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The increase in population is accompanied by an 
increase in the number of vehicles. It is inevitable that the 
number of vehicle accidents will also increase, which can 
be caused by various factors. Driver factors reviewed in 
this study include socioeconomic characteristics, move­
ment characteristics, accident characteristics, and driver  
behavior characteristics. the purpose of this study is to 
study the vehicle accident model using interviews and 
Driving Behavior questionnaires with a total of 307 motorist 
respondents who have experienced accidents. Driver fac­
tors reviewed in this study include socioeconomic characte­
ristics, movement characteristics, accident characteristics, 
and driver behavior characteristics using interviews and 
Driving Behavior questionnaires with a total of 307 motorist 
respondents who have experienced accidents.

This investigate used SEM (Structural Equation Mo- 
deling) with SmartPLS computer software. Two-wheeled 
vehicle accident modeling results Y = –0.234X1+0.153X3+ 
+ei2; R2 = 0.102. The greatest influence occurs in the cha­
racteristics of driver behavior (X3), namely Ordinary 
Violation, and for four-wheeled vehicle accident modeling 
results, Y = –0.343X1+0.284X3+ei2; R2 = 0.217. The greatest  
influence occurs in driver behavior characteristics (X3), 
namely Ordinary Violation. Ordinary Violation is defined 
as a deliberate deviation from the rule of law.

Thus, from the research results, the most influential vari­
able was the behavior of drivers who committed ordinary 
violations such as ignoring speed limits, breaking through 
intersections, and driving under the influence of alcohol. 
So, there needs to be collaboration between the police and 
related parties in tackling accidents and reducing the risk of 
traffic accidents, such as long as socialization or informa­
tion through newspapers or electronic media to the public in 
Jayapura City regarding the importance of collective aware­
ness of driving safety
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1. Introduction

Traffic accidents result from the malfunctioning of a com-
plex system involving vehicles, road infrastructure, road 
users, and their communications [1]. They stand as the prin-
cipal cause of death globally and are projected to rank fifth 
by 2020 [2] with 91 % of fatalities occurring on roads [3]. 
Previous studies have identified human factors as the prima-
ry contributors to accidents [4] Research indicates a positive 
and significant correlation between driving behavior and 
crash involvement, with driving behavior posing a 50 % 
increased risk of accidents [5, 6]. The prediction model ob-
tained is Y = –0.203X1+(–0.179X2)+0.214X3+0.536X4. The 
highest significant path coefficient of 0.536 is found in the 
driver behavior variable (X4) with the highest factor weight 
of 0.638, namely driving behavior. with the highest factor 
weight of 0.638, namely driving behavior under the influence 
of alcoholic beverages (X4.7). Accident modeling results  

Y = 0.299X1+0.154X2+0.077X3+0.554X4. The first largest 
influence on the probability of a crash is the driving behavior 
characteristic (X4) exceeding the speed (X4.10). The more 
often a driver exceeds the rate, the higher the chance of  
a crash. The second most significant influence of socio-eco-
nomic characteristics (X1) is the age indicator (X1.2), the 
more mobility in productive age, the higher the risk of 
accidents [7]. Therefore, it is necessary to add billboards as  
a warning to reduce vehicle speed, provide shock markers or 
don’t forget to rest when traveling long distances [7, 8]. 

In Indonesia, the National Police reported a staggering 
116,441 fatalities from accidents in 2019, emphasizing the 
prevalence of the issue. The research variable indicators used 
are socio-economic characteristics, driving equipment and 
preparation, driver habits, driver behavioral characteristics, 
accident characteristics [7] and the effects of overloading 
on heavy vehicles [9]. Despite previous studies focusing on 
human factors, they often employ outdated analysis methods 
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and lack detailed insights into the reasons of accidents and 
their relationship with human factors.

Therefore, studies that are devoted at predicting the de-
velopment of motorcycle accidents are scientifically relevant 
and necessary to minimize the incidence of accidents.

2. Literature review and problem statement

Research conducted by [7] found that the most influen-
tial factor is driver behavior. The highest weight is driving 
under the influence of alcohol and the second highest weight 
is driving in a drowsy state. 

Research conducted by [8] shows that age is a significant 
factor in accidents. However, from the model, it is found that 
the most influential weight factor is driver behavior but it is 
not explained what kind of driver behavior affects.

However, these two studies only analyzed driver beha
vior in general, so they are not updated and cannot describe 
driver behavior as a cause of accidents in detail. Therefore, in 
this study, a driving behavior questionnaire (DBQ) is used as 
a guide to determine the driver behavior that causes the high 
number of accidents.

Despite advancements in transportation, road accidents 
persist as a pressing challenge. They pose significant risks 
to road users, resulting in both physical and material losses, 
necessitating efforts for prevention to ensure transporta-
tion safety. Despite initiatives to report these issues, such 
as enhancements in road conditions and lighting, research 
suggests that these improvements can impact drivers’ speed 
perceptions, influencing road safety [1]. 

Research conducted by [10, 11] shows that age is a con-
tributing element to the occurrence of accidents, but this re-
search does not explain how age is related to its impact on the 
occurrence of accidents. However, this study used a random 
sample, where respondents were drawn from those who had 
or had not experienced an accident. 

Various factors, including individuals, roads, vehicles, and 
environmental/weather conditions, contribute to road acci-
dents, with drivers’ perceptions and behaviors playing a crucial 
role. Previous studies have investigated driving rule violations 
and aggressive behaviors concerning traffic accidents to com-
prehend driver conduct and performance. Some researchers 
have assessed the influence of these factors on driver behavior 
and attributed road accidents to infrastructure degradation and 
driver inexperience [12]. These studies focus on risk analysis 
using objective data such as crash counts, infrastructure condi-
tions, and policies, but do not go in-depth into driver behavio
ral factors or social impacts that affect crash risk. Factors such 
as cell phone use while driving, compliance with traffic laws, 
and aggressive driving behavior may not be explored in depth.

Research conducted by [13] has highlighted that exceeding 
speed is the most significant driving behavior contributing to 
the probability of a crash. Over-speeding during overtaking ma-
neuvers can lead to collisions resulting in fatal injuries. Several 
factors contribute to this, including non-compliance with traffic 
regulations and exceeding speed limits. While research has 
quantified the contribution of speed to crashes, aspects such as 
the influence of rider behavior, experience and ability to control 
the motorcycle in emergency conditions may not have been 
fully explored. For example, how daily driving habits and com-
pliance with traffic laws affect crash risk. Research may have  
a narrow focus due to the study objective of measuring the di-
rect effect of one particular variable (such as speed) on crashes.

Disobeying traffic signs and driving above speed limits 
are among the primary factors contributing to motor vehicle 
accidents [12] Socioeconomic status can be approximated 
by factors such as education level, employment status, and 
neighborhood income [14] The study focused on driving 
behavior and its influence on crashes, but did not deeply ex-
plore how social norms and driving culture in Saudi Arabia 
influence driving behavior. This includes the influence of 
social norms on the acceptability of aggressive or reckless 
driving behavior. Resource constraints and priorities in re-
search may also influence which aspects of the problem are 
considered important to explore. Research may be focused on 
the variables deemed most significant or easiest to measure.

Lower socioeconomic status is associated with a higher 
risk of traffic injuries [15] and fatalities [16]. While the ana
lysis focuses on the direct causes of crashes such as traffic vio
lations and crash severity, indirect causes such as socio-eco-
nomic influences or demographic factors may not have been 
studied in depth. The tendency to focus on easily accessible 
data such as accident reports may limit the ability to assess 
less well-documented indirect factors or long-term impacts.

Additionally, demographic factors such as education level, 
gender, age, and occupation have been found to influence the 
number of traffic fatalities in previous studies [17]. This study 
focuses only on male drivers, reflecting the unique context of 
Saudi Arabia where, traditionally, women were not allowed 
to drive until recently. Women drivers’ driving behaviors, 
risk perceptions, and responses to traffic safety interventions 
remain largely unexplored in this context.

All this allows to assert that it is prudent to conduct stu
dies on accidents. how this problem of accidents has not been 
able to reduce the number of occurrences. This study aims 
to identify factors that contribute to accidents, focusing on 
driving behavior and socio-economic characteristics of dri
vers, using Structural Equation Modeling (SEM) to ensure 
safe and secure transportation. Despite this, vehicle acci-
dents remain a significant challenge, posing a risk of physical 
and material losses, which highlights the urgent need for 
accident prevention to ensure transportation safety [8]. the 
expected result is to get influential factors in the occurrence 
of accidents. So that it can find solutions to reduce the inci-
dence of accidents that occur in the future.

3. The aim and objectives of the study

This study aims to ascertain the characteristics of motor 
vehicle drivers. This will provide new insights for practi-
tioners and scientists regarding these characteristics and to 
find factors that cause accidents help reduce accidents. 

To achieve this aim, the following objectives are accom-
plished:

– to determining the most critical factors among the 
parameters that influence accidents: socioeconomic charac-
teristics (X1), travel pattern characteristics (X2), behavioral 
characteristics (X3) to crash characteristics (Y);

– to develop a model predicting the likelihood of motor 
vehicle accidents in Jayapura.

4. Materials and methods

This research was conducted to analyze what are the ac-
cident factors that affect accidents. The sampling technique 
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was carried out using the Isaac and Michael formula [8] with 
a sample size of 307 people based on the number of accidents 
in Jayapura City. Sampling in this study used purposive sam-
pling, where respondents were selected only who had expe
rienced an accident so that the results of the analysis could be 
accurately known about the factors that caused the accident. 
The questionnaire was addressed to drivers of two-wheeled 
and four-wheeled vehicles. So that the modeling results will 
be significant and valid. The research method used is interview 
and questionnaire techniques using SmartPLS SEM (Struc-
tural Equation Modeling) software to find the accident model. 

Previous research has predominantly relied on regression 
analysis, employing a relatively simple method. Thus, this 
study aims to complement existing literature by delving 
deeper into the analysis of driving behavior and socioeco-
nomic characteristics associated with the high incidence of 
accidents on Jayapura City roads, employing SEM (Struc-
tural Equation Modeling) with SmartPLS software.

SEM is particularly relevant to this study due to its abili-
ty to analyze relationships among multiple variables. Initially 
developed by Sewall Wright in 1934, SEM, originally known 
as path analysis, has evolved into a comprehensive analytical 
tool [18]. SEM enables the examination of relationships bet
ween latent constructs and their indicators, as well as inter-
actions among latent constructs and direct measurement er-
rors [19]. Notably, SEM allows for the simultaneous analysis 
of multiple dependent and independent variables [20]. Given 
its suitability to the research objectives, SEM was chosen as 
the analytical method for this study. The research variables 
to be analyzed can be seen in Table 1 below.

Table 1 shows the research design based on each indi-
cator. socioeconomic characteristics (X1): age, gender, edu
cation, jobs and revenue. movement characteristics (X2): 
distance traveled and travel time. driving behavior (X3): 
Error (ignoring the speed limit, not looking at the rearview 
mirror, failing to turn on the turn signal, trying to overtake 
from the left side, almost crashing, not noticing pedestrians 
crossing, braking suddenly), Lapse (entering the wrong lane, 
forgetting to park the vehicle, realizing the mistake but still 
doing it, misreading the signs, having difficulty remembering 
the road clearly, bumping into other drivers), ordinary viola-
tion (ignoring the speed limit, running traffic lights, overtak-
ing from the left, driving under the influence of alcohol, not 
maintaining a safe distance) aggressive violation (honking to 
show anger, forcing through a closed lane, speaking harshly 
on the road, chasing other drivers, racing at red lights). In the 
research design in Table 1, all questions were derived from 
previous research. These questions or variables certainly 
affect the chance of an accident occurring.

The illustration of the flow chart of the data collection 
and analysis process is the steps taken by the author in ob-
taining data and conducting data analysis. The first thing 
that must be done is an interview of respondents who have 
experienced an accident using a questionnaire and interviews 
related to socio-economic characteristics, movement, beha
vior and probability of accidents. then reduce and compile 
into ordinal, nominal and ratio scales. After that, analysis was 
carried out using SEM PLS inner model and outer model and 
obtained the results of predicting the probability of an acci-
dent, to determine the characteristics of vehicle and accident 
characteristics, as shown in Fig. 1.

The flowchart illustrates the data collection and analysis 
process, detailing the steps involved in acquiring and pro-
cessing the data for analysis.

Table 1

Survey Design

Notation Question
Measurement 

Scale

Socioeconomic characteristics (X1)

X1.1 Age Interval

X1.2 Gender Nominal

X1.3 Education Ordinal

X1.4 Jobs Nominal

X1.5 Revenue Interval

Movement Characteristics (X2)

X2.1 Distance traveled Interval

X2.2 Travel time Interval

Driving Behavior (X3)

X3.1 Error Ordinal

X3.2 Lapse Ordinal

X3.3 Ordinary Violation Ordinal

X3.4 Aggressive Violation Ordinal

Chance of Accident (Y)

Y1 Frequency of having an accident Ordinal

Y2 Frequency of near-accidents Ordinal

Y3 Type of Accident Ordinal

Y4 Causes of Accidents Ordinal

Y5 Injury Ordinal

Y6 Accident Time Ordinal

Y7 Collision Type Ordinal

 

Fig. 1. Flowchart
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5. Results of probability model of vehicle accident

5. 1. The most critical factor among the parameters af-
fecting accidents

To find out which variables and indicators are most in-
fluential in affecting accidents, it is necessary to conduct the 
following analysis:

5. 1. 1. Two wheeled vehicle feasibility/validity test
This test model aims to describe how well the indicators in 

this study can be used as instruments for measuring latent vari-
ables. With a significance weight < 0.05 (5 %). VIF value < 10.

Table 2 presents the outer model measurement results for 
formative indicators. Variable X1 (Socio-economic charac-
teristics) exhibits all indicators with a VIF smaller than five 
and valid items with a p-value smaller than 0.05. However, 
only two out of five items in variable X1 are deemed valid, 
leading to the elimination of items X1.3, X1.4, and X1.5.

Table 2

Outer model measurement of formative indicators

Dimensions Item VIF
P-values Outer 

weight
Descrip-

tion

X1 (Socio-eco-
nomic charac-

teristics)

X1.1 1.793 0.016 Valid

X1.2 1.055 0.003 Valid

X1.3 1.231 0.899 Invalid

X1.4 1.597 0.304 Invalid

X1.5 2.490 0.208 Invalid

X2 (Movement 
Characteris-

tics)

X2.1 1.370 0.180 Invalid

X2.2 1.370 0.848 Invalid

Y (Chance of 
Accident)

Y1 1.338 0.000 Valid

Y2 1.303 0.000 Valid

Y3 1.220 0.977 Invalid

Y4 1.045 0.504 Invalid

Y5 1.081 0.386 Invalid

Y6 1.044 0.234 Invalid

Y7 1.186 0.716 Invalid

Variable X2 (movement characteristics) displays all in-
dicators with a VIF smaller than five and valid items with  
a p-value smaller than 0.05. Unfortunately, there are no valid 
items out of the two in variable X2, necessitating its elimina-
tion from this model.

Reflective indicators (variable X3).
Table 3 present of the tests to measure the Outer model 

with reflective indicators include assessments of convergent 
validity, discriminant validity, composite reliability, average 
variance extracted (AVE), and Cronbach’s Alpha.

Table 3

Table of outer model measurement results reflective 
indicators (after modification)

Latent 
variable Item Outer 

loading

De-
scrip-
tion

Cron-
bach’s 
Alpha

Compo
site reli-
ability

AVE

X3 
(driving 
behavior 

character-
istics)

X3.1 0.784 Valid

0.856 0.900 0.693
X3.2 0.819 Valid

X3.3 0.903 Valid

X3.4 0.820 Valid

According to the table above, it is evident that all indica-
tors exhibit an outer loading value exceeding 0.700 (Valid), 
indicating the validity of all indicators. Within each variable, 
certain items predominantly reflect these variables. Speci
fically, in variable X3 (driver behavior characteristics), the 
most dominant indicator is X3.3, representing Ordinary 
Violation behavior, with the highest loading factor of 0.903.

Referring to the table 3, it is evident that all indicators 
exhibit construct-forming cross-loading values that are higher 
within their respective variables compared to the loading va
lues on other variables. Specifically, the loading factor value 
of indicators within variable X3 remains higher than those of 
other variables.

The Cronbach’s Alpha value for variable X3 is 0.856, 
exceeding the threshold of 0.7, indicating that variable 
X3 (driver behavior characteristics) is reliable. Additio
nally, the composite reliability figure of 0.900 surpasses 0.7, 
categorizing variable X3 (driver behavior characteristics) 
as highly reliable. Discriminant validity, as assessed by the 
average variance extracted (AVE), confirms the validity of 
variable X3, with a value of 0.693 exceeding 0.5.

5.1.2. Four wheeled vehicle feasibility/validity test
Table 4 present the outer model measurement results from 

formative indicators.

Table 4
Outer model measurement results from 	

formative indicators

Dimensions Item VIF
P-values Out-

er weight
Description

X1 (socio-eco-
nomic charac-

teristics)

X1.1 1.141 0.906 Invalid

X1.2 1.140 0.353 Invalid

X1.3 1.246 0.021 Valid

X1.4 1.253 0.949 Invalid

X1.5 1.337 0.416 Invalid

X2 (movement 
characteristics)

X2.1 1.180 0.537 Invalid

X2.2 1.180 0.207 Invalid

Y (chance of 
accident)

Y1 1.622 0.078 Invalid

Y2 1.461 0.040 Valid

Y3 1.126 0.622 Invalid

Y4 1.032 0.283 Invalid

Y5 1.285 0.033 (0.055)* Invalid

Y6 1.052 0.626 Invalid

Y7 1.162 0.789 Invalid

Note: * – after the second modification became insignificant.

Variable X1 (socio economic characteristics) with all 
indicators have VIF smaller than five and valid items with  
a p-value reduced than 0.05. Then, there is one valid item 
out of 5 in variable X1. (Then the items X1.1, X1.2, X1.4,  
and X1.5 are eliminated).

The X2 variable (Movement Characteristics) with all 
indicators has a VIF smaller than five and a valid item with  
a p-value smaller than 0.05. Therefore, there are no valid 
items out of 2 in variable X2. (Therefore, variable X2 is elimi
nated from this model).

Reflective indicators (variable X3).
The tests to measure the Outer model with insightful 

indicators will include assessments for convergent validity, 
discriminant validity, composite reliability, average variance 
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extracted (AVE), and Cronbach’s Alpha Table 5 shows the 
results of the outer model results from reflective indica-
tors (after modification).

Table 5

Outer model measurement results from reflective indicators 
(after modification)

Latent 
variable

Item
Outer 

loading

De-
scrip-
tion

Cron-
bach’s 
Alpha

Compo
site reli-
ability

AVE

X3 (driver 
behavior 

character-
istics)

X3.1 0.547 Invalid

0.841 0.869 0.632
X3.2 0.841 Valid

X3.3 0.933 Valid

X3.4 0.806 Valid

From Table 5, it is evident that not all indicators were 
initially deemed valid; indicators are considered valid if 
their outer loading value exceeds 0.700. Some items are most 
dominant in reflecting these variables in each variable. The 
results are as follows.

After eliminating X3.1, the greatest main indicator in vari-
able X3 (driver behavior characteristics) is X3.3, namely Ordi-
nary Violation behavior with the highest loading factor of 0.933.

Referring to the Table 5, it is evident that all indicators 
exhibit construct-forming cross-loading values greater than 
those on other variables. Additionally, the loading factor 
value of the X3 variable indicators remains higher than that 
of the X3 variable itself.

After only valid items, the Cronbach’s Alpha value of vari-
able X3 of 0.844 is more significant than 0.7, indicating that 
variable X3 (Characteristics of driver behavior) is reliable. 
The variable X3 (driver behavior characteristics) exhibits  
a composite reliability figure of 0.902, surpassing the thresh-
old of 0.7, indicating high reliability. Furthermore, the discri
minant validity, as assessed by the Average Variance Extrac
ted (AVE) value, confirms the validity of variable X3, with  
a value of 0.755, exceeding the acceptable threshold of 0.5.

5. 1. 3. Goodness of fit for two-wheeled vehicles
Table 6 describes the coefficient of determination (R-square) 

obtained from model 1 which assesses the effect of variab
les X1 (socio economic characteristics) and X3 (driver behavior 
characteristics) on Y (accident probability).

Table 6 
Table of determination coefficient results

Influence R Square

X1 (socio-economic characteristics, X3 (driver beha
vior characteristics))→Y (Chance of Accident)

0.102

The coefficient of determination (R-square) obtained 
from model 1 of variables X1 (socio economic characteris-
tics) and X3 (driver behavior characteristics) on Y (Acci-
dent Opportunities), is 0.102. This indicates that 10.2 % of 
the variance in variable Y (Accident Opportunities) can be 
explained by the independent variables X1 and X3, while 
the remaining 89.8 % of the variance is influenced by other 
variables not examined in this study.

Effect Size (F2).
Table 7 indicated the F-square value represents the effect 

size or proportion of the variance in endogenous variables 

explained by exogenous variables. F-square coefficients fall 
into three categories: small (0.02 to 0.15), medium (0.15 to 
0.35), and large (greater than 0.35).

Table 7
Effect size result table

Exogenous
Model 1 (Y) Goodness of fit 

index (GoF)F square Effect

X1 (socio-economic 
characteristics)

0.054 Small
0.319

X3 (driver behavior 
characteristics)

0.023 Small

It was found that the F-square value in this study had  
a small effect size for socio economic characteristics obtained 
a value of 0.054 and for driver behavior characteristics ob-
tained a value of 0.023.

The goodness of Fit model testing is carried out to see 
the model’s overall accuracy by multiplying the average 
coefficient of determination by the average communality 
value (AVE). The calculation result for the Goodness of Fit 
Index (GoF) is 0.319, indicating that the model’s accuracy 
falls within the medium category (0.25–0.35).

Hypothesis test.
The constants indicating of Table 8 is the influence of one 

covert variable on additional. An effect is deemed substantial 
uncertainty the p-value is less than 0.05, while it is consid-
ered irrelevant if the p-value exceeds 0.05. The computatio
nal outcomes, facilitated by SmartPLS software, yielded the 
following results:

Table 8
Effect results with T-statistics

Influence Path coefficient T statistics p-values Description

X1→Y –0.234 3.353 0.001 Significant

X3→Y 0.153 2.276 0.023 Significant

Variable X1 (socio economic characteristics) exerts a ne
gative and significant influence on variable Y (accident 
opportunities), as evidenced by T-statistics values exceeding 
the serious value (3.353 > 1.96) and p-values less important 
than α (0.001 < 0.050). The negative coefficient suggests that 
an increase in variable X1 (socioeconomic characteristics) 
significantly reduces variable Y (accident probability).

On the other hand, variable X3 (driver behavior charac
teristics) demonstrates a positive and significant impact on 
variable Y (accident chance), with T-statistics values sur-
passing the serious value (2.276 > 1.96) and p-values lesser 
than α (0.023 < 0.050). The positive coefficient indicates that 
an increase in variable X3 (driver behavior characteristics) 
significantly escalates variable Y (accident chance).

5. 1. 4. Goodness of fit for four-wheeled vehicles
Table 9 describes the coefficient of determination (R-square) 

obtained from model 1 which assesses the effect of variables 
X1 (socio economic characteristics) and X3 (driver behavior 
characteristics) on Y (Accident Probability).

The coefficient of determination (R-square) gained from 
model 1, namely the effect of variables X1 (socioeconomic 
characteristics) and X3 (driver behavior characteristics)  
on Y (accident opportunities) of 0.217, so that variable Y (ac-
cident opportunities) can be explained by independent  
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variables X1 and X3 by 21.7 % and other variables outside 
this study influence the remaining 78.3 %.

Table 9
Table of determination coefficient results

Influence R Square

X1 (socioeconomic characteristics), X3 (driver 
behavior characteristics)→Y (Chance of Accident)

0.217

Effect size (F2).
The F-square value represents the effect size or propor-

tion of the variance in endogenous variables explained by 
exogenous variables. F-square coefficients fall into three 
categories: small (0.02 to 0.15), medium (0.15 to 0.35), and  
large (greater than 0.35) which is shown in Table 10.

Table 10

Effect size&goodness of fit index (GoF) result table

Exogenous
Model 1 (Y) Goodness of fit 

index (GoF)F-square Effect

X1 (socio economic 
characteristics)

0.149 Small
0.466

X3 (driver behavior 
characteristics)

0.102 Small

It was found that the F-square value in 
this study had a small effect size for socio 
economic characteristics obtained a value of 
0.149 and for driver behavior characteristics 
obtained a value of 0.102.

The goodness of Fit model challenging is 
carried out to realize the model’s complete ac-
curacy by multiplying the average coefficient 
of determination by the average communality 
value (AVE). The GoF calculation result is 
0.466, so it can be concluded that the model’s 
accuracy is in the medium type (0.25–0.35).

Hypothesis testing.
This section evaluates the coefficients or 

parameters indicating the influence of one 
latent variable on another. An effect is consid-
ered significant if the p-value is less than 0.05,  
while it is considered insignificant if the p-va
lue exceeds 0.05. The computational outcomes, 
facilitated by SmartPLS software, yielded the 
following results which is shown in Table 11.

Table 11

Table of effect results with T-statistics

Influence Path coefficient T-statistics p-values Description

X1→Y –0.343 2.841 0.005 Significant

X3→Y 0.284 3.218 0.001 Significant

Variable X1 (socio economic characteristics) exhibits 
a negative and significant influence on variable Y (ac-
cident opportunities), with T-statistics values exceeding 
the serious value (2.841 > 1.96) and p-values lesser than  
α (0.005 < 0.050). The negative coefficient suggests that an 
increase in variable X1 (Socioeconomic characteristics) can 
significantly decrease variable Y (accident probability).

Variable X3 (driver behavior characteristics) demon-
strates a positive and significant influence on variable Y (ac-
cident chance), with T-statistics values surpassing the 
dangerous value (3.218 > 1.96) and p-values minor than  
α (0.001 < 0.050). The positive coefficient implies that an 
increase in variable X3 (driver behavior characteristics) can 
notably elevate variable Y (accident chance).

5. 2. Traffic accident probability model 
5. 2. 1. Two-wheeled vehicle
The path diagram image shows the relationship between 

the path coefficients in the structural model and the weigh- 
ted values of the manifest variables in the measurement 
model when considering the external factors of the study in 
Fig. 2 below. 

From the diagram provided above, the model equation 
can be derived as follows:

Y = –0.234 X1+0.153 X3+ei2; R2 = 0.102.	 (1)

A structural equation model (SEM) that illustrates the 
relationships between different latent variables and observed 
indicators. Here’s a breakdown of the model.

The latent variable X1, representing socio-economic cha
racteristics, is determined through two observed indicators, 
X1.1 and X1.2, showing significant factor loadings that indi-
cate how strongly each indicator represents the latent variable.

The latent variable X2, indicative of driving behavior 
characteristics, is quantified by four observed indicators: 
X3.1, X3.2, X3.3, and X3.4. Each has a high factor loading, 
demonstrating a strong correlation to the latent variable.

The latent variable Y, reflecting the chance of an acci-
dent, is directly influenced by the variables X1 and X2 and 
subsequently influences the outcomes observed through Y1 
and Y2, with their respective loadings illustrating the degree 
of influence Y has on these outcomes.

Path Coefficients: The path from X1 to Y (chance of 
accident) has a coefficient of –0.234, indicating a negative 
influence of socio-economic characteristics on the chance of 
an accident; The path from X2 to Y has a coefficient of 0.153, 
indicating a positive influence of driving behavior characte
ristics on the chance of an accident.

Variance Explained: The latent variable Y (chance of 
accident) has a variance explained value of 0.102, meaning  

 Fig. 2. Structural model diagram after model modification



Control processes

91

that 10.2 % of the variance in the chance of an accident  
is explained by the socio-economic and driving behavior 
characteristics.

This model helps to understand how socio-economic and 
driving behavior characteristics impact the chance of an acci-
dent and how this, in turn, affects certain outcomes (Y1 and Y2). 
The factor loadings and path coefficients provide insights 
into the strength and direction of these relationships.

5. 2. 2. Four-wheeled vehicle
The path diagram image shows the relationship between 

the path coefficients in the structural model and the weigh
ted values of the manifest variables in the measurement 
model when considering the external factors of the study in  
Fig. 3 below. 

Based on the picture above, the model equation is ob-
tained as follows:

Y = –0.343X1+0.284X3+ei2; R2 = 0.102.	 (2)

A structural equation model (SEM) that illustrates the 
relationships between different latent variables and observed 
indicators. Here’s a breakdown of the model.

The latent variable X1, representing socio-economic 
characteristics, is accurately determined by a single observed 
indicator, X1.3, which shows a perfect factor loading of 1.000, 
demonstrating an exact measurement.

The latent variable X2, indicative of driving behavior 
characteristics, is quantified through three observed indi-
cators (X3.2, X3.3, X3.4). Each indicator has a strong factor 
loading, signifying robust measurements for capturing as-
pects of driving behavior.

The latent variable Y, reflecting the chance of an accident, 
is influenced by both X1 and X2. The outcome variable Y2  
is directly measured with a factor loading of 1.000, confirm-
ing it as a precise measure of accident probability.

Path Coefficients. The path from X1 to Y has a coefficient 
of –0.343, suggesting a negative influence of socio-economic 
characteristics on the chance of an accident. The path from 
X2 to Y has a coefficient of –0.284, also indicating a negative 
influence of driving behavior characteristics on the chance of 
an accident.

Variance Explained. The latent variable Y (Chance of 
Accident) has a variance explained value of 0.217, meaning 
that 21.7 % of the variance in the chance of an accident is 

explained by the socio-economic and driving behavior cha
racteristics.

This model provides insight into how socio-economic 
factors and driving behaviors collectively impact the proba-
bility of accidents. The negative path coefficients imply that 
better socio-economic and driving behavior characteristics 
are associated with a reduced chance of accidents.

6. Discussion of vehicle accident probability model 

The analysis conducted using SEM (structural equa-
tion modeling) shows that the main factors contributing 
to accidents are socio-economic variables (X1) found in 
Tables 2, 7 and driving behavior (X3) found in Tables 3, 8. 
Which has consistently identified human factors, specifi-
cally driving behavior, as the principal reason of accidents. 
In this study, the predominant pointer within the driving 
behavior variable (X3) is ordinary violations (X3.3), with 
a weight of 0.903 for two-wheel vehicles and 0.933 for 
four-wheel vehicles. Therefore, the higher the frequency of 
driver infractions such as disregarding speed limits, running  
red lights, improper overtaking, driving under the influ-

ence, and failure to maintain a safe distance 
from other vehicles, the greater the likelihood 
of accidents.

This research employs the SEM (structural 
equation modeling) method using SmartPLS 
software. The advantages of SEM contain its 
capability to holder intricate dealings between 
variables. Variables container theoretical or 
unobservable. The situation approximations 
all coefficients popular model simultaneously, 
enabling the calculation of the significance 
and strength of specific relationships within 
a comprehensive model. Moreover, SEM ac-
counts for multicollinearity and eliminates 
measurement errors, ensuring the validity of 
coefficients [21]. Previous research [22] that 
utilized Lisrel to analyze driving behavior 
yielded similar variables regarding the causes 
of accidents.

However, the study immobile relies on the second-gene
ration SEM (structural equation modeling) technique, with 
SmartPLS package chosen for its user-friendly interface and 
fewer assumptions required. One limitation of this study is the 
absence of analysis of numerous variables related to the causes 
of accidents. The author encourages upcoming research to in-
corporate a broader range of variables associated with accident 
causation to enhance validity and address existing limitations. 
Additionally, advancements in analysis methods, such as utiliz-
ing third-generation SEM, could further improve the robust-
ness of the research findings. Furthermore, exploring similar 
characteristics in other fields could provide valuable insights 
and broaden the scope of research in this area.

7. Conclusions

1. Characteristics of motor vehicle drivers on roads in  
Jayapura City based on analysis using SEM-PLS for two-
wheeled vehicles on socio-economic variables (X1), which have 
dominant indicators, namely age (X1.1) through the upper-
most factor weight of 1,793. The driver behavior variable (X3)  

 Fig. 3. Structural model diagram after model modification
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has the dominant indicator, namely ordinary violation (X3.3), 
with the highest weight of 0.903. For four-wheeled vehicles 
on socio-economic variables (X1), which have the dominant 
indicator, namely the last education (X1.3) by the uppermost 
factor weight of 1.246. The driver behavior variable (X3), 
which has the dominant indicator, namely ordinary viola-
tion (X3.3), has the highest weight of 0.933.

2. The model of accident opportunities involving mo-
torized vehicles on road sections in Jayapura City for two-
wheeled vehicles is Y = –0.234X1+0.153X3+ei2; R2 = 0.102 
where the highest path coefficient is found in the driver be-
havior variable (X3) of 0.153. And for four-wheeled vehicles, 
Y = –0.343X1+0.284X3+ei2; R2 = 0.217 where the highest 
path coefficient is found in the driver behavior variable (X3) 
of 0.284. The research results show that the possibility of 
traffic accidents is caused by driver behavior. From this mo
del, appropriate handling steps need to be taken, so that the 
problem of motorbike accidents can be resolved properly, such 
as adding billboards as a warning to reduce vehicle speed, 
providing shock markers so that drivers remain focused on 
driving, and providing warnings to take action. rest if they 
travel long distances.
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