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Abstract

Motorcycle crashes constitute a significant proportion of traffic accidents all over the world. The aim of
this paper was to examine the motorcycle crash patterns and rider fault status across the provinces of Iran.
For this purpose, 6638 motorcycle crashes occurred in Iran through 2009-2012 were used as the analysis
data and a two-step clustering approach was adopted as the analysis framework. Firstly, hierarchical
clustering (HC) was applied to group the provinces into homogenous clusters, based on the distribution of
crash characteristics in each province. In the second step, the latent class clustering (LCC) was employed
to investigate the crash patterns and rider fault status among the provinces. The provincial groupings were
found to be an influential factor in the final crash clusters implying the effectiveness of the proposed
framework. Results of LCC also indicated that Cluster 8 with the highest percentages of not wearing helmet,
unlicensed and under 21 years old riders, had the highest percentage of fatal crashes. In addition, the
motorcyclists seemed to be less responsible in the pedestrian-motorcycle crashes. Accordingly, training
programs for the riders in the license issuance process about the risk of pedestrian-motorcycle crashes could
help mitigate this type of crashes. Generally, analyzing the culpability in pedestrian-motorcycle crashes
might be a good topic for future research. Further discussions on the crash patterns are provided. Finally,
the combined use of HC and LCC should not be regarded as an alternative to the other more qualitative
predictive methods, but as a preliminary analysis tool to provide insights over the road safety condition at
the national level.
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1. Introduction

Motorcyclists are among the most vulnerable
road user groups, overrepresented in road traffic
crashes, especially in the developing countries
[Haque, Chin, and Huang, 2010; Tavakoli
Kashani, Rabieyan, and Besharati, 2016;
Vlahogianni, Yannis, and Golias, 2012]. This is
the same in Iran, where motorcycle is a popular
transportation mode and is, unfortunately,
involved in a significant proportion of fatal
crashes [Tavakoli Kashani, Rabieyan, and
Besharati, 2014]. According to the Iran Forensic
Medicine Organization report, motorcyclists
comprise 25.7% of the total traffic crash fatalities
occurred during 2006 to 2010. On the other hand,
previous studies have showed that at-fault
motorcyclists are more likely to be involved in or
injured due to a traffic crash. For example,
Savolainen and Mannering (2007) showed that
motorcyclists who are at-fault in crashes are also
more likely to die in the event of a crash. In
addition, results of previous researches suggest
that at-fault and not-at-fault motorcycle crashes
might have different causes [Haque, Chin, and
Huang, 2009; Savolainen and Mannering, 2007].
This has inclined the researchers to study the
various factors that might be associated with
motorcyclists’ responsibility in crash causation
[Haque et al., 2009; Kim and Boski, 2001; Kim
and Li, 1996].

In this regard, in a study on two-vehicle
motorcycle crashes, Schneider, Savolainen, Van
Boxel, and Beverley (2012), examined such
factors as alcohol consumption, rider age, helmet
use, car insurance as well as driving experience
and found them effective on the at-fault and not-
at-fault crashes. In terms of rider’s age, previous
researches generally suggest that younger riders
have a stronger propensity of risky behavior
[Harrison and Christie, 2005; Rutter and Quine,
1996; Schneider et al., 2012].

Zhang, Yau, and Zhang (2014), studied
motorcycle-pedestrians, and concluded that
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motorcyclists are more likely to be at-fault in
these crashes.

In another study, Haque et al. (2009) found that
motorcyclists were more likely to be at-fault
when the crash occurred on an expressway or
where the speed limits were higher, when the
motorcycle had a larger engine size, under wet
pavement conditions, and in collision with
pedestrians. They also showed that young and
older riders as well as those carrying pillion
passengers were more likely to be at-fault in
crashes.

In terms of analytical methods, previous studies
have employed a variety of methodological
approaches including regression models to
investigate the factors contributing to traffic crash
frequencies and the injury severity of different
road users [Besharati and Kashani, 2017; Jalayer
and Zhou, 2017; Mannering and Bhat, 2014; Ali
Tavakoli Kashani and Mohammad Mehdi
Besharati, 2016]. More recently, several data
mining technigues have been used by researchers
in the road safety domain [Chang and Chen,
2005; Kumar and Toshniwal, 2016; Tavakoli
Kashani et al., 2014].

On the other hand, a number of previous studies
have tried to employ exploratory data analysis
techniques such as multiple correspondence
analysis [Jalayer and Zhou, 2017] in order to
identify patterns in large crash datasets and
provide a general overview on the key factors
affecting crash occurrence and injury severity.
Also, clustering analysis is a popular descriptive
data mining technique that has been widely used
in recent years in the road safety domain
[Depaire, Wets, and Vanhoof, 2008; Kaplan and
Prato, 2013; Ali Tavakoli Kashani and
Mohammad Mehdi Besharati, 2016]. Results of
previous studies have showed that applying
clustering techniques as a preliminary analysis
tool can reveal hidden relationships and help the
traffic safety researcher to group traffic crashes
into more homogenous clusters [Depaire et al.,
2008; Kaplan and Prato, 2013].
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Although previous studies have explored the
association of several contributory factors with
the motorcyclists’ fault status, a review of the
literature reveals that very few researches have
been conducted to investigate the pattern of
culpable riders in several types of motorcycle
crashes at a national level. Therefore, the current
study employed a data mining framework as an
exploratory data analysis tool to conduct a
preliminary analysis over the motorcycle crash
patterns and motorcyclists’ fault status at a
national level.

It seems that addressing the issue of
motorcyclists’ fault status can help provide a
better understanding of the patterns and causes of
motorcycle crashes, which in turn, might increase
the effectiveness of preventive measures and
improve the motorcycle safety [Haque et al.
2009].

2. Methodology
2.1 Crash Data

In this study, Iran crash data recorded by the
Information and Technology Department of the
Iranian Traffic Police, from 2009 to 2012 were
used. Since the scope of the present study was to
identify the factors influencing riders’ fault in
motorcycle crashes, Motorcycle crash data were
extracted from the main database which contains
all different sort of crashes. After cleaning the
data, finally 6638 data records were identified for
analysis.

These data are obtained from the Traffic Crash
Record form, KAM 114, which contains
important information about the crashes. The
information covers different aspects of a traffic
crash such as cause of crash, collision type,
vehicle type, location type, lighting condition,
weather condition, Road surface condition,
shoulder type, and characteristics of the riders
involved such as age, gender, helmet status, type
of drivers’ license and its issuance date, and so
on.

After cleaning the data, finally 6638 data records
were prepared for analysis. Ten variables were
considered in the current study. Table 1 presents
the study variables and subcategories of each
variable.

2.2 Analysis Procedure

Since the provinces under study have
significantly unequal crash frequencies and
fatalities (due to difference in population), it was
not possible to simply group the provinces
according to raw frequencies of crashes in each
province. For example in Iran, from 2009 to 2012
more than 50% of the crashes have taken place in
the Tehran province. Using an unsupervised
clustering method such as latent cluster analysis,
without pre-classifying the provinces with the
hierarchical methods, would lead to an
unbalanced clustering, in which, for example,
half of the clusters would only have incorporated
the crashes occurred in Tehran province. In such
case, examining the crash patterns among the
provinces was not possible, because of the
unbalanced distribution of the data across the
provinces.

The analysis framework adopted in this study is
represented in Figure 1. As shown in this figure,
first the percentage of crashes in the
subcategories of each variable in each province
were calculated. The provinces were then
clustered into homogeneous groups using
hierarchical clustering analysis and a new
variable called “province group” was introduced
and added to the crash database. This variable
represent the group of provinces that each data
record belonged to. In the next step, latent class
clustering was performed using the newly
introduced variable as well as other variables in
Table 1, aiming to group motorcycle crashes into
homogeneous clusters and explore hidden
patterns of the motorcyclists’ injury severity
among the clusters.
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Perform Hierarchical Clustering analysis using study variables, in
order to cluster similar groups of provinces.

Variable | Category Freq. | Variable Category Freq.

Area type Rural 448 Riding Unlicensed 463
Urban 6190 | license Licensed 6175
Self-employment | 5323 1958/06/28— 2005/09/01 | 465
Unemployed 439 | License 2005/09/04-2007/05/31 1208
Student 84 | issuance 2007/06/03-2008/11/02 1540

Job type University student 24 | date 2008/11/03-2009/12/01 1105
Labor 241 2009/12/02-2010/11/10 1190
Officeholder 285 2010/11/11-2012/06/20 1130
Military 195 15-21 1221
Driver 47 22-23 954
Iliterate 162 Age group 24-26 1253
Primary school 349 27-30 968
Guidance school 1244 31-39 1143

Education | High school 171 40-89 1099
Diploma 4471 - Pedestrian-motorcycle 989
Associate degree | 137 g/cl;l:smn Car-motorcycle 5462
Bachelor’s degree | 104 Fixed object collision 68

Terrain Level 6573 overturn 119

type Rolling 29 | Helmet Used 2365
Mountainous 36 | usage Not-used 4273

Rider fault | Not at fault 3856

status At fault 2782 Total 6638

Table 1. Variable description
Prepare crash data and Compute the percentage of crashes in the J
subcategories of each variable for each province.

Introduce a new variable called "province group", that represent
the group of provinces that each crash record belongs to.

Perform Latent Class Clustering analysis using the newly
introduced variable "province group" in addition to other
variables shown in Table 1.

)

Figure 1. Analytical framework of this study
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2.3 Cluster Analysis

Cluster analysis (CA) is an unsupervised learning
technique of descriptive data mining, that is
employed to group the data into clusters in such a
manner that maximize both the homogeneity
within each cluster and the dissimilarity among
different clusters. This is done without the benefit
of prior knowledge about the groups and their
characteristics, and it distinguishes clustering
models from the other modeling techniques in
that there is no predefined output or target field
for the model to predict. For this reason, there are
no right or wrong answers for these models, and
their merit is determined by their ability to
capture interesting groupings in the data and
provide useful descriptions of those groupings.
Generally, clustering approaches include 1)
Probability-based; and 2) Distance-based
approaches (such as Partitioning Clustering (e.g.,
K-means, k-mediods), and Hierarchical
Clustering (e.g., Ward’s method)) [Jain, Murty,
and Flynn, 1999].

2.3.1 Hierarchical Clustering

Hierarchical Clustering has two types of
strategies, divisive and cumulative. Divisive
methods are "top down" approaches in which, all
records start in one cluster, and splits are
performed recursively as one moves down the
hierarchy. Cumulative methods are "bottom up"
approaches in which, initially each data is
assigned to its own cluster and then the groups
that are close to each other are combined so that
finally all the groups combine into a single group
[Jain et al. 1999]. Cumulative methods include:
single linkage, average linkage, complete linkage
and Ward linkage methods. In the current study,
Ward linkage algorithm which has widely been
used in the similar studies [O’brien, Cheshire, and
Batty, 2014], was employed to group the
provinces.

Ward's method states that the distance between
two clusters, A and B, is how much the sum of
squares will increase when we merge them:

A(A, B) =Xicaupllxi —mAUBII? — Zieqllxi —

mAl|? — ¥;epllxi — mBJ|? 1)
— s |l mA — mB||2
ng+npg
(2)

Where mj is the center of cluster j, n; is the
number of points in it, and A is called the merging
cost of combining the clusters A and B.

With hierarchical clustering, the sum of squares
starts out at zero (because every point is in its own
cluster) and then grows as we merge clusters.
Ward's method keeps this growth as small as
possible [Ward Jr, 1963].

As described in Figure 1, the output of the
hierarchical clustering was added to the database
as a new variable called “province group”, which
showed the group of provinces that each data
record belonged to. The newly introduced
variable as well as the other study variables were
then imported to the Latent Class Clustering
analysis.

2.3.2 Latent Class Clustering

Latent class clustering is one of the unsupervised
clustering methods which was conceived more
than 4 decades ago. However, its application was
limited until the last decade, when renewed
interest and advances in computational
capabilities led to its widespread application in a
variety of social science studies [Lanza, Collins,
Lemmon, and Schafer, 2007; Vermunt and
Magidson, 2002].

The main advantages of LCC over alternative
clustering algorithms (such as k-means
clustering,  2-stage  clustering,  Kohonen
networks) is the ability to represent overlap
across clusters rather than only independent or
nested clusters, the existence of an underlying
statistical model that allows calculating cluster
probabilities for new cases, and the provision of
several goodness-of-fit criteria that facilitate the
decision regarding the number of clusters
[Depaire et al., 2008; Vermunt and Magidson,
2002].

LCC is defined as the classification of similar
objects into C latent classes, where uncertainty is
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involved in the class membership and the number
of clusters and their size is unknown Assume a
vector of N observations characterized by a
vector of M variables (yi =y, ..., ym), and let Y;
(Yi=Yi, ..., Yiu) be the vector of values of
observation i for the M items. Then, the latent
class model is formulated as follows (Kaplan and
Prato, 2013),

P(Y; 16) = Yoy P(Cl)-P(Y[Cr, 81) (3)
wherek (k=1, ..., K) indicates a latent class, K
is the number of latent classes, P(Ck) denotes the
prevalence of latent class Cy in the data set, p(Yi |
Ck, 0x) denotes the conditional multivariate
probability that an observation in class Cx would
be characterized by Yi, and 6k is a vector of
variables to be estimated. The model formulation
is very flexible in not implying any assumption
regarding the nature of the variables (i.e., discrete
or continuous), their underlying distributions, and
the correlation patterns across observations and
variables the mixture probability density for the
whole data set can be expressed as

P (Y]0) =X5-1[P(C,) [T}21 p(¥i|C2, 6,)] (4)
After estimation of the variable vector 0, the
underlying statistical model assigns a set of
posterior probabilities pi which indicate the
probability of belonging to cluster Cy for each
data element Yi. In this regard, LCC resembles
fuzzy clustering [Hoppner, 1999]. One of the
common problems in estimating models by
means of clustering analysis, is that the model
may converge to a local maximum. To avoid this
problem, modeling was performed with 50
random starting points. Finally Convergence was
achieved when the maximum absolute deviation
was less than 1E-06. Since previous studies
indicated the superiority of the BIC compared to
the other information criteria in terms of
consistency and accuracy (Nylund, Asparouhov,
and Muthén, 2007), the BIC criterion was used in
the current study to determine the number of
clusters. In addition, the entropy criterion was
used as another measure to find the best
clustering model. The entropy criterion take
values between 0 and 1, where 1 indicates the
highest certainty in the classification and 0
indicates the worst quality in the clustering
[Depaire et al., 2008]. Furthermore, the R?, which
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indicates how well an indicator is explained by
the model, was calculated to identify significant
variables [Vermunt and Magidson, 2005].

In the first step, the study variables were used to
cluster the provinces. Due to egregious
differences in the population of provinces, it was
not possible to use the raw frequencies of crashes
in the subcategories of variable for clustering the
provinces. Therefore, the percentage of each
subcategory in each variable was used to group
the provinces. For example, as shown in Table 2,
for the “Helmet wusage” variable, with 2
subcategories of “used” and “not used”, the
percentages of each subcategory in each province
was used in hierarchical clustering process.
Subcategories of the other variables described in
Table 1 were also included in the HC analysis in
order to group the provinces. Provinces were
finally clustered based on the distribution of study
variables in crashes of each province. Figure 2,
shows the dendrogram of the provinces as a result
of clustering by Ward algorithm. As shown in this
figure, the provinces were divided into 5 groups
based on the results of the HC. These clusters are;

e Group A: Ardebil, Hormozgan, Tehran,
Bushehr, Mazandaran, Qazvin
e Group B: Chaharmahal and Bakhtiari,
Khorasan-Razavi,  Gilan, = Semnan,
Lorestan, Golestan, Fars, Great Tehran,
Kordestan, Hamedan
e Group C: Illam, Kohkilouye and
boyerahmad, West Azerbaijan,
Khuzestan, Kermanshah, Sistan and
Balouchestan
e Group D: Zanjan, Yazd, Qom
Group E: North Khorasan, South
Khorasan, Markazi, Isfahan, Kerman,
East Azerbaijan
After clustering the provinces into homogeneous
groups, the variable of “province group”, was
added to the database to represent the group of
provinces that each record belonged to. Next, the
variable of “province group” as well as other
variables were inputted into the LCC analysis.
Table 3 shows the corresponding R? for each of
the variables used in LCC.
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Table 2. Univariate distribution of Helmet usage across the provinces

Province

Helmet usage (%)

Ardebil

West Azerbaijan
East Azerbaijan
Bushehr
ChaharmahalandBakhtiari
Isfahan

Fars

Qazvin

Qom

Gilan

Golestan
Hamedan
Hormozgan

llam

Kerman
Kermanshah
Khuzestan
South-Khorasan
Khorasan-Razavi
North-Khorasan
KohkilouyeandBoyerahmad
Kordestan
Lorestan
Markazi
Mazandaran
Semnan
SistanandBalouchestan
Tehran

Great Tehran
Yazd

Zanjan

Used Not used
38.9 61.1
34.6 65.4
25.7 74.3
33.3 66.7
25.0 75.0
27.7 72.3
26.5 73.5
27.0 73.0
18.3 81.7
31.2 68.8
16.0 84.0
47.1 52.9
54.6 45,5
10.5 89.5
15.8 84.3
22.6 77.4
24.7 75.4
29.4 70.6
20.0 80.0
21.6 78.4
16.0 84.0
50.8 49.2
23.9 76.1
17.8 82.2
36.1 63.9
22.5 775
18.1 81.9
60.5 39.5
48.9 51.1
11.7 88.3
37.9 62.1

3. Results

The BIC values for 2 to 14 cluster models are
presented in Figure 4. As there is an apparent
elbow in the BIC curve at 8 number of clusters,
the 8-cluster solution was selected as the best
model. Moreover, the entropy criterion of the
model was equal to 0.74, indicating a reasonably
high certainty in the clustering (see, e.g., (Depaire
et al., 2008; Kaplan and Prato, 2013) for more
details about acceptable ranges of entropy).

The next step was to characterize the clusters
based on the proportion of each subcategory of
variables in each cluster. The variables that were
selected to characterize the clusters are shown in
Table 4. This table also shows the proportion of

each subcategory of variables in each one of the
8 clusters. Note that only significant
subcategories of each variable are presented in
this table.

Similar to previous works (de Ofia, LOpez,
Mujalli, and Calvo, 2013; Depaire et al., 2008;
Mohamed, Saunier, Miranda-Moreno, and
Ukkusuri, 2013), the clusters were analyzed and
named based on their variable distributions.
Since, only the differences between the clusters
where important, the subcategories that were
dominant in all clusters were not included in the
naming process. For example, “diploma” level of
education was dominant in all the clusters, and
therefore was not entered in the naming process.
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East Azerbaijan
South-Khorasan
Kerman
Isfahan
Markazi
North-Khorasan
Qom
Yazd
Zanjan
West Azerbaijan
Khuzestan
Sistan&Balouchestan
Kermanshah
Kohkilouye&Boyerahmad
llam
Hamedan
Kordestan
Great Tehran
Fars
Golestan
Lorestan
Semnan
Gilan
Khorasan-Razavi
Chaharmahal&Bakhtiari
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Mazandaran
Bushehr
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Hormozgan
Ardebil

3
18
15

]
24
20

9
a0
N

2
17
27
16
21
14
12
22
29

7
11
23
26
10
19

]

g
25

4
28
13

1

Dendrogram using Ward Linkage

Rescaled Distance Cluster Combine
10

15 20 25
| 1 |

L L{ | L {1 |

L

Ll_

]

Figure 2. Hierarchical clustering output by Ward method
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Table 3. R-squared of variables used in the LCC analysis

Variables R?
Province group 0.07
Helmet usage 0.06
License issuance date 0.12
Riding license 0.71
Rider age group 0.35
Job type 0.11
Education 0.10
Area type 0.14
Collision type 0.37
Crash severity 0.33
118500
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©™ 117500
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>

@ 115500

115000

0 5 10 15

Number of clusters

Figure 4. BIC values for several number of clusters

Table 4. VVariables distribution in the 8 Latent Class Clusters

Cluster number 1 2 3 4 5 6 7 8
Cluster Size 0.37 0.19 0.14 0.09 0.08 0.06 0.04 0.04
Province group
A 0.03 0.06 0.05 0.35 0.02 0.01 0.01 0.02
B 0.70 0.56 0.63 0.41 0.46 0.74 0.17 0.23
C 0.07 0.05 0.07 0.12 0.11 0.05 0.39 0.40
D 0.03 0.09 0.08 0.02 0.10 0.04 0.02 0.03
E 0.17 0.24 0.17 0.11 0.31 0.16 0.40 0.31

Helmet usage
used 042  0.27 039 051 026 042 0.05 0.06
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Not used 058 0.73 061 049 0.74  0.58 095 0.94
License issuance date
1958/06/28- 2005/09/01 0.08  0.00 0.08  0.06 0.12 0.65 099 0.93
2005/09/04-2007/05/31 0.24  0.00 026 0.19 025 0.04 0.00 0.00
2007/06/03-2008/11/02 021 014 019 0.20 0.16 0.06 0.00 0.01
2008/11/03-2009/12/01 0.17 0.25 0.16  0.20 0.15 0.05 0.00 0.03
2009/12/02-2010/11/10 0.13 0.30 0.17 0.18 0.16 0.15 0.00 0.01
2010/11/11-2012/06/20 0.16 0.31 0.14 0.16 0.16  0.05 0.01 0.02
Riding license

Unlicensed 001 001 000 004 003 008 091 0.99
Licensed 099 099 100 09 097 092 009 001
Rider age group
15-21 003 072 003 003 001 001 002 090
22-23 014 024 014 013 004 005 012 0.10
24-26 027 004 026 025 010 012 023 0.01
27-30 021 000 020 020 011 013 019 0.00
31-39 022 000 022 023 021 022 023 0.00
40-89 014 000 015 016 054 047 019 0.00
Job Type
Self-employment 089 081 08 081 079 033 079 048
Unemployed 005 017 005 007 000 000 000 0.3
University student 000 000 000 000 000 000 000 0.33
Student 000 000 000 000 000 001 001 0.04
Laborer 000 000 003 003 016 013 013 0.8
Officeholder 002 000 004 004 004 038 005 001
Military 004 001 003 005 000 005 001 0.02
Driver 000 000 000 000 000 010 001 0.00
Education
illiterate 000 000 002 002 021 000 006 002
diploma 077 087 069 060 024 046 045 041
primary school 002 000 008 009 029 000 002 001
guidance school 017 012 018 023 024 017 034 040
high school 000 000 000 000 002 022 012 0.4
Area type
Rural 001 004 008 036 008 001 009 008
Urban 099 096 092 064 092 099 091 092
Collision type
Fixed object collision 009 023 091 003 010 027 015 0.14
Car-motorcycle 002 004 002 012 001 005 003 003

Pedestrian-motorcycle 090 073 000 081 088 0.66 081 0.82
Crash severity
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Fatal 0.00 0.01
Injury 0.94 0.90
Property Damage only 0.06 0.09

0.01 0.01 0.00 0.01  0.02
032 099 094 093 093
067 0.01 0.06 0.06  0.05

As shown in Table 4, Clusters 1, 2 and 3, with
more than 70% of the total data account for the
largest share of crashes. In addition, 65% of riders
are in the age range of 22-40 years.

Cluster 1 with more than 37% of all the crashes
contains the largest amount of data among the
clusters. About 99% of the riders involved in
crashes of this cluster have held a motorcycle
license. In addition, the percentage of helmet
usage is relatively high in this cluster (42%)
compared to the other clusters. In cluster 2, about
96% of riders were under 23 years old and 73%
not used helmet.

Most of the motorcyclists in Cluster 3, are
between 24-39 years old. Group B is the
dominant group of provinces in this cluster.
Further, about 91% of the crashes in this cluster
are caused due to collision with fixed objects.
Moreover, almost all the crashes in this cluster
have caused injury.

Cluster 4 with more than 34% of rural crashes,
has the largest share of rural crashes among the 8
clusters. This cluster has also the highest
percentage of helmet usage (51%) compared to
other clusters and is the only cluster with the
domination of Group of provinces A. Although
the rural crashes are expected to be more severe,
but nearly 67% of crashes in this cluster were
Property damage only. This might be explained
by the high percentage of helmet usage among the
riders of this cluster.

Clusters 5 and 6 had the highest percentage of
above 30 years old motorcyclists (75% and 69%,
respectively). Also, Cluster 5 with an average
rider age of 39 years has the highest average age
among the 8 clusters. In addition, a considerable
percentage of crashes in cluster 5 have occurred
in province groups B and E with all the riders
being licensed in this cluster. Furthermore, 74%
of crashes of cluster 6 have occurred in province
group B.

The main feature of clusters 7 and 8 is the
percentage of unlicensed riders in these clusters.
In cluster 7, 90% of riders were unlicensed and
95% had not used helmet. Similarly, 99% of
motorcyclists in cluster 8 were unlicensed and
94% had not used helmet. However, the share of
riders’ age groups in each of these two clusters
are significantly different. Approximately, 90%
of riders involved in crashes of cluster 8 were
under 21 years old. Additionally, 2% of crashes
in this cluster were fatal; the highest percentage
among the 8 clusters. This might be attributed to
the co-existence of not wearing helmet,
unlicensed and under 21 year old riders in this
cluster.

In addition, the share of at-fault riders in each of
the 8 clusters is shown in Table 5. According to
this table, Cluster 3, which contain more than 14
% of crashes in the database (Table 4), have the
highest percentage of at-fault riders (99.8%)
among all the clusters.

Cluster 6 is the second critical cluster with more
than 45 % of at-fault riders. This cluster has the
highest percentage of riders of provinces Group
B among the 8 clusters (Table 4). Further,
although clusters 5 and 6 are similar to each other,
but the share of at-fault riders is significantly
lower in cluster 5. This might be attributed to the
higher share of pedestrian crashes in this cluster.
In addition, crashes of Cluster 1 have similar
condition, where 90% of crashes are pedestrian-
motorcycle collisions and in more than 74% of
crashes, the motorcyclists were identified as not-
at-fault. Thus, on might conclude that the
motorcyclists seem to be less responsible in the
pedestrian-motorcycle crashes.
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Table 5. Distribution of Rider status variable in clusters

Cluster description

Not-at-fault At-fault

1  Group of provinces B- Licensed- collision with pedestrian 74.4 25.6
2 Group of provinces B , E-Licensed- No helmet- under 23 years old- collision with pedestrian  57.5 425
3 Group of provinces B- No helmet- 30 years old — Injury - Collision with fixed object 0.2 99.8
4 Group of provinces B,A- Licensed- Rural areas 61.0 39.0
5  Group of provinces E,B- Licensed- No helmet- Above 40 years old- Collision with pedestrian ~ 73.5 26.5
6  Group of provinces B- Licensed- Above 40 years old 54.3 45.7
7 Group of provinces E,C- Unlicensed- No helmet 64.7 35.3
8  Group of provinces E,C,B- Unlicensed- No helmet- Under 21 years old 67.9 32.1

4. Discussion and Conclusion

The current study contributes to the literature
about motorcycle crashes by providing a holistic
view over the crash pattern and fault status of
motorcyclists at the national level. For this
purpose, two clustering techniques were used in
combination. In the first step, the Hierarchical
clustering technique was applied to group the
provinces according to distribution of crashes in
each province. Next, the crash patterns and
culpability of riders in each cluster was
investigated using the LCC technique.

The LCC analysis produced 8 crash clusters with
different share of at-fault motorcyclists. Clusters
2, 3 and 6 have the highest share of at-fault riders.
A significant proportion of crashes of these
clusters have occurred in province group B. In
addition, the share of at-fault motorcyclists were
lower in the clusters with domination of
pedestrian-motorcycle  crashes.  Therefore,
informing the motorcyclists in these provinces
and instructing special training programs for the
riders in the license issuance process about the
risk of pedestrian-motorcycle crashes could help
mitigate this type of crashes in these provinces.
Cluster 4 has the fourth most percentage of at-
fault riders. Since this cluster is the only cluster
with domination of rural crashes and the only
cluster with the domination of province group A,
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thus, paying more attention to the facilities
related to motorcycle safety on the rural roads in
these provinces can have a significant impact in
reducing crashes.

Clusters 1 and 5 have the lowest percentage of at-
fault riders among all clusters. Having riders with
an average age of more than 30 years (a relative
high age for motorcycle riders) is a common
feature among these clusters. This result is in
accordance with previous studies (Harrison and
Christie, 2005; Rutter and Quine, 1996).
Moreover, under 21 years old motorcyclists were
involved in more than 90% of crashes in cluster
8. This cluster also had the highest percentage of
fatal crashes (2 percent) among the 8 clusters.
This issue highlights the influence of
inexperience and young riders in the motorcycle
crash severity.

Results of this study showed that the idea of
combined use of two clustering technique could
be helpful to cluster large crash database and
provide more homogenous crash groups in order
to conduct descriptive preliminary analysis on the
crash data from large jurisdictions. The Province
group variable resulting from the hierarchical
clustering was one of the effective variables in the
LCC analysis. This imply the effectiveness of the
proposed framework. Results also confirmed that
the combined use of HC and LCC can help reveal
the pattern of motorcyclists’ fault status at a
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national-level. Since the unbalanced nature of
crash data across subnational regions is not
peculiar to Iran, the framework adopted in the
current study could be used in other similar
researches for macro-analysis of crash patterns in
other countries or states. Finally, it worth
mentioning that this approach might only be
regarded as a preliminary analysis tool to provide
a holistic view over crash patterns and identify
most critical problems at a national level, which
in turn might facilitate decision making about
road safety issues. Therefore, this approach could
complement other more qualitative analytical
methods.

5. Limitations

The study variables were limited to only those
variables that existed in our crash database.
Definitely, there might be other factors that
contribute to the motorcycle crashes and the
riders’ fault status. Furthermore, the injury
severity levels that were considered in this study
include fatal, injury and no-injury. However, if
the injury levels were recorded in more details
(i.e.,  possible,  non-incapacitating, and
incapacitating injuries), the analysis results could
be more helpful.
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