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Due to population growth and the increasing number of vehicles on rural roads, traffic accidents have become one of the most
important problems in the transportation system, which greatly affects the social and economic situation of the people. .e main
purpose of this study was to apply the analytical method to investigate the factors affecting the severity of traffic accidents on rural
roads of Guilan, Iran, in order to determine the most effective factor in the occurrence of these accidents. At first, the frequency
analysis was used to evaluate the variables and their frequency, then the Friedman test (FT) was applied to prioritize the factors,
and the exploratory factor analysis (EFA) was used to determine the most effective factor in the occurrence of vehicle accidents in
Guilan rural roads. Based on the FT, weather condition was the most important factor effective in these accidents. According to
the results of the EFA, five factors were identified as the main factors involved in accidents in which the first factor contributing to
accidents was the environmental factor, including weather condition and road surface condition. .is indicates that concurrent
result of the FTand the EFA, weather condition as an environmental factor, was identified as the most important factor affecting
vehicle accidents on rural roads of Guilan. Finally, safety strategies were proposed to increase safety and reduce accidents along
these roads.

1. Introduction

Traffic accidents are now a worldwide problem that annually
kills a large number of people and brings huge economic
costs to society [1, 2]. Although the scientific growth and the
advancement of technology in vehicles have created relative
prosperity for humans, it has caused an important problem
called road accidents [3] that has become one of the world’s
leading economic, social, and health hazards today and as
one of the most important causes of mortality, disability, and
damages in the world which is worryingly increasing [4, 5].
World statistics show that the economic and human

casualties of road accidents are high. Approximately 3700
people die every day and 1.35 million a year from traffic
accidents, and nearly 50 million are injured or disabled every
year. Road accidents are the eighth leading cause of death in
the world [6, 7].

Factor analysis is a kind of approach that we may see in
deep view in machine learning models [8–13] and various
hybrid, enhanced, and boosted optimization techniques
[14–27], and intelligent model studies [28–32] as well. For
example, there are many well-established enhanced opti-
mizers that have a style of factor analysis and evaluation-
based decisions such as particle swarm optimizer (PSO) [33],
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Harris hawks optimizer (HHO) [34], whale optimizer al-
gorithm (WOA) [35], differential search (DS) [36], ant
colony optimizer (ACO) [37, 38], grey wolf optimizer
(GWO) [25, 39], teaching-learning-based optimizer (TLBO)
[40], differential evolution (DE) [41, 42], and other hybrid
and enhanced methods [18, 20, 22, 26, 27]. Such techniques
may also be applied to optimal control [43], analysis of
machine learning models [44], optimal resource allocation
[45], analysis of shuttlecock production [46], intelligent
damage detection [47–49], image and video processing
[50–55], and analysis of energy consumption [56]. .ey can
also be applied to deep learning systems [57–61], adaptive
control systems [62–65], and monitoring systems [66–69].

.e safety of urban and rural roads depends on the
behavior of road users, which is the result of each indi-
vidual’s beliefs and attitudes. So, knowing these can give a
good understanding of traffic behaviors [70, 71]. In recent
years, due to the unsuitable situation of traffic accidents in
Iran, many steps have been taken to ensure traffic safety and
improve transportation performance [72, 73]. Since driving
accidents are a multifactorial cause, identifying the causes
and carefully examining the current situation is an essential
step in reducing and controlling accidents that without it,
the need to plan and manage them cannot be resolved.
.erefore, the primary priority of the organizations con-
cerned should be the identification of the root causes of
accidents [73–76].

On rural roads of Iran, casualties due to accidental injury
are almost 4.33 per 1000 and deaths from unintentional
injuries are 5213 [77]. .ese findings illustrate the need for
research and investment in rural infrastructure to improve
the safety of rural roads [78]. Rural residents have more
traveling compared with urban residents [79]. Although
rural accidents may seem minor based on road casualties
than urban roads, studying rural roads should be a priority
with a social equity approach in mind [80].

In recent years, various studies have been carried out on
the subject area of traffic safety on rural roads. Ghaffar et al.
[81] attempted to assess the burden of road traffic injuries
(RTIs) in Pakistan. Results showed that most accidents
occurred from 12 to 18..e incidence of RTI was the highest
at the age of 16 to 45 and RTI in males was about three times
greater than females. Labinjo et al. [82] conducted a pop-
ulation-based research to examine the RTI epidemiology in
Nigeria. Results indicated that motorcycle accidents
accounted for 54.33% of RTI. Increased risk of injury was
associated with males among the age of 18 to 44. Hu and
Xiang [83] investigated the properties of rural road accidents
by quantitative analysis. Results showed that 92.68% and
5.42% of fatalities happened in straight and curved roads,
respectively. Moreover, fatalities in the daytime were more
serious than those in the night time and driving a motor
vehicle was the significant reason of fatalities. Zangooei
Dovom et al. [84] examined the distribution of fatal acci-
dents in Iran. According to the result, the males had more
casualties compared with the females and most accidents
had a peak at 21 to 30 ages for both genders. Moreover, the
male-to-female ratio was 3.41. .ey also indicated that the
riskiest group was the male motorcyclist among all road

users. López et al. [85] investigated the accident patterns and
contributory factors on rural two-lane highways. Results of
the study showed that the highest accident rate occurred in
the condition of good weather, daylight, regular working
day, the age group of 28–60, summer season, male gender,
and from 12 to 18. Zimmerman et al. [86] aimed to survey all
people living in households within 200m of two low volume
rural roads in Tanzania. Results showed that the majority of
crashes contained motorcycles (71%) and the majority of
victims were males (82%) with 27 mean age. Lee and Jeong
[87] investigated the properties of road collisions between
rural roads and expressways in truck drivers. Results indi-
cated that the crash rates were greater in the middle of the
week. On rural roads, the accident rates in the daytime were
greater (81.7%) than those in the night time. Accidents
mostly occurred in clear/cloudy weather (76.2%). Most
accidents happened on the straight roads (62.2%), followed
by intersections (15.4%) and curved roads (9.4%). Casado-
Sanz et al. [80] considered various factors in rural road
accidents. .e results showed that driver’s age 30–45 years
old, male driver, the middle of the week, good weather
condition, and daylight had the maximum percentage of
accidents on rural roads in Spain. Kamboozia et al. inves-
tigated various factors affecting the severity of accidents on
rural roads of Iran and indicated that male drivers had a
significant contribution in the occurrence of vehicle acci-
dents. Moreover, 12 to 6 pm had the highest accident rate
(day time). .ey also revealed that the middle of the week
recorded the greatest accident occurrence [88]. Recently,
optimization algorithms are applicable for various engi-
neering problems [20–26, 34, 89, 90].

Studies have shown the essential need to figure out the
factors affecting accidents. .e abundance of tourist and
natural attractions, as well as the location of people living in
the villages, has caused many traveling in the Guilan
province. On the other hand, the distribution of urban and
rural population centers has increased the traffic volume
and, consequently, the number of traffic accidents in Guilan.
So, this research aimed to explore the main features of road
accidents and estimate that which of these factors become
significant in affecting the probability of accident severity on
rural roads of Guilan province to improve road safety and
take the necessary safety measures.

2. Methodology

2.1. Data. .e analytical methods used in this study in-
cluded descriptive statistical surveys, Kolmogorov–Smirnov
test (K-S), Friedman test (FT), and factor analysis (FA), and
data used were 2481 road accidents resulting in fatal, injury,
and damage accidents recorded fromGuilan traffic police on
rural roads from March 2014 to March 2019. Data included
accident severity, accident time, accident day, accident
season, road surface condition, geometry of accident loca-
tion, daylight condition, type of vehicle accident, driver age,
driver gender, weather condition, and reason of accident.
.e dependent variable in this study was different levels of
accident severity, which initially were classified into three
categories of injury and fatal and damage. Since the number
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of fatal accidents was smaller than the total number of
accidents, fatal accidents were combined with injury acci-
dents and the dependent variable was classified into two
categories of injury/fatal and damage accidents. Figure 1
indicates the process of this research.

2.2. Analytical Method

2.2.1. Kolmogorov–Smirnov Test. .e K-S test is commonly
applied to investigate the normality of data [91] and is a
nonparametric experiment for the data distribution [92]. By
comparing the approximate significance test with α, one can
decide about the normality of data distribution. Considering
α� 0/05 (with 95% certainty), if p value> 0/05, the null
hypothesis of normality rejects. It means that data distri-
bution is not normal [93]. .e null hypothesis (H0) is that
the data have a normal distribution, and the alternative
hypothesis (Ha) is that they have not [94]. Indeed this test is a
compliance test distribution for quantitative data [95].

2.2.2. Friedman Test. .e Friedman rank sum is normally
utilized to compare the classifiers over multiple datasets. It is
an extensively utilized nonparametric technique to analyze
various associated specimens in computational biology and
other areas. For instance, it is used for comparing the
performance consequences of a group of (expression-ori-
ented) classifiers over multiple datasets that cover bench-
mark functions, case problems, or performance indicators.
.e Friedman examination process is to analyze variance by
ranks, indeed, detected rank scores or rank scores found by
making numerical or ordinal results in order. It is utilized in
case one which is not enthusiastic for making robust dis-
tributional assumptions. Simultaneous examinations are
also proposed in addition to the ordinary normal approx-
imation that uses the covariance outline of the distribution
of the values of the variances in rank sums [88, 96, 97].

2.2.3. Factor Analysis. .e FA is one of the statistical
methods for modeling the covariation among a dataset. It is
used to determine the most influential variables when the
number of variables is high and the relationships between
them are unknown. .e main purpose of using the FA is to
reduce the dimensionality of a set of observed variables and
determine the most important variables affecting the for-
mation of phenomena. .e FA is generally divided into two
categories of the exploratory factor analysis (EFA) and the
confirmatory factor analysis (CFA). .e EFA is applied to
identify the latent constructs when the structure of the re-
lationships among variables is unknown and to generate
hypotheses about their possible structures, while the CFA is
used to identify variables by dimensions [98]. .e EFA
method was used in this research.

Since the sample size is a determining factor in the
accuracy of element clustering by the FA technique, it must
be assured that it is sufficient. In EFA, Kaiser–Mayer–Olkin
(KMO) and Bartlett’s test of sphericity are used to check the
suitability of the data (sample size). .e amount of KMO is

between zero and one, and its small values (less than 0.5)
indicate that the available correlations are not suitable for
FA. .e closer this value to one, the appropriate the data for
the FA [99]..e output of Bartlett’s test of sphericity can also
be used to calculate chi-square amounts.

3. Results and Discussion

At first, using the K-S test, the parametric or nonparametric
data were determined for the correct selection of statistical
tests. .en, the FT was used to determine the priority of the
factors, and the FA was applied to identify the underlying
variables. Finally, by comparing different methods of
analysis, the most important factors in increasing the like-
lihood of accidents were proposed to increase safety and
reduce vehicle accidents on rural roads of Guilan.

3.1. Frequency Analysis

3.1.1. Investigating Accident Year. Analysis of accident
statistics based on the years, as shown in Figure 2(a), showed
that the highest number of accidents occurred in 2015-2016
(n� 562) and the least occurred in 2018-2019 (n� 428).
Between 2014 and 2019, a total of 2481 vehicle accidents on
rural roads were recorded; 84.92% of drivers were injured
and dead, and 15.08% of vehicles were damaged, which is
shown in Figure 2(b), indicating that rural vehicle accidents
of Guilan often resulted in injuries/fatalities and there were
few accidents resulted in damages..e highest percentage of
injury/fatal and damage accidents occurred in 2017-2018
(19.99%) and 2014-2015 (4.19%), respectively. Figure 2(c)
shows that the highest rates of male and female accidents
occurred in 2015-2016 (21.28%) and 2017-2018 (1.81%),
respectively, and the lowest accident rates for them occurred
in 2018-2019 and 2014-2015 in the amount of 16.65% and
0.36%, respectively. On the other hand, male drivers gen-
erally were accounted for the highest percentage of vehicle
accidents (about 95.32%). Male-to-female ratios indicated
considerably higher male rates, maximum 50.88 times
higher in 2014-2015, and on average 28.22.

3.1.2. Effect of Accident Time. Figure 3(a) shows that the
highest percentage of vehicle accidents for both males and
females (44.06%) occurred from 12 pm to 6 pm, of which
41.72% of these were males and only 2.34% were females.
.e lowest percentage of male and female drivers was 4.76%
and 0.16% from 12 am to 6 am, respectively. Also, according
to Figure 3(b), 37.36% of accidents as the highest percentage
resulted in injuries and fatalities and only 6.69% resulted in
damages between 12 pm and 6 pm. .e lowest injury/fatal
(3.67%) and damage (1.25%) accidents were recorded from
12 am to 6 am.

3.1.3. Effect of Accident Day. According to Figure 4(a),
40.67% of vehicle accidents (as the highest percentage)
happened in the middle of the week, of which 38.90% were
males and 1.77% were females. From these days, 34.46% of
drivers were injured and dead and 6.21% resulted in vehicle
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Figure 2: Accident statistics based on (a) accidents year; (b) accident severity and years; (c) driver gender and accidents year.
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Figure 1: .e steps of the research method.
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Figure 3: Accident statistics based on accident time and (a) driver gender; (b) accident severity.
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damages by accidents, as shown in Figure 4(b). After that,
most of the accidents were on weekends (33.49%), of which
31.72% were males and the rest were females. .e lowest
percentage of accidents occurred during the start of the
week, with male drivers accounting for 24.71% of accidents
and female drivers accounting for 1.13% of them. On the
other hand, as shown in Figure 4(b), the first few days of the
week had the lowest percentage of injuries/fatalities (22.01%)
and damages (3.83%).

3.1.4. Effect of Accident Season. As shown in Figure 5(a),
30.17% of accidents occurred in the summer season as the
highest percentage, of which 28.71% were males and 1.46%
were females and the minimum accidents happened in
autumn. Female drivers had the lowest percentage of ac-
cidents in the autumn, with a magnitude of 0.77%.
According to Figure 5(b), the most serious and the lowest
percentage of injury/fatal accidents occurred in summer
(27.63%) and winter (15.91%), respectively, but it was the
reverse for damage accidents (4.80% for winter and 2.54%
for summer).

3.1.5. Effect of Road Surface Condition. .ree road surface
conditions of dry, wet, and snowy were considered in the
research. According to Figure 6(a), male drivers had the
highest portion of accidents, accounting for 83.19%, which
occurred on the dry surface, 11.89% happened on wet
surface, and the rest of male accidents (0.24%) happened on
snowy surface condition. Female drivers had the least
participation in traffic accidents. It should be noted that
there were no female driver accidents on the snowy surface.
Results of Figure 6(b) show that dry surface condition
caused the highest percentage of injuries/fatalities (75.01%)
and the lowest vehicle damage rate occurred in snowy
pavement (0.12%).

3.1.6. Effect of Geometry of Accident Location. .e straight
road, as shown in Figure 7(a), caused the most accidents
(74.57%), with the male and female drivers contributing
71.02% and 3.55%, respectively. .e intersection also
caused the least percentage of accidents, with male

drivers contributing 0.48% and females accounting for
0.04%. According to Figure 7(b), the straight road
accounted for the largest percentage of all injury/fatal
accidents, 62.31% of rural road accidents, followed by
accidents on the horizontal curve (22.25%), and the in-
tersection (0.36). Also, the most damage accidents
(12.25%) occurred on the straight road, with a small
percentage of them (2.66%) on the horizontal curves and
0.16% on the intersection.

3.1.7. Effect of Daylight Condition. As shown in Figure 8(a),
daylight condition was considered day, night, and sunrise/
sunset in this study. 71.06% of accidents occurred on day, of
which 67.39% were males and 3.67% were females, followed
by 27.81% of night accidents. .e lowest percentage of
accidents was at sunrise/sunset time (1.13%). It should be
noted that no female accidents occurred in sunrise/sunset.
Results in Figure 8(b) show that among the accidents that
occurred in the day, 59.77% resulted in injuries/fatalities and
11.29% resulted in damages, respectively. After that, 27.81%
of accidents that happened at night resulted in injuries/fa-
talities (24.1%) and damages (3.71%), respectively, followed
by 1.05% and 0.08% of sunrise/sunset accidents for them,
respectively. So, the lowest percentage of accidents was
during sunrise/sunset time.

3.1.8. Effect of Type of Vehicle Accident. Figure 9(a) shows
that the largest type of vehicle accidents involved in a road
traffic accident (RTA) was car-motorcycle/bike accidents
that 41.15% of accidents were males and 1.98% were females,
followed by getting off the road accidents (22.37% for males
and 0.93% for females) and car-car accidents (24.02% for
males and 1.21% for females). .e lowest percentage of
vehicle accidents was related to car-heavy truck accidents by
male drivers (0.52%) and female drivers (0%). Results in
Figure 9(b) shows that the highest percentage of injury/fatal
vehicle accidents (42.52%) was car-motorcycle/bike acci-
dents and the least in injuries/fatalities was car-heavy truck
accidents (0.20%). Car-car accidents were also the leading
cause of damages (5.93%), and the least damages were oc-
curred in car-agricultural machinery accidents (0.12%).
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Figure 4: Accident statistics based on accident day and (a) driver gender; (b) accident severity.
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3.1.9. Effect of Driver Age and Gender. In this research,
drivers were categorized into five age groups and both in-
jury/fatal and damage accidents were higher among males
than females, as shown in Figure 10(a). Percentages of ac-
cidents were prepared for the two genders for all age cat-
egories. Results indicated that greater male and female
accident rates were in the age group of 30 to 45 (35.91% and
2.34%, respectively). .e lowest male and female accident
rates were 2.98% and 0.04%, with the age group less than or
equal to 18, as shown in Figure 10(a). Also, the age groups of
60 and over had the lowest percentage of accidents in fe-
males. According to Figure 10(b), the most injury/fatal and
damage accidents were in drivers at the age of 30 to 45
(31.76% and 6.49%, respectively) and the lowest age at which
injury/fatal and damage accidents occurred (2.82% and
0.2%, respectively) was in the age group less than or equal to
18.

3.1.10. Effect of Weather Condition. Male and female acci-
dent rates were compared in four different weather condi-
tions: clear/sunny, cloudy, rainy, and snowy. Results
obtained on weather conditions for both male and female
accidents are illustrated in Figure 11(a)..e higher male and
female accident percentages were observed in clear/sunny
weather (76.78% for males; 3.67% for females), and snowy
weather had the lowest percentage of accidents for both of
them (0.52% and 0%, respectively). Statistics showed no
female accidents on rural roads of Guilan in snowy weather.

Clear/sunny weather had the highest percentage of both
injury/fatal and damage accidents (68.8% and 11.65%, re-
spectively), and the lowest percentage of these accidents was
due to the snowy weather (0.28% and 0.24%, respectively), as
shown in Figure 11(b).

3.2. Kolmogorov–SmirnovTest. For evaluating the normality
of the data, first, the statistical distribution of the data should
be ensured. So, the K-S test was applied to check the nor-
mality of the data distribution. Table 1 shows the results of
this test.

As shown in Table 1, the significance level in the K-S test
(represented by sig.) was less than 0.05 and considering 5%
error, the null hypothesis (H0) was rejected, which is the
natural distribution of the variables, and H1 was accepted.
So, the distribution was not normal and nonparametric tests
were used.

3.3. FriedmanTest. In the research, 11 independent variables
were presented that the rank of each of these variables was
examined by the FT. .e FT can be applied to evaluate the
rank equality of variable levels. Table 2 shows the statistical
significance in which the statistical sample volume, chi-
square statistic, degrees of freedom, and the level of sig-
nificance (α that represented by sig.) are represented.

As shown in Table 2, a lower level of significance of α
than 5% indicated that H0 was rejected, which shows that
claiming the rank equal was not accepted. As a result, ratings
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Figure 9: Accident statistics based on type of vehicle accident and (a) driver gender; (b) accident severity.
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were not uniform. In Table 3, the ranking status of the
independent variables is presented, indicating the mean
rating of each variable. .e smaller the mean rating, the
greater the importance of the variable.

According to Table 3, the variables of weather condition,
road surface condition, and type of vehicle accident had the
highest rank, respectively, with the test score of 3.22, 3.48,
and 3.99, respectively. On the other hand, the variables of
geometry of accident location, accident day, and driver
gender were the least important factors in the occurrence of
accidents, showing that weather condition as an environ-
mental factor had the greatest impact on the occurrence of
vehicle accidents in the rural roads and then road surface
condition as a road factor and the second most effective
factor in increasing the occurrence of accidents. Type of
vehicle accident also was identified as the third most in-
fluential factor in these accidents.

3.4. Factor Analysis. Table 4 indicates the result of the FA,
including the KMO index and the Bartlett test.

According to Table 4, the KMO amount was 0.507,
indicating that it was appropriate to use FA. Bartlett’s test
results showed that approximate chi-square was much larger
than five. Also, the level of significance of the test statistic
was less than 0.05, meaning that the alternative hypothesis
was confirmed and there was a significant correlation be-
tween the variables. .erefore, all the factors of the research

were effective in investigating the severity of accidents, and
in other words, the relationship between all components was
confirmed.

Table 5 shows the eigenvalues and variance corre-
sponding to each component. Eigenvalues specify the
components that remain in the analysis. Whatever the ei-
genvalue of a component is greater, that component indi-
cates more variance. In fact, components with an eigenvalue
of less than 1 are excluded from the analysis. In Table 5, three
parameters of initial eigenvalues, eigenvalues of nonrotating,
and postrotating extraction components are given.

In Table 5, components 1 to 5 had eigenvalues greater
than one. So, they remained in the analysis. Due to the
eigenvalues of nonrotating extraction components, five
components could explain the variances and variability of
variables and contained approximately 58% of the variance.
In Table 6, the component matrix is presented before ro-
tation, which shows the component loads of each variable in
the remaining components.

Due to the difficulty of interpreting nonrotating com-
ponent loads, the components were rotated to make in-
terpretation easier. In other words, in the component matrix
before rotation, the first component expressed a higher
percentage of variation, whereas in the components rotation
method, each of the remaining components represented an
almost identical proportion of the total change explained by
the three parameters mentioned. Table 7 shows the rotation
matrix of the remaining components, which the extraction
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Figure 10: Accident statistics based on driver age and (a) driver gender; (b) accident severity.
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Figure 11: Accident statistics based on weather condition and (a) driver gender; (b) accident severity.
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method in both matrices was principal component analysis
and the rotation technique was Equamax with Kaiser
Normalization. .e values in Tables 6 and 7 indicate the
degree of correlation of the relevant variable with the rel-
evant components.

In the FA, the influence of variables on the severity of
accidents was expressed using the coefficients listed in the
rotated component matrix table. .e greater the absolute
magnitude of the coefficients of each variable, the more
effective the desired component in total changes of each
variable. .e FA was performed on 11 independent vari-
ables affecting vehicle accidents on rural roads of Guilan,
which identified five components as the main components.
.e analysis showed that the variables of weather condition
and road surface condition were under the first component
that the significant coefficients between the first component

and each variable were 0.899 and 0.892 and positive, re-
spectively. .erefore, it can be said that weather condition
and road surface condition were the first factors affecting
the occurrence of vehicle accidents on these rural roads,
which had a large impact (depending on the size of the
coefficient) on the occurrence of accidents. Also, daylight
condition and accident time were under the second most
influential components in accidents with positive coeffi-
cients (0.808 and 0.793, respectively) that positively af-
fected the occurrence of accidents. Similarly, type of vehicle
accident and reason of accident variables were under the
third component (with coefficients of 0.796 and 0.778,
respectively), geometry of accident location and accident
season (with coefficients of –0.783 and 0.632, respectively,
in which negative coefficient indicates that the variable had
a significant effect on reducing accidents) were under the
fourth component, and finally, driver age and driver gender
(with coefficients of –0.679 and 0.595, respectively) were
considered as the fifth most effective factor in vehicle ac-
cidents on rural roads of Guilan.

3.5. Comparisons. .e current study investigated the risk
factors of accident severity in vehicle accidents on rural
roads of Guilan by applying several analysis methods to
determine more precisely the variables affecting the severity
of vehicle accidents. Results provided insight regarding the
relationship between the various risk factors and accident
severity for enhancing traffic safety on these roads. Each of
these methods, considering their own specific algorithms,
investigated the effective variables. So, to summarize the
results using different methods, the results should be
compared with each other. In the FT, the variables of
weather condition, road surface condition, and type of ve-
hicle accident were among the first to third rankings that
caused accidents. While in the FA, the variables of weather
condition and road surface condition were identified as the
first effective factor, and daylight condition and accident
time were recognized as the second effective factor in vehicle
accidents. .is illustrates that the joint result of the FT and
FA, weather condition as an environmental factor, was
recognized as the most important factors effective in vehicle
accidents on rural roads of Guilan.

Table 1: .e K-S test result.

Number Variables
Most extreme differences

Test statistic Asymp. sig. (2-tailed)
Absolute Positive Negative

1 Accident time 0.242 0.194 −0.242 0.242 0.0
2 Accident day 0.222 0.204 −0.222 0.222 0.0
3 Accident season 0.207 0.207 −0.142 0.207 0.0
4 Road surface condition 0.520 0.520 −0.353 0.520 0.0
5 Geometry of accident location 0.467 0.467 −0.286 0.467 0.0
6 Daylight condition 0.444 0.444 −0.267 0.444 0.0
7 Type of vehicle accident 0.221 0.207 −0.221 0.221 0.0
8 Driver age 0.216 0.216 −0.166 0.216 0.0
9 Driver gender 0.541 0.541 −0.413 0.541 0.0
10 Weather condition 0.472 0.472 −0.318 0.472 0.0
11 Reason of accident 0.295 0.295 −0.219 0.295 0.0

Table 2: .e FT results.

Number of data Chi-square Degrees of freedom Asymp. sig.
2481 13965.319 10 0.0

Table 3: Mean rank in the FT.

Variables Mean Rank
Weather condition 3.22 1
Road surface condition 3.48 2
Type of vehicle accident 3.99 3
Accident time 4.57 4
Daylight condition 5.13 5
Accident season 5.53 6
Reason of accident 6.24 7
Driver age 6.83 8
Geometry of accident location 7.18 9
Accident day 7.51 10
Driver gender 7.97 11

Table 4: KMO and Bartlett’s test.
KMO measure of sampling adequacy. 0.507

Bartlett’s test of sphericity
Approx. chi-square 2156.045

Df 55
Sig. 0.0
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During the study period, 2481 vehicle accidents occurred
on the rural roads of Guilan, which resulted in 84.92%
injuries/fatalities and 15.08% damages, respectively. 2018-
2019 had the lowest number of accidents with 428 cases and
2015-2016 had the highest number with 562 cases. In terms
of gender, 95.32% of drivers in vehicle accidents were male
and only 4.68%were females. 12 pm to 6 pmwas identified as
the most dangerous accident hours and 12 am to 6 am was

recognized the safest. However, in general, considering the
accidents at other times, most of the accidents happened in
the daytime. .e examination of the number of accidents on
a weekly basis showed that the highest number was in the
middle of the week. Summer and spring seasons, respec-
tively, were the most dangerous seasons and autumn and
then winter were the safest seasons. Most of the accidents in
the province on rural roads occurred in dry surface con-
dition, straight road, and in clear and sunny weather. Ex-
amination of the type of vehicle involved in accidents
showed that car-motorcycle/bike accidents had the highest
share. Also, based on the results of driver age, both male and
female drivers aged 30 to 45 and then with a slight difference,
drivers aged 18 to 30 had the highest accident rates. Finally,
the results of reason of accident showed that invasion to left
and right and then inability to control were identified as the
most important reason of accidents.

Given that most accidents occurred from 12 pm to 6 pm
and in the middle of the week, it can be said that these
accidents were mostly due to return trips from work. .en,
most of the accidents occurred on the weekends due to the
increased travel to the province from elsewhere, and on the
other hand, due to the high rate of motorcycle and bike
accidents, high traffic of motorcycles and bicycles on these
roads was one another major cause of accidents in these
areas in which appropriate safety measures should be
adopted. Given the high rate of accidents in the summer and
after the spring and due to the favorable climate of the
province, high rates of excursions were another reason for
accidents along these roads. .e least accidents occurred in
the autumn and winter, respectively, which could be due to
adverse climatic conditions for travel, particularly reduced
the use of motorcycles and bicycles and agricultural activities
in the colder months of the year.

.e reasons for using motorcycles/bikes can be locals’
livelihoods, cheapness compared with cars, easy learning,
and accessibility for people of all ages, youth unemployment,
and the proximity of the villages to each other, which make
the use of motorcycles/bikes in the province more pros-
perous. .is can increase the likelihood of car-motorcycle/
bike accidents occurring.

.e results of this study in comparison with the previous
studies showed that the greatest multitude of accidents

Table 5: Total variance explained.

Component
Initial eigenvalues Extraction sums of squared loadings Rotation sums of squared loadings

Total % of variance Cumulative % Total % of variance Cumulative % Total % of variance Cumulative %
1 1.730 15.726 15.726 1.730 15.726 15.726 1.695 15.410 15.410
2 1.330 12.093 27.819 1.330 12.093 27.819 1.344 12.217 27.627
3 1.281 11.650 39.469 1.281 11.650 39.469 1.280 11.636 39.263
4 1.072 9.749 49.218 1.072 9.749 49.218 1.069 9.720 48.982
5 1.039 9.444 58.662 1.039 9.444 58.662 1.065 9.680 58.662
6 0.985 8.959 67.621
7 0.969 8.806 76.426
8 0.899 8.171 84.597
9 0.727 6.610 91.207
10 0.629 5.719 96.926
11 0.338 3.074 100.000

Table 6: Component matrix before rotation.

Variables
Component

1 2 3 4 5
Accident time 0.185 0.763 0.080 0.071 −0.110
Accident day 0.041 −0.059 −0.231 0.264 0.275
Accident season 0.250 0.077 −0.070 −0.315 0.543
Road surface condition 0.871 −0.146 −0.127 0.051 −0.029
Geometry of accident
location 0.022 −0.128 −0.062 0.661 −0.439

Daylight condition 0.250 0.742 0.222 0.071 0.014
Type of vehicle
accident 0.109 −0.129 0.751 0.271 0.062

Driver age 0.158 −0.179 0.075 −0.499 −0.448
Driver gender −0.055 −0.125 −0.044 0.340 0.496
Weather condition 0.875 −0.187 −0.087 0.061 −0.012
Reason of accident 0.065 −0.227 0.754 −0.108 0.111

Table 7: Rotated component matrix.

Variables
Component

1 2 3 4 5
Accident time 0.008 0.793 −0.081 −0.016 −0.060
Accident day 0.100 −0.069 −0.136 −0.004 0.413
Accident season 0.187 0.043 −0.023 0.632 0.173
Road surface condition 0.892 0.047 −0.009 0.028 −0.019
Geometry of accident
location 0.132 −0.012 −0.013 −0.783 0.141

Daylight condition 0.051 0.808 0.082 0.074 −0.001
Type of vehicle
accident 0.045 0.076 0.796 −0.150 0.085

Driver age 0.151 −0.162 0.005 0.048 −0.679
Driver gender −0.006 −0.120 0.089 0.075 0.595
Weather condition 0.899 0.018 0.041 0.029 −0.008
Reason of accident −0.012 −0.080 0.778 0.137 −0.133
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happened during the daytime, similar to some studies
[80, 81, 83, 85, 87, 100]. In opposition, Soltani et al., rep-
resented the highest number of accidents at night [101].
Results also showed that most accidents happened at 12 to
18, which confirms others [81, 83, 85]. Taking into account
the days of the week, the results showed that most of the
accidents occurred in the middle of the week that is in
accordance with some previous studies [80, 85, 87], con-
sidering that the mid-week days also include working days.
.e maximum number of accidents was in summer and the
minimum number of them occurred in autumn season
probably because of more using of the vehicle in summer on
rural roads of Guilan that is consistent with other studies
that have shown that most accidents occurred in summer
[77, 85] and is in contrast with some other studies which
indicated more accident occurred in winter because of
snowy and slippery roads [102]. .is may be because that
region had more snowfall than the study area of this re-
search. Considering road surface conditions, the highest
number of accidents occurred on dry surface and then most
accidents were recorded on wet surface that confirms the
study of Mayora and Piña [103], which showed that most
accidents occurred on dry road conditions. .e results also
indicated that straight road had the highest accident rates
among the other types which other studies confirm [83, 87].
.is research indicated that RTAs involving a motorcycle/
bike were most common, which is consistent with others
[77, 82, 83, 86]. Motorcyclists/cyclists have been classified as
vulnerable road users since they are not protected properly
and share the road with high-speed vehicles and therefore
are at greater risk [86]. .e result that male motorcyclist/
cyclist was more frequent than female ones is consistent with
some research studies on road accidents [84, 104] and with
some other research studies indicating that male riders were
at the highest risk of the accidents [104, 105]. .e highest
male-to-female ratio was due to the fact that in Iran, females
usually do not ride a motorcycle/bike alone legally. Gen-
erally, the study revealed that the proportion of male drivers
was much greater than the proportion of female drivers in
rural road accidents, which is in line with others
[77, 80–86, 106]. It can be attributed to the fact that they are
more prone to high-risk behaviors or unsafe road practices.
.e age group most affected by rural road accidents in this
study was 30–45 [80], followed by 18–30, which affirms the
findings from other surveys [77, 81, 82, 84–86, 106, 107].
With respect to weather condition, the highest accident rate
occurred in the condition of clear and sunny weather that is
in line with the results of other research studies [80, 85, 87].
Reason of accidents showed that invasion to left and right
and then inability to control led to the highest number of
accidents which is similar to Richter et al. results [108].

4. Conclusion

In this research, after analyzing the accident data to make a
better decision, by statistical analysis of accidents, the causes
of the risk of accident of Guilan have been concluded. Also,
for the more practical use of this study, some suggestions

have been made regarding the results. .e most important
results of the frequency analysis are as follows:

(i) .e result of the K-S test indicated that the test was
significant and therefore, the independent variables
did not have a normal distribution. As a result,
nonparametric tests were applied.

(ii) In the FT, the most important factors affecting
vehicle accidents were weather condition, road
surface condition, and type of vehicle accident, and
this indicates that the most influential factor af-
fecting these accidents on rural roads of Guilan was
weather condition as an environmental factor and
the second most important factor was road surface
condition as an environmental factor (like weather
condition) affecting the occurrence of accidents.
.erefore, according to the FT results, environ-
mental factor had the greatest impact on the oc-
currence of accidents.

(iii) Based on the FA, five factors were identified as the
main factors affecting Guilan rural accidents. In
other words, 11 effective variables in accidents have
been reduced to five factors separately. .e FA
showed that the variables of weather condition and
road surface condition were under the first factor
affecting the occurrence of accidents. .erefore, the
environmental factor (as the first factor) was the
most important factor in the occurrence of acci-
dents. .e variables of daylight condition and ac-
cident time were under the second factor; type of
vehicle accident and reason of accident were under
the third factor; geometry of accident location and
accident season were under the fourth factor; and
driver age, driver gender, and accident day were
under the fifth effective factor in occurrence of
vehicle accidents in Guilan.

(iv) For the future work and analysis, we will deal with
some state-of-the-art machine learning
[14–19, 27, 37, 38, 109–112] and optimization al-
gorithms [8, 11, 13, 113–115] to be incorporated with
the proposed approach to attainmore accuracy. Also,
in future works, we will investigate factor analysis in
more varieties of topics such as analysis of optimal
water resources [116], analysis of multicriteria design
of shale-gas-water supply chains [117], life cycle
assessment of greenhouse gas emissions [118], cou-
pling system dynamics analysis [119], assessing the
global potential of aquifer thermal energy storage
[120], analysis of process development [121], analysis
of shape measurement [122], analysis of energy ef-
ficiency modeling [123], analysis of innovative oxi-
dation processes [124–128], and pareto-based
multiobjective optimization [129, 130].

5. Safety Approach

In order to decrease the number of accidents on rural roads
of Guilan, it is necessary to consider all the factors together
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that are effective in the occurrence of accidents and provide
appropriate solutions according to their importance.
According to the analysis results, executable solutions that
can be used to decrease rural road accident risks are as
follows:

(i) Motorcyclists and cyclists were more likely to be
involved in accidents due to the insufficient visi-
bility of drivers. .erefore, they need to be careful
about how the vehicle is moving (invasion to left
and right, right of way violation, and inability to
control), especially in clear and sunny weather.
Wearing bright clothes and using lamps are rec-
ommended for motorcyclists and cyclists at night.

(ii) In addition to advertising on the radio, television,
and urban advertising, police, municipal, forensic,
and health organizations are recommended to gift
luminous stickers for motorcyclists and cyclists for
free.

(iii) Increasing the resolution and the number of signs
and using reflective signs on low-speed vehicles on
rural roads are recommended.

(iv) Given the high accident rates on straight roads,
more police presence and control on these roads,
especially from 12 pm to 6 pm, are one of the best
ways to reduce vehicle accidents. Also, considering
most accidents occurring during the day and be-
tween 12 pm to 6 pm, police control is better than
night time. On the other hand, because the accident
rate is also high from 6 pm to 12 am (nights), it is
recommended to use proper lighting on rural roads.

(v) Encouraging motorcyclists and cyclists to use
helmets as well as enforcing stricter laws dealing
with offenders and enacting laws that do not fully
cover accident insurance for people without hel-
mets may be appropriate measures to increase their
willingness to use them.

(vi) Separating the path of motorcyclists and cyclists in
hazardous areas by creating barriers between them
and the road is an effective way to increase their
safety.

(vii) Warning the drivers on straight road segments
since geometry of accident location had effects on
accidents. Warning signs or other pavement-based
warning techniques, such as pavement marker and
rumble strip, can help decrease the risk.
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