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EXECUTIVE SUMMARY 

 
The study is a collaboration between the University of Tennessee and Tennessee State University 
to calibrate the Highway Safety Manual (HSM) predictive models for TDOT use. To enhance 
safety, the Tennessee Department of Transportation (TDOT) is in the process of adopting the 
Highway Safety Manual as a resource to facilitate decision making based on safety performance 
of its roadways. The HSM will provide TDOT with quantitative information for decision making, 
presenting tools and methodologies for consideration of safety across the range of highway 
activities, planning, programming, project development, construction, operations, and 
maintenance. Key features in 2010 HSM for use by TDOT are the crash Predictive Models for 
three facility types:  
 

• Rural Two-Lane and Two-Way Roads 
• Rural Multilane Highways and  
• Urban and Suburban Arterials 

 
This interim report documents in detail the activities undertaken in Phase 1 of the project to 
calibrate HSM safety performance functions (SPFs) for rural two-lane two-way roads. Given the 
availability of data in E-TRIMS, TDOT is in a good position to calibrate HSM default SPFs to 
match local conditions in Tennessee. As such, a detailed crash rate and calibration factor analysis 
is conducted for rural two-lane two-way roads using five years of crash, road inventory, and traffic 
data. In addition, considering the diverse geographical nature of Tennessee rural two-lane two-
way road infrastructure, crash rates and calibration factors are calculated for all four regions in 
Tennessee as well as for each of the four regions separately. Likewise, in order to capture the 
temporal variations, the analysis is conducted both using data for all five years together as well as 
separate analysis for each of the five years.  
 
Building upon the afore-mentioned tasks, as an additional activity, an in-depth empirical analysis 
is conducted for developing Tennessee specific SPFs considering different functional forms using 
advanced econometric methods. Specifically, given the count nature of crashes, Tennessee specific 
SPFs are developed using Poisson and negative binomial distributions considering different 
functional forms used by researchers in different US states. Despite the fact that jurisdiction-
specific SPFs (as compared to HSM SPFs) can better represent local conditions at hand, traffic 
crash frequencies and associated factors (such as traffic volumes) can vary significantly across 
similar, or even identical, road geometry and conditions within the jurisdiction (such as Tennessee) 
where a single SPF is estimated. Alternatively, this means that associations between crashes on 
rural two-way two-lane roads and associated factors are generally heterogeneous (or varying) and 
it is important to correct for heterogeneity in the modeled relationships that can arise from a 
number of observed and unobserved factors relating to road driver behavior, vehicle types, 
socioeconomic factors, traffic and pavement characteristics, road geometrics, variations in police 
accident recording thresholds, and other time and space related unobserved factors.  
 
Assuming a homogenous or fixed relationship between crash frequency and associated factors 
(such as segment length) can potentially result in inconsistent and biased inferences. As an 
example, a single coefficient is usually estimated for the relationship between Annual Average 
Daily Traffic (AADT) and crash frequency for the entire jurisdiction, when the correlation between 
AADT and crash frequency can in fact vary across different rural two-lane two-way segments, and 
different regions in Tennessee. Due to the afore-mentioned important methodological concerns, 
we estimate SPFs that capture the heterogeneity in the relationships by using sophisticated 



simulation-based random parameter count data models. Finally, the out-of-sample forecast 
capabilities of newly developed SPFs are compared.  
 
Overall, the results suggest that the Tennessee two-lane two-way rural road segments have 
significantly greater number of observed crashes as compared to the crashes predicted by the HSM 
SPF. As an example, without accounting for the differences between national roadway and 
Tennessee roadway conditions, crashes in Tennessee are at least 2 times the predicted crashes by 
HSM SPF. After accounting for the differences between national and Tennessee roadway 
conditions, the crashes in Tennessee are at least 1.5 times the crashes predicted by HSM SPFs for 
rural two-lane two-way road segments.  
 
Compared to predictions obtained from HSM-SPF (after applying calibration factors), the TN-
specific SPF based on HSM functional form performs a little better in forecasting out-of-sample 
crashes in Tennessee. However, TN-specific SPFs based on other functional forms perform 
significantly better than the HSM SPF and TN-specific SPFs based on HSM functional form. 
Finally, it is observed that, among all functional forms tested, TN specific SPFs based on random 
parameter count data specification performs the best in forecasting out-of-sample crashes. This 
provides compelling empirical evidence that unobserved heterogeneity should be accounted for in 
estimating TN-specific SPFs, and that ignoring unobserved heterogeneity can result in biased and 
inaccurate inferences and forecasts.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

1. INTRODUCTION & BACKGROUND 
 
1.1. Synopsis of the problem being researched 
 
According to Fatality Analysis Reporting System (FARS) Encyclopedia, in 2013 approximately 
35% of all traffic crashes in the United States occurred on rural roads, excluding rural interstates 
and principal arterials (FHWA 2013). In addition, excluding rural and urban interstates and 
principal arterials, the fatality rate is 2.7 times higher on rural roads than on urban roads (i.e. 
fatality rate of 2.23 and 0.84 for rural and urban roads respectively (FHWA 2013)). Due to lack of 
several features such as access control, paved shoulders, clear zones, and divided directions of 
travel, it is not surprising to see that rural roads (especially rural two-way two-lanes) are potentially 
among the most hazardous locations in the United States road networks (FHWA 2014). In this 
regard, the Highway Safety Manual (HSM) published by American Association of State Highway 
and Transportation Officials (AASHTO) serves as a main guideline for transportation agencies by 
providing scientific techniques to identify factors associated with road safety outcomes and the 
likelihood of crash occurrence (AASHTO 2010). As the core tools provided in HSM, Safety 
Performance Functions (SPFs) are used to estimate expected crash frequencies at a particular 
facility. The crash predictive models which are known as Safety Performance Functions (SPFs) 
are the statistical models used to estimate the expected crash frequency for particular facility type 
with specified “base” conditions (Brimley et al. 2012). Importantly, SPFs that can accurately 
predict crashes are valuable to state department of transportations as it helps in identifying areas 
with potential safety concerns.  
 
Since crash occurrence/frequency and the associated under- and over-dispersion in crash data can 
vary significantly across jurisdictions, it is important to calibrate HSM SPFs for specific 
jurisdictions (Shirazi et al. 2016). The need for calibrating HSM SPFs to specific jurisdictions is 
clearly recognized by the American Association of State Highway and Transportation Officials 
(AASHTO) due to variations in factors associated with safety. Such factors include road geometry 
and conditions, environmental factors, geographic characteristics, crash characteristics, reporting 
thresholds, all of which can be unique to specific jurisdictions (AASHTO 2010). As such, the 2010 
HSM recommends local agencies such as TDOT either to calibrate the HSM developed SPFs to 
reflect local conditions and/or develop their own SPFs using local data (AASHTO 2010). In 
essence, calibration is the process of multiplying the HSM predictive models (SPFs) by a factor to 
account for Tennessee HSM users. Specifically, the calibration factors is the sum of observed 
crashes divided by the SPF predicted crashes for the sites of a particular facility type.  
 
The calibration procedure of HSM predictive models can account for the variations in factors 
associated with rural two-lane two-way safety, and thus can facilitate more accurate crash 
predictions compared to the un-calibrated HSM predictive models. However, when enough data 
are available, the HSM allows transportation agencies to develop jurisdiction-specific SPFs. 
Building upon this, an in-depth empirical analysis is conducted for developing Tennessee specific 
SPFs considering different functional forms using advanced econometric methods1. Specifically, 
given the count nature of crashes, Tennessee specific SPFs are developed using Poisson and 
negative binomial distributions considering different functional forms used by researchers in 
different US states. Despite the fact that jurisdiction-specific SPFs (as compared to HSM SPFs) 
can better represent local conditions at hand, traffic crash frequencies and associated factors (such 
                                                 
1 In addition to the identified tasks in Phase 1 of the project, the comprehensive analysis of estimating TN-specific 
SPFs (which is important for better safety monitoring in Tennessee) is conducted as an additional task.  



as traffic volumes) can vary significantly across similar, or even identical, road geometry and 
conditions within the jurisdiction (such as Tennessee) where a single SPF is estimated. 
Alternatively, this means that associations between crashes on rural two-way two-lane roads and 
associated factors are generally heterogeneous (or varying) and it is important to correct for 
heterogeneity in the modeled relationships that can arise from a number of observed and 
unobserved factors relating to road driver behavior, vehicle types, socioeconomic factors, traffic 
and pavement characteristics, road geometrics, variations in police accident recording thresholds, 
and other time and space related unobserved factors.  
 
Keeping in view the afore-mentioned perspective, the key objectives of this study are to: 
 

• Apply HSM predictive models for rural two-lane two-way roads. 
• By using detailed traffic, road inventory, and crash data, compute calibration factors for 

rural two-lane two-way roads. 
• While accounting for unobserved heterogeneity, develop new Tennessee-specific SPFs 

for rural two-lane two-way roads. 
• Investigate the out-of-sample prediction forecasts of HSM SPFs (calibrated and 

uncalibrated), and Tennessee specific SPFs based on simulation-based fixed and random 
parameter count data models.  

 
1.2. Achieved outcomes 
 

1. The overall project outcome is improvements in safety outcomes and more informed 
decisions about appropriate countermeasures. 

2. The project will help operate and manage Tennessee's transportation system to provide a 
high level of safety and service to the public.  

3. The project will improve safety by using data to make informed decisions about 
countermeasures. Specifically, the calibrated models as well as newly developed TN-
specific SPFs will predict the expected number and severity of crashes as it relates to a road 
type, road class and the impacts of proposed safety countermeasures. 

4. The calibrated predictive models and newly developed SPFs will assist TDOT improve 
reliability of common activities such as screening a network for sites to reduce crashes, or in 
assessment of new or alternative geometric characteristics of rural two-lane two-way 
roadways.   

2. METHODOLOGY/CONCEPTUAL FRAMEWORK 
 
2.1. Time period for analysis 
 
In this study, crash, traffic, and roadway geometrics data is collected for a time period of five 
years (2011-2015). Crash frequencies are random and rare events; and are thus better expressed 
as an average for a time period of multiple years. Also, analysis based on multiple years of data 
takes full advantage of the regression to the mean concept discussed in detail by (Hauer 2015). 
HSM also recommends using a time period that may reflect the length of time for which the 
estimated models will be used in practice (AASHTO 2010). Having said this, both for calibration 
of HSM SPFs and for the development of Tennessee specific SPFs, we use five years of crash 
and geometrics data. For calibration factors analysis, we conduct thdse analysis both for each 
year and for average of five years data. For development of Tennessee specific SPFs, we use 
average of five years data in all subsequent model estimations (Anastasopoulos and Mannering 
2009, Shirazi et al. 2016).  



 
2.2. Data assembly 
 
In order to meet the objectives of this study, significant amount of efforts went into assembling 
data from different sources manually. Specifically, we use a statewide crash and roadway 
inventory database to calibrate the HSM SPFs as well as for developing Tennessee specific new 
rural two-lane two-way road segments safety performance functions.  
First, a summary inventory data on rural two-way two-lane roadway segments across the entire 
state (with minimum segment length of 0.10 miles) were collected and compiled from Tennessee 
Department of Transportation’s (TDOT) Enhanced Tennessee Roadway Information 
Management System (E-TRIMS) (https://e-trims.tdot.tn.gov)2. A total of 14,777 rural two-lane 
two-way road segments were thus identified. Second, a completely random sample of 299 
homogenous roadway segments with complete data was obtained from the original 14,777 
sample. The random sample accounts for the diverse geographical conditions across the state 
with 61 segments from Region 1 (Knoxville), 61 segments from Region 2 (Chattanooga), 104 
segments from Region 3 (Nashville), and 72 segments from Region 4 (Memphis) respectively, 
and as shown in the following Figure 1.  

 
Figure 1: Distribution of randomly sampled roadway segments across Tennessee. 

(Notes: Region 1 is Knoxville, Region 2 is Chattanooga, Region 3 is Nashville, and Region 4 is 
Memphis.) 

 
Third, five years’ (from 2011 to 2015) crash data (including all types of traffic crashes by 
severity type) for the selected roadway segments are extracted manually from E-TRIMS database 
through the crash summary reports. To ensure the accuracy of manual extraction of crashes from 
E-TRIMS, a computer program was used to assign the crashes to each of the 299 roadway 

                                                 
2 The minimum segment length is in agreement with the guidance provided by HSM (AASHTO 2010).  

https://e-trims.tdot.tn.gov/


segments. Doing so revealed successful and accurate matching of crashes for the sampled 299 
roadway segments.  
Once the crashes (by crash type and severity type) were extracted manually, the roadway 
inventory data (key correlate such as segment length) as well as the traffic data (key correlates 
such as Annual Average Daily Traffic (AADT) and speed limits) are also manually extracted 
from the TDOT’s digital image viewer (https://imageviewer.tdot.tn.gov/) and TDOT’s traffic 
count data program (https://www.tdot.tn.gov/APPLICATIONS/traffichistory).  
Finally, data on additional correlates as recommended by HSM (AASHTO 2010) are also 
collected including3 (Figure 2): 

• Lane width 
• Shoulder type 
• Combined shoulder width 
• Presence or absence of centerline rumble strips 
• Presence or absence of passing lane 
• Presence or absence of short four lane section 
• Presence or absence of two way left turn lane 
• Presence or absence of roadway lighting.  

 
 
Figure 2: Illustration of E-TRIMS and Tennessee Image Viewer Software for Manual Extraction 

of Key Roadway Geometric Data. 

2.3. Crash rates and calibration factor analysis 
 
                                                 
3 Please note that data on few variables that are recommended by HSM could not be used due to unavailability. Such 
variables include data on horizontal and vertical alignment, roadside hazard rating, and automated speed 
enforcement. However, our heterogeneity model specifications (discussed later in detail) are reported well-suited to 
account for omitted variable bias that may arise due to missing information on important covariates (Mannering and 
Bhat 2014, Kamrani et al. 2017).  
 

https://imageviewer.tdot.tn.gov/
https://www.tdot.tn.gov/APPLICATIONS/traffichistory


2.3.1. Crash Rates 
 
Before conducting a detailed empirical analysis of rural two-lane two-way road safety, crash 
rates are used that can be an effective “first brush” tool to quantify the relative safety at 
particular locations, in this case rural two-lane two-way roads. Crash rates are usually established 
by normalizing total number of crashes by some exposure related factor(s), such as Annual 
Average Daily Traffic or segment length. The main objective of crash rate analysis is to 
determine rural two-lane two-way road segments’ safety in all the four regions in Tennessee, and 
to quantify how crash rates vary across different regions in Tennessee.  
 
In this analysis, crash rates are estimated using two different measure of exposure i.e. crash rates 
by vehicles miles travelled, and crash rates by segment length (AASHTO 2010).  
 
Specifically, crash rates by vehicles miles travelled can be calculated as (FHWA 2017): 
 

𝑅𝑅 =
𝐶𝐶 ∗ 100,000,000
𝑉𝑉 ∗ 365 ∗ 𝑁𝑁 ∗ 𝐿𝐿

 (1) 

 
Where: 
R = Crash rate per vehicles miles travelled 
C = Total crashes in study period (five years) 
V = Traffic volume using Annual Average Daily Volumes 
N = Number of years of data 
L = Length of roadway segment in miles. 
 
Likewise, following equation 2, crash rates by segment length can be calculated as (FHWA 
2017): 
 

𝑅𝑅 =
𝐶𝐶

𝑁𝑁 ∗ 𝐿𝐿
 (2) 

 
Where: 
R = Crash rate per mile of segment 
N = Number of years of data 
L = Length of roadway segment in miles. 
 
2.3.2. Calibration Factor Analysis 
 
The rural two-lane two-way SPF in the HSM are developed based on data from selected states in 
the United States. Equation 3 represents the rural two-lane two-way SPF for roadway segments, 
and can be applied when the base conditions (as documented in the HSM) meet the conditions of 
local jurisdiction to which the HSM SPF is applied. 
 
𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∗ 𝐿𝐿 ∗ 365 ∗ 10−6 ∗ 𝑒𝑒−0.312 (3) 

 
Where: 
 
𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆 = Base predicted number of crashes in study period  
L = Length of roadway segment in miles. 
 



The SPF in equation 3 is estimated for specific base conditions related to roadway geometric 
features such as: 
 

• Lane width, 12 feet; 
• Shoulder width, 6 feet; 
• Shoulder type, paved; 
• Roadside hazard rating, three; 
• Drive density, five driveways per mile; 
• Horizontal curvature, none; 
• Vertical curvature, none; 
• Centerline rumble strips, none; 
• Passing lanes, none; 
• Two-way left-turn lanes, none; 
• Lighting, none; 
• Automated speed enforcement, none; and 
• Grade level, 0%. 

Whenever, the afore-mentioned base-case conditions are not met, HSM provides crash 
modification factors (CMFs) that account for the differences in local jurisdiction specific 
geometric features and the base conditions assumed in HSM SPF (equation 3). If the site specific 
characteristics of rural two-lane two-way segments in Tennessee deviate from the HSM base 
conditions, the base predicted crash frequency (𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆) can be multiplied by CMFs for rural two-
lane two-way road segments provided in the HSM4 (AASHTO 2010). The final jurisdiction 
specific crashes can then be predicted as: 
𝑁𝑁 = 𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆 × 𝐶𝐶𝐶𝐶𝐶𝐶1 × 𝐶𝐶𝐶𝐶𝐶𝐶2 × 𝐶𝐶𝐶𝐶𝐶𝐶3 × … … … .× 𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖  (4) 

 
Where: 
 
𝑁𝑁 = Adjusted predicted crash frequency in local jurisdiction. 
𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 = Crash modification factors for road segment features that deviate from the HSM base 
conditions (shown above).  
 
After calculating the predicted crash frequency (accounting for non-base jurisdiction specific 
conditions), the calibration factor can be calculated as: 
 

𝐶𝐶 =
∑𝑂𝑂𝑂𝑂𝑂𝑂𝑒𝑒𝑂𝑂𝑂𝑂𝑒𝑒𝑂𝑂 𝐶𝐶𝑂𝑂𝐶𝐶𝑂𝑂ℎ𝑒𝑒𝑂𝑂

∑𝐴𝐴𝑂𝑂𝐴𝐴𝐴𝐴𝑂𝑂𝐴𝐴𝑒𝑒𝑂𝑂 𝑃𝑃𝑂𝑂𝑒𝑒𝑂𝑂𝑃𝑃𝑃𝑃𝐴𝐴𝑒𝑒𝑂𝑂 𝐶𝐶𝑂𝑂𝐶𝐶𝑂𝑂ℎ𝑒𝑒𝑂𝑂
=
𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑁𝑁
 

(5) 

 
Where: 
 
𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = Observed crash frequency in study period. 
𝑁𝑁 = Adjusted predicted crash frequency in local jurisdiction.  
 

                                                 
4 A CMF of greater than one indicates an increase in predicted crash frequency attributable to the non-base 
jurisdiction specific conditions; a CMF less than one represents reduction in crash frequency related to the base 
conditions (Brimley et al. 2012).  



Finally, the calculated calibration factor (𝐶𝐶) in Eq. 5 can be multiplied with the HSM SPF (in Eq. 
3) for predicting rural two-lane two-way road segment crashes in Tennessee, which can account 
for the differences in crash, roadway, and traffic specific characteristics between HSM and the 
TN-specific random rural two-lane two-way road segment samples.  The resulting SPF then 
becomes: 
 
𝑁𝑁 = 𝐶𝐶 ∗ (𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∗ 𝐿𝐿 ∗ 365 ∗ 10−6 ∗ 𝑒𝑒−0.312) (6) 

 
In what follows next, we will refer to the uncalibrated HSM SPF (Eq. 3) as Model 1, whereas 
HSM SPF with calibration (Eq. 6) will referred to Model 2.  
 
2.4. Tennessee-specific safety performance functions 
 
In addition to calibrating the HSM SPFs for rural two-lane two-way roads, when enough data are 
available, it is recommended that users develop jurisdiction-specific SPFs (AASHTO 2010). In 
addition to better crash forecasts, developing state-specific SPFs can help in network screening 
and evaluation of engineering treatments, at a site and/or project level.  
 
Typically, state-specific SPFs are estimated using only AADT information for each segment as 
such data is easily available (Srinivasan and Carter 2011). However, in this study, Tennessee 
specific SPFs are estimated using detailed information about rural two-lane two-way road 
segments, such as AADT, segment length, and roadway geometrics characteristics (as shown in 
Data Collection section).  
 
2.4.1. Econometric Modeling 
 
Given the discrete non-negative data nature of crashes, count-data modeling techniques are 
typically used to model crash frequencies as a function of explanatory variables (Anastasopoulos 
and Mannering 2009). Common techniques include Poisson Generalized Linear Models (GLMs) 
and/or Negative Binomial GLMs, and these methods appear to be the two main methodological 
alternatives (Vogt and Bared 1998, Lord and Bonneson 2007, AASHTO 2010, Lord and 
Mannering 2010, Srinivasan and Carter 2011, Xie 2011, Brimley et al. 2012, Mehta and Lou 
2013). Poisson regression is reported to be the most popular of the two (Washington et al. 2010), 
where Poisson distribution is used to approximate rare-event count data, such as crash frequency 
in this case. However, a restrictive assumption of Poisson regression is the requirement of the 
mean of the count process be equal to its variance (Khattak et al. 2002). When the variance of the 
crash counts is greater than its mean, the data is said to be over-dispersed and in such case 
negative binomial distribution is preferred5 (Khattak et al. 2002).  
 
Poisson and Negative Binomial Regressions: 
 
Next, we present a short discussion on the mathematical formulations of Poisson and negative 
binomial regression. For a detailed discussion on these estimators, readers are referred to 
(Anastasopoulos and Mannering 2009, Dong et al. 2014) (Khattak et al. 2002).  
 

                                                 
5 Due to the naturally high variability of crash frequencies, it is recommended that SPFs be developed using negative 
binomial regression techniques (Washington et al. 2010) (AASHTO 2010). Such models are also referred to mixed 
Poisson-gamma models because crashes within rural two-lane two-way road segments follow a Poisson distribution, 
whereas the variation across multiple sites follow gamma distribution.  In this analysis, both Poisson and negative 
binomial regression techniques are considered.  



For a Poisson model, the probability of having a specific number of crashes “n” at road 
segment “i” can be written as (Washington et al. 2010): 

𝑃𝑃(𝑛𝑛𝑖𝑖) =
exp (−𝜆𝜆𝑖𝑖)𝜆𝜆𝑖𝑖𝑛𝑛

𝑛𝑛𝑖𝑖!
 

(7) 

Where: 𝑃𝑃(𝑛𝑛𝑖𝑖) is probability of crash occurring at segment “i”, “n” times per specific time-
period; and 𝜆𝜆𝑖𝑖 is Poisson parameter for segment “i” which is numerically equivalent to segment 
“i” expected crash frequency per year 𝐸𝐸(𝑛𝑛𝑖𝑖). The regression can be fitted to crash data by 
specifying 𝜆𝜆𝑖𝑖 as a function of explanatory variables such as Annual Average Daily Traffic, and 
segment length. Formally, 𝜆𝜆𝑖𝑖 can be viewed as a log link function of a set of independent 
variables (Washington et al. 2010): 

ln(𝜆𝜆𝑖𝑖) = β(𝑋𝑋𝑖𝑖) (8) 

Where 𝑋𝑋𝑖𝑖 is a vector of explanatory variables and β is a vector of estimable parameter 
estimates.  

The Poisson function defined in Equation 7 and 8 can be maximized by standard maximum 
likelihood procedure with the following likelihood function (Washington et al. 2010): 

𝐿𝐿(𝛽𝛽) = �
exp[− exp(𝛽𝛽𝑋𝑋𝑖𝑖)] [exp(𝛽𝛽𝑋𝑋𝑖𝑖)]𝑛𝑛

𝑛𝑛𝑖𝑖!𝑖𝑖

 
(9) 

Application of Poisson regression to over-dispersed crash data can result in inappropriate 
results. If mean and variance of crash data are not equal, corrective measures are applied to 
Equation 8 by adding an independently distributed error term ∈, as follow: 

ln(𝜆𝜆𝑖𝑖) = β(𝑋𝑋𝑖𝑖) +∈𝑖𝑖 (10) 

Where exp (∈𝑖𝑖) in Equation 10 is a gamma-distributed error term with mean one and 
variance α (Washington et al. 2010). The conditional probability of crashes then becomes (Poch 
and Mannering 1996): 

𝑃𝑃(𝑛𝑛𝑖𝑖| ∈) =
exp[−𝜆𝜆𝑖𝑖 exp(∈𝑖𝑖)] [𝜆𝜆𝑖𝑖 exp(∈𝑖𝑖)]𝑛𝑛𝑖𝑖

𝑛𝑛𝑖𝑖!
 

(11) 

Following (Poch and Mannering 1996), to obtain unconditional distribution of 𝑛𝑛𝑖𝑖, ∈𝑖𝑖 can 
be integrated out of Equation 11, which results in the following maximum likelihood estimation 
problem: 

𝑃𝑃(𝑛𝑛𝑖𝑖) =
Γ(𝜃𝜃 + 𝑛𝑛𝑖𝑖)
[Γ(𝜃𝜃).𝑛𝑛𝑖𝑖!]

.𝐴𝐴𝑖𝑖𝜃𝜃(1 − 𝐴𝐴𝑖𝑖)𝑛𝑛𝑖𝑖  
(12) 

Where: 𝐴𝐴𝑖𝑖 is 𝜃𝜃(𝜃𝜃 + 𝜆𝜆𝑖𝑖) and 𝜃𝜃 = 1
𝛼𝛼
, Γ is the gamma function. It can be seen in Equation 12 that 

Poisson is a limiting function of the Poisson-Gamma model as variance α approaches to zero. 
Following (Washington et al. 2010), if α is significantly different from zero, negative binomial 
regression should be favored and if not, Poisson model can be more appropriate (Anastasopoulos 
and Mannering 2009). 
 
2.4.2. Unobserved Heterogeneity in Crash Frequency Modeling 
 

As discussed earlier, it is likely that the correlations between key explanatory variables and 
crash frequency may not be consistent across multiple rural two-lane two-way segments. There 
are several compelling reasons to expect intrinsic unobserved heterogeneity (Kamrani et al. 
2017, Li et al. 2017). For instance, data used for crash frequency analysis usually have 



information on limited set of variables and other variables that can influence crash frequencies 
are usually not available for analysis. As an example, data on horizontal and vertical alignment is 
not available in our case and which may influence crash frequencies on rural two-lane two-way 
roads. This is commonly referred to omitted variable bias in safety literature (Mannering and 
Bhat 2014, Kamrani et al. 2017). Furthermore, if key variables are omitted from analysis and too 
few variables are included in the model, the parameter estimates may be biased and inaccurate. 
One way to address this issue is to allow parameter estimates to vary across observations 
(Mannering and Bhat 2014) (Kamrani et al. 2017, Li et al. 2017). As such, random parameters 
can be included in the estimation framework as: 
 
𝛽𝛽𝑖𝑖 = 𝛽𝛽 + 𝜑𝜑𝑖𝑖  (13) 

Where 𝜑𝜑𝑖𝑖 is randomly distributed term with any pre-specified distribution such as normal6 
distribution with mean zero and variance 𝜎𝜎2. With Equation 13, the Poisson parameter in 
Equation 8 becomes: 
 
𝜆𝜆𝑖𝑖|𝜑𝜑𝑖𝑖 = 𝐸𝐸𝑋𝑋𝑃𝑃(𝛽𝛽𝑋𝑋) (10) 

And, the Poisson parameter in Equation 10 in Poisson-Gamma model becomes: 
 
𝜆𝜆𝑖𝑖|𝜑𝜑𝑖𝑖 = 𝐸𝐸𝑋𝑋𝑃𝑃(𝛽𝛽𝑋𝑋 +∈𝑖𝑖) (11) 

Finally, the following likelihood function for random-parameter model can be maximized 
through maximum simulated likelihood technique (Liu and Khattak 2016 (forthcoming)): 

𝐿𝐿𝐿𝐿 = � 𝑙𝑙𝑛𝑛� 𝑔𝑔(𝜑𝜑𝑖𝑖)𝑃𝑃(
𝑖𝑖

𝜑𝜑𝑖𝑖𝑖𝑖
𝑛𝑛𝑖𝑖|𝜑𝜑𝑖𝑖)𝑂𝑂𝜑𝜑𝑖𝑖 

(12) 

Where: g(.) is the probability density function of randomly distributed term with pre-
specified distribution such as normal distribution with mean zero and variance 𝜎𝜎2. More details 
on random parameter models can be found in (Anastasopoulos and Mannering 2009, Washington 
et al. 2010).  
 
2.4.3. Functional Forms 
 
In order to develop TN-specific SPFs, three different functional forms are considered using both 
Poisson and Negative Binomial regression techniques. The different functional forms used are 
based on original HSM function form (AASHTO 2010), and functional forms used by other 
researchers for developing SPFs (Khattak et al. 2002, Anastasopoulos and Mannering 2009) 
(Brimley et al. 2012, Mehta and Lou 2013).  
 
First Form (Models 3 and 4): 
 
The functional form for TN-specific SPFs in Model 3 and 4 is exactly similar to the HSM base 
SPF (Eq. 3) keeping in view its simple structure and minimal data requirements. Thus, model 3 
(based on Poisson distribution) and model 4 (based on negative binomial distribution) are of the 
form: 
 
𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∗ 𝐿𝐿 ∗ 365 ∗ 10−6 ∗ 𝑒𝑒𝛽𝛽𝑜𝑜  (13) 

 
                                                 
6 Different distributions are tested for random parameters in this study such as normal, log-normal, uniform, 
triangular, and tent distributions (Train 2003).  



Where: 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 is expected number of crashes for given study period, AADT and L refers to 
Annual Average Daily Traffic and segment length, and 𝛽𝛽𝑜𝑜 is the parameter to be estimated. In 
essence, Poisson and negative binomial regressions based on functional form in Eq.13 are 
equivalent to constant-only regression models with exposure as an offset variable7. Exposure is 
calculated as 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∗ 𝐿𝐿 ∗ 365 ∗ 10−6{𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑂𝑂, 2010 #1}.  
 
Second Form (Models 5 and 6): 
 
The second functional form tested in this study is similar to the HSM functional form (Eq. 13) in 
terms of minimal data requirements. For example, only AADT and segment length are used as 
two potential explanatory variables in Models 5 (Poisson regression) and 6 (negative binomial 
regression). However, the functional form differs from HSM functional form (Eq. 13) in terms of 
variable specification, and is: 
 
𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑒𝑒𝑒𝑒𝑒𝑒(𝛽𝛽𝑜𝑜) ∗ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝛽𝛽1 ∗ 𝐴𝐴𝑒𝑒𝑔𝑔𝑙𝑙𝑒𝑒𝑛𝑛𝛽𝛽2  
 

(13) 

 
Where: 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 is expected number of crashes for given study period, AADT and L refers to 
Annual Average Daily Traffic and segment length, and 𝛽𝛽𝑜𝑜, 𝛽𝛽1, and 𝛽𝛽2 are the parameters to be 
estimated. The functional form in Eq. 13 is equivalent to regressing crash frequency on natural 
logarithm of AADT and natural logarithm of segment length. This functional form is used by 
several researchers in modeling crash frequencies, for example see (Khattak et al. 2002, Mehta 
and Lou 2013, Kamrani et al. 2017) and the references therein.  
 
Third Form (Models 7 and 8): 
 
The third functional form used in this study is shown in Equation 14: 
 

ln(𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆) = 𝛽𝛽𝑜𝑜 + �𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖

𝑆𝑆

𝑖𝑖=1

 
(13) 

 
A re-arrangement of Equation 13 then predicts the number of crashes for the study time period, 
as: 
 
𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = exp[𝛽𝛽𝑜𝑜+∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖]𝑃𝑃

𝑖𝑖=1   (14) 
 
Where 𝑋𝑋𝑖𝑖 is a matrix of explanatory factors such as AADT, segment length, lane width, shoulder 
width, and other factors, and 𝛽𝛽𝑖𝑖 is a column-vector of parameter estimates associated with each 
of the variable in matrix 𝑋𝑋𝑖𝑖. Model 7 refers to SPF based on Poisson regression whereas model 8 
refers to SPF based on negative binomial regression. This functional is also widely used by 
researchers for modeling crash frequencies, and as such is also used in the current study 
(Schneider et al. 2004, Quddus 2008, Anastasopoulos and Mannering 2009, Washington et al. 
2010, Dong et al. 2014, Dong et al. 2014).  
 
Fourth Form (Model 9 and 10): 
 
                                                 
7 Offset variable in count data modeling framework refers to variable whose coefficient is constrained to be equal to 
one i.e. a linear relationship is assumed between crash frequency and offset variable. In this study, as required by 
HSM functional form, the coefficient on exposure variable is constrained to 1.  



Finally, Model 9 incorporates unobserved heterogeneity in crash data in addition to using 
information on all available variables as in Model 7 and 9 (Eq. 13). This can potentially help in 
providing insights about the effects of different factors on crash frequency while accounting for 
omitted variable bias. The SPFs in Model 9 and 10 are developed using simulation based random 
parameter Poisson (model 9) and negative binomial (model 10) modeling techniques (as 
discussed above). The functional form is: 
 
𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = exp[𝛽𝛽𝑜𝑜+∑ 𝛾𝛾𝑖𝑖𝑍𝑍𝑖𝑖+∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖]𝑃𝑃

𝑖𝑖=1
𝑄𝑄
𝑖𝑖=1   (15) 

 
Where 𝑍𝑍𝑖𝑖 is a matrix of explanatory factors that are random parameters, 𝛾𝛾𝑖𝑖is a column-vector of 
parameter estimates associated with each variable in matrix 𝑍𝑍𝑖𝑖, 𝑋𝑋𝑖𝑖  is a matrix of explanatory 
factors that are fixed parameters and 𝛽𝛽𝑖𝑖 is a column-vector of parameter estimates associated 
with each of the variable in matrix 𝑋𝑋𝑖𝑖. 
 
In summary, the following models are considered based on different functional forms and/or 
different count data distributional assumptions.  
 

• Model 1: Uncalibrated HSM SPF 
• Model 2: Calibrated HSM SPF 
• Model 3: TN SPF Poisson SPF based on first functional form  
• Model 4: TN SPF Negative Binomial SPF based on first functional form 
• Model 5: TN SPF Poisson SPF based on second functional form 
• Model 6: TN SPF Negative Binomial SPF based on second functional form 
• Model 7: TN SPF Poisson SPF based on third functional form 
• Model 8: TN SPF Negative Binomial SPF based on third functional form 
• Model 9: TN SPF Random Parameter Poisson regression based SPF.  
• Model 10: TN SPF Random Parameter negative binomial regression based SPF. 

2.4.4. Goodness of Fit Measures 
 
The goodness of fit measures for a particular econometric model describes how well the 
estimated model fits the data at hand. In essence, it describes the discrepancies between the 
observed and predicted values of crashes. In this analysis, we use log-likelihood at convergence, 
McFadden R-square, Akaike Information Criteria (Bozdogan 1987, Akaike 2011), and Bayesian 
Information Criteria (Schwarz 1978) to evaluate the statistical adequacy of all estimated models. 
For mathematical formulations of the afore-mentioned criteria, interested readers are referred to 
(Schwarz 1978, Bozdogan 1987, Akaike 2011). A lower value of AIC and BIC indicates a 
relatively better model. As the number of estimated parameters affect AIC and BIC, it effectively 
discourages overfitting of crash data by penalizing the addition of undesirable parameters (Mehta 
and Lou 2013).  
 
2.4.5. Models Validation 
 
One of the main objective of estimating more realistic crash frequency models is to enhance 
crash forecast accuracy. Thus, it is important to evaluate the prediction accuracies of all 
estimated models in approximating out-of-sample crashes. To compare the estimated models in 
terms of model fit and out-of-sample predictions, the data was randomly divided into two 
categories, one for model estimation (training) and the other for model testing/validation. 



Specifically, 70% of the data (N=209) are used for model fitting. All the models (Model 1 
through 10) are estimated and fitted with this subset of data. The remaining 30% of the data 
(N=90) are used for model testing/validation of the HSM SPFs (Model 1 and 2) and Tennessee 
specific SPFs (Model 3 through 10).  
 
To quantify uncertainties in out-of-sample predictions and forecasts, Mean Absolute Error 
(MAE) (Washington et al. 2010) and Root Mean Square Error (RMSE), and Mean Prediction 
Bias are calculated (Washington et al. 2010). Mean absolute error can be calculated as: 
 

𝐶𝐶𝐴𝐴𝐸𝐸 =
1
𝑛𝑛
�|𝑓𝑓𝑖𝑖 − 𝑦𝑦𝑖𝑖| =

1
𝑛𝑛
�|𝑒𝑒|
𝑛𝑛

𝑖𝑖=1

𝑛𝑛

𝑖𝑖=1

 
(16) 

 
Where: 𝑓𝑓𝑖𝑖  is the predicted crash frequency and 𝑦𝑦𝑖𝑖  is the observed crash frequency. MAD gives 
the average magnitude of the variability of prediction. Smaller values are preferred to larger 
values. Next, root-mean squared error (RMSE) can be calculated as (Mehta and Lou 2013): 

𝑅𝑅𝐶𝐶𝐴𝐴𝐸𝐸 = �
1
𝑛𝑛
�(𝑓𝑓𝑖𝑖 − 𝑦𝑦𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

  

(17) 

 
Similar to MAE, a lower value of RMSE implies a better model. And, finally mean prediction 
bias can be calculated as: 
 

𝐶𝐶𝑃𝑃𝑀𝑀 =
1
𝑛𝑛
�(𝑓𝑓𝑖𝑖 − 𝑦𝑦𝑖𝑖) =

1
𝑛𝑛
�(𝑒𝑒𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

𝑛𝑛

𝑖𝑖=1

 
(18) 

 
Unlike the MAE, the MPB can be positive or negative. A positive value of the MPB indicates 
that the SPF is overestimating the number of crashes, whereas a negative value implies the 
conclusion that the site is safer than it actually is (Washington et al. 2010, Mehta and Lou 2013). 

3. RESULTS 
 
3.1. Descriptive Statistics 
 
Table 1 presents the descriptive statistics of crash frequencies on rural two-lane two-way roads in 
Tennessee, key correlates and additional correlates respectively. Based on their distributions, key 
summary statistics, and extraction from a well-organized and integrated state database, the 
underlying data is of reasonable quality. For example, average five years crashes across 299 rural 
two-lane two-way segments are distributed with a mean of 1.247 and a standard deviation of 
1.883 which highlights slight over-dispersion in crash data. Regarding key correlates, the mean 
of average 5 years AADT is 1828 whereas the mean segment length is observed to be 1.149 
miles. For the sampled roadways, segment lengths vary across the State with minimum segment 
length of 0.1 miles and maximum segment length of 7.2 miles. Lighting is present on 
approximately 24% of rural two-lane two-way roads, whereas center line rumble strips and 
passing lanes are present on approximately 19% and 27% of roadways respectively (Table 1). 
The descriptive statistics of other key variables can be interpreted in similar way. In order to help 
visualizing the relationships between crash frequencies and key correlates, Figure 3 illustrates 
matrix scatter plot for all variables considered in the analysis. Furthermore, simple correlation 



values (in red text) are shown in Figure 3 to quantify potential associations between crash 
frequencies and key explanatory variables. The data were error checked by the authors for 
consistency8.  

Table 1: Descriptive statistics of key variables 
 Variable   Obs Mean Std. Dev. Min Max 

Crash 
frequencies 

Total 5 years Crashes 299 6.234 9.413 0 73 
Average 5 years crashes 299 1.247 1.883 0 14.6 

Key variables Total 5 years AADT 299 9141.000 11453.000 302 73056 
Average 5 years AADT 299 1828.000 2290.000 60.4 14611.2 
Segment length (miles) 299 1.149 1.303 0.1 7.2 

Additional 
variables 

Lane width 299 10.436 1.258 7 12 
Combined shoulder width 299 3.348 2.593 0 12 
Gravel shoulder 299 0.291 0.455 0 1 
Asphalt Concrete shoulder 299 0.421 0.495 0 1 
Turf shoulder 299 0.288 0.453 0 1 
Lighting 299 0.241 0.428 0 1 
Speed limit 299 39.866 9.562 20 55 
Presence of C/L rumble strips 299 0.187 0.399 0 1 
Presence of passing lane 299 0.268 0.443 0 1 
Presence of short-four-lane-
section 

299 0.010 0.100 0 1 

Presence of two way left turn lane 299 0.017 0.128 0 1 

                                                 
8 Note that, for five roadway segments in ETRIMS, speed limit was recorded as 70 mph which is likely erroneous 
for rural two-way two-lane segments. As such, the authors traced these segments in TDOT’s Roadway Inventory 
Image Viewer Web Applications and extracted the correct speed limits based on the posted speed limit signs on 
these segments. The posted speed limits were 50 mph and 55 mph for three and two segments, respectively.  
 



 
Figure 3: Scatterplot matrix for crash data and associated correlates 

3.2. Crash rates by vehicles miles travelled and segment length 
 
Crash rates can be estimated that can be an effective “first brush” tool to quantify the relative 
safety at particular locations, in this case rural two-lane two-way roads. Table 2 provides average 
crash rates (for all four regions) and region wise crash rates by vehicles miles travelled and 
segment length. The formulas for crash rate calculations are presented in Methodology section.  

 
The average crash rate per 100 million VMT for all regions is 287.62 with a standard deviation 
of 384.19. Based on the simple crash rate results in Table 2, region 4 appears to be the safest 
with crash rate of 239.34 crashes per 100 million VMT, followed by region 39, whose crash rate 
is 282.93 crashes per 100 million VMT.  

 
 
 
 
 
 
 
 
 

 

                                                 
9 However, the crash rates per each mile of roadway per year indicates that region 3 is the least safe with a crash rate 
of 2.247 crashes per each mile of roadway. This requires a deeper investigation.  



Table 2: Crash Rates by Vehicles Miles Travelled (VMT) and Segment Length. 

Crash Rates/100-millions VMT 
Area N Mean Std. Dev. Min Max* 
All Regions 299 287.62 384.19 0 3320.88 
Region 1 61 331.93 390.97 0 2265.16 
Region 2 61 309.09 533.22 0 3320.88 
Region 3 104 282.93 331.28 0 1570.97 
Region 4 73 239.34 291.81 0 1331.77 

Crashes per each mile of roadway per year 
Area Obs Mean Std. Dev. Min Max 
All Regions 299 1.759 3.793 0 33.99 
Region 1 61 2.100 4.817 0 31.43 
Region 2 61 1.351 1.646 0 7.00 
Region 3 104 2.247 4.885 0 33.99 
Region 4 73 1.121 1.681 0 9.82 
Notes: (*) the extremely high maximum crash rates (as indicated by “max” column) are for 
segments with low number of crashes but also very short segments i.e., ~ 0.15 𝑚𝑚𝑃𝑃𝑙𝑙𝑒𝑒𝑂𝑂); N is 
sample size; Std. Dev. is standard deviation.  
 
 
3.3. HSM default vs TN crash severity level distributions  
 
The HSM SPF for rural two-lane two-way roads (Equation 3), which predicts total number of 
crashes at a particular road segment, is estimated using data that had particular crash severity 
level distributions. Applying the HSM SPF to crash data that has significantly different crash 
severity level distributions (compared to HSM default values) may result in unrealistic estimates. 
Table 3 shows the HSM default and TN-specific crash severity level distributions. A visual 
inspection of results in Table 3 reveal that TN-specific crash severity level distributions are not 
significantly different than the HSM default values.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 3: HSM default vs TN crash severity level distributions. 
 

 HSM Default Values Based on TN-Data 

Crash Severity Level Proportion of total crashes Proportion of total crashes 

Fatal 1.30% 1.38% 
Incapacitating injury 5.40% 7.80% 
Other injury  25.40% 24.90% 
Total fatal plus injury 32.10% 34.19% 

Property damage only 67.90% 65.60% 
Note: HSM distributions based on HSIS data for Washington (2002-2006); 

TN distributions based on E-TRIMS data (2011-2015) 
 
 
3.4. Calibration factors results 
 
The approach used for estimating the calibration factors is discussed in section 2.3.2. 
Specifically, two types of calibration factors are calculated: 
 

• Base Calibration Factors (Cfbase): These calibration factors are estimated by applying 
HSM SPF (Eq. 3) and using data on AADT and segment length only. The calibration 
factor is then calculated by dividing observed crashes over the predicted crashes. For 
Cfbase, all other CMFs are assumed to be equal to one i.e. TN road segments meet HSM 
base case conditions.  

• Adjusted Calibration Factors (Cfadj): These calibration factors are estimated by applying 
Equation 4 i.e. AADT and segment length are used in estimating crashes while 
incorporating CMFs for cases where TN specific roadway geometrics deviate from the 
HSM default values. The calibration factor is then calculated by dividing observed 
crashes over the CMF adjusted predicted crashes (Equation 5).  

The calibration procedure is applied for all regions combined as well as separately for each of the 
four region. In addition, in order to account for the temporal variations, calibration procedure is 
both applied for average of five years of data, as well as separately for each of the five years. The 
entire calibration procedure is automated in Statistical matrix programming language STATA 
MATA, the codes of which are available from the authors10.  
 
The final results are graphically illustrated in Figure 4 through Figure 611, whereas tabular 
summary of region-wise calibration factors in Tennessee is provided in Table 4. Table 4 also lists 
calibration factors found by other states for rural two-lane two-way road segments.  
 
 

                                                 
10 In order to validate the accuracy of customized code, the calibration factors were also calculated using FHWA 
tool, called “The Calibrator.” Doing so revealed 100% match between calibration factors estimated from our own 
code and the FHWA excel spreadsheet based software.  
11 The detailed results of calibration factor procedures are attached in Appendix A.  



  
Table 4: Summary of Calibration Factors in Tennessee and other states in the U.S.  

Tennessee calibration factors for rural two-lane two-way road segments.  
Calibration 
Factors 

Statewide (N 
= 299) 

Region 1 (N 
= 61) 

Region 2 (N 
= 61) 

Region 3 (N 
= 104) 

Region 4 (N 
= 73) 

Base Case 
calibration factors 

2.980 3.532 2.696 3.313 2.311 

CMF modified 
calibration factors 

2.489 2.584 2.444 2.776 2.023 

Calibration factors for rural two-lane two-way road segments in other states 
Illinois (Williamson and Zhou 2012) 1.40 

Louisiana (Sun et al. 2006) 1.63 
Missouri (Sun et al. 2013) 0.82 
Oregon (Dixon et al. 2012) 0.74 
Utah (Brimley et al. 2012) 1.16 

Alabama (Mehta and Lou 2013) 1.392 
Florida (FDOT 2015) 1.00 

Notes: All reported calibration factors for Tennessee are average of five years calibration factors 
(See Appendix A for details).  
 
  
  
 
 
 



 
Figure 4: Base Case (Cfbase) and Adjusted (Cfadj) Calibration Factors for All Regions. 

 
 

 
 
 
 
 



 

 
Figure 5: Base Case (Cfbase) and Adjusted (Cfadj) Calibration Factors for Region 1 and 2. 

 
 
 



 

 
 

Figure 6: Base Case (Cfbase) and Adjusted (Cfadj) Calibration Factors for Region 3 and 4. 

 



 
Several insights can be obtained from calibration factor results in Figure 4 through Figure 6. 

1. The average five years calibration factor (assuming TN roadway segments meet HSM 
base case conditions) is three, with year-wise calibration factors ranging between 2.75 
and 3.03 (Figure 4). After accounting for the CMFs in calibration factor calculations, the 
average five years calibration factor for all regions is still large (2.5) with year-wise 
calibration factors ranging between 2.4 and 2.5 (Figure 4). This shows that rural two-lane 
two-way road segment crashes are at-least 1.5 times greater than what HSM SPF predicts 
after applying the calibration factors. Calibration factors for other states are closer to 1, 
implying that the HSM SPFs predictions are closer to observed crashes in other states. 

2. Similar to the region-wise factors, both for Region 1 and 2, the average five year 
calibration factors are around 2.5, after correcting for the deviations of TN road segment 
conditions from HSM default values (Figure 5). Also, the year-wise calibration factors do 
not exhibit significant variations. 

3. The calibration factors for Region 3 and 4 are different than the other regions. For 
example, the average five years calibration factor for Region 3 is around 2.8 with no 
year-wise calibration factor less than 2.5 (Figure 6). This suggests that crashes in Region 
3 are on average 1.8 times higher than the predictions made by HSM SPF, after 
correcting for the deviations of TN road segment conditions from HSM default values.  

4. Region 4 appears to be the safest with average five years calibration factor (Cfadj) 
equaling 2.0 with yearly calibration factors varying between 1.52 and 2.412.  

Overall, the calibration factor results suggest that observed crashes on Tennessee rural two-lane 
two-way roads are significantly greater than the crashes predicted by calibrated HSM safety 
performance functions. 
 
 
3.5. Tennessee Specific Safety Performance Functions 
 
In this section, we present the results of all the models considered in this study. Specifically, 
eight different SPFs are developed based on different distributional assumptions (Poisson and 
Negative Binomial) and different functional forms (see Section 2.4.3). All the fixed parameter 
models (Model 3 through 8) are estimated by using Stata built-in commands (nbreg and 
poisson) whereas the likelihood and simulation draws for random parameter models (Model 9 
and 10) are coded in Stata’s Matrix Programming Language MATA.  
 
All the models were derived from a systematic process to include most important variables 
(available in the data set) on basis of statistical significance, specification parsimony, and 
intuition. First, a series of ordinary least square regressions were estimated to spot correlations 
and patterns in data. Next, a series of Poisson and Negative Binomial regressions (both fixed and 
random parameter) were estimated. Specifically, all variables (shown in Table 1) were tested and 
finally statistically significant variables were retained in the final model specifications.  
 
 
 

                                                 
12 This result is in agreement with the results obtained from crash rate analysis for region 4 (i.e. crash rate per 100 
million VMT and crash rate per segment mile of 239.34 and 1.121 respectively. 



 
 
 
3.5.1. Model Selection and Performance Comparison 
 
Before discussing the results of Tennessee-specific SPFs in detail, for brevity, we present the 
final summary statistics (goodness-of-fit measures)13 of all estimated models with different 
distributional assumptions and functional forms in Table (5). Following (Bozdogan 1987) and 
(Long and Freese 2006), Bayesian Information Criterion (BIC) and Akaike Information Criterion 
(AIC) can be used to evaluate competing nested and/or non-nested models. As can be seen in 
Table 5, among all the estimated models, Model 5 (Poisson SPF based on logarithms of AADT 
and segment length) has the lowest AIC and BIC which indicates relatively superior “in-sample” 
fit, followed by Model 3 (Poisson SPF based on HSM functional form), and finally Model 9 
(Random Parameter Poisson SPF).  
 

Table 5: Goodness of Fit Statistics of TN-Based SPFs. 
Functional Form TN-Specific 

SPFs 
Obs LL(Null) LL(Convergence) DF AIC BIC 

First Form* Model 3 209 -233.022 -233.022 1 468.04 471.39 
Model 4 209 -232.39 -232.39 2 468.79 475.48 

Second Form** Model 5 209 -410.68 -227.4 3 460.80 470.83 
Model 6 209 -325.37 -227.39 4 462.78 476.15 

Third Form*** Model 7 209 -410.68 -256.03 7 526.06 549.46 
Model 8 209 -325.37 -261.03 8 527.31 551.60 

Fourth Form**** Model 9 209 -466.91 -246.6 9 509.31 541.10 
Model 10 209 -466.9135 -246.608 10 513.22 546.64 

 
Notes:  

1. “Obs” is the sample size; LL(Null) is log-likelihood of constant only model; 
LL(Convergence) is log-likelihood at convergence.; DF is number of parameters 
estimated;  AIC is Akaike Information Criteria; and BIC is Bayesian Information 
Criteria.; (a) is SPF based on Poisson distribution; (b) is SPF based on negative-binomial 
distribution.  

2. (*) First form is 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∗ 𝐿𝐿 ∗ 365 ∗ 10−6 ∗ 𝑒𝑒𝛽𝛽𝑜𝑜;  
3. (**) Second form is 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑒𝑒𝑒𝑒𝑒𝑒(𝛽𝛽𝑜𝑜) ∗ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝛽𝛽1 ∗ 𝐴𝐴𝑒𝑒𝑔𝑔𝑙𝑙𝑒𝑒𝑛𝑛𝛽𝛽2; 
4. (***) Third form is ln(𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆) = 𝛽𝛽𝑜𝑜 + ∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖𝑆𝑆

𝑖𝑖=1 ; 

5. (****) Fourth form is 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = exp[𝛽𝛽𝑜𝑜+∑ 𝛾𝛾𝑖𝑖𝑍𝑍𝑖𝑖+∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖]𝑃𝑃
𝑖𝑖=1

𝑄𝑄
𝑖𝑖=1  

 

                                                 
13 Note that the goodness of fit measures (such as log-likelihood at convergence and likelihood-ratio test statistic 
based on this) presented in Table 4 are indicators for “explanatory” power of competing models. Importantly, 
“explaining” vs “predicting” are two different dimensions for which statistical models may be estimated (Shmueli 
2010). While AIC is derived from a predictive viewpoint, yet it is indicator of “in-sample” fitting capabilities of 
competing models (Shmueli 2010). Having said this, AIC can be used to evaluate “in-sample” fits of competing 
models and cannot be used for evaluating “out-of-sample” forecasts. In other words, a model with better AIC 
(lowest AIC) can have high out-of-sample forecast errors such as Mean Absolute Error or Root Mean Square Error.  
 
 
 



While the SPFs based on only two covariates such as logarithms of AADT and segment length 
(Model 5 and 6) performs relatively best, it is interesting to note that TN-specific SPF based on 
HSM functional form (which only includes estimation of the intercept) performs relatively well 
in fitting the “training” or “in-sample” data (Table 4). The SPFs based on including all covariates 
(third form) have the highest AIC and BIC values (lower in-sample fit).  
 
3.5.2. Modeling Results 
 
Table 6 and 7 present the results of all Tennessee specific SPFs for rural two-lane two-way 
roads. Specifically, Table 6 summarizes the results of fixed parameter SPFs based on Poisson 
and Negative Binomial distributions, and different functional forms, whereas, Table 7 
summarizes the results of random parameter Poisson and Negative Binomial SPFs. 
 
Referring to the parameter estimates in Table 6 and 7 for different models, a positive sign on 
parameter estimate shows that specific variable is positively correlated with crash frequency, and 
vice versa. For instance, in Model 4, it can be seen that AADT and segment length are positively 
correlated with crash frequency on rural two-lane two-way roads. This finding is in agreement 
with the extant traffic safety literature. Likewise, in Model 7, it can be seen that increasing 
shoulder width is associated with a decrease in crash frequency on rural two-lane two-way roads. 
Overall, the results shown in Table 6 suggest absence of over-dispersion, and which favors 
statistical superiority of Poisson regression based SPFs. This finding can also be confirmed in 
Table 4 where AICs and BICs of Poisson based SPFs are at most equal to the AICs and BICs of 
their negative binomial counterparts.  
 
Coming to results in Table 7,  the random parameter Poisson and Negative Binomial SPFs 
resulted in better statistical fit (relative to the fixed parameter counterparts as in Model 7 and 8 in 
Table 6), as is shown by better AIC and BIC values in Table 4. The random parameter models in 
Table 6 are estimated by specifying a functional form for the parameter density function, and 
using simulation-based maximum likelihood procedures with 200 Halton draws (Anastasopoulos 
and Mannering 2009, Li et al. 2017). Different functional forms are tested for the random-
parameters density functions such as normal, lognormal (which constraints the influence of 
estimated parameter to be strictly negative or vice versa), tent, triangular, and uniform 
distributions. However, density function based on normal distribution resulted in best fit.  
 
Specifically, random parameter estimation technique helps in capturing the heterogeneous 
associations between response outcome and explanatory variables. For instance, both AADT and 
segment length are observed to normally distributed random parameters, suggesting that the 
effects of these variables vary across different rural two-lane two-way road segments in 
Tennessee. Incorporating the presence of significant unobserved heterogeneity resulted in 
significantly better AIC and BIC values, and McFadden R-square (Mc-Fadden R-square of 0.471 
for random parameter Poisson in Table 7 compared to McFadden R-square of 0.375 for fixed 
parameter Poisson in Table 6). Also, the results in Table 7 also suggest that random parameter 
Poisson regression is statistically superior to random parameter Negative Binomial regression14.  
 
 

                                                 
14 This is intuitive as negative binomial regression models are typically used to capture over-dispersion in crash data. 
With random-parameter Poisson regressions, it is likely that majority of the over-dispersion is captured in form of 
unobserved heterogeneity and thus no (or little) over-dispersion may be left in data for random parameter negative 
binomial based regression model to capture (El-Basyouny and Sayed 2009).  



Table 6: Estimation Results (Tennessee Specific Fixed Parameter Count Data Models) (Models 3 through 8). 
 Model 3a Model 4b Model 5 a Model 6 b Model 7 a  Model 8 b 

 Param t-stat Param t-stat Param t-stat Param t-stat Param t-stat Param t-stat 
Constant 0.7468 12.36 0.774 10.93 -5.456 -10.89 -5.462 -10.78 -1.765 -4.99 -1.949 -5.05 
Exposure*(offset) 1 --- 1 --- --- --- --- --- --- --- --- --- 
AADT (ln form) --- --- --- --- 0.783 12.17 0.784 12.03 --- --- --- --- 
Segment length (ln 
form) 

--- --- --- --- 0.904 14.35 0.904 14.26 --- --- --- --- 

AADT (in thousands) --- --- --- --- --- --- --- --- 0.271 10.41 0.291 7.822 
Segment length  --- --- --- --- --- --- --- --- 0.456 12.41 0.511 10.23 
Shoulder width --- --- --- --- --- --- --- --- -0.165 -4.73 -0.172 -4.21 
Speed limit --- --- --- --- --- --- --- --- 0.024 2.81 0.023 1.21 
LW dummy (1 if lane 
width >= 10) 

--- --- --- --- --- --- --- --- 0.075 0.37 0.169 0.73 

Passing lane dummy --- --- --- --- --- --- --- --- 0.203 1.29 0.225 1.17 
Over-dispersion --- --- 0.0515 0.856 --- --- 0.005 0.119 --- --- 0.191 2.3 
Summary 
Statistics** 

            

McFadden R-square 0 0 0.446 0.301 0.375 0.025 
Chi-square Statisticc --- --- 366.56 195.96 309.29 151.89 
Prob > Chi-square --- --- 0.0000 0.0000 0.0000 0.0000 
N 209 209 209 209 209 209 

Notes: (*) Exposure is AADT*Segment length*365*0.000001; (**) Other in-sample goodness of fit statistics are provided in Table 5; Param is 
parameter estimate; (a) is SPF based on Poisson distribution; (b) is SPF based on negative-binomial distribution; (c) No Chi-square statistic is 
applicable for Model 3 and 4 as they are in essence constant-only models where all other coefficients are forced to be zero; (---) means Not-
Applicable; Model 3 through 8 are defined in section 2.4.3.  
 
 



Table 7: Estimation Results (Tennessee Specific Random Parameter Count Data Models) 
(Models 9 and 10) 

 Model 9 a Model 10 b 

Variables Param SE t-stat Param SE t-stat 
Fixed Parameters       
Constant -1.9 0.314 -6.04 -1.9 0.321 -5.91 
Shoulder width -0.166 0.033 -5.02 -0.166 0.033 -4.96 
Speed limit 0.016 0.007 2.01 0.018 0.009 1.97 
LW dummy (1 if lane width >= 10, 0 
otherwise) 

0.335 0.106 3.16 0.321 0.202 1.58 

Passing lane dummy 0.266 0.131 2.031 0.264 0.149 1.789 
Random Parameters       
AADT (in thousands) 0.289 0.027 10.52 0.278 0.025 11.12 
standard deviation 0.036 0.015 2.37 0.035 0.011 3.181 
Segment length 0.543 0.043 12.56 0.541 0.041 13.19512 
standard deviation 0.16 0.025 6.2 0.17 0.026 6.53846 
Over-dispersion        ---  --- --- 0.003 0.07 0.052 
Summary Statistics*       
McFadden Pseudo R-square 0.471 0.469 
Chi-square Statistic 440.60 438.12 
Prob > Chi-square 0.0000 0.0000 
N 209 209 

Notes: (*)Other in-sample goodness of fit statistics are provided in Table 5; Param is parameter 
estimate; SE is standard error; (a) is random-parameter SPF based on Poisson distribution; (b) is 
random-parameter SPF based on negative-binomial distribution; (---) means Not-Applicable; 
Model 9 and 10 are defined in section 2.4.3.  
 
 
3.5.3. Out of Sample Forecast Evaluation 
 
One of the main objective of estimating more realistic crash frequency models is to enhance 
crash forecast accuracy. Thus, it is important to evaluate the prediction accuracies of all 
estimated models in approximating out-of-sample crashes. While the goodness of fit statistics 
presented in Table 5 provide valuable insights regarding “in-sample” fit of the all estimated 
models, “out-of-sample” forecast accuracy cannot be readily inferred from the statistics 
presented in Table 5. As such, we evaluate the model’s true “out-of-sample” forecast capabilities 
by using holdout set technique and calculating statistics that enable us to evaluate “out-of-
sample” forecast capabilities of all estimated models (see section 2.4.5 for details). The results of 
out-of-sample forecast errors of all estimated models are presented in Table 8. The smaller the 
values of Mean Absolute Error (MAE) and Root Mean Square Error (RMSE), the better. Positive 
values of Mean Prediction Bias (MPB) show that SPF is over-estimating, while negative values 
show that particular SPF is under-estimating.  
 
Among all the models tested, Model 9 (TN-Specific Random Parameter Poisson SPF) exhibit 
relatively best out-of-sample forecast capabilities with lowest MAE, RMSE, and MPB, followed 
by Model 5 (Poisson SPF based on logarithms of AADT and segment length), and Model 3 
(Poisson SPF based on HSM functional form). 



 
 Table 8: Out-of-Sample Forecast Evaluation  

Functional Forms Model Mean 
Absolute 

Errora 

Root Mean 
Square 
Errorb 

Mean 
Prediction 

Biasc 
HSM SPFs HSM-SPF (Model 1) 1.865 1.365 -0.73 

(HSM-SPF)*CF (Model 2) 1.571 1.253 -0.069 
First Form* TN-SPF- Poisson Regression (Model 3) 1.569 1.252 0.18 

TN-SPF- NB Regression (Model 4) 1.606 1.267 0.179 

Second Form** TN-SPF- Poisson Regression (Model 5) 1.265 1.125 0.051 
TN-SPF- NB Regression (Model 6) 1.266 1.125 0.05 

Third Form*** TN-SPF- Poisson SPF (Model 7) 2.208 1.485 0.354 

TN-SPF- NB SPF (Model 8) 3.327 1.824 0.515 
Fourth Form*** TN-Specific Random Parameter Poisson 

SPF (Model 9) 
1.199 1.095 0.034 

TN-Specific Random Parameter 
Negative Binomial SPF (Model 10) 

1.224 1.315 0.041 

Notes:  
Highlighted in bold are models that perform better in terms of out-of-sample predictions. 
(*) First form is 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∗ 𝐿𝐿 ∗ 365 ∗ 10−6 ∗ 𝑒𝑒𝛽𝛽𝑜𝑜;  
(**) Second form is 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑒𝑒𝑒𝑒𝑒𝑒(𝛽𝛽𝑜𝑜) ∗ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝛽𝛽1 ∗ 𝐴𝐴𝑒𝑒𝑔𝑔𝑙𝑙𝑒𝑒𝑛𝑛𝛽𝛽2; 
(***) Third form is ln(𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆) = 𝛽𝛽𝑜𝑜 + ∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖𝑆𝑆

𝑖𝑖=1 ; 

(****) Fourth form is 𝑁𝑁𝑇𝑇𝑇𝑇−𝑆𝑆𝑆𝑆𝑆𝑆 = exp[𝛽𝛽𝑜𝑜+∑ 𝛾𝛾𝑖𝑖𝑍𝑍𝑖𝑖+∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖]𝑃𝑃
𝑖𝑖=1

𝑄𝑄
𝑖𝑖=1  

 
Finally, “out-of-sample” mean-estimated over mean-observed number of crashes for HSM SPFs 
(with and without calibration), TN-specific Poisson SPF with logarithms of AADT and segment 
length as explanatory variables (Model 5), and random parameter Poisson SPF with all 
covariates included (Model 9) are shown in Figure 7.  
 
It can be seen that, compared to uncalibrated HSM SPF, “out-of-sample” forecasts for calibrated 
HSM are more closer to the mean equivalence line (red line in Figure 7). Also, compared to 
HSM SPFs (calibrated and uncalibrated) and TN-specific Poisson SPF based on logarithms of 
AADT and segment length only, the out-of-sample predictions for TN-specific random 
parameter Poisson SPF are more evenly distributed across the mean-equivalence line (Figure 7).  
 
 
 
 
 



  

  
Figure 7: Out-of-Sample Predicted Vs Observed Crashes for HSM SPF (with and without calibration) and TN-Specific SPFs based on fixed and 

random parameter Poisson SPFs (Red line indicates the equivalence of mean-estimated and mean-observed values). 
 

.



4. SUMMARY 
 
The interim report provides calibration factor and SPF development analyses for rural two-lane 
two-way road segments in Tennessee. Results of detailed analyses for crash rates, calibration 
factors and SPF development are presented. The average crash rate per 100 million VMT for all 
regions is 287.62 with a standard deviation of 384.19. Based on the region-wise crash-rate 
analysis, region 4 (Memphis) appears to have the lowest crash rate at 239.34 crashes per 100 
million VMT, followed by region 3 (Nashville), with a crash rate of which is 282.93 crashes per 
100 million VMT.  
 
The calibration of HSM SPFs for rural two-lane two-way roads revealed that the average five 
years calibration factor for all regions is 2.5, with year-wise calibration factors ranging between 
2.4 and 2.5. This shows that rural two-lane two-way road segment crashes are at-least 1.5 times 
greater than what HSM SPF predicts after applying the calibration factors. However, some 
differences are observed for region-wise calibration factors as opposed to collective calibration 
factors for all regions. For instance, while the average five year calibration factors for Region 1 
and 2 are around 2.5, the calibration factors for Region 3 and 4 are different than the other 
regions. Specifically, the average five years calibration factors for Region 3 and 4 are around 2.8 
(highest among all regions) and 2.0 (lowest among all regions) respectively. This result is in 
agreement with the results obtained from crash rate analysis for region 4. In summary, the 
calibration factors for Tennessee 2-lane 2-way rural roadways are as follows: 

• State-wide Calibration Factor: 2.489 
• Region 1 Calibration Factor: 2.584 
• Region 2 Calibration Factor: 2.444 
• Region 3 Calibration Factor: 2.776 
• Region 4 Calibration Factor: 2.023 

The calibration of HSM SPF to match local conditions of Tennessee improved the prediction 
accuracies of the HSM SPF, especially, we found out-of-sample forecast errors for calibrated 
HSM SPF to be lower than Tennessee-specific SPFs based on including all variables in the 
model specifications (Model 7 and 8) and almost similar to TN-specific SPF based on HSM 
functional forms. However, TN-specific Poisson SPF based on logarithms of AADT and 
segment length as only covariates (Model 5) performed better than calibrated HSM SPF and TN-
specific SPF based on HSM functional form. Finally, fully specified TN-specific random 
parameter Poisson SPF (Model 9) outperformed all competing SPFs in forecasting out-of-sample 
crashes on Tennessee rural two-lane two-way roads. Thus, our analysis suggests that there exists 
significant variations in the associations between explanatory factors and crash frequencies 
across Tennessee, and capturing such unobserved heterogeneity (as shown in Model 9) can lead 
to significant improvements in out-of-sample forecast errors.  
 
Among all the SPFs tested, the TN-SPF based on HSM functional form (which performs similar 
to the calibrated HSM SPF) and TN-SPF based on logarithms of AADT and segment length as 
only covariates can be used for prediction given its better performance among all fixed-
parameter SPFs tested in this study. The functional forms are15: 
 
 
 
TN-SPF (HSM Functional Form) – Model 3: 
                                                 
15 Please refer to Table 5 and 6 for the parameter estimates of all SPFs.  



 
𝑵𝑵𝑺𝑺𝑺𝑺𝑺𝑺 = 𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 ∗ 𝑳𝑳 ∗ 𝟑𝟑𝟑𝟑𝟑𝟑 ∗ 𝟏𝟏𝟏𝟏−𝟑𝟑 ∗ 𝒆𝒆𝟏𝟏.𝟕𝟕𝟕𝟕𝟑𝟑𝟕𝟕 

 
 
TN-SPF (logarithms of AADT and Segment Length only) – Model 5: 
 

𝑵𝑵𝑺𝑺𝑺𝑺𝑺𝑺 = 𝒆𝒆𝒆𝒆𝒆𝒆(−𝟑𝟑.𝟕𝟕𝟑𝟑𝟑𝟑) ∗ 𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝟏𝟏.𝟕𝟕𝟕𝟕𝟑𝟑 ∗ 𝑺𝑺𝒆𝒆𝑺𝑺𝑺𝑺𝒆𝒆𝑺𝑺𝟏𝟏.𝟗𝟗𝟏𝟏𝟕𝟕 
 
However, based on our econometric, model evaluation and validation analysis, we suggest the 
random parameter Poisson SPF (Model 9) to be used for better predicting crashes on rural two-
lane two-way roads in Tennessee, the functional form of which is: 
 
Random Parameter Poisson SPF – Model 9: 
𝑵𝑵𝑺𝑺𝑺𝑺𝑺𝑺 = 𝐞𝐞𝐞𝐞𝐞𝐞(−𝟏𝟏.𝟗𝟗𝟏𝟏𝟏𝟏𝟗𝟗) ∗ 𝐞𝐞𝐞𝐞𝐞𝐞(−𝟏𝟏.𝟏𝟏𝟑𝟑𝟑𝟑 ∗ 𝑺𝑺𝑺𝑺) ∗ 𝐞𝐞𝐞𝐞𝐞𝐞(𝟏𝟏.𝟏𝟏𝟏𝟏𝟑𝟑𝟕𝟕𝟑𝟑 ∗ 𝒔𝒔𝒆𝒆𝒆𝒆𝒆𝒆𝒔𝒔𝑺𝑺𝒔𝒔𝒔𝒔)

∗ 𝐞𝐞𝐞𝐞𝐞𝐞(𝟏𝟏.𝟑𝟑𝟑𝟑𝟑𝟑𝟕𝟕 ∗ 𝑺𝑺𝒍𝒍𝑺𝑺𝒆𝒆𝒔𝒔𝒍𝒍𝒔𝒔𝒔𝒔𝒍𝒍)
∗ 𝐞𝐞𝐞𝐞𝐞𝐞�𝟏𝟏.𝟗𝟗𝟑𝟑𝟕𝟕𝟏𝟏 ∗ 𝒆𝒆𝒑𝒑𝒆𝒆𝒔𝒔𝒆𝒆𝑺𝑺𝒑𝒑𝒆𝒆 𝒐𝒐𝒐𝒐 𝒆𝒆𝒍𝒍𝒔𝒔𝒔𝒔𝒔𝒔𝑺𝑺𝑺𝑺 𝑺𝑺𝒍𝒍𝑺𝑺𝒆𝒆� ∗ 𝐞𝐞𝐞𝐞𝐞𝐞(𝟏𝟏.𝟑𝟑𝟕𝟕𝟑𝟑𝟕𝟕 ∗ 𝒔𝒔𝒆𝒆𝑺𝑺𝑺𝑺𝒆𝒆𝑺𝑺)
∗ 𝐞𝐞𝐞𝐞𝐞𝐞 (𝟏𝟏.𝟗𝟗𝟕𝟕𝟗𝟗 ∗ 𝒍𝒍𝒂𝒂𝒆𝒆𝒑𝒑𝒍𝒍𝑺𝑺𝒆𝒆 𝒐𝒐𝒔𝒔𝒂𝒂𝒆𝒆 𝒍𝒍𝒆𝒆𝒍𝒍𝒑𝒑𝒔𝒔 𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 𝒔𝒔𝑺𝑺 𝒕𝒕𝒕𝒕𝒐𝒐𝒍𝒍𝒔𝒔𝒍𝒍𝑺𝑺𝒔𝒔𝒔𝒔) 

 
Overall, the calibration factor results suggest that observed crashes on Tennessee rural two-lane 
two-way roads are significantly greater than the crashes predicted by calibrated HSM safety 
performance functions. Phase 1 of this project has not only provided calibration factors, it has 
also developed/tested new Safety Performance Functions for rural 2-lane 2-way roadways. Phase 
2 of this project will develop calibration factors and safety performance functions for other 
roadway classifications.  
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APPENDIX A: Calibration Factors Over Space and Time 
 
 

TABLE A.1: Calibration Factors All Regions (Base Case HSM) 
Calibration Factors All Regions (Base Case HSM) 

Variable N Mean SD Min  Max Sum CF 
Average 5 Years Crashes 299 1.246 1.882 0 14.6 372.8 2.980 
Predicted 5 Years Crashes 299 0.418 0.683 0.002 4.69 125.09 
Observed 2015 Crashes 299 1.3 2.32 0 15 389 3.070 
Predicted 2015 Crashes 299 0.42 0.69 0.002 4.97 126.72 
Observed 2014 Crashes 299 1.23 2.09 0 16 369 3.047 
Predicted 2014 Crashes 299 0.4 0.66 0.002 4.99 121.12 
Observed 2013 Crashes 299 1.14 2.08 0 19 342 2.765 
Predicted 2013 Crashes 299 0.41 0.67 0.002 4.51 123.68 
Observed 2012 Crashes 299 1.26 2.05 0 15 379 3.044 
Predicted 2012 Crashes 299 0.41 0.67 0.001 4.3 124.52 
Observed 2011 Crashes 299 1.28 2.26 0 16 385 2.974 
Predicted 2011 Crashes 299 0.43 0.71 0.002 4.86 129.46 

 
TABLE A.2: Calibration Factors All Regions (Base + CMF Adj) 

Calibration Factors All Regions (Base + CMF Adj) 
Variable N Mean SD Min  Max Sum Cfbase Cfadj 
Average 5 Years Crashes 299 1.24 1.88 0 14.6 372.8  

2.980 
 

2.489 Predicted 5 Years Crashes 299 0.5 0.91 0.002 5.87 149.8 
Observed 2015 Crashes 299 1.3 2.32 0 15 389  

3.070 
 

2.568 Predicted 2015 Crashes 299 0.5 0.92 0.002 6.002 151.5 
Observed 2014 Crashes 299 1.23 2.09 0 16 369  

3.047 
 

2.554 Predicted 2014 Crashes 299 0.48 0.88 0.002 5.58 144.47 
Observed 2013 Crashes 299 1.14 2.08 0 19 342  

2.765 
 

2.300 Predicted 2013 Crashes 299 0.49 0.92 0.002 5.86 148.7 
Observed 2012 Crashes 299 1.26 2.05 0 15 379  

3.044 
 

2.537 Predicted 2012 Crashes 299 0.49 0.91 0.002 5.81 149.4 
Observed 2011 Crashes 299 1.28 2.26 0 16 385  

2.974 
 

2.487 Predicted 2011 Crashes 299 0.51 0.94 0.002 6.12 154.8 
 
 
 
 
 
 
 

 
 

TABLE A.3: Calibration Factors Region 1 (Base Case HSM) 
Calibration Factors Region 1 (Base Case HSM) 

Variable N Mean SD Min  Max Sum CF 



Average 5 Years Crashes 61 1.43 2.39 0 14.6 87.6 3.532 

Predicted 5 Years Crashes 61 0.4 0.76 0.01 4.69 24.8 
Observed 2015 Crashes 61 1.31 2.52 0 15 80 3.204 
Predicted 2015 Crashes 61 0.4 0.8 0.002 4.97 24.97 
Observed 2014 Crashes 61 1.32 2.36 0 11 81 3.389 
Predicted 2014 Crashes 61 0.39 0.77 0.003 4.99 23.9 
Observed 2013 Crashes 61 1.42 3.008 0 19 87 3.532 
Predicted 2013 Crashes 61 0.4 0.73 0.01 4.32 24.63 
Observed 2012 Crashes 61 1.62 2.65 0 15 99 3.952 
Predicted 2012 Crashes 61 0.41 0.73 0.012 4.302 25.05 
Observed 2011 Crashes 61 1.49 2.61 0 16 91 3.577 
Predicted 2011 Crashes 61 0.41 0.78 0.012 4.86 25.442 

 
TABLE A.4: Calibration Factors Region 1 (Base + CMF Adj) 

Calibration Factors Region 1 (Base + CMF Adj) 
Variable N Mean SD Min  Max Sum Cfbase Cfadj 
Average 5 Years Crashes 61 1.436 2.398 0 14.6 87.6  

3.532 
 

2.584 Predicted 5 Years Crashes 61 0.557 1.124 0.015 5.878 33.905 
Observed 2015 Crashes 61 1.311 2.52 0 15 80  

3.204 
 

2.347 Predicted 2015 Crashes 61 0.558 1.16 0.002 6.002 34.085 
Observed 2014 Crashes 61 1.327 2.364 0 11 81  

3.389 
 

2.480 Predicted 2014 Crashes 61 0.535 1.106 0.0035 5.587 32.66 
Observed 2013 Crashes 61 1.426 3.008 0 19 87  

3.532 
 

2.557 Predicted 2013 Crashes 61 0.557 1.136 0.0185 5.868 34.022 
Observed 2012 Crashes 61 1.622 2.653 0 15 99  

3.952 
 

2.893 Predicted 2012 Crashes 61 0.56 1.097 0.0145 5.81 34.218 
Observed 2011 Crashes 61 1.491 2.611 0 16 91  

3.577 
 

2.635 Predicted 2011 Crashes 61 0.566 1.132 0.013 6.125 34.5412 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE A.5: Calibration Factors Region 2 (Base Case HSM) 
Calibration Factors Region 2 (Base Case HSM) 



Variable N Mean SD Min  Max Sum CF 
Average 5 Years Crashes 61 1.019 1.347 0 4.8 62.2  

2.6958 Predicted 5 Years Crashes 61 0.378 0.543 0.005 2.672 23.073 
Observed 2015 Crashes 61 1.245 1.937 0 7 76  

3.2846 Predicted 2015 Crashes 61 0.379 0.541 0.007 2.606 23.138 
Observed 2014 Crashes 61 0.364 1.415 0 6 54  

2.4279 Predicted 2014 Crashes 61 0.364 0.513 0.005 2.693 22.2413 
Observed 2013 Crashes 61 0.934 1.412 0 6 57  

2.5616 Predicted 2013 Crashes 61 0.366 0.515 0.004 2.399 22.252 
Observed 2012 Crashes 61 0.901 1.234 0 5 55  

2.3891 Predicted 2012 Crashes 61 0.377 0.533 0.004 2.594 23.021 
Observed 2011 Crashes 61 1.131 2.069 0 9 69  

2.7916 Predicted 2011 Crashes 61 0.405 0.619 0.006 3.069 24.7169 
 
 

TABLE A.6: Calibration Factors Region 2 (Base + CMF Adj) 
Calibration Factors Region 2 (Base + CMF Adj) 

Variable N Mean SD Min  Max Sum Cfbase Cfadj 
Average 5 Years Crashes 61 1.019 1.347 0 4.8 62.2  

2.696 
 

2.444 Predicted 5 Years Crashes 61 0.417 0.683 0.005 3.868 25.448 
Observed 2015 Crashes 61 1.245 1.937 0 7 76  

3.285 
 

2.981 Predicted 2015 Crashes 61 0.418 0.678 0.007 3.706 25.499 
Observed 2014 Crashes 61 0.885 1.415 0 6 54  

2.428 
 

2.228 Predicted 2014 Crashes 61 0.397 0.62 0.004 3.259 24.239 
Observed 2013 Crashes 61 0.934 1.412 0 6 57  

2.562 
 

2.316 Predicted 2013 Crashes 61 0.403 0.661 0.005 3.787 24.612 
Observed 2012 Crashes 61 0.901 1.234 0 5 55  

2.389 
 

2.165 Predicted 2012 Crashes 61 0.416 0.666 0.004 3.668 25.405 
Observed 2011 Crashes 61 1.131 2.069 0 9 69  

2.792 
 

2.510 Predicted 2011 Crashes 61 0.45 0.802 0.006 4.921 27.485 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE A.7: Calibration Factors Region 3 (Base Case HSM) 
Calibration Factors Region 3 (Base Case HSM) 

Variable N Mean SD Min  Max Sum CF 



Average 5 Years Crashes 104 1.417 2.023 0 11.4 147.4  
3.313 Predicted 5 Years Crashes 104 0.427 0.655 0.002 2.998 44.492 

Observed 2015 Crashes 104 1.576 2.693 0 14 164  
3.635 Predicted 2015 Crashes 104 0.433 0.661 0.0021 3.013 45.122 

Observed 2014 Crashes 104 1.403 2.403 0 16 146  
3.359 Predicted 2014 Crashes 104 0.417 0.632 0.003 2.895 43.464 

Observed 2013 Crashes 104 1.326 2.087 0 8 138  
3.152 Predicted 2013 Crashes 104 0.42 0.648 0.001 3.061 43.781 

Observed 2012 Crashes 104 1.451 2.31 0 12 151  
3.425 Predicted 2012 Crashes 104 0.423 0.662 0.0019 2.96 44.083 

Observed 2011 Crashes 104 1.326 2.129 0 10 138  
2.999 Predicted 2011 Crashes 104 0.442 0.681 0.002 3.061 46.009 

 
TABLE A.8: Calibration Factors Region 3 (Base + CMF Adj) 

Calibration Factors Region 3 (Base + CMF Adj) 
Variable N Mean SD Min  Max Sum Cfbase Cfadj 
Average 5 Years Crashes 104 1.417 2.023 0 11.4 147.4  

3.313 
 

2.776 Predicted 5 Years 
Crashes 

104 0.51 0.893 0.002 5.03 53.104 

Observed 2015 Crashes 104 1.576 2.693 0 14 164  
3.635 

 
3.043 Predicted 2015 Crashes 104 0.518 0.904 0.002 5.057 53.893 

Observed 2014 Crashes 104 1.403 2.403 0 16 146  
3.359 

 
2.824 Predicted 2014 Crashes 104 0.497 0.857 0.002 4.86 51.696 

Observed 2013 Crashes 104 1.326 2.087 0 8 138  
3.152 

 
2.633 Predicted 2013 Crashes 104 0.504 0.891 0.001 5.137 52.418 

Observed 2012 Crashes 104 1.451 2.31 0 12 151  
3.425 

 
2.868 Predicted 2012 Crashes 104 0.506 0.899 0.003 4.968 52.657 

Observed 2011 Crashes 104 1.326 2.129 0 10 138  
2.999 

 
2.516 Predicted 2011 Crashes 104 0.517 0.922 0.004 5.137 54.855 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE A.9: Calibration Factors Region 4 (Base Case HSM) 
Calibration Factors Region 4 (Base Case HSM) 

Variable N Mean SD Min  Max Sum CF 



Average 5 Years Crashes 73 1.035 1.53 0 8.6 75.6  
2.311 Predicted 5 Years Crashes 73 0.448 0.762 0.005 4.224 32.72 

Observed 2015 Crashes 73 0.945 1.832 0 8 69  
2.061 Predicted 2015 Crashes 73 0.458 0.775 0.005 4.27 33.4843 

Observed 2014 Crashes 73 1.205 1.848 0 10 88  
2.794 Predicted 2014 Crashes 73 0.431 0.74 0.0049 4.21 31.492 

Observed 2013 Crashes 73 0.821 1.503 0 9 60  
1.819 Predicted 2013 Crashes 73 0.451 0.78 0.006 4.513 32.978 

Observed 2012 Crashes 73 1.013 1.522 0 7 74  
2.286 Predicted 2012 Crashes 73 0.443 0.755 0.005 4.001 32.366 

Observed 2011 Crashes 73 1.191 2.349 0 11 87  
2.613 Predicted 2011 Crashes 73 0.456 0.771 0.005 4.111 33.297 

 
TABLE A.10: Calibration Factors Region 4 (Base + CMF Adj) 

Calibration Factors Region 4 (Base + CMF Adj) 
Variable N Mean SD Min  Max Sum Cfbase Cfadj 

Average 5 Years Crashes 73 1.035 1.53 0 8.6 75.6  
2.311 

 
2.023 Predicted 5 Years Crashes 73 0.511 0.936 0.006 5.069 37.363 

Observed 2015 Crashes 73 0.945 1.832 0 8 69  
2.061 

 
1.812 Predicted 2015 Crashes 73 0.521 0.94 0.006 0.5135 38.077 

Observed 2014 Crashes 73 1.205 1.848 0 10 88  
2.794 

 
2.453 Predicted 2014 Crashes 73 0.491 0.902 0.005 5.061 35.88 

Observed 2013 Crashes 73 0.821 1.503 0 9 60  
1.819 

 
1.590 Predicted 2013 Crashes 73 0.516 0.962 0.006 5.415 37.7404 

Observed 2012 Crashes 73 1.013 1.522 0 7 74  
2.286 

 
1.991 Predicted 2012 Crashes 73 0.509 0.944 0.007 4.802 37.159 

Observed 2011 Crashes 73 1.191 2.349 0 11 87  
2.613 

 
2.292 Predicted 2011 Crashes 73 0.52 0.943 0.005 4.934 37.96 
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