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Abstract: Transportation authorities aim to boost road safety by identifying risky locations and
applying suitable safety measures. The Highway Safety Manual (HSM) is a vital resource for US
transportation professionals, aiding in the creation of Safety Performance Functions (SPFs), which are
predictive models for crashes. These models rely on Negative Binomial distribution-based regression
and misinterpreting them due to unmet statistical assumptions can lead to erroneous conclusions,
including inaccurately assessing crash rates or missing high-risk sites. The Florida Department of
Transportation (FDOT) has introduced context classifications to HSM SPFs, complicating assumption
violation identification. This study, part of an FDOT-sponsored project, investigates established
statistical diagnostic tests to identify model violations and proposes a novel approach to determine
optimal spatial regions for Empirical Bayes adjustment. This adjustment aligns HSM-SPFs with
regression assumptions. The study employs a case study involving Florida roads. Results indicate
that a 20-mile radius offers an optimal spatial sample size for modeling crashes of all injury levels,
ensuring accurate assumptions. For severe injury crashes, which are less frequent and harder to
predict, a 60-mile radius is suggested to fulfill statistical modeling assumptions. This methodology
guides FDOT practitioners in assessing the conformity of HSM-SPFs with intended assumptions and
determining appropriate region sizes.

Keywords: crash prediction model; safety performance function; highway safety manual; negative
binomial regression; model diagnostic; context classification system

1. Introduction

Predictive crash models are used extensively by local and state transportation officials to
understand the effects of various roadway and traffic-based factors on the roadway crash rates,
frequencies, and severities and to determine and assess the effectiveness of potential safety
countermeasures. Lord et al conducted a study in 2005 that examined the performance of different
regression models to predict crash frequency, whereas the current study intends to focus primarily
on a particular type of predictive model used by Highway Safety Manual HSM [1]. HSM contains
quantitative analytical tools, entitled, safety performance functions (SPFs), that predict average number
of crashes per year at a roadway facilities (i.e., intersections and segments) by incorporating known
information about a roadway entity into an equation [2]. The SPFs in the HSM have been developed
through extensive research and statistical analysis of data collected across the United States roadways
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and are valuable to state and local transportation agencies for their ability to detect areas with safety
concerns [3-6].

SPFs are log-linear regression models based on a Negative Binomial distribution to predict the
frequency of crashes on roadway segments or intersections [7]. SPFs for segments are the subject of
this study, and the basic form of the SPF equation consists of Annual Average Daily Traffic (AADT)
and segment length as the regressors. Due to the noticeable spatial difference across the U.S. in terms
of driving behavior, environmental characteristics, and roadway conditions, The American Association
of State Highway and Transportation Official (AASHTO) recommends that the HSM SPFs require to
be calibrated to better present regional conditions using multiplication Crash Modification Factors
(CMFs) and Calibration Factors (CFs) [2]. Some states in US calibrated the prediction models in Part
C of the HSM using their own data, including crash frequency and traffic and geometric features
of the roadway. Some other jurisdictional agencies would like to develop their own SPFs instead of
calibrating the existing ones from elsewhere to represent crash characteristics better [8-10]. In order
to avoid additional costs and efforts for developing local SPFs, Srinivasan et al. in 2016, proposed
a methodology to develop calibration function in case individual calibration factors were unable to
provide a proper estimation for actual local crash data [11]. Subsequently, Farid et al. confirmed the
proficiency of an innovative approach for developing calibration functions by employing K-Nearest
Neighbor (KNN) regression [12].

While a considerable number of studies have focused on developing calibration methods to
improve the effectiveness of SPFs, limited effort has been devoted to investigating the statistical
reasons behind inaccurate crash frequency predictions that may also cause wrong interpretation of
safety countermeasures in terms of their effectiveness to potential decrease in crash frequency. There
may be instances where certain crash prediction statistical model assumptions may not be met in
practice depending on the observed data; while, this does may not invalidate the analysis results, it is
crucial that the practitioner is aware of the limitations [13]. To diagnose common modeling violations
that may occur when using Negative Binomial-based SPFs with geocoded crash data, this paper
examines several well-known statistical tests. It presents a new approach to determining the optimal
spatial regional size (that determines how many segments are contained within the historical data) for
implementing Empirical Bayes adjustments for SPF crash prediction, in order to satisfy the regression
assumptions of the model. The issues with model form adequacy (linearity), overdispersion, and
undercounting of zeros in modeling crash data with SPF models are studied and explicit diagnostic tests
are developed. The methodology would be helpful for the transportation practitioners to understand
whether the intended modeling assumptions of the HSM SPF equations are satisfied with the crash
data observed in the field.

To demonstrate the methodology, a case study that focused on modeling roadway segment crashes
in the FDOT District 4 (including Broward, Indian River, Martin, Palm Beach, and St. Lucie counties)
was presented. Multivehicle non-driveway crashes from years 2015, 2016, 2017 and 2018 occurring on
divided two-way 4-lane urban and suburban arterial segments (U4D) of the study region are studied.
SPFs crash models are estimated and assessed using generalized linear models. Throughout the
following sections, we will discuss past calibration studies of SPFs, potential statistical violations in
crash models, data we used for our research, methodology, results, and conclusions.

2. Literature Review

The application of the HSM SPFs have been confirmed for predicting crash counts by roadway
facility classification, crash severity, and crash type. However, their overall efficiency in various regions
comparing to the ones similar to the base conditions is still under debate. To aid inter-jurisdictional
transferability, recent studies have investigated the possibility of developing new SPF calibration
methods instead of redeveloping SPFs [8]. For instance, Srinivasan and Carter conducted an extensive
research to calibrate the SPFs suggested by HSM for North Carolina for 9 crash types that occurred on
16 roadway types [5]. They also proposed a method to re-develop or re-calibrate SPFs in the future
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due to the expected changes in vehicle technology, engineering treatments, reporting practices, etc. In
another research project, Sun et al., calibrated the HSM functions for local conditions in Missouri due
to the significant variation in gathering required data in this across the state [14]. A highway safety
management tool, named Safety Analyst™, was adopted by Kweon and Lim using SPFs developed
and calibrated for multilane highway and freeway segments in Virginia [15]. Moreover, SPFs provided
in HSM have been regionalized by Donnell et al., for: (1) rural two-lane highways segments and
intersections; (2) rural multilane highway segments and intersections; and (3) Urban and suburban
arterial (non-freeway) segments and intersections in Pennsylvania [16]. Thanks to the sufficient number
of available data associated with segments and intersections, they could calibrate the SPFs at the county,
planning organization (metropolitan and rural), and engineering district levels [16]. Khattak et al., [17]
and Al-Deek et al., [18] also developed their own calibrated functions to forecast the expected crash
frequency for various roadway facility types, for Tennessee and Florida, respectively.

Crash modification factors (CMFs) are applied to account for the effects of site-specific geometric
design (lane width, shoulder width, horizontal curves, etc.) and traffic control features (automated
speed enforcement) and estimate crash frequencies for facilities which have design variations from
the base conditions which SPFs were developed [19]. SPFs were developed for roadway facilities
using base conditions for number of lanes, lane widths, median widths, lighting conditions, etc. The
SPFs should be adjusted accordingly when a roadway facility has a design that differs from the
base conditions. The CMF for each geometric design or traffic control feature based on the SPF base
condition is one, whereas features associated with higher crash frequencies than the base condition
have CMFs that are greater than one, and features associated with lower crash frequencies than the
base condition have CMFs that are less than one. Despite extensive efforts to develop and calibrate
SPFs in HSM, some over/under prediction were observed in states with significant differences in
gathering required data, instruction for completion of crash reports by officers, etc. For example,
Brimley et al., investigated the prediction ability of the models and identified that the SPFs in HSM
typically under predicted the crash counts for rural two-lane two-way roadway segments based on
their study in Utah [20]. Moreover, Gross et al. proposed a guideline in developing CMFs based on the
available data and discussed the process for selecting an appropriate evaluation methodology [21].

In addition to the aforementioned CMFs, a multiplicative calibration factor (CF) has been defined
by HSM to improve SPF crash predictions by maintaining the original form of the model and the
relation between independent variables and crashes. The HSM recommends that agencies used an
unbiased sample of 30 to 50 sites to determine the jurisdiction calibration factor (CF) [2]. Srinivasan et
al. provides a comprehensive step-by-step guideline to develop SPFs and CFs [22]. Some jurisdictions
may have substantial variations in conditions within the jurisdiction (e.g., snowy winter driving,
variations in driving population, etc.). Hence, any SPF calibration must consider these localized
variations. The purpose of the calibration factors is to modify the predicted average crash frequency
from the default manual predictions to local conditions (i.e. Florida conditions) accounting for regional
characteristics such as climate, driver populations, animal populations, crash reporting thresholds,
and crash reporting system procedures [2].

Aside from the application of the CMFs and CFs to the base SPF equation, which enables
practitioners to predict the number of crashes at sites with similar characteristics, HSM recommends
that an Empirical Bayes (EB) adjustment be applied as a result of the recognition that the safety of a
particular site can be more accurately assessed by taking into account the historical number of crashes
previously observed at that location. This procedure enables us to avoid regression-to-the-mean effects
caused by the natural tendency to select for treatment the sites with high observed crash frequency.
The EB method has been applied to HSMs’ SPFs for many years and attracted even more attention in
literature [20]. As part of our study, we also reviewed the Empirical Bayes method for dealing with
overdispersed counts in crash prediction which included Hauer et al [23], Hauer et al [24], Lord and
Mannering [25]. More recently, Farid et al. proposed the Modified Empirical Bayes (MEB) method
to develop segment-specific calibration factors for calibrating SPF [26]. The results indicated that the
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MEB method outperformed the calibration factor [26]; however, MEB's practicality remains limited,
since it requires sufficient observed crash data to provide a reliable prediction. Furthermore, Persaud
et al., (2010) proposed a Fully Bayesian (FB) for before-after treatment evaluations for situations where
it is difficult to acquire large sufficient reference observations to calibrate existing SPFs required for the
traditional EB approach by enhancing more flexibility in utilizing crash frequency distributions [27].
While their approach enables traffic safety analysts to better account for uncertainty in the sample data
than the EB approach, it was identified as a complex alternative [27].

In the current approach to the EB adjustment of SPFs, the study region from which the data are
collected is assumed to be known, which is typically an entire state or a district. Das et al. developed
new rules-based SPFs for low-volume rural local roadways on the basis of segment length and AADT
as the most contributing factors and proposed a method to improve the model accuracy in terms of
R-Square and cumulative residual (CURE) plot [28]. However, choosing the study region too large
or too small can cause issues with the validity of the HSM-specified model form (goodness of fit) or
the overdispersion parameter. Several authors have studied the effects of sample size with respect to
goodness of fit [29] and overdispersion assumption [30], however, a systematic approach to determine
a spatial sample size approach for specific SPF model has not been studied. To address this gap, this
research effort proposes a new method to determine the optimal spatial sample size in applying EB
adjustment for SPF crash prediction analyses.

3. Study Area and Data Sources

The application of the diagnostic tests and the proposed spatial sample selection method is
illustrated on crash data collected from, Florida Department of Transportation (FDOT) District 4
(including Broward, Indian River, Martin, Palm Beach, and St. Lucie counties). The current study
intends to explore crashes involving multiple vehicles that occurred away from all types of intersection
and were not under their influences. Accordingly, the proposed method filtered out the crash data using
the attributes that represent the number of vehicles involved in the crash, and remove crashes involving
a single vehicle, pedestrians and bicycles, and intersections. The required crash dataset for the study
area is acquired and assembled according to the following steps: (1) Filtering out intersection-related
crashes and excluding them from the data set on the basis of a crash-related attribute that represents
crashes that occurred at an intersection, influenced by an intersection, in a driveway access, and at
a railroad crossing; (2) Creating a 250 ft. buffer around the center of signalized intersections and
removing crashes completely located within the buffer areas. A buffer of 250 feet around the center of
an intersection is set as the default size for the intersection’s influence zone, according to the HSM [2];
(3) Extracting of multivehicle non-driveway related and not pedestrian/bicyclist-related crash types
occurring on the divided two-way 4-lane urban and suburban arterial segments (U4D); (4) Utilizing
AADT line feature shapefile for segmentation and assigning crash count to 50-feet buffer areas along
the divided two-way 4-lane urban and suburban arterial segments.

SPFs for two separate crash severities were calibrated for the final crash data set: (1) All crash
types occurring on the U4D arterial segments, and (2) Fatal-and-Injury crash types occurring on the
U4D arterial segments. Fatal-and-Injury (FI) crashes involve all levels of injury severity i.e., fatalities
(K), incapacitating injuries (A), non-incapacitating injuries (B), and possible injuries (C). A crash count
can be determined by implementing the EB-based method on appropriate SPF data by counting the
crash points and assigning them to the associated U4D arterial segments. Multivehicle non-driveway
crashes from years 2015, 2016, 2017, and 2018 are obtained from crash reports maintained by the Florida
Department of Highway Safety and Motor Vehicles (FLHSMV). Crash data comprises points scattered
along the roadway network, each representing a vehicle crash and mapped to the GIS shapefile using
longitude and latitude coordinates. Table 1 summarizes the crash data categorized with respect to
their associated KABCO scale that occurred in Florida District 4 during the study period. Furthermore,
Figure 1 illustrates how the aforementioned crashes are distributed throughout the study area.
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Table 1. Annual crash counts for District 4 during 2015 to 2018

Crash Type 2015 2016 2017 2018
All Crash in Florida 374,342 395,785 402,385 403,626
All Crash in District 4 76,025 85611 83,688 86,596
All Considered Crash” 31,013 37,003 34538 38,630
All Considered Crash on U4D 6,154 7,538 6,474 6,289
U4D KABC Crash™ 1,334 1,647 1,440 1,371
U4D PDO Crash™ 3,870 4,881 4,163 4113

* Multiple Vehicle Non-Driveway Not at Intersection No Pedestrian and No Bicyclist; ” KABC Crash: Fatal (K),
Incapacitating(A), Non-Incapacitating(B), and Possible Injury (C); ** PDO Crash: Property Damage Only Crash.

INDIANRT]

2017
Figure 1. Crash distribution for all levels of injury in District 4 during years 2015-2018

To follow the objectives of the research, the HSM SPFs, constructed for multiple-vehicle
non-driveway crashes for U4D arterial segments, were examined to conduct a diagnostic test. The
aforementioned SPFs formulate the predicted crash frequency based on several traffic and roadway
geometric factors, including Average Annual Daily Traffic (AADT), segment length in mile, number
of lane, etc. The traffic and geometric features are usually provided by the responsible branches of
departments of transportation in the format of shapefiles or as-built drawings of roadway geometrics.
The current research validates the SPFs using data from following databases: (1) historical AADT
volume measurements for state roadways through the FDOT Telemetered Traffic Monitoring Sites
(TTMS) databases maintained by Transportation Data and Analytics (TDA) office and (2) the FDOT
Geographic Information System (GIS) system for roadway variables (e.g., speed limit, number of lanes,
intersect angle) [31]. For the District 4 study area, we utilized the AADT shapefile for segmentation,
which are calculated based on the average AADTs during the study period, i.e., 2015 to 2018. According
to this segmentation criteria, District 4 has 1,067 roadway segments. Based on the methodology
described in the following section, the size of the geographical sub-region to be used in SPF modeling
is identified.

4. Methodology

The Highway Safety Manual (HSM) provides a procedure in which 18 steps can be followed
to estimate the expected average crash frequency using SPF crash prediction models [2]. The main
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objective of this study was to develop diagnostic tests for identifying modeling violations that may be
encountered in using the Negative Binomial-based HSM SPFs in crash count modeling. As such, we
intend to propose a methodology to determine the optimal size of the crash data set according to the
associated level of injury in order to ensure that the modeling assumptions for SPF crash prediction
are reasonably accurate when implementing the Empirical Bayes (EB) method. Figure 2 provides a
schematic overview of the steps of creating a data set and applying the SPF for crash prediction within
the proposed methodology for the case study of multivehicle non-driveway crashes occurring along
U4D arterial segments.

2015-2018
All Crash Data District 4 - Florida
Filter Crash Data
Remove Remave Intersection-Related Remove Pedestrian Crash
Single-Vehicle Crash Remove Driveway Crashes Remove Bicyclist Crash

ALL Levels of Injury

Categorized Crashes based on KABCO Scale + KABC
- PDO
cutte Average 30152
Calculate Average 2015-2018 Segmentation based on Average AADT

Four-Lane Arterials |

1

i e
Apply Emplrlcal Bayes 1+ k¥ study years Npredicted;i
Nixpected = W X Neredicted (1~ W) X Nobserved Expected Crash Frequency
* Overdispersion Comparison
Diagnostic Test * Linearity
+ likelihood Ratio

Figure 2. Schematic overview of the methodology

Accordingly, a subset of crash data including multiple-vehicle crashes that were not affected
by intersections and driveways was prepared. To simplify the estimation and avoid applying Crash
Modification Factors (CMF) associated with base conditions, SPFs are constructed for multiple-vehicle
non-driveway crashes for divided two-way (2 lanes in each directions) 4-lane urban and suburban
arterial segments in the study regions under the base condition (i.e., absence of automated speed
enforcement, prohibited on-street parking, no lighting, no roadside fixed object density). According to
HSM'’s definition, U4D segments have four lanes with continuous cross-sectional areas of two lanes in
each direction of travel, where the lanes are physically separated by distance or barrier [2]. The FDOT
GIS database provides a shapefile containing a spatial attribute representing the number of lanes [31].
HSM recommends the following Negative Binomial regression model for predicting multiple-vehicle
non-driveway crashes:

Nspr = exp[ﬁo+ﬁlln(AADT) +ln(L)] 1)

where AADT is the annual average daily traffic, L is the segment length (miles), By, and B are the
regression coefficients. HSM develops the regression coefficients for various crash types in terms of the
highest level of injury [2]. Hence, we categorize the crash data based on the KABCO scale and utilize
the appropriate regression coefficients recommended by HSM to predict crash frequency. Table 2
presents the values of the coefficientsfy, and B reported in HSM to be used in applying Equation (1)
for U4D segments.
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Table 2. HSM SPF Coefficients for multiple-vehicle nondriveway crashes on U4D [2]

KABCO  Crash Type (Level of Injury) Bo B1 Overdispersion
Scale Parameter
KABCO  Total Crashes —12.34 1.36 1.32

KABC Fatal-and-Injury Crashes —12.76 1.28 1.31

PDO Property Damage Only Crashes —12.81 1.38 1.34

In order to enhance the accuracy of SPFs’ prediction results, a calibration is performed by applying
a multiplicative Calibration Factor (CF), therefore its aggregate crash prediction within a whole
jurisdiction is equal to the aggregate number of observed crashes. Accordingly, the observed crash
data that occurred in the study area between 2015 and 2018 is counted by creating a buffer of 50-feet
wide along the homogenous roadway segments and counting the crashes that are located within the
buffer and assigning them to the segments. Calibrating the model preserves the original model form
and modifies the predicted average crash frequency from the default manual predictions to account
for local characteristics (i.e., Florida). According to the FDOT’s recommendations, the CF for an urban
four-lane divided roadway (U4D) is equal to 1.63 [32].

Since our data have accurate locations of the observed crashes, the Site-Specific EB Method is
applicable. Therefore, Equation (2) has been also adopted to apply the empirical Bayes method on the
basis of the recognition that the safety of a site is best estimated by considering both the number of
observed crashes at the site and the number of crashes at sites with similar characteristics, as predicted
by the SPF. For District 4, the average crash frequency is predicted based on the crashes that occurred
between 2015 and 2017 and validated using the observed crashes in 2018.

NExpected = w X Ngpf + (100 - w) X Nobserved (2
where w is a weight factor defined as a function of the SPFs overdispersion parameter (see Table 2), k,

to combine the two estimates:

o 1
1+k ZieAllStudyArmYears NPVEdinEd,i

®)

To test the adequacy of the SPF model, we fit a Negative Binomial (NB) regression model to the data
using the functional form and the variables specified in the SPF for each crash severity and assess
the adequacy of the model using statistical diagnostic tests. In particular, we employ three model
adequacy tests: A test for linearity (adequacy of the functional form) of the NB model, a test for the
closeness of the estimated overdispersion parameter to the HSM value and a test for excess zeros in
the NB model. For linearity, we employ a chi-square goodness of fit (GOF) test, which asks whether
the assumed linear model functional form is adequate. Assuming that the model is valid, the deviance
of the NB model is distributed with a chi-square distribution of degree of freedom equal to n-p. For a
NB regression [33], deviance is calculated using Equation (4) the test rejects the hypothesis that the
model functional form is adequate if the p-value of the test, found using Equation (5) is below some
level of significance (typically 0.05).

D=2 [ylog(L) - ¥ 4
L [yitog () = 7] @)

por = P(xz—p > D) ©)

Therefore, for a given geographical region, if pgor is close to one, the functional form of the
HSM-specified NB model is adequate. The second test checks whether the overdispersion parameter
estimated from the data agrees well with the overdispersion values provided by HSM published for
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a given facility (roadway segment or intersection) and crash type (See Table 2). The overdispersion
parameter is estimated based on Equation (6):

where 7 is the number of years of data used to fit the model and p is the number of explanatory variables
in the SPF, y; and ji; are observed crash counts and crash counts predicted by SPF, respectively. For
the HSM specified NB model to be adequate in terms of overdispersion parameter we want k to be
close to kysp, the HSM published overdispersion parameters for a given facility (See Table 2). The
third test, determines whether there is a larger number of zeros or small counts in the crash data than
what the NB regression model can represent. If the data set contains a large number of zeros, the
zero-inflation problem, the predictive capability of the NB regression model can be adversely impacted.
The likelihood ratio test compares the fit of a zero inflated NB regression model (which contains a
hurdle part) to a NB regression for the given data [33]. The two parts of the zero inflated model, the
hurdle (the zero) model and the count (the nonzero) model, can have different sets of explanatory
variables. The likelihood ratio test based on Equation (7) determines whether a hurdle part, that
models only the zeros using a binary logit, is needed in the NB regression model.

LLR = 2(InLy — InLy) @)

L; is the maximized likelihood of a zero inflated NB regression model (model 1), that includes the
hurdle part, and L; is the maximized likelihood of the NB regression model (model 2) that does
not include the hurdle part. Since the two models are hierarchical (model 1 contains model 2) the
likelihood ratio test statistic will follow a x? distribution with degrees of freedom equal to the difference
in number of parameters p; — p, if both models 1 and 2 fit equally well (i.e., the hurdle part does
not improve the fit of the model). If the p-value of the likelihood ratio test, defined as Equation (8) is
significant (e.g., smaller than 0.05) then we conclude that there are excess zeros or small counts in the
data and a zero inflated NB should instead be used to model the crash data.

pzi = P(x3 ;) > LLR ®)

Utilizing the statistical diagnostic tests, this paper proposes a new spatial scan method in order to
determine the best region size to use in estimating an EB adjusted SPF model. The method considers
a sequence of overlapping circular subregions and uses all the historical crash counts observed for
the segments within the segment to fit an SPF model. For a circular subregion radius, a subregion i is
constructed by pooling in all crash data for 3 years (2015-2017), the AADT and length data for the i*"
segment and all segments contained within a subregion with a radius of R miles. A Negative Binomial
model (both ordinary and zero-inflated) of the form given in Equation (1) is fitted to the data and the
linearity test p-value pgor,; is computed with Equation (5) and the overdispersion parameter k; is
computed with Equation (6). The scanning is repeated for n overlapping circular subregions in the
study region and the metrics are computed fori = 1,2,...,n. To combine the metrics obtained from
all n subregions in the entire study region with a single number, the following summary metrics are

defined. A
Soverdisp = 1 i( i 1)? )
n /= kusm
1 n
Snonlinear =~ Z; pcori — 1) (10)

Soverall = Soverdisp + Snonlinear (11)
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Soverdisp combines the deviations of the estimated overdispersion parameters ki using subregions
of radius of R miles from the ideal HSM overdispersion parameter kpgsy. Syoniinesr cOmMbines the
deviations goodness of fit p-value pgor,; using subregions of radius of R miles from the ideal value
of 1, which implies the linear SPF model form is a perfect fit. The analysis is repeated and S,,e;q1; is
calculated for increasing R values. The goal of the spatial scan analysis is to identify a good subregion
size that satisfies the statistical modeling assumptions and identify the subregions within the study
region that cannot be adequately represented using a NB regression model. Therefore, a large value of
the combined metric Sy indicates that the subregion radius R used in modeling could be revised (to
a smaller or larger value) so that so that the modeling assumptions are better satisfied. The empirical
results from the study area reveal that the subregion radius R has small impact on the zero-inflation
test results. Therefore, in this method, a summary metric for the zero-inflation test is not included.

5. Results and Discussions

In this section, we present the diagnostic results of the SPFs with data extracted from Florida
roadways. Note that the objective of the diagnostic tests is to determine whether the Ngpr functional
form that was shown by Equation (1) earlier represents the observed crash data well. To compute the
diagnostic test statistics, the coefficients are estimated from observed crash data, using the generalized
linear modeling suite in the R statistical computing language. The estimated coefficients may therefore
be different from values given in HSM (see Table 2) depending on the observed crash counts. In
addition, the overdispersion parameter estimated from data using Equation (6) is compared to the
HSM value (k=1.32) provided in Table 2.

Negative Binomial regression models are fitted to crash count, AADT and segment length data
for 2015, 2016, and 2017 in this subregion. According to the fitted models for a sample segment, the
residual diagnostic tests results are found as shown in Table 3. The results indicate that the linearity
of the NB model with a 10-mile radius is better than the NB model with a 15 miles radius (p-value
of 10-mile radius model is larger than 15 mile radius model). The Likelihood Ratio Test (LRT) for the
zero inflated NB model with a 10-mile radius is also better than the NB model with a 15 miles radius
(p-value of 10-mile radius model is larger than 15-mile radius model). The estimated overdispersion
parameter of the 15-mile radius model is closer to the HSM overdispersion parameter than the 10-mile
radius model.

Table 3. Diagnostic tests for 10 mile and 15 mile radius for a sample segment

Diagnostic Test 10 miles 15 miles
GOF test p-value 0.0204 0.0054
Estimated k 0.6469 0.6600
Zero Inflation p-value 0.9851 0.2623
HSM k-value 1.32 1.32

From this single case, it appears that a smaller subregion is better in terms of the functional
form accuracy and the excess zeros; however, larger subregion is better in terms of the overdispersion
parameter estimation. To extend the analysis performed on a single roadway segment, the model fitting
and diagnostic testing steps are repeated for all roadway segments within the study region considering
the roadway network distance between the centroid of the adjacent segments. A spatial scan of all
roadway segments in the study region is conducted and the diagnostic metrics are computed from
overlapping circular subregions centered at the roadway segments. The scanning analysis is conducted
for each of the 1,068 roadway segments in the study area and all crash counts. Each summary metric,
defined as Equation (9) to Equation (11), combines the deviations of the subregion models from an
ideal model and to have a good overall performance the value of the summary metric would be close
to zero. Figure 3 illustrates segments within the study area that violate the diagnostic criteria based on
the test statistics considering a variety of values for the radius. For nonlinearity in negative binomial
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regression (Figure 3-a), the segments for which pgor,; < 0.015 are highlighted. For low overdispersion
(Figure 3-b), the segments for which k; < 0.55kpsp are highlighted (i.e., 55% of the HSM value is
considered to be a cut-off value). For zero-inflation (Figure 3-c) the segments for which pz;; < 0.05
are highlighted. It is worth mentioning that for a radius less than 20 mile zero inflated models are not
estimable and for these radius values the maps for the zero-inflation test p-values are not shown.

The aforementioned results indicate that the number of segments violating the assumptions
changes depending on the subregion radius. Edges of the region appear to have some effect on the
diagnostic metric values. A very large radius makes the linear model unable to capture the variation
in the crash counts and nonlinearity becomes an issue. Too small region results in inaccuracies with
the overdispersion representation. Increasing the radius generally helps overdispersion but negatively
affects linearity. The subregions with overdispersion issues usually are less bad when we use a larger
radius. That is, a region identified as less overdispersed than the HSM value may not be such if we
used a larger radius. When using a smaller neighborhood radius, the subregions with nonlinearity
issues tend to be less problematic. This means that a region defined as nonlinear may not actually be
so if a smaller radius was used. As the radius increases, the zero-inflation issue remains unchanged.

The same procedure has been followed for KABC crashes and the obtained results indicate that the
zero inflation problem is more prominent than was observed with all crashes since the KABC crashes
occur less frequently (See Table 1). However, the linearity in model parameters and overdispersion
assumptions are more closely satisfied. Moreover, the summary measures (Equation (9) to Equation
(11)) are computed for a wide range of radius values and shown in Figure 4. The overall summary
measures are computed for 7, 10, 13, 16, 20, and 25-mile radius and plotted in Figure 4-a. The
results indicate that concerning all crash data, the 20-mile radius provides the best tradeoff between
nonlinearity and overdispersion (See Figure 4-a). Note that because the summary metrics are defined
as averages of the model result from all segments in the study area, the recommended 20-mile radius is
a good enough subregion size to analyze any roadway segment regardless of its location within District
4. Our recommendation is to use HSM-recommended SPF with a 20-mile radius for all segments
except for the segments shown in purple in Figure 3-c, for which a zero-inflated NB regression is
recommended. While, for the KABC crashes, Figure 4-b illustrates that the overall summary metrics
continue to decrease with increasing subregion radius; however, the decrease in the reduction tapers
off around a 60-mile radius. Therefore, for modeling KABC crashes, at least a 60-mile radius region is
recommended to satisfy the assumptions of the SPF model. Summary measures are computed for 20,
30, 40, 50, 60, and 80-mile radius are shown in Figure 4-b.


https://doi.org/10.20944/preprints202308.1472.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 August 2023 d0i:10.20944/preprints202308.1472.v1

110f15

e
=y
s
5-mile 10-mile 15-mile 20-mile
(a)
& a mﬁk A
a & a a & & “

5-mile 10-mile 15-mile 20-mile 30-mile

20-mile 30-mile
©

Figure 3. Map of subregion centroids that do not meet statistical assumptions: (a) Segments with
severe nonlinearity in negative binomial regression, (b) Segments with low overdispersion, and (c)
Segments with zero-inflation (for radius < 20 miles zero-inflated models are not estimable)
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Figure 4. Summary measures for increasing subregion radii in District 4: (a) All crashes and (b) KABC
crashes

6. Conclusions and Future Work

This paper intended to develop an innovative diagnostic test to determine how and to what extent
crash data could probably violate the statistical assumptions associated with nonlinearity in negative
binomial regression, overdispersion, and zero-inflation. Based on the methodology developed in
this research, the size of the geographical subregion to be used in SPF modeling is identified. We
concluded that if the interest is in SPF prediction of any type of crash, crash data for 3 years from all
roadway segments in a 20-mile radius around the roadway segment that is under study should be
used to implement the EB method. By contrast, if the interest is on predicting severe injury crashes
(KABC), which is a rarer event, data should be gathered from a larger region which should have at
least 60-mile radius. Knowledge gained from this study can help practitioners to decide on taking
a corrective action to satisfy the assumptions. If the linearity in model parameters assumption is in
question, different algebraic transformations of AADT and/or length, such as square-root or reciprocal,
may be tried instead of logarithmic transformations. If the overdispersion parameter is in question,
then the overdispersion parameter estimated from the data, instead of the HSM recommendation, may
be used. If the excess zeros is in question than a zero-inflated NB regression may be used. In practice,
some of the modeling assumptions would not be met depending on the observed data; however,
this does not invalidate the analysis results as long as the practitioner is aware of the limitations.
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Some of the assumptions would have small impacts while others would be more detrimental on
crash modeling. While the proposed radiuses of 20 and 60 ensure that the statistical assumptions
associated with HSM-SPFs are met, the relatively large region probably contributes to the unexplained
heterogeneity within the specified region in terms of its special, geometric, and traffic characteristics.
In order to resolve this issue, the FDOT developed and implemented a classification method that
categorizes roadway segments based on the existing land use and development pattern into eight main
categories, that is, C1-Natural, C2-Rural, C2T-Rural Town, C3R-Suburban Residential, C3C-Suburban
Commercial, C4-Urban General, C5-Urban Center, and C6-Urban Core [18,34,35]. Therefore, the results
obtained by this research enable us to conduct a stratified analysis by the context classification system
implemented by the FDOT which categorizes roadway network facilities. Moreover, the proposed
method for determining an appropriate sample size could be integrated with machine learning-based
validation methods to enhance the accuracy and consistency of predictive tools for network screening
[36].
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