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ABSTRACT 
The purpose of this paper is to identify the most important underlying factors that determine the 
number of injury crashes in a sample of dangerous intersections. To this end, negative binomial 
models are fit for a dataset of 601 intersections. Data were collected about 36 potentially 
important variables that describe the traffic volumes, geometric characteristics, road environment 
and transportation planning context. 

The models show that traffic volume is generally not a very strongly determining variable for the 
crash count at these intersections, as opposed to most literature about crash prediction models. 
Furthermore, intersections with major road category “secondary” systematically show a higher 
crash count than intersections at primary/main and local roads. Also the number of lanes on the 
minor road has an important influence on the number of crashes. Intersections with a one-lane 
minor road have the lowest crash count, while intersections with two-lane or three-lane minor 
roads show the highest crash counts. The presence of a median on the major road corresponds in 
most models with a lower number of injury crashes. Finally, a number of models indicate a higher 
crash count at intersections with crossing facilities for vulnerable road users, especially at 
unsignalized intersections. However, the latter variables may act as a proxy for the unknown 
exposure of these road user types.  

 

INTRODUCTION 
Throughout the last decades, many countries have developed some sort of black spot program to 
identify their most dangerous road locations (Elvik, 2006). Using crash data of the years 1997-
1999, the Flemish government identified 1014 road locations as dangerous locations. Most of these 
locations were intersections. The government has engaged itself to reconstruct 800 of these 
locations to improve their safety performance. The first reconstruction was done in 2004 and the 
last is foreseen to be implemented by 2014. 

Consequently, the selected locations have in common that their number of crashes in the period 
1997-1999 was high. It is however not clear which elements determine the number of crashes at 
those locations. Thus, little is known about characteristics that have a general impact on the safety 
performance of these or similar locations. Therefore, the purpose of the paper is to identify the 
most important underlying factors that determine the number of injury crashes in a sample of 
locations that at least can be considered to be more dangerous than average. To this end, 
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explanatory negative binomial models are fit for a dataset of 601 locations. Since most of these 
locations are intersections, it is decided to collect data about dangerous intersections only. The 
models describe how the number of injury crashes at the intersections depends on a number of 
independent variables that describe the traffic volume and the geometric, land use and legal status 
characteristics of the intersections.  

 

DATA COLLECTION 
Data were collected on crash counts, traffic volumes, geometric characteristics, road environment 
and the transportation planning context. The selected variables were based on two reports 
(Nambuusi et al., 2008; Reurings et al., 2006) that provide an overview of the most relevant 
variables from previous crash prediction model studies. As a result, data about 36 variables of 601 
dangerous intersections in the region of Flanders, Belgium were collected. The variables, their 
values and some descriptive statistics are shown in table 1. Except for the traffic volume data and 
the crash counts, all variables are dummy variables or categorical variables. 

Traffic Volume Data 

Traffic volumes were counted during two peak hours. Therefore, the values must be divided by 
two to obtain an hour estimate. The use of a relatively unusual two-hour value instead of a more 
traditional value for one hour or for a 24-hours period does not have an impact on the parameters 
because of the model form. For both the main and the minor road, total motor vehicle flow values 
were collected, as well as the number of vehicles going straight through, turning left and turning 
right. 

Data Describing Intersection and Intersection Environment 

Geometric characteristics describe attributes of the road infrastructure. They include the number of 
lanes on the roads, presence of a median, type of bicycle infrastructure, right-of-way regulation, 
number of legs of the intersection,… Data about the intersection environment describe the land-
use of the surrounding area. Spatial planning features include the road category of the roads, and 
whether the intersection belongs to the Flemish bicycle network. The infrastructural data were 
gathered from government files that describe the state of each of the selected locations before the 
reconstruction in a consistent way.  

Crash Data 

Geo-coded recordings from all injury crashes since 1996 for Flanders are available from Statistics 
Belgium. The 601 dangerous intersections were first geo-coded in Google Earth. Using the GIS 
program TransCAD, the geo-coded intersections were linked with the injury crash data layer. The 
dangerous intersections were  selected by the Flemish government based on crash data of 1997-
1999, but are susceptible to the regression-to-the-mean effect (i.e. an abnormally high number of 
recorded crashes can result from random fluctuations because of the rare nature of road crashes 
(Elvik, 1997)). To overcome this issue, we did not use the crash data from 1997-1999, but from 
the subsequent years 2000 until 2003. By using a different time period of crash data than the time 
period that is used to identify the dangerous locations, the regression-to-the-mean effect should 
be of no influence because a set of locations with an unusually high crash count in one period is 
expected to return to its long term mean value in the next period (Hauer, 1997). This implies that 
no systematic chance effects should be included in the model. The first of these dangerous 
locations has been reconstructed in the year 2004. Therefore, the crash data from 2000-2003 
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could be used for this analysis, because all the intersections still had the “dangerous” configuration 
during that period, guaranteeing an exact match between the collected crash and infrastructure 
data. All injury crashes within 100m from the centre of the intersection were included. A total of 
7122 injury crashes were included for the 601 dangerous intersections combined. 

 

Table 1 - Variables description 
Variable (ABBREVIATION) (additional remarks) Descriptive statistics 

Crash data (dependent variable) 

Number of injury crashes at intersection (ACCCOUNT) 

(4-years total, 2000-2003)  

Mean: 11,85; S.D.: 8,80 

Number of severe injury crashes at intersection  (ACCCOUNT_SER) 
(4-years total, 2000-2003)  

Mean: 2,01; S.D.: 1,85 

Traffic Volume variables 

Traffic volume on the major road – total of turning traffic and 
traffic straight ahead (VOLMAJTOTAL) 

Mean: 3016;S.D.: 1528 

Traffic volume on the major road – left turning traffic 
(VOLMAJLEFT) 

Mean: 323;S.D.: 354 

Traffic volume on the major road – right turning traffic 
(VOLMAJRIGHT) 

Mean: 337;S.D.: 358 

Traffic volume on the major road – traffic moving straight ahead 
(VOLMAJSTR) 

Mean: 2366;S.D.: 1453 

Traffic volume on the minor road – total of turning traffic and 
traffic straight ahead (VOLMINTOTAL) 

Mean: 1074;S.D.: 1063 

Traffic volume on the minor road – left turning traffic 
(VOLMINLEFT) 

Mean: 323;S.D.: 354 

Traffic volume on the minor road – right turning traffic 
(VOLMINRIGHT) 

Mean: 323;S.D.: 325 

Traffic volume on the minor road – traffic moving straight ahead 
(VOLMINSTR) 

Mean: 428;S.D.: 666 

Geometry variables 

Number of lanes on major road (sum of different directions) 
(LANEMAJ) 

1=4; 2=312; 3=20; 4=220; 
5=1; 6=4; missing=40 

Number of lanes on minor road (sum of different directions) 
(LANEMIN) 

1=36; 2=462; 3=6; 4=49; 
missing=48 

Traffic signals at the intersection? (SIGNALS) Yes=269; No=303; missing=29 

Three-leg intersection? (3LEGS) Yes=130; No=451; missing=20 

Four-leg intersection? (4LEGS) Yes=414; No=167; missing=20 

More than four legs intersection? (56LEGS) Yes=29; No=552; missing=20 

Is the intersection a roundabout? (RNDBT) Yes=7; No=574; missing=20 
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Is the shape of the 4-leg intersection diagonal? (DIAGON) Yes=68; No=513; missing=20 

Is the 3-leg intersection Y-shaped? (3LEGY) Yes=12; No=569; missing=20 

Presence of median on major road? (MEDIMAJ) 

(in case of different situations at different legs: “yes”) 

Yes=225; No=322; missing=54 

Presence of median on minor road? (MEDIMIN) 

(in case of different situations at different legs: “yes”) 

Yes=89; No=459; missing=53 

Allowed speed on major road (SPEEDMAJ)  

(in case of different situations at different legs: highest speed limit 
is used) 

30=1; 50=128; 70=202; 
90=211; 120=6; missing=53 

Allowed speed on minor road (SPEEDMIN) 

(in case of different situations at different legs: highest speed limit 
is used) 

30=2; 50=230; 60=4; 70=137; 
90=153; 120=11; missing=64 

Type of cycle facilities (CYCLFAC) 

(in case of different situations at different legs: “highest” type is 
used; 0 = no facilities; 1 = cycle lanes = max. 1m away from 
roadway; 2= separate cycle paths > 1m away from roadway; 3 = 
grade-separation (bridge or tunnel); “cycle suggestion lanes” are 
considered as “no specific facilities” because of their limited legal 
meaning) 

0=110; 1=272; 2=119; 3=54; 
missing=46 

Footpaths present? (PEDFAC) Yes=309; No=193; missing=99 

Public transport stop present at the intersection? (PTFAC) Yes=189; No=258; missing=154

Vehicle parking possible in immediate neighborhood of 
intersection? (PARKING) 

Yes=313; No=198; missing=90 

Crossing facilities present for pedestrians? (PEDCROSS)  

(in case of different situations at different legs: “yes”) 

Yes=288; No=234; missing=79 

Crossing facilities present for bicyclists? (CYCCROSS) 

(in case of different situations at different legs: “yes”) 

Yes=392; No=132; missing=77 

Legal status variables 

On functional/recreational cycle route network? (CYCLNETW) 

(in case of different situations at different legs: “yes”) 

Yes=487; No=74; missing=40 

Road category of the major road according to the existing spatial 
structure plans (RDCATMAJ) 

(in case of different situations at two sides: highest category used 
(MAIN>PRIM>SEC>LOC)) 

MAIN=16; PRIM=160; 
SEC=276; LOC=102; 
missing=47 

Road category of the minor road according to the existing spatial 
structure plans (RDCATMIN) 

(in case of different situations at two sides: highest category used 
(MAIN>PRIM>SEC>LOC)) 

MAIN=14; PRIM=33; SEC=76; 
LOC=385; missing=93 

Land use variables 
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Is the location inside built-up area? (INSIDE) Yes=177; No=380; missing=44 

Is the land use at the intersection residential? (RESIDENTIAL) Yes=405; No=166; missing=30 

Is the land use at the intersection nature, wood, agrarian? (RURAL) Yes=174; No=397; missing=30 

Is the land use at the intersection industry, offices, companies? 
(ECONOMIC) 

Yes=84; No=487; missing=30 

Is the land use at the intersection public services, schools,…? 
(PUBLIC) 

Yes=24; No=547; missing=30 

Are there any buildings present around the intersection? (BUILTUP) Yes=469; No=70; missing=62 
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METHODOLOGY 

Model Form 

In regression models, a set of independent variables is used to estimate the relation with a 
dependent variable. In this study, the total number of crashes at the intersection is the dependent 
variable, and the intersection characteristics are the independent variables. Overdispersion 
(variance exceeds mean) is observed in the dataset. Overdispersion does not affect the coefficient 
estimates, but results in an underestimation of their standard errors (Greibe, 2003). In other 
words, the significance of the variables is systematically overestimated if overdispersion is not 
taken into account. A possible reason for the arising of overdispersion that relatively often occurs 
in a set of random road locations could be an excess number of zeros in the data, which could be 
solved using a zero-inflated model (Lord & Mannering, 2010; Lord et al., 2005; Washington et al., 
2003). However, since this study makes use of a set of dangerous locations instead of random 
locations, the number of zeros in the dataset is very low (n=5) and therefore, zero-inflation cannot 
be the cause of the overdispersion. In that case, negative binomial models can be used, that deal 
with overdispersion by introducing a stochastic component to the model, the dispersion parameter, 
that explicitly models the dispersion in the dataset (Chin & Quddus, 2003; Lord et al., 2005; 
Washington et al., 2003). The negative binomial model assumes that unobserved crash variation 
across sites is gamma distributed, while crashes within sites are Poisson distributed (Mitra & 
Washington, 2007; Washington et al., 2003). This is the most commonly used distribution to 
model crash data (Lord, 2006). The negative binomial dispersion parameter is estimated using 
maximum likelihood, which is the technique that is most often used to estimate this parameter (El-
Basyouny & Sayed, 2006), and usually provides a slightly better estimate and smaller standard 
deviation than other commonly used estimators (Lord, 2006). 

Dispersion parameter estimation problems may occur in case the data are characterized by low 
sample-mean values and/or small sample sizes (Lord & Mannering, 2010). Since this study uses 
crash data from dangerous intersections rather than random intersections, this problem is of less 
influence. The average crash count of each location for all injury crashes is 11,85 crashes per 
intersection, which is not considered as a low sample-mean. The model that only uses serious 
injury and fatal crashes has a sample-mean of 2,01 crashes per intersection, which can be 
considered as a low mean. Lord (2006) recommends a sample size of about 500 locations in case 
of a sample mean of 2 crashes per location to avoid estimation problems with the dispersion 
parameter. This model is built using 460 locations, so the guideline is more or less met. Therefore, 
the risk that the dispersion parameter estimate in the model is unreliable is considered small. 

All exposure variables were transformed to their natural logarithm for the analyses. Models have 
also been fitted without transforming the exposure measures, but the transformed measures 
provide a better fit and are therefore preferred. Furthermore, transforming exposure measures to 
the natural logarithm is common practice in crash prediction modeling (Reurings et al., 2006).  
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Therefore, the functional form of the estimated models is as follows: 

        
Where  E(λ) = expected annual number of crashes (dependent variable) 

  Qmaj = traffic volume of major road 

  Qmin = traffic volume of minor road 

  xi = other explanatory variables (independent variables) 

  α, β1, β2, γ = model parameters 

   

Missing Data 

Since this study makes use of an elaborate dataset with a relatively large number of records and 
possible variables, inevitably some data are missing. A number of ways to deal with this issue can 
be distinguished. The first possibility is to estimate the missing values by using statistical 
imputation techniques (Little & Rubin, 2002). However, these techniques always provide a risk of 
introducing biases to the data in case not all basic assumptions are fully met (Allison, 2001). 
Therefore, it is preferred to use only observed values.  

A second, rather unconventional method is to incorporate “missing” as a separate category for 
categorical variables. However, this method increases the number of degrees of freedom of each 
variable, and there is a risk that the category “missing” has a high explanatory power in the 
model, which is usually cumbersome to interpret (Little & Rubin, 2002).  

The third possibility is to omit records with missing values, also called “complete case analysis” 
because only “complete” records are analyzed. This technique does not need special computational 
methods and is applicable to any kind of statistical analysis, making it the simplest solution to deal 
with missing data and the default setting of many statistical programs (Allison, 2001; Little & 
Rubin, 2002). However, the technique can lead to an inefficient use of available data, and the 
technique could lead to biased estimates when data is not missing at random (i.e. some values are 
systematically missing more often than others) (Little & Rubin, 2002). Nevertheless, in regression 
analysis, complete case analysis is still more robust to violations of the missing at random 
assumption than most more sophisticated techniques to deal with missing data (Allison, 2001). 
Therefore, the complete case analysis technique is used to deal with missing data. The issue of 
inefficient data use is indeed present in the dataset, because only 279 of the total of 601 
dangerous intersections are complete cases. The problem is partly taken care of by using a specific 
iterative procedure for building the models. This procedure is explained in the next section. 

Modelling Strategy 

First, the data are explored by building a model, stepwise adding variables to the model (“stepwise 
forward” procedure). The models are fitted using the log link function in the GENMOD-procedure 
of the software SAS. In case a variable is significant at the 95% confidence interval (p≤0.05), the 
variable is kept in the model. The type III-test is used to evaluate the significance of the variables 
because the results of the test indicate the significance of the complete variable. This is not 
necessarily the same as the significance of the individual estimates of the different categories for 
categorical variables; even if the estimates of some categories do not significantly differ from zero, 
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the variable can still be significant to the model because these categories can differ significantly 
from each other. If the variable is not significant, the variable is omitted from the model again. 
Variables are added stepwise in the order they are presented in table 1. Variables that are 
important in previous crash prediction model studies (Nambuusi et al., 2008; Reurings et al., 2006) 
are added to the model first. When the stepwise forward procedure is completed, any variables 
that have become insignificant (p>0.05) throughout the process are omitted from the model. 
Then, all variables are reinserted stepwise to this preliminary model and re-evaluated to reduce 
the impact of the order of adding the variables. 

Next, the data are explored using a stepwise backward procedure instead of a stepwise forward 
procedure to see if this results in a different end model. The procedure therefore starts from an 
“all-in model” with all variables, and variables are deleted stepwise starting with the least 
significant. When the procedure is completed, the variables not included in the preliminary end 
model are reinserted stepwise and re-evaluated. 

It is important to mention that the number of observations is not held constant in the previous 
analyses. This has the disadvantage that the models that are generated in every step have a 
different number of observations, making it impossible to objectively compare the models because 
the measures to evaluate the quality of the model (e.g. AIC-value) are sensitive to the number of 
records included. However, the advantage of this approach is that it makes optimal use of the 
available data to explore the importance of the variables. During these analyses, the significance 
of each variable is carefully monitored. Variables that reach p≤0.10 at some point of any of both 
procedures, are considered as potentially important.  

Next, the actual complete case analysis phase starts. A complete case dataset is extracted from 
the full database, only including records that have no missing data for the variables identified as 
potentially important in the previous steps. From this dataset, the previous analyses (stepwise 
forward and backward procedure) are repeated, only adding the variables identified as potentially 
important. Since these variables have no missing values in this dataset, the number of records in 
each step remains constant, allowing an objective comparison of the models. The Akaike 
Information Criterion (AIC) is used to compare the models. The measure indicates the relative 
goodness-of-fit of the model, but imposes a penalty on models with more parameters (Akaike, 
1987; Washington et al., 2003). In other words, the criterion provides an estimate of the trade-off 
between model accuracy and complexity. The model with the lowest AIC model is considered to be 
the best model. The only restriction is that the traffic volume of the major road (VOLMAJTOTAL) is 
always added to the model, irrespective of its impact to the AIC value, because a model that does 
not incorporate any measure of exposure can never be credible from a theoretical point of view 
(Reurings et al., 2006). 

From this complete case analysis, it becomes more clear which of the potentially important 
variables actually have the highest importance. Now, the complete case analysis is repeated, 
omitting the variables that do not appear as important variables from the first complete case 
analysis. The number of records increases in this second step, because less variables are required 
to be known for the analysis. Based on the AIC-value, the best model is determined again. The 
procedure is repeated until the number of records does not rise considerably anymore in the 
following step. Using this procedure, the final models are based on complete cases, allowing the 
use of an objective measure (AIC) to evaluate the model, but making optimal use of the available 
data by including as many records as possible. Finally, all models are checked for multicollinearity 
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issues (i.e., independent variables that are correlated) using the type II tolerance test of the SAS 
GLM-procedure. None of the end models shows multicollinearity problems. 

RESULTS 
The results are provided in the following tables. Table 2 presents models for all intersections, table 
3 presents submodels for priority intersections and signalized intersections, and table 4 presents 
submodels for intersection with different major road categories. Submodels for three-leg 
intersections and four-leg intersections were also fit, but not presented for reasons of brevity 
because they yield no additional insights.  

As indicated before, the variable LOGVOLMAJTOTAL is included in all models for theoretical 
reasons. However, the variable appears to be exchangeable by the variable RDCATMAJ in some 
models. The variable RDCATMAJ describes the functional road category of the major road of the 
intersection. It refers to the desired function of the road from a transportation planning 
perspective. Therefore, it refers more to the planning ideal than to the actual situation. It 
distinguishes between local roads, secondary roads, primary roads and main roads, with the local 
roads having more local functions like providing access to adjacent land use and local trips, and 
primary and main roads mainly focusing on long distance high-speed travel (Flemish Government, 
2004). Road categorization is not a universal variable, but is specific for the Flemish context of the 
study. An additional advantage of a volume variable over the functional road category is the fact 
that it is an objectively measurable, numeric variable, while the road category is a non-numeric 
value that is the result of a decision process that is partly subjective (De Ceunynck et al., n.d.). 
Therefore, the authors prefer the models that use LOGVOLMAJTOTAL, even if these models fit the 
data slightly worse. Nevertheless, when the models with RDCATMAJ have a better fit, the models 
are also presented. In both the models of signalized intersections and priority regulated 
intersections, the variables LOGVOLMAJTOTAL and RDCATMAJ are included together since this 
provides the best fit. 

The model for all intersections (table 2) shows a (strongly inelastic) positive correlation between 
the crash count and the major road vehicle volume (LOGVOLMAJTOTAL). LANEMIN indicates that 
intersections with a one-lane minor road have the lowest crash count, while two-lane or three-lane 
minor roads show the highest crash count. Furthermore, the number of injury crashes is lower at 
intersections with a median on the major road (MEDIMAJ). The number of crashes is higher at 
locations with pedestrian crossings (PEDCROSS). The alternative model, using RDCATMAJ instead 
of LOGVOLMAJTOTAL provides a better fit. Intersections with a secondary major road have the 
highest crash count, while intersections with a local major road show the lowest crash count. The 
third model in the table incorporates only serious and fatal injury crashes. The model contains the 
variable LANEMIN too, but not MEDIMAJ and PEDCROSS. Additionally, the model shows a 
(strongly inelastic) positive correlation between the number of crashes and the minor road vehicle 
volume (LOGVOLMINTOTAL), and a significantly lower number of crashes for intersections with 
public land use (PUBLIC). 
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Table 2 - Parameter estimates for models for all intersections combined 

Variables1 All intersections 
(N=452) 

All intersections, 
alternative (N=452) 

All intersections, only 
serious/fatal crashes 
(N=460) 

Intercept 1.504 (p=0.005) 2.460 (p<0.001) -0.408 (p=0.541) 

LOGVOLMAJTOTAL 0.108 (p=0.090)  -0.028 (p=0.701) 

LOGVOLMINTOTAL   0.064 (p=0.104) 

LANEMIN 1: -0.352 (p=0.069) 

2: 0.120 (p=0.331) 

3: 0.336 (p=0.316) 

4: 0 

(P=0.024) 

1: -0.383 (p=0.049) 

2: 0.099 (p=0.417) 

3: 0.317 (p=0.343) 

4: 0 

(p=0.024) 

1: -0.223 (p=0.386) 

2: 0.268 (p=0.099) 

3: 0.044 (p=0.920) 

4: 0 

(p=0.033) 

MEDIMAJ -0.157 (p=0.038) -0.129 (p=0.087)  

PEDCROSS 0.131 (p=0.055) 0.135 (p=0.045)  

RDCATMAJ  LOC: -0.286 (p=0.001) 

SEC: 0 

PRIM: -0.051 (p=0.532) 

MAIN: -0.064 (p=0.754) 

(p=0.017) 

 

PUBLIC   -0.708 (p=0.003) 

Dispersion2 0.411 0.404 0.287 

AIC (smaller is better) 3074.78 3071.44 1686.85 
1 values present the parameter estimates of the negative binomial model. For categorical 
variables with more than 2 categories, the category is indicated. p-values between () 
2 values higher than 0 indicate overdispersion. 

 

The models for signalized intersections only and for priority intersections only (table 3) contain 
both LOGVOLMAJTOTAL and RDCATMAJ. LOGVOLMAJTOTAL has a relatively high importance at 
priority intersections, but not at signalized intersections. The negative sign of LOGVOLMAJTOTAL 
in the model for signalized intersections is counterintuitive; it indicates that higher intensities 
correlate with a lower crash count. The estimates of RDCATMAJ in the priority intersections model 
are in line with the general model, but in the model for signalized intersections they indicates that 
intersections with a main or primary major road have the highest crash count, not intersections at 
secondary roads. The model for signalized intersections also contains MEDIMAJ and SPEEDMIN. 
The variable SPEEDMIN indicates that roads with a speed limit of 50 km/h have the highest crash 
count. It also indicates a lower crash count of intersections with a minor road speed limit of 70 
km/h compared to 90 km/h. The estimate of category 120 km/h is based on too few records to 
draw reliable conclusions. The model for priority intersections shows a lower crash count for 
intersections with pedestrian facilities (PEDFAC), but a higher crash count at intersections with 
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pedestrian crossings (PEDCROSS) and bicycle crossings (CYCCROSS). Priority intersections near 
public land use show a higher crash count.  
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Table 3 - Parameter estimates, split by right-of-way regulation 

Variables SIGNALS intersections (N=213) PRIORITY intersections (N=218) 

Intercept 3,230 

(p<0.001) 

1,743 

(p=0.015) 

LOGVOLMAJTOTAL -0,103 

(p=0.305) 

0,167 

(p=0.056) 

MEDIMAJ -0,166 (p=0.104)  

SPEEDMIN 50: 0,137 (p=0.242) 

70: -0,135 (p=0.271) 

90: 0 

120: -1,842 (p=0.046) 

(p=0.028) 

 

PEDFAC  -0,190 

(p=0.095) 

PEDCROSS  0,180 

(p=0.156) 

CYCCROSS  0,258 

(p=0.023) 

RDCATMAJ LOC: -0,306 (p=0.037) 

SEC: 0 

PRIM: 0,146 (p=0.196) 

MAIN: 0,149 (p=0.532) 

(p=0.056) 

LOC: -0,266 (p=0.027) 

SEC: 0 

PRIM: -0,186 (p=0.176) 

MAIN: -0,482 (p=0.166) 

(p=0.081) 

PUBLIC  0,382 

(p=0.144) 

Dispersion 0.343 0.404 

AIC (smaller is better) 1458.66 1477.48 

 

Three models are fit for intersections with a particular major road category. The three models 
have a positive but insignificant estimate for LOGVOLMAJTOTAL. The model for main/primary 
roads includes LANEMIN and MEDIMAJ. Furthermore, the models indicates a lower crash count for 
three-leg intersections (3LEGS) and intersections near economic land use (ECONOMIC). Also 
SPEEDMAJ is included in the model. The higher the speed limit on the major road, the higher the 
injury crash count. The model for secondary roads includes the variables MEDIMAJ and 
CYCCROSS, with estimates in line with the other models that incorporate these variables. The 
model for local roads includes the variables LANEMAJ, DIAGON and INSIDE. The variables indicate 
a higher crash count for intersections with a two-lane major road compared to a four-lane major 
road, a higher crash count for locations inside built-up area, and a lower number of crashes for 
diagonal-shaped intersections compared to perpendicular intersections. 
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Table 4 - Parameter estimates, split by major road category 

Variables MAIN/PRIM 
intersections (N=150) 

SEC intersections 
(N=219) 

LOC intersections (N=90)

Intercept 0.870 

(p=0.346) 

2.137  

(p=0.022) 

1.083 

(p=0.218) 

LOGVOLMAJTOTAL 0,105  

(p=0.347) 

0.044 

(p=0.704) 

0.060 

(p=0.574) 

LANEMAJ   2 :0.378 

4: 0 

(p=0.077) 

LANEMIN 1: -0.287 (p=0.277) 

2: 0.314 (p=0.053) 

4: 0 

(p=0.010) 

  

3LEGS -0.264 

(p=0.066) 

  

DIAGON   -0.691 

(p=0.020) 

MEDIMAJ -0.349 

(p=0.005) 

-0.176  

(p=0.125) 

 

SPEEDMAJ 50: -0.712 (p=0.007) 

70: -0.178 (p=0.149) 

90: 0 

120: 0.457 (p=0.111) 

(p=0.015) 

  

CYCCROSS  0.178 

(p=0.125) 

 

INSIDE   0.382 

(p=0.017) 

ECONOMIC -0.261 

(p=0.039) 

  

Dispersion 0.294 0.439 0.370 

AIC (smaller is better) 1003.25 1532.43 577.51 

 

DISCUSSION 

Crash Count Influencing Variables 

Exposure 
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For theoretical reasons, the variable LOGVOLMAJTOTAL is forced into all presented models; it is 
widely acknowledged in crash prediction model literature that exposure is an important 
determining factor for most locations and should therefore always be included (Qin & Ivan, 2001; 
Qin et al., 2004; Reurings et al., 2006). The variable has a relatively high significance in the model 
for all intersections (p=0,090). The variable has the highest significance for PRIORITY 
intersections (p=0,056). The variable has a low significance for SIGNALS intersections, for the 
model only including serious injury and fatal crashes, and for all submodels for the different road 
categories. For the models where the variable has a high significance (all intersections and 
PRIORITY intersections), the variable has an estimate in the range of 0,1-0,2. The value is smaller 
than one, which indicates an increase in the crash count with an increasing traffic flow, but the 
increase is less than proportional. A value in the range of 0,1-0,2 indicates a strong inelasticity 
between vehicle volume and crash count. The estimate is lower than values that are observed in 
most crash prediction models for intersections. For instance, all studies included in the overview of 
Reurings et al. (2006) show an estimate in the range 0,5-1,2 for this variable. In many studies, 
exposure accounts for most of the systematic variance in crash counts (Greibe, 2003; Mitra & 
Washington, 2007; Reurings et al., 2006). However, these studies make use of a less selective 
sample of intersections, which could cause this difference. A possible explanation could be that the 
difference in parameter estimate is caused by a more homogenous dataset concerning the values 
of LOGVOLMAJTOTAL. This possibility can be examined by comparing the coefficient of variation of 
our dataset with a dataset of less selective intersections (Washington et al., 2003). The datasets 
used by Daniels et al. (2011) and Daniels et al. (2010) are used for comparison, because these 
datasets also consist of locations in Flanders – Belgium, because their parameter estimates for 
traffic volume are in line with other literature, and because the locations in these studies are 
chosen relatively non-selective. The coefficient of variance of our dataset (0,507) is very similar to 
the coefficients of variance for these datasets (0,504 and 0,467 respectively), so a higher 
homogeneity for traffic volume in our dataset cannot be the cause of this difference in parameters. 
Another explanation can be that other characteristics than traffic volume are more determining for 
the crash risk at dangerous locations, compared to random intersections. The same remarks apply 
to the variable LOGVOLMINTOTAL, that usually has an estimate in the range 0,2-0,5 (Reurings et 
al., 2006).  

The negative sign of LOGVOLMAJTOTAL in the submodel for signalized intersections and the 
model for all intersections using only serious injury and fatal crashes cannot be explained 
theoretically, and there is a reasonable chance that this is the result of chance. It suffices to 
conclude that the vehicle flow has a much higher importance for unsignalized intersections than 
for signalized intersections. This result makes sense, since the interactions between road users are 
controlled by the signals at signalized intersections. At priority intersections on the other hand, 
road users have more freedom in their interactions, making dangerous errors more likely. An 
increasing number of vehicles at priority intersections increases the number of interactions 
between road users, and therefore increases the risk for errors and crashes. 

Road category 

Some submodels show the best fit when both variables are included. From most models it appears 
that intersections with a secondary major road have the highest crash counts. Especially local 
roads usually have a significantly lower crash count than secondary roads. This may be related to 
the dual functionality of the secondary roads. The function of the local roads is mainly to provide 
access to adjacent land-use. The function of the primary and main roads is mainly to offer 



24th ICTCT workshop  

SESSION III:  GENERALISATION  OF  KNOWLEDGE  &  PREDICTION  OF  EVENTS                                                                      
16                                                                       
16

connectivity; i.e. to allow road users to travel long distances at a relatively high speed. These 
primary and main roads generally separate different types of road users, avoiding a number of 
potentially dangerous interactions with large differences in speed, weight and direction. The 
secondary roads on the other hand are an intermediary level (Flemish Government, 2004). They 
have the difficult task to combine a smooth flow for middle to long distance trips with the 
necessity to offer accessibility to adjacent land-use as well. This is particularly the case for the 
Flemish context, since ribbon development is ubiquitous along Flemish secondary roads due to a 
tolerant spatial planning policy until the 1990s (Albrechts, 1999).  

The model for signalized intersections and the model for priority intersections include the variables 
LOGVOLMAJTOTAL and RDCATMAJ together. This is somewhat unexpected, since the vehicle flow 
on the road is one of the criteria that is used to assign the functional road category (Flemish 
Government, 2004). Nevertheless, the multicollinearity check does not indicate a strong correlation 
between both variables, so they can be included in the model together. 

Geometric variables 

A number of models indicate that the presence of a median on the major road (MEDIMAJ) 
correlates with a lower crash count. This is probably because the presence of a median strongly 
reduces the risk of head-on collisions, which are among the most dangerous crash types. 

The variables that describe the presence of vulnerable road user crossing facilities (PEDCROSS and 
CYCCROSS) also appear in some models, indicating a higher crash count in the presence of 
crossing facilities. Especially in the priority intersections submodel, the variables are very 
important, which is in line with literature suggesting that most serious crashes with vulnerable 
road users take place at unsignalized intersections (Johansson, Gårder, & Leden, 2003; Shinar, 
2007). It does not necessarily mean that crossing facilities are unsafe; the main reason for the 
higher number of crashes can be found in the higher exposure. The number of crossing 
movements at locations with crossing facilities is generally higher than at locations without 
pedestrian crossings (Johansson et al., 2003; Shinar, 2007). Because of the high number of 
interactions, a higher number of crashes can be expected. Indirectly, this is also confirmed by the 
variable PEDFAC. This variable indicates a lower crash count in the presence of pedestrian facilities 
(i.e. sidewalks). This apparent contradiction could make sense, because the presence of pedestrian 
crossings increases the number of interactions between pedestrians and motorized traffic (and 
therefore the exposure to risk), while the presence of sidewalks reduces interaction by separating 
the different types of road users.  

Most models incorporate LANEMIN, indicating that intersections with a one-lane minor road have 
the lowest crash count, while two-lane and three-lane minor roads appear to have a higher 
number of crashes, although the number of records with three lanes is low (N=6). The categories 
one-lane (N=36) and four-lanes (N=49) are also relatively small compared to the category two-
lane roads (N=462). LANEMAJ is only significant in the submodel of intersections with major road 
categorization local. In line with LANEMIN, the model indicates a higher crash count at 
intersections with a two-lane major road compared to intersections with a four-lane major road.  

SPEEDMAJ is significant in the submodel for intersections with a main/primary major road 
category. It indicates that the number of crashes increases at higher speed limits, which – under 
the assumption that actual driving speeds at locations with higher speed limits are higher than 
elsewhere - is in line with the fact that the probability and the severity of a crash increase with a 
higher speed (Evans, 2004). The variable SPEEDMIN is only significant in the submodel for 
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signalized intersections. The estimates are however somewhat unexpected, since they do not 
follow the same trend. The estimates show that the intersections where the minor road has a 
speed limit of 50 km/h have the highest crash count, while the higher speed categories have a 
lower crash count. The category 70 km/h shows a lower crash count than the 90 km/h category.  

3LEGS is included in the submodel for intersections with a primary/main major road. Three-leg 
intersections show a lower crash count, which could be due to the lower complexity and lower 
number of conflict points of three-leg intersections. DIAGON is included in the submodel for 
intersections with local major roads and indicates that four-leg intersections with diagonal legs 
have a lower crash count than perpendicular intersections, but the number of records with 
diagonal legs is low (N=8), so it could be the result of chance. 
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Land use variables 

The variable PUBLIC is present in the model of all intersections, serious injury crashes only. It 
indicates that the presence of public services correlates with a significantly lower serious injury 
crash count as opposed to the submodel for priority intersections, where it has a positive estimate. 
There is no straightforward explanation for this. The variable INSIDE is significant in the submodel 
for intersections with major road category “local” and indicates higher crash counts for locations 
inside built-up area. A possible explanation could be the higher level of interaction inside built-up 
areas, for instance with vulnerable road users or parking vehicles. ECONOMIC is included in the 
model for intersections with a main/primary major road category. The estimate indicates a lower 
crash count at intersections near economic land use. The reason for this is not clear. 

Variables Not Present in the Models 

The variables MEDIMIN and RDCATMIN are not present in any of the models, while MEDIMAJ and 
RDCATMAJ are often important in the models. This is in line with a general tendency in crash 
prediction models that the characteristics of the minor roads have a lower significance than those 
of the major roads (Reurings et al., 2006). An exception to this tendency is however that the 
variable LANEMIN has a higher importance than the variable LANEMAJ in this study. Furthermore, 
the variable SIGNALS does not appear in any of the models, although the submodel for signalized 
intersections differs strongly from the submodel for priority intersections. 

Study Limitations 

Since the study does not use a random sample, but a sample of dangerous intersections, the 
models only indicate which variables contribute to the number of injury crashes at dangerous 
intersections. For a new intersection or for an intersection that is rebuilt, it is a priori not clear 
whether the intersection is a dangerous intersection or not. Therefore, the models cannot claim 
predictive power. The models cannot be used to estimate the expected crash counts at a random 
intersection. They should therefore be considered as explanatory models, rather than crash 
“prediction” models, although even models based on a random dataset are only based on historical 
data, so that they can only describe or explain past events, and there is no guarantee that the 
patterns will remain valid towards the future (Reurings et al., 2006). Nevertheless, despite the lack 
of predictive power in absolute terms, these models can provide valuable insights to road 
designers and policy makers that help them to handle dangerous intersections more effectively. 

Another limitation is that the variables in the study are partly based on variables that have been 
used in comparable studies, but also partly based on practical limitations to collect data about 
them. Data could not be collected about all potentially useful variables. Therefore, there is a risk of 
omitted-variable bias (Lord & Mannering, 2010). Especially the absence of exposure data for 
vulnerable road users is a limitation. PEDCROSS and CYCCROSS are suspected to function as a 
proximate for exposure. It would therefore be preferable to include these variables instead of their 
proxies. Some studies presented models where separate exposure measures for different transport 
modes show a good model fit (e.g. Daniels et al., 2011). Furthermore, the fact that the exposure 
is based on only two hours of counts brings some additional uncertainty into the model. 

One final point is that the analyses show relatively little structural variance in the dataset that is 
used, despite its relatively large size. A possible explanation could lie in the fact that the dataset 
contains only dangerous locations. It might be the case that many of these locations have some 
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(not yet known) uncommon characteristics, making the dataset quite heterogeneous. Therefore, it 
seems that crash prediction model techniques are too rough to determine the characteristics that 
influence the crash count at individual dangerous intersections. The authors suggest that individual 
assessments of the road safety evolution should be carried out for the concerned intersections. 
Subsequently, the obtained results could be analyzed on a meta-level in order to obtain better 
insights in explaining factors for variations in crash counts. 

 

CONCLUSIONS 
Because the dataset consists exclusively of dangerous intersections, the presented models do not 
claim predictive power. They only explain which factors contribute to the number of injury crashes 
at dangerous intersections. The models show that traffic volume is generally not a very strongly 
determining variable for the crash count at these intersections, as opposed to most literature 
about crash prediction models. Furthermore, intersections with major road category “secondary” 
systematically show a higher crash count than intersections at other road categories. Also the 
number of lanes on the minor road has an important influence on the number of crashes. 
Intersections with a one-lane minor road have the lowest crash count, while intersections with 
two-lane or three-lane minor roads show the highest crash counts. The presence of a median on 
the major road corresponds in most models with a lower number of injury crashes. Finally, a 
number of models indicate a higher crash count at intersections with crossing facilities for 
vulnerable road users, especially at unsignalized intersections. However, in the latter result the 
variables representing the presence of a crossing facility for pedestrians or cyclists may act as a 
proxy for the unknown exposure of these road user types. 

Despite the size of the dataset, the analyses show relatively little structural variance, what could 
be due to the fact that the dataset contains only dangerous intersections. However, no systematic 
chance effects should be included in the model. Because the time period of the crash data (2000-
2003) is not the same as the time period that is used to identify the dangerous locations (1997-
1999), the regression-to-the-mean phenomenon should be of no influence. Therefore, two 
possible explanations for the small structural variance can be given, depending on whether 
structural variation is or is not present in the dataset in reality. If structural variation would be 
present in reality, this means that the available data were insufficient and other variables can 
explain the structural differences. Examples of such variables could be traffic volumes for different 
types of road users (as only AADT is now included) or variables describing concepts such as the 
complexity of the intersection or its comprehensibility. However, if the alternative hypothesis 
would be true, i.e. no structural variation is actually present in the dataset, we would need to 
conclude that only site-specific particularities determine the crash count. Consequently, the only 
reasonable analysis approach would be to assess the road safety characteristics of each site 
individually.  
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