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Executive Summary 
The process of adopting Highway Safety Manual (HSM) procedures as a resource is underway in 
Tennessee. In this regard, The University of Tennessee, Knoxville has been working closely with 
the Tennessee Department of Transportation (TDOT) to facilitate data-driven decision-making 
based on the safety performance of roadways. During earlier phases of this study, calibration 
factors (CFs) and Tennessee-specific Safety Performance Functions (SPFs) were developed for 
Rural Two-Lane, Two-Way Roads, Rural Multilane roadway segments, and Urban and Suburban 
arterials. This phase of the study aims to enhance transportation safety by calibrating the HSM 
SPFs as well as developing TN-specific SPFs for freeway segments and interchange ramps. With 
the availability of data in the Enhanced Tennessee Roadway Information Management System (E-
TRIMS), TDOT is not only in a good position to calibrate the HSM SPFs but also to explore a new 
idea, which is to develop highly localized SPFs for the freeway segments and interchange ramps. 
After collecting data for crashes (2015-2019), annual average daily traffic (AADT) (2015-2019), and 
roadway geometry variables for freeway segments and interchange ramps, this study undertakes 
the tasks of 1) developing TN-Specific CFs for freeway segments and interchange ramps for the 
entire state and for the 4 TDOT designated regions in order to explore regional differences, 2) 
estimating TN-specific SPFs for freeway segments and interchange ramps, and 3) estimating 
“highly localized” TN- specific SPFs for freeway segments and interchange ramps which could 
more accurately predict crashes.   

A unique aspect of the study is to investigate the spatial and temporal variations in crash 
frequencies and associated factors in developing TN-specific SPFs through the application of 
advanced statistical models, known as geographically and temporally weighted regressions 
(GTWR). Specifically, GTWR models capture spatial and temporal heterogeneity—where 
correlates of crashes can vary on different roadways and over different periods. These models 
avoid the “one-size-fits-all” approach by analyzing multidimensional safety data using powerful 
computational platforms which can help TDOT to have a better understanding of the spatio-
temporal trend in the associations of explanatory variables with crash frequency across 
Tennessee.  

Substantial efforts went into manually extracting and integrating data from various sources, 
available through TDOT. First, 1148 (representing 1201 miles) and 352 segments (representing 
192 miles) were identified in E-TRIMS for interstates and expressways, respectively. Next, after 
removing short segments (i.e., segment lengths less than 0.10 mile) from the data, two random 
samples were chosen. These include 181 and 133 segments from interstates and expressways in 
TN, representing diverse statewide geographical and roadway conditions. Then, five years (2015-
2019) of crash, roadway geometry, and traffic data for each sample were extracted from the E-
TRIMS, TDOT’s traffic history application, and TN-TIMES (Tennessee Traffic Information 
Management and Evaluation System, which is an analytical data processing tool used by TDOT to 
maintain, analyze, and report traffic data). In the second phase of data collection, two random 
samples of 40 entrance ramps and 40 exit ramps were identified in TN. Extracting geometric and 
crash data for ramps was more challenging than the freeway segments because in the current 
version of E-TRIMS it is not possible to query ramps separately from the roadway segments. 
Therefore, a significant effort went to manually collect road geometry and crash data for these 
facilities using online maps, mainly Google Earth.    
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A code was written in R programming software to compute the CFs separately for interstates and 
expressways. To account for potential temporal and spatial variability in CFs, this study has 
computed the CFs for each of the five years (2015-2019) and for the four TDOT regions. Notably, 
CFs are calculated using two different approaches. In the first approach, one CF is calculated for 
the entire freeway facility, while in the second approach CFs are calculated separately for the 
freeway segment, ramp exit speed-change lane, and ramp entrance speed-change lane. For 
interstate segments, the analysis suggests that most of the CFs are lower than 1.0, which 
indicates that the number of observed crashes on interstate segments is lower than the predicted 
number of crashes obtained by applying the HSM SPFs and crash modification factors “CMFs” (to 
adjust for segment geometry). These findings suggest that TN-interstates may be operating at a 
higher level of safety than the roadways used for predicting crashes in HSM. Calibration factors 
were also calculated for different types of crashes. The only type of crashes on interstate 
segments in TN with CFs higher than 1.0 is speed-change lane property-damage-only (PDO) 
crashes related to ramp entrances (CF = 2.40), which indicates that these crashes have potential 
for safety improvements. For expressways, the analysis indicates that there are three types of 
crashes with CFs higher than 1.00, which include 1) ramp entrance speed-change lane PDO 
crashes (CF = 1.73), 2) non-ramp-related PDO crashes (CF = 1.10), and 3) PDO crashes using the 
1st approach (CF = 1.11). Note that CFs greater than 1.00 indicate that observed crashes are higher 
than the HSM predicted crashes. Having said this, TDOT may consider and prioritize TN-
expressways for safety improvement based on the three types of crashes. Importantly, the 
findings indicate that for fatal and injury (FI) crashes on both interstate and expressway segments 
in Tennessee, the CFs are found to be lower than the ones for PDO crashes, which could be 
considered a positive finding. Calibration factors were calculated for the entire freeway facility 
and separately for the main segment, and entrance/exit ramps. Table E-1 presents the CFs 
calculated for interstate and expressway segments after adjusting the base SPFs using crash 
modification factors (CMF).  

TABLE E-1 SUMMARY OF ADJUSTED CALIBRATION FACTOR RESULTS FOR INTERSTATES AND EXPRESSWAYS  

Approach Crash type Calibration Factors 
Interstates 

(N=281) 
Expressways 

(N=133) 

1
st 

Approach Fatal & Injury (FI) 0.67  0.67 
Property-only-damage (PDO) 1.00  1.11 
Total 0.90 0.98 

2
nd

Approach Non-ramp related (FI) 0.66  0.68 
Non-ramp related (PDO) 0.96  1.10 
Ramp entrance speed-change lanes (FI) 0.91  0.74 
Ramp entrance speed-change lanes (PDO) 2.40 1.73 
Ramp exit speed-change lanes (FI) 0.67 0.49 
Ramp exit speed-change lanes (PDO) 0.92 0.66 

Concerning the calibration factor analysis of interchange ramps, this project calculated the CFs 
for randomly selected entrance ramps and exit ramps, both year-wise and over a five-year 
duration from 2015 to 2019. Based on the results, most CFs are higher than 1.00, meaning that, 
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on average, ramps in Tennessee had higher number of crashes than the ramps used for 
developing the HSM SPFs. Generally, exit ramps were found to have higher CFs than entrance 
ramps. Specifically, PDO crashes on exit ramps have an overall CF of 2.26, which seems high. 
Therefore, there is potential for safety improvements crashes on exit ramps in Tennessee. 
Furthermore, CFs for FI crashes are lower than the ones for PDO crashes, which is a promising 
result. The following table presents the overall calculated CFs for entrance and exit ramps after 
adjusting the base SPFs using crash modification factors. 

Table E-2 SUMMARY OF ADJUSTED CALIBRATION FACTOR RESULTS FOR RAMPS 

Ramp type Crash type Calibration Factors 
Entrance ramps 
(N=40) 

Fatal & Injury crashes 1.19 
Property-damage-only crashes 1.71 
Total 1.52 

Exit ramps 
(N=40) 

Fatal & Injury crashes 1.77 
Property-damage-only crashes 2.26 
Total 2.07 

Note: These calibration factors are for ramp segments; ramp terminal and intersection crashes are 
not included in developing these calibration factors.  

Separate TN-specific SPFs for interstates and expressways were developed using both global 
(Poisson and Negative Binomial models) and local (GTWR) models. Notably, global models are 
estimated in the HSM, where correlations of variables with crashes are independent of their 
location and are fixed. However, local models account for spatial disaggregation, and they allow 
correlates to vary locally. For example, relationships between crashes and AADT can vary from 
one county or another county or even from one segment to another segment. In such models, a 
subset of local observations is considered, and they can better address spatial heterogeneity in 
the data compared with global models. For consistency, this study applied the HSM (2010) 
functional form by including all the key roadway factors in TN-specific SPFs. Based on the analysis, 
most of the key roadway variables showed a statistically significant relationship with the crash 
frequency in both global and local Poisson and negative binomial models. The findings indicate 
that compared to the global Poisson model, the global negative binomial model better fits the 
data based on the values of AIC and Pseudo R2, which improves substantially if the local GTWR 
negative binomial model is applied. Therefore, the local GTWR negative binomial models provide 
a more accurate way of predicting interstate and expressway crashes. Similarly, this project 
developed TN-specific SPFs for entrance and exit ramps using Poisson and negative binomial 
models. Model assessment measures indicate that for exit ramps, the negative binomial model 
outperforms the Poisson model while for entrance ramps the Poisson model has a better fit with 
the data. 

Besides AADT and segment length, the key roadway factors which showed a statistically 
significant and intuitive relationship with crash frequency on interstates, expressways, entrance, 
and exit ramps are shown in Table E-3. Note that the terms “positive” and “negative” refer to the 
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parameter sign of a specific variable, which indicates that crash frequency increases or decreases 
with a unit increase in that variable, respectively. Several useful insights are provided by the final 
TN-specific SPFs. For instance, the analysis reveals that crash frequency on an expressway 
segment is expected to be lower if the segment has wider shoulders (both inner and outer), wider 
lanes, a wider clearance zone, and a higher proportion of the segment with rumble strips. 
Furthermore, crash frequency on the interstate segments is found to significantly increase with 
an increase in proportions of the segment length with ramp entrances, inside barriers, outside 
barriers, weaving sections, and horizontal curvatures. Also, the results show that the crash 
frequency on exit ramps is positively associated with AADT, ramp length, and proportions of 
segment length with left-side and right-side barriers. Similarly, entrance ramps, AADT, ramp 
length, and proportion of segment length with right-side barriers were found to have a positive 
correlation with the crash frequency. All these findings were expected and are consistent with 
the relationships reported in HSM. Table E-3 shows the roadway factors that had a statistically 
significant (P-value ≤ 0.05) relationship with crash frequency. Note that p-value is the probability 
with which the null hypothesis can be rejected. A small p-value implies that the observed 
relationship is very unlikely if the null hypothesis were true. Typically, a p-value of 0.05 or less is 
considered as evidence that there is a statistically significant association between a predictor 
variable, e.g., AADT, and the response variable, e.g., crash frequency. The value also reflects that 
the research team is 95% confident in the existence of a relationship between two variables.  

TABLE E-3 STATISTICALLY SIGNIFICANT EXPLANATORY VARIABLES IN TN-SPECIFIC SPFS (RELATIONSHIPS SHOWN 

IS WITH AN INCREASE IN EXPLANATORY VARIABLE) 

Variable Relationships quantified in this study 
Interstates Expressways Entrance 

ramps 
Exit 

ramps 
AADT (Ln form) Positive Positive Positive Positive 
Segment Length (mi) (Ln form) Positive Positive Positive Positive 
Inside shoulder width (ft) Negative Negative — — 
Outside shoulder width (ft) Negative Negative — — 
Lane width (ft) Negative Negative — — 
Median width (ft) — Negative — — 
Clear zone width (ft) Negative Negative — — 
Number of Lanes — Negative — — 
Proportion of segment length 
with rumble strips (0-1) 

Negative — — — 

Proportion of segment length 
with ramp entrances (0-1) 

Positive Positive — — 

Proportion of segment length 
with ramp exits (0-1) 

— Positive — — 

Proportion of segment length 
with an inside barrier (0-1) 

Positive Positive — Positive 

Proportion of segment length 
with an outside barrier (0-1) 

Positive — Positive Positive 
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Proportion of segment length 
with a weaving section (0-1) 

Positive — — — 

Proportion of segment length 
with a horizontal curvature (0-1) 

Positive Positive — — 

Referring to the spatial analysis of parameter estimates across TN, the results of the non-
stationarity test suggests that the associations of all the explanatory variables on crash frequency 
vary significantly (P-value ≤ 0.05) over space and time on interstate and expressway segments. 
This indicates that the local (GTWR) models can provide more accurate predictions compared 
with the global models that are similar to the models used in HSM. Furthermore, analysis shows 
that although parameter estimates might be partially stationary in some areas, they vary 
substantially over jurisdictions. These spatial variations can stem from differences in socio-
economic conditions, traffic characteristics, roadway and environmental conditions, and other 
unobserved factors such as cultural diversity. The spatial patterns of explanatory variables can 
be evaluated to find promising roadway segments, areas, and regions in which the association of 
a specific explanatory variable with crash frequency is stronger than other areas. These 
promising roads can then be given priority for safety improvements.  

Key Findings 
Based on the results, the key findings from calibration factor analysis, global models, and local 
spatio-temporal models of crashes are provided below: 

• Generally, calibration factors for fatal and injury (FI) crashes are on the low side, which 
means that the observed crashes on Tennessee roadways are lower than the HSM 2010 
prediction using default safety performance functions. They are also lower than CFs for 
property-damage-only (PDO) crashes on all facilities examined in this study. Specifically, 
the CFs for FI crashes on interstate and expressway segments are lower than 1.00, 
indicating that the observed crashes on these roadway segments are lower than the 
predicted crashes (obtained by applying HSM SPFs and CMFs), which is a welcome finding. 

• Disaggregating crashes into ramps and interstate segments shows that entrance ramp-
related PDO crashes have a higher CF (= 2.33), meaning that there is more potential for 
safety improvements for these types of crashes on interstate segments. 

• For expressway segments, there are three types of crashes with a CF higher than 1.00, 
including ramp entrance speed-change lane PDO crashes (CF= 1.73), non-ramp-related 
PDO crashes (1.10), and PDO crashes in the first approach (CF= 1.11). These types of 
crashes may have good potential for safety improvements in Tennessee. 

• Separate analysis of entrance and exit ramps in interchanges were found to have the 
potential for safety improvements, as all CFs calculated for these facilities are greater than 
1.00. Furthermore, exit ramps were found to have higher CFs than entrance ramps.  

• The global models estimated for Tennessee freeways and interchange ramps showed 
reasonable results and are consistent with HSM (2010) models. A comparison between 
SPF parameters in the HSM with the TN-SPF global models for freeway segments and for 
interchange ramps shows the parameters are within the ranges in HSM.  
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• The estimation results of TN-specific SPFs show that GTWR models substantially 
outperformed the conventional HSM-based global models, i.e., Poisson and Negative 
Binomial HSM-based Tennessee global models. Specifically, the goodness-of-fit measure 
of Pseudo R-squared was 0.16 and 0.18 for interstate global and GTWR models, 
respectively, showing a 12.5% improvement. Furthermore, the results of the non-
stationarity test indicate that parameter estimates vary substantially (P-value ≤ 0.05) over 
space and time. These findings indicate that spatial and temporal variations should be 
considered in the TN-specific SPFs. 

The findings are subject to the usual limitations of data and models. Specifically, potential issues 
in data can include geo-coding errors of crashes, under-reporting of minor crashes, coding errors 
during manual data collection, injury severity misclassification, and inconsistencies in data 
linkage. Components for interchanges such as ramp terminals and collector distributor facilities 
could not be included due to the unavailability of crash data. The crash modeling assumptions 
can be restrictive, e.g., negative binomial regression and Poisson regression models are 
parametric-based techniques that often assume linearity in model parameters, independence of 
individual observations, and omitted variable bias. Furthermore, the Poisson model has the 
restrictive mean-variance equivalence assumption.  

Key Recommendations 
To enhance safety on Tennessee roadways, the following recommendations are provided: 

• Adoption of Highway Safety Manual procedures and calibration factors. Given the 
investments in the calibration of HSM (2010) procedures, TDOT should implement the 
predictive procedures and information generated in this study to identify locations where 
safety countermeasures can be targeted. Furthermore, the Numetric AASHTOware tools 
can be used to implement HSM procedures and enhance safety with the aim of 
substantially reducing crash costs.  

• Countermeasure selection. Based on the findings of this study, TDOT’s Strategic 
Transportation Investments Division can apply the HSM procedures to freeway segments 
and interchange ramps in Tennessee, including rumble strip countermeasures (that 
showed a 29% reduction in crashes) and removal of barriers on-ramps that were found 
to substantially improve safety on freeways in Tennessee.   

• Potential to reduce high-risk crashes. Higher Tennessee CFs indicate a relatively greater 
potential to reduce crashes (compared with roadways used to estimate HSM models). 
This study has identified freeways and interchange ramps where CFs are greater than 1, 
which can be promising locations for safety improvements in Tennessee. 

• Consideration of regional and temporal differences. This study demonstrates the use of 
more localized and accurate crash prediction models. Such models assist with prioritizing 
regions and roadways segments for implementing safety improvement projects. 

• Periodic updating of calibration factors and safety performance functions. The results of 
the region-wise and year-wise analysis show substantial spatio-temporal variability in CFs 
and SPFs. Therefore, periodic updating will help in applying HSM procedures. Periodic 



 

 
xi 

updating of model parameters requires the collection of new data. Furthermore, 
parameters may vary temporally and spatially, as evidenced in this project. There is a 
need to determine which parameters are stable or unstable and hence most likely to 
benefit from updating.  

• Improving the quality of safety data. Although E-TRIMS (and other TDOT managed 
transportation resources) provide a comprehensive database for geometric design 
features, traffic flow, and crash frequencies on roadway facilities, they are limited in terms 
of providing information about certain roadway features. For example, crashes on 
interchange ramps are not readily available. It will be helpful for research and 
development to collect and provide such information. 

• Future research recommendations. To enhance safety, future research should prepare 
Tennessee to apply the procedures in the next (2nd) Edition of Highway Safety Manual. 
One recommendation in this regard is the adoption of a systemic approach. In addition 
to focusing on specific locations for managing safety risks, the systemic approach can 
proactively take a broader view by evaluating risk across Tennessee’s roadway system. 
The main benefits of the systemic approach are system-wide analysis leading to safer 
roadways.  Another issue is updating the estimated parameters in models. This can be 
done using the frequentist approach, e.g., by studying changes in parameters over time, 
and/or by using Bayesian updating where prior information is combined with new 
information to provide posterior predictions of parameter estimates (e.g., crashes per 
year). Such methods can be considered in the future.
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Chapter 1  Introduction  
1.1 Synopsis of the problem 
Higher speeds and design features such as narrow and sharply curved ramps can hinder the 
safety performance of freeways and interchange ramps. It is important for practicing engineers 
to quantify the safety performance of such facilities so they can take appropriate measures 
during planning, design, construction, operation, and maintenance. The Highway Safety Manual 
(HSM) is a vital resource for making safety decisions. The Tennessee Department of 
Transportation (TDOT) is using a crash predictive approach and models in HSM to quantify and 
improve safety on its roadways. The HSM provides safety prediction models for rural two-lane 
highways, rural multilane highways, and urban and suburban arterials. However, the safety 
prediction procedures for freeways, ramps, and interchanges were partially included in the 2010 
HSM with further details contained in a National Cooperative Highway Research Program 
(NCHRP) report by Bonneson et al. (1). To develop safety predictive models for the freeways, 
ramps, and ramp terminals, a rigorous research effort was undertaken by Bonneson et al. while 
collecting and analyzing extensive data on features related to geometric design, traffic control, 
and traffic characteristics, along with crash data for freeway segments, ramps, and crossroad 
ramp terminals (1). Safety Performance Functions (SPFs) in HSM are the core predictive models 
and can help identify high crash frequency locations. However, the default SPFs for freeways and 
interchange ramps (1), may not truly represent the local conditions in a particular state, as 
researchers have typically developed them using data from other states. The geographical 
conditions of Tennessee can be considerably different from those of the states used to develop 
SPFs in the HSM and related studies (1). In addition, factors such as terrain, climate, animal 
population, driver population, and post-crash evaluation protocols may vary across different 
jurisdictions/states. Hence, HSM highly recommends calibrating the SPFs using local data or 
developing jurisdiction-specific SPFs, consistent with this TDOT HSM project.  

While state-specific SPFs can represent local conditions in TN better than uncalibrated or 
calibrated SPFs developed for freeways and interchanges by Bonneson et al. (1), they are still 
variants of the “one size fits all” approach. They do not fully account for the uneven distributions 
of crashes because traffic crash frequencies and associated factors (e.g., traffic volumes) can still 
vary substantially and non-linearly across similar road geometries and environmental conditions 
within a jurisdiction. For example, the nature of crash occurrences in Knoxville and Memphis, TN 
can be entirely different due to spatial and temporal heterogeneity. The association between 
crashes and key factors is often heterogeneous. In modeled relationships, it is important to 
correct for heterogeneity that arises from some observed and unobserved factors relating to (but 
not limited to) driving behaviors, vehicle types, socioeconomic factors, and road geometrics. 
Because of heterogeneity, it is important that data from Memphis is not used to understand and 
predict crashes in Knoxville and vice versa.  

Recently, geo-spatial crash data, new analysis methods, and computational capabilities that 
provide opportunities to develop “highly localized” SPFs have become available. These 
customized SPFs are typically more accurate in crash prediction on specific segments of freeways 
and interchange ramps. These “highly localized” SPFs can help state DOTs make more accurate 
crash predictions while accounting for temporal and spatial heterogeneity within the state (2-4). 
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New analysis methods and computational powers allow for the development of these localized 
safety performance functions that can extract valuable information from crash data to improve 
transportation safety and maintain TDOT’s leadership in cutting-edge and state-of-the-art 
applications. Figure 1-1 illustrates an overview of the major steps of this project. 

 

Figure 1-1 Summary of the methodology 

The key objectives of this study are to: 

• Apply the HSM predictive models to freeway segments and interchange ramps. 
• Compute CFs for freeway segments and interchange ramps by using detailed traffic, road 

inventory, and crash data. 
• Develop highly localized TN-specific SPFs for freeway segments and interchange ramps 

while accounting for unobserved heterogeneity. 

The results of this project can help TDOT make more informed decisions about enhancing safety 
on freeways and interchange ramps in Tennessee. Also, the information produced in this project 
can help TDOT select effective engineering countermeasures, e.g., road design and built 
environment improvements. 

1.2 Scope 
This research project aims to generate new insights about predictions of crashes and strategies 
that can improve safety in Tennessee. The knowledge generated in this study can be used to 
analyze safety on freeways, expressways, and interchange ramps throughout Tennessee and 
explore impactful countermeasures. Specifically, this project has the following scope: 

• Creation of a unique database for freeways and interchange ramps that includes crashes, 
roadway inventory, traffic, demographics, and other important attributes using various 
sources that include the Enhanced Tennessee Roadway Information Management System 
(E-TRIMS), TDOT’s Traffic History Data Applications, the Tennessee Traffic Information 
Management and Evaluation System (TN-TIMES), and Google Earth. 
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• Application of traditional and advanced methods to estimate SPFs that can account for 
spatial and temporal variations in safety on freeways and interchange ramps within 
Tennessee. Specifically, this project demonstrates the application of Geographically and 
Temporally Weighted Regression models in the development of TN-specific SPFs.  

• Rigorously accounting for heterogeneity in highly localized SPFs to be used by TDOT.  
• The study provides information on integrating the new concept of localized SPFs into 

TDOT’s network screening process and more broadly in AASHTOware safety analysis tools 
being adopted by TDOT.   

While this study focuses on freeway and expressway segments and interchange ramps, 
components for interchanges such as ramp terminals and collector distributor facilities could not 
be included due to unavailability of crash data. 

1.3 Deliverables 
The project deliverables are largely contained in this report. They include: 

• A review of relevant literature contained in this report. The review covers current 
practices for developing calibration factors and generating SPFs as well as localized SPFs.  

• Creation of a unique database. Data collection was carried out by selecting sites on 
freeways (i.e., segments) and interchanges (i.e., ramps) in Tennessee. This involves 
collecting crash, traffic, and roadway Inventory data for study sites using various sources, 
integrating the data, and preparing the data for analysis, including error-checking. This 
unique database can be used by TDOT in future studies related to the safety of freeways 
and interchange ramps in Tennessee.    

• Performing descriptive and spatial analysis. This is done by developing calibration factors, 
global SPFs and “localized” SPFs using the geographically and temporally weighted 
regression (GTWR) approach and providing a final report and a research paper. 
Specifically, yearly and TDOT region-wise CFs are provided for interstates, expressways, 
entrance ramps, and exit ramps on interchanges using HSM predictive models. Global 
TN-specific SPFs for interstates, expressways, entrance ramps, and exit ramps are 
provided along with highly localized TN-specific SPFs for interstates and expressways 
using geographically and temporally weighted regression models. 

• Providing analysis tools. A spreadsheet-based GTWR tool (in Microsoft Excel) is provided 
to help users understand and apply the predictive method and to apply localized SPFs in 
practice. The updating of local and global models in the spreadsheet can be done 
relatively easily. Additionally, calibration of the complementary Enhanced Interchange 
Safety Analysis Tool (ISATe) is provided (within data limitations) for use by TDOT. 

• Identifying promising sites. The report identifies promising roadways, areas, and regions 
for safety improvements in Tennessee and recommends integrating the HSM into TDOT’s 
safety analysis. 

• Technology transfer of the findings. This is done through refereed journal papers, with 
details provided in Appendices of this report and presentations at the Transportation 
Research Board annual meetings in Washington, D.C. 
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Chapter 2  Literature Review 
Several states have made substantial efforts to adopt the HSM procedures, including Alabama, 
California, Colorado, Florida, Illinois, Kansas, Maryland, Michigan, and Tennessee. The focus of 
the calibration factors and the SPFs is on roadway segments (5-9), intersections (10-12), or both 
(7; 13-20). Generally, transportation agencies have taken three approaches for implementing 
SPFs for their states: 1. Calibrating HSM-provided SPFs (6; 9; 15; 16; 18; 19; 21; 22), 2. Developing 
jurisdiction-specific SPFs (5; 10; 11; 13; 17; 23), and 3. Utilizing a hybrid approach, which is a 
combination of the first two approaches (7; 8; 12; 14; 20). In the first approach, agencies only 
report calibration factors for SPFs in their states. Calibration factors can have values greater than 
1.0 for roadways with a more crashes than roadways used by the HSM or less than 1.0 for 
roadways less crashes than those used by the HSM for developing SPFs. In this regard, the 
transferability of SPFs has been the focus of some recent studies. Farid et al., for example, 
estimated a transfer index to evaluate the transferability of SPFs across different states. They 
also proposed a Modified Empirical Bayes measure which provides calibration factors for each 
segment (24). Other studies have explored the transferability of HSM-developed SPFs outside the 
US using the data of other countries (25-27). In approaches 2 and 3, agencies develop their own 
predictive models using local crash data. This approach is encouraged by HSM because it might 
result in more reliable predictions of crashes (28).  

The 2010 HSM provides a base for quantifying road safety and identifying unsafe locations for a 
variety of highways (i.e., rural two-lane highways, rural multilane highways, and urban and 
suburban arterials) and associated intersections. However, the HSM (2010) does not fully provide 
safety predictive models for freeways, interchanges, and ramps. A subsequent NCHRP study by 
Bonneson et al. (1) carried out extensive research which provides safety prediction guidelines for 
freeways, interchanges, and ramps using data for California, Maine, and Washington. Also, the 
study has been recommended to include the prediction procedure as national guidelines in the 
HSM for freeways and interchanges (2). However, researchers developed predictive models 
based on data from several states and cannot accurately represent the local conditions of other 
states, such as Tennessee. Hence, the 2010 HSM and Bonneson et al. (1) highly recommend that 
users calibrate the HSM’s freeways predictive models or develop jurisdiction-specific SPFs that 
are more suitable for local conditions. Several studies have focused on developing new SPFs 
using local data (29; 30). Though jurisdiction-specific SPFs can better represent local conditions, 
crash frequencies and associated factors (traffic volumes, age of infrastructure, etc.) can 
significantly vary even across identical roadway geometry or conditions within a jurisdiction (2; 
31). Hence it is important to correct for possible heterogeneity in modeling relationships while 
creating jurisdiction-specific SPFs (2; 3; 31).   

Although SPFs have been proposed by the HSM in 2010, the idea of estimating statistical models 
for predicting crash counts has been studied for decades. Because of the count nature of crash 
frequency, Poisson regressions were among the first models developed for conducting crash 
frequency analyses (32). However, the Poisson model assumes that the mean and variance of 
crash frequency are equal, which most of the time is not consistent with the characteristics of 
crash data that are either over-dispersed or under-dispersed (33). Therefore, the negative 
binomial models, as a generalization of Poisson models, were applied widely in studies to account 
for over-dispersion in crash count data (34; 35). However, one of the shortcomings of the negative 
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binomial models is that they are not able to handle under-dispersed crash data (which is 
sometimes the case) (36). Some other studies suggested using Poisson lognormal models (37; 38) 
to add more flexibility to the model structure, and zero-inflated models (39) to account for 
excessive zero crashes in data, if present. These models, however, still are not able to deal with 
under-dispersed crash data (33). Therefore, Conway-Maxwell Poisson (40) and Gamma (41)  
models were applied to handle under-dispersion, when present in the data. Similarly, zero-
inflated Poisson and zero-inflated negative binomial models were proposed to account for over-
dispersion issues due to excessive zeros (42-44). The zero-inflated Poisson and negative binomial 
models provide more flexibility. However, a key shortcoming of these approaches is that if the 
long-term mean equals zero in a safety situation, then this could lead to biased estimates (33; 
45). Similarly, generalized additive models provide smoothing functions for independent 
variables. However, the application of such models to crash data has been limited due to the 
inclusion of more parameters (46; 47). Some studies applied the finite mixture and Markov 
switching models for modeling crash frequency, though, the complex processing framework 
limits their application (48; 49).  

One disadvantage of the models mentioned above is the assumption that the association of 
independent variables with crash frequency is fixed. Notably, the associations of explanatory 
variables can vary across the observations because of the unobserved heterogeneity. Therefore, 
several studies have applied random parameter models to handle unobserved heterogeneity 
and improve the accuracy of estimations (2; 50-55). Although random parameter models can 
address unobserved heterogeneity, they are not able to capture spatial dependency between 
groups of observations. Therefore, random effect models (3; 56-58) and, more recently, 
geographically weighted regression (GWR) models (3; 56; 59; 60) were used in studies to capture 
the spatial correlation between groups of observations. GWR models incorporate the spatial 
correlation between the observation by allowing the association between the dependent variable 
and parameter estimates to vary across space. In other words, GWR models assume that those 
roadway segments that are geographically closer to each other share more similarities regarding 
geometric design features (e.g., median width, shoulder type, number of lanes) and traffic 
patterns (e.g., AADT and patterns of traffic peaks). However, one major shortcoming of GWR 
models is that they are not able to consider the temporal correlation between the observations 
in crash data, which if ignored, can result in inaccurate estimates and erroneous inferences (61). 
Thus, a recent study conducted by the research team (see Appendix E) proposed the application 
of Geographically and Temporally Weighted Regression (GTWR) models which incorporates the 
geographical and temporal information of crashes in the calculation of kernel weights in crash 
count models (4). The results of the study show that GTWR models significantly outperform the 
conventional local models used for the estimation of SPFs. This study also shows how correlates 
of crash frequency on roadway segments vary in space and over time, and as a result, safety 
improvements can be targeted more precisely with more localized information. Therefore, 
besides developing global SPFs, this project demonstrates the application of GTWR models to 
localize SPFs for freeway segments in Tennessee. This can improve the predictive performance 
and accuracy of SPFs.   
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Chapter 3 Methodology  
3.1 Data Collection 
Chapters 18 and 19 of the 2010 HSM, elaborated by the NCHRP report by Bonneson et al. (1) 
requires a wide variety of variables regarding geometric design features, traffic characteristics, 
and crash data. Table 3-1 shows a summary of these variables and their collectability based on 
the available databases in Tennessee. In the next sections, the procedure followed for extracting 
these variables is explained in detail. 

TABLE 3-1 INFORMATION NEEDED FOR CALIBRATION FACTOR ANALYSIS OF FREEWAYS AND RAMPS 

Variable Collectability 

Geometric design features of freeways 

Number of lanes Directly available in E-TRIMS 

Segment Length (mi) Directly available in E-TRIMS 

Shoulder’s width (ft) Directly available in E-TRIMS 

Lane width (ft) Directly available in E-TRIMS 

Median width (ft) Directly available in E-TRIMS 

Clear zone width (ft) Manual/visual extraction in E-TRIMS 

Length of a horizontal curve on a segment (mi) Directly available in E-TRIMS 

Proportion of the segment length with horizontal 
curvature (0-1) 

Directly available in E-TRIMS 

Radius of a horizontal curve on a segment (mi) Directly available in E-TRIMS 

Distance from edge of shoulders to barrier face (ft) Manual/visual extraction in E-TRIMS 

Length of ramp entrance (mi) Manual/visual extraction in E-TRIMS 

Length of ramp exit (mi) Manual/visual extraction in E-TRIMS 

Type B weaving section length  Manual/visual extraction in E-TRIMS 

Proportion of segment length within a Type B 
weaving section (0-1) 

Manual/visual extraction in E-TRIMS 

Proportion of segment length with a barrier 
present in the median/outside shoulder (0-1) 

Manual/visual extraction in E-TRIMS 

Proportion of segment length with rumble strips 
present on the inside/outside shoulders (0-1) 

Manual/visual extraction in E-TRIMS 

Distance from segment begin milepost to nearest 
upstream entrance ramp gore point (mi) 

Manual/visual extraction in E-TRIMS 
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TABLE 3-1 INFORMATION NEEDED FOR CALIBRATION FACTOR ANALYSIS OF FREEWAYS AND RAMPS (CONTINUED) 

Variable Collectability 

Geometric design features of freeways (continued) 
Distance from segment begin milepost to nearest 
downstream exit ramp gore point (mi) 

Manual/visual extraction in the 
E-TRIMS 

Distance from segment end milepost to nearest upstream 
entrance ramp gore point (mi) 

Manual/visual extraction in the 
E-TRIMS 

Distance from segment end milepost to nearest downstream 
exit ramp gore point (mi) 

Manual/visual extraction in the 
E-TRIMS 

Geometric design features of ramps 

Length of ramp (mi) Google Earth 

Number of lanes Google Earth 

Lane width (ft) Google Earth 

Left shoulder width (ft) Google Earth 

Right shoulder width (ft) Google Earth 

Proportion of segment length with a left-side barrier (0-1) Google Earth 

Proportion of segment length with a right-side barrier (0-1) Google Earth 
Proportion of segment length with a lane add/drop taper (0-
1) 

Google Earth 

Proportion of segment length with a speed-change lane (0-1) Google Earth 

Traffic data for freeways 

Freeway segment AADT 
Directly available in E-TRIMS 
and TDOT’s traffic history 
application 

Proportion of AADT during hours where volume exceeds 
1,000 veh/hr/ln (0-1) 

Default equation 

AADT of entrance ramp  
Manual/visual extraction from 
TN-TIMES 

AADT of exit ramp  
Manual/visual extraction from 
TN-TIMES 

Traffic data for ramps 

Ramp AADT TN-TIMES 
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TABLE 3-1 INFORMATION NEEDED FOR CALIBRATION FACTOR ANALYSIS OF FREEWAYS AND RAMPS (CONTINUED) 

Variable Collectability 
Crash data for freeways 
Count of Fatal-and-Injury Crashes by year for freeway 
segment (not ramp related) 

Directly available in E-TRIMS 

Count of Property Damage Only crashes by year for 
freeway Segment (not ramp related) 

Directly available in E-TRIMS 

Count of Ramp entrance speed-change lane Fatal-
and-Injury crashes by year  

Imputed using crash data from E-TRIMS 
and Bonneson et al. (1) study 

Count of Ramp entrance speed-change lane Property 
Damage Only crashes by year  

Imputed using crash data from E-TRIMS 
and Bonneson et al. (1) study 

Count of Ramp exit speed-change lane Fatal-and-
Injury crashes by year  

Imputed using crash data from E-TRIMS 
and Bonneson et al. (1) study 

Count of Ramp exit speed-change lane Property 
Damage Only crashes by year  

Imputed using crash data from E-TRIMS 
and Bonneson et al. (1) study 

Crash data for ramps 
Count of Fatal-and-Injury Crashes by year  Directly available in E-TRIMS 
Count of Property Damage Only crashes by year  Directly available in E-TRIMS 

3.1.1 Data Collection of freeway segments 
Substantial work went into manually extracting data from various data sources maintained by 
TDOT. Initially, a main query was run in E-TRIMS to extract all segments of interstates and 
expressways. Overall, 1148 (representing 1201 miles) and 352 segments (representing 192 miles) 
were identified for interstates and expressways, respectively. Figure 3-1 presents the distribution 
of these segments on a map of Tennessee. Next, after removing short segments (i.e., segment 
lengths less than 0.10 mile) from the data, two random samples including 181 and 133 segments 
were selected from interstates and expressways in TN which represent diverse statewide 
geographical conditions. Then, five years (2015-2019) of crash data and roadway geometric data 
for each sample were extracted from E-TRIMS. The detailed data extraction procedure is 
discussed in the next sections.  
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Figure 3-1 Distribution of interstate and expressway segments in TN 

3.1.1.1 Collection of crash data 
The crash data for each of the five years (2015-2019) were obtained from police crash reports 
contained in E-TRIMS (https://e-trims.tdot.tn.gov). However, one of the challenges regarding the 
data collection of crashes was that although the information about ramp-related crashes was 
extractable from E-TRIMS, there was no information regarding the severity of these crashes (e.g., 
Fatal and Injury (FI) and or Property Damage Only (PDO) crashes could not be distinguished), nor 
was there information regarding the type of ramps (e.g., entrance or exit ramp) to which the 
crashes were related. Therefore, to estimate the crash frequency and crash severity of entrance 
and exit ramp-related crashes, the following table (from the Bonneson et al. (1) NCHRP report) 
which represents the crash distribution of 3 years of crashes belonging to 1848 freeway 
segments in California, Maine, and Washington was used. 

TABLE 3-2 SEVERITY DISTRIBUTION OF THREE YEARS CRASHES  
BELONGING TO FREEWAY SEGMENTS IN CALIFORNIA, MAINE, AND WASHINGTON 

Crash PDO PDO (%) FI FI (%) 

Non-ramp-related  15332 88.8% 7440 88.7% 
Ramp-entrance-related (637 ramps) 1369 7.9% 665 8.1% 
Ramp-exit-related (513 ramps) 564 3.3% 276 3.2% 
Total 17265 100% 8381 100% 
Source: Bonneson, J., Geedipally, S., Pratt, M., & Lord, D. (2012). Safety prediction methodology 
and analysis tool for freeways and interchanges. National Cooperative Highway Research, 7, 17-
45. 

https://e-trims.tdot.tn.gov/
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3.1.1.2 Data collection of roadways geometrics  
Roadway geometric information of the freeway segments was extracted using TDOT’s Image 
Viewer Software in E-TRIMS (https://e-trims.tdot.tn.gov). Figure 3-2 illustrates the Image Viewer 
Software application with a picture. For interchange ramps, Google Earth was used to collect 
geometric data, since the image viewer does not provide street view of ramps. 

 
Figure 3-2 A picture from the E-TRIMS image viewer application  

Substantial effort went into extracting data on the length and clearance distance of barriers, clear 
zone widths, length of ramp entrance/exit on segments, length and proportion of weaving 
sections, length and proportion of horizontal curvatures, and position of upstream/ downstream 
ramps as needed for calibration according to the NCHRP report guidelines (1).  

3.1.1.3 Collection of traffic data  
Traffic data including annual average daily traffic (AADT) of segments for each of the five years 
(2015-2019) were obtained using the TDOT’s traffic history application for each segment 
(https://www.tdot.tn.gov/APPLICATIONS/traffichistory). Collection of AADT of entrance/exit 
ramps, however, was more challenging since they were not available in TDOT’s traffic history 
application. Therefore, the AADT information was collected manually from the Tennessee Traffic 
Information Management and Evaluation System (TN-TIMES) (https://www.tn.gov/tdot/long-
range-planning-home/longrange-road-inventory/tn-times.html). To find the location of ramps in 
TN-TIMES, the address of each ramp was extracted from Google map in E-TRIMS and input in TN-
TIMES to obtain AADT for the ramps. Figure 3-3 demonstrates the procedure of locating and 
extracting AADT of ramps in TN-TIMES.   

 

https://e-trims.tdot.tn.gov/
https://www.tdot.tn.gov/APPLICATIONS/traffichistory
https://www.tn.gov/tdot/long-range-planning-home/longrange-road-inventory/tn-times.html
https://www.tn.gov/tdot/long-range-planning-home/longrange-road-inventory/tn-times.html
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Figure 3-3 The procedure used for identifying ramps and extracting AADTs in TN-times 

3.1.1.4 Data assembly  
After collecting crash, roadway geometric, and traffic data, these data were merged using unique 
beginning log mile (BLM), end log mile (ELM), county, route name, sequence number, and station 
number associated with each roadway segment, respectively. Figure 3-4 summarizes the overall 
procedure followed while collecting and linking different data elements to prepare the final 
database for the analysis.  
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Figure 3-4 An overview of data collection using different databases 

3.1.2 Data Collection of interchange ramps 
There are eight different configurations for interchange ramps (as shown in Figure 3-5) 
considered in Bonneson et al. (1). This study extracted a subset of these ramp configurations in 
Tennessee. Extracting geometric, and crash data for interchange ramps was more challenging 
than the freeway segments because in the current version of E-TRIMS it is not possible to query 
interchange ramps separately from the roadway segments. Therefore, the information regarding 
geometric design features and crashes occurring on interchange ramps cannot be obtained from 
E-TRIMS and TDOT’s image viewer. Furthermore, the visualization of ramp-related crashes on a 
Tennessee map revealed that locations of ramp-related crashes in E-TRIMS are not accurate 
enough to distinguish between freeway crashes related to ramps, entrance ramp crashes, and 
exit ramp crashes (see Figure 3-6). Consequently, to address these issues, the following 
procedure was followed for collecting the geometric design features, crash, and traffic data 
required for the calibration factor analysis of interchange ramps: 

1. A sample of freeway segments was selected randomly from E-TRIMS 
2. One ramp from each freeway segment was selected for the sample of interchange ramps 
3. Location (or address) of the selected interchange ramps was retrieved from the TDOT 

image viewer to locate the interchange ramps in Google Earth (Figure 3-7)  
4. Coordinates of the selected interchange ramps were extracted from Google Earth 
5. Geometric features of the interchange ramps were collected manually from Google Earth 
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6. Coordinates of ramp-related crashes were extracted from E-TRIMS and were imported 
into Google Earth 

7. The FI and PDO crashes adjacent to the entrance/exit ramps were identified and 
distributed equally to the ramps that are parallel to the crashes  

8. Traffic data for these interchange ramps were collected using the same procedure 
described for collecting the AADT of interchange ramps in the last section. 

 
Figure 3-5 Interchange ramp configurations 

Source: Bonneson, J., Geedipally, S., Pratt, M., & Lord, D. (2012). Safety prediction methodology and analysis 
tool for freeways and interchanges. National Cooperative Highway Research, 7, 17-45.  

 
Figure 3-6 Visualization of ramp-related crashes on Google Earth 
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Figure 3-7 Locations of randomly selected entrance and exit interchange ramps in Tennessee 

3.2 NCHRP crash predictive method for freeways and interchange 
ramps 
The NCHRP report by Bonneson et al. (1) provides a procedure to estimate the expected average 
crash frequency for different sites and facilities. Following the guidelines in HSM in which road 
segment boundaries are defined by a change in the cross section, the NCHRP report divides 
freeway facilities into three sites: 

1. Freeway segments 
2. Speed-change Lane for an entrance ramp 
3. Speed change line for an exit ramp 

Figure 3-8 shows these freeway facility sites for the calibration factor analysis. Based on the 
figure, freeway segment boundaries can be defined by identifying the position of a gore point 
related to a ramp. Then, crashes that occur on a freeway facility can be divided into three groups 
of crashes that will be analyzed separately: 

1. Entrance ramp speed-change-related crashes 
2. Exit ramp speed-change related crashes 
3. Non-ramp-related crashes 

Based on this approach, speed-change-related crashes are defined as those crashes that 
occurred either on the speed-change lane or the adjacent freeway lanes in the merge/diverge 
area. Note that SCen and SCex segments in Figure 3-8 are speed-change lanes, Rex and Ren are 
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interchange ramp proper for exit ramp and entrance ramp. Also, in the calibration factor 
analyses, instead of using the full segment length, the effective segment length, which is the 
freeway segment length minus the length of the speed-change lanes located on the freeway 
facility, is used.  

 
Figure 3-8 Schematic of freeway segments and speed-change lanes 

Source: Bonneson, J., Geedipally, S., Pratt, M., & Lord, D. (2012). Safety prediction methodology and analysis tool for freeways 
and interchanges. National Cooperative Highway Research, 7, 17-45. 

In this project, the following equation was used as the general form of the predictive methods 
used for freeways and interchange ramps: 

 
Where: 

𝑁𝑁𝑝𝑝,𝑥𝑥,𝑦𝑦,𝑧𝑧  is the predicted average crash frequency (crashes/year) at site type x, crash type y (e.g., 
single-vehicle and Multiple-vehicle), and severity z (e.g., FI and PDO crashes). 

Traffic flow direction 
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𝑁𝑁𝑠𝑠𝑝𝑝𝑠𝑠,𝑥𝑥,𝑦𝑦,𝑧𝑧  is the predicted average crash frequency (crashes/year) for base conditions at site type 
x, crash type y, and severity z. 

𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚,𝑥𝑥,𝑦𝑦,𝑧𝑧  crash modification factors of site type x, crash type y, and severity z  which is calculated 
based on the specific geometric design and traffic control characteristics m. 

𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚,𝑥𝑥,𝑦𝑦,𝑧𝑧  calibration factor of site type x, crash type y, and severity z. 

Tables 3-3 and 3-4 respectively show the freeway segment and ramp crash modification factors 
used in this project. Overall, 11, 8, and 7 crash modification factors were applied to adjust the 
base-condition SPFs for freeway segments, speed-change lanes, and interchange ramps 
respectively. For more information on how these crash modification factors are calculated, the 
readers are referred to the NCHRP report by Bonneson et al. (1). 

TABLE 3-3 FREEWAY CRASH MODIFICATION FACTORS APPLIED IN THE STUDY 

CMF CMF Description Applicable SPFs Type of crash Severity 
Freeway 
segment 

Speed-change 
Lane 

Multiple 
vehicle 

Single FI PD
O 

𝐶𝐶𝐶𝐶𝐶𝐶1 Horizontal curve Yes Yes Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶2 Lane width Yes Yes Yes Yes Yes No 
𝐶𝐶𝐶𝐶𝐶𝐶3 Inside shoulder width Yes Yes Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶4 Median width Yes Yes Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶5 Median barrier Yes Yes Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶6 High volume Yes Yes Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶7 Lane change Yes No Yes No Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶8 Outside shoulder 

width 
Yes No No Yes Yes Yes 

𝐶𝐶𝐶𝐶𝐶𝐶9 Shoulder rumble strip Yes No No Yes Yes No 
𝐶𝐶𝐶𝐶𝐶𝐶10 Outside clearance Yes No No Yes Yes No 
𝐶𝐶𝐶𝐶𝐶𝐶11 Outside barrier  Yes No No Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶12 Ramp entrance No Yes Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶13 Ramp exit No Yes Yes Yes Yes Yes 

TABLE 3-4 RAMP SEGMENTS CRASH MODIFICATION FACTORS APPLIED IN THE STUDY 

CMF CMF Description Type of crash Severity 
Multiple 
vehicle 

Single FI PDO 

𝐶𝐶𝐶𝐶𝐶𝐶1 Lane width  Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶2 Right shoulder width Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶3 Left shoulder width Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶4 Right side barrier  No Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶5 Left side barrier Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶6 High volume Yes Yes Yes Yes 
𝐶𝐶𝐶𝐶𝐶𝐶7 Lane add or drop Yes No Yes Yes 
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3.2.1 Two different approaches for calculating Calibration Factors  
Following the HSM procedure, SPFs predicted for different road segments and facilities should 
be multiplied by calibration factors. This is meant to adjust for differences between the 
jurisdiction and the period for which the SPFs were developed and the segments to which they 
are applied by HSM users. Notably, CFs greater than 1.0 indicate a higher number of crashes in 
the local jurisdiction compared to the jurisdiction for which the SPFs were developed and vice 
versa. In this study, two different approaches were used to calculate the calibration factors for 
freeway facilities. In the first approach, one calibration factor is calculated for the entire freeway 
facility including the freeway segment, ramp exit speed-change lane, and ramp entrance speed-
change lane. The following equation presents how calibration factors are calculated using the 
first approach: 

 

Where: 

𝑁𝑁𝑂𝑂,𝑁𝑁𝑁𝑁𝑁𝑁 = Observed frequency of non-ramp-related crashes occurring on freeways  
𝑁𝑁𝑂𝑂,𝐸𝐸𝑁𝑁𝑁𝑁 = Observed frequency of ramp entrance speed-change-lane crashes occurring on freeways  
𝑁𝑁𝑂𝑂,𝐸𝐸𝐸𝐸𝑁𝑁 = Observed frequency of ramp exit speed-change-lane crashes occurring on freeways  
𝑁𝑁𝑃𝑃,𝑁𝑁𝑁𝑁𝑁𝑁 = Predicted frequency of non-ramp-related crashes occurring on freeways  
𝑁𝑁𝑃𝑃,𝐸𝐸𝑁𝑁𝑁𝑁 = Predicted frequency of ramp entrance speed-change-lane crashes occurring on freeways  
𝑁𝑁𝑃𝑃,𝐸𝐸𝐸𝐸𝑁𝑁 = Predicted frequency of ramp exit speed-change-lane crashes occurring on freeways  

In the second approach, calibration factors are calculated separately for the freeway segment, 
ramp exit speed-change lane, and ramp entrance speed-change lane: 

 

 

 

3.3 TN-specific Safety Performance Functions 
3.3.1 Development of Global SPFs  

As mentioned, global models are estimated in the Highway Safety Manual, where correlations of 
variables with crashes are independent of their location and are fixed. Global SPFs are typically 
estimated based on all the available observations simultaneously. Negative binomial and Poisson 
regression models are commonly used for crash frequency analyses because they are easy to 
estimate and interpret (33). In Poisson regression, the mean and variance of the distribution are 
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equal. However, the negative binomial model allows the variance and mean to be different, 
depending on the value of over-dispersion parameter 𝜃𝜃: 

 

where 𝐸𝐸[𝑌𝑌𝑖𝑖] is mean or fitted value; 𝑉𝑉𝑉𝑉𝑉𝑉[𝑌𝑌𝑖𝑖] is the variance; 𝜃𝜃 is the over-dispersion parameter, 
which is reported in the models below. If 1/𝜃𝜃 = 0, the negative binomial distribution would be 
equivalent to the Poisson model. Sometimes, 𝛼𝛼 = 1/𝜃𝜃 is reported by analysts. The HSM 
procedure use negative binomial models over Poisson models as they can account for over-
dispersed crash data (28). HSM provides the equation below for predicting crash frequency on 
divided multilane highways (28): 

 

where 𝑁𝑁𝑆𝑆𝑃𝑃𝑆𝑆 is the total number of segment crashes per year, AADT is the annual average daily 
traffic (vehicles/day) on the segment, L is the segment length (miles), and a and b are the 
regression parameters to be estimated. As presented in equation (7), the coefficient of the 
variable Segment Length equals one, meaning that the segment length functions as an exposure 
variable in which its weight on crash frequency is always constant. However, the association of 
segment length with crash frequency might vary across regions and locations. For instance, 
relatively lower crash frequency may be observed on long segments with uniform environments 
compared with short segments with more complex and variable environments. Therefore, 
transportation experts also consider a more general version of the above equation (7): 

 

where parameter c is the parameter for ln-transformed segment length L. If the estimated c 
equals one, equation (8) would be the same as equation (7).  

As mentioned, the base SPF provided by HSM only takes the key variables AADT and Segment 
Length into account. However, the crash frequency can also depend on geometric features of the 
segment. Therefore, another form of SPF can be defined as follows: 

 

where 𝑋𝑋𝑘𝑘 is a vector of additional explanatory variables, e.g., presence of curves, or rumble strips, 
and 𝛽𝛽𝑘𝑘 is a vector of the corresponding parameters to be estimated along with key variables that 
include traffic (AADT) and Segment length (L). In this study, SPFs defined in equation 9 were used 
to develop TN-specific SPFs for freeway segments and interchange ramps because they better 
incorporate various factors contributing to crash frequencies.  
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B provides TN-specific SPFs with segment length used as exposure variable (as shown in equation 
7).  

3.3.2 Local SPFs- Geographically and temporally Weighted Regression models 
The local SPFs are estimated based on a subset of observations of a specific area. The 
Geographically and Temporally Weighted Regression (GTWR) models can efficiently address the 
heterogeneity in spatially and temporally diverse data and estimate model parameters for a 
specific location and time. In GTWR models, for each iteration, one of the observations is selected 
as the centroid, and rather than considering the whole sample, a subset of observations that 
spatially and temporally resemble each other are selected for model estimation. Then, weights 
are assigned to the observations in each sample depending on their spatio-temporal distance 
from the centroid in a way that closer observations are assigned greater weights. In this study, 
to calculate the geographical weights, the adaptive bi-square kernel equation is applied (62; 63): 

 
where (𝑤𝑤𝑗𝑗𝑠𝑠(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖) is a geographical weight allocated to observation 𝑗𝑗 adjacent to centroid i, 𝑢𝑢𝑖𝑖 and 
𝑣𝑣𝑖𝑖 are the latitude and longitude of centroid i, 𝑑𝑑𝑖𝑖𝑗𝑗 is the spatial distance from observation j to the 
centroid i, and 𝑑𝑑𝑚𝑚𝑚𝑚𝑥𝑥 is the maximum distance from the furthest observation in the sample to the 
centroid i. Similarly, the following equation can be used to compute the temporal weights: 

 
where 𝑤𝑤𝑗𝑗(𝑡𝑡𝑖𝑖) is the temporal weight allocated to observation 𝑗𝑗 happening at 𝑡𝑡𝑗𝑗,  𝑡𝑡𝑖𝑖𝑗𝑗 is the temporal 
distance from observation j and the centroid i happening at 𝑡𝑡𝑖𝑖, and 𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥 is the maximum temporal 
distance. Finally, the geographical weights in equation 10 are multiplied by the temporal weights 
in equation 11 for calculating the spatio-temporal weights: 

 

After calculating the spatial weights and spatio-temporal weights, GWNBR and GTWNBR can be 
estimated using the following equation (4):  

 
where 𝑎𝑎(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖) is the local intercept,  𝑏𝑏(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖) and 𝑐𝑐(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖) are the local parameters, and 
𝛽𝛽𝑘𝑘(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖) is the vector of local coefficients.  

3.3.2.1 Performing the Non-stationarity Test 
Although explanatory variables estimated in local models are time- and space-dependent, their 
variation over space and time might not be statistically significant. This can happen when the 
estimated parameters in the local models are very similar to the ones in the global model. The 
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non-stationarity test examines whether local parameters have significant variations over space 
and time (62; 63). The non-stationarity test can be performed as shown below: 

 
where IQR is the difference between the upper (75𝑡𝑡ℎ) and lower (25𝑡𝑡ℎ) quartile of the parameter 
𝛽𝛽, S.E. is the standard error of parameter 𝛽𝛽 in the global model, and |𝑧𝑧| is the z-value of the 
parameter 𝛽𝛽 from the local model. Passing the non-stationarity test by a parameter indicates that 
it has statistically significant (p-value ≤ 0.05) variation over space and time.  

3.3.3 Model assessment measures  
For model assessment, the Akaike Information Criterion (AIC) and the McFadden Pseudo 𝑉𝑉2 were 
used. The AIC values can be calculated using the following equation (62; 64): 

 
where LL is the log-likelihood of the estimated model, n is the total number of observations, and 
k is the number of independent variables. The smaller values of AIC show better goodness of fit. 
As a rule of thumb, a difference in AIC greater than 10 between two models shows a significant 
enhancement in the fit of a model (65). Also, the McFadden’s Pseudo 𝑉𝑉2 can be calculated as 
follows (66): 

 
where ln 𝐿𝐿 is the loglikelihood of the full model and ln 𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑝𝑝𝑡𝑡 is the likelihood of the intercept-
only model. Generally greater McFadden 𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢𝑑𝑑𝑃𝑃 𝑉𝑉2  values indicate better goodness of fit.  
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Chapter 4 Results and Discussion  
4.1 Descriptive statistics 
This section provides descriptive statistics of variables. Note that distributions of total, FI, and 
PDO crashes on interstates, expressways, and interchange ramps are provided in Appendix D. 
Tables 4-1 and 4-2 present the descriptive statistics of the key variables for interstate and 
expressway segments. Based on Table 4-1, 69% of the interstate segments in the sample are in 
urban areas and the rest in rural areas (as defined by TDOT in the E-TRIMS database). This 
percentage is consistent with the proportion of urban interstate segments in the full sample 
(containing 1148 interstate segments of which 71% are in urban areas) obtained from the E-
TRIMS. The descriptive statistics indicate that the interstate segments in the sample are generally 
longer than the expressway segments. Moreover, the medians on interstate segments are wider 
than the ones on expressway segments, whereas the interstates’ lanes are narrower. The AADT 
for the sample averages at 65,900 for interstate segments, which is 48% higher than expressway 
segments. Typically, more traffic exposure increases crash and fatality risk. Accordingly, it is 
observed that, on average, there are 6.14 FI crashes on interstate segments with a maximum of 
63.2. Whereas, for expressway segments, the average is 2.35 with a maximum of 16.4 FI crashes. 
As expected, PDO crashes are a lot higher on interstates than expressways. The proportion of 
segment length with an inside barrier is shown to be 0.58 on average for interstates, which is 
slightly higher than the expressway segments. In contrast, the proportion of segment length with 
an outside barrier for expressways is higher than the interstates. Also, the proportion of segment 
length with rumble strip presence on the inside shoulder is 0.85 for interstates. This is 67% higher 
than the proportion for the expressway segments. Moreover, the proportion with the outside 
rumble strip for interstate segments is 0.76, which is 58% higher than the expressway segments’ 
proportion of 0.48. The average proportions of segment length within a Type B weaving section 
for travel in both the increasing and decreasing milepost direction for interstate segments are 
lower than the average of expressway segments.  

Tables 4-3 and 4-4 show the descriptive statistics of the entrance and exit ramps, respectively. 
Based on the tables, on average, a higher number of PDO crashes happened on exit ramps (1.04) 
compared to the entrance ramps (0.86), while the number of FI crashes are similar for entrance 
and exit ramps. Also, entrance ramps in this study had higher AADTs than the exit ramps. 
Furthermore, generally, exit ramps have greater lengths, wider shoulders, but narrower lanes 
compared with entrance ramps. Also, the average proportions of ramp length with a speed-
change lane are 0.01 and 0.02 for exit and entrance ramps, respectively, indicating that speed 
change lanes are relatively rare on the sampled ramps. Moreover, based on the tables, the 
average value of the proportion of ramp length with a lane add/drop taper is higher for exit 
ramps, showing that lane adds/lane drops are more common on exit ramps compared with 
entrance ramps.  
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TABLE 4-1 DESCRIPTIVE STATISTICS OF KEY VARIABLES FOR INTERSTATE SEGMENTS 
 Variable N Min Max Mean S.D. 
Average FI Crash Frequency (2015-2019) 281 0.00 63.2 6.14 9.61 
Average PDO Crash Frequency (2015-2019) 281 0.00 203.0 20.62 30.51 
Total Crash Frequency (2015-2019) 281 0.00 266.2 26.76 39.83 
Average AADT (2015-2019) (in 1000) 281 9.21 205.7 65.90 45.14 
Segment length (mi) 281 0.10 10.9 1.17 1.39 
Number of lanes 281 2.00 10.0 4.89 1.44 
Lane width (ft) 281 11.0 13.0 11.99 0.12 
Median width (ft) 281 2.00 90.0 42.23 33.26 
Inside Shoulder width (ft) 281 0.00 17.0 6.07 3.14 
Outside Shoulder width (ft) 281 2.00 23.0 10.73 1.72 
Proportion of segment length with inside barriers (0-1) 281 0.00 1.0 0.58 0.45 
Proportion of segment length with outside barriers (0-1) 281 0.00 1.0 0.34 0.30 
Proportion of segment length with inside rumble strips (0-1)  281 0.00 1.0 0.85 0.33 
Proportion of segment length with outside rumble strips (0-1) 281 0.00 1.0 0.76 0.32 
Proportion of segment length within a Type B weaving 
section for travel in increasing milepost direction (0-1) 

281 0.00 1.0 0.10 0.26 

Proportion of segment length within a Type B weaving 
section for travel in decreasing milepost direction (0-1) 

281 0.00 1.0 0.07 0.22 

Land use (Urban =1, Rural = 0) 281 0.00 1.00 0.69 0.46 

TABLE 4-2 DESCRIPTIVE STATISTICS OF KEY VARIABLES FOR EXPRESSWAY SEGMENTS 
 Variable N Min Max Mean S.D. 
Average FI Crash Frequency (2015-2019) 133 0.0 16.4 2.35 3.00 
Average PDO Crash Frequency (2015-2019) 133 0.0 36.2 7.88 8.66 
Total Crash Frequency (2015-2019) 133 0.0 52.6 10.23 11.42 
Average AADT (2015-2019) (in 1000) 133 6.9 166.9 44.40 30.96 
Segment length (mi) 133 0.1 2.1 0.56 0.44 
Number of lanes 133 2.0 8.0 4.51 1.17 
Lane width (ft) 133 12.0 16.0 12.04 0.36 
Median width (ft) 133 2.0 90.0 29.95 26.10 
Inside shoulder width (ft) 133 0.0 11.0 5.55 2.52 
Outside shoulder width (ft) 133 2.0 20.0 10.36 2.10 
Proportion of segment length with inside barriers (0-1) 133 0.0 1.0 0.55 0.45 
Proportion of segment length with outside barriers (0-1) 133 0.0 1.0 0.41 0.37 
Proportion of segment length with inside rumble strips (0-1) 133 0.0 1.0 0.51 0.48 
Proportion of segment length with outside rumble strips (0-1) 133 0.0 1.0 0.48 0.44 
Proportion of segment length within a Type B weaving 
section for travel in increasing milepost direction (0-1) 

133 0.0 1.0 0.12 0.26 

Proportion of segment length within a Type B weaving 
section for travel in decreasing milepost direction (0-1) 

133 0.0 1.00 0.12 0.28 

Land use (Urban =1, Rural = 0) 133 1.0 1.00 1.00 0.00 
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TABLE 4-3 DESCRIPTIVE STATISTICS OF KEY VARIABLES FOR ENTRANCE RAMPS 

 Variable N Min Max Mean S.D. 
Average FI Crash Frequency (2015-2019) 40 0.00 2.0 0.37 0.48 
Average PDO Crash Frequency (2015-2019) 40 0.00 3.40 0.86 0.95 
Total Crash Frequency (2015-2019) 40 0.00 4.60 1.23 1.36 
Average AADT (2015-2019) (in 1000) 40 0.11 18.90 5.69 4.73 
Length of ramp (mi) 40 0.04 0.61 0.25 0.12 
Number of lanes 40 1.00 2.00 1.08 0.27 
Lane width (ft) 40 13.00 33.75 15.91 3.52 
Left shoulder width (ft) 40 2.00 14.50 5.57 2.56 
Right shoulder width (ft) 40 4.50 18.00 8.60 3.34 
Proportion of segment length with left-side barriers (0-1) 40 0.00 0.75 0.15 0.21 
Proportion of segment length with right-side barriers (0-1) 40 0.00 0.75 0.19 0.23 
Proportion of segment length with a lane add/drop taper (0-1) 40 0.00 0.48 0.03 0.11 
Proportion of segment length with a speed-change lane (0-1) 40 0.00 0.41 0.01 0.07 
Ramp type Diamond (Yes =1, No=0) 24 0 1 0.60 0.49 

Outer connection (Yes =1, No=0) 11 0 1 0.27 0.45 
Free-flow loop (Yes =1, No=0) 3 0 1 0.08 0.26 
Direct connection (Yes =1, No=0) 2 0 1 0.05 0.22 

TABLE 4-4 DESCRIPTIVE STATISTICS OF KEY VARIABLES FOR EXIT RAMPS 

 Variable N Min Max Mean S.D. 
Average FI Crash Frequency (2015-2019) 40 0.00 2.6 0.38 0.57 
Average PDO Crash Frequency (2015-2019) 40 0.00 5.6 1.04 1.54 
Total Crash Frequency (2015-2019) 40 0.00 8.2 1.42 2.04 
Average AADT (2015-2019) (in 1000) 40 0.13 15.14 4.56 4.18 
Length of ramp (mi) 40 0.10 0.74 0.28 0.15 
Number of Lanes 40 1.00 2.00 1.20 0.41 
Lane width (ft) 40 11.10 22.10 15.41 2.22 
Left shoulder width (ft) 40 3.60 16.60 5.64 2.17 
Right shoulder width (ft) 40 5.00 18.00 9.27 3.06 
Proportion of segment length with left-side barriers (0-1) 40 0.00 0.73 0.10 0.18 
Proportion of segment length with right-side barriers (0-1) 40 0.00 1.00 0.27 0.37 
Proportion of segment length with a lane add/drop taper (0-1) 40 0.00 0.38 0.07 0.10 
Proportion of segment length with a speed-change lane (0-1) 40 0.00 0.34 0.02 0.07 
Ramp type Diamond (Yes =1, No=0) 28 0 1 0.70 0.46 

Outer connection (Yes =1, No=0) 5 0 1 0.13 0.33 
Free-flow loop (Yes =1, No=0) 1 0 1 0.03 0.16 
Direct connection (Yes =1, No=0) 3 0 1 0.07 0.26 
Parclo loop (Yes =1, No=0) 3 0 1 0.07 0.26 
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4.2 Calibration factor results 
4.2.1 Calibration factors for interstates and expressways 
Following the 2010 HSM procedures, calibration factors were calculated. Table 4-5 shows the 
results of calibration factors for Interstate facilities. To show the temporal variation of calibration 
factors, the calibration factor analysis is done both year-wise and for the 5-year period between 
2015 and 2019. The calibration factors are provided using two different approaches. As discussed 
previously, the first approach calculates one calibration factor for the entire freeway facility while 
in the second approach, calibration factors are calculated separately for the freeway segment, 
ramp exit speed-change lane, and ramp entrance speed-change lane. Furthermore, two values 
are reported for every freeway segment: 1) Base calibration factors without adjustment (values 
in the parenthesis) and 2) Adjusted calibration factors using crash modification factors, e.g., crash 
modification factors for lane width and median width. The base calibration factors are used when 
SPFs are not multiplied by crash modification factors. However, if SPFs are multiplied by the crash 
modification factors, the results should be multiplied by the adjusted calibration factors to 
estimate the crash counts on different freeway segments. Based on the results in Table 4-5, many 
calibration factors are lower than 1.0, indicating that interstate segments are generally safer than 
similar roads in jurisdictions where SPFs were developed. Notably, the calibration factors for FI 
crashes are relatively lower than the ones for PDO crashes. The only type of crashes with values 
higher than 1.0 is ramp entrance speed-change lane PDO crashes, indicating that there is perhaps 
more potential for safety improvements for these type of crashes on interstate segments. 
Similarly, Table 4-6 shows the results of calibration factors for expressway facilities. Comparing 
the calibration results in Tables 4-5 and 4-6 shows that except for PDO crashes, non-ramp-related 
FI crashes, and non-ramp-related PDO crashes, expressway segments have lower values of 
calibration factors compared to the interstate segments. Also, there are three types of crashes 
with calibration factors higher than 1.0, including Ramp entrance speed-change lane PDO crashes 
(CF= 1.73), non-ramp-related PDO crashes (1.10), and PDO crashes (CF= 1.11) in the first 
approach. These types of crashes can be given priority for safety improvements in Tennessee. To 
explore spatial variations in calibration factors, this project also provides calibration factors for 
the four TDOT regions in Tennessee (see Appendix A).  

4.2.2 Calibration factors for entrance and exit ramps 
Table 4-7 presents the calibration factor results for entrance and exit ramps, both year-wise and 
for 5 years between 2015 and 2019. Based on the results, the majority of the calibration factors 
are higher than 1.0, meaning that, on average, interchange ramps in this study experienced a 
higher number of crashes than the interchange ramps used for developing the SPFs in the 
Bonneson et al. NCHRP report  (1). The overall values of calibration factors indicate that, generally, 
exit ramps have higher calibration factors than entrance ramps. Specifically, PDO crashes on exit 
ramps have an overall calibration factor of 2.26, which is relatively high. Therefore, there is a 
good potential for safety improvements regarding these types of crashes on interchange ramps 
in Tennessee. Furthermore, calibration factors for FI crashes are lower than the ones for PDO 
crashes, which is a favorable result.  
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TABLE 4-5  CALIBRATION FACTOR RESULTS FOR INTERSTATE SEGMENTS (N=281) 
Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st 

approach 

Fatal & Injury 0.64 
(1.53)* 

0.70 
(1.65) 

0.65 
(1.54) 

0.68 
(1.63) 

0.68 
(1.64) 

0.67 
(1.60) 

PDO 0.99 
(2.26) 

0.99 
(2.28) 

0.97 
(2.28) 

1.02 
(2.40) 

1.05 
(2.50) 

1.00 
(2.35) 

Total 0.88 
(2.04) 

0.90 
(2.09) 

0.87 
(2.06) 

0.91 
(2.16) 

0.94 
(2.24) 

0.90 
(2.12) 

2
nd 

approach 

Non-ramp related (FI) 0.64 
(1.49) 

0.69 
(1.61) 

0.63 
(1.50) 

0.66 
(1.59) 

0.66 
(1.60) 

0.66 
(1.56) 

Non-ramp related (PDO) 0.94 
(2.25) 

0.94 
(2.27) 

0.93 
(2.26) 

0.97 
(2.38) 

1.00 
(2.48) 

0.96 
(2.33) 

Ramp entrance speed-change 
lanes (FI) 

0.89 
(3.28) 

0.95 
(3.51) 

0.89 
(3.29) 

0.92 
(3.44) 

0.91 
(3.45) 

0.91 
(3.40) 

Ramp entrance speed-change 
lanes (PDO) 

2.33 
(3.95) 

2.34 
(3.96) 

2.36 
(4.03) 

2.43 
(4.18) 

2.52 
(4.36) 

2.40 
(4.10) 

Ramp exit speed-change lanes 
(FI) 

0.64 
(0.99) 

0.68 
(1.06) 

0.64 
(1.01) 

0.67 
(1.06) 

0.67 
(1.07) 

0.67 
(1.04) 

Ramp exit speed-change lanes 
(PDO) 

0.88 
(1.22) 

0.89 
(1.23) 

0.91 
(1.27) 

0.94 
(1.32) 

0.98 
(1.38) 

0.92 
(1.29) 

* Base Calibration Factors without adjustment 

 

TABLE 4-6  CALIBRATION FACTOR RESULTS FOR EXPRESSWAY SEGMENTS (N= 133) 
Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st  

approach 

Fatal & Injury (FI) 0.74 
(1.74) 

0.70 
(1.63) 

0.60 
(1.43) 

0.63 
(1.50) 

0.70 
(1.69) 

0.67 
(1.60) 

PDO 1.30 
(2.93) 

1.01 
(2.28) 

1.01 
(2.29) 

1.08 
(2.46) 

1.15 
(2.63) 

1.11 
(2.52) 

Total 1.17 
(2.54) 

0.91 
(2.07) 

0.88 
(2.02) 

0.94 
(2.15) 

1.00 
(2.33) 

0.98 
(2.22) 

2
nd 

approach 

Non-ramp related (FI) 0.74 
(1.77) 

0.70 
(1.66) 

0.61 
1.46) 

0.63 
(1.52) 

0.70 
1.73) 

0.68 
(1.63) 

Non-ramp related (PDO) 1.29 
(3.11) 

1.01 
(2.43) 

1.01 
(2.44) 

1.08 
(2.62) 

1.14 
(2.81) 

1.10 
(2.68) 

Ramp entrance speed-
change lanes (FI) 

0.84 
(2.59) 

0.78 
(2.40) 

0.66 
(2.07) 

0.70 
(2.16) 

0.75 
(2.39) 

0.74 
(2.32) 

Ramp entrance speed-
change lanes (PDO) 

2.06 
(3.09) 

1.60 
(2.38) 

1.57 
(2.37) 

1.69 
(2.55) 

1.75 
(2.69) 

1.73 
(2.61) 

Ramp exit speed-change 
lanes (FI) 

0.54 
(0.79) 

0.50 
(0.74) 

0.43 
(0.64) 

0.46 
(0.67) 

0.50 
(0.76) 

0.49 
(0.72) 

Ramp exit speed-change 
lanes (PDO) 

0.77 
(1.05) 

0.60 
(0.81) 

0.59 
(0.82) 

0.64 
(0.88) 

0.68 
(0.95) 

0.66 
(0.90) 
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TABLE 4-7 CALIBRATION FACTOR RESULTS FOR ENTRANCE AND EXIT RAMPS (N= 40) 

Ramp type Crash type 2015 2016 2017 2018 2019 Overall  
Entrance ramps Fatal & Injury 1.60 

(1.45) 
0.98 

(0.89) 
1.32 

(1.19) 
0.74 

(0.67) 
1.27 

(1.14) 
1.19 

(1.07) 
PDO 1.90 

(1.94) 
1.10 

(1.12) 
1.79 

(1.82) 
1.56 

(1.58) 
2.21 

(2.25) 
1.71 

(1.75) 
Total 1.80 

(1.74) 
1.06 

(1.03) 
1.62 

(1.57) 
1.26 

(1.22) 
1.86 

(1.80) 
1.52 

(1.47) 

Exit ramps 

Fatal & Injury 1.37 
(1.28) 

2.60 
(2.43) 

1.64 
(1.54) 

1.07 
(1.00) 

2.17 
(2.02) 

1.77 
(1.65) 

PDO 2.59 
(2.60) 

1.77 
(1.78) 

2.96 
(2.97) 

2.95 
(2.96) 

1.09 
(1.10) 

2.26 
(2.28) 

Total 2.09 
(2.03) 

2.12 
(2.06) 

2.42 
(2.36) 

2.18 
(2.12) 

1.53 
(1.49) 

2.07 
(2.01) 

4.3 Estimation results of TN-specific SPFs 
4.3.1 Global and Local TN-specific SPFs for freeways 
To estimate Tennessee-specific SPFs for freeways and interchange ramps, a code was written in 
R programming software. Table 4-8 shows the estimation results of global Poisson and negative 
binomial TN-specific SPFs for interstates. Note that global SPFs for estimating total crashes with 
segment length as exposure variable are provided in Appendix B. Furthermore, global SPFs for 
crash frequency based on crash severity (FI and PDO crashes) are presented in Appendix C. Based 
on the results in Table 4-8, the value of the over-dispersion parameter for the negative binomial 
model is 2.60. This indicates that the variance is greater than the mean. Also, the p-value of chi-
squared test indicates that there is statistically significant over-dispersion in crash data of 
interstates (at P-value ≤  0.001). To see the estimation results of full global models including 
statistically significant and insignificant variables for interstate segments, please see Appendix F. 
Moreover, the lower value of AIC and the higher value of Pseudo R2 indicate that the negative 
binomial model has a better fit with the data. Therefore, using the negative binomial is preferred 
over the Poisson model because it can better handle over-dispersed data. Results show that 
variables AADT, segment length, inside shoulder width, outside shoulder width, lane width, clear zone 
width, and proportions of segment length with rumble strips, ramp entrances, inside barriers, outside 
barriers, weaving sections, and horizontal curvatures were statistically significant (P-value ≤ 0.05) 
for interstate segments. The signs of the parameter estimates are as expected. The global models 
estimated for Tennessee freeways show reasonable results and are consistent with HSM (2010) 
models. A comparison between SPFs coefficients in the HSM with the TN-SPF global models for 
freeway segments is presented in Table 4-9 which shows the estimated coefficients are almost 
within the coefficient ranges in HSM.  

Table 4-10 shows the estimation results of global negative binomial and GTWR negative binomial 
models for interstate segments excluding the statistically insignificant variables. These models 
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can be used directly to predict crashes and they are equivalent to the models reported in 2010 
HSM. Based on the model goodness-of-fit assessment measures, the GTWR negative binomial 
model significantly outperforms the other models, indicating that taking spatio-temporal 
heterogeneity into account in crash data can substantially improve the goodness-of-fit of models. 
The results of the non-stationarity test show that all variables passed the test (P-value ≤ 0.05), 
indicating that parameter estimates vary significantly over space and time. 

Based on the estimation results in Table 4-10, logically, the segment length and AADT (in 1000), as 
key variables for estimating crash frequency, have positive correlations with crash frequency on 
interstates. The relationships of AADT (in 1000) and segment length with crash frequency on 
interstate segments from the negative binomial model is illustrated in Figure 4.1. As shown in the 
figure, there is a monotonic and non-linearly increasing relationship between these log-
transformed variables and crash frequency. Incidence rate ratios (IRRs) are calculated by taking 
the exponent of the parameter estimate (eβ) and they represent the change in crash frequency 
associated with changes in the independent variable. A value of IRR higher (or lower) than 1.00 
represents an increase (or decrease) in crash frequency, which can be converted to a percentage 
by multiplying the difference from 1.00 by 100).  The negative binomial model shown in Table 4-
10 indicates that a unit increase of AADT on the (natural) logarithmic scale (2.72 times higher 
AADT) is associated with 318% higher crash frequency.  

Figure 4.2 also shows the relationships of other independent variables with crashes on interstate 
segments. Wider shoulders are associated with a lower crash frequency on interstate segments. 
In this regard, IRRs in Table 4-10 show that a one-foot increase in the width of inside shoulders 
is associated with a 4.0% reduction in crash frequency.  

Based on the descriptive statistics, provided in Tables 4-1 to 4-4, except for interchange ramps, 
all proportion-based variables vary between 0-1. Examining such variables, interstates with 
higher proportions of roadside barriers and horizontal curvatures have a higher crash frequency, 
probably because of the greater potential for vehicles to strike roadside barriers, and curves 
further increasing the chances of going off the road. Moreover, a higher proportion of interstate 
segments with ramp entrances and weaving sections is positively correlated with crash frequency 
on freeways. For example, based on Table 4-10, a hypothetical increase from zero to one in the 
proportions of segment length with ramp entrances and weaving sections is associated with 
increases the crash frequency on interstates by 40% and 34%, respectively. This is possibly 
because ramp entrances and weaving sections lead to more conflicts between vehicles, which 
ultimately increases the risk of crashes on interstates. A higher proportion of road segment 
lengths with rumble strips is negatively associated with crash frequency on interstates. Based on 
the IRRs in Table 4-10, interstate segments with shoulder rumble strips through the entire length 
of the segment compared with no rumble strips show a 29% lower crash frequency. The 
reduction is partly due to the well-known role of rumble strips in reducing run-off-road crashes. 
This percentage is in-line with the crash modification factors for rumble strips reported on the 
crash modification factors clearinghouse website (https://cmfclearinghouse.org/). 

https://cmfclearinghouse.org/
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Figure 4-1 Relationships of AADT (in 1000) and Segment length with crash frequency of interstate segments 
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Figure 4-2 Relationships of different variables with predicted crash frequency of interstate segments with predictive margins with 95% confidence intervals
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Table 4-11 shows the estimation results of global Poisson and negative binomial TN-specific SPFs 
for expressways. The p-value of chi-squared test for over-dispersion indicates that there is 
statistically significant over-dispersion in crash data of expressways (at P-value ≤  0.001). 
Moreover, the lower value of AIC and the higher value of Pseudo R2 indicate that the negative 
binomial model has a better fit with the data. Therefore, using the negative binomial is preferred 
over the Poisson model for expressways. The estimation results show that variables AADT, 
segment length, inside shoulder width, outside shoulder width, lane width, median width, clear zone 
width, number of lanes, proportion of segment length with ramp entrances, and proportions of 
segment length with ramp exits, inside barriers, and weaving sections were statistically significant (p-
value ≤ 0.05) for expressway segments. To see the estimation results of full global models 
including statistically significant and insignificant variables for expressway segments, please see 
Appendix F. Table 4-12 shows the estimation results of global negative binomial and GTWR 
negative binomial models for expressway segments excluding the insignificant variables. Similar 
to the interstate segments, GTWNBR has the best performance among the models estimated for 
expressway segments. Furthermore, the results of the non-stationarity test indicate that spatio-
temporal variation of parameter estimates is significant (P-value ≤ 0.05). Based on the estimation 
results, key variables of segment length and AADT are positively associated with crash frequency 
on expressways. Furthermore, wider shoulders are associated with lower crash frequency. In this 
regard, IRRs for the negative binomial model in Table 4-12 show that a one-foot increase in the 
width of outside shoulders is associated with a 6.0% reduction in crash frequency on expressway 
segments. Also, based on the results, higher proportions of roadside barriers are correlated with 
higher number of crashes on expressways. Moreover, a higher proportion of freeway lengths 
with ramp entrances and weaving sections is positively associated with crash frequency on 
expressways. For instance, based on Table 4-12, an increase from zero to one in the proportions 
of segment length with ramp entrances and weaving sections is associated with increases the 
crash frequency on expressways by 58.0% and 39.0%, respectively.  

A key purpose of this study is to incorporate the spatial and temporal elements explicitly in crash 
models and understand how crashes vary in space and time. In this regard, the GTWR models 
can be used for crash predicts on freeway segments. Theoretically speaking, GTWR models can 
yield more accurate predictions than the conventional (global) SPFs in HSM mainly because they 
address spatio-temporal heterogeneity in crash data. However, GTWR models are not 
transferable to other areas and jurisdictions. This is because in the development of GTWR 
models, space-and-time-referenced crash data are used, and as a result, parameters vary across 
space and time. Therefore, when it comes to making local crash frequency predictions for a 
selected site, GTWR models refer to the location of the site to provide parameters that have been 
estimated specifically for that location. As a result, GTWR models in this study can only be used 
for predicting crashes on freeway segments in Tennessee.  

  



 

 
31 

TABLE 4-8 ESTIMATION RESULTS OF GLOBAL POISSON AND NEGATIVE 

BINOMIAL MODELS FOR INTERSTATES 

Variable Poisson Negative Binomial 
𝜷𝜷. IRR a  P-value 𝜷𝜷. IRR P-value 

Constant -1.24 — 0.00 -2.14 — 0.00 
AADT in 1000 (Ln form) 1.39 4.01 0.00 1.44 4.20 0.00 
Segment Length (mi) (Ln form) 0.73 2.08 0.00 0.79 2.20 0.00 
Inside shoulder width (ft) -0.05 0.95 0.00 -0.04 0.96 0.00 
Outside shoulder width (ft) -0.02 0.98 0.00 0.01 1.01 0.61 
Lane width (ft) -0.09 0.91 0.00 -0.05 0.95 0.17 
Clear zone width (ft) -0.01 0.99 0.00 0.00 1.00 0.34 
Proportion of segment length 
with rumble strips (0-1) 

-0.11 0.90 0.00 -0.33 0.72 0.00 

Proportion of segment length 
with ramp entrances (0-1) 

0.08 1.08 0.00 0.32 1.38 0.00 

Proportion of segment length 
with inside barrier (0-1) 

0.13 1.14 0.00 0.20 1.22 0.00 

Proportion of segment length 
with outside barrier (0-1) 

0.31 1.36 0.00 0.57 1.76 0.00 

Proportion of segment length 
with a weaving section (0-1) 

0.36 1.43 0.00 0.29 1.34 0.00 

Proportion of segment length 
with horizontal curvature (0-1) 

0.42 1.52 0.00 0.27 1.31 0.00 

Summary Statistics  

Number of observations 1405 1405 
Over-dispersion Parameter (𝜃𝜃) — 2.60 (P< 0.001) b 

Log likelihood -9472.68 -4958.21 
Pseudo 𝑉𝑉2 0.14 0.16 
AIC 18971.0 9944.4 
a Incidence Rate Ratios, b P-value of Chi-squared test for over-dispersion 
 

TABLE 4-9  COMPARISON OF SPFS COEFFICIENTS IN THE HSM WITH THE TN-SPF GLOBAL MODELS FOR 

FREEWAY SEGMENTS 

SPF Coefficient ranges1 for 
freeways in HSM 

TN-SPF global 
Coefficients for 
Interstates 

TN-SPF global Coefficients for 
expressways 

A2 B3 A B A B 

(-7.260, -2.126) (0.646,1.936) -4.18 1.47 -2.55 1.10 

1 Coefficient ranges vary based on crash severity (FI or PDO), Area type (Rural or Urban) and 
segments’ number of lanes; 2 Model constant; 3 Coefficient for AADT 
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TABLE 4-10 ESTIMATION RESULTS OF GLOBAL AND LOCAL NEGATIVE BINOMIAL MODELS FOR INTERSTATES 

Variable Global model Local model 
Negative Binomial GTWNBR 
𝜷𝜷. IRR b P-value Mean Min 1st Q Med 3rd  Q max T a 

Constant -2.70 — 0.00 -3.44 -5.07 -4.41 -3.68 -2.49 -0.77 1 
AADT in 1000 (Ln form) 1.43 4.18 0.00 1.52 1.27 1.44 1.54 1.60 1.67 1 
Segment Length (mi) (Ln form) 0.79 2.20 0.00 0.78 0.75 0.77 0.79 0.80 0.83 1 
Inside shoulder width (ft) -0.04 0.96 0.00 -0.05 -0.08 -0.06 -0.05 -0.04 -0.01 1 
Proportion of segment length 
with rumble strips (0-1) 

-0.34 0.71 0.00 -0.26 -0.66 -0.35 -0.22 -0.17 0.07 1 

Proportion of segment length 
with ramp entrances (0-1) 

0.34 1.40 0.00 0.31 0.06 0.24 0.31 0.39 0.49 1 

Proportion of segment length 
with inside barrier (0-1) 

0.19 1.21 0.00 0.15 0.06 0.09 0.14 0.20 0.32 1 

Proportion of segment length 
with outside barrier (0-1) 

0.55 1.73 0.00 0.52 0.26 0.45 0.50 0.55 0.89 1 

Proportion of segment length 
with a weaving section (0-1) 

0.29 1.34 0.00 0.38 0.04 0.27 0.40 0.51 0.65 1 

Proportion of segment length 
with horizontal curvature (0-1) 

0.27 1.31 0.00 0.29 -0.07 0.24 0.30 0.37 0.60 1 

Summary Statistics  

Number of observations 1405 1405 
Over-dispersion Parameter (𝜃𝜃) 2.59 (P< 0.001) c — 
Log likelihood -4959 -4885 
Pseudo 𝑉𝑉2 0.16 0.18 
AIC 9947 9789 
a Non-stationarity Test at P-value < 0.05 (passed =1, failed = 0); b Incidence Rate Ratios, c P-value of Chi-squared test 
for over-dispersion 
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TABLE 4-11 ESTIMATION RESULTS OF GLOBAL POISSON AND 

NEGATIVE BINOMIAL MODELS FOR EXPRESSWAYS 

 

Variable Poisson Negative Binomial 
𝜷𝜷. IRR a P-value 𝜷𝜷. IRR P-value 

Constant 5.05 — 0.13 5.57 — 0.046 
AADT IN 1000 (Ln form) 1.11 3.03 0.00 1.11 3.02 0.000 
Segment Length (mi) (Ln form) 0.76 2.14 0.00 0.89 2.43 0.000 
Inside shoulder width (ft) -0.02 0.98 0.00 0.01 1.01 0.402 
Outside shoulder width (ft) -0.03 0.97 0.00 -0.06 0.94 0.000 
Lane width (ft) -0.48 0.62 0.01 -0.49 0.61 0.033 
Median width (ft) -0.01 0.99 0.00 0.00 1.00 0.043 
Clear zone width (ft) -0.01 0.99 0.00 0.00 1.00 0.733 
Number of lanes -0.11 0.90 0.00 -0.12 0.89 0.001 
Proportion of segment length 
with ramp entrances (0-1) 

0.28 1.32 0.00 0.38 1.47 0.018 

Proportion of segment length 
with ramp exit (0-1) 

0.44 1.55 0.00 0.18 1.19 0.402 

Proportion of segment length 
with inside barrier (0-1) 

0.21 1.23 0.00 0.09 1.10 0.350 

Proportion of segment length 
with a weaving section (0-1) 

0.34 1.40 0.00 0.32 1.38 0.004 

Summary Statistics  

Number of observations 665 665 
Over-dispersion Parameter (𝜃𝜃) — 2.06 (p< 0.001) b 
Log likelihood -2658 -1914 
Pseudo 𝑉𝑉2 0.12 0.14 
AIC 5341.40 3856.20 
a  Incidence Rate Ratios; b P-value of Chi-squared test for over-dispersion 
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TABLE 4-12 ESTIMATION RESULTS OF GLOBAL AND LOCAL MODELS FOR EXPRESSWAYS 

Variable Global model Local model 
Negative Binomial GTWNBR 
𝜷𝜷. IRR b P-value Mean Min 1st Q Med 3rd  Q max T a 

Constant 5.45 — 0.21 4.88 -1.73 1.92 3.79 7.61 10.4
2 

1 

AADT IN 1000 (Ln form) 1.13 3.10 0.00 1.16 1.03 1.12 1.15 1.19 1.31 1 
Segment Length (mi) (Ln form) 0.87 2.39 0.00 0.84 0.76 0.81 0.82 0.86 0.94 1 
Outside shoulder width (ft) -0.06 0.94 0.00 -0.05 -0.10 -0.07 -0.06 -0.02 0.00 1 
Lane width (ft) -0.47 0.63 0.02 -0.54 -1.12 -0.77 -0.44 -0.31 -0.10 1 
Median width (ft) -0.01 0.99 0.00 -0.01 -0.01 -0.01 0.00 0.00 0.00 1 
Number of lanes -0.11 0.90 0.00 -0.12 -0.17 -0.14 -0.13 -0.11 -0.09 1 
Proportion of segment length 
with ramp entrances (0-1) 

0.46 1.58 0.00 0.62 0.44 0.54 0.61 0.67 0.79 1 

Proportion of segment length 
with a weaving section (0-1) 

0.33 1.39 0.00 0.32 0.07 0.25 0.34 0.38 0.56 1 

Summary Statistics  
Number of observations 665 665 
Over-dispersion Parameter 
(𝜃𝜃) 

2.04 (p< 0.001) c — 

Log likelihood -1915 -1893 
Pseudo 𝑉𝑉2 0.13 0.15 
AIC 3851.40 3805.08 
a Non-stationarity Test at P-value ≤ 0.05 (test passed =1, test failed = 0); b Incidence Rate Ratios; c P-value of 
Chi-squared test for over-dispersion 
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4.3.1.1 Spatial variation of parameter estimates for freeways in Tennessee 
Figures 4-3 and 4-4 illustrate the spatial variation of parameter estimates for interstates and 
expressways respectively. Although parameter estimates might be stationary in some areas or 
regions, they vary substantially across jurisdictions. For example, the association of the variable 
proportion of segment length with rumble strips with crash frequency of interstates is relatively 
stable along I-81 and I-40 from Johnson City to Knoxville in Northeast Tennessee. However, going 
from Northeast Tennessee to West Tennessee along I-40, the parameter estimates decrease 
substantially. These spatial variations can be due to differences in socio-economic conditions, 
traffic characteristics, roadway conditions, and some other unobserved factors such as cultural 
diversity and differences in traffic congestion or patterns of traffic peaking. Furthermore, 
stronger associations of the variable proportion of segment length with rumble strips in Northeast 
Tennessee can also be due to more run-off-road crashes occurring in this area. Such findings 
have implications for TDOT and more broadly transportation agencies who apply such models 
because stronger relationships of parameter estimate in some areas indicate that these areas 
have a higher potential for safety improvements when the countermeasure is implemented. For 
example, if TDOT plans to install rumble strips on interstate segments to reduce the number of 
run-off-road crashes, East Tennessee may be worthy of serious consideration as it represents 
one of the promising choices for such improvements. Tables 4-13 and 4-14 provide a summary 
of promising roads, areas, and regions where the associations of contributing factors on 
increasing or decreasing crash frequency are strong for interstates and expressways, based on 
safety data. These tables can help the TDOT in prioritizing potential sites on interstates and 
expressways for safety improvements.  
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TABLE 4-13 PROMISING ROADS, AREAS, AND REGIONS WITH THE STRONG ASSOCIATION OF 
INDEPENDENT VARIABLES WITH CRASH FREQUENCY OF INTERSTATES 

Variable Promising 
 road 

Promising 
 area 

Promising 
region 

Strong AADT associations I-24 , I-65 ,  
I-440 (Nashville) 

Northern, 
Southern Middle TN 

3 

Segment Length (mi) (Ln form) I-24 (Chattanooga) Southeast 2 
Inside shoulder width (ft) I-24 , I-65 , 

I-40 (Nashville) 
Northern Middle 3 

Proportion of segment length 
with rumble strips (0-1) 

I-26, I-81 Northeast 1 

Proportion of segment length 
with ramp entrances (0-1) 

I-65 (South), I-75 , 
I-24 (Chattanooga) 

Southern Middle, 
Southeast 

2 and 3 

Proportion of segment length 
with inside barriers (0-1) 

I-26, I-81, I-75 East, Northeast  1 

Proportion of segment length 
with outside barriers (0-1) 

I-26, I-81, I-75 East, Northeast  1 

Proportion of segment length 
with weaving sections (0-1) 

I-24 , I-65 , 
I-40 (Nashville) 

Northern, 
Southern Middle  

3 

Proportion of segment length 
with horizontal curvatures (0-1) 

I-155, I-40 (Jackson), 
I-40 (Memphis) 

Northeast, 
Southeast, Greater 
Memphis 

4 
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TABLE 4-14 PROMISING ROADS, AREAS, AND REGION WITH THE HIGHEST ASSOCIATION 
 OF INDEPENDENT VARIABLES WITH CRASH FREQUENCY OF EXPRESSWAYS 

Variable Promising 
 road 

Promising 
 area 

Promising  
region 

Strong AADT associations SR137, SR093, SR158 East, Northeast  1 
Segment Length (mi) (Ln form) SR300, SR385, SR003, 

SR020 
Greater 
Memphis, 
Northwest 

4 

Outside shoulder width (ft) SR093, SR137, SR162, 
SR158, SR060, SR311, 
SR153, SR319, SR029, 
SR111 

Northeast, East, 
Southeast 

1-2 

Lane width (ft) SR300, 2810, 4032, SR385, 
SR003, SR020 

Greater 
Memphis, 
Northwest 

4 

Median width (ft) SR093, SR137, SR162, 
SR158 

Greater 
Memphis, 
Northwest 

4 

Number of lanes SR109, SR386, SR155, 
SR006 

Northern Middle 3 

Proportion of segment length 
with ramp entrances (0-1) 

SR109, SR386, SR155, 
SR006 

Northern Middle 3 

Proportion of segment length 
with weaving sections (0-1) 

SR137, SR093, SR158 East, Northeast  1 
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Figure 4-3 Spatial visualization of parameter estimates of interstate segments across TN  
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Figure 4.3 (continued)  
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Figure 4.3 (continued) 
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Figure 4-4 Spatial visualization of parameter estimates of expressway segments across TN 
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Figure 4.4 (continued) 
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Figure 4.4 (continued) 
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4.3.2 Global TN-specific SPFs for interchange ramps 

Table 4-15 and Table 4-16 show the global model estimation results of TN-specific SPFs for 
entrance and exit ramps, respectively (note that the global models with segment length as 
exposure variable are provided in Appendix B and global SPFs for crash frequency based on 
severity (FI and PDO crashes) are presented in Appendix C). Based on the results, the values of 
over-dispersion parameters for global models estimated for entrance and exit ramps are 11.96 
and 2.46, respectively. Also, the P-values of chi-squared test indicate that there is significant over-
dispersion in crash data of exit ramps (at 0.001 significance level). However, no statistically 
significant over-dispersion was observed for entrance ramps (P-value = 0.28), meaning that the 
distribution of crash data can be represented by the Poisson model, which has the restrictive 
mean-variance equivalence assumption. While the Poisson model performs well for entrance 
ramps in terms of model fit measures (AIC and Pseudo 𝑉𝑉2), the parameter estimates for the two 
models are close and the negative binomial model can be used for prediction for consistency. 
For exit ramps, the negative binomial model has a reasonably good fit (compared with the 
Poisson model) and hence it can be used for prediction. Based on Table 4-15, variables AADT, 
segment length, and proportion of segment length with right-side barriers were statistically significant 
(P-value ≤ 0.05) in the models estimated for entrance ramps. The signs of the coefficients are 
also logical. As expected, AADT (in 1000) and segment length, as two key parameters, are positively 
correlated with crash frequency on entrance ramps. The proportion of segment length with a 
barrier located on the right side has a positive association with crash frequency on entrance 
ramps. The global models estimated for Tennessee interchange ramps showed reasonable 
results and are consistent with HSM (2010) models. A comparison between SPFs coefficients in 
the HSM with the TN-SPF global models for interchange ramps is presented in Table 4-17 which 
shows the estimated coefficients are almost within the coefficient ranges in HSM.  

Based on IRRs in the Poisson model (shown in Table 4-15), an increase from zero to 0.75 (the 
actual data range) in the proportion of segment length with right-side barriers is associated with 
an increase in crash frequency on entrance ramps by 286% (this percentage is a bit lower at 263% 
for the negative binomial model). A high proportion of roadside barriers on-ramp segments can 
increase the probability of collisions with the barriers, especially at high vehicular speeds. 
Similarly, analysis of exit ramps in Table 4-16 shows that variables AADT, segment length, and 
proportions of segment length with and left and right-side barriers can meaningfully explain crash 
frequency on exit ramps. Furthermore, the signs of the explanatory variables indicate that they 
are positively associated with crash frequency on exit ramps, as expected. The proportion of 
segment length with a barrier located on the right and the left side has a positive association with 
crash frequency on exit ramps. For example, based on Table 4-16, an increase from zero to one 
in the proportion of segment length with right-side barriers is associated with an increase in crash 
frequency on exit ramps by 189%. Similar models with the segment length as the exposure 
variable are reported in Appendix B. 
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TABLE 4-15 ESTIMATION RESULTS OF TN-SPECIFIC SPFS FOR ENTRANCE RAMPS 

Variable Entrance ramps 
Poisson Negative Binomial 

𝜷𝜷 IRR b P-value 𝜷𝜷 IRR P-value 

Constant -0.54 — 0.004 -0.43 — 0.007 
AADT in 1000 (Ln form) 0.85 2.34 0.000 0.83 2.29 0.000 
Segment Length (Ln form) 0.79 2.20 0.017 0.84 2.32 0.019 
Proportion of segment length 
with a right-side barrier (0-1) 

1.35 3.86 0.012 1.29 3.63 0.023 

Summary Statistics  
Number of observations 40 40 
Over-dispersion Parameter (𝜃𝜃) — 11.96 (p< 0.28) a 
Log likelihood -47.48 -47.32 
Pseudo 𝑉𝑉2 0.34 0.23 
AIC 102.96 104.65 
a P-value of Chi-squared test for over-dispersion; b Incidence Rate Ratios 

TABLE 4-16 ESTIMATION RESULTS OF TN-SPECIFIC SPFS FOR EXIT RAMPS 

Variable Exit ramps 
Poisson Negative Binomial 

𝜷𝜷. IRR b P-value 𝜷𝜷. IRR  P-value 

Constant 0.73 — 0.04 0.29 — 0.09 
AADT in 1000 (Ln form) 0.56 1.75 0.001 0.56 1.75 0.018 
Segment Length (Ln form) 1.49 4.44 0.000 1.3 3.67 0.001 
Proportion of segment length 
with a left-side barrier (0-1) 

1.41 4.10 0.05 2.31 10.07 0.018 

Proportion of segment length 
with a right-side barrier (0-1) 

0.91 2.48 0.04 1.06 2.89 0.05 

Summary Statistics  
Number of observations 40 40 
Over-dispersion Parameter 
(𝜃𝜃) 

— 2.46 (p< 0.001) a 

Log likelihood -64.80 -50.09 
Pseudo 𝑉𝑉2 0.11 0.19 
AIC 115.77 112.17 
a P-value of Chi-squared test for over-dispersion; b Incidence Rate Ratios 
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TABLE 4-17 COMPARISON OF SPFS COEFFICIENTS IN THE HSM WITH THE TN-SPF GLOBAL MODELS FOR 

INTERCHANGE RAMPS 

SPF Coefficient ranges1 for 
ramps in HSM 

TN-SPF global 
Coefficients for 
entrance 
ramps 

SPF Coefficient ranges for 
exit ramps in HSM 

TN-SPF global 
Coefficients 
for exit ramps 

A2 B3 A B A B A B 

(-5.226, -1.400) (0.524,1.256) -1.80 1.00 (-6.692, -1.193) (0.524,1.256) -0.92 0.65 

1 Coefficient ranges vary based on crash severity (FI or PDO), Area type (Rural or Urban) and 
segments’ number of lanes; 2 Model constant; 3 Coefficient for AADT 
 

Finally, a spreadsheet based GTWR tool (in Microsoft Excel) is provided to help users with 
application of the predictive method and to use localized SPFs in practice. Additionally, calibration 
of the complementary Enhanced Interchange Safety Analysis Tool ISATe is provided (within data 
limitations) for use by TDOT. Appendix G provides the calibration factors used in ISATe and 
Tennessee crash distributions used in the Tennessee GTWR spreadsheet tool.  
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Chapter 5 Conclusion  
5.1 Objectives and scope of the project 
To improve safety on Tennessee roadways, the Tennessee Department of Transportation has 
worked with the University of Tennessee, Knoxville to adopt the HSM procedures and develop 
TN-specific SPFs for different roadway facilities. This project (Phase III) documents the analyses 
of calibration factors and TN-specific SPF development for freeway (interstate and expressway) 
segments and interchange ramps using five years (2015-2019) of crash and inventory data. Earlier 
phases have calibrated HSM SPFs and developed TN-specific SPFs for various roadway types, 
which include 1) Rural Two-Lane and Two-Way Roads, 2) Rural Multilane Roadway segments, and 
3) Urban and Suburban Arterials. A unique aspect of this project was to develop highly localized 
TN-specific SPFs for freeway segments, where spatial and temporal variations in associations of 
explanatory variables with crash frequency are explored. The geographically and temporally 
weighted models can not only improve the performance and predictive accuracy of crash 
estimations, but they can also provide practitioners a better understanding of the spatial and 
temporal trend of explanatory variables across the state and target countermeasures where they 
are most needed. 

In this project, four random samples of facilities from Tennessee roadways were chosen for 
further analysis. These included 181 interstates segments, 133 expressway segments, 40 
entrance ramps, and 40 exit ramps. Data from several sources were integrated to create a unique 
database. Specifically, crash and traffic (AADT) data for the five years (2015-2019) and key 
roadway variables for freeway segments and interchange ramps were collected. Considerable 
effort went to manually extract data from various TDOT resources, which included E-TRIMS, 
TDOT’s traffic history application, TN-TIMES, and Google Earth. Several challenges were 
encountered in the process of data collection as some of the information needed for calibration 
of freeways and interchange ramps was not available in these databases. For instance, crash data 
on interchange ramps was not readily available, indicating that there is room for improvement 
when it comes to the availability of certain safety data. To harness the data, the study applied 
descriptive statistics and advanced analytic techniques that account for temporal and spatial 
heterogeneity.  

5.2. Summary of the results 
In this project, calibration factors were computed for interstates, expressways, and interchange 
ramps. To understand the temporal and spatial variation in CFs, the CFs were computed for each 
year (2015-2019) and each of the four regions in Tennessee. Overall, the results show that on all 
roadway facilities, CFs for Fatal and Injury (FI) crashes are lower than the ones for property-
damage-only (PDO) crashes, which is a favorable finding. Regarding interstate segments, it was 
found that most of the CFs are lower than 1.0 (observed crashes are lower than the predicted 
crashes obtained through applying the HSM SPFs and CMFs), indicating that the interstate 
segments are generally safer than the interstates used for developing the SPFs. The only type of 
crashes on interstates with the CF value higher than 1.0 is Ramp entrance speed-change lane 
PDO crashes. However, for expressways, there are three types of crashes with CFs higher than 
1.0 which include: 1) Ramp entrance speed-change lane PDO crashes (CF= 1.73), 2) non-ramp-
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related PDO crashes (1.10), and 3) PDO crashes (CF= 1.11). Also, all crash types on entrance and 
exit ramps were found to have CFs higher than 1.0. Therefore, these types of crashes (with CFs > 
1.0) can be given priority in decisions relating to safety improvements in Tennessee. Furthermore, 
comparing the calibration results for interstates and expressways show that except for PDO 
crashes, non-ramp-related FI crashes, and non-ramp-related PDO crashes, expressway segments 
have lower values of calibration factors compared to the interstate segments. Regarding 
interchange ramps, the results show that most CFs are higher than 1.00, meaning that, on 
average, ramps in Tennessee had higher crash frequencies than the ramps used for developing 
the HSM SPFs. Generally, exit ramps were found to have higher CFs than entrance ramps. 
Specifically, PDO crashes on exit ramps have an overall CF of 2.26, which seems high, and 
indicates potential for safety improvements on exit ramps in Tennessee. Furthermore, CFs for FI 
crashes are lower than the ones for PDO crashes, which is a promising result. 

In the next step, TN-specific SPFs for interstates and expressways were estimated using both 
global (Poisson and Negative Binomial models) and local (GTWR) models. (Global models with 
segment length as exposure variable are provided in Appendix B, with global SPFs for crash 
frequency based on severity (FI and PDO crashes) presented in Appendix C.) The model 
assessment results (based on AIC and pseudo 𝑉𝑉2) indicate that GTWR models substantially 
outperform the conventional global models because they account for spatio-temporal 
heterogeneity. Based on the estimation results for interstate and expressway segments, 
variables AADT, segment length, inside and outside shoulder width, lane width, median width, clear 
zone width, and proportions of segment length with rumble strips, ramp entrances, ramp exits, inside 
barriers, outside barriers, weaving sections, and horizontal curvatures were statistically significant 
(P-value ≤ 0.05) in the TN-specific SPFs estimated for interstate and expressway segments.  

Incidence Rate Ratios (IRRs) provide useful information regarding the associations of different 
variables with crash frequency. Specifically, a one-foot increase in the width of shoulders on 
interstate and expressway segments is associated with respectively 4% and 6% decline in crash 
frequency on interstates and expressways. Importantly, installing rumble strips on the entire 
length of an interstate segment without rumble strips is associated with a decline in crash 
frequency by 29%. 

Furthermore, the results of the stationarity test show that the associations of all explanatory 
variables with crash frequency vary significantly over space and time, indicating that using global 
models for crash count analysis are not capturing variations in important relationships. The 
illustration of parameter estimates on a map of Tennessee shows that although parameter 
estimates might be partially stationary in some areas, they vary across jurisdictions. These spatial 
variations can stem from differences in socio-economic conditions, traffic characteristics, 
roadway conditions, and some other unobserved factors such as cultural diversity of road users 
or traffic peaking patterns. One important benefit of following the spatial trend of parameter 
estimates is finding promising roads, areas, and regions in which the association of a specific 
explanatory variable with crash frequency is higher than other areas. This can help TDOT 
prioritize potential sites on interstates and expressways for safety improvements. 

This study also estimated TN-specific SPFs for interchange entrance and exit ramps. Results of 
model assessment measures (AIC and Pseudo 𝑉𝑉2) show that for entrance ramps, the Poisson 
model outperforms the negative binomial model while for exit ramps, the negative binomial 
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model has a better fit. Based on the estimation results, variables AADT, segment length, and 
proportion of segment length with right-side barriers were statistically significant (P-value ≤ 0.05) 
in the models estimated for entrance ramps. Similarly, analysis of exit ramps shows that variables 
AADT, segment length, and proportions of segment length with left and right-side barriers can 
meaningfully explain crash frequency on exit ramps. Furthermore, the signs of the explanatory 
variables are logical and indicate that they are positively associated with crash frequency on exit 
ramps. As expected, AADT and segment length are positively correlated with crash frequency on 
entrance ramps. A higher proportion of segment length with roadside barriers has a positive 
association with crash frequency of interchange ramps. Evidently more roadside barriers on 
ramps increase the chances of collisions with vehicles. The presence of rumble strips could not 
be added to the analysis, given that only 2 interchange ramps had them.  

5.3 Achieved outcomes, benefits, and products  
Clearly, crashes are a major source of disruption in terms of loss of life, injuries, property damage, 
traffic delays, system unreliability, and inefficiency. Safety problems also stretch TDOT’s response 
resources. This study contributes by successfully creating a unique crash and inventory database 
that is harnessed to 1) develop calibration factors using the 2010 HSM procedures, 2) providing 
TN-specific SPFs using global models, and 3) applying new spatial and temporal analysis 
techniques that capture heterogeneity and they can better predict future crashes. This in turn 
can help target countermeasures at appropriate locations.  

More precisely, the key benefit of this research is to enhance safety on freeway segments and 
interchange ramps across Tennessee. In this regard, data-analytic approaches are used to 
identify high-risk locations and appropriate countermeasures strategies that can mitigate crash 
problems. Using the 2010 HSM procedures for safety analysis and development of TN-specific 
SPFs can help in the identification of freeway segments and interchange ramps that need 
treatment, which could ultimately help TDOT in making informed investment decisions related 
to the selection of effective countermeasures. Some of the key benefits related to this project are 
listed below. 

1. The project (Phase III) outcome includes improving the existing methodology of safety 
analysis and the ability to make more informed decisions related to selecting appropriate 
countermeasure strategies for Tennessee freeway segments and interchange ramps.  

2. The calibration factors and TN-specific SPFs developed in this project can be used by TDOT 
in the process of network screening, crash diagnosis, countermeasures selection, 
economic appraisal, and prioritizing safety projects related to freeways and interchange 
ramps in Tennessee. The outcomes of the research include valuable information about 
these facilities that help in planning, design, and construction of freeway segments and 
interchange ramps. 

3. The project helps TDOT and associated practitioners make informed decisions about the 
operation and safety management of the freeways and interchange ramps, which could 
potentially reduce crashes and associated costs on these facilities. 

4. The highly localized TN-specific SPFs developed through Geographically and Temporally 
weighted regression models account for intrastate (within Tennessee) heterogeneity. This 
state-of-the-art approach not only significantly improves the accuracy of crash count 
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models, but also provides TDOT with a better understanding of critical factors correlated 
with crash frequencies of different roadways and regions in Tennessee.  

5.4 Recommendations 
The following recommendations for improving safety analysis procedures in Tennessee should 
be considered: 

• Adoption of Highway Safety Manual procedures and calibration factors. TDOT should use 
the predictive procedures to identify locations where safety countermeasures can be 
targeted. This study has developed calibration factors and Tennessee-specific safety 
performance functions for freeway (interstates and expressways) segments and 
interchange ramps, while accounting for crash injury severity levels. TDOT should apply 
the TN-Specific CFs and SPFs in HSM procedures, i.e., in network screening, 
countermeasure selection, and economic appraisal of safety projects. These activities can 
be undertaken by using the HSM-based data-driven approaches for allocating the funds 
in the highway safety improvement program. Furthermore, the AASHTOware safety 
analytics tool can be used to implement HSM procedures and enhance safety with the 
aim of substantially reducing crash costs. 

• Countermeasure selection. Based on the findings of this study, TDOT’s Strategic 
Transportation Investments Division can apply the HSM procedures to freeway segments 
and interchange ramps in Tennessee. This entails the selection of effective 
countermeasure strategies, e.g., rumble strips were found to substantially improve safety 
on freeways in Tennessee. For example, it was found that installing rumble strips on the 
entire length of an interstate segment without rumble strips is associated with a 29% 
decrease in crash frequency. 

• Potential to reduce high-risk crashes. Higher Tennessee CFs indicate a relatively greater 
potential to reduce crashes (compared with roadways used to estimate HSM models). 
Specifically, the ramp entrance speed-change lane PDO crashes on both interstate and 
expressway segments, non-ramp-related PDO crashes on expressway segments, and FI 
and PDO crashes on entrance and exit ramps have CFs higher than 1, which indicate that 
the observed crashes are higher than the predicted crashes (after applying HSM SPFs and 
CMFs to account for TN conditions). Based on these findings, crashes at these locations 
can be examined further by giving them a priority for safety improvements. 

• Consideration of regional and temporal differences. This study demonstrates the use of 
highly localized and accurate crash prediction models. Spatio-temporal analysis of 
Tennessee-specific SPFs using GTWR models illustrates the spatial variation of parameter 
estimates on maps, which show substantial variations. Specifically, the study provides 
useful information regarding promising roads, areas, and regions in which the association 
of contributing factors with crash frequency is stronger (please see tables 4-12 and 4-13 
in the report). This information can be used by TDOT for prioritizing roadways and regions 
for implementing safety improvement projects. 

• Periodic updating of Calibration Factors and model parameters. The results of the year-
wise and region-wise calculation of CFs and spatio-temporal analysis of parameter 
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estimates across TN revealed that there is substantial spatio-temporal variability in CFs 
and the associations of key roadway factors with freeway segments and interchange 
ramps. Therefore, TDOT should continue updating CFs and SPFs for freeway segments 
and interchange ramps and apply them using HSM procedures. Furthermore, TDOT 
should consider the regional CFs and the highly localized TN-specific SPFs (i.e., the GTWR 
models) for application and updates. Note that periodic updating of model parameters 
requires the collection of new data. A deeper analysis can reveal which parameters are 
stable or unstable and hence most likely to benefit from updating. One method for doing 
this in the future is to use the frequentist approach, e.g., use an annual indicator in SPFs, 
test restricted and unrestricted models, and their predictive ability. If the parameters are 
unstable over time and the model goodness of fit is low, then the update frequency can 
be high. Another method is to use Bayesian updating where prior information is 
combined with new information to provide posterior predictions of parameter estimates 
(or crashes per year).  

• Improving the quality of safety data. Although E-TRIMS (and other TDOT managed 
transportation resources) provide comprehensive databases about geometric design 
features, traffic information, and crash frequencies on different roadway facilities, they 
are limited in terms of providing information about certain roadway features, e.g., crashes 
on-ramps and interchanges are not readily available in E-TRIMS. Specifically, the TDOT 
Image-viewer can be modified to provide geometric design features for ramps and 
interchanges in TN and their performance in terms of safety. This can assist in research 
and development efforts for safety improvements. 

• Future research recommendations. To enhance safety, future research should prepare 
Tennessee to apply the procedures in the next (2nd) Edition of Highway Safety Manual. 
One recommendation in this regard is the adoption of a systemic approach. In addition 
to focusing on specific locations for managing safety risks, the systemic approach can 
proactively take a broader view by evaluating risk across Tennessee’s roadway system. 
The systemic solution is a step-by-step process that complements the data-driven 
traditional safety approach. Such an approach will apply the knowledge gained from the 
extensive historical crash data analysis conducted in Tennessee to identify roadways with 
persistent safety issues and identify sites with similar risk factors but where crashes are 
“waiting to happen.” Analytics can include visualization, applying Artificial Intelligence 
prediction techniques, creating crash trees, and matrices of crash types vs. roadway 
features. After identifying high-risk promising locales, they can be linked to localized 
engineering countermeasures. The main benefits of the systemic approach are system-
wide analysis leading to safer roadways. Another issue is updating CFs and parameter 
estimates in the local and global models periodically, which will require further research 
and documentation. While the GTWR tool provided by the research team can be used to 
update parameters at the county level, more research is needed in formally applying 
Bayesian and frequentist approaches for updating.  
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Appendix A: Calibration factors of Interstates 
and Expressways for the four TDOT regions 

 

 
Map showing the 4 TDOT regions. 

The calibration factors for freeways and expressways in the 4 TDOT are provided below.  

TABLE A-1 CALIBRATION RESULTS FOR INTERSTATE SEGMENTS IN REGION 1 (N= 87) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

  
Approach 

Fatal & Injury (FI) 0.46 
(1.01)* 

0.49 
(1.08) 

0.39 
(0.87) 

0.43 
(0.98) 

0.43 
(1.00) 

0.44 
(0.99) 

Property-damage-only 
(PDO) 

0.82 
(1.77) 

0.86 
(1.88) 

0.85 
(1.88) 

0.86 
(1.91) 

0.83 
(1.86) 

0.84 
(1.86) 

Total 0.70 
(1.53) 

0.74 
(1.63) 

0.71 
(1.57) 

0.72 
(1.62) 

0.70 
(1.59) 

0.71 
(1.59) 

2
nd

 
approach 

Non-ramp-related 
 (FI) 

0.47 
(1.01) 

0.49 
(1.07) 

0.39 
(0.87) 

0.44 
(0.98) 

0.44 
(0.99) 

0.44 
(0.99) 

Non-ramp-related 
(PDO) 

0.81 
(1.83) 

0.85 
(1.95) 

0.84 
(1.95) 

0.84 
(1.97) 

0.82 
(1.92) 

0.83 
(1.92) 

Ramp entrance speed-
change lanes (FI) 

0.49 
(1.74) 

0.51 
(1.83) 

0.41 
(1.49) 

0.46 
(1.66) 

0.46 
(1.68) 

0.46 
(1.68) 

Ramp entrance speed-
change lanes (PDO) 

1.42 
(2.30) 

1.48 
(2.43) 

1.50 
(2.47) 

1.51 
(2.49) 

1.46 
(2.43) 

1.47 
(2.42) 

Ramp exit speed-change 
lanes (FI) 

0.34 
(0.51) 

0.36 
(0.54) 

0.29 
(0.44) 

0.32 
(0.50) 

0.33 
(0.51) 

0.33 
(0.50) 

Ramp exit speed-change 
lanes (PDO) 

0.49 
(0.71) 

0.52 
(0.75) 

0.53 
(0.77) 

0.54 
(0.78) 

0.52 
(0.77) 

0.52 
(0.76) 

* Base Calibration Factors without adjustment 
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TABLE A-2 CALIBRATION RESULTS FOR INTERSTATE SEGMENTS IN REGION 2 (N=39) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

  
Approach 

Fatal & Injury (FI) 0.60 
(1.19) 

0.74 
(1.47) 

0.58 
(1.14) 

0.71 
(1.41) 

0.63 
(1.23) 

0.65 
(1.29) 

Property-damage-only 
 (PDO) 

1.34 
(2.56) 

1.19 
(2.27) 

1.23 
(2.34) 

1.43 
(2.72) 

1.48 
(2.83) 

1.33 
(2.55) 

Total 
 

1.10 
(2.13) 

1.04 
(2.02) 

1.02 
(1.97) 

1.20 
(2.31) 

1.21 
(2.34) 

1.11 
(2.15) 

2
nd

  
approach 

Non-ramp-related 
 (FI) 

0.59 
(1.15) 

0.72 
(1.41) 

0.56 
(1.09) 

0.69 
(1.36) 

0.61 
(1.19) 

0.63 
(1.24) 

Non-ramp-related 
(PDO) 

1.27 
(2.50) 

1.13 
(2.22) 

1.17 
(2.86) 

1.36 
(2.66) 

1.41 
(2.76) 

1.27 
(2.48) 

Ramp entrance speed-
change lanes (FI) 

0.95 
(2.93) 

1.17 
(3.56) 

0.91 
(2.77) 

1.10 
(3.37) 

0.99 
(3.02) 

1.03 
(3.13) 

Ramp entrance speed-
change lanes (PDO) 

3.51 
(5.07) 

3.11 
(5.03) 

3.23 
(5.21) 

3.66 
(5.92) 

3.93 
(6.35) 

3.49 
(5.64) 

Ramp exit speed-change 
lanes (FI) 

0.61 
(0.87) 

0.75 
(1.06) 

0.58 
(0.83) 

0.71 
(1.01) 

0.64 
(0.91) 

0.65 
(0.93) 

Ramp exit speed-change 
lanes (PDO) 

1.26 
(1.53) 

1.11 
(1.34) 

1.15 
(1.40) 

1.31 
(1.59) 

1.40 
(1.70) 

1.25 
(1.51) 

 

TABLE A-3 CALIBRATION RESULTS FOR INTERSTATE SEGMENTS IN REGION 3 (N=102) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

  
approach 

Fatal & Injury (FI) 0.82 
(2.01) 

0.86 
(2.14) 

0.83 
(2.11) 

0.84 
(2.16) 

0.82 
(2.14) 

0.86 
(2.16) 

Property-damage-only 
(PDO) 

1.09 
(2.60) 

1.13 
(2.73) 

1.10 
(2.72) 

1.10 
(2.74) 

1.10 
(2.76) 

1.15 
(2.80) 

Total 1.00 
(2.43) 

1.05 
(2.56) 

1.02 
(2.54) 

1.03 
(2.57) 

1.01 
(2.58) 

1.02 
(2.54) 

2
nd

  
approach 

Non-ramp related (FI) 0.80 
(1.96) 

0.84 
(2.08) 

0.81 
(2.05) 

0.82 
(2.10) 

0.80 
(2.08) 

0.84 
(2.10) 

Non-ramp related  (PDO) 1.04 
(2.57) 

1.08 
(2.70) 

1.05 
(2.68) 

1.06 
(2.70) 

1.04 
(2.72) 

1.09 
(2.76) 

Ramp entrance speed-
change lanes (FI) 

1.07 
(4.33) 

1.15 
(4.60) 

1.10 
(4.51) 

1.12 
(4.61) 

1.09 
(4.52) 

1.14 
(4.64) 

Ramp entrance speed-
change lanes (PDO) 

2.57 
(4.53) 

2.76 
(4.80) 

2.72 
(4.81) 

2.69 
(4.81) 

2.71 
(4.88) 

2.78 
(4.91) 

Ramp exit speed-change 
lanes (FI) 

0.85 
(1.35) 

0.90 
(1.45) 

0.89 
(1.44) 

0.90 
(1.47) 

0.89 
(1.46) 

0.91 
(1.47) 

Ramp exit speed-change 
lanes (PDO) 

1.07 
(1.51) 

1.14 
(1.61) 

1.15 
(1.64) 

1.15 
(1.64) 

1.16 
(1.67) 

1.16 
(1.65) 
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TABLE A-4 CALIBRATION RESULTS FOR INTERSTATE SEGMENTS IN REGION 4 (N=53) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

  
approach 

Fatal & Injury (FI) 0.51 
(1.21) 

0.52 
(1.26) 

0.49 
(1.18) 

0.50 
(1.22) 

0.59 
(1.41) 

0.52 
(1.25) 

Property-damage-only 
(PDO) 

0.76 
(1.83) 

0.67 
(1.62) 

0.66 
(1.59) 

0.78 
(1.90) 

0.97 
(2.36) 

0.77 
(1.86) 

Total 0.68 
(1.64) 

0.62 
(1.51) 

0.60 
(1.46) 

0.69 
(1.69) 

0.85 
(2.06) 

0.69 
(1.67) 

2
nd

 
approach 

Non-ramp related (FI) 0.49 
(1.65) 

0.50 
(1.21) 

0.46 
(1.13) 

0.48 
(1.67) 

0.56 
(1.35) 

0.50 
(1.20) 

Non-ramp related  (PDO) 0.71 
(1.79) 

0.63 
(1.58) 

0.61 
(1.55) 

0.73 
(1.85) 

0.91 
(2.30) 

0.72 
(1.81) 

Ramp entrance speed-
change lanes (FI) 

0.94 
(3.15) 

0.95 
(3.24) 

0.91 
(3.11) 

0.93 
(3.19) 

1.07 
(3.66) 

0.96 
(3.27) 

Ramp entrance speed-
change lanes (PDO) 

2.46 
(4.11) 

2.11 
(3.55) 

2.17 
(3.66) 

2.53 
(4.29) 

3.13 
(5.26) 

2.48 
(4.17) 

Ramp exit speed-change 
lanes (FI) 

0.58 
(0.91) 

0.59 
(0.94) 

0.57 
(0.90) 

0.59 
(0.93) 

0.67 
(1.06) 

0.60 
(0.95) 

Ramp exit speed-change 
lanes (PDO) 

0.85 
(1.12) 

0.74 
(0.98) 

0.76 
(1.01) 

0.90 
(1.19) 

1.09 
(1.44) 

0.87 
(1.15) 

 

 

TABLE A-5 CALIBRATION RESULTS FOR EXPRESSWAY SEGMENTS IN REGION 1 (N= 11) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

 
approach 

Fatal & Injury (FI) 0.57 
(1.06) 

0.18 
(0.34) 

0.63 
(1.17) 

0.32 
(0.62) 

0.63 
(1.16) 

0.46 
(0.87) 

Property-damage-only 
(PDO) 

1.94 
(2.00) 

1.26 
(2.12) 

1.28 
(2.14) 

1.41 
(2.43) 

0.85 
(1.40) 

1.20 
(2.02) 

Total 0.96 
(1.67) 

0.86 
(1.50) 

1.04 
(1.80) 

1.01 
(1.81) 

0.77 
(1.32) 

0.93 
(1.62) 

2
nd

 
approach 

Non-ramp related (FI) 0.67 
(1.20) 

0.22 
(0.39) 

0.75 
(1.36) 

0.38 
(0.72) 

0.76 
(1.35) 

0.55 
(1.00) 

Non-ramp related  (PDO) 1.43 
(2.60) 

1.52 
(2.78) 

1.57 
(2.84) 

1.71 
(3.22) 

1.06 
(1.89) 

1.47 
(2.68) 

Ramp entrance speed-
change lanes (FI) 

0.33 
(0.98) 

0.10 
(031) 

0.33 
(1.00) 

0.17 
(0.52) 

0.32 
(0.95) 

0.25 
(0.75) 

Ramp entrance speed-
change lanes (PDO) 

0.80 
(1.23) 

0.81 
(1.26) 

0.79 
(1.23) 

0.88 
(1.39) 

0.50 
(0.78) 

0.76 
(1.17) 

Ramp exit speed-change 
lanes (FI) 

0.18 
(0.26) 

0.06 
(0.08) 

0.19 
(0.27) 

0.10 
(0.14) 

0.18 
(0.26) 

0.14 
(0.21) 

Ramp exit speed-change 
lanes (PDO) 

0.28 
(0.35) 

0.29 
(036) 

0.28 
(0.36) 

0.32 
(0.42) 

0.18 
(0.23) 

0.27 
(0.34) 
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TABLE A-6 CALIBRATION RESULTS FOR EXPRESSWAY SEGMENTS IN REGION 2 (N= 58) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

 
approach 

Fatal & Injury (FI) 0.57 
(1.30) 

0.57 
(1.29) 

0.55 
(1.24) 

0.56 
(1.26) 

0.52 
(1.17) 

0.55 
(1.25) 

Property-damage-only 
(PDO) 

1.28 
(2.90) 

1.14 
2.58) 

1.09 
(2.44) 

1.16 
(2.57) 

1.28 
(2.85) 

1.19 
(2.67) 

 
Total 1.04 

(2.36) 
0.95 

(2.14) 
0.91 

(2.03) 
0.95 

(2.13) 
1.02 

(2.28) 
0.97 

(2.18) 

2
nd

 
approach 

Non-ramp related (FI) 0.55 
(1.26) 

0.54 
(1.25) 

0.53 
(1.20) 

0.54 
(1.22) 

0.50 
(1.14) 

0.53 
(1.21) 

Non-ramp related  (PDO) 1.22 
(2.92) 

1.09 
(2.59) 

1.04 
(2.46) 

1.11 
(2.60) 

1.23 
(2.88) 

1.14 
(2.69) 

Ramp entrance speed-
change lanes (FI) 

1.01 
(3.00) 

1.00 
(2.97) 

0.95 
(2.81) 

0.95 
(2.84) 

0.85 
(2.53) 

0.95 
(2.82) 

Ramp entrance speed-
change lanes (PDO) 

3.00 
(4.50) 

2.68 
(4.01) 

2.51 
(3.75) 

2.59 
(3.92) 

2.81 
(4.21) 

2.72 
(4.08) 

Ramp exit speed-change 
lanes (FI) 

0.63 
(0.86) 

0.62 
(0.86) 

0.60 
(0.82) 

0.61 
(0.83) 

0.55 
(0.76) 

0.60 
(0.82) 

Ramp exit speed-change 
lanes (PDO) 

1.19 
(1.41) 

1.06 
(1.26) 

1.00 
(1.19) 

1.05 
(1.25) 

1.17 
(1.37) 

1.10 
(1.30) 

 

TABLE A-7 CALIBRATION RESULTS FOR EXPRESSWAY SEGMENTS IN REGION 3 (N= 32) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

 
approach 

Fatal & Injury (FI) 0.96 
(2.30) 

0.91 
(2.18) 

0.69 
(1.72) 

0.80 
(2.00) 

0.89 
(2.31) 

0.84 
(2.10) 

Property-damage-only 
(PDO) 

1.24 
(2.76) 

1.16 
(2.59) 

1.08 
(2.48) 

1.16 
(2.66) 

0.98 
(2.31) 

1.11 
(2.55) 

Total  1.15 
(2.62) 

1.08 
(2.46) 

0.96 
(2.25) 

1.04 
(2.44) 

0.95 
(2.31) 

1.04 
(2.42) 

2
nd

 
approach 

Non-ramp related (FI) 1.02 
(2.50) 

0.96 
(2.36) 

0.73 
(1.87) 

0.84 
(2.15) 

0.94 
(2.50) 

0.89 
(2.27) 

Non-ramp related  (PDO) 1.29 
(3.19) 

1.21 
(3.00) 

1.12 
(2.85) 

1.20 
3.04) 

1.01 
(2.65) 

1.16 
(2.93) 

Ramp entrance speed-
change lanes (FI) 

0.76 
(2.53) 

0.72 
(2.19) 

0.55 
(1.73) 

0.65 
(2.02) 

0.72 
(2.32) 

0.68 
(2.12) 

Ramp entrance speed-
change lanes (PDO) 

1.41 
(2.07) 

1.31 
(1.91) 

2.44 
(1.85) 

1.35 
(2.01) 

1.14 
(1.75) 

1.28 
(1.91) 

Ramp exit speed-change 
lanes (FI) 

0.51 
(0.74) 

0.48 
(0.69) 

0.38 
(0.55) 

0.44 
(0.64) 

0.50 
(0.76) 

0.46 
(0.68) 

Ramp exit speed-change 
lanes (PDO) 

0.52 
(0.73) 

0.48 
(0.67) 

0.46 
(0.66) 

0.51 
(0.72) 

0.44 
(0.64) 

0.48 
(0.63) 
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TABLE A-8 CALIBRATION RESULTS FOR EXPRESSWAY SEGMENTS IN REGION 4 (N= 32) 

Approach Crash type 2015 2016 2017 2018 2019 Overall  

1
st

 
approach 

Fatal & Injury (FI) 0.64 
(1.56) 

0.59 
(1.43) 

0.53 
(1.27) 

0.48 
(1.17) 

0.58 
(1.40) 

0.56 
(1.37) 

Property-damage-only 
(PDO) 

1.40 
(3.23) 

0.71 
(1.63) 

0.83 
(1.91) 

0.90 
(2.07) 

1.31 
(3.00) 

1.03 
(2.37) 

Total 1.16 
(2.71) 

0.67 
(1.57) 

0.73 
(1.71) 

0.77 
(1.79) 

1.07 
(2.51) 

0.88 
(2.06) 

2
nd

 
approach 

Non-ramp related (FI) 0.62 
(1.52) 

0.57 
(1.40) 

0.51 
(1.24) 

0.47 
(1.15) 

0.56 
(1.37) 

0.55 
(1.33) 

Non-ramp related  (PDO) 1.34 
(3.24) 

0.68 
(1.64) 

0.80 
(1.91) 

0.86 
(2.07) 

1.25 
(3.01) 

0.99 
(2.37) 

Ramp entrance speed-
change lanes (FI) 

0.97 
(3.18) 

0.89 
(2.91) 

0.80 
(2.61) 

0.74 
(2.39) 

0.87 
2.83) 

0.85 
(2.78) 

Ramp entrance speed-
change lanes (PDO) 

3.10 
(4.83) 

1.57 
(2.44) 

1.84 
(2.87) 

1.99 
(3.09) 

2.86 
4.46) 

2.27 
(3.54) 

Ramp exit speed-change 
lanes (FI) 

0.62 
(1.01) 

0.57 
(0.93) 

0.51 
(0.83) 

0.50 
(0.76) 

0.55 
(0.91) 

0.54 
(0.89) 

Ramp exit speed-change 
lanes (PDO) 

1.18 
(1.73) 

0.60 
(0.87) 

0.71 
(1.02) 

0.76 
(1.11) 

1.11 
(1.61) 

0.87 
(1.27) 
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Appendix B: Estimation Results for Tennessee-
specific Safety Performance Functions with 
Segment Length as the Exposure Variable 
The estimation results for Tennessee-specific Safety Performance Functions with segment Length 
used as the exposure variable are provided below.  

Table B-1 ESTIMATION RESULTS OF GLOBAL MODELS WITH SEGMENT LENGTH AS THE EXPOSURE VARIABLE 

FOR INTERSTATE SEGMENTS  

Variable Poisson  
(Base model) 

Poisson 
(Full model) 

Negative 
 binomial 

(Base model) 

Negative 
binomial 

 (Full model) 
𝜷𝜷. P-

value 
𝜷𝜷. P-

value 
𝜷𝜷. P- 

value 
𝜷𝜷. P- 

value 
Constant -17.90 0.000 -11.51 0.000 -4.18 0.000 -4.05 0.000 
AADT in 1000 (Ln form) 4.18 0.000 3.55 0.000 1.47 0.000 1.41 0.000 
Inside shoulder width (ft) — —   0.000 — — -0.02 0.056 
Lane width (ft) — — -0.32 0.000 — — — — 
Proportion of segment length 
with rumble strips (0-1) 

— — 
-0.54 

0.000 — — -0.51 0.000 

Proportion of segment length 
with ramp entrances (0-1) 

— — -0.54 0.000 — — 0.83 0.000 

Proportion of segment length 
with inside barrier (0-1) 

— — 1.30 0.000 — — 0.20 0.003 

Proportion of segment length 
with outside barrier (0-1) 

—  — — — — 0.55 0.000 

Proportion of segment length 
with a weaving section (0-1) 

— — — — — — 0.47 0.000 

Proportion of segment length 
with a horizontal curvature (0-1) 

—  0.87 0.000 — — 0.53 0.000 

Summary Statistics  
Number of observations 281 281 281 281 
Over-dispersion Parameter (𝜃𝜃) — — 1.18  

(p< 0.001)b 
1.39  

(p< 0.001)b 
Log likelihood -53333.57 -50060.89 -5448.20 -5310.20 
Pseudo 𝑉𝑉2 0.07 0.09 0.08 0.11 
AIC 106671 100136 10867.50 10640.40 
a P-value of Chi-squared test for over-dispersion 
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Table B-2 ESTIMATION RESULTS OF GLOBAL MODELS WITH SEGMENT LENGTH AS THE EXPOSURE VARIABLE 

FOR EXPRESSWAY SEGMENTS  

Variable Poisson  
(Base 

model) 

Poisson  
(Full model) 

Negative 
binomial 

(Base model) 

Negative 
binomial 

 (Full model) 
𝜷𝜷. P-

value 
𝜷𝜷. P-

value 
𝜷𝜷. P- 

value 
𝜷𝜷. P- 

value 
Constant -2.37 0.000 2.74 0.029 -2.55 0.000 4.22 0.22 
AADT in 1000 (Ln form) 1.06 0.000 1.10 0.000 1.10 0.000 1.09 0.000 
Inside shoulder width (ft) — — -0.03 0.000 — — — — 
Outside shoulder width (ft) — — -0.04 0.000 — — -

0.04 
0.009 

Lane width (ft) — — -0.38 
0.037 

— — -
0.48 

0.026 

Median width (ft) — — — — — — -
0.01 

0.000 

Number of lanes — — -0.07 0.000 — — -
0.11 

0.001 

Proportion of segment length 
with ramp entrances (0-1) 

— — 0.38 0.000 
 

— — 0.38 0.006 

Proportion of segment length 
with ramp exit (0-1) 

— — 0.23 0.005 
 

— — — — 

Proportion of segment length 
with inside barrier (0-1) 

— — 0.28 0.001 — — — — 

Proportion of segment length 
with a weaving section (0-1) 

— — 0.43 0.001 — — 0.46 0.000 

Summary Statistics  
Number of observations 133 133 133 133 
Over-dispersion Parameter 
(𝜃𝜃) 

— — 1.56  
(p< 0.001)b 

1.74  
(p< 0.001)b 

Log likelihood -3061.46 -2802.83 -1982.78 -1954.50 
Pseudo 𝑉𝑉2 0.08 0.11 0.10 0.12 
AIC 6126.90 5629.70 3971.60 3927.30 
a P-value of Chi-squared test for over-dispersion 
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Table B-3 ESTIMATION RESULTS OF GLOBAL MODELS WITH SEGMENT LENGTH AS THE 

EXPOSURE VARIABLE FOR ENTRANCE RAMPS 

Variable Poisson  
(Base model) 

Poisson  
(Full model) 

Negative 
binomial 

(Base model) 

Negative 
binomial 

 (Full model) 
 𝜷𝜷. P-

value 
𝜷𝜷. P-

value 
𝜷𝜷. P-

value 
𝜷𝜷. P-

value 
Constant -1.76 0.000 -

2.23 
0.000 -1.80 0.000 

-2.18 0.000 
AADT in 1000 (Ln form) 0.98 0.000 1.01 0.000 1.00 0.000 1.00 0.000 
Proportion of segment length 
with a right-side barrier (0-1) 

— — 1.53 0.008 — — 1.48 0.017 

Summary Statistics  
Number of observations 40 40 40 40 
Over-dispersion Parameter (𝜃𝜃) — — 3.73  

(p = 0.04)a   
14.09  

(p = 0.11)a   
Log likelihood -52.11 -48.66 -50.93 -48.56 
Pseudo 𝑉𝑉2 0.28 0.33 0.18 0.22 
AIC 108.22 103.33 107.87 105.13 
a P-value of Chi-squared test for over-dispersion 

Table B-4 ESTIMATION RESULTS OF GLOBAL MODELS WITH SEGMENT LENGTH AS THE 

EXPOSURE VARIABLE FOR EXIT RAMPS 

Variable Poisson  
(Base model) 

Poisson  
(Full model) 

Negative 
binomial 

(Base model) 

Negative 
binomial 

 (Full model) 
𝜷𝜷. P-

value 
𝜷𝜷. P-

value 
𝜷𝜷. P- 

value 
𝜷𝜷. P- 

value 
Constant -0.85 0.000 -1.45 0.000 -0.92 0.014 -1.77 0.003 
AADT in 1000 (Ln form) 0.65 0.000 0.64 0.000 0.65 0.014 0.68 0.008 
Proportion of segment length 
with a left-side barrier (0-1) 

— — 2.12 0.000 — — 2.76 0.007 

Proportion of segment length 
with a right-side barrier (0-1) 

— — 0.71 0.043 — — 0.94 0.097 

Summary Statistics  
Number of observations 40 40 40 40 
Over-dispersion Parameter 
(𝜃𝜃) 

— — 0.62  
(p< 0.001)a 

1.39  
(p< 0.001)a 

Log likelihood -72.03 -59.59 -57.55 -52.29 
Pseudo 𝑉𝑉2 0.20 0.34 0.08 0.16 
AIC 148.08 127.18 121.11 115.18 
a P-value of Chi-squared test for over-dispersion 
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Appendix C: Estimation Results for Tennessee-
specific Safety Performance Functions for Fatal & 
Injury and Property-damage-only Crashes 
The estimation Results for Tennessee-specific Safety Performance Functions for Fatal & Injury (FI) 
and Property-damage-only (PDO) crashes are provided below.  

Table C-1 ESTIMATION RESULTS OF GLOBAL NEGATIVE BINOMIAL MODELS FOR FATAL & INJURY (FI) AND 

PROPERTY-DAMAGE-ONLY (PDO) CRASHES ON INTERSTATE AND EXPRESSWAY SEGMENTS  

Variable Interstates Expressways 
FI PDO FI PDO 

𝜷𝜷. P-
value 

𝜷𝜷. P-
value 

𝜷𝜷. P- 
value 

𝜷𝜷. P- 
value 

Constant -4.60 0.000 -3.51 0.00 -2.44 0.000 4.07 0.133 
AADT in 1000 (Ln form) 1.54 0.000 1.57 0.00 1.19 0.000 1.11 0.000 
Inside shoulder width (ft) -0.02 0.014 -0.04 0.00 — — — — 
Outside shoulder width (ft) — — — — — — -0.08 0.000 
Lane width (ft) — — — — — — -0.38 0.090 
Median width (ft) — — — — 0.00 0.004 -0.01 0.002 
Number of lanes — — — — -0.12 0.001 -0.10 0.005 
Proportion of segment length with 
rumble strips (0-1) 

-0.41 0.000 -0.37 0.00 — — — — 

Proportion of segment length with 
ramp entrances (0-1) 

0.48 0.000 0.49 0.02 0.70 0.001 0.48 0.001 

Proportion of segment length with 
inside barrier (0-1) 

— — 0.24 0.02 — — 0.24 0.005 

Proportion of segment length with 
outside barrier (0-1) 

0.67 0.000 0.56 0.00 — — — — 

Proportion of segment length with 
a weaving section (0-1) 

0.32 0.000 0.34 0.02 — — 0.29 0.014 

Proportion of segment length with a 
horizontal curvature (0-1) 

0.35 0.001 0.38 0.02 — — — — 

Summary Statistics  
Number of observations 281 281 133 133 
Over-dispersion Parameter (𝜃𝜃) 2.27  

(p< 0.001)a 
2.23  

(p< 0.001)a  
2.53  

(p< 0.001)a 
1.94  

(p< 0.001)a 
Log likelihood -3227.70 -4717.93 -1108.77 -1780.33 
Pseudo 𝑉𝑉2 0.18 0.16 0.17 0.13 
AIC 6472.70 9455.90 2229.06 3578.70 
a P-value of Chi-squared test for over-dispersion 
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Table C-2 ESTIMATION RESULTS OF GLOBAL NEGATIVE BINOMIAL MODELS FOR FATAL & INJURY 

(FI) AND PROPERTY-DAMAGE-ONLY (PDO) CRASHES ON ENTRANCE AND EXIT RAMPS 

Variable Entrance Ramps Exit Ramps 
FI PDO FI PDO 

 𝜷𝜷. P-
value 

𝜷𝜷. P-
value 

𝜷𝜷. P-
value 

𝜷𝜷. P- 
value 

Constant -1.46 0.078 -0.22 0.682 -1.25 0.049 -0.64 0.274 
AADT in 1000 (Ln 
form) 0.95 0.004 

0.65 0.006 1.06 0.000 0.62 0.036 

Proportion of segment 
length with a left-side 
barrier (0-1) 

— — — — 2.59 0.001 2.79 0.013 

Proportion of segment 
length with a right-
side barrier (0-1) 

2.40 0.006 1.63 0.023 — — 1.19 0.062 

Summary Statistics  

Number of 
observations 

40 40 40 40 

Over-dispersion 
Parameter (𝜃𝜃) 

13.44  
(p=0.20) a, b 

12.66  
(p=0.24)a, b 

10.47 
(p= 0.60) a, b 

1.54  
(p< 0.001) a 

Log likelihood -32.85 -44.89 -30.23 -41.59 
Pseudo 𝑉𝑉2 0.28 0.18 0.31 0.19 
AIC 73.05 97.78 68.47 93.19 
a P-value of Chi-squared test for over-dispersion.  
b High values of over-dispersion parameters (𝜃𝜃) indicate that over-dispersion is not 
significant in these models (p-value >0.05). Considering the small sample size (N=40) of 
Entrance and Exit ramps and disaggregating the total number of crashes by crash 
severity (FI and PDO), such high over-dispersion parameters are logical.  
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Appendix D: Distributions of Total, Fatal & Injury 
(FI), and Property-damage-only (PDO) Crashes on 
Interstates, Expressways, and Interchange 
Ramps 
The distributions of total, Fatal & Injury (FI), and Property-damage-only (PDO) crashes on 
Interstates, Expressways, and Interchange ramps are shown below. 
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Figure D-1 Distributions of Total, Fatal & Injury, and Property-damage-only crashes on Interstate Segments 
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Figure D-2 Distributions of Total, Fatal & Injury, and Property-damage-only crashes on Expressway Segments  
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Figure D-3 Distributions of Total, Fatal & Injury, and Property-damage-only crashes on Entrance Ramps  
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Figure D-4 Distributions of Total, Fatal & Injury, and Property-damage-only crashes on Exit Ramps 
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Appendix E: Understanding How Relationships 
Between Crash Frequency and Correlates Vary 
for Multilane Rural Highways-Estimating 
Geographically and Temporally Weighted 
Regression Models 
This paper demonstrates the application of the GTWR methodology. The paper was published in 
the journal Accident Analysis and Prevention in 2021.  
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ABSTRACT 
Safety Performance Functions (SPFs) are critical models in the management of highway 
safety projects. SPFs are used to predict the average number of crashes per year at a 
location, such as a road segment or an intersection. The Highway Safety Manual (HSM) 
provides default safety performance functions (SPFs), but it is recommended that states in 
the U.S. develop jurisdiction-specific SPFs using local crash data. To do this for the state of 
Tennessee, crash and road inventory data were integrated for multi-lane rural highway 
segments for the years 2013-2017. In addition to developing SPFs similar to those 
contained in the HSM, this study applied a new methodology to capture variation in 
crashes in both space and time. Specifically, Geographically and Temporally Weighted 
Regression (GTWR) models for the localization of SPFs were developed. The new 
methodology incorporates temporal aspects of crashes in the models because the 
association of a specific variable with crash frequency may vary over time due to several 
reasons. Results indicate that GTWR models remarkably outperform the traditional 
regression models by capturing spatio-temporal heterogeneity. Most parameter estimates 
were found to vary substantially across space and time. In other words, the association of 
contributing variables with crash frequency can vary from one region or period to another. 
This finding weakens the idea of transferring default SPFs to other states and applying a 
single localized SPF to all regions of a state. Enabled by growing computational power, 
these results emphasize the importance of accounting for spatial and temporal 
heterogeneity and developing highly localized SPFs. The methodology of this study can be 
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used by researchers to follow the temporal trend and location of critical factors to identify 
sites for safety improvements. 

Keywords: Safety Performance Function, Geographically and Temporally Weighted 
Regression, Spatio-temporal, Negative binomial

E.1 Introduction 
The Highway Safety Manual (HSM) was developed by the American Association of State Highway 
and Transportation Officials (AASHTO) to provide researchers and practitioners with analytical 
models for predicting the safety performance of various highway facilities (28). Safety 
Performance Functions (SPFs) are one of the fundamental instruments used in the HSM for 
estimating the average number of crashes for a specific type of facility. SPFs assist agencies in 
network screening, such as identifying locations with the highest potential for improvement, and 
decision-making process, such as choosing among alternatives at a project level (67). However, 
one of the weaknesses of SPFs is that these functions do not account for the differences between 
jurisdictions while the roadside composition, traffic condition, geometric features, and the way 
agencies report crashes can vary for each state or jurisdiction (28). To overcome this problem, 
the HSM suggests two solutions: 1. Calibration of SPFs using Calibration Factors and 2. 
Development of jurisdiction-specific SPFs using the states’ own data. Many agencies have already 
developed SPFs using crash predictive models. These models follow a “one-size fits all” approach 
while quantifying the effects of a specific variable on crash frequency through the use of a “global” 
parameter. The use of a “global” parameter estimate suggests that the effect of a specific variable 
remains constant throughout diverse locations and over different periods. However, the effect 
of a specific variable on crash frequency may be different in different locations (e.g., the effect of 
lane width on crash frequency in Knoxville may be different than that in Memphis) due to diverse 
socio-economic, traffic, and roadway conditions. Similarly, the association of specific variables 
with crash frequency may vary with time which may be due to roadway maintenance, 
rehabilitation, culture, and environmental change, etc. Hence, this study is designed to answer 
the question “Do SPFs parameters vary significantly across space and time?” To answer this 
question, this study used Geographically and Temporally Weighted Negative Binomial Regression 
(GTWNBR) models to explore the variation of SPFs parameters in a spatio-temporal domain. 
Using space- and time-referenced crash data, GTWNBR models can estimate parameters for a 
specific location and period. Therefore, the transferability of global SPFs to a state can be 
examined. Part C of the HSM provides SPFs for several roadway types and classes including rural 
two-lane, two-way roads, rural four-lane divided and undivided multilane highways, and urban 
and suburban arterials (28). This study, however, only focuses on rural four-lane divided 
highways to explore how relationships between crash frequency and correlates vary across space 
and time on this type of roadways. 

E.2 Literature Review 
Significant efforts have been made by several states in the US including Alabama, California, 
Colorado, Florida, Illinois, Kansas, Maryland, Michigan, and Tennessee to adopt the SPFs provided 
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in the HSM for their states. The focus of these SPFs adoptions is on roadway segments (5-9), 
intersections (10-12), or both (7; 13-20). Generally, these agencies have taken three approaches 
to implementing SPFs for their states: 1. Calibrating HSM-provided SPFs (6; 9; 15; 16; 18; 19; 21; 
22), 2. Developing jurisdiction-specific SPFs (5; 10; 11; 13; 17; 23), and 3. Utilizing a hybrid 
approach, which is a combination of the first two approaches (7; 8; 12; 14; 20). In the first 
approach, agencies only report calibration factors for calibrating SPFs for their states. Calibration 
factors can have values greater than 1.0 for roadways with a higher number of crashes or less 
than 1.0 for roadways with a lower number of crashes than the roadways used by the HSM for 
developing SPFs. In this regard, the transferability of SPFs has been the focus of some recent 
studies. Farid et al., for example, estimated a transfer index to evaluate the transferability of SPFs 
across different states. They also proposed a Modified Empirical Bayes measure which provides 
calibration factors for each segment (24). Other studies explored the transferability of HSM-
developed SPFs outside the US using the data of other countries (25-27). In approaches 2 and 3, 
which is the focus of this study, agencies develop their own predictive models using local crash 
data. This approach is encouraged by the HSM because it might result in more reliable estimates 
(28).  

A wide variety of predictive crash models has been used to explore the association of 
contributing factors with crash occurrence. It has been found that traditional linear regression 
models are inappropriate approaches for modeling crash count data due to the skewed 
distribution (68). Poisson regression models were then proposed to account for the non-normal 
and skewed distribution of crash data (69). The key issue with the Poisson regression model was 
that it assumes that mean is equal to variance. However, this is not usually the case in crash data. 
Negative binomial (Poisson-Gamma) regression models were then proposed to relax the 
constraint of the mean being equal to variance accommodating over-dispersion (i.e., mean is 
lower than variance) in the data (26; 33). However, one key weakness of negative binomial models 
is that these models cannot account for under-dispersion (i.e., mean is higher than variance), 
which can lead to flawed estimates in cases of small data (36). Poisson lognormal (70) and 
Conway-Maxwell Poisson Models (40)  were then proposed to account for under-dispersion in 
crash data. Similarly, zero-inflated Poisson and zero-inflated negative binomial models were 
proposed to account for over-dispersion issues due to excessive zeros (42-44). The zero-inflated 
Poisson and negative binomial models provide more flexibility; however, a key weakness of these 
approaches is the long-term mean equals zero in a safe situation which could lead to biased 
estimates (33; 45). Similarly, generalized additive models provide smoothing functions for 
independent variables. However, the application of such models to crash data has been limited 
due to the inclusion of more parameters (46; 47). Some studies applied the finite mixture and 
Markov switching models for modeling crash frequency. However, the complex processing 
framework limits their application (48; 49; 71).  

In most of the aforementioned models, the effects of explanatory variables are 
considered fixed, which in fact can vary due to unobserved factors. Numerous studies proposed 
random parameter or mixed count data models to account for unobserved heterogeneity (i.e., 
allowing one variable with different parameters across observations), enhancing the model 



 

 
76 

prediction capabilities (2; 50-55). While random parameter or mixed logit models are very helpful 
in capturing unobserved heterogeneity, they do not capture potential variation in parameter 
estimates across space. Thus, the geographically weighted regression models were applied to 
capture spatial variation in the effects of specific attributes of on-road crashes across diverse 
locations (3; 56-58). GWR models assume that points physically closer to each other, situated on 
the same roadway type, and having similar physical attributes (e.g., lane width, median type, and 
the number of lanes, etc.) resemble each other more closely than points that are relatively far 
apart. In GWR models, weights are assigned to variables based on nearest neighbor philosophy 
giving localized parameter estimates (58). However, one drawback of GWR models is that these 
models do not account for temporal variation in the effects of a specific attribute on crash 
frequency. Besides the spatial variability of crashes, road crashes also exhibit temporal 
variability. For instance, the effects of driving behavior, vehicle design, and roadway conditions 
on crash frequency may change over time because of the decay of information. Therefore, there 
is a need to apply models that can account for temporal variability in the effects of time-related 
attributes, which if ignored can lead to unobserved heterogeneity. The temporal aspect related 
to road crashes has been accommodated in some of the previous studies (72-75). The temporal 
instability in crash data is largely ignored in these studies. A recent study (61) discusses the 
temporal instability of statistical models commonly estimated in crash analysis, which can be due 
to the change in driver decision-making and safety attitudes over time, cognitive biases, and the 
effect of macroeconomics on risk-taking behavior. Overlooking the temporal and spatial 
instability in crash frequency models can result in erroneous conclusions and misleading 
inferences (61). However, most of the previous studies either did not address spatio-temporal 
heterogeneity, or if they did, they only accommodate the unobserved heterogeneity in the error 
terms and assume that the parameters of explanatory variables are fixed across space and/or 
time. This study contributes to the field by applying a rigorous methodological framework to 
incorporate spatio-temporal instability of road crashes by allowing the effects of explanatory 
variables to vary across space and time. The Geographically and Temporally Weighted Negative 
Binomial Regression (GTWNBR) model is applied to investigate the variation of SPF parameters 
on divided multilane rural highways across space and time simultaneously. The results of this 
study will develop localized safety improvement programs while considering the spatio-temporal 
nature of crashes across Tennessee. 

E.3 Methodology 
Figure E-1 shows the conceptual framework of this study. Conventional SPFs provided by the 
HSM are a function of Annual Average Daily Traffic (AADT) and segment length that operate on 
the assumption that the correlation between crash frequencies and influential factors are 
independent of space and time. Although HSM proposes the idea of using calibration factors to 
make SPFs transferable to other states, such an adjustment is at a coarse level that cannot 
properly address the spatio-temporal heterogeneity of crash frequencies across the states. 
Therefore, this study aims to use geographic spatio-temporal techniques to explore the variability 
of SPFs as road crash frequency predictors across divided multilane rural highway segments in 
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the state of Tennessee. GTWNBR models enable us to predict crash frequencies for specific 
locations and time intervals and provide us with the opportunity to evaluate the local effect of 
associated factors on crash frequencies. In this study, in addition to the GTWNBR models, global 
SPFs are estimated to draw a comparison between these models from the perspective of the 
goodness of fit and the stationarity of contributing variables across space and time. Whether it is 
a GTWNBR model or a global model, two groups of the variable have been used for model 
estimation. The first group contains AADT and segment length, which are currently used in the 
HSM as SPF estimators, while the second group contains traffic and geometric features in 
addition to these two variables. In this study, the models using the first group of variables are 
called “standard models”, and the models using additional variables are called “models with 
additional factors”.   

 

 

Figure E-1 Conceptual framework of the study 

E.3.1 Data description 
The accuracy and performance of GTWNBR models to a large extent depends on the resolution 
of the space- and time-referenced data. This is because high-resolution data better explains the 
heterogeneity of associated variables across different locations and over time. Therefore, 
considerable effort was put into collecting and combining the data for all divided multilane rural 
highways across Tennessee from different data sources. A total of 943 segments were identified 
from the Enhanced Tennessee Roadway Information Management System (E-TRIMS) developed 
by the Tennessee Department of Transportation (TDOT). Figure E-2 shows locations of these 
segments in Tennessee along with the state’s four regions. Next, crash data of the segments 
between 2013 and 2017 was manually extracted through the E-TRIMS crash summary reports. 
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Then, geometric and traffic data (e.g., speed limit and AADT) were collected from TDOT’s Image 
Viewer and traffic count data program as depicted in Figure E-3. To check the accuracy of the 
extracted data, crash frequency of the segments between 2013 and 2017 was compared with the 
sum of crashes for each year. Results showed an accurate matching for all 943 segments. After 
omitting the segments shorter than 0.10 miles and segments with no AADT records, 4715 crash 
observations belonging to 943 segments remained as the final dataset.  

 

 

Figure E-2 Locations of divided multilane rural highways across Tennessee 

 

Figure E-3 A screenshot in the E-TRIMS software and the Tennessee image viewer web application used for 
extracting geometric features of the segments 

Figure E-4 and E-5 show the distributions, averages, and their regression to the five-year average 
between 2013 and 2017 for crash frequency and AADT respectively. Based on Figure E-4, the 
highest and lowest average crash frequency occurred in 2017 and 2015 respectively, while in 
other years, the average crash frequency was quite close to the 5-year average crash frequency. 
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Average AADT, however, had a rising trend between 2013 and 2017 that showed a monotonical 
increase in traffic volume during that period (Figure E-5). 

 
Figure E-4 Distributions and temporal trend of Average crash frequency between 2013 and 2017 
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Figure E-5 Distributions and temporal trend of Average AADT between 2013 and 2017 

Tables E-1 and D-2 also show the descriptive statistics and frequencies of the explanatory 
variables collected for model estimation, respectively. These tables provide useful information 
regarding the segments; for example, on average 1.76 crashes with a standard deviation of 3.39 
occurred on the segments. This indicates a significant over-dispersion in crash data. As key 
variables for SPF estimation, the mean value of AADT and segment length are 8455.00 and 0.70, 
with a standard deviation of 5321 and 0.87, respectively. Moreover, 10.5 percent of the studied 
segments have full access-control, and 8.27 percent are in commercial areas. Also, the speed limit 
for a few segments in the data was 70 mph, which is not a typical speed limit for multilane 
highways. These segments are highways with full access-control, and therefore, higher speed 
limits have been posted for them. Other variables’ statistics can be interpreted in the same way.  
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TABLE E-1 DESCRIPTIVE STATISTICS OF CONTINUOUS VARIABLES 

Variable  N Min Max Mean Std Dev 

Total crash 4715  0.00 55.00 1.76 3.39 
 AADT in 1000 4715  433.00 49016.00 8455.00 5321.36 
Segment Length (mi)  4715  0.1 5.87 0.70 0.87 
Speed limit (mile/h) 4715  30.00 70.00 57.16 8.05 
Shoulder width* (ft) 4715  1.00 11.00 6.90 1.32 
Median width (ft) 4715  2.00 360.00 36.61 24.37 
Lane width (ft) 4715  10.00 12.00 11.99 0.10 
Truck percentage (%) 4715  0.00 90.00 12.97 7.99 
* Total of left and right shoulders 

TABLE E-2 FREQUENCIES OF CATEGORICAL VARIABLES (N= 4715) 

Variables Frequency Percentage% Variables Frequency % 

Terrain types 
  

Shoulder type inside   
Flat 310 6.58 Asphalt concrete  4195 88.97 
Rolling 4195 88.97 Gravel 520 11.03 
Mountainous 210 4.45 Shoulder type outside   
Land use 

  
Asphalt concrete  4610 97.77 

Rural  4250 90.13 Portland cement 
concrete 

60 0.13 

Commercial  390 8.27 Gravel 45 0.95 
Residential 75 1.59 Median type   
Roadway Lighting 

  
Barrier 245 5.19 

No 4065 86.21 Grass 4055 86.00 
Yes 235 4.98 Painted 265 5.62 
Unknown 415 8.81 Other 150 3.18 
Access-control 

  
Rumble strips    

No 4195 88.97 No 1185 25.13 
Partial 25 0.53 Yes 3530 74.86 
Full 495 10.50    

 

E.3.2 Global SPFs- Negative Binomial models 
The HSM provides the equation below as a function for predicting the average crash frequency 
for divided multilane highways (28): 
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where 𝑁𝑁𝑆𝑆𝑃𝑃𝑆𝑆 is the total number of segment crashes per year, AADT is the annual average daily 
traffic (vehicles/day) on the segment, L is the segment length (miles), and a and b are the 
regression parameters to be estimated. As it is presented in equation (1), the coefficient of the 
variable Segment Length equals one, meaning that the segment length functions as a multiplier in 
which its weight on crash frequency is always constant. However, the effect of the segment length 
on the crash frequency might be different in different locations and jurisdictions. In other words, 
a lower number of road crashes can occur in long segments with uniform environments than in 
short segments with more complex and variable environments. Therefore, transportation 
experts usually consider a more general version of the above equation: 

 

where parameter c is the coefficient of logarithmic form of the segment length L. If the estimated 
c equals one, equation (2) would be the same as equation (1). Among various regression models 
used for coefficient estimation, Poisson regression and negative binomial regression are the 
most widely used models which have shown the most compatibility with the count nature of 
crash frequencies (33). In the Poisson regression model, the mean and variance are assumed to 
be equal. However, the negative binomial model allows the variance and mean to be different, 
depending on the value of the over-dispersion parameter 𝜃𝜃: 

 

where 𝐸𝐸[𝑌𝑌𝑖𝑖] is mean or fitted value, 𝑉𝑉𝑉𝑉𝑉𝑉[𝑌𝑌𝑖𝑖] is variance, and a is the over-dispersion parameter. If 
1/𝜃𝜃 = 0, the negative binomial distribution would be equivalent to the Poisson model. In other 
words, the Poisson model is a specific form of the negative binomial that restricts the inverse 
over-dispersion parameter 1/𝜃𝜃 to zero. The HSM considers a negative binomial distribution for 
SPF estimation because it is very well suited to crash data with over-dispersion (28).    

As mentioned, the standard SPF provided by HSM only takes the key variables AADT and Segment 
Length into account. However, the crash frequency can depend on some other factors such as 
traffic and geometric features of the segment. Therefore, another form of SPF can be defined as 
below: 

 

where 𝑋𝑋𝑘𝑘 is a vector of additional explanatory factors and 𝛽𝛽𝑘𝑘 is a vector of the corresponding 
coefficient to be estimated along with the logarithmic form of the key variables AADT and 
Segment length L. In this study, SPFs defined in equations 2 and 4 with negative binomial 
distribution were estimated as global models.  
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E.3.3 Local SPFs- Geographically and Temporally Weighted Negative Binomial 
Regression models 

Global regression models rest on the assumption that a single model can represent all parts of a 
region for different time intervals. However, in large regions and periods, heterogeneity in the 
data may result in a different relationship between explanatory variables in the model (63; 76). 
In other words, the effect of an independent variable on a response variable can be significant in 
an area and interval while it is statistically insignificant in another or it could even have a reverse 
association (i.e., opposite sign). Therefore, GTWNBR models can efficiently address the 
heterogeneity of spatio-temporal data and estimate parameters for a specific location and 
period. In GTWNBR models, every observation is considered as a centroid, and instead of taking 
all the observations into account for the model estimation, a sample of observations that 
geographically and temporally have the most proximity to the target observation is used for the 
model estimation. The neighboring observations of each sample are weighted in accordance with 
their spatio-temporal distance from the central observation such that the closer an observation 
is to the centroid, the more weight it receives. Having data with n observations, n separate 
regression models are used to estimate the final GTWNBR. This results in a much longer 
processing time and requires a powerful system; however, the final output represents a much 
finer model with localized model estimates. In this study, Geographically and Temporally 
Weighted Negative Binomial (GTWNBR) models were created using a modeling tool developed in 
the environment of R. The next sections discuss the process of model estimation used in this 
study. 

A.3.3.1 Determining weights using Adaptive bi-square kernel function 
To determine geographical weights for the neighboring observations in a sample, the adaptive 
bi-square kernel function can be used (62; 63): 

 

where 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑖𝑖 are the longitude and latitude coordinates of centroid i,  𝑤𝑤𝑗𝑗𝑠𝑠(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖) is a 
geographical weight assigned to the observation 𝑗𝑗 with centroid i, 𝑑𝑑𝑖𝑖𝑗𝑗 is the special distance 
between observation j and the centroid i, and b is the kernel bandwidth which is the distance 
between centroid i and the farthest observation in the local sample. Likewise, temporal weights 
can be calculated as follows: 

 

where 𝑤𝑤𝑗𝑗(𝑡𝑡𝑖𝑖) is the temporal weight assigned to the observation 𝑗𝑗 occurring at 𝑡𝑡𝑗𝑗,  𝑡𝑡𝑖𝑖𝑗𝑗 is the 
temporal distance between observation j and the centroid i occurring at 𝑡𝑡𝑖𝑖, and b is the kernel 
bandwidth which is the distance between the centroid j and the farthest observation in the local 
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sample. Assuming that time and location have the same effect on the model, the spatio-temporal 
weights will be calculated using the equation below: 

 

where 𝑤𝑤𝑗𝑗𝑠𝑠𝑡𝑡 is the spatio-temporal weight of the observation located in coordination (𝑢𝑢𝑗𝑗 ,𝑣𝑣𝑗𝑗) and 
occurred at 𝑡𝑡𝑖𝑖.   

A.3.3.2 Selecting the optimal bandwidth for neighboring observations 
After calculating weights, observations will be sampled based on their spatio-temporal distance 
from the centroids such that adjacent observations are more likely to be sampled together. The 
key parameter is the local sample size, which is often called optimal bandwidth. After running the 
model several times for different bandwidths, the bandwidth should be optimized to determine 
which bandwidth will result in a model that is a better fit with the current data. In this study, the 
Akaike Information Criterion (AIC) was used to find the optimum bandwidth (62; 64): 

 

where n is the number of observations, k is the number of explanatory parameters, and L is the 
log-likelihood of the estimated model. The lower AIC values indicate a better model fit with the 
data, and as a result, a better bandwidth. The optimum bandwidth depends on various factors 
including the number of observations, explanatory parameters, and model type. In this study, 
the optimal bandwidth for the estimation of the GTWR model is 850 observations. This means 
that for each centroid with a specific location and crash year, a negative binomial model with a 
local sample size of 850 observations is estimated. This sample size meets the recommended 
sample size mentioned in other studies (36).   

A.3.3.3 Weighted negative binomial regression 
After calculating spatio-temporal weights for observations in a local sample, GTWNBR can be 
estimated as follows (76):  

 

where 𝑎𝑎(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖), 𝑏𝑏(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖), and  𝑐𝑐(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖) are local intercepts, and parameters are included for 
AADT and segment length L. Also, considering additional variables for model estimation  
∑ 𝛽𝛽𝑘𝑘(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖)𝑘𝑘  are the local parameters for variables 𝑋𝑋1, 𝑋𝑋2, …, 𝑋𝑋𝑘𝑘. In the case of considering only 
key variables (AADT and segment length), ∑ 𝛽𝛽𝑘𝑘(𝑢𝑢𝑖𝑖 ,𝑣𝑣𝑖𝑖 , 𝑡𝑡𝑖𝑖)𝑘𝑘  equals zero.  

A.3.3.4 Model selection approach  
To draw a comparison between models, the log-likelihood for models should be calculated. The 
log-likelihood of the global negative binomial can be calculated using the equation below: 
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where a is the over-dispersion parameter of the estimated model. The same functions can be 
used for GTWNBR models. Note that in this study, it is assumed that the spatial and temporal 
variation is only allowed for parameters, and therefore, the over-dispersion parameter a, which 
is estimated for the global negative binomial regression, will be used for the GTWNBR model. For 
model selection, AIC values explained in equation (8) and the McFadden Pseudo 𝑉𝑉2 are used. The 
McFadden Pseudo 𝑉𝑉2 can be calculated as below (66): 

 

where ln 𝐿𝐿 is the loglikelihood value of the full model and ln𝐿𝐿𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑝𝑝𝑡𝑡 is the likelihood value of the 
model without predictors. Higher values of McFadden 𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢𝑑𝑑𝑃𝑃 𝑉𝑉2 and lower values of AIC (64) show 
a better fit of the model with the data. As a rule of thumb, a ten-point difference in AIC indicates 
a significant improvement in the model's goodness-of-fit (65).  

A.3.3.5 Non-stationarity Test 
Local parameters estimated by GTWNBR models are time- and space-dependent. However, the 
variation of these parameters across space and time is not always significant, meaning that the 
parameters estimated by the local model are very close to the global ones. As a result, the non-
stationarity test is performed to compare the model estimates of global and local models (62; 
63). The Non-stationarity Test for each variable can be done as follows: 

 

where IQR is an interquartile range (the difference between the 75𝑡𝑡ℎ and 25𝑡𝑡ℎ percentile) of 
coefficient 𝛽𝛽, S.E. is the corresponding standard error from the global model, and |𝑧𝑧| is the z-value 
of the parameters in the local model. If a coefficient in a local model passes the non-stationarity 
test, it means that the coefficient significantly varies across space and time, and it is worth 
evaluating in a spatio-temporal domain. 

E.4 Results and discussion 
E.4.1 Standard Global and Local SPFs with Key Variables. 

Table E-3 shows the model estimation results of global standard SPFs based on the negative 
binomial distribution considering the logarithmic forms of the key variables AADT and Segment 
Length. As expected, variables AADT and Segment Length in both models could meaningfully 
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address the response variable (|𝑧𝑧| > 1.96). The positive coefficient of these variables indicates 
that they are positively associated with road crash frequencies. In other words, a higher volume 
and a longer segment indicate a higher number of expected crashes on the segment. Also, the 
marginal effects of the variables show that an increase in 𝑙𝑙𝑙𝑙(𝑉𝑉𝑉𝑉𝐴𝐴𝐴𝐴) increases the average crash 
frequency by 0.872. Whereas, for 𝑙𝑙𝑙𝑙(𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑃𝑃𝑙𝑙𝑡𝑡 𝑙𝑙𝑃𝑃𝑙𝑙𝑆𝑆𝑡𝑡ℎ) this value is 0.776. 

Table E-4 shows the estimation results of the local GTWNBR model. This table provides the 
distribution parameters (min, max, mean, standard deviation values, and lower/upper quartiles) 
for the estimates. Based on the results, parameters of variables ln (AADT) and ln (segment length) 
respectively vary in the range of 0.589 to 1.548 and 0.514 to 1.113 with mean values of 0.676 and 
0.602, which is rather close to their global values in the global model. Moreover, comparing local 
models with global ones, AIC and McFadden Pseudo 𝑉𝑉2 values show that local models have a 
better fit with the data and capture unobserved heterogeneity better than the global model. 

TABLE E-3 ESTIMATION RESULTS OF THE GLOBAL NEGATIVE BINOMIAL MODEL WITH KEY VARIABLES 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

TABLE E-4 ESTIMATION Results OF THE LOCAL STANDARD GTWNBR MODEL WITH KEY VARIABLES 

Variables Standard (Global) Negative 
Binomial Model 

𝜷𝜷 𝒅𝒅𝒅𝒅
𝒅𝒅𝒅𝒅

 * P-value 

Intercept -5.23  0.00 
AADT in 1000 (Ln form) 0.681 0.87 0.00 
Segment Length (mi) (Ln form)  0.606 0.78 0.00 
Summary Statistics  
Number of observations 4715 
Over-dispersion Parameter (𝜃𝜃) 0.85 (p<0.001)**  
Log likelihood -7601.84 
Pseudo 𝑉𝑉2 0.09 
AIC 15209.67 
* Marginal effect 
** P-value of Chi-squared test for over-dispersion 

Variable 
Estimate 

GTWNBR 
Mean 

β 
S.D. 

β 
Min 

β 
Lower 

β 
Median Upper 

β 
Max 

β 
Max 
|𝒛𝒛| 

Intercept -5.20 0.5
3 

-
12.95 

-5.56 -5.06 -4.93 -4.45 -6.47 

AADT in 1000  
(Ln form) 

0.68 0.0
6 

0.59 0.64 0.66 0.72 1.55 7.46 

Segment Length (mi)  
(Ln form)  

0.60 0.0
5 

0.51 0.58 0.59 0.64 1.11 13.26 
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E.4.2 Global and local model estimations with additional variables 
Table E-5 shows the model estimation results of the negative binomial model considering 
additional explanatory variables besides AADT and segment length. This model shows the global 
correlation between contributing parameters and roadside crash frequency. Note that only 
significant variables (𝑝𝑝 − 𝑣𝑣𝑎𝑎𝑙𝑙𝑢𝑢𝑃𝑃 < 0.05) are reported in the table. Similar to standard models 
explained in the last part, AADT and segment length are positively correlated with the roadside 
crash frequencies. Also, generally, the sign and magnitude of the additional variables are logical. 
For example, the variable speed limit has a negative sign, indicating that on highways with higher 
speed limits, a lower number of crashes has occurred, which is consistent with the results of 
previous studies (3; 77). It is probably because high-speed limits are usually selected on safer 
segments. Access control is another traffic variable that is negatively associated with crash 
frequency. In other words, highways with full access-control are expected to have a lower 
number of crashes. This is because of lower merging and diverging traffic which can have a 
negative impact on a highway’s mainstream traffic. Moreover, different categories of the variable 
land use indicate that roadside crashes are more likely in commercial areas compared to the 
areas with rural land use. The higher number of crashes in commercial areas can be because of 
higher variation in the environment, more complex relationships between road users, and a 
higher number of access points in commercial areas, which can result in a higher number of 
aggressive driving events on these roads (78). This result is in line with the findings of Kim et al. 
(79). Regarding the geometric features of the segments, results indicate that on segments with a 
wider median and lane, a lower number of crashes is expected. This agrees with the literature (2; 
80; 81). Also, a lower number of crashes are expected on the segments with grass and painted 
medians compared to segments with median barriers. The presence of rumble strips in segments 
has been shown to decrease crash frequency. This is because the presence of rumble strips can 
reduce the number of run-off-road crashes (82). Furthermore, truck percentage was found to be 
negatively associated with the frequency of crashes on multilane highways. This result is in line 
with the findings in previous studies (3; 83) 

Table E-6 shows the estimation results of local models considering additional variables as well as 
non-stationarity test results of independent variables. Similar to the standard local models, the 
min, max, mean, standard deviation, and lower and upper quartile values for each coefficient 
were found. These variables show the distribution and variation range of parameters across 
space and time. For instance, based on the model results, the estimate of variable ln (segment 
length) has a mean value of 0.718, ranging from 0.597 to 0.865, with a standard deviation of 0.050. 
The non-stationarity test can also help us compare the estimation results of the GTWNBR model 

Summary Statistics  
Number of 
observations 

4715 

Log-likelihood  -7584.22 
McFadden Pseudo-R2 0.10 
AIC 15174.45 
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with the global NB model. Based on the results, variables median type, land use (category of 
residential), and access control did not pass the non-stationarity test. The rest of the variables, 
however, passed the non-stationarity test at P-value ≤ 0.05, indicating that they vary significantly 
across space and time, and they have a non-stationary correlation with crash frequency. 

Table E-7 presents a comparison of the goodness-of-fit of global and local models based on AIC 
and Pseudo R2 statistics. Based on the results, compared to the conventional global models, using 
the local model with key variables and the local model with additional variables increased the 
McFadden R2 by 11.1% and 16.7% respectively. Also, the difference between AIC values for global 
and local models with key variables and additional variables are 35.22 and 231.44, respectively. 
These results show that local SPFs estimated using the GTWNBR models have a significantly 
better fit with the data compared to the global models. It could be because local models better 
capture the spatio-temporal heterogeneity in crash counts by allowing the explanatory variables 
to vary across space and time. The higher values of McFadden Pseudo R2 in these models also 
indicate that these models explain more of the variation in crash counts. Furthermore, results 
indicate that full SPFs with additional variables outperform the base SPFs with key variables, 
showing that adding meaningful explanatory variables related to geometric design, traffic 
characteristics, and land use improves the goodness-of-fit of SPFs. Overall, the local GTWNBR 
model with additional variables has the best fit with the data, because it has the lowest AIC 
(14650.57) and the highest McFadden Pseudo R2 value (0.14). Therefore, this model was selected 
for the non-stationarity test and further evaluation of SPF parameters.  

TABLE E-5 ESTIMATION RESULTS OF THE GLOBAL NEGATIVE BINOMIAL MODEL WITH ADDITIONAL VARIABLES 

Variable 
Estimate 

Negative Binomial with 
Additional Variables 
𝜷𝜷 𝒅𝒅𝒅𝒅

𝒅𝒅𝒅𝒅
 * P-value 

Intercept 2.98 - 0.16 
AADT in 1000 (Ln form) 0.65 0.77 0.00 
Segment Length (mi) (Ln form)  0.71 0.85 0.00 
Speed limit -0.01 -0.02 0.00 
Lane Width (ft) -0.65 -0.78 0.00 
Median Width (ft) -0.01 -0.01 0.00 
Median type 
(Base:   Barrier)  

Grass 1.27 1.02 0.00 
Painted 1.33 3.06 0.00 
Other 1.68 4.91 0.00 

Land Use 
Base: Rural 

Commercial 0.43 0.61 0.00 
Residential -0.20 -0.21 0.22 

Access control 
(Base: No Access control) 

Partial  -0.27 -0.28 0.42 
Full -0.23 -0.25 0.00 
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 Rumble strips present -0.11 -0.14 0.02 
Truck percentage -0.01 -0.01 0.01 
Summary of statistics  
Number of observations 4715 
Over-dispersion parameter (𝜃𝜃)  0.12 (p<0.001)**  
Log-likelihood -7426.01 
McFadden’s R2 0.12 
AIC 14882.02 
* Marginal effect 
** P-value of Chi-squared test for over-dispersion 
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TABLE E-6 ESTIMATION RESULTS OF GTWNBR WITH ADDITIONAL VARIABLES 

 

Variable 
Estimate 

GTWNBR Non-
stationarity 

Mean 
β 

S.D. 
β 

Min 
β 

Lower 
β 

Median Upper β Max β Max |𝒛𝒛| Min 
|𝒑𝒑|  

Delta Test 

Intercept 2.88 3.92 -5.80 0.23 3.54 5.49 22.70 1.48 0.14 5.27 No 
AADT in 1000 (Ln form) 0.65 0.08 0.53 0.60 0.62 0.69 1.05 7.71 0.00 0.09 Yes 
Segment Length (mi) (Ln form)  0.72 0.05 0.60 0.69 0.71 0.76 0.87 14.46 0.00 0.07 Yes 
Speed limit -0.02 0.01 -0.03 -0.02 -0.02 -0.01 0.00 3.57 0.00 0.02 Yes 
Lane Width (ft) -0.64 0.36 -2.29 -0.90 -0.66 -0.38 0.07 2.73 0.01 0.52 Yes 
Median Width (ft) -0.01 0.00 -0.02 -0.01 -0.01 -0.01 0.00 4.13 0.00 0.00 Yes 
Median type 
(Base:   Barrier)  

Grass 1.29 0.22 0.55 1.16 1.24 1.40 1.87 5.14 0.00 0.23 No 
Painted 1.30 0.29 -2.51 1.18 1.34 1.45 1.78 3.57 0.00 0.27 No 
Other 1.39 0.64 -3.07 0.86 1.69 1.89 2.17 3.96 0.00 1.03 Yes 

Land Use 
Base: Rural 

Commercial 0.42 0.14 0.12 0.28 0.48 0.54 0.77 3.10 0.00 0.26 Yes 
Residential -0.76 0.46 -1.68 -1.04 -0.76 -0.45 0.82 1.89 0.06 0.60 No 

Access control 
(Base: No Access) 

Partial  -0.48 0.99 -2.39 -1.31 -0.37 0.09 1.35 1.67 0.09 1.40 No 
Full -0.25 0.16 -0.59 -0.32 -0.24 -0.14 0.36 1.78 0.07 0.18 No 

Rumble strips presence  -0.10 0.16 -0.47 -0.18 -0.10 -0.02 0.26 2.87 0.00 0.16 Yes 
Truck percentage presence -0.01 0.01 -0.04 -0.01 -0.01 0.00 0.00 2.29 0.02 0.01 Yes 

Summary Statistics  

Number of observations 4715 

Log-likelihood  -7310.28 

McFadden Pseudo-R2 0.14 

AIC 14650.576 
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TABLE E-7 COMPARISON OF GOODNESS-OF-FIT OF THE MODELS BASED ON AIC AND MCFADDEN 𝑉𝑉2 STATISTICS 

Model McFadden 𝑉𝑉2 ∆ 𝑉𝑉2 (%) AIC ∆ (AIC) 
Global model with key variables 0.09 11.1 15209.67 35.22 
Local GTWNBR model with key variables 0.10 15174.45 
Global model with additional variables 0.12 16.7 14882.02 231.44 
Local GTWNBR model with additional variables 0.14 14650.576 

 

E.4.3 Spatial variation of local parameter estimates in Tennessee  
Figure E-6 illustrates the spatial variation of local parameter estimates at a county-level in 
Tennessee considering only variables that passed the non-stationarity test. An increased number 
of crashes was represented by red, whereas green was used to indicate a decrease in crashes 
associated with eight key variables. Note that for some counties, there was no data (either there 
were no divided multilane rural highways, or no data was recorded for them), and therefore, they 
are in white. Generally, Figure D-6 shows that parameter estimates can be partially stationary in 
some regions but variable across jurisdictions. For example, Figure E-6(a) shows that AADT has 
relatively stable parameters in west Tennessee. This indicates that the association of AADT, as a 
positively correlated variable for crash frequency, is lower in western counties. Going from the 
west of Tennessee to the east, the effect of the variable AADT increases significantly. Especially in 
eastern counties, AADT has the highest association with crash frequency. It might be because of 
a specific condition of highways or driving habits of the people in this region. Also, as it is depicted 
in Figure E-6(b), greater values for the estimates of variable Segment length are concentrated in 
the northeast of Tennessee, while in central and eastern areas, segment length has a relatively 
weaker association with crash frequencies. Also, there is less variation across western counties 
indicating that the association of segment length with crash frequency is stationary in this region. 
Figure E-6(c) also shows the variation of estimates for the variable commercial land use. Based on 
the Figure, the association of whether a highway segment has commercial land use is stronger 
in southern and south-central Tennessee. The lowest associations of commercial land use with 
crash frequency were found in east Tennessee, which might be because of lower access point 
densities that results in a lower number of conflicts on the segments. Regarding the variable 
speed limit (Figure E-6(d)), the positive association of speed limit with crash frequency is stronger 
in northeastern and western regions compared to the central areas. Importantly, in some parts 
of south-central regions, speed limit is negatively associated with crash frequency. Lane width and 
median width, as two geometric characteristics of segments, also have non-stationary 
relationships with crash frequency. Based on Figure E-6(e) and Figure E-6(f), the spatial pattern 
of these two variables is different as the association of lane width with crash frequency is stronger 
in southern and south-central Tennessee, while the association between median width and crash 
frequency is stronger in eastern Tennessee. Furthermore, as depicted in Figure E-6(g), truck 
percentage has a higher correlation with crash frequency in western regions. Also, while there is 
a negative association between crash frequency and truck percentage in western and central 
areas, the signs of parameters change in eastern Tennessee. Regarding variable rumble strips 
presence, Figure E-6(h) shows that there is a significant variation in the sign and magnitude of 
parameters. While there is a negative association between rumble strip presence and crash 
frequency in east Tennessee, the sign of the correlation changes to positive in western regions.  
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Figure E-6 Illustration of the spatial variation of local parameter estimates in Tennessee at the county level 
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E.4.4 Temporal variation of local parameter estimates in Tennessee  
In addition to the spatial variation, the temporal variation of parameter estimates can be 
evaluated. For instance, Figure E-7 illustrates the spatial variation of variables ln (AADT) and ln 
(segment length) between 2013 and 2017 across the state of Tennessee. As it is depicted in the 
Figure, although there was a positive association between these two variables and the number 
of crashes between 2013 and 2017, the spatial pattern of parameters varied over time. For 
instance, in 2013, the association between AADT and crash frequency is the strongest in east 
Tennessee, while in 2014 and 2016, higher values of parameters shifted toward the west and 
mid-west Tennessee. However, in 2015 and 2017, the strongest correlations were concentrated 
in central Tennessee. Furthermore, the magnitude of parameters varied between 2013 and 2017. 
For example, ranging from 700 to 1.051, the effect of AADT on crash frequency is the highest in 
2013. For the variable ln (segment length), higher values of parameters are concentrated in the 
west and mid-west Tennessee in 2014, 2016, and 2017. However, in 2013 and 2015, the 
association between segment length and crash frequency is the strongest in eastern regions. 

Figure E-8 also gives a general view of the temporal variation of parameter estimates between 
2013 and 2017 based on the average of estimates over space. As depicted in the figure, some 
variables such as median width and truck percentage are roughly stationary over time with a minor 
variation, while some other variables such as rumble strip presence, speed limit, and ln (AADT) show 
considerable fluctuations over time. For instance, parameters of the variable rumble strip 
presence decrease significantly between 2013 and 2014, then they rise between 2014 and 2016, 
and then they fall again after 2016. Importantly, although the variable has a positive association 
with the number of crashes in 2013, the sign of the association changed after 2014. Also, 
regarding the variable ln (AADT), the association of AADT with crash frequency has decreased 
between 2013 and 2016 and then increased after 2016. Furthermore, some variables such as 
lane width, commercial land use, and ln (Segment length) have a rising trend over time. While an 
increase in positive parameters results in a greater effect of variables on the number of crashes 
(e.g., parameters of variable commercial land use), an increase in negative parameters reduces 
the effect of variables on the number of crashes (e.g., parameters of variable lane width). The 
increase in the magnitude of the variable commercial land use can be because of the 
establishment of big businesses along the highways, which attract more traffic. In other words, 
assuming that the land use and the number of access points have been constant between 2013 
and 2017, business expansions along the highways might have increased the number of conflicts 
between the main traffic and the traffic to and from access points, which could lead to a higher 
number of crashes on these roads. These trends give foresight to researchers and planners on 
research-worthy topics and projects for safety improvement in the future. 
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Figure E-7 Spatial variation of parameters of variables AADT and segment length between 2013 and 2017 across the state of Tennessee 
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Figure E-8 Temporal variation of variable estimates (averaged over space)  

E.4.5 Comments on safety performance predictions using GTWNBR models  
While a key purpose of this study is to incorporate the temporal element explicitly in crash 
models and understand how crashes vary in space and time, GTWNBR models can be used as a 
safety predictive technique for different roadway facilities, such as highways, freeways, and 
intersections. Theoretically speaking, GTWNBR models could yield more accurate predictions 
than the conventional SPFs in the HSM mainly because they address spatio-temporal 
heterogeneity in crash data. However, there are two important points regarding the application 
of GTWNBR models for safety predictions.  

Firstly, GTWNBR models are not transferable to other areas and jurisdictions. This is because in 
the development of GTWNR models, space-and-time-referenced crash data are used, and as a 
result, parameters vary across space and time. Therefore, when it comes to a local crash 
frequency prediction for a selected site, GTWNBR models refer to the location of the site to 
provide parameters that have been estimated specifically for that location. As a result, GTWNBR 
models can only be used for the jurisdiction for which they have been developed. If GTWNBR 
models are to be used for safety performance predictions, then agencies would be expected to 
develop jurisdiction-specific SPFs using the local data.  

Secondly, application of the GTWNBR models should account for regression to the mean bias, as 
this is one of the most common challenges in crash frequency predictions. Regression to the 
mean is the natural tendency of crash frequency to fluctuate around the true mean as a non-
systematic variation in observed crash data (28; 84). As a result of regression to the mean 
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phenomenon, a site with a high number of crashes (in a particular year) might be selected for 
treatment while the high number of crashes may be due to random variation in the crash 
frequency (28). Although GTWNBR models allow the mean to vary across space and time, which 
can mitigate the regression to the mean bias to some extent, regression to the mean bias is not 
fully accounted for by these models. If GTWNBR models are used for crash frequency estimation 
in before-after studies, further research is needed to achieve better results by applying methods 
that are similar to the empirical Bayes method (85). 

E.5 Limitations 
The accuracy of the results reported in this study largely depends on the accuracy of the data 
used in the model estimation. For example, it is possible that some crashes were not reported 
because they did not involve injury or significant property damages. Other factors such as traffic 
and geometric factors also can be reported with an error. Moreover, the models presented in 
this paper are limited to the variables available in the database. The effects of unobserved factors 
such as climate, population density, crash reporting policies, and driving behavior on the crash 
frequency of divided multilane highways were not explored in this study. Also, in this study, the 
crash data between 2013 and 2017 was used for the analysis. Since in the estimation of GTWR 
Models, it is crucial to have AADT and crash data of a segment for each year in the study period, 
the authors were limited to consider study period of 2013-2017 for which valid traffic data were 
available although more recent crash data could be obtained. When available, more recent data 
can be used in future studies to explore the current variation of parameters across space and 
time. Furthermore, geographically weighted models heavily depend on the coordinates of the 
data points. In this study, the middle point of each segment was considered as a representative 
of the whole segment. This can result in errors on long segments, although geometric and traffic 
features of a segment are supposed to be uniform along the segment length. While this study 
proposes a practical framework for SPF estimation in the spatio-temporal domain, the results of 
this study are not transferable to other states and jurisdictions because of the unique 
characteristics of each region. Especially, GTWNBR models require space- and time-referenced 
data, and therefore, parameters estimated by these models vary spatio-temporally for 
Tennessee. As a result, the models’ results cannot be directly used for other areas with different 
geographically distributed networks of highways. The GTWNBR method can be used to get local 
estimates of parameters in other states or countries.   

E.6 Conclusion   
Safety performance functions (SPFs) have been widely used to help identify contributing factors 
in traffic crashes, prioritize sites for improvements, and assess the effectiveness of safety 
treatments. However, the spatio-temporal instability of SPFs is of substantial concern to 
practitioners. Therefore, the main contribution of this study comes from the localization of SPFs 
used in the HSM by accommodating spatio-temporal instability in road crashes. Localization over 
space and time can impact how SPFs are applied in future HSM practice. While the estimates of 
SPFs provided in the HSM may provide satisfactory results, the results of this study indicate that 
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more reliable results can be obtained by developing localized SPFs that account for unobserved 
heterogeneity. In this regard, this paper demonstrates the application of Geographically and 
Temporally Negative Binomial Regressions (GTWNBR) as rigorous local models and draws a 
comparison between these models and conventional models used for SPF localization. 
Compared with existing literature, the scope was expanded to explore the variation of variables 
over both space and time simultaneously. As expected, the GTWNBR models showed a better fit 
to the data compared with conventional global models. Also, it was found that including 
additional information related to geometric design, traffic characteristics, and land use in the 
models improves the goodness-of-fit of SPFs. 

Previous studies have used global models that assumed that the effect of explanatory variables 
was spatio-temporally stationary. However, the results of the non-stationarity test in this study 
show that this assumption is not always correct within the state of Tennessee, as most of the 
contributing factors varied significantly at P-value ≤ 0.05 across space and time. Illustration of 
variable estimates on maps in this study also revealed that variable estimates are stationary 
within specific regions but vary from East to West in Tennessee. Therefore, the association of a 
variable with the number of crashes is not constant for all parts of Tennessee. The spatial analysis 
of parameters in this study shows that variables AADT, segment length, and median width have the 
strongest association with crash frequency in eastern regions, while variables commercial land 
use and lane width have the strongest association with crash frequency in southern and south-
central Tennessee. Also, the associations of variables speed limit and Truck percentage with crash 
frequency are the highest in northeastern and western regions respectively. These spatial 
variations can be due to changes in socio-economic conditions, traffic characteristics, roadway 
conditions, and some other unobserved factors such as cultural diversities that can relate to 
spatial contexts. 

Importantly, the temporal variation of parameter estimates was evaluated between 2013 and 
2017. It was found that some variables were stable over this period (e.g., shoulder width and 
segment length), but other variables varied considerably from one year to another. Also, it was 
found that the spatial pattern of parameters varied over time. For instance, in 2013, the 
association between AADT and crash frequency was the strongest in east Tennessee, while in 
2015, the strongest correlations were concentrated in central Tennessee. These variations could 
stem from socio-economic development, cultural, and environmental changes in a specific region 
that make that area vulnerable or resistant to a specific factor.  

Overall, the spatio-temporal variation of contributing factors in this study implies that ignoring 
temporal and spatial instability and considering variable estimates to be constant over time and 
for an entire jurisdiction is simplistic, given the new developments in analysis methods. The 
GTWNBR models demonstrate an advanced set of techniques that provide planners and 
practitioners a better understanding of critical parameters associated with crash frequency for 
different regions. These will result in more accurate predictions of future crashes and the impacts 
associated with roadway (geometric) factors. The methodology presented in this study also 
provides the opportunity to follow the trend of contributing factors over a period to identify 
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potential areas of future focus for safety improvements. As previously mentioned, the 
methodology of this study can be used for the localization of SPFs for other jurisdictions, but the 
results of this study cannot be generalized to other locations because of the distinctive 
characteristics of each state and jurisdiction. The best results are likely obtained by examining 
data specifically collected for a state. For future studies, GTWNBR can be used for SPF calibration 
in other states and draw a comparison between the results. Also, while the GTWNBR models in 
this study are developed based on the total number of crashes, insights from previous studies 
on frequency-severity modeling (86-88) can be combined with GTWNBR models to explore the 
spatio-temporal variation of the explanatory variables at different severity levels. Furthermore, 
although this study evaluated the temporal variation of contributing factors, further research is 
needed to understand and project future trends and relationships between contributing factors 
and crash frequency.  
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Appendix F: Full Models Including Significant 
and Insignificant Variables for Interstates (FI and 
PDO) and Expressways (FI and PDO) 
The HSM-based Enhanced Interchange Safety Analysis Tool or ISATe considers additional factors 
compared with the contributing factors in the Geographically and Temporally Weighted 
Regression (GTWR) excel tool. In the modeling analysis provided below, a set of factors similar to 
the ISATe tool are included in the model specification using TN data. However, some of the factors 
shown below are not statistically significant to justify their inclusion in the final models. 
Specifically, following the basic principles of modeling, we excluded non-significant variables 
from the final model used for prediction. Generally speaking, the factors included in the GTWR 
tool are consistent with the HSM procedures.  

Table F-1 ESTIMATION RESULTS OF FULL GLOBAL MODELS INCLUDING SIGNIFICANT AND INSIGNIFICANT 

VARIABLES FOR INTERSTATES (FI AND PDO) 

Variable Interstates 
(FI) 

Interstates 
 (PDO) 

𝜷𝜷. P-value 𝜷𝜷. P-value 
Constant -3.896 0.000 -2.852 0.000 
AADT in 1000 (Ln form) 1.398 0.000 1.444 0.000 
Segment Length (mi) (Ln form) 0.832 0.000 0.775 0.000 
Number of lanes 0.050 0.037 0.014 0.504 
Inside shoulder width (ft) -0.028 0.006 -0.040 0.000 
Outside shoulder width (ft) 0.000 0.988 0.000 0.994 
Lane width (ft) -0.047 0.316 -0.032 0.433 
Median width (ft) 0.002 0.059 0.002 0.075 
Clear zone width (ft) 0.000 0.081 0.000 0.361 
Proportion of segment length with rumble strips (0-1) -0.324 0.000 -0.300 0.000 
Proportion of segment length with ramp entrances (0-
1) 0.312 0.054 0.475 0.000 
Proportion of segment length with ramp exit (0-1) -0.033 0.860 -0.388 0.014 
Proportion of segment length with inside barrier (0-1) 0.162 0.061 0.330 0.000 
Proportion of segment length with outside barrier (0-
1) 0.646 0.000 0.546 0.000 
Proportion of segment length with a weaving section 
(0-1) 0.309 0.000 0.341 0.000 
Proportion of segment length with horizontal 
curvature (0-1) 0.258 0.009 0.262 0.001 
Summary Statistics 
Number of observations 1405 1405 
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Over-dispersion Parameter (𝜃𝜃) 2.59 (P< 0.001) 2.49 (P< 0.001) 
Log likelihood -3202.5 -4659.92 
Pseudo 𝑉𝑉2 0.15 0.16 
AIC 6439.2 9353.85 
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Table F-2 ESTIMATION RESULTS OF FULL GLOBAL MODELS INCLUDING SIGNIFICANT AND INSIGNIFICANT VARIABLES FOR 

EXPRESSWAYS (FI AND PDO) 

Variable Expressways 
(FI) 

Expressways 
 (PDO) 

𝜷𝜷. P-value 𝜷𝜷. P-value 
Constant 9.991 0.253 3.912 0.141 
AADT in 1000 (Ln form) 1.181 0.000 1.095 0.000 
Segment Length (mi) (Ln form) 0.943 0.000 0.838 0.000 
Number of lanes -0.136 0.003 -0.090 0.021 
Inside shoulder width (ft) -0.019 0.344 0.013 0.437 
Outside shoulder width (ft) 0.011 0.596 -0.084 0.000 
Lane width (ft) -1.044 0.150 -0.365 0.093 
Median width (ft) -0.005 0.015 -0.003 0.122 
Clear zone width (ft) 0.000 0.084 0.000 0.728 
Proportion of segment length with rumble strips (0-1) 0.049 0.589 0.081 0.273 
Proportion of segment length with ramp entrances (0-
1) 0.613 0.005 0.291 0.090 
Proportion of segment length with ramp exit (0-1) 0.254 0.347 0.170 0.440 
Proportion of segment length with inside barrier (0-1) 0.055 0.655 0.131 0.208 
Proportion of segment length with outside barrier (0-
1) -0.239 0.083 -0.133 0.242 
Proportion of segment length with a weaving section 
(0-1) 0.262 0.053 0.348 0.003 
Proportion of segment length with horizontal 
curvature (0-1) 0.115 0.404 0.064 0.575 
Summary Statistics 
Number of observations 1405 1405 
Over-dispersion Parameter (𝜃𝜃) 2.76 (P< 0.001) 2.06 (P< 0.001) 
Log likelihood -1098.35 -1771.19 
Pseudo 𝑉𝑉2 0.14 0.13 
AIC 2230.7 3576.4 
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Appendix G: Tennessee Calibration Factors Used 
in ISATe and Tennessee Crash Distributions Used 
in the Tennessee GTWR Spreadsheet Tool 
The following tables provide calibration factors used in the calibration of ISATe tool that can be 
used as complementary to the GTWR tool 

Table G-1 CALIBRATION FACTORS FOR INTERSTATE FATAL-AND-INJURY CRASHES 

Interstate Fatal-and-Injury Crash Frequency Models 

Area Type Model Location 2015 2016 2017 2018 2019 
Tota
l 

Rural 

Multiple vehicle Freeway segment 0.6 0.67 0.72 0.63 0.64 0.65 
Single vehicle Freeway segment 0.97 0.94 0.77 0.78 0.8 0.85 
Ramp-entrance Speed-change Lane 1.9 2 1.92 1.76 1.78 1.87 

Ramp-exit 
Speed-change 
Lane 

0.84 0.88 0.85 0.78 0.79 0.83 

Urban 

Multiple vehicle Freeway segment 0.54 0.59 0.53 0.58 0.58 0.56 

Single vehicle Freeway segment 1.15 1.11 1.08 1.16 1.09 1.12 

Ramp-entrance 
Speed-change 
Lane 

0.77 0.83 0.77 0.89 0.81 0.81 

Ramp-exit 
Speed-change 
Lane 

0.59 0.64 0.6 0.65 0.65 0.63 

Table G-2 CALIBRATION FACTORS FOR INTERSTATE PDO CRASHES 

Interstate PDO Crash Frequency Models 

Area Type Model Location 2015 2016 2017 2018 2019 Tota
l 

Rural 

Multiple vehicle Freeway segment 1.64 1.74 1.83 2.11 2.04 1.87 
Single vehicle Freeway segment 0.9 0.93 0.98 1.02 0.98 0.96 
Ramp-entrance Speed-change Lane 2.19 2.26 2.44 2.74 2.68 2.46 

Ramp-exit 
Speed-change 
Lane 1.03 1.06 1.15 1.31 1.28 1.17 

Urban 

Multiple vehicle Freeway segment 0.85 1.07 1.03 1.05 1.09 1.02 
Single vehicle Freeway segment 1.66 1.44 2.11 1.61 1.72 1.71 

Ramp-entrance 
Speed-change 
Lane 2.01 2.01 2 2.02 2.13 2.03 

Ramp-exit 
Speed-change 
Lane 0.85 0.85 0.86 0.87 0.93 0.87 
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Table G-3 CALIBRATION FACTORS FOR EXPRESSWAY FATAL-AND-INJURY CRASHES 

Expressway Fatal-and-Injury Crash Frequency Models 
Area Type Model Location 2015 2016 2017 2018 2019 Total 

Urban 

Multiple vehicle Freeway segment 0.58 0.52 0.51 0.5 0.53 0.53 
Single vehicle Freeway segment 1.32 1.34 0.96 1.16 1.3 1.22 
Ramp-entrance Speed-change Lane 0.84 0.78 0.66 0.7 0.75 0.74 

Ramp-exit 
Speed-change 
Lane 0.54 0.5 0.43 0.46 0.5 0.49 

 

Table G-4 CALIBRATION FACTORS FOR EXPRESSWAY PDO CRASHES 

Expressway PDO Crash Frequency Models 
Area Type Model Location 2015 2016 2017 2018 2019 Total 

Urban 

Multiple vehicle Freeway segment 1.73 1.36 1.33 1.42 1.47 1.46 
Single vehicle Freeway segment 1.8 1.3 1.26 1.33 1.65 1.47 
Ramp-entrance Speed-change Lane 2.06 1.59 1.57 1.68 1.75 1.73 
Ramp-exit Speed-change Lane 0.77 0.6 0.59 0.64 0.68 0.66 

 

Table G-5 CALIBRATION FACTORS FOR RAMP SEGMENTS FATAL-AND-INJURY AND PDO CRASHES 

Ramp segments 

Ramp Type Crash Type 2015 2016 2017 2018 2019 
Tota
l 

Entrance 
ramps 

Fatal & Injury 1.6 0.98 1.32 0.74 1.27 1.19 
PDO 1.9 1.1 1.79 1.56 2.21 1.71 

Exit ramps 
Fatal & Injury 1.37 2.6 1.64 1.07 2.17 1.77 
PDO 2.59 1.77 2.96 2.95 1.09 2.26 

 

Figure G-1 demonstrates the updated CFs for Tennessee (in red color) in the ISATe tool.  
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Figure G-1 Updated CFs in the ISATe tool 

The following distributions of injury severity and crash types provide outputs for the GTWR tool. 
The tool breaks down crash severity for a facility based on the overall distribution of injury 
severity. Specifically, the predictions for F/I crashes are disaggregated further by using the injury 
severity distributions for all segments. 

Table G-6 TENNESSEE CRASH DISTRIBUTION OF INJURY SEVERITY BASED ON AREA TYPE 

Tennessee Crash Distribution Based on Area Type 

Area Type Fatal (K) 
Serious Injury 
(A) 

Minor Injury (B&C) PDO 

Urban 0.42% 1.88% 19.98% 77.72% 
Rural 0.99% 4.21% 18.33% 76.47% 
All Area Types 0.54% 2.36% 19.64% 77.46% 

 

The GWR tool uses the distribution of crash types and injury severity to provide predictions. The 
Tennessee crash distributions based on different crash types are presented in the tables below. 
These distributions are used in the tool to break down the predicted crashes by crash types and 
injury severity. 
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Table G-7 TENNESSEE CRASH CROSSTABS OF INJURY SEVERITY VS. CRASH TYPE CATEGORY (ALL) 

All Area Types % Out of Each Crash Type Category 

Crash Type Crash Type Category 
Total 
No. of 
crashes 

% Out 
of 
total 

Fatal 
(K) 

Serious 
Injury 
(A) 

Minor 
Injury 
(B&C) 

PDO 

Multiple 
vehicle 

Angle crashes 8885 7.58% 0.71% 2.77% 22.17% 74.35% 
Head-on crashes 554 0.29% 10.39% 16.02% 33.53% 40.06% 
Other multiple-vehicle crashes 3873 3.31% 1.21% 3.12% 19.52% 76.14% 
Rear-end crashes 48178 41.13% 0.30% 1.98% 23.58% 74.14% 
Sideswipe crashes 22570 19.27% 0.15% 1.09% 11.66% 87.10% 
   Total multiple-vehicle crashes: 83843 71.57% 0.39% 1.93% 20.07% 77.61% 

Single 
vehicle 

Crashes with animal: 3632 3.10% 0.00% 0.39% 5.89% 93.72% 
Crashes with fixed object: 21404 18.27% 0.90% 3.61% 23.15% 72.34% 
Crashes with other object: 2679 2.29% 0.30% 1.16% 6.16% 92.39% 
Crashes with parked vehicle: 0 0.00% 0.00% 0.00% 0.00% 0.00% 
Other single-vehicle crashes 5589 4.77% 2.45% 7.82% 30.11% 59.62% 
   Total single-vehicle crashes: 33304 28.43% 1.01% 3.77% 21.07% 74.15% 
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Table G-8 TENNESSEE CRASH CROSSTABS OF INJURY SEVERITY VS. CRASH TYPE CATEGORY (RURAL AREA) 

Rural Area % Out of Each Crash Type Category 

Crash Type Crash Type Category 
Total 
No. of 
crashes 

% Out 
of 
total 

Fatal 
(K) 

Serious 
Injury 
(A) 

Minor 
Injury 
(B&C) 

PDO 

Multiple 
vehicle 

Angle crashes 977 1.13% 3.17% 7.98% 24.97% 63.87% 
Head-on crashes 70 0.08% 14.29% 34.29% 21.43% 30.00% 
Other multiple-vehicle crashes 942 1.09% 1.59% 3.93% 16.88% 77.60% 
Rear-end crashes 68471 78.94% 0.36% 2.03% 23.69% 73.92% 
Sideswipe crashes 4292 4.95% 0.37% 1.86% 10.44% 87.33% 
   Total multiple-vehicle crashes: 74752 86.18% 0.43% 2.15% 22.85% 74.57% 

Single 
vehicle 

Crashes with animal: 1918 2.21% 0.00% 0.52% 5.63% 93.85% 
Crashes with fixed object: 6737 7.77% 1.10% 4.66% 20.51% 73.73% 
Crashes with other object: 806 0.93% 0.25% 1.61% 4.59% 93.55% 
Crashes with parked vehicle: 0 0.00% 0.00% 0.00% 0.00% 0.00% 
Other single-vehicle crashes 2524 2.91% 1.94% 9.51% 28.33% 60.22% 
   Total single-vehicle crashes: 11985 13.82% 1.04% 4.81% 18.71% 75.44% 

Table G-9 TENNESSEE CRASH CROSSTABS OF INJURY SEVERITY VS. CRASH TYPE CATEGORY (URBAN AREA) 

Urban Area % Out of Each Crash Type Category 

Crash Type Crash Type Category 
Total 
No. of 
crashes 

% Out 
of 
total 

Fatal 
(K) 

Serious 
Injury 
(A) 

Minor 
Injury 
(B&C) 

PDO 

Multiple 
vehicle 

Angle crashes 7908 8.58% 0.40% 2.12% 21.83% 75.64% 
Head-on crashes 267 0.29% 9.36% 11.24% 36.70% 42.70% 
Other multiple-vehicle crashes 2931 3.18% 1.09% 2.87% 20.37% 75.67% 
Rear-end crashes 41463 44.99% 0.22% 1.64% 23.65% 74.48% 
Sideswipe crashes 18278 19.83% 0.10% 0.90% 11.95% 87.05% 
   Total multiple-vehicle crashes: 70847 76.87% 0.28% 1.59% 20.34% 77.78% 

Single 
vehicle 

Crashes with animal: 1714 1.86% 0.00% 0.23% 6.18% 93.58% 
Crashes with fixed object: 14667 15.91% 0.80% 3.12% 24.37% 71.71% 
Crashes with other object: 1873 2.03% 0.32% 0.96% 6.83% 91.88% 
Crashes with parked vehicle: 0 0.00% 0.00% 0.00% 0.00% 0.00% 
Other single-vehicle crashes 3065 3.33% 2.87% 6.43% 31.58% 59.12% 
   Total single-vehicle crashes: 21319 23.13% 0.99% 3.18% 22.40% 73.43% 
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Table G-10 TENNESSEE CRASH CROSSTABS OF FATAL-AND-INJURY AND PDO INJURY SEVERITY VS. CRASH TYPE 

CATEGORY (RURAL AREA) 

Rural Area 
% Out of 

Multiple/Single 
Vehicle Crashes 

% Out of Each 
Crash Type 
Category 

Crash Type Crash Type Category 
Total 
No. of 
crashes 

% Out 
of 
total 

%FI  %PDO FI PDO 

Multiple 
vehicle 

Angle crashes 977 1.13% 25.43% 
  

74.57% 
  

1.86% 1.12% 
Head-on crashes 70 0.08% 0.26% 0.04% 
Other multiple-vehicle crashes 942 1.09% 1.11% 1.31% 
Rear-end crashes 68471 78.94% 93.91% 90.81% 
Sideswipe crashes 4292 4.95% 2.86% 6.72% 
   Total multiple-vehicle crashes: 74752 86.18% 100.00% 100.00% 

Single 
vehicle 

Crashes with animal: 1918 2.21% 24.56% 
  

75.44% 
  

4.01% 19.91% 
Crashes with fixed object: 6737 7.77% 60.12% 54.94% 
Crashes with other object: 806 0.93% 1.77% 8.34% 
Crashes with parked vehicle: 0 0.00% 0.00% 0.00% 
Other single-vehicle crashes 2524 2.91% 34.10% 16.81% 
   Total single-vehicle crashes: 11985 13.82% 100.00% 100.00% 

 

Table G-11 TENNESSEE CRASH CROSSTABS OF FATAL-AND-INJURY AND PDO INJURY SEVERITY VS. CRASH TYPE 

CATEGORY (URBAN AREA) 

Urban Area 
% Out of 

Multiple/Single 
Vehicle Crashes 

% Out of Each 
Crash Type 
Category 

Crash Type Crash Type Category 
Total 
No. of 
crashes 

% Out 
of 
total 

%FI  %PDO FI PDO 

Multiple 
vehicle 

Angle crashes 7908 8.58% 22.22% 
  

77.78% 
  

12.24% 10.86% 
Head-on crashes 267 0.29% 0.97% 0.21% 
Other multiple-vehicle crashes 2931 3.18% 4.53% 4.02% 
Rear-end crashes 41463 44.99% 67.22% 56.04% 
Sideswipe crashes 18278 19.83% 15.04% 28.87% 
   Total multiple-vehicle crashes: 70847 76.87% 100.00% 100.00% 

Single 
vehicle 

Crashes with animal: 1714 1.86% 26.57% 
  

73.43% 
  

1.94% 10.25% 
Crashes with fixed object: 14667 15.91% 73.26% 67.18% 
Crashes with other object: 1873 2.03% 2.68% 10.99% 
Crashes with parked vehicle: 0 0.00% 0.00% 0.00% 
Other single-vehicle crashes 3065 3.33% 22.12% 11.58% 
   Total single-vehicle crashes: 21319 23.13% 100.00% 100.00% 
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Figure G-2 and G-3 demonstrate the output summary for the GTWR tool.  

 
Figure G-2 Output summary in the GTWR tool. 
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Figure G-3 Output summary in the GTWR tool. 
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