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Application of Random Effects Nonlinear Model for
Analyzing Motorized and Nonmotorized
Traffic Safety Performance
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Abstract: In this paper, we investigated the influence of the cross-sectional characteristics of bicycle lanes on motorized and nonmotorized
traffic safety. The safety effects of bicycle lanes with different widths were assessed through the estimation of safety performance functions
(SPFs) and crash modification factors (CMFs). Four different types of crash prediction models [i.e., generalized linear model (GLM), random
effects GLM, generalized nonlinear model (GNM), and random effects GNM] were examined to develop more reliable SPFs. The results
indicated that the random effects GNMs provided the most reliable estimates. The goodness of fit was higher for the GNMs than for the GLMs
because of the nonlinear relationship between the width of the bicycle lanes and the crash rates. In addition, the random effects models
indicated better performance than the GLMs and GNMs. The results indicated that the installation of bicycle lanes is an effective safety
measure to reduce four different types of crashes in general. The results of the estimated CMFs using the random effects GNMs indicated that
the safety effects of bicycle lanes had nonlinear variations based on different widths. In general, the installation of bicycle lanes with widths
of 1.5-1.8 m (5-6 ft) was most effective for reducing motorized crashes, whereas bicycle lanes with widths of 1.8-2.1 m (6-7 ft) were
more appropriate for reducing nonmotorized crashes. According to the findings of this study, specific guidance on minimum bicycle lane
widths for various roadway characteristics, traffic flows, and roadway types based on empirical evidence regarding traffic safety can be
provided. DOI: 10.1061/JTEPBS.0000485. © 2020 American Society of Civil Engineers.
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Introduction

Whereas support for bicycle lanes on urban and suburban roadways
has been growing as the levels of bicycling have increased in the
United States, the safety issue between drivers and bicyclists has
been recently recognized as one of the critical traffic safety problems.
According to the National Highway Traffic Safety Administration
(NHTSA 2018), approximately 840 bicyclists were killed in 2016
in the United States. Bicyclists generally use roadway shoulders
and ride next to vehicles (veh). For shared lanes, the chances of con-
flict between motorized and nonmotorized traffics are higher because
bicyclists can occupy and ride within the travel lane (shared lane)
(Park et al. 2015).

For this reason, nearly every major city in the United States has
made an effort in recent years to install bicycle lanes to provide
bicyclists with a designated lane (path) to reduce the number of
conflicts by separating bicyclists from vehicles and pedestrians.
Implementation of bicycle lanes is challenging in different traffic
conditions, and their safety effectiveness has not been well
examined because the bicycle lane is a relatively new feature in
the urban roadway cross section. Although safety issues related
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to implementing bicycle lanes have been considered important,
few studies have investigated the safety effects for different traffic
flows (Fowler and Koorey 2006; Dumbaugh and Li 2010; Robartes
and Chen 2017), roadway characteristics (Park et al. 2015; Abdel-
Aty et al. 2016; Brunson et al. 2017), socioeconomic factors (Park
et al. 2015; Osama and Sayed 2017; Lee and Abdel-Aty 2018),
installation locations (Sadek et al. 2007; Reynolds et al. 2009;
Kondo et al. 2018; Park et al. 2019), and geometric conditions
(Lusk et al. 2011; Chen et al. 2012; Nosal and Miranda-Moreno
2012). According to the guidebook for bicycle facilities (AASHTO
2012), the minimum bicycle lane width should be 1.2 m (4 ft), and
the recommended width is 1.5 m (5 ft). However, no specific guid-
ance exists on the minimum bicycle lane widths for various road-
way characteristics, traffic flows, and roadway types. In addition,
the variations in the safety effects of bicycle lanes based on differ-
ent widths have not been investigated.

According to the Highway Safety Manual (HSM) (AASHTO
2010), a crash modification factor (CMF) can express potential
changes in crashes after treatment (or countermeasure) is imple-
mented on a roadway segment or intersection. Observational before
and after (B/A) studies and the cross-sectional (CS) method have
been used to estimate the CMF (Gross et al. 2010; Srinivasan et al.
2010; Carter et al. 2012; Wu et al. 2015).

To develop CMFs using the CS method, the development of
crash prediction models [i.e., safety performance functions (SPFs)]
is required. It is commonly known that the generalized linear model
(GLM) with negative binomial (NB) distribution can be utilized to
develop SPFs. Using the coefficient of a specific variable associ-
ated with treatment (or countermeasure), a CMF can be calculated
(Carter et al. 2012; Park and Abdel-Aty 2015b). However, the es-
timated CMFs from GLM cannot account for the nonlinear effects
of the treatment because the coefficients in the GLM are assumed to
be fixed. In an effort to account for the nonlinear effects of crash
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predictors, many previous researchers have used the logarithm of
annual average daily traffic (AADT) instead of AADT in their
analysis. In contrast, some previous studies indicated nonlinear re-
lationships between crash frequency and roadway characteristics
with multiple variations (Park and Abdel-Aty 2015a; Lee et al.
2015). Due to the limitation of GLM in handling the nonlinearity
of an explanatory variable, a methodology for applying the gener-
alized nonlinear model (GNM) to analyze crash data has been sug-
gested (Lao et al. 2014; Lee et al. 2015; Park and Abdel-Aty 2016).
In the application of GNM, the development of a nonlinearizing
link function to reflect the nonlinear effects with multiple variations
is required.

The NB regression model assumes that a stochastic component
is introduced into the relationship between traffic crashes and co-
variates. Although the NB regression model has been widely used
in the past decades due to its strength for addressing overdispersion
in crash prediction models, several important potential issues re-
main (e.g., spatial effects, heterogeneity) (Hauer et al. 2004; Lord
and Mannering 2010). For this reason, random effects models have
been used as an alternative approach in the application of traffic
crash data (Shankar et al. 1998). Because roadway geometric
and traffic parameters are likely to have location-specific effects,
the random effects models might be more appropriate to account
for the unobserved heterogeneity by introducing random variations
(Chin and Quddus 2003; Anastasopoulos and Mannering 2009;
Venkataraman et al. 2011; Mitra and Washington 2012; Yu et al.
2013; Bhat et al. 2014; Chen and Tarko 2014; Barua et al. 2015;
Mannering et al. 2016).

The objective of this study was to evaluate the safety effects of
bicycle lanes based on their different widths by developing SPFs
and CMFs for different crash types and severities. Four different
statistical modeling approaches (i.e., GLM, random effects GLM,
GNM, and random effects GNM) were explored and compared to
achieve more reliable estimates. In this paper, the KABCO severity
scale could be defined as follows: fatal (K), incapacitating injury
(A), nonincapacitating injury (B), possible injury (C), and property
damage only (O). The crash types were defined as follows: all crash
types with all severity levels (KABCO) as “Motorized,” all crash
types with KABC severity levels as “Motorized-Injury,” bicycle-
related crashes (including crashes with pedestrians) with all se-
verity levels as “Nonmotorized,” and bicycle-related crashes with
KABC severities as “Nonmotorized-injury.”

Methodology

Safety Performance Functions

The GLM with the NB distribution model is most commonly
used to develop SPFs because the function can account for over-
dispersion. SPFs relate crash frequency to traffic and roadway
characteristics. Two types of SPFs, which are full SPFs and sim-
ple SPFs, have been primarily used in the literature. Full SPFs
relate the frequency of crashes to both traffic and roadway char-
acteristics, whereas simple SPFs consider a traffic parameter
(e.g., AADT) as an explanatory variable. It should be noted that
the HSM provides CMFs calculated based on simple SPFs only.
However, simple SPFs are oversimplified functions for reflecting
the relationship between crash frequency and roadway character-
istics because crash frequency is not only affected by traffic vol-
ume (Park et al. 2015). Therefore, in this study, a full SPF was
developed to calculate CMFs using the CS method. The roadway
length was considered as an offset in the model, as suggested
by the HSM (AASHTO 2010). The functional form of SPF
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for fitting the NB regression models is provided in Eq. (1) as
follows:

N predictea; = €Xplfo + In(L;) + 5y n(AADT;) 4 -+ + B (Xy)]
(1)

where N p,eicreai = predicted crash frequency on segment i; 3 =
coefficients for the variable k; AADT; = annual average daily
traffic of segment i (veh/day); L; = length of segment i; and
Xy; = linear predictor k of segment i.

Cross-Sectional Method

The CS method is a useful approach to estimate CMFs with insuf-
ficient crash data from before and after the actual application of a
specific treatment. CS studies can be used to estimate CMFs when
the date of the treatment installation is unknown, and the data for
the period before treatment installation are not available (AASHTO
2010). CMF is calculated using the ratio of the average crash
frequency of sites with the feature to the average crash frequency
of sites without the feature (Carter et al. 2012). It should be noted
that the safety effects estimated by the random effects models
could vary by the random location-specific effects term and other
covariates. For this reason, marginal effects have been used to
provide the safety effects (i.e., CMF) of a specific parameter
(Anastasopoulos and Mannering 2009). The marginal effects could
be presented as the averages over the roadway segment to indicate
the normalized safety impact (Anastasopoulos and Mannering
2009; Park et al. 2014, 2016). Moreover, the delta method was ap-
plied to present the variance in the estimated safety effects from the
random effects models. This approach took the variance by using a
function of a random variable about its mean based on a one-step
Taylor approximation and expanding it to vector-valued functions
of random vectors on the basis of deriving the asymptotic variance
of maximum-likelihood estimators (Oehlert 1992; Rice 1994;
Feiveson 1999).

Generalized Nonlinear Model

To account for the nonlinear effects of independent variables, an
application of GNM using a nonlinearizing link function to assess
the safety effects of treatments was proposed (Lao et al. 2014). The
nonlinearizing link function could be described in any functional
form, including linear, quadratic, log, and power, among others, for
different values of y (Lee et al. 2015). The functional form of the
nonlinearizing link function [U(y)] was determined based on the
relationship between the logarithm of the crash rate and the variable
y. The functional form of GNM is provided in Eq. (2) as follows:

N predicteai; = €Xp(Bo + B1 In(AADT;) + B (Xy;) +vi(U(yi)))
(2)

where ; = coefficients for the nonlinear predictor /; and y; =
nonlinear predictor / of segment i.

Since U(y) varies with y, the CMF using GNM can be estimated
by Eq. (3) as follows:

CMF = exp{y; x (U(yi) = Uyn))} (3)

where y;; = nonlinear predictor / of treated sites; and y,;;, = nonlinear
predictor / of untreated sites (baseline condition).

Random Effects Model

A fixed effects model can be estimated by treating it as a fixed ef-
fect linear regression model (Polachek and Yoon 1996). Basically,
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the fixed effects model assumes that the individual specific effects
are correlated with the independent variables, whereas the random
effects model assumes that the individual specific effects are uncor-
related with the independent variables (Torres-Reyna 2007).
Moreover, in the random effects model, the unobserved individual-
specific heterogeneity is assumed to be completely unrelated to the
explanatory-variable vector, which is a rather strong assumption
(Mannering et al. 2016).

For this reason, random effects models have been applied to ac-
count for the unobserved heterogeneity by introducing random
variations because roadway geometric and traffic parameters are
likely to have location-specific effects (i.e., group-specific varia-
tions) (Chin and Quddus 2003; Anastasopoulos and Mannering
2009; Aguero-Valverde 2013; Yu et al. 2013; Chen and Tarko
2014; Naznin et al. 2016). As stated by Hausman et al. (1984),
the unobserved heterogeneity effects can be captured by the ran-
dom effects modeling approach considering both the fixed and ran-
dom definitions of the individual effects. Based on this finding, an
application to utilize the random effects models in traffic crash
analysis was introduced (Shankar et al. 1998). The results of the
study indicated that the random effects NB models could signifi-
cantly improve the explanatory power of crash prediction models.

The random effects modeling approach can be adopted by intro-
ducing a random location-specific effects term into the relationship
between the expected number of crashes ()\;;) and the covariate, X;;,
of observation unit i in a given period ¢ as in Eq. (4) as follows
(Chin and Quddus 2003):

Air = exp(X;, 8+ ;) (4)

where §; = random location-specific effects; and 5 = vector of
regression of parameter estimates.

In this study, two different spatial geographic units (i.e., Block
Groups and Census Tracts) were considered to introduce a random
location-specific effects term into the GLMs and GNMs. For mo-
torized crashes, using the models with a random effects term based
on Block Groups was found to provide better performance than the
models with the Census Tracts random effects term. In contrast, the
models with the Census Tracts random effects term were more ap-
propriate for nonmotorized crashes.

Data Preparation

In this study, two datasets were used for urban arterials in Seminole
County, Florida: roadway characteristic data from the Roadway
Characteristics Inventory (RCI) system and crash data from the
Crash Analysis Reporting System (CARS) database for five years
(2008-2012). The RCI database provides current and historical
roadway characteristics data and reflects features of specific seg-
ments for the selected dates. In addition to the five years of crash
data, crash records for 2007 were obtained to ensure a sufficient
bicycle-related crash frequency. A total of 254 roadway segments
with a total length of approximately 82.1 km (51 mi) were
identified for the analysis. To identify the geographic entity, the
spatial zone unit data were obtained from the US Census Bureau
website using the PLANSAFE Census Too 1 (Levine et al. 1995;
Washington et al. 2010). The distributions of each variable among
the target segments are presented in Table 1. From the comparison
of crash frequencies between nonmotorized and nonmotorized-
injury crashes, approximately 83% of nonmotorized crashes were
injury crashes, whereas approximately 60% of all crashes were in-
jury crashes. This result implied that a high risk of injury exists
when nonmotorized crashes occurred.
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Table 1. Descriptive statistics

Standard
Variable Mean deviation
Motorized crashes 7.055 8.156
Motorized-injury crashes 4.244 4.890
Nonmotorized crashes 0.272 0.706
Nonmotorized-injury crashes 0.224 0.610
Natural logarithm of AADT (veh/day) 10.206 0.493
Length (km) 0.325 0.348
Number of lanes 4.114 1.547
Median width (m) 7.707 4.721

2 =98 sites, 1 = 130 sites,
0 = 28 sites

Median type (2 = median with
barrier, 1 = median with no barrier,
0 = no median)

Roadway type (1 = multilane,

0 = two-lane or one-way)

1 =247 sites, 0 = 9 sites

Bicycle lane width (m) 1.397 0.436
Bicycle lane (1 = bicycle lane, 1 =117 sites, 0 = 139
0 = no bicycle lane) sites
35
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Fig. 1. Nonlinearizing link function for motorized crashes.

Results and Discussion

Nonlinearizing Link Function

The nonlinearizing link functions were developed to reflect the
nonlinearity of bicycle lane widths on motorized and nonmotorized
crashes, as indicated in Figs. 1 and 2. The relationship between the
logarithm of crash rates and bicycle lane widths was plotted to de-
termine the form of the nonlinearizing link function. The crash rate
was defined as the number of crashes per mile. Various nonlinear
equational forms were considered to associate the suitable form
(Park and Abdel-Aty 2015b), and the quadratic nonlinear func-
tional form was best fit for the relationship between crash rates
and bicycle lane widths for motorized and nonmotorized crashes.

It should be noted that any correlation impacts and interaction
effects between the crash rates and other parameters were also
examined, but the nonlinear effects from any of the other param-
eters were not captured. The developed nonlinearizing link func-
tions can be used as a nonlinear predictor in an analysis to improve
model fit (Lao et al. 2014; Lee et al. 2015; Park and Abdel-Aty
2016).

The developed nonlinearizing link functions can be given as
follows:
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Evaluation of SPFs and CMFs

The GLMs, random effects GLMs, GNMs, and random effects
GNMs were evaluated for motorized, motorized-injury, nonmotor-
ized, and nonmotorized-injury crashes, as indicated in Tables 2-5.
Overall, the estimated parameters were statistically significant at a

Upw 4 = 5.4438 — 0.7834 x BW + 0.0736 x BW?> and
Upw p = 5.8422 —2.0657 x BW + 0.1611 x BW? (5)

where Upgy 4 = nonlinearizing link function for motorized crashes;

and Upy_p = nonlinearizing link function for nonmotorized 90% confidence level. In Tables 4 and 5, the explanatory variable
crashes. for bicycle lane width for the GLM was included for comparison
purposes even though it was statistically insignificant. Moreover,
the random effects GLMs for nonmotorized crashes were esti-
25 mated; however, the level of between-group variability was not suf-
= ficient enough to warrant incorporating random effects into the

% T Y PTTT Observed (Ln(CR)) models.
S s Linear In general, the results indicated that crash frequency increased
g ........ . . for the roadway segments with higher AADT values. Moreover, the
g ! =~ \' Nonfinear results of the GLMs (for four different types of crashes) and ran-
S os \,'\‘ dom effects GLMs (for motorized crashes) indicated that the instal-
3 S~ - lation of bicycle lanes with wider widths reduced crash frequency.
§ 0 N S~ In contrast, although the evaluated and random effects GNMs also
Y > - indicated that implementing bicycle lanes was effective for safety in
ZS . general, the nonlinear effects of bicycle lanes based on different
£ widths were identified. For motorized crashes, the crash frequency
-15 was higher for multilane roadways than for two-lane and one-way

03 0.8 13 18 23

roadway segments.

The results indicated that the random effects GNMs provided
the most reliable estimates. In detail, the goodness of fit was
higher for the GNMs than GLMs due to the nonlinear relationship

Bike lane width (BW) (m)

Fig. 2. Nonlinearizing link function for nonmotorized crashes.

Table 2. Estimated parameters of different models for motorized crashes

GLM Random effects GLM GNM Random effects GNM
Parameter Coefficient p-value Coefficient p-value Coefficient p-value Coefficient p-value
Intercept —7.6889 <0.0001 —9.3166 <0.0001 —9.4070 <0.0001 —10.5271 <0.0001
Log (AADT) 0.9252 <0.0001 1.0795 <0.0001 0.8703 <0.0001 1.0026 <0.0001
Bicycle lane width —0.0611 0.0291 —0.0673 0.0379 N/A N/A
Upw_a N/A N/A 0.1766 0.0153 0.1766 0.0287
Roadway type N/S N/S 1.3631 0.0092 1.0784 0.0480
Dispersion 1.0341 0.9441 1.0080 0.9196
) N/A 0.1373 N/A 0.0915
Log likelihood 1,478.52 1,473.15 1,472.56 1,469.75
AIC 1,486.52 1,483.15 1,482.56 1,481.75
BIC 1,500.67 1,492.07 1,500.25 1,492.46
HQIC 1,492.21 1,486.46 1,489.68 1,485.72

Note: § = variance of random effects; N/S = not significant; N/A = not available; AIC = Akaike information criterion; BIC = Bayesian information criterion;

and HQIC = Hannan—Quinn information criterion.

Table 3. Estimated parameters of different models

for motorized-injury crashes

GLM Random effects GLM GNM Random effects GNM
Parameter Coefficient p-value Coefficient p-value Coefficient p-value Coefficient p-value
Intercept —7.0284 <0.0001 —7.9761 <0.0001 —8.6912 <0.0001 —9.1969 <0.0001
Log (AADT) 0.8124 <0.0001 0.9020 <0.0001 0.7593 <0.0001 0.8208 <0.0001
Bicycle lane width —0.0563 0.0531 —0.0588 0.0660 N/A N/A
Upw_a N/A N/A 0.1414 0.0739 0.1357 0.0857
Roadway type N/S N/S 1.4651 0.0145 1.3426 0.0290
Dispersion 0.9904 0.9074 0.9677 0.9162
) N/A 0.0751 N/A 0.0457
Log likelihood 1,257.17 1,255.01 1,252.22 1,252.22
AIC 1,265.17 1,265.01 1,262.22 1,262.22
BIC 1,279.32 1,273.93 1,279.91 1,260.27
HQIC 1,270.86 1,268.32 1,269.34 1,256.98

Note: § = variance of random effects; N/S = not significant; N/A = not available; AIC = Akaike information criterion; BIC = Bayesian information criterion;

and HQIC = Hannan—Quinn information criterion.
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Table 4. Estimated parameters of different models for nonmotorized crashes

GLM GNM Random effects GNM
Parameter Coefficient p-value Coefficient p-value Coefficient p-value
Intercept —20.7384 <0.0001 —20.6409 <0.0001 —21.6598 0.0073
Log (AADT) 1.8705 <0.0001 1.8070 <0.0001 1.8961 <0.0001
Bicycle lane width —0.1012 0.1225 N/A N/A
Upw_p N/A 0.1107 0.0715 0.1017 0.0983
Dispersion 1.8071 1.7409 1.5573
o N/A N/A 0.1465
Log likelihood 301.91 299.31 298.69
AIC 309.91 307.31 308.69
BIC 324.06 321.46 306.73
HQIC 315.60 313.00 303.44

Note: § = variance of random effects; N/S = not significant; N/A = not available; AIC = Akaike information criterion; BIC = Bayesian information criterion;
and HQIC = Hannan—Quinn information criterion.

Table 5. Estimated parameters of different models for nonmotorized-injury crashes

GLM GNM Random effects GNM
Parameter Coefficient p-value Coefficient p-value Coefficient p-value
Intercept —17.9120 <0.0001 —18.3610 <0.0001 —19.4590 0.0101
Log (AADT) 1.5857 <0.0001 1.5680 0.0001 1.6586 <0.0001
Bicycle lane width —0.5237 0.1160 N/A N/A
Upw_s N/A 0.1245 0.0527 0.1175 0.0655
Dispersion 1.5525 1.5053 1.2835
0 N/A N/A 0.1990
Log likelihood 273.83 272.44 271.49
AIC 281.83 280.44 281.49
BIC 295.98 294.59 279.54
HQIC 287.52 286.13 276.25

Note: 6 = variance of random effects; N/S = not significant; N/A = not available; AIC = Akaike information criterion; BIC = Bayesian information criterion;

and HQIC = Hannan—Quinn information criterion.

between the bicycle lane width and the crash rate. The random ef-
fects models also indicated better performance than the GLMs and
GNMs. This result indicated that the inclusion of a location-specific
random effects term in the regression models could enhance
prediction reliability due to its strength in accounting for the un-
observed heterogeneity across target segments. This result might
have also been due to the geographic zonal unit being correlated
with the socioeconomic and demographic parameters, such as in-
come level, education level, and employment rate. These factors
could contribute to crash risk (Huang et al. 2010; Abdel-Aty
et al. 2013). Bicycle lane width should be noted as being alterna-
tively considered as a categorical variable but was insignificant.
The CMFs for bicycle lanes with different widths for different
crash types were developed using the CS method based on the ran-
dom effects GNMs, as indicated in Fig. 3. All of the CMF values
were statistically significant at a minimum confidence interval of
90% and were mostly significant at a 95% confidence interval. In
the CS method, the segments with no bicycle lane were selected as
the baseline. The results of the CMFs indicated that installing bi-
cycle lanes is effective and safe for reducing motorized and non-
motorized crashes in general. The results also indicated that bicycle
lanes are safer and more effective for reducing nonmotorized
crashes than motorized crashes. For motorized crashes, the safety
effects of the implementation of bicycle lanes were higher for all
types of crashes than for injury crashes, whereas the opposite was
detected for nonmotorized crashes. The estimated CMFs for mo-
torized and nonmotorized crashes indicated that the safety effects
of bicycle lanes decreased until a certain point [i.e., 1.5 m (5 ft)
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bicycle lane width] and then increased clearly after this point.
Although the nonlinearity of the developed CMFs for nonmotor-
ized crashes presented similar variations to those of motorized
crashes, the crash frequency decreased as the bicycle lane width
increased until a width of 1.8 m (6 ft). Then, the crash frequency
increased when the bicycle lane width exceeded 1.8 m (6 ft) for
nonmotorized crashes. This result may have been due to the fact
that drivers tend to regard a bicycle lane as a normal vehicle lane
or parking area when the bicycle lane width is similar to the width
of the vehicle travel lane, and adequate marking or signs are not
correctly used (AASHTO 2012). In addition, drivers may be less
cautious when they perceive that the bicycle lane has enough space
for bicyclists and are unlikely to have conflicts with bicyclists. Sim-
ilarly, bicyclists may not be aware of vehicles when they are using
a wide bicycle lane (Park et al. 2015). Thus, this result indicated
that the estimated CMFs using the GLMs (linear based regression
models) could misrepresent the actual safety effects of bicycle lanes
with different widths. The differences among the safety effects of
bicycle lanes with a width of 1.8 m (6 ft) and greater for nonmo-
torized crashes were relatively small compared with those of the
CMFs for motorized crashes.

Conclusions and Recommendations

The main objective of this study was to evaluate the safety effec-
tiveness of the installation of bicycle lanes with different widths.
GNMs were developed to reflect the nonlinear relationship between
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Fig. 3. Developed CMFs for implementing bicycle lanes with different widths.

the crash rates and the bicycle lane widths. For this purpose, the
developed nonlinearizing link functions were used in the analysis.
The quadratic nonlinear functional form was the best fit for this
relationship. The developed nonlinearizing link functions were
used in the GNMs to account for the nonlinear effects of changes
to bicycle lane widths. The results indicated that the GNMs gen-
erally provided a better model fit than the GLMSs. Therefore, the
conclusion could be reached that including the nonlinearizing
link functions in GNMs improved the goodness of fit of the models
if the crash rates had a nonlinear relationship with specific param-
eters. Moreover, the random effects models were utilized to over-
come the unobserved heterogeneity issue. Spatial geographic units
based on Block Groups and Census Tracts were adopted to intro-
duce a random location-specific effects term into the GLMs and
GNMs. The inclusion of site-specific random effects terms in
the regression models provided a better model fit than the tradi-
tional models. This result implied that the random effects modeling
approach could increase the accuracy and reliability of crash pre-
diction models.

In this study, four different types of regression models (i.e., GLMs,
random effects GLMs, GNMs, and random effects GNMs) were
applied and compared to develop more reliable crash prediction
models based on the model performances. The random effects
GNMs displayed advantages over the GLMs, random effects
GLMs, and GNMs in terms of goodness of fit statistics and the rel-
ative performance of estimates.

The results of the CMFs indicated that the installation of bicycle
lanes is a safe and effective method for reducing motorized and
nonmotorized crashes. Bicycle lanes are safer and more effective
at reducing nonmotorized crashes than motorized crashes. The re-
sults of the estimated CMFs using the random effects GNMs indi-
cated that the safety effects of bicycle lanes had nonlinear variations
based on their different widths. In general, installation of bicycle
lanes with 1.5-1.8 m (5-6 ft) widths was the most effective at
reducing motorized crashes, whereas bicycle lanes with widths
of 1.8-2.1 m (6-7 ft) were more appropriate at reducing nonmo-
torized crashes. According to the guide book for bicycle facilities
(AASHTO 2012), the minimum bicycle lane width should be 1.2 m
(4 ft), and the recommended width is 1.5 m (5 ft). However, the
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findings from this paper suggest that more specific guidance on
minimum bicycle lane widths for various roadway characteristics,
traffic flows, and roadway types should be developed using empir-
ical evidence on traffic safety.

Despite the fact that the CS method has been broadly used to
estimate safety performance, it should be applied with caution
because of several potential limitations, such as correlation, spatial
effects, causal effects, and omitted variable bias, among others
(Persaud et al. 1999; Hauer 2004; Hauer et al. 2004; Lord and
Bonneson 2007; Lord and Mannering 2010; Park and Abdel-
Aty 2016). For this reason, CS studies can be applied when
(1) the data are not available for the B/A approaches, and (2) check-
ing the effectiveness of a single treatment separately from the ef-
fects of other treatments is difficult (Harkey et al. 2008; Bahar
2010), and applying the prescribed B/A studies on the changes
in the widths of the roadway cross-sectional features is not feasible
(e.g., lane width, median width, and shoulder width) (Carter et al.
2012; Park et al. 2015).

In future studies, the GNMs should be further improved by in-
creasing the sample size and including additional, more detailed
roadway characteristics. Also recommended is that the nonlinear
relationships between the other treatments and crash rates should
be investigated to reflect nonlinear variations in CMFs using
GNMs. Whereas the random effects GNMs indicated better model
performance due to their strength of simultaneously accounting for
both nonlinearity and unobserved heterogeneity issues, the conflict
between model complexity and applicability needs to be discussed
further.

Although a random, location-specific effects term was intro-
duced into the GLMs and GNMs to consider the different bike
travel patterns according to geographic units, actual bicyclist
volumes at each site were not available at the time of this study.
Therefore, further work is needed to enhance the CMF develop-
ment by including the volume of bicyclists. Lastly, the safety per-
formance of specific roadway infrastructure under a connected and
automated vehicle (CAV) environment needs to be evaluated
(Wang et al. 2020).
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Notation

The following symbols are used in this paper:
AADT; = annual average daily traffic of segment i (veh/day);
L; =length of segment i;
N predicteas = predicted crash frequency on segment i;
Upgw_4 =nonlinearizing link function for motorized crashes;
Upw p =nonlinearizing link function for nonmotorized
crashes;
X,; =linear predictor k of segment i;
y;; =nonlinear predictor / of segment i;
v;; =nonlinear predictor / of treated sites;
vy, =nonlinear predictor / of untreated sites (baseline
conditions);
(3, = coefficients for variable k;
(3 =vector of regression of parameter estimates;
v, = coefficient for nonlinear predictor /; and
6; =random location-specific effects.
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