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Want a worry-free trip? Seeking the optimal travel
paradigm in view of public-to-individual risk
perception
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In travel decision-making, searching for the optimal travel paradigm is crucial, with risk

perception playing a pivotal role. Despite its significance, a comprehensive understanding of

risk perception from various sources within the travel population and its implications for

choosing the best travel mode remains limited in existing literature. This paper offers a

twofold contribution to the field to address this gap. Firstly, it presents an innovative fra-

mework for identifying and quantifying risk perceptions based on travel notes employing text

mining. This framework effectively captures measures of risk perception at both the public

and individual levels for specific destinations. Secondly, it statistically explores the relation-

ship between travel paradigms and the proposed risk perceptions. Using Xinjiang province as

a case study, empirical analysis reveals several key findings: (1) Individual travel profiles are

associated with various factors that significantly influence risk perceptions, with factors such

as travel expenditure and duration exerting the greatest impact, this coincides with the

common perception; (2) Other factors, including traveling in non-autumn seasons, traveling

with friends, going by cruising, cycling, self-driving, staying at three-star hotels on the

northern and central area of Xinjiang, and following linear and circular routes, substantially

reduce tourism risk perception; and (3) Discernible differences in travel plans between males

and females emerge when their risk perceptions are low. Incorporating risk perception into

travel planning provides valuable insights for destination tourism risk management and local

economic promotion and holds significant implications for enabling tourists to form rational

risk assessments and adopt comfortable travel styles.
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Introduction

Travel has progressively evolved into a pivotal recreational
pursuit within individuals’ daily lives. Presently, with the
emergence of novel technologies and the overwhelming

abundance of extensive data, travelers are faced with the onerous
task of expending significant amounts of time and energy to
devise travel itineraries and make sound decisions about their
desired destinations through social media (Wang et al., 2019;
Zeng & Gerritsen, 2014; Wu et al., 2018). Consequently, deter-
mining the optimal and efficient traveling paradigm that ensures
comfort and rationality has emerged as a pressing problem.

Numerous travel recommendation systems have been devel-
oped, utilizing advanced technologies to suggest destinations
based on travelers’ behaviors and preferences. For example, the
development and application of post-recommendation filters can
enhance the accuracy of hotel guest rating predictions (Veloso
et al., 2019). Also, with the latest advancements in processing big
online data, consumer-generated information can be auto-
matically analyzed by artificial intelligence. As an aspect of smart
tourism, some studies applied sentiment analysis to examine
tourists’ online reviews, revealing their perceptions of services
across different categories, particularly the reasons for their dis-
satisfaction with transportation services (Kim et al., 2017).
However, merely a limited number of studies have addressed the
subjective uncertainties and concerns (risk perception) associated
with individual tourist’s travel decisions.

Risk perception is a person’s subjective assessment of potential
risks, influenced by various psychological and emotional factors
(Siegrist & Árvai, 2020). While much of the research on tourism
risk perception has focused on objective risks such as safety or
health concerns, few studies have addressed the subjective
uncertainties or emotional factors that influence individual travel
decisions. The challenge in incorporating risk perception into
travel paradigms lies in two key areas: how to measure risk
perception accurately (Wilson et al., 2019) and how to connect it
to individual travel paradigms. Firstly, current methods for
measuring tourism-related risks, such as psychometric scales or
surveys, tend to focus on generalized risk factors, often over-
looking the nuanced, individual differences in risk perception
(Wolff et al., 2019). Furthermore, most studies have relied on
one-dimensional models, which fail to capture the complexity of
how various types of risks (e.g., physical, financial, emotional)
interact within an individual’s decision-making process. While
textual data from social media, reviews, and online discussions
offer a potential solution, these have mostly been used to assess
objective risk types or other risk evaluations (Zhu et al., 2022; Li
et al., 2020; Wei et al., 2019; Wei et al.,2023), with limited
attention to individual subjective perceptions.

Simultaneously, another research gap currently exists in
understanding the relationship between travel paradigms and
individual risk perception. Scholars specializing in travel behavior
analysis have notably underutilized statistical techniques for the
systematic evaluation of the complex interplay between them.
Thus, future research endeavors must prioritize quantitative
modeling, particularly regression analysis, to investigate the
nuanced relationship between travel paradigms and risk percep-
tion with a heightened level of empirical rigor and sophistication.
Therefore, developing a comprehensive method that captures the
multidimensional nature of tourism risk perception, ranging from
public to individual perspectives, is crucial to gaining insight into
the intricate relationships between risk perception and travel
paradigms.

Our study addresses these gaps by proposing a novel metho-
dology to quantify risk perception, using textual data from online
platforms. By doing so, we aim to provide a more comprehensive
measure of tourism risk perception that accounts for both public

and personal dimensions, moving beyond the one-dimensional
approaches of previous research. This approach enables a clearer
understanding of how individuals assess risk and how these
perceptions influence travel decisions.

The main objectives of this paper are:

● To develop a methodology for constructing risk perception
metrics from textual data at both public and individual
levels. Specifically, we explore how individual risk percep-
tions can be quantified and how they reflect a traveler’s
heterogeneity in evaluating different types of risks.

● To investigate the relationship between individual risk
perceptions and actual travel paradigms. We aim to
determine how risk perceptions influence travel decisions
such as travel season and mode of transport.

● To design rational travel recommendations that help
minimize perceived risks while ensuring comfort and
satisfaction. We aim to propose travel suggestions tailored
to individuals with high or low risk perceptions, based on
their specific travel profiles.

We apply this methodology to the context of travel paradigm
recommendations in Xinjiang Province, China, and find several
notable patterns: (1) Travel duration and expenditure are key
factors influencing perceived risk. Shorter trips with higher
expenditure tend to be associated with lower perceived risk. (2)
The autumn season is perceived as the riskiest for travel, influ-
encing travelers’ preferences. (3) Travelers with lower risk per-
ceptions prefer more engaging and autonomous modes of
transport, such as cycling, self-driving, and cruising, while
avoiding traditional public transport. (4) Social factors, such as
traveling with friends, are also important in mitigating perceived
risks. (5) Gender differences significantly affect travel choices,
with variations in preferred seasons, travel companions, and
transportation modes.

Literature review
Research on tourism’s risk perceptions. In tourism, Perceived
Risk Theory (Lepp & Gibson, 2003) has been extensively applied
to understand how individuals evaluate risks before making travel
decisions. This theory posits that individuals assess risks through
objective threats (e.g., safety concerns, political instability) and
subjective feelings (e.g., anxiety, prior experiences). For instance,
earlier research has demonstrated that perceived risks influence
destination selection (Sönmez & Graefe, 1998) and significantly
impact the travel experience. Scholars have further delved into
various dimensions of risk perception, employing psychometric
models (Yang, 2024) and more complex socio-psychological
frameworks (Siegrist & Árvai, 2020). These studies underscore
that risk perception is a multifaceted concept intertwined with
emotional states, such as uncertainty aversion, fear, and worry
(Yang & Nair, 2014). From another angle, researchers have
proposed that risk perception can serve as a quantitative proxy to
evaluate safety and security in tourism (Cui et al., 2016; Williams
& Baláž, 2013). A variety of methodologies have been utilized to
measure risk perception. Traditional methods include surveys
and questionnaires, while textual data mining from online
reviews and social media platforms (Zhu et al., 2022) has emerged
as a novel approach to capturing risk. Despite these advance-
ments, most existing studies fail to integrate subjective risk
assessments with objective risk metrics, limiting their ability to
address individual differences.

Additionally, tools explicitly designed to measure personalized
risk perceptions—vital for understanding individual travel
preferences—remain underdeveloped. Existing theories and
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methodologies illustrate the complexity of risk perception in
tourism, which encompasses both cognitive evaluations of
external risks and emotional reactions to uncertainty. Addressing
these intertwined dimensions is crucial for designing travel
recommendations that account for the rational and emotional
aspects of traveler decision-making.

Research on travel paradigm selection. The concept of travel
paradigms encompasses the range of strategies and preferences
travelers adopt when planning and experiencing their journeys.
This includes decisions regarding destination choice, transpor-
tation modes, and itinerary planning. Various proposals have
been put forth regarding travel paradigms. With the advent of
cutting-edge technologies, there are more ways to give sugges-
tions to tourists based on their travel patterns (Buhalis & Law,
2008; Hunecke et al., 2001; Le-Klaehn & Hall, 2015), including (1)
considering travel personality categories to classify users and
providing more accurate recommendations without the need for
complex diagnostic questions (Gretzel et al., 2004); (2) predicting
the tailored travel destinations based on tourists’ travel back-
grounds and histories (Sun et al., 2018; Sohrabi et al., 2020; Lv &
Wang, 2020); and (3) incorporating user interests, visit durations
and visit sequence in the recommendation task to suggest per-
sonalized itineraries (Shen et al., 2016; Chen et al., 2020). How-
ever, in the context of interest-based recommendation systems, an
important aspect that significantly impacts people’s feelings and
overall travel experience—risk—tends to be disregarded. Psy-
chological studies indicate that social and emotional concerns are
integral to travelers’ pre-trip and post-trip evaluations (Xie et al.,
2020). Scholars like Ritchie and Jiang (2019) emphasize that
greater attention should be given to risk factors, as they can
overshadow enjoyment and satisfaction during trips. Incorpor-
ating risk considerations into travel paradigms would not only
enhance their practical utility but also provide a more compre-
hensive framework for understanding travel behavior.

Research on risk perceptions as a determinant of traveling
decisions and destination choice. Therefore, understanding the
relationship between risk perception and travel decisions is vital
for improving the efficacy of travel recommendation systems (Chi
& Qu, 2008). Studies have consistently highlighted that perceived
risks directly influence destination choice and travel behavior.
According to Karl (2018), tourists’ perceptions of risks associated
with a destination significantly impact their willingness to visit.
Several researchers have examined the effects of various types of
risks—such as physical, financial, or emotional—on travelers’
destination choices (Seyidov & Adomaitienė, 2016). For instance,
Karl et al. (2020) used an integrated risk typology and survey data
to explore how past experiences and perceived risks interact with
specific destination attributes during decision-making. These
findings align with broader theories, such as the multistage travel
decision-making model, which identifies destination choice as a
critical sub-decision influenced by risk and uncertainty (Quintal
et al., 2010; Elias & Shiftan, 2012; Qin et al., 2023; Xie et al., 2020).
Additionally, intuitive risk judgments—described as rapid, sub-
jective assessments of risk (Slovic, 1987)—further shape tourists’
preferences and decisions. Early works by Roehl and Fesenmaier
(1992) revealed that tourists base their decisions not solely on
rational evaluations but also on their perceptions and emotional
responses to potential risks. Despite the growing body of research,
most studies focus on either individual risk perception or travel
paradigms in isolation. Limited efforts have been made to inte-
grate these two dimensions and explore how their interaction
influences overall travel decisions in a quantitative way.

Drawing on the insights from the literature, the subsequent
sections will detail the research methodology, analysis process,
and findings.

Methodology
In this section, we briefly introduce our proposed methodology
for evaluating tourists’ risk perception, encompassing both the
public and individual levels. We systematically employ relevant
data sources to implement this method. Additionally, we offer a
succinct elucidation of how this approach can be used to char-
acterize individual travel profiles effectively by integrating indi-
vidual risk perceptions with travel paradigms. Subsequently,
through rigorous statistical analysis, we can derive valuable
insights and recommendations for tourists. To visually illustrate
our approach, Fig. 1 portrays the proposed methodology,
demonstrating the depiction of public-to-individual risk percep-
tion, the relationship between travel paradigms, and the risk
perception framework (tourism paradigm recommendation
model).

Data. For our research, we rely primarily on two distinct data
sources obtained from Ctrip (https://www.ctrip.com). It is now
officially known as Trip.com Group, and is one of the largest
online travel agencies (OTAs) in the world, headquartered in
China. It provides a wide range of travel-related services,
including booking flights, hotels, trains, and vacation packages.
For this study, Ctrip is used as a data source due to its extensive
database of user-generated content, such as travel notes, reviews,
and ratings, which provide valuable insights into tourists’ per-
ceptions and behaviors.

The first data facet comprises tourism questions and answers
(Q&A) specifically related to Xinjiang province, while the second
encompasses travel notes along with various travel paradigms of
the tourists, revealing their individual preferences. To ensure
comprehensive coverage of relevant topics, we manually annotate
a total of 14,320 Q&A text entries related to Xinjiang,
encompassing a wide range of issues such as distance, route
planning, physical exertion, weather conditions, and other
concerns. The second data facet we utilize is the collection of
3035 travel notes, which serves as a primary source for our
analysis. Each travel note documents the travelers’ experiences
and emotions. Finally, we employ a dictionary method combined
with a sentiment approach to comprehensively analyze our data.
The details of the method will be recapitulated in the following
subsections.

In addition to these two data facets, we collect supplementary
information about the travelers who post the travel notes on the
website, including the season of travel, trip duration, travel
expenditure, travel companions, and travel way (chosen mode of
transportation). These details are essential in constructing a
foundational profile of each traveler, also known as one person’s
travel paradigm, as illustrated in Fig. 2.

Moreover, we gather the timestamps of when the notes are
posted, and some authors even provide details of the hotels they
stayed in, the activities they engaged in, and the routes they took
during their trip. This information is invaluable in furnishing us
with a reference for suggesting potential tour routes later.
Subsequently, we present a specific example of a travel note
from a visitor who stayed in Xinjiang. This brief excerpt vividly
portrays the breathtaking scenery in the Altay Region:

“Amid a warm July, under the radiant sunshine and gentle
breeze, the land of Xinjiang comes alive with vibrant colors
and breathtaking landscapes. It is a place where nature’s
gifts, including blooming flowers, majestic mountains, and
flowing waters, harmonize with the tranquility of
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picturesque villages. This serene oasis offers a timeless escape,
where one can immerse themselves in the symphony of
nature’s “song” and be captivated by its enchanting “smile.”
Every corner of this land reveals hidden treasures, inviting
exploration and discovery.”

Undoubtedly, the textual content within a travel note
encapsulates a myriad of insights and reflections on diverse
aspects of the traveler’s experience. Through meticulous analysis
of the travel notes, we can discern sentences containing crucial
information about risk perception. These may encompass words

associated with uncertainty, safety concerns, potential hazards, or
emotions evoked by perceived risks.

The framework for measuring risk perception. The formulated
framework for gauging risk perception comprises two integral
components: the establishment of Public Risk Perception (PRP)
through keyword-based sentence weighting, followed by the
subsequent development of Individual Risk Perception (IRP)
through the application of sentiment analysis to assess emotional
value, public risk perception provides a basis for individual risk

Fig. 1 The structure of the tourism paradigm recommendation model.

Fig. 2 Basic profile construction of travelers.
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perception, including the types of risks and the weights of the
corresponding risks. As Fig. 3 denotes, the establishment of
Public-to-Individual Risk Perception involves a systematic two-
step process:

Step 1: Extract the keywords from the Q&A data to form a risk
data dictionary

In the initial phase, we utilize Question and Answer (Q&A)
data to annotate individual concerns or worries expressed by the
public. Each query is classified into specific risk categories. For
instance, the question, “What are the accommodation conditions?
Is the service attentive?” can be distilled to the keyword
“accommodation,” thereby identifying the associated accommo-
dation risk. This keyword is subsequently added to a risk
dictionary. To ensure the accuracy of risk classification and the
corresponding dictionary, we convene an expert group for
multiple rounds of annotation and validation. This collaborative
effort culminated in the identification of various risk types and
their associated terminologies, drawing also on existing literature
that describes tourism risk categories.

Step 2: Identify the sentences in the travel notes according to
the obtained dictionary, to quantify Public Risk Perception and
Individual Risk Perception

In the second phase, we employ the established risk dictionary
to conduct keyword searches within travel note data, extracting
sentences that describe relevant risk types. The weight of these
sentences is then utilized to compute PRP. To assess the
emotional value of the identified sentences, we apply five distinct
sentiment analysis methodologies. By averaging the results and
applying inversion techniques, we quantify the perceived risk
levels for each individual. Furthermore, the previously calculated
PRP served as a weighting factor in deriving IRP, which integrates
23 distinct risk types.

Public risk perception mainly responds to the initial percep-
tions of the large population about the uncertainty of several
types of risks, while individual risk perception reflects the
individual’s overall cognition of the combined types of risks,
with heterogeneity and unique feelings. The specific construction
process will be elaborated in the section “The framework for
building the risk perception metrics”.

The correlation between risk perception and travel modes.
Furthermore, we propose an innovative approach aimed at
investigating the relationship between individual risk perception

and travel paradigms, utilizing Beta Regression techniques. The
exploration of the correlation between risk perception and travel
modes mainly contains two steps:

Step 1: Use Beta regression to rank travel paradigms by their
effectiveness in reducing perceived risk

For the first step, we employ Beta regression to determine
which mode of transportation is most effective in reducing
perceived risk. This analysis incorporates key influencing factors
such as travel season, trip duration, travel companions, and
expenditure, allowing us to rank travel modes based on their
impact on IRP. Additionally, the regression coefficients provide
insights into which factors travelers prioritize when making
decisions. To enhance the robustness of our findings, we validate
the results using a Random Forest model (Appendix 1), ensuring
consistency in identifying key determinants of risk perception.

Step 2: Identify travel preferences of low-IRP group people
In the second step, we extend our analysis beyond regression

by conducting a clustering-based investigation of travel-related
characteristics that cannot be directly included in the model. By
ranking individuals based on their IRP scores, we identify those
with the lowest perceived risk and analyze their travel preferences,
including accommodation choices, preferred tourist attractions,
and common travel routes. Furthermore, we explore variations in
risk perception across different risk types among individuals with
extreme IRP—both high and low. This deeper understanding
provides valuable insights for policymakers and tourism man-
agers, enabling them to design travel recommendations that align
with varying levels of risk perception while optimizing overall
travel experiences. The specific exploration and discussion
process will be described in detail in section. “Investigating the
relationship between individual risk perception and travel
paradigm”.

The framework for building the risk perception metrics
Before delving into the methodology for measuring public risk
perception, it is crucial to distinguish it from individual risk
perception. Public risk perception encompasses the collective
awareness and apprehension of the general populace regarding
various categories of risks, including those related to climate,
health, or safety. This aggregated viewpoint often mirrors societal
attitudes, media impact, and cultural influences across a diverse
population (Yang, 2024; Janzik et al., 2024). Conversely, indivi-
dual risk perception relates to the personal evaluation by a

Fig. 3 Methodological framework for building public-to-individual risk perception.
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specific individual of the probability and implications of specific
risks, which is influenced by personal experiences, beliefs, and
cognitive biases.

Risk perception is thought to be a subjective feeling and
assessment of uncertainty that is motivated by variations in dif-
ferent people’s psychological, as Table 1 depicts, in the past,
people used interviews, questionnaires, and some psychological
analysis methods to measure people’s risk perception (Siegrist
et al., 2021; Árvai et al.,2023), but these methods can be unprecise
because only few individual samples are selected, and people only
get the information through some hearsay experiences. Thus, in
the novel metrics of tourism risk perception, we use text mining
methods to combine the intuitive results of people who have been
there with the uncertainty of the consequences that have hap-
pened to the individuals. Results for different types of risks as a
definite synthesis of the uncertainty of the consequences that have
already occurred in an individual, and the collected samples of
individuals are tourists who have been to the final destination, so
the metric is accurate, and also the travel experience of these
people who have been there can be used to give the travel para-
digm in the lowest case of risk perception, to provide reference for
those who have not been there in the future.

At the same time, we believe that there are two stages of tra-
veling, before or after travel (Fig. 4), pre-travel people have a lot
of uncertainties about the destination but also want to know some
information in advance, so people will go to Q&A sites and ask
questions, such as “What is the most appropriate mode of
transportation for traveling from Xi’an to Xinjiang?”. and “Will
Urumqi be very uncomfortable to travel in summer tempera-
ture?”, waiting for some answers, and these questions reflect the
uncertainty of the people who have not yet traveled, and each
question and answer can be judged as a certain type of risk
according to the reference of existing literature and manual
annotation methods. According to existing travel note data, the
size of each risk type is quantified (public risk perception). Also,
combined with the weight for each risk type, the whole risk
perception for each individual is quantified, which constructs a
measure of individual risk perception, with individual hetero-
geneity. This measure is constructed based on the textual travel
notes of the people who have already been there, so the quanti-
fication comes out to be more accurate. It can provide a reference
for people who have not traveled before to find the optimal travel
paradigm and reduce the perception of risk.

The construction of public risk perception. The development of
a framework for measuring public risk perception entails the

categorization of various risk types identified within the travel Q&A
data. This process necessitates domain knowledge and expertise to
accurately align the Q&A data with specific risk categories. The risk
types delineated in prior literature, encompass factors such as route
selection risk, traffic risk, expense risk, equipment risk, seasonal risk,
entry risk, time risk (when to go), climate risk, health risk,
accommodation risk, security risk, openness risk, agency risk, food
(dining) risk, clothing risk, shopping risk, tradition risk, covid risk,
and communication risk, constitute the foundational elements for
this categorization (Feng et al., 2022).

By grouping the identified risk types, we can create a
comprehensive and meaningful classification framework for
public risk perception. This framework not only incorporates
the established risk types from previous literature but also
uncovers new risk types that emerge from the analysis, such as
snow risk, ticket risk, queuing risk, and nation risk. While manual
annotation can be time-consuming and labor-intensive, it ensures
the accuracy and quality of the results, especially when domain
knowledge is essential (Bao & Datta, 2014; Wei et al., 2019).
Automatic annotation methods, although useful in some cases,
may not be as suitable when precise categorization and under-
standing of specific risk types are required (Boella et al.,2014),
that is why in our study, we also employ manual annotation to
ensure the accuracy of our risk type classification.

The detailed steps for identifying potential risks and con-
structing a public risk perception metric are as follows, as Fig. 5
describes:

Step 1. Convene a discussion group comprising several experts
and annotate the Q&A data on a line-by-line basis. Each Q&A
entry is categorized into a specific risk type based on its keywords,
followed by the execution of a final KAPPA test after the
completion of categorization by all participants (Li et al., 2020).

Step 2. Specific keywords are allocated to each of the manually
annotated risk types, thereby creating an initial risk dictionary.
Subsequently, these keywords are incorporated into all the travel
notes, enabling the extraction of sentences encompassing those
keywords.

Step 3. Sentences containing a specific keyword representing a
particular risk type are extracted, as outlined by Huang & Li
(2011). In the process of constructing the final keyword
dictionary, it is essential to iteratively determine the optimal
number of keywords to include in the lexicon. This determination
is achieved through the evaluation of two metrics: recall and
precision, as highlighted in the study by Feng et al. (2022). It was
observed that after eight rounds of iteration, both metrics
consistently surpassed 90% stability, as indicated in Fig. 6. This

Table 1 The explanation of risk perception.

Definition Traditional measure Novel measure

General risk
perception

Different people’s
subjective judgment or
appraisal of risk

Questionnaires, interviews, psychometrics, and
other qualitative methods
(e.g., collecting people’s views on certain risk events,
having them fill out questionnaires based on subjective
perceptions, or scoring are largely psychological
interpretations. These methods tend to be highly
subjective and prone to inaccuracies due to variations in
individual perceptions.)

Data science methods, such as machine
learning, natural language processing, and
statistical techniques like linear regression, can
also predict risk.
(e.g., the semantic vector approach, compared to
standard methods in risk perception studies,
involves regressing risk source ratings on nine
correlation dimensions.)

Tourism risk
perception

Different tourist’s
recognition and evaluation
of risk during traveling

People’s a priori knowledge from hearsay or
preconceptions about a destination (e.g., asking
travelers for opinions on certain risk events is often
inaccurate. Variations in expression and the listener’s
ability to grasp information mean risk size is judged
solely on others’ descriptions, ignoring population
heterogeneity.)

Text mining approaches based on website data
(e.g., constructing a risk perception measure from
travel notes of past visitors, synthesizing public
perceptions and individual feelings about specific
risks, and providing an objective and efficient
reference for future travelers can offer precise
insights.)
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outcome signifies that the final constructed dictionaries success-
fully passed the consistency test, leading to the preservation of the
identified set of dictionaries. Count indirectly reflects the
significance attributed to each specific risk type.

Table 2 illustrates the identified risk types and detailed
information, including descriptions and examples (both in
Q&A data and travel notes data). Additionally, it includes
correlated examples that serve to enrich our comprehension of
the specialized process involved in identifying various types of
risks. These concrete examples play a pivotal role in elucidating
the nuances of each risk type, thereby contributing to a
comprehensive understanding of the risk identification process.
What can be seen is that the types of risks involved in the Q&A
before traveling are people’s subjective perceptions because they
did not go and had a lot of doubts and uncertainties about the
place, whereas after arriving and completing the travel notes, they
have their judgments about the different types of risks, and so the
risk perceptions that are formed can be either positive (good
comments, low risk perception) or negative (bad comments,
high-risk perception) depending on the people’s real, intuitive
assessment of how they feel about the risks when they are
traveling.

Step 4. Following this identification process, data cleaning is
conducted to eliminate any irrelevant sentences that may not
contribute meaningful insights into risk perception. This crucial
step ensures that the subsequent analysis is centered on pertinent
and informative data, thus enhancing the overall quality of the
findings.

Step 5. The public risk perception measure is defined as the
ratio of the number of sentences about a specific type of risk to
the total number of sentences referencing the 23 types of risks.
This ratio, represented by Eq. (1), signifies the public perception
of varying risk magnitudes and is denoted as the “Public Risk
Perception” for risk type j. Sent_numberj refers to the number of
sentences correlated with risk type j. There are 23 risk types in
total, and the denominator represents the sum of the sentences
containing all 23 risk types. PRPj represents the size of the public
risk perception for a specific risk type and is calculated from a
holistic perspective since the included sentences are derived from
all visitors.

PRPj ¼
sent numberj

∑23
t¼1 sent numbert

ð1Þ

Here, the extraction results in 73,312 sentences containing the
keyword and representing this specific risk type. This calculation
offers a quantitative measure of the frequency with which a

particular risk type is mentioned in the travel notes, relative to the
total number of sentences representing all risk types, as derived
from a dictionary method. This outcome assists in determining
the relative significance or attention given to that specific risk type
within the broader public perception of risks in the context of
travel.

Given that the data is extracted from universal group Q&A
data, this scale serves as a measure of the magnitude of public risk
perception. As depicted in Table 3, the findings indicate that
individuals exhibit the highest degree of concern for seasonal risk
(16.7%), climate risk (10.1%), expense risk (8.0%), accommoda-
tion risk (7.8%), and risk associated with determining the timing
of travel (7.6%). It is noteworthy that relatively few sentences
contain information related to epidemic control, despite the
substantial impact of the recent COVID-19 pandemic on the
tourism industry. This can be attributed to the fact that
individuals are permitted to travel when the pandemic situation
is not severe. When examining travel notes, individuals are more
inclined to depict aspects related to the travel destination rather
than focusing on content associated with epidemic control.
Therefore, individuals tend to prioritize their experiences during
the travel process, resulting in minimal emphasis on risks such as
covid (0.7%) and openness (1.9%) within this context.

Indeed, the Public Risk Perception (PRP) measure functions as
an indicator of the collective risk perception held by a
homogeneous group, encapsulating their shared concerns when
evaluating risks. This measure can be effectively utilized as an
objective weight in the subsequent development of the individual
risk perception metric, providing valuable insights into the overall
risk perception landscape within the specified group or context.

The construction of individual risk perception. To estimate
individual risk perception (IRP), we consider the inherent
variability among individuals and their diverse perceptions of
travel experiences. This approach captures nuanced perspectives
on travel-related risks, enriching our understanding of risk per-
ception in this context.

In this study, five sentiment analysis techniques—Long
Short-Term Memory (LSTM), Bidirectional Long Short-Term
Memory (BILSTM), Convolutional Neural Networks (CNN),
Gated Recurrent Unit (GRU), and Bag-of-Words (BOW)—are
employed, as they have been widely applied in previous studies
(Feng et al., 2022). These models calculate sentiment prob-
abilities for perceived risks in travel notes. By training the
models on a corpus of sentences extracted in the section “Data”,
the emotional polarity of text is automatically identified, with

Fig. 4 The differences between the two stages.
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confidence scores provided for each sentiment (Han et al., 2022;
Feng et al., 2022). This methodology supports the analysis of
travelers’ behavior patterns and prominent topics in risk
management.

The IRP calculation process proceeds as follows:

1. Sentence-Level Sentiment Scores: For each sentence,
sentiment scores are obtained using the five models.

2. Averaging Across Models: Sentiment scores for each
sentence are averaged across the five models to ensure
robustness.

3. Averaging Across Sentences: The overall sentiment score
for an individual is calculated by averaging the scores of
all sentences they mentioned regarding a specific
risk type.

4. Weighting by Perceived Risk Probability (PRP): The
averaged sentiment score is multiplied by the PRP weight
assigned to each risk type (e.g., climate risk, safety risk).

5. Aggregating Across Risk Types: Summing the weighted
scores across all risk types provides a total risk perception
score for each individual.

Since higher sentiment scores reflect lower perceived risk, the
aggregated IRP value is adjusted by subtracting it from 1 to
ensure that higher values indicate higher levels of risk perception.

IRPi ¼ 1� ∑
23

j¼1
Sentiment scoreji*PRPj ð2Þ

In Eq. (2), Sentiment_scoreji denotes the emotional score for risk j
(j= 1,..23) derived through deep learning methods for one

Fig. 5 The process for establishing public risk perception (PRP).
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individual i, reflecting the satisfaction level. Here, PRPj represents
the public risk perception within the population, serving as a
weight for the specific risk type j. By aggregating the weighted
sentiment scores, we can derive the overall individual risk
perception for tourist j. This composite emotion encompasses
potential risk events that may occur during a trip, considering
each of the 23 risk types for different individuals.

After obtaining the individual risk perception of each tourist, a
histogram of the IRP distribution is plotted, as depicted in Fig. 7.
Most of the IRP values fall between 0 and 0.25 (1408 people),
followed by 0.25–0.5 (1090 people) and 0.5–0.75 (223 people),
with 189 people having IRP values between −0.25 and 0. As
illustrated in Fig. 7, most of the individual risk perceptions are
distributed above 0, indicating an overall positive sentiment
regarding traveling to the area. However, their distribution still
exhibits significant variation due to individual heterogeneity.

Investigating the relationship between individual risk
perception and travel paradigm
The application of the IRP metric enables us to delve into the
correlation between tourists’ risk perception and their choice of
travel paradigms, offering profound insights into how risk per-
ception influences their travel preferences.

What is the most risk-minimized paradigm of travel? In pursuit
of formulating a more comfortable travel plan conducive to risk
mitigation, the selection of an appropriate travel paradigm
emerges as of paramount importance. We endeavor to ascertain
the particular pattern of travel associated with the lowest risk
perception. This endeavor equips us to furnish well-substantiated
recommendations to tourists, thereby facilitating informed
decision-making.

Model formulation and likelihood ratio test comparison. The
objective of this study revolves around conducting a compre-
hensive exploration of the intricate interplay among five pivotal
factors that represent basic travel paradigms: travel duration
(measured in days), travel expenditure, the season of travel, the
composition of travel companions, and travel mode (the choice of
transportation). This analysis aims to ascertain the magnitude of
their influence on individual risk perception, as quantified by the
dependent variable, Individual Risk Perception (IRP), delineated
in section “The construction of individual risk perception”.
Although the initial IRP values are calculated for over 3000
participants, many don’t specify their travel characteristics when
submitting their travel notes. For this analysis, we select only the
samples that included information about their choice of travel.
However, we compute the IRP for all tourists, which continues to

play a significant role when providing specific characteristics such
as hotel selection, attraction choice, and itinerary planning. To
provide a clear overview of the dataset used for this analysis,
Table 4 summarizes the descriptive statistics of the samples. It
categorizes the data by year, presenting the distribution and
proportions of key variables such as travel season, mode of
transportation, and composition of travel companions.

The IRP variable encapsulates the collective perceived magni-
tude of each individual’s comprehensive evaluation of the 23
distinct destination risk types, accounting for variations in
individual behaviors and idiosyncrasies. The majority of indivi-
dual risk perceptions exhibit a magnitude greater than 0,
necessitating their normalization to a range between (0,1). While
linear regression is commonly employed in various applications,
it proves unsuitable for scenarios where the response variable is
constrained to the interval (0,1), as it may yield fitted values that
exceed the lower and upper boundaries of the variable of interest.
Therefore, we aim to employ a specialized regression model
designed for situations in which the dependent variable (y), in our
case, IRP is continuously measured within the standard unit
interval, i.e., 0 < y < 1. The proposed model is predicated on the
assumption that the response follows a beta distribution,
addressing the unique characteristics of such data, which
underpins our adoption of beta regression. Beta regression is
particularly suited for analyzing our dependent variable, which is
bounded between 0 and 1, making it ideal for capturing the
distributional properties of individual risk perception.

Afterward, through this approach, we can ascertain which
specific paradigm category exhibits the highest correlation with
individual risk perception. This helps people make rational
choices of travel modes, reducing risk perception and uncertainty.
The building model process is as follows: Firstly, for regression
analysis, it is typical to model the mean of the response. It is also
typical to define the model so that it contains a precision (or
dispersion) parameter, which they are defined as E(y)= μ and
varðyÞ ¼ VðμÞ

1þφ, where V (µ)= µ(1− µ) so that µ is the mean of the
response variable and φ can be interpreted as a precision
parameter(Cribari-Neto & Zeileis, 2010), for fixed µ, the larger
the value of φ, the smaller the variance of y. Then, let IRP1, …,
IRPi be independent random variables, where each IRPi, i= 1, …,
n, follows the density in beta distribution with mean µi and
unknown precision φ. The model is obtained by assuming that
the mean of IRPi can be written as:

gðμiÞ ¼ β1 � Expenditurei þ β2 � Durationi þ β3 � Seasoni þ β4 � Travel wayi
þ β5 � Companionsi þ εi

ð3Þ

Finally, g(·) is a strictly monotonic and twice differentiable link
function that maps (0,1) into R. Considering the interaction
nature between travel expenditure and travel duration, i.e., the
longer the number of travel days, the more the travel expenditure
is likely to be, we include a crossover term Expenditure ×
Duration to manifest and investigate the interaction effect
between them. Here we conclude model 2, model 3, model 4,
model 5, and model 6. Considering the other cross-items:
expenditure × duration, expenditure × season, expenditure × com-
panion, duration × season, and duration × companion. Therefore,
we summarize them into the following models and list the
coefficients and the reason for choosing these cross-items in
Appendix 2. However, after testing, according to the p-values, it is
obtained that these two cross terms are not significant, so we did
not consider three or even more cross terms because the result is
still meaningless according to two useless cross terms. And the

Fig. 6 Model accuracy evaluation. The solid line represents precision, and
the broken line indicates recall; the figure shows the trend of both with the
increase of keyword iteration rounds.
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Table 2 Specific risk type and detailed information.

Risk type Description and example in Q&A Specific example in travel notes

Traffic risk Concerns about the optimal mode of transportation, for
instance: Should one choose to take plane or take a train?

“The other three of us took the airport bus to Urumqi Dibaba
Airport in the afternoon and returned to Nanjing on a 5 pm
flight, ending a total of 18 days in Xinjiang.”

Seasonal risk Concerns regarding the most favorable time to visit Xinjiang, for
instance: When is the optimal season to travel to Xinjiang?

“In summer, Kurdin is surrounded by green hills, winding rapids,
mountains and rivers, ditches and mountains, grass as green
under the morning mist, grasslands and forests, deep gorges
and wide valleys, the beauty of the landscape is unforgettable.”

Entry risk Concerns regarding entry procedures for Xinjiang, for instance:
“Do I need to obtain a frontier pass for entry?”

“Today we found the entrance to Wichai Beach and canceled
the trip to Karamay—Urho District.”

Time risk Concerns regarding the duration of the trip and the itinerary
schedule, such as: “What is the travel time from Jinan to
Xinjiang?”

“The last photo was taken at 20:37 pm, so the best time to visit
the Wucai Beach site is at sunrise or sunset, it will be more
beautiful”

Climate risk Concerns about local climate and weather, for instance: “How
strong is the sun in Xinjiang? Is it extremely dry?”

“The window next to the car can be adjusted to open the size of
the window, but there is a shower, can take a hot shower is very
good, next to the external air conditioning, in the campground
plugged in the case of electricity, can continue to turn on the
cold air”

Health risk Concerns about possible physical discomfort, e.g., “Is the
altitude sickness serious in Xinjiang?”

“The people who were with us were tired, sleepy and not good
at long walks, so they decided to walk alone.”

Accommodation risk Concerns about finding the most suitable accommodation, for
instance, “Is it convenient to get comfortable accommodation in
Xinjiang?”

“The advantages of the hotel are, firstly, the good breakfast
and, secondly, the external environment.”

Security risk Concerns about the safety of the city, the places of interest, for
instance, “Is it safe to travel alone in Xinjiang?”

“I have never experienced this sense of security in the dozens of
cities I have visited in more than a dozen provinces and
regions.”

Ticket risk Concerns about the ticket information (price, whether you can
get it, the visit time limits, etc.), for instance, “Where can I get
the cheapest ticket here?”

“This time the ticket is free and it has no visit time limits, you
can just follow the subscription during the current epidemic”

Agency risk Concerns about whether the best travel agency can be selected,
and concerns about the quality of travel services, for instance,
“I’d like to find a travel agency in Xinjiang, do you have any
recommendations?”

“Xinjiang is too big, and the attractions are relatively scattered,
you can take the following three ways: one is with a group tour,
with the group, but the time is not free, in addition to the elderly
tourists, I do not recommend too young people choose to follow
the group”

Openness risk Concerns about whether the attractions are open, for instance,
“Is the Kanas Lake in Xinjiang open?”

“I don’t know if it’s early or if the openness is not allowed since
the doors are closed and some are locked”

Expense risk Concerns about the travel costs, e.g., “How much does it cost to
travel from Jinan to Xinjiang?”

“We settled on a Mitsubishi Pajero with Master Zhang of the
Xinjiang Snow Region Club for a total of 14 days at a cost of
13,300 RMB, plus the driver’s accommodation and food
expenses.”

Equipment risk Concerns about equipment (not include clothes, however), e.g.,
“What necessities do I need to prepare?”

“After arriving at Xi’an airport, I quickly went to the transit
counter and checked my luggage in.”

Route selection risk Concerns about the selection of route and the places of interest,
for instance, “I want to know which itinerary is better?”

“We quickly ensure the itinerary and the destination”

Shopping risk Concerns about the convenience of shopping, and concerns
about its quality, for instance, “What are the best places of
shopping in Xinjiang?”

“This is a viewpoint of the “Sixty-sixth Road Turning”, but also
has stalls selling tourist souvenirs and facilities such as public
toilets”

Snow risk Concerns about whether to snow or not because snow is a
particular feature in Xinjiang area, which can do harm to
tourists, for instance, “Is it freezing cold and snowy in winter?”

“Moustagh glacier behind the lake, the year-round snow does
not melt, and the lake and the mountains and the color of all in
one, picturesque and mesmerizing, at that moment any words
seem pale and powerless!”

Food risk Concerns about the convenience of dining, and concerns about
its quality, for instance, “Where is the best place for dining in
Xinjiang?”

“This snack bar has freshly made handmade rice and raw
skewers!”

Clothing risk Concerns about what clothes to bring, for instance, “What
clothes should I wear when arriving Xinjiang?”

“Wrapped up in two sleeping bags both still had to put the
down jacket on, but the good thing was that it went smoothly
through the late night, the sun came up early, and it didn’t take
long to feel the warmth from the sunshine”

Nation risk Concerns about many things related to minority, for instance,
“What are the routine of minorities here?” (mainly focusing on
minority group)

“Minority lifestyles are largely modernized”

Tradition & culture risk Concerns about traditions and cultures, for instance, “What
should I wear if I want to join the dancing group?” (Including
different aspects of culture of Xinjiang, not only minority
groups)

“Baihaba, dominated by the Tuva people, is a village where
natural ecology and ancient traditional culture are blended
together, and everything is still preserved in the original style
inherent in hundreds of years.”

Covid risk Concerns about pandemic policy, for instance, “Do we need to
be quarantined when traveling to Xinjiang?”

“The trip to Xinjiang after the epidemic has put a pause on my
busy work schedule because of the epidemic.”
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five models are as Eqs. (4) to (8) follows:

gðμiÞ ¼ β1 � Expenditurei þ β2 � Durationi þ β3 � Seasoni þ β4 � Travel wayi
þ β5 � Companioni þ β6 � Expenditure ´Durationþ εi

ð4Þ

and

gðμiÞ ¼ β1 � Expenditurei þ β2 � Durationi þ β3 � Seasoni þ β4 � Travel wayi
þ β5 � Companioni þ β6 � Expenditure ´ Seasonþ εi

ð5Þ

and

gðμiÞ ¼ β1 � Expenditurei þ β2 � Durationi þ β3 � Seasoni þ β4 � Travel wayi
þ β5 � Companioni þ β6 � Expenditure ´Companionsþ εi

ð6Þ

and

gðμiÞ ¼ β1 � Expenditurei þ β2 � Durationi þ β3 � Seasoni þ β4 � Travel wayi
þ β5 � Companioni þ β6 � Duration ´ Seasonþ εi

ð7Þ

and

gðμiÞ ¼ β1 � Expenditurei þ β2 � Durationi þ β3 � Seasoni þ β4 � Travel wayi
þ β5 � Companioni þ β6 � Duration ´Companionsþ εi

ð8Þ
In this study, the comparison of six models, represented by

Eq. 3 to Eq. 8, is conducted using the Likelihood Ratio Test
(LRT), a statistical method employed to compare the fit of two
nested models. In this context, the more intricate model may
potentially offer a superior fit to the data; however, it is
imperative to statistically assess whether the added complexity
is justified. The LRT computes a test statistic that gauges the
disparity in fit between the two models and evaluates whether the
more complex model enhances the fit significantly in comparison
to the simpler model (Cribari-Neto & Zeileis, 2010).

Equations 4–8 represent expansions of Eq. 3, integrating
additional predictors in the form of cross-items. The LRT
outcomes reveal a significant decrease in model fit upon the
inclusion of cross-items. The test p-values, as delineated in
Table 5, exceed 0.1. Consequently, we reject the null hypothesis
that Eqs. 4–8 outperform Eq. 3, and accept the alternative
hypothesis that Eq. 3 affords a superior fit to the data.

As Eq. 3 represents the parsimonious model, we can derive its
coefficients and diagnostic charts. Additionally, the Mean
Squared Error (MSE) of Eq. 3 is calculated to be 0.0135, while
the pseudo-R-squared value stands at 0.1318, indicating a well-
fitted and robust model. The coefficients of the parsimonious
model are detailed in Table 6.

Furthermore, Fig. 8 illustrates that the residuals exhibit a
random dispersion around zero, devoid of discernible patterns
such as curves or slopes, thereby substantiating the adequacy of
Eq. 3 as a good fit. Consequently, we select Eq. 3 as our ultimate
refined model, characterized by substantial explanatory power.

Also, in this study, we use the beta regression model to analyze
and rank the importance of key factors influencing travel
decisions. The results indicate that Expenditure and Duration
are the two most influential factors in the dependent variable.
Although their regression coefficients are relatively small, their
statistical significance is very high (p < 0.01), warranting their
prioritization in the ranking, which indicates duration and
expenditure emerge as the two most critical considerations for
travelers when considering individual risk perception.

Additionally, sub-variables under Travelway and Season also
demonstrated strong importance and statistical significance,
showing considerable explanatory power in the model. The
choice of transportation is also important, with travelers often
booking tickets during discounts for cost savings and to ensure
availability. In contrast, the impact of Companion was relatively
weaker, with only a few sub-variables showing significance.

To validate the robustness of these findings, Appendix 1
presents a supplementary analysis using the random forest
method to assess the importance of variables. The results of the
two methods are largely consistent, further supporting
the reliability of the Beta regression conclusions. Details of the

Table 2 (continued)

Risk type Description and example in Q&A Specific example in travel notes

Communication risk Concerns about the quality of communication signals and
communication barriers, for instance, “Is there any difficulty of
communication here if we only speak mandarin?”

“She doesn’t speak Chinese well, so we don’t communicate.”

Queuing risk Concerns about the waiting time and queuing time, for instance,
“Are we supposed to queue?”

“The queue for the horseback ride into the ancient glacier was
estimated to be two hours, and we had booked a 6 pm show of
“Heavenly Horse Bathing River”.

Table 3 The count of each risk type and its PRP value.

Risk type Count PRP

seasonal 12,233 0.167
climate 7374 0.101
expense 5858 0.080
accommodation 5720 0.078
time 5556 0.076
route selection 5235 0.071
traffic 4339 0.059
tradition 3865 0.053
entry 3475 0.047
communication 3040 0.041
ticket 2860 0.039
security 2546 0.035
snow 1544 0.021
food 1482 0.020
openness 1359 0.019
clothing 1211 0.017
equipment 1106 0.015
health 1090 0.015
agency 1070 0.015
nation 1057 0.014
covid 503 0.007
queuing 434 0.006
shopping 355 0.005
sum 73,312 1.000
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Random Forest results and implementations are shown in
Supplementary Fig. 1 in Appendix 1.

Summary on the above findings.

(1) Choose the expenditure they spent and the duration they
stayed
The results show from the result of Eq. 3 that both
expenditure (β=−0.09613, p < 0.01) and duration
(β= 0.06105, p < 0.01) are significantly associated with
individual risk perception. Specifically, we have:
Finding (1): As expenditure increases, individuals’ risk
perception decreases, while risk perception decreases with a
decrease in the duration of travel.

Indeed, travelers’ decision-making is significantly influ-
enced by the interplay between traditional attributes like
expenditure, duration, transfer type, journey purpose, risk
perception, and cultural/sociodemographic factors. Both
duration and cost are closely tied to these risk perceptions
(Manca et al., 2023). This connection can be attributed to
the idea that increasing resources for necessities such as
sustenance, entertainment, and accommodations enhances
travel comfort and quality, thereby reducing apprehension
in unfamiliar environments. Simultaneously, a longer travel
duration can increase individual risk perception due to the
uncertainties associated with prolonged stays in a destina-
tion. Consequently, those with higher expenditures and
shorter durations typically exhibit lower risk perceptions.

Fig. 7 The distribution of the IRP score.

Table 4 Descriptive statistics of individual samples.

All Year= 2018 Year= 2019 Year= 2020 Year= 2021 Year= 2022

Variable Category N P N P N P N P N P N P

Season Autumn 289 44.44% 57 48.31% 65 41.14% 52 45.61% 59 41.26% 56 45.9%
Season Spring 80 11.94% 18 15.25% 23 14.56% 8 7.02% 21 14.69% 10 8.2%
Season Summer 201 30.78% 29 24.58% 48 30.38% 41 35.96% 42 29.37% 41 33.61%
Season Winter 85 12.83% 14 11.86% 22 13.92% 13 11.4% 21 14.69% 15 12.3%
Travelway TW1 342 52.2% 71 60.17% 84 53.16% 47 41.23% 69 48.25% 71 58.2%
Travelway TW3 22 3.34% 1 0.85% 5 3.16% 5 4.39% 6 4.2% 5 4.1%
Travelway TW4 5 0.7% / / 2 1.27% / / 2 1.4% 1 0.82%
Travelway TW2 1 0.18% / / / / 1 0.88% / / / /
Travelway TW5 7 1.07% 2 1.69% 1 0.63% / / 2 1.4% 2 1.64%
Travelway TW6 213 32.73% 33 27.97% 47 29.75% 49 42.98% 49 34.27% 35 28.69%
Travelway TW7 23 3.41% 1 0.85% 7 4.43% 5 4.39% 7 4.9% 3 2.46%
Travelway TW8 9 1.37% 1 0.85% 2 1.27% 3 2.63% 3 2.1% / /
Travelway TW12 5 0.69% 1 0.85% 3 1.9% / / / 0.7% / /
Travelway TW10 21 3.3% 6 5.08% 4 2.53% 4 3.51% 3 2.1% 4 3.28%
Travelway TW11 4 0.55% 1 0.85% 3 1.9% / / / / / /
Travelway TW9 2 0.31% 1 0.85% / / / / 1 0.7% / /
Travelway TW13 1 0.16% / / / / / / / / 1 0.82%
Companion Alone 94 14.41% 16 13.56% 23 14.56% 20 17.54% 19 13.29% 16 13.11%
Companion Parents-kids tour 42 6.23% 3 2.54% 12 7.59% 6 5.26% 12 8.39% 9 7.38%
Companion With Friends 455 69.35% 88 74.58% 112 70.89% 73 64.04% 99 69.23% 83 68.03%
Companion With parents 21 3.29% 5 4.24% 1 0.63% 2 1.75% 7 4.9% 6 4.92%
Companion With couples (married) 27 4.3% 4 3.39% 4 2.53% 8 7.02% 4 2.8% 7 5.74%
Companion With couples (not married) 16 2.42% 2 1.69% 6 3.8% 5 4.39% 2 1.4% 1 0.82%
IRP / 655 100% 118 18.02% 158 24.12% 114 17.40% 143 21.83% 122 18.62%

Note: N is the number of samples, while P is the proportion of the samples to the total samples.
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Remark on Finding (1): This finding coincides with people’s
common sense, as we have explained above, which validates
the effectiveness of the risk perception measure we
proposed, and therefore the following findings are reliable.

(2) Choose the best season

Finding (2): Compared to the autumn season, individuals’ risk
perception is lower during spring, summer, and winter.

This finding suggests a predilection among individuals to visit
Xinjiang during these seasons as opposed to autumn. This
preference may stem from the recognition that autumn represents

a peak travel period, characterized by heightened crowding
compared to other seasons, consequently elevating visitors’ levels
of risk perception. Also, studies have shown that there are
seasonal variations in how tourists perceive the risk of traveling
and their level of worry about being involved in some seasonal
activities (Kummeneje et al., 2019).

The inclination towards spring, summer, and winter travel in
Xinjiang resonates with the promotional narratives prevalent on
travel websites. Each season presents unique landscapes and
attractions. Spring showcases boundless grasslands and moun-
tains, while summer features the ripening of fruits and melons,
offering a delectable culinary journey, as well as an ideal period
for traversing the Silk Road and immersing in exotic scenery.
Winter in Xinjiang unveils snow-covered landscapes that provide
a picturesque backdrop for winter activities and leisure pursuits.

The ranking of seasons in terms of preference for travel to
Xinjiang, based on the analysis, as Fig. 9 depicts, is as follows.

1. Spring
2. Summer
3. Winter
4. Autumn

This finding implies that individuals tend to perceive a reduced
level of risk when traveling to Xinjiang during the spring,
summer, and winter seasons. The presence of varied natural
landscapes and cultural encounters during these times likely
contributes to a more favorable and enticing travel perception.

(3) Choose the best travel way

Finding (3): People have a preference for cruising and cycling as
a mode of transportation, as it offers a more enjoyable experience
compared to ordinary travel by public transport and walking.
They also prefer various ways that are interesting and relaxing.

Furthermore, except for cruising, cycling is generally perceived
as a leisurely and relaxing means to explore a destination, which
could account for the lower risk perception associated with
combining cycling with cruising. Previous studies indicated that
commuters’ preferences vary based on their attributes. Commu-
ters often prefer cars, valuing familiarity and lower risk. Cautious
commuters are more risk-aware (Xiang et al., 2023). The results
indicate that regularly using public transportation or engaging in
activities like walking (e.g., hiking) can be physically demanding,
leading to increased fatigue and a consequently heightened
perception of risk, which is not satisfactory. Based on the
coefficient values, the ranking of preferred travel ways for
Xinjiang (from low Individual Risk Perception to high Individual
Risk Perception), as depicted in Fig. 9, is as follows.

1. Cruising combined with cycling
2. Self-drive combined with walking and cycling
3. Self-drive combined with cycling
4. Self-drive combined with public transport, walking, and

cycling
5. Self-drive combined with public transport
6. Public transport combined with walking
7. Self-drive combined with walking
8. Self-drive combined with public transport, walking
9. Self-drive
10. Public transport
11. Public transport combined with cycling
12. Public transport combined with walking and cycling
13. Walking

(4) Choose the best companion
Finding (4): Traveling with friends is associated with lower risk
perception (β=−0.12093, p < 0.05) compared to other

Table 6 The coefficients of Eq. 3 (parsimonious model).

Variable Estimate Std. error z-value Pr(>|z|)

(Intercept) −2.09795 0.61108 −3.433 0.000597***
Expenditure −0.09613 0.01995 −4.819 1.44e-06***
Duration 0.06105 0.01995 3.060 0.002212**
Season (Autumn as a reference)
Season spring −0.14258 0.05109 −2.791 0.005256**
Season
summer

−0.14182 0.03698 −3.835 0.000126***

Season winter −0.13125 0.04962 −2.645 0.008168**
Travel way (Cruising combined with cycling as a reference)
TW1 1.72000 0.60945 2.822 0.004769**
TW2 1.72602 0.72336 2.386 0.017027*
TW3 1.62122 0.61551 2.634 0.008440**
TW4 1.75741 0.63423 2.771 0.005589**
TW5 1.81319 0.62584 2.897 0.003765**
TW6 1.70369 0.60973 2.794 0.005204**
TW7 1.49360 0.61517 2.428 0.015185*
TW8 1.68636 0.62322 2.706 0.006812**
TW9 1.35587 0.67539 2.008 0.044692*
TW10 1.63021 0.61473 2.652 0.008003**
TW11 1.12413 0.64397 1.746 0.080877 .
TW12 1.41596 0.63585 2.227 0.025954*
Accompany (Travel alone as a reference)
Travel with
couple (get
married)

−0.02582 0.08915 −0.290 0.772122

Travel with
parents

−0.12070 0.09642 −1.252 0.210638

Travel with
friends

−0.12093 0.04516 −2.678 0.007412**

Parents-kids
tour

−0.07439 0.07513 −0.990 0.322088

Travel with
couple (not
married)

−0.12061 0.10788 −2.119 0.034083*

(phi) 27.712 1.506 18.4 <2e-16***

Signif. codes: ***, **, * correspond to 1%, 5%, and 10% statistical significance levels, respectively.
TW1: Public transport, TW2: Public transport combined with cycling, TW3: Public transport
combined with walking, TW4: Public transport combined with walking and cycling, TW5:
walking, TW6: self-drive, TW7: Self-drive combined with public transport, TW8: Self-drive
combined with public transport and walking, TW9: Self-drive combined with cycling, TW10: Self-
drive combined with walking, TW11: Self-drive combined with walking with cycling, TW12:Public
transport combined with self-drive, walking and cycling.

Table 5 Likelihood ratio test.

Model comparison Pr(>Chisq)

Eq. 3 vs Eq. 4 0.4731
Eq. 3 vs Eq. 5 0.4533
Eq. 3 vs Eq. 6 0.4378
Eq. 3 vs Eq. 7 0.9153
Eq. 3 vs Eq. 8 0.9863
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accompanying types, such as traveling with couples, traveling
with parents, traveling with kids, and traveling alone.
Travelers to relatively remote destinations such as Xinjiang
are predominantly young individuals; however, the per-
ceived safety concerns associated with such locations may
be amplified. The choice of travel organization, and
traveling in a group or alone (Adam, 2015), is contingent
upon tourists’ risk perceptions. Furthermore, previous
studies reveal that traveling in the company of friends
serves as a risk-reduction strategy. Consequently, people
exhibit a greater inclination to travel in pairs, preferring
companionship with friends and partners, thereby mitigat-
ing the perceived level of risk and fostering a heightened
sense of ease and peace of mind during their travels, which
aligns with social support theory (Xiong et al., 2021). Based
on the coefficient values, the ranking of the preferred
accompanying options for Xinjiang, as illustrated in Fig. 9,
is as follows.

1. Travel with friends
2. Travel with couples (not married)
3. Travel with parents, Parents-kids tour, Travel with

couples (married), Travel alone

(These four ways are with no significant difference in reducing
individual risk perception)

Figure 9 depicts the ranking of seasons, travel ways, and
companions available for selection according to individual risk
perception (from low to high). TW13 here refers to cruising
combined with walking and cycling because we haven’t defined
this in the coefficient table as an abbreviation. The outcomes
reveal that numerous travel paradigm-related factors, encom-
passing expenditure, duration, season, travel mode, and compa-
nion, exhibit substantial associations with individual risk
perception.

These findings carry practical implications for the formulation
of efficacious risk management strategies and the communication
of travel-associated risks to the public. Through comprehensive
consideration of these factors, stakeholders within the travel
industry can customize their approaches to mitigate specific
concerns and bolster the safety and contentment of travelers.

What are the extreme risk perception group’s characteristics?
In this section, our attention turns to distinct population seg-
ments exhibiting low and high Individual Risk Perception (IRP),
along with their associated travel behaviors. Following the rank-
ing of individual risk perception values from highest to lowest, we
identify the top and bottom 5% of the population as the extreme
groups with high and low IRP, respectively. Subsequently, we
tabulate the preferences of these extreme IRP groups in
Appendix 3. Our objective in this section is to provide a

Fig. 8 The model diagnostic plots process. a Leverage-Prediction Diagnostic Plot. b Deviation Plot: Residuals versus Linear Predictor. c Half-Normal QQ
Plot of Residuals. d Residual Trend Check: Plot against Observation Index.
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comprehensive analysis that illuminates two facets: variances in
different types of risk perception and the low-risk perception
group’s specific travel preferences. These insights enable the
formulation of recommendations for hotels, tourist spots, and
travel routes, starting with general guidelines and progressing
toward more targeted and context-specific management sugges-
tions based on the preferences of individuals with extreme risk
perceptions. Through this analysis, we aim to make a scholarly
contribution to the existing literature on travel behavior and risk
perception. Furthermore, our findings hold practical significance
for informing risk management and communication strategies
within the travel industry.

Discrepancies in perceptions of different risk types. Given that our
individual risk perception encompasses 23 distinct types, we aim
to conduct a cross-sectional comparison of the values associated
with different risk types within the group. As delineated in
Table 7, the foremost concerns pertain to the choice of travel
season (0.95), the alignment of the season with climatic condi-
tions (0.89), the duration of the trip (0.63), the local tradition
(0.84), and the state of available accommodations (0.54). Con-
currently, upon selecting the 5% of the population exhibiting high
IRP, their most pronounced dissatisfactions also center on the
season (19.36), climatic conditions (10.42), trip duration (6.51),
expenditures (6.31), and route selection (6.24). Notably, these
outcomes align with the overarching trends, signifying heightened
dissatisfaction with these specific aspects. Furthermore, this

particular cohort exhibits elevated discontent with accommoda-
tion, amenities, and ticketing arrangements.

For example, the seasonal factor with a low IRP people, Slow
travel in the northwest with a sentiment score of 0.996 said, “It is
summer, the water and sky are the same, blue water and sky, it is
the most beautiful season of Saihu Blue”. Xiao Xu Hua, with an
emotion score of 0.995, said, “The river valley grassland, you can
see the beautiful sunset, a handful of shots are a big picture of the
village of Wo Mu—summer Wo Mu village, wild flowers
everywhere”. “The winter in the north is a black and white world,
not as clear and transparent as the spring, as blue as the summer
and as green as the autumn”, says Lu. For example, the
accommodation factor with a low IRP people, Citizen Hu with
an emotion score of 0.9888 said, “On the first day I arrived in
downtown Karamay, I booked a hotel next to the Karamay River
in advance, with a beautiful view outside the window and a
sparkling view at night, which was a good start for the trip. A good
start to the trip”. With a sentiment score of 0.9885, Happy Valley
Master said, “We had a buffet dinner and then checked in to the
better Hu Yang International Hotel, the hotel lobby is very well
built because of the assistance from Shanghai, the service is also
very good, quite big.”

Based on the findings, the manager of the places of interest can
consider the following recommendations:

● Climate and Weather Information: It is essential to furnish
visitors with precise and comprehensive details regarding
the climate and weather conditions corresponding to each
season. This empowers individuals to make well-informed
decisions regarding their preferred time of visit, taking into
account their specific inclinations and the activities they
intend to partake in (Verbos et al., 2018). Emphasizing the
distinctive characteristics and attractions characteristic of
each season, such as winter snowfall or springtime
blossoms, aids them in aligning their travel plans with
their desired experience.

● Flexible Booking and Cancellation Policies: Providing
flexible booking and cancellation policies can assuage
apprehensions related to committing to a specific duration
of stay. By affording potential visitors the flexibility to
modify their travel plans following their preferences and
unforeseen circumstances, such policies enhance overall
satisfaction and trust (Pung et al., 2022).

Fig. 9 The rank of the chosen option from the empirical results.

Table 7 The top 5 risk-type values of the extreme group of
IRP people.

Risk Type The sum
value of low
IRP people

Risk Type The sum value
of high-IRP
people

Season Risk 0.95 Season Risk 19.36
Climate Risk 0.89 Climate Risk 10.42
Tradition Risk 0.84 Time Risk 6.51
Time Risk 0.63 Expense Risk 6.31
Accommodation Risk 0.54 Route

selection Risk
6.24
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● Safe and Well-Maintained Accommodation: It is impera-
tive to guarantee that the accommodation options near the
site are not only safe but also pristine and diligently
maintained. Emphasizing any supplementary safety mea-
sures that have been instituted to address visitor apprehen-
sions, such as heightened cleaning protocols, contactless
check-in/check-out procedures, and strict adherence to
social distancing guidelines, is crucial (Jannach et al., 2014).
Furnishing visitors with this detailed information instills a
sense of security and significantly contributes to a positive
and gratifying travel experience.

By implementing these recommendations, the manager of the
tourist attractions can augment the overall travel experience in
specific aspects, diminish particular types of risk perception, and
advance visitor satisfaction and safety.

Other factors pertain to recommended travel paradigms. To delve
deeper into the additional travel paradigm factors influenced by
individual risk perception, a representative sample of individuals
is examined to elucidate the comfort and rationality of their travel
choices. The analysis specifically focuses on three distinct aspects:
hotel selection, tourism attraction preferences, and tour route
suggestions1.

● Hotels

In our analysis, we concentrate on the top 5% of individuals
exhibiting the lowest risk perception regarding accommodations.
To illustrate their hotel preferences, we categorize them into five
geographical directions within Xinjiang: east, west, north, south,
and central regions. Subsequently, employing the Gaode Map

API, we visually map the corresponding hotel information,
utilizing distinct colors to symbolize each direction.

Figure 10 depicts the spatial distribution of the selected hotels,
with green markers denoting hotels situated in the north, blue
markers for the south, purple markers for the west, red markers
for the east, and orange markers for the central region. Moreover,
to furnish supplementary details, the numerical value within each
marker signifies the star rating of the respective hotels.

The markers faithfully depict the spatial distribution of the
selected hotels within Xinjiang, offering valuable insights into the
preferences and decisions of individuals with low accommodation
risk perception. This visualization not only enriches our
comprehension of travel patterns within Xinjiang but also serves
as a practical resource for travelers seeking accommodation
options based on geographical regions and star ratings. Notably,
the central region of Xinjiang, delineated in orange, corresponds
to the location of hotels favored by individuals with the lowest
individual risk perception, primarily concentrated around
Urumqi. For detailed distributions of hotels among them, please
refer to Appendix 4.

There are 53 three-star hotels, 27 four-star hotels, 14 five-star
hotels, and 11 two-star hotels. As indicated in Table 8, this
distribution reveals that the majority of the hotels are rated at three
stars and above, with a concentration primarily in the north and
central regions, and comparatively less in the south and east.
Despite the relatively advanced state of the tourism industry in the
Xinjiang Uygur Autonomous Region, the economic conditions are
not yet at the forefront of the country. Consequently, there is still a
need for improvement in the quality of hotel services.

Based on the conclusion, endeavors to enhance the quality of
hotel services could encompass facility upgrades, staff training

Fig. 10 Geographical distribution of hotels with different star ratings.
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enhancements, and the implementation of effective management
strategies. By prioritizing these aspects, hotels can elevate their
services to align with traveler expectations, consequently bolster-
ing the reputation of the tourism industry in the region (Zhu et
al., 2021).

● Scenic Spots

The choices of tourists’ destinations are influenced by risk and
uncertainty, both of which are concepts linked in some way to the
potential loss that could result from an event (Quintal, Lee &
Soutar, 2010). The influence of risk perception varies across
destinations and evolves during the destination selection process,
as noted by Williams and Baláž (2015). This variation is further
shaped by the way individuals process information, as differences
in how people acquire and interpret new information lead to
variations in their destination choices.

In our investigation, we have examined the selection of places
of interest by the lowest ten individuals with low Individual Risk
Perception. We have employed the PageRank algorithm,
originally developed by Google to assess the rank and importance
of web pages, as a method for evaluating the significance of nodes
within the travel routes of these ten individuals. By leveraging the
PageRank algorithm, which is integral to refining the relevance
and quality of search results, we aim to ascertain the popularity

and importance of various scenic spots visited by these
individuals (Langville & Meyer, 2004).

The significance of nodes is determined by their degree, or the
number of connections to the node where the attraction is located.
We posit that a higher degree correlates with a higher PageRank
score, indicating that the node is likely to be a central or popular
travel destination. As depicted in Fig. 11, nodes with degrees of 6
and 5 are less prevalent, while those with degrees of 2 and 3 are
more common. Following the acquisition of the degree nodes, we
computed the PageRank scores for different scenic spots, as
illustrated in Table 9. The most noteworthy spots include Tianshan
(0.029), Kanas Lake (0.025), Hormu (0.025), Jiuzhangzhi (0.023),
Fish Viewing Platform (0.022), Wolong Bay (0.022), and Kanas
(0.021). These findings suggest that these spots could be
recommended to individuals planning future travel to Xinjiang.

● Tour route

Accommodation choices are inherently influenced by indivi-
dual preferences and personal considerations. Moreover, the
selection of travel routes, which is profoundly shaped by personal
factors, is particularly subjective. Our study concentrates on a
cohort of ten individuals characterized by the lowest risk
perceptions in route selection. These ten individuals are regarded
as representative figures whose routes can be recommended to
others. As delineated in Table 10, individuals with low-risk
perceptions demonstrate a predilection for linear and circular
routes, suggesting that these itineraries could serve as recom-
mendations for individuals inclined to visit Xinjiang in the future.
The visual representation of these routes can be observed through
the utilization of ArcGIS software, as presented in Appendix 5.

Notably, although the findings presented in this subsection
focus specifically on individuals with low-risk perception, they
apply to those with high-risk perception.

Sensitivity analysis
The subsequent sensitivity analysis investigates the resilience of
individual risk perception across temporal time, risk type
dimensions. Additionally, it delves into the gender-specific dis-
tinctions in travel characteristics in the backdrop of risk per-
ception. This sensitivity analysis not only reaffirms the earlier

Table 8 The hotel distribution in different administration
area.

Administration area Count

Ili Kazakh Autonomous Prefecture 46
Urumqi 27
Karamay 17
Kashgar region 8
Turpan Region 5
Aksu Region 3
Bayinguole Mongol Autonomous Prefecture 3
Boertala Mongol Autonomous Prefecture 1
Hami Prefecture 1

Fig. 11 Degree rank plot of different spot.
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findings but also furnishes crucial insights for both researchers
and practitioners within the tourism industry.

Robustness of IRP over time and gender: analysis of risk types.
This subsection presents an analysis indicating that there is no
substantial variation in the perception of each category of risk

over time. Through a sensitivity analysis conducted over multiple
years, Fig. 12 illustrates a gradual increase in individual-level
perceived risk across different risk types from 2017 to 2022,
without significant variance or disruption. This observation
suggests that our IRP metric exhibits a degree of robustness.
Moreover, based on this trend, it can be inferred that a similar
trajectory may persist in 2023 and beyond. Consequently, man-
agers of scenic spots should continue formulating appropriate
policies aimed at mitigating travel risks for tourists in line with
this ongoing trend.

The Kruskal–Wallis test was utilized to assess whether the IRP
for various risk types exhibits temporal variations (McKight &
Najab, 2010). The obtained p-value of 0.4599 leads us to reject the
hypothesis positing differences across different years.

Based on the preceding analysis, it is inferred that spring
constitutes the primary tourist season in Xinjiang. Consequently, it
is recommended that managers intensify promotional endeavors
highlighting the summer climate, seasonal esthetics, and related
activities to enhance public awareness. Furthermore, about ticketing
and pricing, offering corresponding preferential activities could
mitigate perceived travel risks arising from financial concerns.

Likewise, the Mann-Whitney-Wilcoxon test was employed to
ascertain potential disparities in IRP across different risk types
between males and females (Lin et al., 2021). The calculated
p-value of 0.4567 suggests that gender does not engender
discernible differences in IRP across various risk types, as
depicted in Fig. 13.

Gender differences in travel characteristics: exploring season,
mode of travel, and companionship. Additionally, we conduct
beta regression and random forest analyses separately for men
and women, yielding coefficient tables detailed in Appendix 5.
Notably, the models are configured identically, and the coeffi-
cients with their respective standard errors from both models are
extracted individually. Subsequently, t-tests are performed, and
the resulting p-values are presented in Supplementary Table 18
within Appendix 6.

Finding (5): Results show that both males and females with
shorter durations and higher expenditures resulted in lower
perceived risk.

However, there are significant differences between men and
women in the characteristics of season, mode of travel, and the
companion they travel with, mainly:

Finding (6):

● Men generally prefer to travel in the summer, while women
believe that there is a greater perception of risk in going in
the summer, related to the high summer temperatures and
ultraviolet rays in Xinjiang, and women are relatively
focused on skincare and whitening, believing that too much
sun can affect the skin.

● Men prefer self-driving to women. Men are more
adventurous and women are relatively conservative, and
men are more likely to drive by themselves.

● Men, compared to women, believe that going with friends
and going with couples (not married) will be less risky,
while women are not different between the options of
companionship.

The divergences observed between men and women concern-
ing travel expenditure, duration of stay, seasonal preferences,
mode of transportation, and companions underscore the
influence of gender on travel arrangements, as depicted in
Table 11. These distinctions predominantly stem from variances
in personality traits, behavioral characteristics, risk perceptions,
as well as psychological dispositions between men and women.

Table 9 The hotel distribution in different administration
area.

Spot Pagerank score

Tianshan 0.029
Kanas Lake 0.025
Hormu 0.025
Jiuzhangzhi 0.023
Fish Viewing Platform 0.022
Wolong Bay 0.022
Kanas 0.021
Kerala Grassland 0.020
Xatagu Road 0.020
Saarim Lake 0.020
Narathi 0.018
Military Reclamation Museum 0.017
Grand Palace 0.017
Andaman Sea 0.017
Western Style 0.017
Xinjiang Corps Military Reclamation Museum 0.016
River Valley Grassland 0.016
Xi Xiaotianchi 0.016
Kashgar River 0.016
Marble Temple 0.015
Elephant Park 0.015
Mae Nam River 0.015
007 Island 0.015
Phang Nga Bay 0.015
Nai Yang Beach Hotel Phuket 0.015
Shenzen Peninsula 0.014
Four Faces Buddha 0.014
Long Island 0.014
Pearl Island 0.014
Moon Bay 0.014
Tagoosani 0.014
Duckze Lake 0.014
Teixi Bagua City 0.014
Wusun Mountain 0.014
Godsend Bay 0.014
Cholma 0.014
Tx River 0.014
Yizhao Highway 0.013
Ili River 0.013
Baihaba 0.013
Duku Highway 0.013
Guzigou 0.013
Andjikai Grand Canyon 0.012
Ulho Devil City 0.012
Jatenyu 0.012
Yinxing Hotel 0.012
Friendship Peak 0.012
Huocheng Lavender 0.012
Bayinbruck Grassland 0.012
Tianchi 0.012
Teix 0.012
Gozigou Bridge 0.012
Red Mountain Park 0.012
Shihezi 0.012
Tianshan Tianchi 0.012
Jongkushtai 0.011
Cox 0.011
Altai Mountain 0.011
Erches River 0.011
Xat Grand Canyon 0.011
Urumqi 0.010
Chalong Temple 0.010
Kanas Village 0.010
Kanas River 0.009
Xinyuan 0.009
Dushanzi 0.009
Woemu Bridge 0.008
Zhaosu 0.008
Wucai Beach 0.006
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Table 10 The top ten itineraries chosen with low route selection risk.

Number Route selection
risk

Itinerary chosen

1 0.070 Kanas > Kanas Lake > Huemu > Baihaba > Fish Watching Platform > Shenxian Bay >Moon Bay >Wolong Bay > Duckze
Lake > Huemu Bridge

2 0.067 Shihezi > Xinjiang Military Reclamation Museum > Tianshan > Xi Xiaotianchi > Tianchi > Silver Star Hotel >Military
Reclamation Museum

3 0.067 Shihezi >Museum of Military Reclamation > Tianshan Tianchi > Xinjiang Corps Military Reclamation
Museum > Tianshan > People’s Park > Xi Xiaotianchi

4 0.066 Baihaba > Kanas > Huemu > Kanas Lake > Fish Watching Platform
5 0.065 Zhaosu > Xiata ancient road
6 0.065 Wucai Beach > Kanas Lake > Shenxian Bay > Luna Bay > Kanas > Kanas River >Wormwood > Sailimu Lake > Xat Grand

Canyon > Tianshan Mountain > Kalachun Grassland > Bayinbruck Grassland > Dukku Highway > Andjikhai Grand
Canyon >Western Style > Red Mountain Park > Erzis River > Fish Watching Platform > Altai
Mountain > Jatenyu > Friendship Peak >Wolong Bay > Urho Devil City > Gozigou > Gozigou Bridge > Sailimu
Lake > Hocheng Lavender > Izhao Highway >Wusun Mountain > Tekes Bagua City > Xatagua Road > Tekes River > Ili
River > Nalati > Jiuqu Eighteen Bends > Jorma > Kash River > Dushanzi

7 0.065 Kanas >Wormu > Kanas Village > Kanas Lake
8 0.064 Xinyuan > River Valley Steppe > Tagusani>Nalati
9 0.062 Tianshan > Qiongkushtai > Tex > Jiuquzhuzhizhi > Koksha Grand Canyon > Kalachun Steppe >Western Style
10 0.060 Tianshan > Jongkushtai > Turks > Ninety-eight Curves > Xata ancient road > Duku Highway

Fig. 12 IRP of different risk types over time.

Fig. 13 IRP of different risk types through gender.
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Conclusion
This study investigates the influence of risk perception with a
specific emphasis on understanding the correlation between
tourists’ risk perceptions and their travel behaviors. Through the
analysis of textual real-time data sourced from tourism websites, a
comprehensive risk perception framework is constructed, incor-
porating both public-level and individual-level perspectives. Also,
this research explores the relationship between individual risk
perception and tourists’ travel paradigms, including duration,
season, expenditure, travel way, and travel companions, giving
deep insights into how to better plan one’s trip and reduce
individual risk perception to the largest extent during traveling,
which factor should be paid more attention to.

Recommendations are based on the empirical results. This
study extends beyond prior studies that predominantly con-
centrated on endorsing travel modalities, instead highlighting the
incorporation of individual risk perception magnitudes. At the
same time, the study has certain managerial significance. For the
managers of scenic spots, the travel patterns of low-risk groups
undeniably provide a reference for them to consider the risk
perception of tourists in their future management decisions, and
introduce more favorable management measures to increase
tourism revenue according to the travel paradigm of the groups
with lower individual risk perception, moreover, for tourists,
referring to the travel patterns of low-risk-perceiving people, they
can better plan their travel characteristics to minimize risk and
improve travel satisfaction.

Using Xinjiang province as a case study, we find that indivi-
duals demonstrate specific concerns regarding the duration and
expenditure aspects of their travel choices. The research findings
indicate a preference for non-autumn seasons for travel, with a
tendency towards unconventional modes of transportation such
as cruises and cycling, diverging from traditional transportation
methods. Moreover, the study underscores a reluctance among
individuals to embark on solitary journeys, evincing heightened
apprehension when traveling alone and displaying a preference
for group or couple travel arrangements, coupled with a will-
ingness to allocate higher budgets while shortening the travel
duration to assuage perceived risks. Furthermore, individuals
characterized by lower risk perceptions exhibit a heightened focus
on climatic conditions, seasonal variations, cost considerations,
and route planning. They display a predilection for selecting
central accommodations in the Ili Kazakh Autonomous

Prefecture and 3-star or higher-rated hotels in proximity to
Urumqi, along with a greater inclination towards visiting scenic
destinations in northern Xinjiang such as Tianshan and Kanas
Lake, with travel itineraries predominantly concentrated in
northern and western Xinjiang. Additionally, gender disparities
engender differential preferences in seasonal choices, travel
companions, and travel ways, prompting individuals to select
more suitable approaches to mitigate their respective risk
perceptions.

This research also has practical implications for public policy.
Tourism managers can use the findings to develop policies that
promote safer, more comfortable travel experiences. For instance,
creating risk-reducing travel environments, offering off-season
incentives, and providing clearer information about potential
risks could alleviate tourists’ concerns. Furthermore, individual
risk perceptions could guide tourists in making more informed
decisions, such as opting for group travel (travel with friends),
avoiding high-risk seasons (autumn), or selecting accommoda-
tions with higher safety standards. These insights could be
applied not only to Xinjiang but to other destinations facing
similar concerns.

This study still has several limitations. Primarily, as a result of
the relatively limited occurrence of keywords employed within
travel notes, the study fails to adequately emphasize the sig-
nificant impact of the epidemic on tourism in Xinjiang, thereby
neglecting the prominence of epidemic-related content within the
textual data. Additionally, the website travel notes overlook the
multi-sourced nature of data originating from distinct popula-
tions. In the future, the study can pay much attention to
individual-specific information and attributes such as age, occu-
pation, prior experiences, and backgrounds, all of which could
wield substantial influence over travel patterns.

Data availability
Data are provided in supplementary files.
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Note
1 These factors are not discussed in the previous regression model because not everyone
in the selected sample data submitted their routes, hotel information, and information

Table 11 Different travel paradigm options through gender considering risk perception.

Male Gender Female

Travel paradigms

✓ Higher cost
✓ Shorter duration
They all prefer higher costs and shorter duration of stay

Expenditure and Duration
(similar)

✓ Higher cost
✓ Shorter duration
They all prefer higher costs and shorter duration of stay

✓ Summer
Prefer summer, winter and spring to autumn, especially want
to go in summer

Season
(different)

✓ Not summer
The four seasons are not too obviously different, especially not
willing to go in summer

✓ Couple (not married)
More willing to go with couple (not married) as opposed to
going by themselves

Companions
(different)

✓ Whoever
As opposed to going alone, no matter with whom to go with there
is not much difference

✓ Self-driving
Prefer to drive and ride on their own as opposed to cruises and
rides

Travel way
(different)

✓ Not self-driving
More reluctant to self-driving and other kinds of transportation
modes
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on attractions they visited, and therefore could not be treated in a unified regression
model and requires additional discussion.
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