20*
totl_shldr_4_less*
totl_shldr_4_16*
constant
/lnalpha
Num_segmentID
var(_cons)

β

Std. Err.

z

P>|z|

1 (offset)
0.6991476
0.3727641
0.0298658
-0.2368143
-0.1080078
-0.0012123
1.75*10-7
1.21*10-9
-0.2040337
-0.0396409
-0.1509856
0.3621388
0.2688922
-6.726427
-0.5691828
0.4932875

0.0312256
0.3410166
0.0027566
0.0348128
0.0409877
0.0018557
1.90*10-7
1.86*10-9
0.0415921
0.0582958
0.1613948
0.1011277
0.0644678
0.2688344
0.1653202
0.0415144

22.39
1.09
10.83
-6.80
-2.64
-0.65
0.92
0.65
-4.91
-0.68
-0.94
3.58
4.17
-25.02
-3.44

<0.001
0.274
<0.001
<0.001
0.008
0.514
0.357
0.513
<0.001
0.497
0.350
<0.001
<0.001
<0.001
0.001

95% CI

0.6379466
-0.2956162
0.0244629
-0.3050461
-0.1883421
-0.0048495
-1.97*10-7
-2.42*10-9
-0.2855527
-0.1538986
-0.4673137
0.1639321
0.1425377
-7.253332
-0.8932045
0.4182771

LLi = -19026.029, LLf=-18592.984, Nobs=101712, Nseg=23121
See corresponding note in Table 29
1
If value is bolded, it falls within the 95% CI of DB2 Model
*

0.7603487
1.041144
0.0352686
-0.1685826
-0.0276734
0.0024248
5.47*10-7
4.85*10-9
-0.1225147
0.0746168
0.1653425
0.5603454
0.3952468
-6.199521
-0.2451611
0.5817495

DB1
Coefficient1
1 (offset)
0.6896419
0.599246
0.0337022
-0.1739471
-0.104758
0.0005535
1.58*10-7
-9.22*10-9
-0.1829659
-0.1768802
-0.5609965
0.2659419
0.1063096
-6.567391
-0.344818
0.5123942
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5.5.3 Fixed Object Crashes
Finally, the fixed objects crash frequency model shown in Table 38 was estimated using Database
2. The results of this estimation are shown in Table 41. Once again, the horizontal curve
CMFunction coefficients from Equation 55 fell within the 95 percent confidence intervals of the
corresponding coefficients from the Database 2 models, reinforcing confidence in the CMFunction.

Table 41 - Mixed Effects Negative Binomial for Fixed Object Crashes
LNlengthMI
LNaadt
hor_curve
deg_of_curv
inv_distal
inv_proximal
inv_dist_x_prox
passzone
clrs
srs
width_16_20*
totl_shldr_4_less*
totl_shldr_4_12*
totl_shldr_12_16*
constant
/lnalpha
Num_segmentID
var(_cons)

β
0.8567017
0.5032388
0.2721061
0.031102
-0.0009965
-7.32*10-8
9.98*10-8
-0.1388989
0.1133989
-0.1868084
-0.1486758
0.6992351
0.4771912
0.2208781
-5.830354
-1.704251
0.6556961

Std. Err.
0.0313356
0.0214713
0.0390239
0.0026727
0.0016792
2.05*10-7
1.68*10-9
0.041153
0.038853
0.0646212
0.1421077
0.0991466
0.0700371
0.081472
0.205904
0.3485231
0.0396456

z
27.34
23.44
6.97
11.64
-0.59
-0.36
0.59
-3.38
2.92
-2.89
-1.05
7.05
6.81
2.71
-28.32
-4.89

P>|z|
<0.001
<0.001
<0.001
<0.001
0.553
0.721
0.552
0.001
0.004
0.004
0.295
<0.001
<0.001
0.007
<0.001
<0.001

95% CI
0.795285
0.9181184
0.4611559
0.5453218
0.1956207
0.3485914
0.0258637
0.0363403
-0.0042876
0.0022946
-4.75*10-7
3.29*10-7
-2.29*10-9
4.29*10-9
-0.2195573
-0.0582404
0.0372484
0.1895494
-0.3134637
-0.0601531
-0.4272017
0.12985
0.5049112
0.8935589
0.3399211
0.6144613
0.0611958
0.3805603
-6.233918
-5.426789
-2.387344
-1.021159
0.5824197
0.7381918

LLi = -20213.169, LLf=-19730.58, Nobs=101712, Nseg=23121
See corresponding note in Table 29
1
If value is bolded, it falls within the 95% CI of DB2 Model
*

DB1 Coefficient1
0.8893241
0.469533
0.3223857
0.0361436
0.0011511
7.39*10-8
6.59*10-9
-0.2042906
0.1255342
-0.1680362
-0.7104697
0.6709234
0.437267
0.2453174
-5.432123
-1.227486
0.6107944
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Chapter 6
Conclusion
Estimating these CMFunctions has allowed for a few conclusions to be made regarding horizontal
curve safety on Pennsylvania two-lane rural roads. First, it appears the effect of degree of curvature
is consistent with previous estimations of CMFs for degree of curvature, evident by comparing
Figure 4 and Figure 12. Second, the propensity scores-potential outcomes revealed that the
presence of a horizontal curve alone presents a safety issue. This effect can be seen as the constant
in Equations 51, 53, and 55. The value of this constant varied, depending on if length and AADT
interaction terms were included. These changes, combined with the consistency of the degree of
curvature CMF, show that the baseline effect of a horizontal curve varies with curve length and
AADT. Third, a standard error and a 95 percent confidence interval can be calculated for each
point estimate of the CMFunction. This interval can provide analysts with an idea of the statistical
significance of the CMF estimation. However, it should be noted that the standard error is a
conservative estimate, larger than the true value. Finally, the proposed relationship between crash
frequency and the distance to adjacent horizontal curves was not present in these data (at least at a
marginally statistically significant level). However, future analysis may still quantify this effect.

At the beginning of this thesis (see 1.1), three objectives were stated:

1. Improve upon the current CMF for degree of curvature by using a new, more advanced
statistical technique,
2. Advance the findings of Findley et al. (2012) and Khan et al. (2013) regarding the impact
on crash frequency of a curve by its distance to adjacent curves, and
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3. Provide a tool by which the Pennsylvania Department of Transportation may identify
horizontal curves with higher than expected crash frequencies.

Based on the results presented and discussed in Chapter 5, objectives 1 and 3 were met, while
objective 2 was not as the spatial impacts of adjacent curves were found to be not statistically
significant.

6.1 Improving the Current Crash Modification Factor
The analysis performed in this thesis was statistically rigorous. The use of the propensity scorespotential outcomes method allows for the inference of causality, something which previous
horizontal curve safety publications were unable to claim. The utilization of mixed effects negative
binomial regression accounted for the serial correlation that may arise from repeated observations
at one site. Numerous goodness-of-fit and predictive power metrics were used to identify the best
model for each crash type. Unfortunately, the rather low values of the 95 percent confidence
intervals introduce doubt to these findings. However, as stated previously, these are conservative
estimates and the true interval is likely more narrow. Finally, comparing the resulting models to
similar models using a different dataset provides significant validation for the crash modification
functions.

The propensity scores-potential outcomes methodology proved effective in this analysis. By
directly comparing horizontal curves and tangents, the baseline effect of the horizontal curve was
able to be estimated efficiently. Propensity score matching significantly reduced standardized bias,
as shown in Figure 10. This reduction in standardized bias improves the effectiveness of this
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analysis compared to a simple cross-sectional analysis. This methodology should be considered
when performing any cross-section analysis.

The CMFunction produced in this thesis is different than those previously published. While the
specific CMF for degree of curvature was consistent with older work, the interactive effect of curve
length and AADT were unexpected. However, the effects are logical and should be taken into
consideration when predicting crashes on horizontal curves.

6.1.1 Future Research
This analysis can be improved upon in numerous ways. Degree of curvature can be viewed as the
treatment using the “dose-response” propensity scores-potential outcomes methodology, which
analyzes degree of curvature as a continuous treatment. Further, degree of curvature can be
stratified to see if the CMF measured is consistent throughout the typical range of curve radii values
or if it varies. The impact of curve length and AADT should be investigated in depth. For instance,
stratification can be done for curve length and AADT to see if the interactive effects are consistent
or vary. The analysis can also be enhanced by accounting for the under reporting of crash data.
Finally, these findings can be further validated by repeating this analysis with data from other state
highway networks.

6.2 Measuring the Impact of Adjacent Horizontal Curves
The relationship between crash frequency on horizontal curves and the distance to adjacent
horizontal curves, previously found by Findley et al. (2012) and Khan et al. (2013), was not present
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in this data at a statistically significant level. Further, the model coefficient estimates were not
consistent with their findings.

6.2.1 Future Research
The lack of findings in this thesis regarding the spatial relationship should not discourage future
research into the topic. A multiple treatment dose-response propensity scores-potential outcomes
analysis may tease out the effects of these adjacent curves. Another interesting analysis would be
to interact these distances with the radius and length of these adjacent curves. For instance, a sharp
curve bookended by two distant, long, flat horizontal curves may experience higher crash frequency
than if the curve was juxtaposed with close, short, sharp horizontal curves. This may provide a
better understanding of how the curves interact. Also, a better method for coding inputs for the
tangents may assist in identifying this effect when using propensity scores-potential outcomes.

6.3 PennDOT Prediction Tool
The crash modification functions developed in this analysis should provide excellent tools by which
PennDOT can estimate crash frequency at horizontal curves on their two-lane rural roads. As
mentioned previously, these functions were vetted using a completely separate set of PennDOT
data. A combination of these CMFunctions with the recently developed SPF for PennDOT twolane rural roads will provide accurate predictions of crash frequency at these sites. This prediction
can be compared with observed and police-reported crash frequency to identify sites that can be
improved, either through signage or reconstruction.
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6.3.1 Future Research
This model was developed using data from all one-, two-, and three-digit state-owned rural roadway
in Pennsylvania. Models can be developed using similar data from four-digit Pennsylvania twolane rural roads to see if the effects estimated in this thesis differ. The analysis performed in this
thesis can also be performed on other roadway types, such as rural multilane highways and
freeways, as well as urban roadways (though curves are much less prominent on urban roads).

6.4 Use of Crash Modification Functions
The CMFunctions produced in this thesis can be used along with a safety performance function to
predict crash frequency on horizontal curves. If the CMFunction for either total crashes or fatal
and injury crashes returns a CMF less than one, the confidence interval should be checked to verify
that the value is significantly different from one. To find the effectiveness of the resulting CMF,
equations to calculate the standard error have been provided.

The use of these CMFunctions is limited to two-lane undivided rural roadways. The descriptive
statistics provided in Chapter 4 and Chapter 5 give the range of values for length and AADT in
which this CMFunction was developed. These boundaries should be kept in mind when utilizing
the CMFunctions provided.

These CMFunctions should be used as a tool for predicting crash frequency on horizontal curves.
Proper use of this tool will allow the Pennsylvania Department of Transportation to identify
hazardous horizontal curves. By identifying these curves, the agency can more effectively utilize
safety funding and place countermeasures at these curves. These countermeasures will reduce
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crash frequency, potentially saving lives and reducing both the personal and societal costs
associated with crashes.
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Appendix A

Model Output – Total Crash Frequency
Table A-1 – Random Effects Negative Binomial Regression, Total Crash Frequency, Full Model
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Table A-2 - Random Effects Negative Binomial Regression, Total Crash Frequency, Spatial Model
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Table A-3 - Random Effects Negative Binomial Regression, Total Crash Frequency, Interaction Model
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Table A-4 - Random Effects Negative Binomial Regression, Total Crash Frequency, Base Model
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Table A-5 - Mixed Effects Negative Binomial Regression, Total Crash Frequency, Full Model

126
Table A-6 - Mixed Effects Negative Binomial Regression, Total Crash Frequency, Spatial Model
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Table A-7 - Mixed Effects Negative Binomial Regression, Total Crash Frequency, Interaction Model
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Table A- 8 - Mixed Effects Negative Binomial Regression, Total Crash Frequency, Base Model
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Model Output – Fatal and Injury Crash Frequency
Table A-9 - Random Effects Negative Binomial Regression, Fatal and Injury Crashes, Full Model
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Table A-10 - Random Effects Negative Binomial Regression, Fatal and Injury Crashes, Spatial Model
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Table A-11 - Random Effects Negative Binomial Regression, Fatal and Injury Crashes, Interaction Model
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Table A-12 - Random Effects Negative Binomial Regression, Fatal and Injury Crashes, Base Model
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Table A-13 - Mixed Effects Negative Binomial Regression, Fatal and Injury Crashes, Full Model
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Table A-14 - Mixed Effects Negative Binomial Regression, Fatal and Injury Crashes, Spatial Model
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Table A-15 - Mixed Effects Negative Binomial Regression, Fatal and Injury Crashes, Interaction Model
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Table A-16 - Mixed Effects Negative Binomial Regression, Fatal and Injury Crashes, Base Model
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Model Output – Fixed Object Crashes
Table A-17 - Random Effects Negative Binomial Regression, Fixed Object Crashes, Spatial Model
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Table A-18 - Random Effects Negative Binomial Regression, Fixed Object Crashes, Base Model
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Table A-19 - Mixed Effects Negative Binomial Regression, Fixed Object Crashes, Spatial Model
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Table A-20 - Mixed Effects Negative Binomial Regression, Fixed Object Crashes, Base Model
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Appendix B

Database 1 Propensity Score Matching
Table B-1 - Results of Propensity Score Matching for Database 1
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Appendix C

Database 2 Propensity Score Estimation and Matching
Table C-1 - Propensity Score Estimation Model for Database 2
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Table C- 2 - Propensity Score Matching Results for Database 2
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Figure C-1 – Plot of standardized bias before and after matching on the propensity score

