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Abstract

Past research has found a non-linear relationship between traffic intensity or level of service (LOS) and highway crash rates.
This paper investigates this relationship further by including the effects of site characteristics and estimating Poisson regression
models for predicting single and multi-vehicle crashes separately. Analysis focuses on rural two-lane highways, with hourly LOS,
traffic composition, and highway geometric characteristics as independent variables. The resulting models for single and
multi-vehicle crashes have different explanatory variables. Single-vehicle crash rates decrease with increasing traffic intensity
(lower LOS), shoulder width and sight distance. Multi-vehicle crash rates increase with the number of signals, the daily single-unit
truck percentage, and the shoulder width, and decreased on principal arterials compared to other roadway classes. LOS does not
significantly explain variation in the number of multi-vehicle crashes. Ongoing research by the authors is aimed at identifying
other site factors, such as driveway density and intersection LOS, that can better explain the differing effects reported here and
predict crash rates of both types better. © 1999 Elsevier Science Ltd. All rights reserved.
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1. Introduction

One of many important aspects of highway safety
research is developing crash prediction models to quan-
tify the relationship between site characteristics and the
number of crashes observed. These prediction models
can help identify the site characteristics tending to
cause highway crashes. Crash prediction models, till
now, have tended to be macroscopic in nature, meaning
that they predict using summary statistics on traffic
such as annual average daily traffic (AADT) rather
than microscopic measures such as hourly volume
counts. These macroscopic models also tended to con-
sider all crashes together rather than separately by
single and multi-vehicle crash types. Studies that have
considered hourly volumes have generally not consid-

ered geometric effects. In this paper, the significance of
all of these factors—site location, highway geometry,
daylight conditions, and traffic composition—are in-
vestigated together.

The focus of this research was to find differences in
the effects of both traffic condition and site characteris-
tics as independent variables for the expected single and
multi-vehicle crash rates, measured in crashes per year.
Eight different rural two-lane state highway locations
across Connecticut with hourly volume counts between
September 1990 and October 1996 were studied. Pois-
son regression was used to estimate and evaluate mod-
els for predicting the expected number of single and
multi-vehicle crashes at these sites.

2. Previous work

A number of researchers have investigated the effect
of exposure on the number of crashes per year, or crash
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rate. One of the first such studies was by Gwynn (1967)
who analyzed crashes and traffic flow on US Route 22
through the city of Newark, New Jersey. Hourly vol-
umes on every day between the years 1959 and 1963
were classified into 100 volume ranges by magnitude.
Crash rates were computed and plotted for each of
these volume classes, leading to a distinct ‘U’ relation-
ship, with more crashes observed at the higher and the
lower traffic volumes. Zhou and Sisiopiku (1997) per-
formed a similar study on Interstate 94 in Michigan.
This study was slightly different from the previous one
in that it included volume/capacity (6/c) ratio instead
of the absolute traffic volume. As did Gwynn, they
found a distinct ‘U’ relationship between traffic flow
and crash rates. The Gwynn and Zhou and Sisiopiku
studies considered only one roadway segment. Since the
6/c ratio is the same as the absolute traffic volume
where the capacity is constant, the results are the same.
An interesting extension of these studies would be to
consider multiple roadway segments, with segments
having different capacities. Frantzeskakis (1983) sug-
gested that congestion measures, such as the 6/c ratio
or the level of service (LOS), may be better predictor
variables.

Ivan and O’Mara (1997) studied crash rates on
mostly two-lane highways in Connecticut. Like other
studies, they found the frequency of intersections on the
segment to be an important variable. Intersections rep-
resent opportunities for vehicle conflicts; however, it is
important to realize that mid-block crashes may be
caused by completely different phenomena than inter-
section crashes. Furthermore, vehicle interactions at
mid-block locations differ substantially from those at
intersections. Vogt and Bared (1998) accounted for this
by studying mid-block crashes apart from intersection
crashes, and used million-vehicle-miles-traveled for
mid-block exposure and the product of the major and
minor AADT’s for intersection exposure. This study
reported different predictors for each type of crash.

Persaud and Mucsi (1995) used hourly volumes
derived from aggregate adjustment factors to test the
effect of light conditions on these two types of crash.
They found that multi-vehicle crashes mostly occurred
during the daytime when the light conditions were
good, whereas single-vehicle crashes were more likely to
occur after sunset. Also, while single-vehicle crashes
were associated with narrow lanes and shoulders, multi-
vehicle crashes were associated with wide lanes and
shoulders. Hence, Persaud and Mucsi recommend that
these two types of crashes be modeled separately. It
should be noted that these models did not consider
actual hourly variation in traffic conditions, so could
not account for the actual peaking characteristics of the
roadways studied. Furthermore, most analysis to date
of factors such as light or surface conditions is often
confined to the times when a crash occurred. In this

case, one does not have an idea of the number of
successful trips made under the same light or surface
conditions.

3. Study design

The findings for macroscopic models outlined above
demonstrate the importance of highway geometrics,
facility type and traffic volume for predicting highway
crashes. In addition, there are differences in causality
factors for single and multi-vehicle crashes. For this
reason, we chose to design a microscopic study with the
following specifications:
1. Single and multi-vehicle crashes are modeled

separately.
2. Observed hourly volumes are used instead of AADT

to capture the actual traffic conditions at the time
the number of crashes was observed.

3. The effect of natural light conditions is considered
along with other independent variables.

4. LOS is used as a measure of traffic intensity.
5. Different highway geometric variables are studied.
6. Study is limited to two-lane rural roads.
The database used in this study consists of five individ-
ual smaller datasets obtained from a number of differ-
ent sources, which are then merged and aggregated into
one database. The following sections describe these
datasets.

3.1. ATR database

The Connecticut Department of Transportation
(ConnDOT) maintains a total of 37 continuous count
stations called automatic traffic recorders (ATR’s) to
record traffic data through the entire year. Since hourly
volume counts are labor intensive and costly, the ATR
locations predominantly dictated the sites to be chosen
for the study. ATR data were obtained from each of
the eight stations on two lane roadways from October
1990 to September 1996. These stations are listed and
described on Table 1.

3.2. HPMS database

ConnDOT maintains Highway Performance Moni-
toring Sites (HPMS) throughout the state. These are
randomly selected roadway segments with uniform geo-
metric characteristics that are monitored for roadway
condition, environmental and traffic factors. The
nearest HPMS site to each of the selected ATR loca-
tions provided the geometric characteristics for this
dataset. All of the ATR’s either coincided with an
HPMS site or were close enough to consider the ATR
volume to be the volume at the HPMS site as well.
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3.3. Crash database

ConnDOT Traffic Accident Summary Reports
(TASR) provided the crash data, consisting of detailed
information about all crashes that occurred between
October 1990 and September 1995 at each of the eight
selected HPMS sites. The information from this data-
base included the date, time, location, nature and the
type of vehicles involved in each crash, as well as the
type of crash.

3.4. Light data

This dataset contains the sunrise and sunset times for
each site on every day of the period in consideration.
Information about sunrise and sunset times was ob-
tained in order to determine the light conditions under
which the trips were made. Data were obtained from
the Applied Environmetrics Meteorological Table de-
veloped by the National Bushfire Research Unit. The
three categories for the light condition variable are:

Light—The time of the day between 1 h after sunrise
and 1 h before sunset.
Dark—The time of the day after sunset and before
sunrise.
Dusk—The hour after sunrise and the hour before
sunset.

3.5. Data aggregation

Merging the crash, ATR and light condition datasets
resulted in a large database. Each record contained the
number of single and multi-vehicle crashes, observed
traffic volumes and prevailing light conditions at all
eight highway locations for every hour of every day
(with the exception of periods when ATR’s were out of
service) for the 6-year period between October 1991 and
September 1996. A sample of this dataset is shown in
Fig. 1; following is an interpretation of the more ob-
scure variable name abbreviations:

st–id=station identification number
dir–tr=direction of travel (1, north; 3, east; 5,

south; 7, west)
dat=day of the month (1–31)
day=day of the week (1, Sunday; 2, Monday, etc.)
vol= traffic volume during the indicated hour
time= time of day in 24 h format
l–conds=daylight conditions (1, day; 2, dark; 3,
dawn/dusk)

This file was then merged with the much smaller HPMS
database (one record for each site for each year), so
that each record then also contained the characteristics
of the site at its corresponding time.

This database is inappropriate for estimating crash
prediction models for several reasons. Each case repre-
sents only 1 h of observed crashes under the prevailing
traffic, light and site conditions. Since motor vehicle
crashes are (thankfully) rather rare events, this results
in an enormous number of sites having no observed
crashes, and only a handful having one or two crashes.
This makes the model estimation task somewhat
difficult, as it must overcome the natural bias in the
dataset towards the absence of crashes.

Instead, we aggregated the dataset so that each case
records the number of crashes occurring in a given
12-month period on a particular highway segment un-
der a given combination of light conditions and LOS.
LOS was calculated using the Highway Capacity Man-
ual (HCM) (TRB, 1994) methodology for two-lane
highways based on the available sight distance, type of
terrain and the prevailing 6/c ratio. This aggregation
dramatically reduces the number of cases with no
crashes. This sets up the dataset to be used for estimat-
ing models for predicting single and multi-vehicle
crashes under these conditions; a sample of records are
shown on Fig. 2; again, a variable list is given for
interpreting the abbreviations not already defined:

hpms=HPMS identification number
accs–1=number of crashes (accidents) occurring un-
der the indicated combination of conditions
veh–mi–1=number of vehicle miles traveled under
the indicated combination of conditions
rate=crash (accident) rate for the aggregated data
set in crashes per million vehicle miles traveled

Table 1
ATR locations

Station Town Route Location Milepost

1 0.5 mi. south of Cornwall TI7Kent 55.78
East Lyme 12 0.5 mi. east of Stones Ranch Road 89.74
Clinton 814 1.0 mi. south of Killingworth TI 2.68
New Canaan 1249 0.1 mi. south of route N.B. off-ramp 2.76

11 47.230.5 mi. south of route 1405East Windsor
12Killingly 1.1 mi. north of route 10113 40.57

Colebrook 8 1.6 mi. north of Winchester Town Line 63.7518
Hebron 66 1.3 mi. west of route 85 24.6020
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Fig. 1. Sample cases from pre-aggregation dataset.

4. Study methodology

4.1. Model form

Statistical estimation procedures require an assump-
tion about the distribution of the dependent variable.
The consensus in the research community is that the
Poisson distribution is much more suitable than the
normal distribution for modeling highway crashes. The
Poisson distribution predicts the probability that the
number of crashes N is equal to some constant n using
the following formula:

P(N=n)=
ln e−l

n !
(1)

where l is a constant crash rate. This average crash rate
is estimated using Poisson regression analysis with the
site and traffic conditions as independent variables.

An important factor in predicting the likelihood of
any random event is the number of trials. In highway

crash prediction, the number of trials is also called the
exposure. The exposure is measured by the number of
trips made at the site, usually in million-vehicle-miles
traveled per year, and typically explains most of the
variation in the number of crashes. This being the case,
an important step in the model building process is
deciding where to incorporate the exposure term into
the model. Following are two ways of incorporating
exposure:

n=Vf(x) (2)

l=
n
V

= f(x) (3)

where n is the number of crashes, V is the exposure (as
defined above), l is the crash rate in crashes per unit of
exposure, and x is a vector of variables representing site
and traffic characteristics assumed to be good predic-
tors of highway crashes. These two model forms, while
mathematically derivatives of one another, do not con-
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vey the same meaning. For instance, the first equation
uses the exposure as information for predicting the
number of crashes. The second model, by trying to
model the crash rate, is indirectly modeling exposure
also. Thus, it does not use exposure as information,
unlike the first model.

Both models assume that the crash frequency is
linearly related to the exposure. However, as discussed
earlier, a number of studies have found crash frequency
to have a non-linear relationship with exposure. Thus,
along with coefficients on the variables x described
above, we also estimate an exponent on exposure, to
permit the model to include such a non-linear relation-
ship. The choice of a model form is largely arbitrary
(Valavanis 1959); the model form chosen here is:

n=Va eb0+b1x1+b2x2+…+o (4)

where a is the exponent on exposure to be estimated,
x1,x2,…represent traffic and site characteristics, b1,
b2,… are parameters to be estimated, and o is an error
term.

4.2. Model estimation

A common criticism of the Poisson distribution is its
assumption that the variance of the dependent variable
is equal to the mean, which in practice is often violated.
Usually, the observed variance is greater than the mean
(overdispersion) though some studies have also re-
ported the opposite condition (underdispersion). In

Poisson regression, the violation of the variance as-
sumption does not change parameter estimates but does
render the t-statistics inaccurate, although they can be
divided by the square root of the dispersion parameter
to correct this (Agresti 1990). The dispersion parameter
(t) is given by

t=
x2

N−p
(5)

where x2 is the computed chi–squared statistic for the
model, N is the number of observations, and p is the
number of parameters considered in the model.

An alternative method is to use quasi-likelihood
rather than maximum likelihood estimation techniques.
Both techniques use the same log-likelihood function,
but quasi-likelihood estimation does not make any
assumptions about the distribution because it allows for
separate mean and variance structures by computing
the dispersion parameter and assuming that the vari-
ance is equal to the product of the mean and the
dispersion. This study uses the quasi-likelihood estima-
tion techniques in model estimation as implemented in
the statistical package S-PLUS (1995).

Finally, the study uses Akaike’s Information Crite-
rion (AIC) for model selection (Bozdogan 1987). AIC
uses a theoretical information criterion to identify the
optimal model. Unlike other model evaluation meth-
ods, AIC identifies the ‘best approximating’ model
among a class of competing models with different num-
bers of parameters without specifying a significance
level. AIC is defined as follows:

Fig. 2. Sample cases from post-aggregation dataset.
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Table 2
Preliminary models for single-vehicle crashes

Model 4Model 1 Model 3Model 2Variable

−13.09 (−10.75) −12.78 (−7.74)Intercept −11.00 (−10.03) −13.57 (−10.88)
BaseBaseBaseRoute 1

−1.12 (−1.35)Route 5 −2.50 (−2.71) −1.19 (−1.42)
−0.66 (−2.14)Route 7 −0.38 (−1.11) −0.65 (−2.10)
−1.66 (−2.74) −1.64 (−2.62)−0.97 (−1.41)Route 8
−6.91 (−0.78)Route 12 −6.96 (−0.79)−7.49 (−0.70)
−0.68 (−1.89) −0.70 (−1.94)Route 66 −1.42 (−3.70)
−0.01 (−0.03)Route 81 −0.76 (−1.51) −0.06 (0.12)

0.87 (1.91) 0.79 (1.69)−0.72 (−2.29)Route 124
Base BaseLOS A Base

−1.60 (−4.52)−1.67 (−5.18)−1.32 (−3.75)LOS B
−2.54 (−5.17) −2.83 (−6.08)LOS C −2.74 (−5.42)
−2.99 (−4.14) −3.80 (−5.34)LOS D −3.67 (−4.93)

−3.31 (−4.55)−3.49 (−5.30)−1.91 (−3.85)LOS E
Light Base

0.02 (−0.08)Dark
Dusk −0.23 (−0.47)

1.16 (10.51)0.86 (9.52) 1.13 (8.21)1.14 (9.82)Exponent on exposure

0.90 0.60Dispersion 0.600.80
363.50363.50363.50363.50Null deviance

204.73 185.98Residual deviance 185.80218.72
216.73 211.98AIC value 215.80236.72

AIC=2ML+2K (6)

where ML is the maximum log-likelihood and K is the
number of free parameters in the model. The best
model has the minimum AIC value.

5. Results

5.1. Categorical analysis

Prior to estimating crash models with the specific site
variables, preliminary model estimation was undertaken
with the site location, the LOS and the light conditions
entered as categorical independent variables. Following
is the slightly revised form of this categorical model:

nijkt=Vijkt
a exp (b0+bSi+bLj+bDk+ � ijkt) (7)

where the symbols n and V are as defined before, and
subscripts i, j, k and t denote values for case t at site i
under LOS j and daylight conditions k. The b sub-
scripts 0, S, L and D, respectively indicate the estimated
intercept and groups of coefficients describing the effect
of each site, LOS level and daylight condition (day,
dawn/dusk and dark). Regression coefficients were esti-
mated for each variable level except a base level for
each. Hence, the resulting t-statistics test a null hypoth-
esis that the difference in means between a particular
level of the variable and the base value is zero, in other
words,

H0:lRte.7,LOSA,Dark−lRte.LOSA.light=0 (8)

Such an analysis only directly provides information
about comparisons between the base case and each
level; other pair-wise comparisons require paired t-tests
between the desired variable levels.

Four models were estimated for single-vehicle
crashes; their results are displayed in Table 2. The base
case for this analysis is route 1 at LOS A under daylight
conditions. Based on the AIC and t-statistics, model 3
is best. Models 1 and 2 each have just one explanatory
variable, site location and LOS, respectively, and ex-
plain less variation than model 3, which includes both.
Model 4 adds light conditions, but this actually dimin-
ishes model performance. In model 3, all sites are
significantly different from the base case, route 1, ex-
cept for routes 12 and 81. These results suggest that
both LOS and the site characteristics are required for
explaining the number of single vehicle crashes, but
that light conditions do not help.

These results must be used carefully. LOS is highly
correlated with the site characteristics because it is the
site geometry that determines the capacity of a roadway
and LOS is computed from the capacity. Also, note
that the single-vehicle crash rate decreases monotoni-
cally as LOS becomes poorer. This is probably because
the better levels of service are more likely to be ob-
served during very early and very late hours of the day,
when drivers can be very tired or sleepy and less alert.
This point will be discussed later in more detail.

The same four variable combinations were estimated
for multi-vehicle crashes; the results are shown on
Table 3. This time, model 1, including only the site
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Table 3
Preliminary models for multi-vehicle crashesa

Model 2 Model 3Variable Model 1 Model 4

−9.98 (−10.72) −11.31 (−7.33)−9.88 (−12.04)−10.08 (−11.53)Intercept
Base Base BaseRoute 1

−2.30 (−3.78)−2.28 (−3.86)−2.03 (−3.72)Route 5
−1.84 (−4.12)Route 7 −1.86 (−4.19) −1.81 (−3.99)
−1.11 (−1.90)Route 8 −1.17 (−2.10) −0.94 (−1.50)

0.86 (3.00) −1.01 (−3.18)0.88 (3.13)Route 12
−1.95 (−5.70) −2.09 (−5.45) −2.21 (−5.35)Route 66

−2.67 (−3.22) −2.63 (−3.05)Route 81 −2.59 (−3.15)
−1.54 (−3.18)Route 124 −0.99 (−4.00) −1.66 (−3.13)

Base Base BaseBaseLOS A
0.15 (0.38) 0.14 (0.32)LOS B 0.64 (1.67)

0.33 (0.67)0.21 (0.49)−0.14 (−0.32)LOS C
0.63 (1.16) 0.76 (1.24)LOS D −0.18 (−0.39)
0.83 (1.28) 0.86 (1.21)LOS E 0.46 (1.02)

Light Base
0.26 (0.79)Dark
0.45 (1.27)Dusk
0.96 (7.96)0.88 (12.20) 0.86 (10.73)0.76 (10.37)Exponent on exposure

1.38 1.40Dispersion 1.37 1.44
788.97 788.97Null deviance 788.97 788.97

504.44 370.26Residual deviance 373.28 367.97
391.28 396.26 397.97516.44AIC value

a Values in parentheses are t-statistics after correction for dispersion.

variables, is clearly the best. It has the smallest AIC
value, and none of the LOS or light condition coeffi-
cients in the other models are significantly different
from zero at 95% confidence. It seems that segment
LOS and light conditions are not useful for predicting
multi-vehicle crashes. This point will also be discussed
later.

5.2. Site characteristics

The preliminary analysis clearly showed that each
site has a different average crash rate for both crash
types. The next step is to replace the site variable with
the actual site characteristics in the model estimations.
These site characteristics are represented by a linear
combination of specific continuous variables, as repre-
sented in the initial model form. The LOS and light
condition variables were retained as categorical vari-
ables. The list of site variables and their abbreviations
as used in the models are shown in Table 4. The base
model (with respect to LOS and light conditions) was
defined as before. All site characteristic, traffic, and
light condition variables, and all two-way interactions
between the categorical variable levels, were considered
as predictors in estimating models for both types of
crashes.

Table 5 shows the results from estimating models for
single-vehicle crashes. Model 5 includes the five LOS
categories, along with three site-related variables: the
percentage of the section with a sight distance of at

least 1500 feet, the right shoulder width (feet), and the
percentage of single-unit trucks in the peak traffic
stream. All coefficients are significantly different from
zero with at least 95% confidence; however, paired
t-tests show that the coefficients on LOS D and LOS E
are not significantly different from each other. Conse-
quently, model 6 was run, which combines LOS D and
E into a single category. The resulting increase in
residual deviance is offset by the reduction in model
complexity (one less parameter), so this model has a
better (smaller) AIC value.

Table 4
Site characteristic variables

Variable name Observed valuesType of variable

Categorical Principal arterial—Functional classifica-
tion othera; minor arterial;

major collector
ContinuousRight shoulder width 0–8

(feet)
0, 10, 80Sight distance over

1500 feet (% of sec-
tion)

Number of signals Continuous 0–1
0–4% Single unit trucks Continuous

(daily)
Continuous 0–2% Single unit trucks

(peak)
ContinuousSpeed limit (mph) 35, 40, 45

a Non-freeway.
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Table 5
Final models for single vehicle crashesa

Model 9Model 8Model 6Variable Model 7Model 5

−13.06 (−10.48) −13.06 (−11.84)Intercept −14.78 (−11.74) −8.91 (−4.13)−14.88 (−12.22)
Base BaseLOS A Base Base Base

−1.66 (−4.89) −1.65 (−4.91)LOS B −1.65 (−5.22) −1.66 (−5.30) −1.59 (−4.90)
−2.53 (−5.36)−2.83 (−6.31)LOS C −2.81 (−6.27)

LOS D −3.90 (−5.72)
LOS E −3.70 (−6.31)

−2.59 (−5.90)−3.77 (−7.01)LOS (D, E)
−2.56 (−6.57) −2.76 (−6.86)LOS (C, D, E,)

−0.02 (−2.49)−0.02 (−2.44)−0.02 (−2.31)−0.02 (−2.30)Sight distance over 1500 feet −0.02 (−2.30)
−0.12 (−2.32) −0.12 (−2.33)Right shoulder width (feet) −0.27 (−4.23) −0.27 (−4.36) −0.15 (−2.84)

% Single-unit trucks (peak) 1.47 (3.68) 1.49 (3.80)
−0.01 (−0.06)% Single-unit trucks (daily)

Speed limit (mph) −0.09 (−2.10)
1.16 (11.26) 1.16 (11.50)Exponent on exposure 1.18 (11.71) 1.19 (12.13) 1.13 (11.53)

0.75 0.75 0.710.64Dispersion 0.64
363.50 363.50Null deviance 363.50 363.50 363.50

191.44194.96194.94186.01Residual deviance 185.95
210.94 206.96AIC value 203.95 205.44202.01

a Values in parentheses are t-statistics after correction for dispersion.

The peak hour truck percentage variable seemed
inappropriate, since each case potentially represents
conditions aggregated over periods of time other than
the peak. We therefore ran model 7, which replaces the
peak truck variable with a corresponding daily variable;
this model performs much worse; the coefficient on the
daily truck percentage is not significantly different from
zero at even 90% confidence. Furthermore, a paired
t-test comparing the coefficients on LOS C and the
combined LOS D/E category showed them to be statis-
tically identical at 95% confidence (t*=1.96).

In consideration of these findings, we then combined
LOS C, D and E into one category and removed both
truck variables: this was run as model 8. Because other
research by the senior author (Ivan and O’Mara 1997)
has found the posted speed limit to be a significant
variable for predicting crash rates, model 9 was then
run adding ‘speed limit’ to model 8. Model 9 performs
better than model 8, having a smaller AIC, but not as
well as model 6, which included the suspect peak single-
unit truck percentage variable.

Similar analysis was performed with the number of
multi-vehicle crashes as the dependent variable; these
results are shown on Table 6. In the first model (num-
ber 5), the best predictor variables were found to be the
functional classification of the road, the number of
traffic signals, the daily truck percentage, and the right
shoulder width. Only the coefficient on the principal
regional arterial roadway class was significantly differ-
ent from the others (minor arterial or major collector)
at 95% confidence; this class has a significantly lower
average crash rate than the others. The positive coeffi-
cients on both the number of signals and the daily

single unit truck percentage make intuitive sense; one
would expect both of these variables to increase the
intensity of conflicts between vehicles.

However, the positive coefficient on right shoulder
width is troubling; one normally expects a wider shoul-
der to be a safety feature. Consequently, we examined
the data surrounding this variable more carefully. Fig-
ure 3 shows how the multi-vehicle crash rate varies with
the right shoulder width: note how there is no clear
linear relationship between the two quantities. We
therefore examined several categorical representations
of right shoulder width; those that performed best are
shown as models 6, 7 and 8. These three models each
divide the right shoulder width into two categories,
with the lower category having shoulder widths up to 2,
3 and 4 feet, respectively. None of these models per-
form as well as model 5. The issue of right shoulder
width will be discussed more in the next section.

6. Discussion

Several general observations may be made about
these results:
1. The coefficient on shoulder width was negati6e for

predicting single vehicle crashes, but positi6e for
multi-vehicle crashes.

2. For single-vehicle crashes, the most important pre-
dictor variables are the LOS and the percent sight
distance over 1500 feet.

3. For multi-vehicle crashes, the most important pre-
dictor variables are the class of roadway, number of
signals and daily single unit truck percentage.
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Single vehicle crashes seem to occur when traffic vol-
ume is low and on roads with less forgiving geometry.
This makes sense, since a single vehicle crash involves a
driver losing control and colliding with a fixed object
off the roadway (or an object on the roadway). Under
low traffic volumes, there is less likely to be another
vehicle to hit, and the less than ideal geometry (sharp
horizontal curves and narrow shoulders) reduces the
maneuvering room for the driver to recover without
leaving the pavement, for example, if the driver had
been speeding.

Conversely, multi-vehicle crashes appear to occur in
the presence of intense traffic conflicts such as would be
observed at a traffic signal, or on roads serving local
trips, or when there are many trucks in the traffic
stream. Traffic signals tend to be placed in locations
where intersecting streets have high traffic volumes.
Minor arterials and major collector roads tend to serve
local trips and thus have more driveways and local
street intersections, increasing the potential for vehicle
conflicts.

Clearly, more analysis is required to properly inter-
pret these findings. For one thing, the higher levels of
LOS—which correspond to the higher numbers of
single-vehicle crashes—are observed more typically at
night rather than during the day. Consequently, it is
not immediately clear from this analysis whether it is
the low volumes, the darkness, or drowsiness of late
night drivers that results in greater numbers of single-
vehicle crashes. Each of these factors needs to be ac-
counted for explicitly in order to fully understand this
phenomenon.

A second issue with these findings is that the LOS
was computed for the analysis segment, not for the

intersections on the segment. This might explain why
LOS was not significant for multi-vehicle crashes,
which occur where there is potential for vehicle confl-
icts, such as at intersections. If LOS were computed for
the intersections on the segment, then it might become
significant for predicting multi-vehicle crashes.

Finally, it is difficult to explain the positive coeffi-
cient on right shoulder width in the multi-vehicle crash
models. One interpretation is that with wider shoulders
drivers are more likely to drive too fast and collide with
other vehicles exiting or entering driveways. Another is
that drivers might be tempted to use a wide shoulder to
pass drivers waiting to make left turns, and thus not see
a hazardous situation beyond the stopped vehicle. Both
of these explanations are related to the presence of
intersections on the segment; this issue is addressed in
the next section.

7. Conclusions

In response to these findings, ongoing research by
this research team is aimed at including new variables
which attempt to clarify the effects of the predictive
factors used in this study. Specifically, intersection vol-
umes and the potential for conflicts leading to angle
and turning collisions are incorporated into the analysis
by considering the AADT on roads intersecting each
analysis section. Second, the number of driveways of
different types (e.g. residential, service station, retail,
etc.) is included to account both for the land use
intensity and for conflicts associated with driveway
intersections. Third, the potential effect of time of day
is being investigated by incorporating it as an addi-
tional variable along with daylight conditions.

Table 6
Final models for multi-vehicle crashesa

Variable Model 5 Model 8Model 6 Model 7

−18.57 (−12.89)−15.32 (−11.13)Intercept −14.72 (−14.07)−15.87 (−14.69)
Minor arterial or major collector BaseBaseBaseBase

−5.79 (−9.83) −3.34 (−8.79)Principal arterial −4.05 (−7.55) −7.98 (−7.09)
Number of signals 2.31 (7.78) 1.50 (4.40) 2.53 (6.39) 3.55 (8.53)

2.24 (8.17)1.40 (4.92)1.01 (5.39)Daily single-unit truck percentage 1.26 (6.84)
0.44 (5.15)Right shoulder width (feet)

Right shoulder width (52 feet) Base
Right shoulder width (\2 feet) 1.16 (5.07)

BaseRight shoulder width (53 feet)
Right shoulder width (\3 feet) 0.71 (1.84)
Right shoulder width (54 feet) Base

3.79 (4.48)Right shoulder width (\4 feet)
Exponent on exposure 0.91 (13.22)0.88 (13.83) 0.90 (13.57) 0.87 (11.67)

1.30Dispersion 1.32 1.69 1.33
788.97 788.97Null deviance 788.97788.97

384.67400.26374.07Residual deviance 370.88
382.88 386.07AIC value 412.26 396.67

a Values in parentheses are t-statistics after correction for dispersion.
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Fig. 3. Single and multi-vehicle crashes per million vehicle miles by right shoulder width.

Intersection traffic volumes and driveway counts are
not as readily available as the other data used in this
analysis. The permanent count stations only provide
data for the main road; consequently, the precise ex-
posure and volumes gathered for each analysis section
are not available for the roads intersecting them. In-
stead, in this new research, these intersecting road
volumes are estimated using an AADT observed for
each road and the observed hourly volumes. Similarly,
the HPMS and other roadway inventory datasets do
not provide detailed information about the driveways
along the section. This information is being collected
using the ConnDOT photolog library, a unique data
source comprised of driver’s eye view images of the
entire length of every state highway in Connecticut,
updated once each year. Using the photolog library
permits expanding our analysis beyond HPMS sites;
consequently, we have identified ten new analysis sites
in the vicinity of two-lane ATR stations, each 0.5 mile
in length.

This newly expanded dataset permits us to estimate
additional models for predicting single and multi-vehi-
cle crashes which consider these new variables. In ad-
dition, in this analysis we are including the time of
day (divided into five categories), permitting us to
isolate time of day, daylight and LOS effects and
identify the value of each. We are also computing new
variables for measuring exposure to multi-vehicle
crashes which consider not only the traffic volume on
the section being analyzed, but also the traffic volume
on intersecting roads. We expect these new models to
explain more variation than the models presented in
this paper.

Acknowledgements

The research described in this paper was funded by
a grant from the United States Department of Trans-
portation through the New England (Region 1) Uni-
versity Transportation Center and was conducted at
the Connecticut Transportation Institute of the Uni-
versity of Connecticut.

References

Agresti, A., 1990. Categorical Data Analysis. Wiley, New York.
Bozdogan, H., 1987. Model selection and Akaike’s Information

Criterion (AIC): the general theory and its analytical extensions.
Psychometrika 52, 345–370.

Frantzeskakis, J., 1983. Accident analysis on two non-controlled
access national highways in Greece. ITE Journal 65 (10), 32–34.

Gwynn, D., 1967. Relationship of accident rates and accident in-
volvements with hourly volumes. Traffic Quarterly 21, 407–418.

TRB, 1994. Highway capacity manual. Special Report 209. National
Research Council, Washington, DC.

Ivan, J., O’Mara, P., 1997. Prediction of traffic accident rates using
Poisson regression. Presented at 76th Annual Meeting of the
Transportation Research Board, Washington, DC, paper no.
970861.

Persaud, B., Mucsi, K., 1995. Microscopic accident potential models
for two-lane rural roads. Transportation Research Record 1485,
TRB, National Research Council, Washington, DC, pp. 134–139.

S-PLUS User’s Manual, 1995. Version 3.3 for Windows. Statistical
Sciences Division, Mathsoft, Seattle.

Valavanis, S., 1959. Econometrics: An Introduction to Maximum
Likelihood Methods. McGraw-Hill, New York.

Vogt. A., Bared, J., 1998. Accident Models for Two-Lane Rural
Segments and Intersections. Transportation Research Record
1635, TRB, National Research Council, Washington, DC, 18–29.

Zhou, M., Sisiopiku, V., 1997. Relationship Between Volume to
Capacity Ratios and Accident Rates. Transportation Research
Record 1581, TRB, National Research Council, Washington, DC,
pp. 47–52.

.


