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In response to the issue of young truck drivers’ weaker perception of potential risks, which makes them more prone to engaging in
risky driving behaviors, the direct influence of risk perception on behavior was innovatively considered. An improved theory of
planned behavior (TPB) model was developed and a study on risky driving behavior among young truck drivers was conducted.
Valid questionnaire data from 330 young truck drivers in China were collected, and the improved TPB model was validated and
analyzed through structural equation modeling. The results indicate that the improved TPB model can effectively explain the risky
driving behavior among young truck drivers. Specifically, attitudes toward behavior, subjective norms, and perceived behavioral
control have significant positive effects on behavioral intention, while behavioral intention and perceived behavioral control have
significant positive effects on behavior. In addition, risk perception has a significant negative effect on behavioral intention and
behavior. Furthermore, a comparison with the traditional TPB model reveals that the improved TPB model performs better in
terms of fit and explanatory power. Fit indices CMIN/DF, RMSEA, and AGFI were optimized by 16%, 18%, and 1.5%, respectively,
and there was a 5% increase in explanatory power for behavior variance, validating the rationality and effectiveness of the
improved TPB model. This provides decision support for the development of intervention measures for risky driving behavior
among young truck drivers in the future.

1. Introduction

In recent years, with the rapid development of China’s road
transportation industry, the number of commercial trucks
has also increased rapidly. Trucks, characterized by a high
center of gravity, large cargo capacity, long driving hours,
and weak braking ability, often cause more severe traffic
accidents than other vehicles [1]. As the controllers and
decision-makers of vehicles, truck drivers’ risky driving
behavior is one of the main causes of road traffic accidents
[2]. Risky driving behavior refers to any driving behavior
that may increase the risk of traffic accidents, such as
speeding, driving while fatigued, distracted driving, and

aggressive driving [3]. Analyzing the risky driving behavior
of truck drivers is crucial for improving road traffic safety.

Currently, research on the risky driving behavior of
truck drivers mainly focuses on behavior identification. By
using devices such as onboard sensors, eye trackers, and
electroencephalographs [4], researchers can monitor real-
time vehicle motion and driving operation data, and then
use machine learning or deep learning models [5] to identify
the risky driving behavior and take corresponding warning
measures to reduce the accident rate. However, the detection
equipment used in these studies is costly, and it is difficult to
obtain data in real vehicle environments, thus limiting their
applicability. In order to be applicable to a wider range of
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truck drivers and to explore the factors influencing risky
driving behavior, some researchers have used survey
questionnaires to collect data on gender, age, and mileage to
analyze the influencing factors of risky driving behavior
among truck drivers. However, the factors investigated in
these surveys are not comprehensive. To more compre-
hensively analyze the influencing factors and mechanisms of
risky driving behavior, some studies have analyzed risky
driving behavior from the perspective of the theory of
planned behavior (TPB) in social psychology. TPB, proposed
by Ajzen [6] in 1985, is a social psychological theory used to
explain the decision-making process of general behavior,
including attitude toward behavior, subjective norms, per-
ceived behavioral control, behavioral intentions, and be-
havior. Its core idea is that attitude toward behavior,
subjective norms, and perceived behavioral control jointly
influence behavioral intentions, which in turn directly affect
behavior. In addition, Ajzen has also suggested that TPB is
an open and expandable theory [7]. Through continuous
improvement, some studies have shown that new factors can
be added to TPB models to enhance their explanatory power
in certain special scenarios. In the analysis of influencing
factors of risky driving behavior among truck drivers,
current research mainly focuses on improving TPB models
by adding driving environment factors. Since the external
driving environment of truck drivers is more complex,
factors such as weather conditions, traffic conditions, and
other drivers’ behaviors may lead to risky driving behavior
among truck drivers. However, the driving environment is
an objective factor not controlled by drivers’ psychological
cognition, making it difficult to analyze in conjunction with
drivers’ psychological cognitive factors. In order to com-
prehensively consider the driving environment and drivers’
psychological cognitive factors, some scholars have begun to
introduce risk perception [8-11] into the field of driving
behavior. Risk perception refers to drivers’ perception and
cognition of potential dangers in the driving environment,
which can be improved through education and training to
enhance drivers’ perception abilities. For truck drivers, the
nature of their work and working environment determines
that they face higher risks during driving than other drivers.
For example, truck drivers need to drive for long periods,
which can lead to fatigue, and they also need to cope with
adverse weather and road conditions such as rain, snow, and
mountain roads, all of which increase the difficulty and risk
of driving for truck drivers. Therefore, truck drivers should
pay more attention to their risk perception abilities. It is
feasible and necessary to integrate risk perception factors
into TPB models and conduct research on risky driving
behaviors among truck drivers. On the other hand, with the
continuous improvement of road infrastructure and the
rapid development of the logistics industry, the demand for
truck drivers is also increasing, and the group of truck
drivers is becoming younger. There is a correlation between
age and risk perception ability [8-11]. Due to the limitations
of life experience and cognitive level, young people are less
sensitive to the potential dangers of certain behaviors.
Therefore, compared to older truck drivers, young truck
drivers (under 35years old) have weaker risk perception
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abilities and are more likely to engage in risky driving be-
haviors. Research has shown that compared to older truck
drivers, young truck drivers lack driving experience and
skills, making it difficult for them to accurately judge and
respond to constantly changing traffic conditions, thus in-
creasing the likelihood of causing road traffic accidents [12].
Although there are existing studies [13] on risky driving
behavior among truck drivers, there is no specific focus on
young truck drivers. It is worthwhile to further explore
whether risk perception ability affects risky driving behavior
among young truck drivers and how it affects them.
Therefore, it is necessary to analyze the influencing factors of
risky driving behavior among young truck drivers in
combination with risk perception factors. This is important
for developing intervention measures for risky driving be-
havior among young truck drivers, helping them develop
good driving behaviors, and laying a solid foundation for
their future driving careers.

The research aims to delve into the influencing factors
and mechanisms of risky driving behavior among young
truck drivers. Two innovative approaches have been un-
dertaken in analyzing the factors influencing risky driving
behavior among young truck drivers. Firstly, innovative
consideration has been given to the direct impact of risk
perception on risky driving behavior, leading to the estab-
lishment of an improved TPB model. This model in-
vestigates the risky driving behavior of young truck drivers
from the perspective of social psychology. By comparing
with the traditional TPB model, the improved TPB model
enhanced the fit indices CMIN/DF, RMSEA, and AGFI by
16%, 18%, and 1.5%, respectively, and increased the ex-
planatory power for behavior variance by 5%. Second, based
on the established research model, a survey questionnaire
suitable for the demographic of young truck drivers has been
designed by integrating risk perception factors. Data from
the young truck driver population have been collected, and
through structural equation modeling (SEM), the influence
mechanisms of attitude toward behavior, subjective norms,
perceived behavioral control, risk perception, and behavioral
intentions on risky driving behavior have been quantita-
tively analyzed. This research aims to provide decision
support for the development of intervention measures
targeting risky driving behavior among young truck drivers,
which is crucial for standardizing the driving behavior of
young truck drivers and enhancing road traffic safety.

The remaining parts of this paper are arranged as follows.
In Section 2, we conducted a literature review. In Section 3,
we proposed the model, data, and analysis methods. In
Section 4, we analyzed the data. In Section 5, we discussed
these results and proposed recommendations. Finally, in
Section 6, we drew research conclusions.

2. Literature Review

In the aspect of analyzing the influencing factors of risky
driving behavior among truck drivers based on question-
naire surveys, Peng et al. [14] investigated the contributing
factors affecting the severity of injuries to drivers and co-
pilots involved in rear-end crashes between trucks on
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expressways. They found that male truck drivers exhibited
significantly more speeding behavior than females. Sadeghi
et al. [12] conducted a questionnaire survey among a group
of Iranian truck drivers, and the results indicated that older
truck drivers were less likely to engage in traffic violations.
Moreover, truck drivers with longer driving distances and
unstable emotions were more prone to committing traffic
violations. Masla¢ et al. [15] developed a 5-factor structure
driving behavior scale for Serbian truck drivers, with results
indicating a positive correlation between average daily
driving time and risky driving behavior. Mehdizadeh et al.
[16] utilized a 4-factor structure driving behavior scale to
study the driving behavior among Iranian truck drivers,
revealing associations between age, driving experience,
education level, driving distance, rest conditions, and traffic
accidents. These studies demonstrate that personal attributes
of truck drivers, such as gender, age, and driving mileage, are
closely related to the risky driving behavior. However, they
did not integrate psychological theories to consider and
analyze more influencing factors and mechanisms. Re-
garding the analysis of risky driving behavior based on TPB,
Rowe et al. [17] utilized TPB to study the risky behaviors
such as speeding and distraction among novice drivers. They
found that attitude toward behavior had the strongest ex-
planatory power for the intention of risky driving behavior,
while subjective norms and perceived behavioral control also
significantly influenced the intention of risky driving be-
havior. Jiang et al. [18] explored the influencing factors of
fatigue-driving behavior from a social psychological per-
spective and designed a questionnaire based on TPB. Hi-
erarchical multiple regression analysis showed that
subjective norms, perceived behavioral control, and be-
havioral intention significantly affected the fatigue-driving
behavior. Wang et al. [19] designed a questionnaire using
TPB to collect data, and SEM was used to analyze the data.
The results showed that the behavioral intention was the
strongest predictor of lane change violation behavior at
urban intersections. Perceived behavioral control had both
direct and indirect effects on lane change violation behavior.
Furthermore, attitude toward behavior, subjective norms,
and perceived behavioral control were found to have sig-
nificant correlations with the intention of lane change vi-
olations at urban intersections. However, traditional TPB
has limitations in explaining the driving behavior due to the
lack of analysis of some additional influencing factors. In
terms of integrating new factors with TPB, Xiao and Liang
[20] introduced safety incentives to improve TPB and
conducted a study on the violation behavior of rural bus
drivers. The results showed that safety incentives signifi-
cantly inhibited illegal driving behavior as an additional
factor. Hu et al. [21] aimed to explore the mechanism of
travelers’ dependence on public transportation, and indi-
vidual characteristics, travel environment, and travel fea-
tures were added to form an extended TPB. They utilized the
AGNES clustering algorithm and SEM to identify and an-
alyze travelers’ dependence on public transportation. Zhang
et al. [22] exploratively introduced behavioral experience
into the TPB model and conducted a study on unsafe be-
haviors among cyclists. The results showed that behavioral

experience had a positive impact on behavioral intention
and unsafe behavior, indicating that the accumulation of
behavioral experience would promote the recurrence of
unsafe behavior. These studies demonstrate that adding new
factors can indeed enhance the explanatory power of the
TPB model for behavior. In terms of integrating the driving
environment and TPB, Hussain et al. [23] studied the risky
driving behavior of Pakistani truck drivers by improving
TPB with the inclusion of a safe environment. They con-
cluded that the safety environment had a negative impact on
risky driving behavior. Baikejuli et al. [24] investigated the
factors influencing mobile phone use while driving among
Chinese commercial truck drivers. By incorporating driving
environment exposure (e.g., high driving frequency, long
driving hours, and distance) into TPB, they found that the
driving environment exposure had significant positive ef-
fects on attitude toward behavior, subjective norms, per-
ceived behavioral control, and behavioral intention.
However, the driving environment is an objective factor,
making it difficult to analyze risky driving behavior from the
psychological perspective of truck drivers. In terms of
combining risk perception and TPB, Yang et al. [25] cate-
gorized novice drivers’ risky driving behaviors into three
types and discussed the influencing mechanism of risky
driving behavior among novice drivers by integrating risk
perception and TPB. They proved that risk perception had
a significant negative impact on behavioral intention, which
in turn affected the three types of risky driving behavior. Li
et al. [13], targeting truck driver groups, combined sensation
seeking, risk perception, and TPB to explain truck drivers’
risky driving behavior. SEM and mediation analysis were
used to fully examine the underlying mechanisms, and the
results showed that risk perception had a significant negative
impact on behavioral intention through the mediation of
attitude toward behavior. Literature [13, 25] demonstrated
that combining risk perception with TPB could effectively
explore the influencing factors and mechanisms of driver
risky driving behavior, but it did not explain the interaction
between risk perception and TPB factors clearly, nor did it
consider the direct impact of risk perception on risky driving
behavior, which may lead to an incomplete research model
and hinder the accurate interpretation of risky driving be-
havior. However, some studies in other fields have con-
sidered and validated the direct relationship between risk
perception and behavior. For example, Sahul Hamid et al.
[26] reported on the relationship between risk perception
and adventurous behavior among emerging market in-
vestors. Through multiple regression analysis of survey data,
it was found that risk perception had a direct negative impact
on adventurous behavior. Man et al. [27] developed and
validated a risk perception scale for construction workers.
The results, obtained from a group of voluntary construction
workers in Hong Kong, showed that risk perception had
a direct negative impact on adventurous behavior. That is,
enhancing their risk awareness could maximize the re-
duction of adventurous behavior among construction
workers. Some studies have indicated that considering ad-
ditional factors’ direct impact on behavior also helps to
increase the explanatory power of the TPB model. For



instance, Shi et al. [28], in their study on driver fatigue-
driving behavior, introduced behavioral experience into
TPB to form an extended TPB model. The results showed
that the extended TPB model had good explanatory and
predictive power for driver fatigue-driving behavior. Be-
havioral experience had a significant positive impact on the
intention of fatigue-driving behavior, and it also had a sig-
nificant positive impact on fatigue-driving behavior. Liang
and Xiao [29] conducted an analysis of the influencing
factors of speeding behavior on Chinese highways, in-
troducing punishment avoidance to correct TPB. In the
process of model building, the mutual influence relationship
between punishment avoidance and TPB factors was con-
sidered, especially the direct impact of punishment avoid-
ance on speeding behavior. The results showed that the
addition of punishment avoidance, an external variable,
helped to improve the TPB model and increase its ex-
planatory power. Punishment avoidance had a significant
negative impact on speeding behavior. Xiao and Liang [20]
conducted a study on the violation behavior of rural bus
drivers, starting from the psychological perspective of
drivers and introducing safety incentive indicators to im-
prove the TPB model. The results showed that the improved
TPB model could effectively identify the factors affecting
rural bus drivers’ violation behavior, and safety incentives
had significant inhibitory effects on both the intention and
behavior of violation driving. The aforementioned research
provides new insights into studying risky driving behaviors
among truck drivers by considering the direct impact of risk
perception on behavior to establish an improved TPB model.
However, literature [13, 23, 24] primarily focuses on the
entire truck driver population, with limited research tar-
geting young truck drivers specifically.

Thus, TPB and its improved models have gradually been
applied in the analysis of risky driving behavior. Current
research on analyzing risky driving behavior among truck
drivers mainly focuses on improving the TPB by in-
corporating driving environments. In order to consider
drivers’ psychological cognitive factors, some scholars have
introduced risk perception to improve the TPB. However,
the direct impact of risk perception on risky driving behavior
has not been considered, which may result in incomplete
research models and hinder accurate explanations of risky
driving behavior. In addition, due to their limited driving
experience, young truck drivers may have weaker risk
perception abilities, making them more prone to engaging in
risky driving behavior. However, the current research lacks
sufficient attention to this demographic, with a shortage of
corresponding analyses of influencing factors.

3. Methods
3.1. The Improved TPB Model

3.1.1. The Theory of Planned Behavior. The theory of planned
behavior (TPB), proposed by Ajzen [6, 7] in 1985, is
a psychological theory used to explain the decision-making
process of general behaviors, including attitude toward
behavior, subjective norms, perceived behavioral control,
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behavioral intentions, and behaviors. Its core idea is that
attitude toward behavior, subjective norms, and perceived
behavioral control collectively influence behavioral in-
tentions, which in turn directly impact behaviors. The ap-
plication of TPB in explaining the risky driving behavior of
truck drivers has been proven in previous studies
[13, 23, 24]. Therefore, we chose TPB as the theoretical
framework and incorporated the attitude toward behavior,
subjective norms, perceived behavioral control, and be-
havioral intentions of young truck drivers towards risky
driving behavior to study their risky driving behavior.
Among them, attitude toward behavior (AB) refers to the
positive or negative evaluation of risky driving behavior by
young truck drivers. Subjective norms (SNs) refer to the
perceived social pressure felt by young truck drivers when
deciding whether to engage in risky driving behavior.
Perceived behavioral control (PBC) refers to the perceived
ease or difficulty of performing risky driving behavior by
young truck drivers. Behavioral intentions (BIs) refer to the
willingness of young truck drivers to engage in risky driving
behavior. Risky driving behavior (B) refers to whether the
young truck drivers engage in risky driving behavior or not.
We propose the following research hypotheses:

Hypothesis 1 (H1): AB has a significant positive impact
on BL

Hypothesis 2 (H2): SN has a significant positive impact
on BL

Hypothesis 3 (H3): PBC has a significant positive impact
on BL

Hypothesis 4 (H4): BI has a significant positive impact on B.

Hypothesis 5 (H5): PBC has a significant positive impact
on B.

3.1.2. Risk Perception. Risk perception (RP) [8-11] refers to
the driver’s ability to identify the potential risks of risky
driving behavior while driving. The ability of drivers to
accurately perceive risks and make correct judgments is
crucial for avoiding traffic accidents and improving driving
safety. Previous studies have demonstrated the influence of
risk perception on the attitude and intention of risky driving
behavior. For example, Yang et al. [25] demonstrated that
risk perception has a negative impact on the intention of
risky driving behavior among novice drivers. Li et al. [13]
found that risk perception has a negative impact on the
attitude and intention of risky driving behavior among truck
drivers. Furthermore, some studies in other fields have
found a direct relationship between risk perception and
behavior. For instance, Sahul Hamid et al. [26] found that
risk perception has a negative impact on the risky behavior
of emerging market investors. Man et al. [27] found that risk
perception has a negative impact on the risky behavior of
construction workers.
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Based on the results of these studies, risk perception is
considered a key influencing factor in risky driving behavior.
We exploratively introduced RP into the TPB model,
considering the direct impact of RP on BI and B, while also
considering the mutual influence between RP and AB, SN,
and PBC. We propose the following research hypotheses:

Hypothesis 6 (H6): RP has a significant negative impact
on BIL

Hypothesis 7 (H7): RP has a significant negative impact
on B.

3.1.3. The Research Model. Based on the abovementioned
research hypotheses, an improved TPB model is established
to conduct research on risky driving behavior among young
truck drivers. As shown in Figure 1, the improved TPB
model is built upon the traditional TPB model, considering
the direct impact of RP on BI and B to enhance the model’s
explanatory power for risky driving behavior. In addition,
the mutual influence between RP and AB, SN, and PBC is
taken into account to comprehensively analyze the in-
terrelationships among factors.

3.2. Data Collection. Based on the constructed research
model, a survey questionnaire tailored for the young truck
driver population is designed by incorporating risk per-
ception factors to collect data from this group. This includes
the survey procedure, participants, and questionnaire design.

3.2.1. Procedure. The survey targeted professional truck
drivers aged 35 and below, conducted from August 1st to
August 31st, 2023, covering various regions in China, mainly
the Anhui Province. Past literature has shown that Internet
surveys are commonly used in modern research due to their
low cost and high efficiency [30]. Therefore, we chose to
conduct the study through an online survey to collect data. The
questionnaire was distributed randomly with the assistance of
the Wenjuanxing website, a professional online platform
providing survey services in China, which strictly adheres to
the principles of random sampling. At the beginning of the
survey, we explained the purpose of the research, emphasized
that participation was voluntary, and assured respondents that
their answers would remain anonymous.

3.2.2. Participants. A total of 382 responses were received
for this survey. After excluding incomplete responses, those
with identical content, excessively short completion times,
and those exhibiting clear contradictions, we retained 330
valid questionnaires, resulting in an effective response rate of
86.38%. Generally, the sample size should exceed 200 and be
at least 15 times the number of questionnaire items [31]. A
total of 330 valid samples were collected, meeting the re-
quirements for sample size and ensuring the representa-
tiveness of the sample. The respondents comprised 286
males (86.67%) and 44 females (13.33%), aged between 18
and 35 years.

FiGure 1: The improved TPB model.

3.2.3. Questionnaire Design. The questionnaire consisted of
two parts. The first part primarily investigated personal
demographic factors, including gender, age, education level,
monthly income, type of driving vehicle, daily average
driving time, annual average driving distance, driving ex-
perience, frequency of traffic violations, and history of traffic
accidents. The second part mainly investigated the factors in
the improved TPB model, including AB, SN, PBC, RP, BI,
and B. As shown in Table 1, each factor was designed with
3-6 items, totaling 21 items. Each item was assessed using
a Likert 5-point scale [32], ranging from 1 (strongly dis-
agree) to 5 (strongly agree).

In the process of questionnaire design, we referred to the
TPB [23, 24] and the Driver Behavior Questionnaire (DBQ)
[32, 33]. The DBAQ, initially developed by Reason et al. [34],
has been widely utilized for studying and assessing drivers’
behaviors. To cater to young truck drivers, we considered the
relationship between risk perception and risky driving be-
havior, and referred to the studies of Li et al. [13] and Yang
etal. [25]. As a result, additional items corresponding to risk
perception (RP1~RP3) were added to the questionnaire
based on TPB and DBQ. The scores for risk perception were
reverse-coded, so higher scores indicated a higher level of
conceptual agreement among respondents.

3.3. Analysis Method. In this section, the data analysis
procedures will be presented, as shown in Figure 2.

On one hand, to analyze the influence of personal de-
mographic factors on risky driving behavior among young
truck drivers, descriptive statistical analysis and analysis of
variance were conducted using IBM SPSS 25.0. This aimed to
study the relationship between personal demographic fac-
tors and risky driving behavior among young truck drivers.

On the other hand, to further analyze the magnitude and
mechanisms of the impact of various factors in the improved
TPB model on risky driving behavior among young truck
drivers, several steps were taken. First, the validity and re-
liability of the questionnaire were tested using Cronbach’s
alpha coefficient and exploratory factor analysis. Then,
Pearson’s correlation analysis was employed to determine
the correlations between factors in the improved TPB model.
Finally, SEM was performed using IBM SPSS Amos 26.0
software to validate and analyze the improved TPB model.
SEM is a statistical method that combines multiple re-
gression analysis, factor analysis, and path analysis, capable
of analyzing the relationships between variables based on
covariance matrices [35].
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FIGURE 2: Data analysis procedures.
4. Results was conducted for multicategory variables including edu-

4.1. Descriptive Statistics and Analysis of Variance. The de-
scriptive statistics and analysis of variance results for per-
sonal demographic factors of young truck drivers are
presented in Table 2. In the table, P indicates the significance
level, where P<0.05 indicates statistical significance,
P<0.01 indicates significant statistical significance, and
P <0.001 indicates extremely significant statistical signifi-
cance. P values are output by the Amos software, with
numeric values output when P >0.05 and a numeric range
output when P <0.05.

Among the 330 respondents, there were 286 males
(86.67%) and 44 females (13.33%), with ages ranging from 18
to 35 years old. The majority had an education level of high
school or below (75.76%) and a monthly income of 5,000 to
10,000 yuan (49.39%). Regarding the type of driving vehicle,
heavy-duty trucks accounted for the highest proportion,
representing 37.58% of the total sample. The majority re-
ported a daily driving time of 6 to 10 hours (47.58%) and an
annual driving mileage of 0 to 50,000 kilometers (41.21%),
with a driving experience of 6 to 10years (42.73%), in-
dicating that most young truck drivers arrange their work
hours within a reasonable range. About 52.73% of the re-
spondents reported a moderate frequency of traffic viola-
tions, indicating that more than half of young truck drivers
sometimes violate traffic rules, while 85.45% stated that they
had experienced relatively few traffic accidents, indicating
that the majority of young truck drivers currently have
a good record in terms of traffic accidents.

Using risky driving behavior as the dependent variable,
independent sample t-tests were conducted for binary
variables such as gender and age, while analysis of variance

cation level, monthly income, type of driving vehicle, daily
driving time, annual driving mileage, driving experience,
frequency of traffic violations, and traffic accident experi-
ence. The results showed that there were no significant
differences in risky driving behavior with respect to gender,
age, education level, monthly income, type of driving ve-
hicle, daily driving time, and annual driving mileage
(P >0.05). This is consistent with some conclusions drawn
by Li et al. [13], indicating that personal demographic factors
such as gender, age, education level, and region do not
significantly influence risky driving behavior among truck
drivers. The results also revealed significant differences in
risky driving behavior based on driving experience
(P<0.05), with the group of young truck drivers with
6-10years of driving experience being more prone to risky
driving behavior. Furthermore, the frequency of traffic vi-
olations (P<0.001) and traffic accident experience
(P <0.05) were found to significantly influence risky driving
behavior, with higher scores in risky driving behavior ob-
served with increased frequency of traffic violations and
traffic accident experiences. Similar conclusions have been
drawn in related studies conducted among other occupa-
tional and nonoccupational driving groups [17-19].

4.2. Reliability Analysis. Reliability is an examination of the
scale’s reliability and internal consistency, primarily assessed
using Cronbach’s alpha. The standardized Cronbach’s alpha
values range from 0 to 1, with values closer to 1 indicating
higher internal consistency and greater reliability of the
scale. Generally, a Cronbach’s alpha coefficient greater than
0.7 for subscales indicates a high reliability, while values



TaBLE 2: Descriptive statistics and
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analysis of variance (N=330).

Personal attribute

1 0,
factors Category Number Proportion (%) Mean (SD) F (t) P value
Male 286 86.67 2.99 (0.67)
Gender Female 44 13.33 278 (0.84) 080 0120
18-30years old 76 23.03 3.07 (0.53)
Age 30-35 years old 254 76.97 202 (074 196 003
Primary or middle school 126 38.18 2.86 (0.70)
. High school or vocational school 124 37.58 3.05 (0.66)
Education Associate degree 56 16.97 2.91 (0.76) 1972 0.118
Bachelor’s degree and above 24 7.27 3.11 (0.65)
0-5 thousand RMB 93 28.18 2.94 (0.71)
. 5-10 thousand RMB 163 49.39 3.00 (0.72)
Monthly income 10-15 thousand RMB 62 18.79 290 (0.64) 036 079
Above 15 thousand RMB 12 3.64 2.93 (0.62)
Light-duty truck 100 30.30 2.89 (0.75)
.. . Medium-duty truck 34 10.30 3.07 (0.70)
Driving vehicle type Heavy-duty truck 72 21.82 294 (0.62) 088 0560
Very heavy-duty truck 124 37.58 2.99 (0.70)
0 to 5hours 106 32.12 2.94 (0.72)
6 to 10 hours 157 47.58 3.00 (0.69)
Daily driving time 11 to 15hours 51 15.45 2.87 (0.70)  0.349 0.844
16 to 20 hours 12 3.64 2.94 (0.70)
More than 20 hours 4 1.21 2.95 (0.75)
0 to 50 thousand kilometers 136 41.21 2.99 (0.58)
.. . 51 to 100 thousand kilometers 128 38.79 3.01 (0.78)
Annual driving mileage 101 to 150 thousand kilometers 34 10.30 266 (075) =476 006l
151 to 200 thousand kilometers 32 9.70 2.90 (0.71)
0 to 5years 116 35.15 2.87 (0.67)
.. . . 6 to 10years 141 42.73 3.05 (0.73)
Driving experience (license years) 11 to 15 years 58 1758 3.04 (0.58) 3.227 <0.05
16 to 20 years 15 4.55 2.54 (0.93)
Few 138 41.82 2.79 (0.64)
Traffic violation frequency Moderate 174 52.73 3.04 (0.70) 10.001  <0.001
Many 18 5.45 3.43 (0.78)
Few 282 85.45 2.91 (0.65)
Traffic accident experience Moderate 46 13.94 3.23 (0.92) 4435 <0.05
Many 2 0.61 3.25 (0.35)
between 0.6 and 0.7 are considered acceptable. For the total TaBLE 3: Reliability analysis.
.scal'e, a Cropbach s glpha co.efﬁc1ent of greater than 0.8 Scale Ttems Cronbach’s alpha
indicates a high reliability, while values between 0.7 and 0.8
. s AB 3 0.844
are considered acceptable [36]. The formula for Cronbach’s SN 3 0.979
alpha is PBC 3 0.912
X RP 3 0.869
__k XS BI 3 0.881
a=—(1-23%), (1)
k-1 S B 6 0.956
Overall scale 21 0.900

where k is the total number of items in the scale, S; is the
variance of items i in the scale, and S? is the variance of total
items in the scale.

The reliability of each subscale and the total scale were
analyzed using SPSS 25.0, and the results are presented in
Table 3. The Cronbach’s alpha coefficients for all six sub-
scales are greater than 0.7, and the Cronbach’s alpha co-
efficient for the total scale is 0.900, exceeding 0.8, indicating
good reliability and a high internal consistency of the scale.

4.3. Validity Analysis. Validity is an examination of the
effectiveness and correctness of the items in the scale,
generally including content validity and structural validity.
Higher validity indicates that the measurement results more
accurately represent the true situation of the measured
objects, making the scale more effective and accurate.
Content validity is mainly examined by analyzing and
judging whether the measurement items can effectively
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represent the measurement content by relevant experts.
Since the survey questionnaire designed in this study drew
from previous relevant research and was modified and
adjusted multiple times based on the actual situation of
young truck drivers, it can be considered to have a good
content validity. In addition, structural validity is generally
examined using a factor analysis. First, it is necessary to
determine whether the scale is suitable for factor analysis.
When the Kaiser-Meyer-Olkin (KMO) measure is higher
than 0.8 and the significance of Bartlett’s sphericity test is
P <0.05, factor analysis can be conducted [37]. The test
results are shown in Table 4, with KMO =0.883, and the
Bartlett’s sphericity test result reaches a significance of
P <0.001, indicating the presence of common factors among
the item correlations, allowing for factor analysis. Then, the
exploratory factor analysis was performed on the 21 items,
using principal component analysis and varimax rotation.
To ensure the quality of the factor analysis, items were re-
moved based on the following principles [38]: the com-
munality of items should be greater than 0.45; factor
loadings should be at least greater than 0.5; the same item
should not be included in multiple factors, each factor
should have at least 3 items; and the cumulative variance
contribution rate should be greater than 60%. The analysis
results are shown in Table 5, which extracted 6 factors, with
all item communalities greater than 0.45, factor loadings all
greater than 0.5, and a cumulative variance contribution rate
of 83.48%, significantly exceeding 60%, indicating good
effectiveness of the factor analysis.

4.4. Correlation Analysis. Before conducting SEM analysis, it
is necessary to analyze the Pearson correlation coeflicients
(r) among the factors of the improved TPB model. The
results, as shown in Table 6, indicate that there is a significant
correlation among all factors, with a moderate to low degree
of correlation (r,, <0.6). Specifically, RP is significantly
correlated with AB, SN, and PBC, with correlation co-
efficients of 0.088 (P<0.05), 0.111 (P<0.05), and 0.098
(P <0.05), respectively. This validates the rationale of con-
sidering the mutual influence between RP and AB, SN, and
PBC in the improved TPB model. Therefore, further SEM
analysis can be conducted.

Regarding the frequency of risky driving behavior
among respondents, corresponding items were designed in
the survey questionnaire. Each item was evaluated using
a Likert scale [32] ranging from 1 (never) to 5 (often), with
an average score of 2.5. The mean (SD) of risky driving
behavior (B) in Table 6 is 2.96 (0.70). This suggests that the
frequency of risky driving behavior among respondents is
moderately high, indicating that the surveyed group of
young truck drivers tends to engage in more frequent risky
driving behavior. This could significantly impact road safety
levels, emphasizing the importance of studying the influ-
encing factors of risky driving behavior.

4.5. Structural Equation Modeling. SEM was established
using Amos 26.0. SEM consists of two parts: a measurement
model comprising 6 latent variables and their corresponding

TaBLE 4: KMO and Bartlett’s sphericity test.

Applicability of factor

Test value Result )
analysis

KMO 0.883 Applicable

Bartlett P <0.001 Applicable

21 observed variables and a structural model representing
the relationships among the 6 latent variables. First, 8 in-
ternationally recognized fit indices [39] and fit standards
[39] were selected to evaluate the overall fit of the model. The
evaluation results of the fit indices are shown in Table 7,
indicating that all fit indices meet the ideal values, suggesting
a good overall fit of the model. This indicates that the as-
sumed model fits well with the sample data, and the model is
acceptable, enabling further analysis of the relationships
among latent variables based on the fitted SEM.

Then, the maximum likelihood estimation method was
used to estimate the path coefficients. The sign (positive or
negative) of the standardized path coefficients (f) indicates
the direction of influence between latent variables, where
larger absolute values of 8 indicate greater influence. The
standardized path coeflicients and the results of hypothesis
testing are shown in Table 8, and the SEM path diagram is
shown in Figure 3. The results indicate that all error vari-
ances (e) in the SEM are positive and significant (¢ > 1.96,
P <0.05). The parameter estimates’ standard deviations (SE)
are all very small, and the standardized factor loadings are all
between 0.5 and 0.95, with no estimation violations, in-
dicating that the model’s intrinsic fit is ideal [40]. Further
hypothesis testing reveals that the effects of AB (3=0.27,
P <0.001), SN (8=0.14, P <0.05), PBC ($=0.34, P <0.001),
and RP (f=-0.25, P<0.001) on BI are statistically signif-
icant, supporting hypotheses H1, H2, H3, and H6; while the
effects of BI ($=0.49, P <0.001), PBC ($=0.25, P <0.001),
and RP (f=-0.19, P<0.001) on B are statistically signifi-
cant, supporting hypotheses H4, H5, and H7.

Regarding the analysis of the effects of AB, SN, PBC, and
BI, similar conclusions have been drawn in some studies. For
example, Hussain et al. [23] demonstrated significant positive
effects of attitude toward behavior and subjective norms on
behavioral intention, Baikejuli et al. [24] showed significant
positive effects of attitude toward behavior and perceived
behavioral control on behavioral intention, and Li et al. [13]
demonstrated significant positive effects of perceived be-
havioral control on behavior. In addition, Hussain et al. [23],
Baikejuli et al. [24], and Li et al. [13] all found that behavioral
intention has the greatest direct impact on behavior. This also
demonstrates the mediating role of behavioral intention in
the improved TPB model, where attitude toward behavior,
subjective norms, and perceived behavioral control influence
the behavior of young truck drivers through their impact on
behavioral intention, consistent with previous research
findings by Yang et al. [25] and Li et al. [13], which dem-
onstrated that attitude toward behavior, subjective norms,
perceived behavioral control, and risk perception influence
behavior through behavioral intention. As for the analysis of
the impact of RP, similar conclusions have been drawn in
some studies, such as those by Yang et al. [25] and Li et al.
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TaBLE 6: Correlation analysis.
Factors Mean (SD) AB SN PBC RP BI B
AB 1.78 (1.03) 1
SN 1.46 (0.96) 0.365 (p<0.01) 1
PBC 2.43 (1.23) 0.210 (p <0.01) 0.108 (p <0.05) 1
RP 2.63 (1.10) 0.088 (p <0.05) 0.111 (p <0.05) 0.098 (p <0.05) 1
BI 2.48 (1.10) 0384 (p<0.01) 0284 (p<0.01) 0403 (p<0.01)  0.288 (p<0.01) 1
B 2.96 (0.70) 0.353 (p <0.01) 0.210 (p<0.01) 0.456 (p <0.01) 0.353 (p <0.01) 0.509 (p <0.01) 1
TaBLE 7: Fit indices evaluation.
L Improved TPB model Traditional TPB model

Fit indices Standard . .

Model results Evaluation Model results Evaluation
CMIN/DF 1~3 1.637 Good 1.953 Excellent
RMSEA <0.08 0.044 Good 0.054 Excellent
SRMR <0.08 0.037 Good 0.040 Good
GFI >0.9 0.926 Good 0.925 Good
AGFI >0.9 0.913 Good 0.899 Excellent
CFI >0.9 0.982 Good 0.979 Good
NFI >0.9 0.955 Good 0.958 Good
IFI >0.9 0.982 Good 0.979 Good

TaBLE 8: Standardized path coefficients, hypothesis testing results, and R?.
RZ

Hypotheses Path Estimate P value SE CR Results BI B
Improved TPB model 0.39 0.52
H1 AB—>BI 0.27 <0.001 0.076 4.508 Supported
H2 SN—>BI 0.14 <0.05 0.058 2.538 Supported
H3 PBC—>BI 0.34 <0.001 0.050 6.250 Supported
H4 BI—>B 0.49 <0.001 0.040 8.141 Supported
H5 PBC—>B 0.25 <0.001 0.031 4.806 Supported
Ho6 RP—>BI 0.25 (-0.25) <0.001 0.052 4.586 Supported
H7 RP—>B 0.19 (-0.19) <0.001 0.031 3.938 Supported
Traditional TPB model 0.33 0.47
H1 AB—>BI 0.29 <0.001 0.079 4.589 Supported
H2 SN—>BI 0.16 <0.01 0.059 2.888 Supported
H3 PBC—>BI 0.36 <0.001 0.052 6.422 Supported
H4 BI—>B 0.56 <0.001 0.040 9.264 Supported
H5 PBC—>B 0.24 <0.001 0.032 4.494 Supported

Note. The scores of the risk perception scale have been reversed, so the path coefficients () between risk perception and other variables are presented as

negative values here.

[13], which found that risk perception has a negative impact
on behavioral intention. However, the abovementioned
studies only considered the indirect effects of risk perception
on behavior and did not examine the direct impact of risk
perception on behavior. By examining both indirect and
direct effects, we discovered that young truck drivers, due to
their own characteristics and lack of experience, have lower
risk perception abilities, making it difficult for them to
perceive the potential risks of risky driving behavior, thereby
generating intentions for risky driving behavior or even
directly engaging in risky driving behavior.

Through SEM, we can further evaluate R?, which rep-
resents the proportion of variance in the dependent variable
that is explained by the independent variables. This indicator
reflects the degree of model’s fitness. R* ranges between 0 and
1, with values closer to 1 indicating a better model fit, while

lower values suggest a poorer fit. It is generally considered that
when R? is greater than 0.45 [41], the explanatory power of the
independent variables on the dependent variable is good. The
results show that the improved TPB model explains 52% of
the variance in behavior (R?=0.52), indicating that the im-
proved TPB model can effectively explain the occurrence of
risky driving behavior among young truck drivers. Compared
with other studies, Li et al. [13] combined TPB, sensation
seeking, and risk perception to explain the adventurous
driving behavior of truck drivers, and their model had an
explanatory power of 64.3% (R?>=0.643) for behavioral
variance. However, the model fit was poor, for instance,
CMIN/DEF = 3.455, RMSEA =0.072, and SRMR =0.065. Al-
though the explanatory power of our model for behavior is
slightly lower, the model fit is better, for example, CMIN/
DF=1.637, RMSEA=0.044, and SRMR=0.037. This
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FIGURE 3: Path diagram of the SEM for the improved TPB model.

indicates that our model, considering the direct impact of risk
perception on behavior, more accurately reflects the char-
acteristics of actual data from young truck drivers.

Furthermore, a further analysis of the traditional TPB
model is conducted. The model fit indices evaluation results
are shown in Table 7, and the standardized path coefhicients,
hypothesis testing results, and R? are shown in Table 8, and
the SEM path diagram is shown in Figure 4. Comparing the
improved TPB model with the traditional TPB model, the
results indicate that the fit indices of the traditional TPB
model pass the test, and the analysis conclusions regarding
the significant effects of various factors on behavior are ba-
sically consistent, with an explanatory power for behavior
variance of 47% (R?=0.47). The improved TPB model has
better-fit indices, with CMIN/DF, RMSEA, and AGFI opti-
mized by 16%, 18%, and 1.5% respectively, indicating that
considering the indirect and direct effects of risk perception
on behavior, the assumed model fits better with the sample
data of young truck drivers. Moreover, it performs better in
explaining variance, with an explanatory power for behavior
variance of 52% (R? =0.52), which is a 5% increase. This not
only validates the rationality of the improved TPB model but
also indicates that considering the direct impact of risk
perception on behavioral intention and behavior enhances
the model’s explanatory power for risky driving behavior
among young truck drivers. However, Li et al. [13] did not
compare the improved model with the traditional model, and
its rationality needs further verification. In addition, adding
the risk perception factor can comprehensively consider the
influence of environmental and psychological factors on risky
driving behavior, enabling a more comprehensive analysis of
its impact mechanism on risky driving behavior, thereby
formulating more comprehensive intervention measures,
which can further enhance the level of traffic safety.

5. Discussion

5.1. Discussion of Analysis of Variance Results. Through the
analysis of variance of individual attribute factors, the
results show that there are no significant differences in

risky driving behavior among young truck drivers based
on gender, age, education level, monthly income, type of
vehicle driven, daily driving time, and annual driving
mileage (P >0.05). This is consistent with the findings of
Li et al. [13] on risky driving among truck drivers. The
results also indicate that there are significant differences
in risky driving behavior among different driving expe-
rience groups (P <0.05), with young truck drivers with
6-10years of driving experience being more prone to
risky driving behavior. There are significant differences in
traffic violation frequency (P <0.001) and traffic accident
experience (P <0.05) regarding risky driving behavior,
with young truck drivers who have higher frequencies of
traffic violations and traffic accident experiences being
more likely to engage in risky driving behavior. Similar
conclusions have been drawn in studies on other occu-
pational and nonoccupational driving groups [17-19].
Based on these research findings, relevant suggestions and
measures are proposed for young truck drivers. First, for
young truck drivers with shorter driving experience,
especially those with 6-10years of experience, it is rec-
ommended to enhance driving experience training to
improve their awareness of potential risks while driving
and their ability to handle them, thereby reducing the
likelihood of risky driving behavior. Second, for young
truck drivers with higher frequencies of traffic violations,
efforts should be made to educate them on traffic regu-
lations and safety awareness, guiding them to develop
good driving habits and reduce the occurrence of vio-
lations. Third, for young truck drivers with higher rates of
traffic accident experiences, psychological counseling
should be provided to help them cope with psychological
pressure and anxiety while driving, promoting mental
health and reducing the likelihood of risky driving be-
havior. Lastly, establishing effective supervision and
feedback mechanisms to monitor and assess the driving
behavior of young truck drivers in a timely manner,
identifying and correcting unsafe driving behaviors
promptly, can help improve their awareness and level of
driving safety.
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FIGURE 4: Path diagram of the SEM for the traditional TPB model.

5.2. Discussion of Analysis Results of the Model. Through the
path coefficient analysis of SEM, the results indicate sig-
nificant relationships between AB, SN, PBC, RP, BI, and B.

(1) AB (f=0.27, P<0.001) has a significant positive

has a significant positive impact on the intention of
truck drivers to engage in risky driving behavior,
while Li et al. [13] suggest that perceived behavioral
control has a significant positive impact on risky
driving behavior among truck drivers. This implies

effect on BI. This is consistent with the findings of
Hussain et al. [23] and Baikejuli et al. [24], suggesting
that the attitude towards risky driving behavior
among truck drivers has a significant positive impact
on their intention to engage in such behavior. This
implies that holding a negative attitude towards risky
driving behavior can reduce the likelihood of its
occurrence among truck drivers. Given that the
attitudes of young truck drivers are relatively easier
to shape and change, altering attitudes is considered
crucial. Therefore, widespread publicity and educa-
tion can be employed to enhance their awareness of
safe driving. Television, mobile phones, and other
online media platforms are effective channels for
disseminating information on safe driving. Through
vivid promotional videos and case analyses, young
truck drivers can be made acutely aware of the
consequences of risky driving, thereby fostering their
willingness to conscientiously adhere to traffic rules.

(2) SN (8=0.14, P<0.05) has a significant positive

impact on BI. This aligns with the findings of
Hussain et al. [23], indicating that subjective norms
have a significant positive influence on the intention
of truck drivers to engage in risky driving behavior.
This suggests that the opinions of family members,
friends, and social experts have a significant influ-
ence on young drivers. Therefore, encouraging these
social forces to actively intervene and guide young
drivers can help instill correct traffic safety concepts
and cultivate the habit of conscientiously obeying
traffic rules.

(3) PBC ($=0.34, P<0.001) has a significant positive

impact on Bl and ($=0.25, P <0.001) a significant
positive impact on B. This is consistent with some
research findings, such as those of Baikejuli et al.
[24], indicating that perceived behavioral control

that if young truck drivers perceive it as easy to
engage in risky driving behavior, they will be more
inclined or directly engage in such behavior.
Therefore, efforts should be made to intensify the
investigation and punishment of traffic violations,
as well as timely disclosure of penalty cases and
outcomes to convey a signal of rigorous law en-
forcement to society, thereby effectively deterring
illegal behavior and reducing the economic costs
and legal liabilities of traffic violations among
young truck drivers.

(4) RP has a significant negative impact on BI (8 =-0.25,

P <0.001) and a significant negative impact on B
(8=-0.19, P<0.001). This is similar to some re-
search conclusions, such as that of Yang et al. [25],
who found that risk perception has a negative impact
on the intention of novice drivers to engage in risky
driving, and Li et al. [13], found that risk perception
has a negative impact on the intention of truck
drivers to engage in risky driving. This suggests that
young truck drivers, due to their lack of driving
experience, may have weaker perception abilities
regarding risk during risky driving, making them
more prone to engaging in such behavior. Therefore,
immersive virtual reality (VR) and other advanced
technologies can be used for scenario-based, in-
teractive driving training and education, allowing
young drivers to personally experience various risk
scenarios during virtual driving and gain a more
intuitive understanding of potential dangers. This
can help them learn how to respond correctly, en-
hance their perception of the risks associated with
risky driving behavior, and make them more vigilant
and cautious during actual driving, thus effectively
reducing the occurrence of risky driving behavior
among young truck drivers.
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(5) BI has a significant positive impact on B (=0.49,
P <0.001), with BI being the most direct and im-
portant influencing factor on B. Similar conclusions
have been drawn in previous studies, such as those of
Hussain et al. [23], Baikejuli et al. [24], and Li et al.
[13], all of which found that intention has the
greatest direct impact on risky driving behavior
among truck drivers. This indicates that inhibiting
behavioral intention can directly reduce the likeli-
hood of risky driving behavior. Therefore, traffic
management departments should regularly in-
vestigate and identify individuals with higher in-
tentions of engaging in risky driving behavior and
provide targeted safety driving education to effec-
tively reduce the likelihood of risky driving behavior.

These suggestions can provide decision-making support
for subsequent interventions targeting risky driving be-
havior among young truck drivers, which is of great sig-
nificance for regulating their safe driving behavior and
improving road traffic safety levels.

6. Conclusion

The current research status on risky driving behavior among
truck drivers has been analyzed. An overview of the TPB and
its improved model’s application in studying risky driving
behavior is provided, along with a discussion on the advan-
tages of integrating risk perception factors with TPB to en-
hance explanatory power. This provides a new perspective for
studying risky driving behaviors among young truck drivers.

The direct impact of risk perception on behavior has
been innovatively considered by establishing the improved
TPB model and conducting a study on risky driving behavior
among young truck drivers. A survey questionnaire in-
corporating risk perception factors suitable for the young
truck driver population was designed, and valid data from
330 young truck drivers in China were collected. The im-
proved TPB model was validated through SEM, and the
influence mechanisms of various factors on risky driving
behavior among young truck drivers were quantitatively
analyzed. The results show that the improved TPB model can
effectively explain risky driving behavior among young truck
drivers, with an explanatory power of 52% for behavior
variance. Specifically, AB, SN, PBC, and RP significantly
influence BI, with effect values of 0.27, 0.14, 0.34, and —0.25,
respectively. BI, PBC, and RP significantly influence B with
effect values of 0.49, 0.25, and —0.19, respectively. Fur-
thermore, a comparison with the traditional TPB model
reveals that the improved TPB model performs better in
terms of fit and explanatory power. Fit indices CMIN/DF,
RMSEA, and AGFI were optimized by 16%, 18%, and 1.5%,
respectively, and there was a 5% increase in explanatory
power for behavior variance, validating the rationality and
effectiveness of the improved TPB model. Finally, based on
the analysis results, relevant suggestions and measures are
proposed. This is of significant importance for developing
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targeted intervention measures for the young truck driver
population to reduce the occurrence of risky driving be-
havior and improve road traffic safety levels.

The survey targeted young truck drivers in certain re-
gions of China, with relatively limited scope and sample size,
which limits the persuasiveness of the research findings.
Therefore, future research should aim to conduct more
comprehensive surveys on young truck drivers in other
regions. In addition, other important influencing factors
such as driving experience and safety incentives should be
considered comprehensively to further explain risky driving
behavior among young truck drivers.
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