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Abstract

The China–Pakistan Economic Corridor (CPEC) represents a transformative transport in-
frastructure initiative with the potential to reshape tourism in South Asia. However, the
behavioral mechanisms through which corridor development translate into travel willing-
ness remain insufficiently understood, particularly between domestic and cross-border
tourism. This study investigated the determinants of domestic tourism willingness within
Pakistan and cross-border tourism willingness toward China using a stated preference
survey of 441 Pakistani respondents collected through an online questionnaire. To balance
behavioral interpretation and predictive performance, this study integrated ordinal logistic
regression (OLR) with multiple machine learning classifiers. The results revealed clear
behavioral asymmetries between domestic and cross-border tourism decisions. Domestic
tourism willingness was primarily driven by attitudinal evaluations, particularly perceived
desirability, pleasantness, and comfort of travel along the CPEC. In contrast, cross-border
tourism willingness was more strongly constrained by knowledge-related and institutional
factors, including awareness of visa procedures, accommodation arrangements, and desti-
nation information. Comparative performance analysis indicated that machine learning
models outperformed ordinal logistic regression, improving predictive accuracy by approx-
imately 12.6 percentage points for domestic tourism (93.6% vs. 81.0%) and 1.7 percentage
points for cross-border tourism (81.1% vs. 79.4%). These findings demonstrate that corridor-
induced tourism demand is governed by distinct behavioral mechanisms across domestic
and international contexts, highlighting the need for differentiated tourism development
strategies. From a policy perspective, the results suggest that domestic tourism develop-
ment along the CPEC should prioritize experiential quality and travel comfort, whereas
cross-border tourism promotion should focus on reducing informational and procedural
barriers such as visa knowledge, accommodation awareness, and travel facilitation.

Keywords: tourism willingness; transport corridors; China–Pakistan Economic Corridor;
travel behavior; ordinal logistic regression; machine learning; cross-border tourism

1. Introduction
The China–Pakistan Economic Corridor (CPEC) represents one of the most signifi-

cant corridor-based infrastructure initiatives in South Asia, with the potential to reshape
not only trade and logistics but also patterns of tourism mobility [1]. By improving con-
nectivity, reducing travel time, and enhancing access to diverse destinations, the CPEC
is expected to influence how travelers perceive the feasibility, attractiveness, and utility
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of undertaking tourism trips. However, transport infrastructure does not automatically
translate into increased travel demand. From a travel behavior perspective, infrastructure
improvements must be mediated through travelers’ perceptions, attitudes, knowledge,
and socio-demographic constraints before they manifest as willingness to travel [2]. These
behavioral mechanisms are particularly salient for tourism, which is discretionary in nature
and sensitive to perceived comfort, safety, information availability, and social context [3].

Despite the strategic importance of CPEC, existing research on its tourism implications
remains limited in several important respects. Much of the current literature is dominated
by conceptual discussions, desk-based analyses, and qualitative assessments that empha-
size potential benefits, regional development, or infrastructure provision, with relatively
little emphasis on individual-level travel behavior [4–6]. As a result, empirical evidence
explaining how travelers form tourism willingness judgments in response to corridor-based
infrastructure development remains limited, particularly in the context of Pakistan.

Another important gap in literature concerns the distinction between domestic and
cross-border tourism behavior. Domestic tourism decisions are typically influenced by
experiential and attitudinal factors such as pleasantness, comfort, and social travel con-
ditions [7,8]. In contrast, cross-border tourism involves additional institutional and infor-
mational barriers, including visa requirements, procedural uncertainty, accommodation
arrangements, and perceived safety in foreign destinations [9–11]. Consequently, the be-
havioral mechanisms underlying domestic and international tourism decisions may differ
substantially. Treating domestic and cross-border tourism as behaviorally equivalent risks
oversimplifying corridor-induced tourism demand and may lead to ineffective tourism
policy interventions.

A further limitation of existing studies lies in the inadequate representation of behav-
ioral complexity in quantitative modeling. Willingness to travel is influenced not only by
observable socio-demographic characteristics but also by attitudes, perceptions of comfort
and safety, subjective knowledge, and prior travel experience [2]. Similar findings have
been reported in the context of autonomous mobility services and shared autonomous vehi-
cles, where socio-demographic characteristics, perceived service quality, and infrastructural
factors significantly influenced willingness to adopt emerging mobility systems [12,13].
Traditional modeling approaches often impose linear and additive structures that may
fail to capture non-linear effects, interaction mechanisms, and threshold behavior, which
are especially relevant in corridor settings and in cross-border travel where institutional
constraints may act as binding conditions [14].

Furthermore, tourism behavior research has rarely integrated econometric and ma-
chine learning approaches within a single analytical framework. Econometric models such
as ordinal logistic regression are widely used for behavioral interpretation and hypothesis
testing [15], while machine learning models offer superior flexibility in capturing non-linear
relationships and complex interaction effects [16]. However, relatively few studies have sys-
tematically compared these approaches using the same behavioral dataset. Consequently,
the relative explanatory and predictive advantages of these modeling approaches remain
unclear, particularly in emerging tourism contexts such as transport corridor develop-
ment. Together, these studies suggest that tourism travel willingness is shaped by both
structural infrastructure conditions and behavioral perceptions, highlighting the need for
integrated analytical frameworks that combine behavioral interpretation with predictive
modeling approaches.

Against this backdrop, the present study addresses the lack of empirically grounded
and behaviorally informed evidence on how CPEC influences tourism travel willingness
in both domestic and cross-border contexts. Specifically, the study investigates the deter-
minants of tourism willingness among Pakistani travelers and compares the behavioral
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mechanisms underlying domestic tourism within Pakistan and cross-border tourism to-
ward China.

By integrating ordinal logistic regression with multiple machine learning algorithms
and conducting a comparative performance evaluation using metrics such as accuracy,
recall, F1-score, and ROC curves, this study bridges the gap between behavioral explanation
and predictive modeling.

This study makes three main contributions. First, it provides empirical evidence on
tourism travel willingness in the context of a major transport corridor initiative. Second,
it demonstrates that domestic and cross-border tourism willingness are governed by dis-
tinct behavioral mechanisms. Third, it illustrates the complementary value of combining
econometric and machine learning approaches in tourism behavior research. Together,
these contributions provide a more nuanced understanding of corridor-induced tourism
behavior and offer evidence-based insights for designing effective tourism development
strategies under the CPEC framework.

2. Conceptual Framework and Hypotheses Development
2.1. Theoretical Foundation

The conceptual framework of this study is primarily grounded in the Theory of
Planned Behavior (TPB) and Random Utility Theory (RUT), which together provide com-
plementary explanations for tourism travel willingness. According to the Theory of Planned
Behavior, behavioral intention is influenced by attitudes toward the behavior, perceived
behavioral control, and contextual constraints. In tourism contexts, attitudes reflect indi-
viduals’ evaluations of expected travel experiences and therefore play an important role
in shaping travel [2]. In the present study, attitudinal constructs such as perceived desir-
ability, pleasantness, and comfort of traveling along CPEC represent evaluative judgments
influencing individuals’ willingness to undertake tourism trips.

Within the TPB framework, perceived behavioral control refers to individuals’ per-
ception of how easy or difficult it is to perform a behavior. In tourism travel decisions,
knowledge-related variables such as awareness of tourism destinations, visa procedures,
and accommodation arrangements reduce uncertainty and increase travelers’ confidence
in their ability to undertake tourism trips [17]. Therefore, tourism knowledge and aware-
ness are conceptualized as indicators of perceived behavioral control influencing tourism
willingness.

Complementing this perspective, Random Utility Theory explains travel decisions
as outcomes of utility maximization under constraints. Individuals evaluate alternative
travel options based on expected benefits and costs associated with each option. Socio-
demographic characteristics such as income, gender, and travel experience influence
available resources and mobility opportunities, thereby shaping the perceived feasibil-
ity of tourism participation. Similarly, infrastructure attributes and accessibility con-
ditions influence perceived travel utility by affecting travel convenience, comfort, and
accessibility [12–14,18].

Based on these theoretical considerations, the present study developed a conceptual
framework linking four major constructs socio-demographic characteristics, attitudinal fac-
tors, tourism knowledge and awareness, and built environment attributes to tourism travel
willingness (Figure 1). The framework further distinguishes between domestic tourism
willingness within Pakistan and cross-border tourism willingness toward China in order to
capture the differences in behavioral mechanisms between these two travel contexts.
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Figure 1. Conceptual framework of the study.

2.2. Socio-Demographic Characteristics

Socio-demographic characteristics have long been recognized as important deter-
minants of tourism behavior. Variables such as gender, income, travel experience, and
household composition influence tourism participation by shaping individuals’ financial
capacity, mobility resources, and travel preferences. Individuals with higher income and
greater travel experience are generally more likely to undertake tourism trips because they
possess greater economic resources and familiarity with travel environments [2,12].

From the perspective of Random Utility Theory, socio-demographic characteristics
influence tourism decisions by shaping the perceived costs and benefits associated with
tourism travel. Travelers with greater economic resources and prior travel experience may
perceive tourism trips as more feasible and attractive compared with individuals facing
stronger resource constraints [13,14,19].

Based on these considerations, the following hypotheses are proposed:

H1. Socio-demographic characteristics significantly influence domestic tourism willingness
along CPEC.

H5. Socio-demographic characteristics significantly influence cross-border tourism willingness
towards China via CPEC.

2.3. Attitudinal Factors

Attitudes toward travel experiences represent an important psychological determinant
of tourism behavior. Travelers typically evaluate tourism opportunities based on expected
enjoyment, comfort, and overall travel experience. Positive attitudes toward tourism activi-
ties increase individuals’ likelihood of participating in discretionary travel activities [2,3].

According to the Theory of Planned Behavior, attitude reflects an individual’s overall
positive or negative evaluation of performing a behavior and serves as a key antecedent of
behavioral intention. In the case of corridor tourism, positive evaluations of travel along
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CPEC, especially with respect to its desirability, pleasantness, and comfort, may enhance
individuals’ willingness to engage in tourism trips.

Therefore, the following hypotheses are proposed:

H2. Attitudinal factors positively influence domestic travel willingness along CPEC.

H6. Attitudinal factors positively influence cross-border travel willingness towards China via CPEC.

2.4. Tourism Knowledge and Awareness

Tourism knowledge and awareness represent travelers’ understanding of tourism
destinations, travel procedures, and available tourism services. Knowledge reduces uncer-
tainty and improves travelers’ ability to plan tourism trips effectively [20].

Within the Theory of Planned Behavior, knowledge-related variables contribute to
perceived behavioral control by reducing uncertainty and increasing travelers’ confidence
in their ability to undertake tourism travel. This factor may be particularly important in
cross-border tourism contexts, where travelers must consider institutional procedures such
as visa requirements and accommodation arrangements [9,21–23].

Based on these arguments, the following hypotheses are proposed:

H3. Tourism knowledge and awareness positively influence domestic travel willingness along CPEC.

H7. Tourism knowledge and awareness exert a stronger influence on cross-border travel willingness
towards China.

2.5. Built Environment and Accessibility Attributes

Infrastructure quality and accessibility play an important role in shaping tourism travel
decisions. Improved transportation infrastructure can enhance travel comfort, reduce travel
time, and increase accessibility to tourism destinations [24–27].

From the perspective of Random Utility Theory, improvements in infrastructure
increase the perceived utility of tourism travel by reducing travel costs and increasing
travel convenience [28]. Consequently, positive perceptions of built environment conditions
and accessibility along CPEC may increase travelers’ willingness to undertake tourism trips.

H4. Built environment and accessibility factors positively influence domestic travel willingness
along CPEC.

H8. Built environment and accessibility factors positively influence cross-border travel willingness
towards China via CPEC.

2.6. Methodological Hypotheses: Econometric and Machine Learning Models

Travel willingness decisions involve complex interactions among socio-demographic
characteristics, attitudinal factors, tourism knowledge, and built environment percep-
tions. Traditional econometric models such as ordinal logistic regression are widely used
for analyzing ordered behavioral responses and are particularly valuable for behavioral
interpretation and hypothesis testing. These models allow researchers to estimate the
influence of explanatory variables on individuals’ travel willingness while maintaining
interpretability of model coefficients [15].

However, tourism travel decisions often involve non-linear relationships, interaction
effects, and threshold-based behavioral responses that may not be fully captured by tra-
ditional econometric approaches. For example, the influence of tourism knowledge or
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travel experience may only become significant after a certain threshold level is reached,
and interactions between socio-demographic characteristics and infrastructure conditions
may produce complex behavioral responses. Such patterns may be difficult to represent
using linear or additive model structures [15].

In contrast, machine learning models provide greater flexibility in modeling complex
behavioral relationships. These models can capture non-linear effects, interaction mech-
anisms, and hidden patterns within large behavioral datasets. In recent travel behavior
studies, machine learning algorithms have demonstrated strong predictive performance
in analyzing travel mode choice, technology adoption, and tourism participation behav-
ior [14].

Recent research in transportation and tourism behavior indicates that machine learn-
ing models can outperform traditional discrete choice models when complex interactions
among explanatory variables exist. By identifying non-linear decision rules and threshold
effects, machine learning models can provide improved predictive accuracy in behavioral
modeling contexts. In the context of CPEC tourism, travel willingness decisions may be
influenced by multiple interacting constraints, including socio-demographic conditions,
attitudinal perceptions, tourism knowledge, and infrastructure accessibility. Therefore, ma-
chine learning models are expected to capture these complex interactions more effectively
than traditional econometric models when predicting tourism travel willingness.

Based on these considerations, the following methodological hypotheses are proposed:

H9. Machine learning models outperform ordinal logistic regression in predicting domestic
travel willingness.

H10. Machine learning models outperform ordinal logistic regression in predicting cross-border
travel willingness.

3. Materials and Methods
3.1. Research Design

This study adopted a quantitative cross-sectional research design based on a stated
preference (SP) survey to examine tourism travel willingness in the context of the CPEC. SP
approaches are widely used in travel behavior research when the objective is to examine
behavioral intentions and preferences under hypothetical conditions rather than observed
travel behavior [28,29].

The analytical framework integrates ordinal logistic regression (OLR) and machine
learning (ML) models. Ordinal logistic regression is used to estimate the behavioral effects
of explanatory variables and test the proposed hypotheses, while machine learning models
are applied to capture potential non-linear relationships and interaction effects among
explanatory variables. Separate models are estimated for domestic tourism willingness
within Pakistan and cross-border tourism willingness toward China.

3.2. Questionnaire Design

The questionnaire was developed based on the literature on tourism behavior and
travel decision making. A pre-survey questionnaire study was conducted to evaluate the
clarity, internal consistency, and accuracy of the questionnaire items and to modify the
questions based on Pakistani environment. For this purpose, a panel of professors from
well-recognized universities and government officials from Pakistan Tourism Development
Corporation (PTDC) were recruited and enquired about their opinion regarding tourism
behavior in the country. Final questionnaire was devised based on their opinion in which
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most of the items were from previous studies adjusted according to suit the Pakistani
tourist [30–32].

Attitudinal constructs such as perceived desirability, pleasantness, and comfort of
tourism travel were measured using five-point Likert-type scales ranging from 1 (strongly
disagree) to 5 (strongly agree). Likert scales are widely used in behavioral and tourism
research to capture subjective perceptions and psychological constructs influencing travel
decisions [33]. Content validity of the questionnaire was ensured through expert review
during the pre-survey stage, while internal consistency of attitudinal items was evaluated
during the data screening process.

3.3. Sampling Strategy and Data Collection

The target population consisted of Pakistani residents with potential interest in tourism
travel. The survey was distributed online through email and WhatsApp among members of
the public and employees of various public and private sector organizations. Respondents
were provided with a brief description of the research objectives and an overview of the
CPEC initiative before completing the questionnaire. Informed consent for data usage was
complementary before starting the questionnaire.

Because the questionnaire was distributed through online communication channels
rather than through a predefined sampling frame, the study employed a non-probability
convenience sampling approach, which is commonly used in tourism perception and
behavioral intention studies [34].

The data collection period lasted six weeks, from the second week of January 2020
to the third week of February 2020. A total of 461 responses were received during the
survey period.

3.4. Data Screening and Processing

Before the final dataset was prepared for analysis, several data screening procedures
were applied to ensure the reliability and completeness of the survey responses. First, re-
sponses containing more than 10% missing values were removed from the dataset. Second,
responses exhibiting straight-line answering patterns, where respondents selected identical
responses for all survey items, were excluded as they indicated a lack of engagement with
the questionnaire. Third, duplicate responses were identified and removed when identical
answers were submitted within the same response period.

After applying these screening procedures, 20 responses were excluded, resulting in
a final analytical dataset of 441 valid observations used in the econometric and machine
learning analyses.

3.5. Analytical Framework

All statistical analyses were conducted using SPSS version 22.0, while machine learn-
ing analyses were performed using RapidMiner Studio version 10.3. To capture both
behavioral interpretation and predictive performance, this study employed a dual ana-
lytical framework combining econometric modeling and machine learning approaches.
OLR was used to estimate interpretable behavioral effects and test the proposed hypothe-
ses, while ML models were used to explore complex behavioral patterns and potential
non-linear relationships among explanatory variables [14–16].

Ordinal logistic regression (OLR) was used to analyze tourism travel willingness
because the dependent variable represents ordered response categories [35–37]. The model
assumes the existence of an underlying latent utility that governs observed ordinal re-
sponses through a series of threshold parameters [38]. To ensure model validity, several
diagnostic tests were performed. The proportional odds (parallel lines) assumption was
evaluated using likelihood-ratio and Wald tests [39]. Model robustness and stability were
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further assessed using likelihood ratio tests, Pearson goodness-of-fit statistics, variance
inflation factors (VIF), and Pearson’s bivariate correlation analysis to identify potential
multicollinearity among explanatory variables [40,41].

To complement the econometric analysis, several machine learning classifiers were
implemented to evaluate predictive performance. Machine learning approaches are increas-
ingly applied in travel behavior research because they are capable of identifying complex
non-linear relationships and interaction effects within behavioral datasets [42,43]. The
classifiers implemented were naïve Bayes classifier; decision trees; ensemble models including
random forest, bagging, and boosting; support vector machines, fast large margin classifiers; and
neural networks. These classifiers represent different modeling approaches including proba-
bilistic learning, rule-based partitioning, ensemble prediction, margin-based classification,
and non-linear neural learning. The use of multiple algorithms allows a comprehensive
comparison between econometric and machine learning approaches for predicting tourism
travel willingness [42,44–49]. Model performance was evaluated using accuracy, precision,
recall, F-score, and receiver operating characteristic (ROC) curves. These indicators provide
a comprehensive assessment of predictive performance and enable comparison across
econometric and machine learning models [50,51].

Machine learning models were trained using a structured procedure incorporating
data splitting, cross-validation, and hyperparameter tuning. The dataset was divided
into training (70%) and testing (30%) subsets to evaluate out-of-sample predictive per-
formance and reduce overfitting [14,46,52]. To improve model generalizability, 10-fold
cross-validation was applied during training [47]. Model hyperparameters were optimized
using a grid search approach, where multiple parameter combinations were evaluated and
the optimal configuration was selected based on classification accuracy and F-score [53].
Key hyperparameters included tree depth and number of trees for ensemble models, learn-
ing rate for boosting algorithms, regularization and kernel parameters for support vector
machines, and network architecture for neural networks. For models sensitive to variable
scale, feature normalization was applied prior to training [54].

4. Analysis and Findings
4.1. Descriptive Statistics of Socio-Demographic Variables

Table 1 presents the socio-demographic characteristics of the respondents. The sample
was male-dominated, with males accounting for 74.4% and females 25.6%. This imbalance
is consistent with documented gender disparities in literacy and online survey participation
in Pakistan [55]. Most respondents fell within the 18–25 years and 26–35 years age groups,
indicating that the sample largely represents young adults who are typically more active
users of online survey platforms. The sample was highly educated, with approximately 93%
of respondents holding a bachelor’s degree or higher. Most respondents were employed
either full-time or part-time, while students accounted for 23.8% of the sample.

In terms of mobility resources, 57.8% of respondents reported holding a valid driving
license, while about 68% reported owning at least one vehicle. The majority of respondents
resided in urban areas (66.2%), followed by suburban (20.0%) and rural areas (13.8%). This
distribution is consistent with the greater availability of internet access in urban areas of Pak-
istan [56]. Income levels were classified based on national per capita income thresholds [57].
Household income was concentrated in the middle-income category (46.5%), followed
by high-income (28.8%) and low-income (24.7%) groups. Regarding travel experience,
44.2% of respondents reported low travel frequency in the past three years, while 35.6%
reported average and 20.2% reported high travel frequency. Travel companionship was
largely family-oriented. Nearly half of respondents (48.5%) reported that they would prefer
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traveling with family members, followed by friends (29.0%), individual travel (13.4%), and
tour groups (9.1%).

Table 1. Descriptive statistics of the socio-demographic variables.

Variable Category Valid Percentage (%)

Gender
Male 74.4

Female 25.6

Age

18 to 25 34.9
26 to 35 37.9
36 to 45 11.3
46 to 60 9.5

Above 60 6.3

Education

S.S.C 0.5
H.S.S.C 6.1

Bachelor 56.2
M.S/M.Phil 35.1

PhD 2.0

Work status

Full time 55.8
Part time 8.6
Student 23.8
Retired 1.8

Unemployed 10.0

Driving license Yes 57.8
No 42.2

Household type

Couples without children 17.7
Single parent 20.2

Couples with children 35.6
Single 26.5

Vehicle possession
0 32.4
1 54.2

2 or more 13.4

Residential neighborhood
Urban 66.2

Suburban 20.0
Rural 13.8

Household income
Low (less than 50 K) 24.7

Average (50 K to 100 K) 46.5
High (greater than 100 K) 28.8

Frequency of travel in last 3
years

Low (1 to 5 times) 44.2
Average (5 to 10 times) 35.6

High (greater than 10 times) 20.2

Travel companion

Family 48.5
Friends 29.0

Tour groups 9.1
Individual 13.4

These descriptive characteristics provide an overview of the socio-economic back-
ground of respondents and help contextualize the behavioral results examined in the
subsequent econometric models. Socio-demographic characteristics such as gender, in-
come, and prior travel experience have been widely identified as important determinants
of tourism participation and travel decision-making [58].
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4.2. Descriptive Statistics of Domestic CPEC Travel Willingness

The results (Table 2) suggest that an overwhelming majority of Pakistani tourists
(82.7%) agree or strongly agree to travelling the CPEC for tourism upon its completion.
Most respondents’ report agreement/strong agreement with willingness to travel after
completion (mean ≈ 3.97) and similarly positive attitudinal evaluations for desirability,
pleasantness, and comfort (means ≈ 3.89–4.01). These results suggest that, at the intention
level, domestic CPEC tourism demand is already favorable and may be activated if travelers
perceive the corridor as safe, pleasant, and comfortable.

Table 2. Descriptive statistics of domestic travel willingness.

Options Strongly disagree Disagree Neutral Agree Strongly agree

Question 1 I am willing to travel CPEC for tourism after completion? (Mean 3.97)
Frequency (%) 22 (5.0) 13 (2.9) 50 (11.3) 226 (51.2) 130 (29.5)

Question 2 I have knowledge about tourism along CPEC? (Mean 3.06)
Frequency (%) 33 (7.5) 78 (17.7) 200 (45.4) 88 (20.0) 42 (9.5)

Question 3 CPEC tourism is desirable to me? (Mean 3.90)
Frequency (%) 9 (2.0) 26 (5.9) 72 (16.3) 228 (51.7) 106 (24.0)

Question 4 CPEC tourism will be pleasant for me? (Mean 4.01)
Frequency (%) 4 (0.9) 13 (2.9) 69 (15.6) 245 (55.6) 110 (24.9)

Question 5 I feel comfortable in traveling CPEC for tourism? (Mean 3.89)
Frequency (%) 9 (2.0) 23 (5.2) 79 (17.9) 225 (51.0) 105 (23.8)

Question 6 You will be visiting CPEC for tourism with whom?
Options Family Friends Tour groups Solo
Frequency (%) 214 (48.5) 128 (29.0) 40 (9.1) 59 (13.4)

The options for questions 1 to 5 are strongly disagree, disagree, neutral, agree, and strongly agree (from left to
right). Percentage in parentheses.

4.3. Descriptive Statistics of Cross-Border Travel Willingness

The descriptive statistics of factors associated with willingness to travel China by
CPEC are shown in Table 3. The majority (83%) of the responders were willing to travel for
cross-border travel to China (mean ≈ 4.14). However, the descriptive statistics revealed
important differences in knowledge levels. While general and destination knowledge
were around ‘average’ (means ≈ 3.06 and 3.04), procedural knowledge was considerably
weaker with visa/stay knowledge (mean ≈ 2.08) and hotel/accommodation knowledge
(mean ≈ 2.27). This pattern suggests that while interest in cross-border tourism was high,
practical and institutional constraints may limit actual travel behavior. Previous research
has similarly found that lack of procedural knowledge and travel information can reduce
international tourism participation [8,20].

4.4. Collinearity and Correlation Diagnostics

Before estimating the regression models, diagnostic tests were conducted to examine
multicollinearity and relationships among explanatory variables. Tables 4 and 5 present the
results of the likelihood ratio test and variance inflation factor (VIF) analysis. VIF should not
be more than 10, otherwise it is indicative of multi-collinearity [41]. The VIF values for socio-
demographic variables were relatively low, indicating no serious multicollinearity problems.
For domestic tourism variables, VIF values ranged between approximately 1.06 and 3.16.
Although attitudinal variables showed slightly higher values, this is expected because
desirability, pleasantness, and comfort represent related dimensions of tourism experience.
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Table 3. Descriptive statistics of cross-border travel willingness.

Question 1 After the completion of CPEC I would like to travel to China for tourism? (Mean 4.14)
Frequency (%) 13 (2.9) 16 (3.6) 46 (10.4) 188 (42.6) 178 (40.4)

Question 2 How much do you know about tourism along CPEC? (Mean 3.06)
Frequency (%) 33 (7.5) 78 (17.7) 200 (45.4) 88 (20.0) 42 (9.5)

Question 3 How much do you know about tourist destinations along CPEC? (Mean 3.04)
Frequency (%) 34 (7.7) 90 (20.4) 190 (43.1) 80 (18.1) 47 (10.7)

Question 4 How much do you know about visa/stay period for visiting China via CPEC? (Mean 2.08)
Frequency (%) 169 (38.3) 117 (26.5) 118 (26.8) 23 (5.2) 14 (3.2)

Question 5 How much do you know about hotel booking procedures and accommodations for tourism to
China? (Mean 2.27)

Frequency (%) 154 (34.9) 117 (26.5) 107 (24.3) 23 (5.2) 40 (9.1)

Question 6 You will be visiting CPEC for tourism with whom?
Options Family Friends Tour groups Individual/Alone
Frequency (%) 214 (48.5) 128 (29.0) 40 (9.1) 59 (13.4)

The options for questions 1 to 5 are not at all, below average, average, above average, and very much (from left to
right). Percentages in parentheses.

Table 4. Likelihood ratio and collinearity diagnosis of domestic CPEC tourism.

Variables Chi-Square VIF

General knowledge of CPEC 5.234 1.303
Desirability of CPEC tourism 2.410 2.563
Pleasantness of CPEC tourism 5.431 3.160
Comfort in travelling CPEC 4.938 2.707
Travel companion 4.057 1.067
Gender 3.907 1.065
Net income 7.165 1.146
Frequency of travel 3.841 1.187

Table 5. Likelihood ratio and collinearity diagnosis of China tourism variables.

Variables Chi-Square VIF

General knowledge of CPEC 15.798 6.444
Desirability of CPEC tourism 4.693 6.554
Pleasantness of CPEC tourism 2.122 2.845
Comfort in travelling CPEC 5.105 2.873
Travel companion 5.548 1.031
Gender 4.107 1.085
Net income 6.165 1.133
Frequency of travel 3.841 1.187

For cross-border tourism variables, general knowledge and destination knowledge
showed higher VIF values, reflecting the close association between knowledge-related
variables in international tourism contexts.

Pearson’s bivariate correlation results (Tables 6 and 7) further confirm these rela-
tionships. In the domestic model, knowledge was positively correlated with desirability,
pleasantness, and comfort, while attitudinal variables were strongly interrelated. In the
cross-border model, knowledge variables exhibited even stronger correlations, indicating
that different forms of tourism knowledge were closely linked in shaping international
travel willingness.
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Table 6. Pearson’s correlation among variables used in the OLR model for CPEC tourism (Domes-
tic tourism).

1 2 3 4 5 6 7 8

General knowledge 1
Desirability 0.389 ** 1
Pleasantness 0.389 ** 0.754 ** 1
Comfort 0.408 ** 0.696 ** 0.764 ** 1
Travel companion −0.033 −0.103 * −0.127 ** −0.102 * 1
Gender −0.163 ** −0.181 ** −0.192 ** −0.215 ** −0.013 1
Net income 0.136 ** 0.037 0.071 0.034 −0.183 ** −0.026 1
Frequency of travel 0.233 ** 0.086 0.121 * 0.138 ** −0.163 ** −0.107 * 0.318 ** 1

* Correlation is significant at the 0.05 level (1-tailed); ** correlation is significant at the 0.01 level (2-tailed).

Table 7. Pearson’s correlation among variables used in OLR model for CPEC tourism (cross-
border tourism).

1 2 3 4 5 6 7 8

General knowledge 1
Desirability 0.917 ** 1
Pleasantness 0.482 ** 0.484 ** 1
Comfort 0.458 ** 0.477 ** 0.792 ** 1
Travel companion −0.080 −0.074 −0.100 * −0.087 1
Gender −0.163 ** −0.143 ** −0.012 −0.069 0.136 ** 1
Net income 0.136 ** 0.127 ** 0.144 ** 0.15 ** 0.000 −0.026 1
Frequency of travel 0.233 ** 0.252 ** 0.130 ** 0.082 −0.001 −0.107 * 0.318 ** 1

* Correlation is significant at the 0.05 level (1-tailed); ** correlation is significant at the 0.01 level (2-tailed).

4.5. Ordinal Logistic Regression Models
4.5.1. Domestic Tourism Willingness

Two ordinal logistic regression models were estimated to examine tourism willingness
in domestic and cross-border contexts. For domestic tourism along the CPEC, the model
demonstrated strong overall fit, with a likelihood ratio chi-square of 445.211 (p < 0.01)
and a Pearson goodness-of-fit value of 0.999. The proportional odds assumption was also
satisfied [37–39].

The results in Table 8 show that several socio-demographic and attitudinal variables
significantly influenced domestic tourism willingness. Among socio-demographic vari-
ables, gender, travel frequency, net income, and travel companionship were significant.
Male respondents were more likely to report stronger willingness than female respon-
dents, a pattern that reflects broader socio-cultural constraints on female mobility in
Pakistan [59–64]. Respondents with lower travel frequency were less willing to travel
along the CPEC, indicating that prior travel experience increases openness toward cor-
ridor tourism [65,66]. Similarly, lower-income respondents showed lower willingness,
suggesting that financial capacity remains an important condition for discretionary tourism
participation [67–70]. Travel companionship has one of the strongest effects in the domestic
model. Relative to individual travel, respondents planning to travel with family, friends,
or tour groups were substantially more willing to undertake domestic CPEC tourism.
These findings suggests that domestic corridor tourism is strongly shaped by social travel
preferences, which is in line with previous research; thus, the socio-demographic results
support H1.

Attitudinal factors emerged as the most powerful determinants of domestic travel
willingness. Consistent with previous research, lower levels of desirability, pleasantness,
and comfort are consistently associated with lower odds of expressing strong willingness to
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travel [30–32,71–78]. These findings indicate that domestic tourism willingness is primarily
attitude-driven, with experiential perceptions playing a central role, thus supporting H2.

Table 8. Results of the OLR model for willingness to travel the CPEC for domestic tourism.

Variable Category B SE Wald OR

Gender Male 0.590 * 0.263 5.029 1.803

Frequency of
travel

Low −0.502 0.330 2.311 0.605
Average −0.833 ** 0.330 6.389 0.434

High Ref

Net income
Low −0.683 * 0.332 4.233 0.505

Average −0.437 0.282 2.414 0.646
High Ref

Travel
companion

Family 0.761 * 0.360 4.484 2.140
Friends 0.969 ** 0.383 6.392 2.635

Tour groups 1.274 ** 0.491 6.718 3.575
Individual Ref

General
knowledge

Not at all −1.622 ** 0.641 6.413 0.197
Below average −0.355 0.491 0.524 0.701

Average 0.061 0.441 0.019 1.062
Above average −0.149 0.469 0.101 0.861

Very much Ref

Desirability of
CPEC tourism

Strongly disagree −2.686 ** 1.141 5.539 0.068
Disagree −3.752 ** 0.700 28.723 0.023
Neutral −3.014 ** 0.521 33.52 0.049
Agree −1.046 ** 0.347 9.106 0.351

Strongly agree Ref

Pleasantness of
CPEC tourism

Strongly disagree −5.678 ** 1.906 8.873 0.003
Disagree −3.713 ** 0.919 16.318 0.024
Neutral −2.443 ** 0.568 18.518 0.086
Agree −1.181 ** 0.376 9.843 0.306

Strongly agree Ref

Comfort in
travelling the

CPEC

Strongly disagree −4.434 ** 1.261 12.359 0.011
Disagree −2.240 ** 0.705 10.104 0.106
Neutral −1.716 ** 0.497 11.939 0.179
Agree −0.737 * 0.359 4.212 0.478

Strongly agree Ref
OR = odds ratios. * >95% level of significance. ** >99% level of significance.

By contrast, tourism knowledge showed a more limited direct effect. Only the lowest
level of general knowledge was significant, indicating that minimal awareness is necessary,
but beyond that, knowledge does not directly increase willingness proportionally, consistent
with prior research linking knowledge to perception and risk evaluation [79–83]. Therefore,
H3 is satisfied.

Built environment variables did not show a strong direct effect in the final domestic
model, leading to the rejection of H4.

Taken together, the domestic results suggest that CPEC tourism willingness within
Pakistan is primarily shaped by attitudinal evaluations and social travel preferences, while
socio-demographic characteristics influence the feasibility of participation.

4.5.2. Cross-Border Tourism Willingness

For cross-border tourism to China, the OLR model also showed satisfactory fit, with a
likelihood ratio chi-square of 76.828 (p < 0.01) and a Pearson goodness-of-fit value of 0.359.
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The proportional odds assumption was satisfied, indicating stable coefficient estimates
across response thresholds.

Table 9 shows that cross-border tourism willingness was influenced more strongly by
knowledge-related and feasibility-related variables than by attitudinal variables. Gender
remained significant, with male respondents showing stronger willingness. Travel fre-
quency was also significant, suggesting that more experienced travelers were more willing
to undertake cross-border tourism. The role of income differed from the domestic model.
The low-income category was positive and significant relative to high income, which may
reflect higher aspirational willingness among younger or student respondents despite
lower economic capacity. Therefore, socio-demographics influence cross-border travel, thus
supporting H5.

Table 9. Results of the OLR model for willingness to travel the CPEC for cross-border tourism.

Variable Category B SE Wald OR

Gender Male 0.456 * 0.220 4.305 1.577

Frequency of
travel

Low −0.70 ** 0.280 6.233 0.496
Average −0.629 * 0.281 5.01 0.533

High Ref

Net income
Low 0.544 * 0.275 3.92 1.72

Average 0.351 0.236 2.21 1.42
High Ref

General
knowledge

Not at all −4.89 ** 1.18 16.99 0.007
Below average −3.61 ** 0.939 15.424 0.026

Average −2.31 ** 0.775 8.872 0.099
Above average −2.03 ** 0.818 6.081 0.131

Very much Ref

Destination
knowledge

Not at all 3.13 ** 1.152 7.380 22.87
Below average 2.12 ** 0.869 5.936 8.31

Average 1.26 0.727 2.986 3.511
Above average 1.501 * 0.780 3.701 4.486

Very much Ref

Hotel and ac-
commodation

knowledge

Not at all −2.29 ** 0.898 6.507 0.101
Below average −1.76 * 0.881 3.998 0.171

Average −1.63 * 0.866 3.558 0.195
Above average −1.82 * 0.883 4.257 0.162

Very much Ref

Visa and stay
knowledge

Not at all 1.071 * 0.539 3.943 2.918
Below average 0.231 0.519 0.198 1.259

Average −0.048 0.488 0.009 0.953
Above average −0.085 0.546 0.024 0.918

Very much Ref

Willingness
enhancement

factors

Infrastructure 0.467 * 0.235 3.935 1.597
Info & marketing 0.262 0.251 1.089 1.299
Safety & security Ref

OR = odds ratios. * >95% level of significance. ** >99% level of significance.

Attitudinal variables were tested but were not statistically significant in the final
cross-border specification. This indicates that, unlike domestic tourism, cross-border
travel willingness was less influenced by experiential attitudes and more constrained by
knowledge, procedures, and institutional barriers; thus, H6 was not supported.

Knowledge variables played a central role in the cross-border model supporting
H7. Lower levels of general knowledge were associated with very low odds of stronger
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willingness, indicating that basic awareness is a prerequisite for cross-border tourism.
Similarly, weaker hotel and accommodation knowledge significantly reduced willingness,
highlighting the importance of procedural feasibility. Destination knowledge also showed
a positive contribution, suggesting that familiarity with tourism opportunities improves
travel intention.

The model also showed that respondents who identified infrastructure as a key
willingness-enhancing factor were more likely to report stronger cross-border willing-
ness than those primarily concerned with safety and security. This result aligns with
previous studies suggesting safety/security as the dominant concern overall [82,84]. This
suggests that international corridor tourism is particularly sensitive to perceived feasibility
and enabling conditions; therefore, built environment factors impact willingness, thus
supporting H8.

Overall, the cross-border results in line with previous studies indicate that tourism
willingness toward China is mainly shaped by knowledge, procedural awareness, and
feasibility constraints, rather than by attitudinal evaluations alone [85].

4.6. Machine Learning Models

The performance comparison between machine learning models and logistic regres-
sion for domestic tourism willingness is presented in Table 10. The results show that
machine learning classifiers consistently outperformed the regression benchmark in predic-
tive accuracy.

Table 10. Performance measures of ML and LR models for domestic willingness.

Models Accuracy Precision Recall F-Score

Naïve Bayes 89.7 95.0 91.9 93.3
Generalized linear model 89.6 91.5 95.9 93.6

Fast large margin 93.6 94.0 98.0 96.0
Deep learning 86.4 93.0 89.7 91.1
Decision tree 87.4 90.1 93.7 91.7

Random forest 92.0 94.0 95.9 94.9
Gradient boosted trees 92.9 92.5 99.0 95.6

Support vector machine 92.8 94.1 97.0 95.4
Logistic regression 81.0 83.8 92.6 87.9

For Pakistani willingness, classification accuracy ranged from 86.4% to 93.6% across
machine learning models. The best-performing classifiers were fast large margin (93.6%),
gradient boosted trees (92.9%), support vector machine (92.8%), and random forest (92.0%).
These models also achieved strong F-scores, indicating robust predictive performance.
In contrast, logistic regression achieved an accuracy of 81.0% and a lower F-score than
the best-performing ML classifiers [50,51,86]. This confirms that ML models provide
superior predictive capability for domestic tourism willingness. These findings support H9,
indicating that ML models outperformed OLR in predicting domestic travel willingness.

Table 11 presents the model performance for cross-border tourism willingness toward
China. Compared with domestic tourism, predictive accuracy was lower and more tightly
clustered, ranging from approximately 79% to 81%, which reflects the greater complexity
of cross-border travel decisions [82]. Among the machine learning models, support vector
machine (81.1%) and fast large margin (81.0%) provided the best overall performance.
Random forest also performed well, particularly in terms of recall. Naïve Bayes and logistic
regression achieved very high recall values, but this appeared to come at the cost of lower
balance between true positives and false positives.
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Table 11. Performance measures of ML and OLR models for China willingness.

Models Accuracy Precision Recall F-Score

Naïve Bayes 79.4 79.4 100 88.4
Generalized linear model 79.5 84.4 91.4 87.4

Fast large margin 81.0 86.7 90.4 88.3
Deep learning 79.4 80.6 98.1 88.3
Decision tree 80.3 88.7 86.1 87.2

Random forest 80.4 81.3 98.2 88.7
Gradient boosted trees 79.5 85.4 89.0 87.0

Support vector machine 81.1 85.8 91.4 88.3
Logistic regression 79.4 79.4 100 88.4

Overall, the machine learning models again showed a predictive advantage over the
regression benchmark, although the improvement was more modest than in the domestic
case. These findings support H10, indicating that machine learning models also outperform
ordinal logistic regression in predicting cross-border travel willingness.

Receiver Operator Characteristics (ROC) Curves

Figures 2 and 3 present the ROC curves for domestic and cross-border tourism willing-
ness. ROC curves plot the true positive rate against the false positive rate across different
classification thresholds, while the area under the curve (AUC) summarizes discriminatory
power. Curves that bow strongly toward the upper-left corner indicate strong discrimina-
tory power [50].

 
Figure 2. ROC curves for domestic willingness.

For domestic tourism willingness, the ROC curves lie well above the diagonal reference
line, indicating strong and stable discriminatory performance across models. This suggests
that domestic willingness is explained by observable behavioral and experiential attributes
that allow clear separation between higher- and lower-willingness respondents [51,86].

For cross-border tourism willingness, the ROC curves displayed greater dispersion
across models. This pattern reflects the more complex and constraint-sensitive nature of
cross-border travel decisions. The wider variation across classifiers suggests that cross-
border willingness is shaped by more non-linear and threshold-based mechanisms, which
machine learning models are better able to detect.
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Figure 3. ROC curves for China willingness.

Taken together, the ROC results reinforce the conclusion that machine learning models
provide stronger predictive performance, particularly where tourism willingness is shaped
by complex behavioral constraints.

5. Discussion
Taken together, the findings suggest that domestic travel willingness along the CPEC

follows a two-stage behavioral process. Socio-demographic capacity and prior travel
experience establish the feasibility of travel, while attitudinal evaluations determine the
intensity of willingness. Higher income, frequent travel experience, and group-based
travel reduce cognitive and uncertainty costs, reflecting habitual and experience-driven
decision making [58,87,88]. At the same time, positive perceptions of desirability, comfort,
and pleasantness activate willingness once feasibility conditions are satisfied [18,85,89–92].
These results are consistent with the TPB, where attitudes influence behavioral intention
when perceived behavioral control is sufficient [93]. This also aligns with RUT, which ex-
plains travel decisions as outcomes of utility maximization in which experiential attributes
contribute to the perceived utility of travel alternatives [94]. From a policy perspective,
the findings imply that infrastructure provision alone is insufficient to stimulate domestic
tourism demand. Instead, CPEC tourism strategies should combine connectivity improve-
ments with measures that enhance subjective travel experiences, including safety assurance,
service quality, and destination attractiveness.

The OLR results for cross-border tourism highlight the greater importance of
knowledge-related and institutional factors. Subjective knowledge about visa procedures,
accommodation arrangements, and tourism infrastructure shows strong associations with
willingness to travel, while perceived safety also emerges as a key determinant. These
findings indicate that cross-border travel decisions are more cognitively demanding and
sensitive to informational constraints than domestic travel decisions [24,95]. While socio-
demographic variables remain relevant, their influence is comparatively weaker, suggesting
that institutional and informational barriers play a dominant role in shaping cross-border
willingness. Consequently, policies promoting cross-border tourism should focus on re-
ducing perceived risk and uncertainty while improving procedural accessibility and travel
information.

The comparative modeling results provide additional insights into the behavioral
mechanisms underlying tourism willingness. The strong performance of ensemble and
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margin-based machine learning models suggests that domestic tourism decisions are gov-
erned by non-linear and interaction-driven mechanisms that are not fully captured by tra-
ditional linear models but are effectively identified by these classifiers [42,96]. For example,
income may influence willingness only beyond certain thresholds of travel frequency, while
group travel preferences may amplify motivational effects for particular socio-demographic
segments. Such interaction structures are naturally captured by machine learning models
but may remain undetected in conventional econometric specifications.

A similar pattern is observed in the cross-border tourism context. The superior pre-
dictive performance of machine learning models suggests that knowledge-related and
institutional constraints operate through threshold mechanisms. Variables such as aware-
ness of visa requirements, perceived infrastructure quality, and safety perceptions may
influence willingness only after a minimum level of awareness or perceived security is
achieved [20,21]. These threshold effects violate the linearity and additivity assumptions of
traditional econometric models but can be effectively modeled using flexible machine learn-
ing algorithms capable of capturing complex interactions and non-linear relationships [42].

From an applied perspective, the strong ROC performance observed in the domestic
tourism models indicates that predicted willingness scores could be used for market
segmentation. For example, tourism promotion policies could initially focus on travelers
with high predicted willingness before expanding outreach strategies to broader population
segments [91]. In contrast, the ROC patterns observed in the cross-border tourism models
exhibited greater variation across classifiers, reflecting the additional complexity associated
with international travel decisions. Institutional and informational barriers such as limited
knowledge of visa procedures, uncertainty about accommodation arrangements, and
perceived safety concerns can generate threshold effects in willingness formation. Once a
minimum level of knowledge or confidence is achieved, willingness may increase sharply,
producing non-linear behavioral patterns that are better captured by machine learning
models than by traditional regression approaches [50]. From a policy perspective, lower
or more variable ROC performance in the cross-border context should not necessarily be
interpreted as model weakness. Instead, it may indicate that travel willingness is governed
by a small number of binding constraints that are difficult to measure precisely within a
single survey instrument [97]. ROC indicators therefore help distinguish between genuine
model limitations and the behavioral complexity inherent in cross-border tourism decisions.

6. Conclusions and Suggestions
This study examined how the CPEC influences tourism travel willingness by dis-

tinguishing between domestic tourism within Pakistan and cross-border tourism toward
China. The findings demonstrate that tourism willingness in corridor contexts is not
behaviorally uniform but governed by distinct decision mechanisms.

For domestic tourism, willingness is primarily attitude-driven. Perceptions of desir-
ability, pleasantness, and comfort emerge as the strongest determinants of travel intention.
Socio-demographic characteristics and prior travel experience establish the feasibility of
travel, while experiential evaluations determine the intensity of willingness. Infrastruc-
ture improvements therefore influence domestic tourism mainly through their impact on
perceived comfort and overall travel experience rather than through direct structural effects.

In contrast, cross-border tourism willingness is constraint-sensitive and feasibility-
screened. Knowledge-related variables, procedural awareness, and perceptions of in-
frastructure and safety conditions play a more prominent role in shaping willingness.
This indicates that cross-border tourism decisions involve greater perceived uncertainty
and require stronger informational support and institutional facilitation than domestic
travel decisions.
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From a methodological perspective, this study demonstrates the benefits of integrating
ordinal logistic regression with machine learning models. Econometric models provide
interpretable estimates of behavioral relationships, while machine learning models capture
complex interactions and non-linear decision patterns. The results show that machine
learning classifiers provide superior predictive performance, particularly in contexts where
tourism decisions involve threshold effects and interaction-driven behavior.

From a policy perspective, the findings suggest that infrastructure provision alone
may not be sufficient to stimulate tourism demand along economic corridors. Effective
CPEC tourism strategies should therefore differentiate between domestic and cross-border
tourism contexts. For domestic tourism, policy efforts should focus on enhancing travel
experiences through improved service quality, safety, and destination attractiveness. For
cross-border tourism, priority should be given to reducing informational barriers by im-
proving visa transparency, tourism information platforms, and cross-border travel facilita-
tion measures.

Despite these contributions, this study relied on stated preference data and a con-
venience sample, which may limit the generalizability of the findings. Future research
could use larger datasets and revealed travel behavior to further examine corridor-induced
tourism dynamics.
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