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Abstract

:

Reducing the use of private vehicles and promoting public transportation (PT) have always been the primary policy objectives of transport authorities. This study aims to model the factors affecting intentions and behaviors of employees to use PT for their commutes by creating an extended theory of planned behavior (ETPB). The ETPB model’s applicability was evaluated using the Partial Least Squares Structural Equation Model (PLS-SEM) technique on a total of 2048 employees in three distinct cities. Then, the Multigroup analysis (MGA) method was used to compare various cities, and demographic variables such as age, education, gender, household income, and walking time to nearest PT stop. The analysis revealed that attitude, perceived norm, and personal agency have a statistically positive influence on employees’ intention to use PT. Moreover, behavioral capability, intention, and habit have a positive effect on PT use, whereas environmental constraints have a negative effect. The results of the MGA analysis revealed significant differences between regions, particularly in terms of environmental factors, intention, and habit. Similarly, the article describes disparities that have emerged according to other demographic variables. The findings imply that interventions by decision makers have the potential to alter the mode of transportation chosen for commuting.
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1. Introduction


As a result of the employment opportunities offered by immigration, traffic congestion occurs in cities that have begun to receive a greater number of immigrants, causing economic and environmental issues [1]. The aforementioned circumstances require the development of sustainable transportation plans by professionals in the field of transportation planning. Public transportation (PT) systems generally exhibit a reduced emission rate per passenger in comparison to private vehicles, thereby yielding environmental advantages. The implementation of clean energy sources and the optimization of routes in PT systems can effectively mitigate greenhouse gas emissions, air pollution, and energy consumption, thereby making a significant contribution towards the creation of a more environmentally sustainable ecosystem [2]. The reduction in traffic congestion can be attributed to the increasing preference for PT, which leads to a decrease in the presence of private vehicles on the road. Not only does this practice result in time efficiency for individuals who commute, but it also contributes to fuel conservation and enhanced air quality [3]. The promotion of compact urban growth is frequently facilitated by PT, hence enhancing land use efficiency. By promoting increased population density in proximity to transportation centers, it optimizes the utilization of land, mitigates urban sprawl, and safeguards natural regions against superfluous development [4].



The mechanism for selecting a mode of transportation is shaped by the intricate structure of human behavior and by one’s way of life [5]. Therefore, policymakers and transport administrators must comprehend passenger behavior and identify the factors that will encourage them to utilize public transportation. In order to accomplish this, a comprehensive study is required to ascertain the factors that influence the mode of transportation chosen by commuters [6].



Due to the relevance of home-to-work commutes during congested peak periods and to transit markets, home-based work (HBW) trips are of particular significance [7]. Currently, both traditional four-stage models and activity-based models are employed in public transportation planning. Traditional and advanced travel models are typically based on a core set of probabilistic choice models. Household surveys, socioeconomic characteristics, and spatial determinants are used to develop these models [8]. To ensure the long-term viability of PT and to enable transport policymakers to implement interventions that encourage the use of PT, it is necessary to also consider the psychosocial determinants of the area’s residents [9].



In this study, developed (Antalya), developing (Erzurum), and underdeveloped (Igdir) cities in Turkey were surveyed for their psychosocial perspectives on the use of public transportation for HBW trips. Transportation and infrastructure data were obtained from the Turkish Statistical Institute (TUIK) [10]. For three cities, the Planned Behavior Theory (TPB) model was tested with the addition of instrumental attitude, descriptive norm, self-efficacy, knowledge and skills, habit, and environmental constraints. The primary contribution of this article is to fill a gap in the literature by analyzing the factors influencing home-to-work commuters’ choice of public transportation mode in cities with three distinct levels of development and by comparing various demographic variables. This article concentrates on the analysis of psychosocial determinants that influence the choice of mode of transportation using the extended version of the TPB model and the Partial Least Squares Structural Equation Model (PLS-SEM) technique. Without a greater understanding of the psychosocial perspectives of residents who use public transportation towards the current system, the current system’s ability to direct users to public transportation will not be efficient [11]. In light of this, understanding the psychosocial determinants of user behavior will aid policymakers in their efforts to promote the use of PT for sustainability.




2. Materials and Methods


2.1. Extended Theory of Planned Behavior (ETPB)


Ajzen [12] devised the paradigm of the theory of planned behavior (TPB) to comprehend rather than predict human behavior. Decision-making is an extremely difficult process for individuals. Principally influencing behavior is the intent to partake in the behavior. It is unlikely that the individual will engage in the behavior unless they intend to. However, when there is a desire to act in a particular manner, i.e., intention, there are three crucial factors at play. First, attitudes (ATT) are a person’s comprehensive evaluation of an intention, taking both instrumental and experiential factors into account [13]. The second factor is the subjective norm (SN), or how probable it is that others will perceive the behavior. The third factor is perceived behavior control (PBC), or the degree to which a subject believes they have control over a particular activity [12].



In addition to the above-mentioned three factors, there are additional factors that influence intention, such as descriptive norm (DN), which can be defined as an essential component of normative influence [13,14,15,16].



Besides intention, four additional factors have a direct influence on behavior [17]. Three of these factors are crucial for determining whether behavioral intentions can lead to behavioral performance. The individual must possess the requisite knowledge and skills to execute the act. Additionally, there should be few or no environmental restrictions that make displaying the behavior difficult or impossible [13]. Third, for a person to remember to engage in an activity, it must be prominent in their mind [18]. Last but not least, repetition of an action may cause it to become habitual, reducing the importance for these individuals to base their behavior on their intentions [13,19,20].




2.2. ETPB Models in Travel-Related Activities


TPB has been extensively utilized in numerous transport-related behavior prediction models [21]. Bamberg et al. [22] introduced prepaid bus tickets as an innovation to encourage college students to take the bus more frequently. According to the theory, the intervention was shown to have the desired effect on intentions and behavior by influencing attitudes toward bus use, subjective norms, and PBC. Similarly, after the implementation of a universal bus pass among college students at a Canadian institution, Heath and Gifford [23] discovered a significant positive association between self-reported bus usage and the intention to use a bus, which is positively associated with attitudes regarding bus use, the subjective norm, and the PBC.



As the importance of sustainability grows, TPB models have been expanded and enhanced to maintain sustainable transportation options [24,25,26,27]. Liu et al. [28] proposed an integrated model based on the norm activation model (NAM) and the TPB to predict people’s intentions to reduce their vehicle use in China. Chen et al. [29] developed a mixed pro-environment travel behavior (PET) model by extending the TPB by incorporating the effects of public transport quality, commuter satisfaction, and habit. Hu et al. [30] constructed a modified theory of planned behavior (MTPB) model framework by adding two additional factors, namely, environmental concern and moral obligation, in order to comprehend young people’s intention to engage in low-carbon travel. In addition to the TPB factors, moral obligation and environmental concern were found to correlate positively with intention. Ibrahim et al. [31] modified the TPB using “trust” to determine if it can account for consumers’ intentions to use park-and-ride (P&R) bus services in Putrajaya, Malaysia. Zhang et al. [32] examined the sensitivity of commuters to changes in travel costs. A traveler’s sensitivity to changes in travel amenities has the greatest impact on their intentions and actual mode-choice behavior, according to the findings of the analysis.



The majority of the aforementioned studies have examined people’s preferences for private or commuter travel within a specific geographic region. However, geographic disparity research is an uncommon exception. Lo et al. [33] investigated the effects of organizational sector and geographic location on the Extended Theory of Planned Behavior (ETPB) model of commuting travel mode selection. Many commute-related perceptions varied between organizational domains and geographic locations, according to a study. The significance of psychosocial drivers in the ETPB model was typically consistent across industries and geographies, with the exception of the influence of injunctive norms, which varied by region. Li et al. [34] incorporated low-carbon transportation policy, psychological factors, social norms, and habits to examine whether or not there are regional and generational differences in the intention to employ low-carbon transport options. The findings revealed geographical and generational variation in the effect on the intention to engage in low-emission travel behavior. Although regional and sociocultural differences have been studied, insufficient literature exists about the ETPB model, in which environmental restrictions can also be measured in cities such as Turkey, where the transportation infrastructure varies substantially. Figure 1 illustrates various use and application variations of the ETPB paradigm as documented in the literature. The parameters highlighted in yellow within the graphic represent the components of the ETPB model as utilized in this particular study.




2.3. Research Hypotheses


The TPB model, which has been deemed effective at predicting and describing human behavior, has been effectively tested by incorporating additional variables. The purpose of this study is to predict intention and behavior by adding some new parameters to the existing ETPB model. The ETPB model devised to select PT as the mode of transport for HBW trips is depicted in Figure 2.



2.3.1. Attitude (ATT)


The TPB asserts that attitude is the most influential factor on behavioral intention. An individual’s demeanor reflects how they feel about the potential outcomes of an endeavor. Specifically, this attitude comprises a person’s significant beliefs about the outcomes of a behavior as well as his or her evaluation of the outcomes as positive or negative. The individual’s overall attitude toward the activity is then determined by averaging their positive and negative perceptions [12]. Therefore, attitude can be viewed as a crucial factor in describing and predicting human behavior. In this study, commuters’ attitudes and propensities toward PT are inferred from their behavior toward this practice. According to the empirical data, it is plausible to assume that travelers are more likely to have a positive attitude toward PT if they believe it will assist them in achieving their own objectives. Based on the aforementioned points of view, this investigation proposes the following hypothesis:



Hypothesis 1 (H1):

The behavioral attitude of commuters is positively associated with their intention to utilize PT.






2.3.2. Perceived Norm (PN)


The perceived norm is the social pressure one feels to perform or refrain from performing a particular action. According to the proposed TPB model, the subjective norm is the perception of whether or not the majority of individuals concur with the conduct. It depends on whether the individual’s colleagues and significant others believe he or she should engage in the behavior. In addition to subjective norms, a person may also perceive normative pressure if they perceive that influential individuals are engaging in or refraining from problematic behavior. Both types of normative pressure have the capacity to influence behavior. These two types of norms are known, respectively, as injunctive and descriptive [12,13]. According to the studies, descriptive and subjective norms substantially predicted the use of vehicle and bus modes [25,35,36]. Consequently, the perceived norm is regarded as a crucial ambiguity for monitoring and predicting behavioral intention. On this basis, the following hypothesis is advanced in this study:



Hypothesis 2 (H2):

A positive correlation exists between the perceived norm of commuters and their intention to use PT.






2.3.3. Personal Agency (PA)


Due to the large number of elements and the lack of an exhaustive definition of PBC, researchers decided to investigate the construct’s dimensionality [37]. Consequently, support for two fundamental components became apparent, prompting Ajzen [38] to redefine PBC as an overall construct with two distinct but interconnected subcomponents: “controllability” and “self-efficacy”. The personal agency (PA) factor was introduced by adding self-efficacy to the concept of perceived control [39]. Self-efficacy is a person’s confidence in their ability to carry out their behavior in the face of various obstacles or problems. Montano et al. [40] demonstrate the value of incorporating both measures, despite the fact that few studies have analyzed the similarities and differences between these two notions [38,41]. According to studies, self-efficacy, like perceived behavioral control, has a positive effect on the intention to take PT [42,43,44,45]. In this study, it is hypothesized that personal agency may have a direct effect on the prediction of intentions. On this basis, the following hypothesis is advanced below:



Hypothesis 3 (H3):

There is a positive correlation between commuters’ personal agency and their intention to utilize PT.






2.3.4. Intention (IN)


Behavioral intentions are indicators of a person’s readiness to engage in a particular behavior. A person’s estimation of the likelihood or perceived probability of carrying out a specific behavior is the defining characteristic of an intention. Researchers anticipate that the greater this subjective possibility, the greater the likelihood that the behavior will occur [12,13]. The ETPB’s behavioral intention can be expressed in its basic form using the following mathematical formula:


IN = wATTATT + wPNPN + wPAPA



(1)




where w is an empirically derived weight or coefficient. In studies examining the behavior of individuals utilizing PT, the positive effect of intention on behavior has been demonstrated. Taking into account this direct impact, the following hypothesis has been proposed:



Hypothesis 4 (H4):

There is a positive correlation between the intentions of commuters and their actual use of PT.






2.3.5. Behavioral Capability (BC)


In numerous studies utilizing the TPB model, it has been seen that knowledge and ability are measured independently of one another [46,47,48,49]. Despite the fact that knowledge has a substantial cognitive influence on behavior, it is typically insufficient to generate behavior change on its own. Numerous behaviors necessitate the acquisition of a variety of specialized skills in order to be executed correctly. Knowledge and abilities produce behavioral capability (BC) [50]. Using the behavioral ability factor, a number of studies on the behavior of using sustainable transport systems have been well documented in the literature [26,27,51]. Despite the lack of studies employing both knowledge and skills to forecast travel choice behavior, behavioral research in the health sciences predicts that BC will be influential in public transport use behavior:



Hypothesis 5 (H5):

The relationship between commuters’ behavioral capability and their PT use behavior is positive.






2.3.6. Environmental Constraints (EC)


Fishbein and Ajzen [13] introduced an expanded variant of TPB that included environmental constraints (EC). In the context of the TPB, EC refers to external conditions that may limit an individual’s capacity to engage in a specific behavior. These reasons may include physical, social, and economic obstacles that hinder or make it difficult for an individual to carry out their goals [13]. Numerous studies have investigated the effect of EC on behavior in the context of the TPB [52]. In addition, the Integrated Behavior Model (IBM) derived from the TPB has demonstrated that EC can directly influence behavior [53]. EC are an essential component of the TPB because they may influence an individual’s ability to perform a behavior and should be taken into account when designing interventions to promote behavior change. In this study, it is hypothesized that EC may have a direct negative influence on PT use:



Hypothesis 6 (H6):

There is a negative correlation between commuters’ environmental consciousness and their PT use behavior.






2.3.7. Habit (HAB)


Habits are automatic, learned behaviors performed without conscious thought or effort; they can either strengthen or diminish intentions to engage in a behavior [54]. An increasing number of studies have focused on the significance of patterns in TPB and their influence on behavior [24,25,54]. In general, these studies indicate that habits are important factors to be considered in the TPB, as they can facilitate or impede behavior modification. Interventions that target habit formation or interruption may have a great deal of success in promoting behavior change, particularly for reflexively performed routine activities. In light of the current literature, it is believed that the habit may have a direct effect on PT use behavior.



Hypothesis 7 (H7):

The habit strength of commuters is positively correlated with their PT behavior.





Given the available knowledge, the prediction of behavior (BE) is commonly achieved by combining behavioral capabilities, environmental constraints, habit, and intention. The ETPB’s behavior can be expressed in its basic form using the following mathematical formula:


BE = wBCBC + wECEC + wHABHAB + wININ



(2)




where w is an empirically derived weight or coefficient.





2.4. Survey Design


The survey questions were composed of two primary components. In the first, demographic questions were asked, such as whether respondents work in the private or public sector, their marital status, age, whether they have a driver’s license, their monthly income, monthly household income, vehicle ownership, commute times from home to work, and workplace distances. In the second, a five-point Likert scale was used to assess the intentions and behaviors of employees regarding the use of public transportation to commute from home to work (1 = strongly disagree, 3 = undecided, 5 = strongly agree). Ajzen’s [12] TPB paradigm was adhered to when creating the questions, and the question patterns used in the literature referenced in extended TPB studies were also utilized. Survey questions were subjected to a two-stage pilot test, and some of the question patterns were rearranged based on the feedback before the final survey study version was created. Examining question patterns reveals that the extended TPB model with eight hidden variables utilized in this study consists of reflective inquiries.



Although all questions were prepared with a five-point Likert scale, scale expansion was accomplished with a simple formula by utilizing the ECM1 main question presented in Table 1 for the EC questions. As previously stated, the queries comprising the EC were developed using question patterns from the relevant literature. Consequently, participants were asked, in a single main question, if environmental restrictions they may encounter or have encountered in relation to PT adversely impact their behavior. The subsequent queries regarding environmental restrictions were also multiplied by the scale score assigned to this primary question. As a result, eight environmental restriction concerns, each with a scale of 25, were incorporated into the model. A participant may imply, for instance, that PT is crowded or that the COVID-19 pandemic hygiene rules are not being followed. However, these issues may not affect the participant’s use of PT when commuting from home to work via PT.




2.5. Study Area and Data Collection


The study area consists of the provinces of Antalya, which ranks sixth among Turkey’s 81 provinces in terms of income and access to transportation and infrastructure services; the provinces of Erzurum, which ranks 52nd; and Igdir, which ranks 75th, in the ranking of the living index in the provinces according to TUIK figures [10]. When examining the settlements in Turkey, it can be observed that the industrial and residential areas are growing closer together in some cities due to a lack of planning. In addition, unlike developed nations, apartment-dense cities frequently use apartments as both residential and commercial spaces. Therefore, complex and difficult-to-predict journeys result. In order to travel from home to work, one employee may need to take a short walk to the apartment next door, whereas another employee residing in the same apartment may have traveled a considerable distance. Examining the provinces in the study area reveals that the province of Antalya, despite spread over a large area, is dense in terms of population and traffic, and there is a parking problem. However, public transportation is planned, and can be tracked using mobile applications. Erzurum Province is a city with fewer traffic and parking issues than Antalya. As in Antalya, a planned public transportation system that can also be tracked by mobile devices is available. Igdir province, which has the smallest population in the study area, is a small city with reduced travel times compared to other cities, but it lacks a comprehensive transportation plan. The preponderance of Igdir’s public transportation trips are provided by minibuses (called “dolmus”). According to this system, if the minibus is full within the allotted time, the journey begins; otherwise, the journey begins at the end of the allotted time. This circumstance results in an unpredictable schedule. Table 2 contains information regarding the general and public transportation infrastructure of the studied provinces.



The process of data collection commenced on 1 March 2022, following the implementation of pilot survey arrangements. The survey was carried out using three distinct methods. “Surveey” (http://www.surveey.com, accessed on 15 June 2023) is a professional online survey platform that allows the identification of a variety of question categories, the storage of collected responses, and the management of data. In addition, paper questionnaires were delivered to the workplaces of private sector and public institution employees. Using the same online survey platform, paper surveys were entered into the system. Additionally, face-to-face surveys were conducted using the same platform. To reflect unlimited population size, this study necessitates a minimum of 385 measurements or surveys in order to achieve a confidence level of 95%, ensuring that the true value falls within a range of ±5% from the surveyed value [69]. In total, 2048 employees provided feedback, with 1055 from Antalya, 580 from Erzurum, and 410 from Igdir. Table 3 displays the values of the demographic data collected at the conclusion of the survey.



Based on the statistics provided by the Turkish Statistical Institute (TUIK), the employment rate among males residing in Antalya was recorded at 63.6%, while the corresponding figure for females stood at 33.3%. These rates pertain to those aged 15 years and older. The recorded data indicate that in Erzurum, the percentage of males was 62.3%, while the percentage of females was 25%. Similarly, in Igdir, the percentage of males was 59.3% and the percentage of females was 28.3%. The present circumstances result in a mostly male composition of participants in the research [70]. Likewise, there is a positive correlation between the degree of education attained and the employment rate. TUIK research shows that the proportion of employed individuals among high school graduates aged 15 and above was 60.8% for males and 26% for females. Among those who possess a college degree or have attained a higher level of education, the corresponding percentages are 76.7% for males and 56.2% for females [70]. According to this, 60.01% of the respondents are men and 39.99% are women. In terms of age distribution, 63.03% of the respondents are between the ages of 25 and 44; in terms of education level, the majority of them are bachelor’s degree holders; and in terms of household income level, it is observed that 2.41% of the participants reported a household income of less than 4250 TL, which was the net minimum wage at the time of the survey, and that the household income of 42.18% of the respondents is between 4250 TL and 14,999 TL. The majority of respondents (90.72%) have a valid driver’s license.




2.6. Analysis Method


A Structural Equation Model (SEM) is a statistical methodology employed to examine the associations between observable and latent (unobservable) variables. The framework under consideration is a comprehensive approach that integrates component analysis with multiple regression in order to investigate intricate networks of interactions among variables. The fundamental concept underlying SEM is to evaluate the degree of association between the observable variables and the latent variables, as well as the interrelationships among the latent variables. The proposed model postulates associations between variables in the form of pathways, which may be either direct or indirect. Additionally, it takes into account the inclusion of error factors, which serve to account for the unexplained variability in observed variables and measurement inaccuracies [71]. There exist multiple versions of SEM, including Partial Least Squares Structural Equation Modeling (PLS-SEM) and Covariance-Based SEM (CB-SEM), each possessing distinct advantages and suitable applications [72].



This article employs the PLS-SEM to conduct a comprehensive analysis of 2048 questionnaires based on the ETPB. Liang et al. [73] note that the PLS-SEM model based on path modeling has gained popularity in recent years for testing the interactive relationships between latent variables in transportation-related research. PLS-SEM is more advantageous than CB-SEM in terms of sample size, hypothesis testing, and complex modeling [74].



PLS-SEM is utilized in this investigation for several reasons. (1) It can handle situations in which data normality cannot be attained. (2) The ETPB model arises from the development of structural theory rather than the testing of structural theory. CB-SEM is not suitable for testing a developed theoretical model because its benefits tend to validate an existing model. (3) The ETPB model is a two-stage, relatively complex path model with eight latent variables and seven hypotheses; therefore, PLS-SEM is more applicable to this model than CB-SEM. (4) Rather than finding the best suit, the objective of this study is to identify the fundamental structures that influence the behavior of commuters who use public transportation. (5) PL-SEM permits the inclusion of one or two-item variables in the model’s analysis.





3. Results


3.1. Measurement Model (Convergent Validity, Discriminant Validity, and Collinearity Statistics)


In the first stage, the internal reliability of the ETPB model should be verified. The results of the study’s convergent validity are presented in Table 4. Composite reliability (CR), average variance extracted (AVE), Cronbach’s alpha, and factor loadings are the major four methods for evaluating reflective constructs. Composite reliability, which measures reliability based on the interrelationship of Cronbach’s alpha and observed item variables, is the most prevalent measure of internal consistency. In PLS-SEM, values are ordered based on the reliability of each indicator [75]. The values range from 0 to 1, and higher values indicate greater confidence. In exploratory investigations, composite reliability/Cronbach’s alpha values between 0.60 and 0.70 are acceptable, whereas values greater than 0.70 are recommended [75]. As shown in Table 4, CR values are thus greater than 0.70. The indicator’s reliability is the proportion of indicator variance explained by the latent variable. The value of factor loads ranging from 0 to 1 must be greater than 0.70; the AVE value must be evaluated to determine whether to delete factor loads between 0.40 and 0.70; and values below 0.40 must be deleted [74,76]. As a result, it is evident that all values satisfy the specified criteria, and that the concordance validity of the measurement model is adequate.



The purpose of the discriminant validity assessment is to ensure that a reflective construct has the strongest relationship with its own variables (relative to all other constructs) in the PLS path modeling [77].



Consequently, there are three essential methods for determining whether items can simultaneously measure two distinct constructs. First, the AVE of each latent structure must be greater than the structure’s highest squared correlation with any other concealed structure [78]. The second is that the factor loads of an indicator are greater than the sum of all cross-loads [74]. In addition, Henseler et al. [79] demonstrate that the aforementioned two techniques cannot reliably detect the absence of discriminant validity in typical research situations. To assess discriminant validity, the authors propose an alternative method based on the multitrait–multimethod matrix: the heterotrait–monotrait correlation ratio (HTMT). Results revealed that the structure satisfied the HTMT and Fornell–Larcker criteria, and that the factor loads exceeded the cross-loads. Table 5 and Table 6 contain the HTMT and the Fornell–Larcker tables, respectively, of the study.



Additionally, a collinearity evaluation is conducted to determine if the model has a collinearity problem. The collinearity statistics (VIF) of each construct are required to determine collinearity. If the VIF is greater than 3.3, the model is collinear [80]. According to Table 7, each VIF score is less than 3.3, indicating the non-existence of multicollinearity issues in the research model.




3.2. Structural Equation Modeling Results


The Structural Equation Model (SEM) was developed with SmartPLS 4.0 software. The model was created using the bootstrapping technique with 5000 resampling. The assessments of hypotheses given in Figure 2 and model fit evaluations are presented in Table 8, Table 9 and Table 10. Table 8 indicates the significance of all path coefficients. Examining the f2 effect sizes reveals that PN and PA have a greater impact on IN than ATT and that IN has the strongest effect on BE, followed by EC, HAB, and BC. Regarding the structural model’s fit, the R2 value for behavior was 0.798 (considerable) and 0.665 (moderate) for intention [81]. Similarly, the Q2 value was obtained simultaneously from SmartPLS 4.0. The Q2 values for two endogenous latent variables (0.766 for BE and 0.664 for IN) were greater than zero, indicating that these variables had predictive significance [82]. Criteria such as Standardized Root Mean Squared Errors (SRMR) and Normed Fit Index (NFI) are required to be less than 0.08 and greater than 0.90, respectively, in the scientific literature [83]. By scrutinizing the results presented in Table 10, it is possible to conclude that both the saturated model and the estimation model satisfy the model fit criteria.



As a result, all hypotheses were accepted, as the significance values for all hypotheses assumed in Figure 2 were p < 0.001. The results indicate that ATT, PN, and PA structures positively affect intention, IN, BC, and HAB structures positively affect behavior, and EC negatively affects behavior.




3.3. Multigroup Analysis (MGA)


3.3.1. City Comparison


As a result of differences in population density, traffic density, transportation infrastructure, and other regional factors between the three cities where the study was conducted, it is anticipated that the proposed model will have different effects on IN and BE. MGA analysis therefore disclosed a regional comparison of the cities of Antalya, Erzurum, and Igdir utilizing the SmartPLS 4.0 software. Multigroup analysis permits the determination of whether the group-specific parameter estimates of predefined data groups (such as outer weights and path coefficients) differ statistically significantly. In accordance with this, Table 11 displays the data comparing three cities based on their path coefficient values. Similarly, Table 12 presents the effect sizes as numerical values.



Examining the path coefficients and effect sizes reveals that the effects of ATT and PA on IN are greater in Igdir, whereas the effect of PN on IN is greater in Erzurum. In addition, it was determined that the effects of BC and HAB on BE were greatest in Igdir and that environmental restrictions had a significant negative impact on BE in Antalya and Igdir. Finally, it is observed that the influence of IN on BE in Erzurum is substantial. Examining the f2 values reveals that HAB has a negligible effect in Antalya, while BC and EC have negligible effects in Erzurum.




3.3.2. Gender, Sector, and Driving License Comparison


In addition, the effects of gender, employment institution, and driver’s license ownership on using PT to commute to work were assessed. A comparative MGA analysis was conducted after determining the applicability of the determinants to be used in the analysis with the model. MGA analysis was conducted on 1229 male employees, 819 female employees, 963 employees of public institutions, 1085 employees of the private sector, 1858 employees with a driver’s license, and 190 employees without a driver’s license. Table 13 provides the path coefficients and f2 values for the demographic variables analyzed. It is observed that all variables satisfy all hypotheses with a high level of statistical significance. Examining the f2 effect values reveals that all variables have acceptable effects.



According to the direct effect on IN, the variables are listed as PA, ATT, and PN for women, as PN, ATT, and PA for men and private sector employees, and as PA, ATT, and PN for those who work in the public sector and for workers who do not have a license. Lastly, the license holders are identified as PN, PA, and ATT.



Similarly, the effect size according to BE is indicated as IN, EC, HAB, and BC for all variables in Table 13, with the exception of those without a driver’s license. In addition, environmental restrictions appear to have a greater negative impact on women, private sector workers, and individuals without a driver’s license. However, when the MGA analysis results are examined, there are only statistically significant differences between the analyzed variables in terms of PA (p = 0.033) and PN (p = 0.033) path coefficient values between women and men; no difference was observed between employees in the private sector and those in public institutions, and no difference was observed in terms of driving license ownership. It was also determined that only IN exhibited a statistically significant difference (p = 0.029). This circumstance is omitted from the table because there was little variance between the variables.




3.3.3. Other Demographic Comparisons


In the final section of the analysis, participants’ education level, age, household income, and walking time to the closest PT stop for HBW trips were compared. In light of this, in the MGA analysis, high school (441), college (466), bachelor’s degree (831), and master’s degree (183) were compared based on their level of education. Employees aged 25 to 34 (556), 35 to 44 (735), 45 to 54 (458), and 55 to 64 (145) were compared. Less than 1 min (226), 1 to 3 min (632), 3 to 5 min (648), 5 to 10 min (307), and more than 10 min (131) were compared as walking times to the nearest PT stop. Lastly, 402 participants with a household income between 4250 and 8499 TL (HI2), 864 participants with a household income between 8500 and 14,999 TL (HI3), 507 participants with a household income between 15,000 and 20,000 TL (HI4), and 225 participants with a household income greater than 20,000 TL (HI5) were compared. Due to insufficient numbers, primary school graduates (21 participants) and doctoral graduates (46 participants) were not included in the MGA analysis for education level. In the analysis based on age, participants aged 65 and over were excluded from the comparison due to an insufficient sample size (15 participants), and employees between the ages of 18 and 24 were excluded from the comparison because the SEM analysis revealed a problem with discriminant validity. Similarly, 50 participants with a household income below 4250 TL (HI1) were excluded from the comparison. Table 14 displays the SEM model’s results.



According to Table 14, the H1 and H5 hypotheses are not supported for master’s degrees, and the H1 hypothesis should be rejected for participants whose walking distance to the station exceeds 10 min. Table 15 displays the variables that indicate differences in path coefficients based on education, age, and household income, while Table 16 displays the walking distance to the PT stop.



When MGA results are examined according to household income, the largest differences are observed between HI2–HI5, HI3–HI5, and HI4–HI5 in terms of BC and PA and between education levels in terms of the effect of IN on BE. While the age disparity is minimal, the most significant disparity lies in the immediate impact of HAB on BE.



When examining the walking time to the nearest PT stop, it was discovered that there are differences based on other demographic variables, particularly EC, IN, and PA. For example, the direct effect of EC on BE is greater for participants with a walking distance greater than 10 min than for those with shorter walking distances.






4. Discussion


In promoting the use of PT, revealing the psychosocial factors that influence travel behavior can be effective in reducing environmental problems and developing sustainable transportation. In this study, the ETPB model was evaluated utilizing the PLS-SEM method to ascertain the intention and behavior of commuters using PT in three provinces with varying levels of economic development. To achieve this, conceptual expansions were made to the existing TPB model. Moreover, a framework model incorporating environmental constraints was developed. Furthermore, other demographic variables, particularly on a regional basis, were contrasted with the MGA method.



First, the PLS-SEM analysis revealed that the intention of employees to travel from home to work by public transport is influenced by attitude, perceived norms, and personal agency, whereas public transport travel behavior is influenced by intention, behavioral ability, environmental constraints, and habit. PN (0.314), PA (0.298), and ATT (0.284) have a greater direct effect on IN than EC (−0.285), HAB (0.181), and BC (0.128), according to the general ETPB model result. When the direct effects on IN and BE in Antalya were examined, the results differed from the general model, despite the fact that it was anticipated that Antalya would have predominance because it comprised the majority of participants (52%). This circumstance raises the possibility that regional studies will produce more effective interventions against the psychosocial determinants that influence the behavior of public transportation use. For instance, in Antalya, a developed province in Turkey, PA (0.335) has precedence in terms of its direct impact on IN, whereas EC (−0.560) has priority in terms of its direct impact on BE.



In a developing city such as Erzurum, PN (0.359) has the greatest direct impact on IN, while IN (0.714) has the greatest direct effect on BE. As the direct effect of IN on BE is very high, the model predicts that the indirect effects of ATT (0.211), PA (0.135), and PN (0.253) on BE will also be high. While it is more reasonable for Antalya to intervene in environmental restrictions that discourage the use of public transportation in order to promote its use, it may be more reasonable for Erzurum to intervene in PN, which has a greater indirect effect on BE than other factors.



Another contribution to the literature is that MGA analysis is undertaken according to other demographic variables, allowing for a comparison of employees’ home-to-work public transportation usage based on demographics. Accordingly, in the areas covered by the study, specific interventions can be implemented to encourage the use of public transportation by employees of various age groups or households with varying income levels.



In addition, the fact that the literature-inspired environmental restriction factor in the ETPB model has a high direct effect on the general model and the provinces of Antalya and Igdir will contribute to the literature on the use of environmental restrictions in TPB models. In addition, the negligible impact of EC in Erzurum suggests that, rather than proposing the same environmental restrictions for all regions, proposing regional-based EC should reveal more advantageous results for the interventions.




Limitations and Future Work


The expansion of the model’s scope has resulted in an increase in the number of survey questions in comparison to the original TPB model. Consequently, this has been associated with a decline in the response rate observed in online surveys. Due to this rationale, it was considered suitable to administer the survey mostly through in-person interactions.



The survey commenced in March 2022 and had a designated completion period of four months. This time constraint was imposed due to the substantial inflation rates of 78.62% observed during this period [85]. The intention and behavior of individuals regarding the utilization of PT may be influenced by these inflationary fluctuations. Additionally, employee wages are expected to be adjusted in July 2022 to account for the high inflation, thereby resulting in disparities in household incomes.



In forthcoming investigations, structures that give significant results in the model will be analyzed in artificial neural networks and compared. Simultaneously, it will be feasible to assess and contrast the utilization of various transportation modes by administering a survey pertaining to the alternative modes of transportation chosen by the participants. Subsequently, after the interventions implemented by the municipalities for the use of PT, a replication of the study will be conducted and compared.



5. Conclusions


This study investigated the influence of disparities on the Extended Planned Behavior Theory model of selecting public transportation as a mode of commuting. Compared to existing structural models available in the literature, the ETPB model presented in this study provides a more comprehensive perspective on the factors influencing behavior and intention, particularly in terms of environmental constraints. In addition, MGA analyses allowed for an in-depth examination of how cities with varying levels of development and other demographic variables influence behavior. In order to promote the use of public transportation and develop a sustainable public transportation system, it is necessary to tailor interventions to individual cities based on differences in the level of significance of travel from home to work, particularly between cities. Similarly, for appropriate interventions, effective demographic variables should be determined. Taking advantage of the ETPB model’s differences may be of even greater significance in establishing sustainable public transport planning that meets users’ needs, particularly in countries with complex travel structures resulting from inadequate city planning.
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Figure 1. ETPB models in the literature. 
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Figure 2. ETPB model and hypotheses. 
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Table 1. Items utilized for evaluating ETPB constructs.
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Constructs

	
Item Codes

	
Items

	
Sources






	
Attitude

(ATT)

	
PTIA1

	
Using PT for HBW trips is good.

	
[19,22,33,55,56,57]




	
PTIA2

	
Using PT for HBW trips is advantageous.




	
PTIA3

	
Using PT for HBW trips is beneficial.




	
PTEA1

	
Using PT for HBW trips makes me happy.




	
PTEA2

	
Using PT for HBW trips is enjoyable.




	
Perceived Norm

(PN)

	
PTIN1

	
People who are important to me think that I should use PT for HBW trips.

	
[9,22,33,55,57,58,59]




	
PTIN2

	
People who are important to me support me in using PT for HBW trips.




	
PTDN1

	
People who are important to me use PT for HBW trips.




	
PTDN2

	
Most of the people around me use PT for HBW trips.




	
Personal Agency

(PA)

	
PTPBC1

	
It is very easy for me to use PT for HBW trips.

	
[19,22,55,56,57,60,61]




	
PTPBC2

	
Using PT for HBW trips is under my control.




	
PTPBC3

	
I feel independent using PT for HBW trips.




	
PTSE1

	
I am confident that I can use PT for HBW trips.




	
PTSE2

	
I am confident that I can use PT for HBW trips even under difficult conditions.




	
Intention

(IN)

	
PTINT1

	
I am planning to use PT for HBW trips in the near future.

	
[33,55,60]




	
PTINT2

	
I think I will use PT for HBW trips in the near future.




	
Behavioral Capability

(BC)

	
PTKS1

	
I have the necessary information, such as the route and fare schedule, to use PT for HBW trips.

	
[27,62]




	
PTKS2

	
I think I am adequate in terms of my health and ability to use PT for HBW trips.




	
Environmental

Constraints

(EC)

	
ECM1

	
Exposure to environmental constraints such as an inadequate transportation network, in-vehicle density, long transfer times, failure to comply with pandemic rules, etc., negatively affects my PT use decision for HBW trips.

	
[47,63,64,65,66,67]




	
PTPEC1

	
The PT routes for my HBW trips are complicated.




	
PTPEC2

	
The current PT routes for my HBW trips are not enough.




	
PTPEC3

	
PT is crowded at the time I need to use it for HBW trips.




	
PTPEC4

	
PT drivers are aggressive.




	
PTPEC5

	
There is a long waiting time or connection time in PT for HBW trips.




	
PTPEC6

	
My home is far from the PT stop location for HBW trips.




	
PTPEC7

	
My workplace is far from the PT stop location for HBW trips.




	
PTPEC8

	
In PT, nobody adheres to COVID-19 protocols.




	
Habit

(HAB)

	
PTHAB11

	
Using PT for HBW trips is something I do frequently.

	
[9,19,33,54,56]




	
PTHAB21

	
Using PT for HBW trips is something I do automatically.




	
PTHAB22

	
Using PT for HBW trips is something I have no need to think about doing.




	
PTHAB41

	
Using PT for HBW trips is something that’s typically “me”.




	
PTHAB12

	
Using PT for HBW trips is something that belongs to my weekly routine.




	
PTHAB13

	
Using PT for HBW trips is something I have been doing for a long time.




	
PTHAB31

	
Using PT for HBW trips is something I start doing before I realize I’m doing it.




	
PTHAB32

	
Using PT for HBW trips is something I do without having to consciously remember.




	
PTHAB23

	
Using PT for HBW trips is something I do without thinking.




	
PTHAB42

	
Using PT for HBW trips is something that makes me feel weird if I do not do it.




	
PTHAB51

	
Using PT for HBW trips is something I would find hard not to do.




	
PTHAB52

	
Using PT for HBW trips is something that would require effort not to do.




	
Behavior

(BE)

	
PTBE1

	
How often did you use PT for HBW trips in the last three months?

	
[22,33,55,68]




	
PTBE2

	
How often did you use PT for HBW trips in the last month?




	
PTBE3

	
How often did you use PT for HBW trips in the last week?
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Table 2. General data for municipalities.






Table 2. General data for municipalities.





	City
	Antalya
	Erzurum
	Igdir





	Central area (square kilometers)
	3021
	3244
	1479



	Central population
	1,496,881
	433,300
	101,700



	Tram vehicle number
	35
	0
	0



	Bus number
	688
	259
	5



	Minibus number
	89
	95
	158



	Tram line
	3
	0
	0



	Bus and minibus line
	115
	35
	13



	Tram line length (kilometer)
	49.7
	0
	0



	Bus and minibus line length (kilometer)
	6087
	1050
	176



	Tram stop
	60
	0
	0



	Bus and minibus stop
	3512
	400
	138
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Table 3. Demographic statistics.






Table 3. Demographic statistics.





	
Variable

	
Items

	
Distribution (%)




	
General

	
Antalya

	
Erzurum

	
Igdir






	
Gender

	
Male

	
60.010

	
59.242

	
54.717

	
69.512




	
Female

	
39.990

	
40.758

	
45.283

	
30.488




	
Age

	
18–24

	
6.787

	
8.815

	
1.372

	
9.268




	
25–34

	
27.148

	
22.749

	
29.503

	
35.122




	
35–44

	
35.889

	
33.175

	
39.794

	
37.317




	
45–54

	
22.363

	
24.550

	
24.185

	
14.146




	
55–64

	
7.080

	
9.384

	
4.974

	
4.146




	
>64

	
0.732

	
1.327

	
0.172

	
0.000




	
Marital

Status

	
Single

	
25.635

	
26.351

	
21.269

	
30.000




	
Married

	
74.365

	
73.649

	
78.731

	
70.000




	
Education

	
Primary School

	
1.025

	
0.664

	
0.000

	
3.415




	
Middle School

	
2.930

	
2.370

	
1.372

	
6.585




	
High School

	
21.533

	
25.498

	
13.208

	
23.171




	
College

	
22.754

	
32.607

	
12.521

	
11.951




	
Bachelor’s Degree

	
40.576

	
30.995

	
55.746

	
43.659




	
Master’s Degree

	
8.936

	
7.014

	
13.379

	
7.561




	
Doctoral Degree

	
2.246

	
0.853

	
3.774

	
3.659




	
Sector

	
Public sector

	
47.021

	
47.014

	
52.659

	
39.024




	
Private sector

	
52.979

	
52.986

	
47.341

	
60.976




	
Household

Income (TRY)

	
<4.250

	
2.441

	
3.507

	
0.515

	
2.439




	
4.250–8.499

	
19.629

	
17.156

	
17.839

	
28.537




	
8.500–14.999

	
42.188

	
45.687

	
42.196

	
33.171




	
15.000–20.000

	
24.756

	
24.265

	
29.331

	
19.512




	
>20.000

	
10.986

	
9.384

	
10.120

	
16.341




	
Driving license

	
Yes

	
90.723

	
90.521

	
93.139

	
87.805




	
No

	
9.277

	
9.479

	
6.861

	
12.195




	
Distance to nearest

PT stop to

commute (minute)

	
<1

	
11.035

	
6.066

	
16.467

	
16.098




	
1–3

	
30.859

	
37.441

	
28.816

	
16.829




	
3–5

	
31.641

	
36.019

	
29.674

	
23.171




	
5–10

	
14.990

	
12.986

	
16.810

	
17.561




	
>10

	
6.396

	
4.455

	
5.146

	
13.171




	
Does not know

	
5.078

	
3.033

	
3.087

	
13.171
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Table 4. Convergent validity table.






Table 4. Convergent validity table.





	
Construct

	
Item

	
Outer Loading

	
Construct

	
Item

	
Outer Loading






	
ATT

Cronbach’s α = 0.950

AVE = 0.833

CR = 0.950

	
PTIA1

	
0.917 ***

	
EC

Cronbach’s α = 0.974

AVE = 0.849

CR = 0.976

	
PTPEC1

	
0.940 ***




	
PTIA2

	
0.906 ***

	
PTPEC2

	
0.943 ***




	
PTIA3

	
0.932 ***

	
PTPEC3

	
0.951 ***




	
PTEA1

	
0.919 ***

	
PTPEC4

	
0.928 ***




	
PTEA2

	
0.890 ***

	
PTPEC5

	
0.940 ***




	
PN

Cronbach’s α = 0.884

AVE = 0.742

CR = 0.886

	
PTIN1

	
0.879 ***

	
PTPEC6

	
0.855 ***




	
PTIN2

	
0.881 ***

	
PTPEC7

	
0.886 ***




	
PTDN1

	
0.858 ***

	
PTPEC8

	
0.926 ***




	
PTDN2

	
0.828 ***

	
HAB

Cronbach’s α = 0.966

AVE = 0.727

CR = 0.966

	
PTHAB11

	
0.861 ***




	
PA

Cronbach’s α = 0.912

AVE = 0.739

CR = 0.914

	
PTPBC1

	
0.861 ***

	
PTHAB12

	
0.864 ***




	
PTPBC2

	
0.846 ***

	
PTHAB13

	
0.857 ***




	
PTPBC3

	
0.874 ***

	
PTHAB21

	
0.855 ***




	
PTSE1

	
0.837 ***

	
PTHAB22

	
0.848 ***




	
PTSE2

	
0.878 ***

	
PTHAB23

	
0.850 ***




	
IN

Cronbach’s α = 0.886

AVE = 0.897

CR = 0.886

	
PTINT1

	
0.948 ***

	
PTHAB31

	
0.851 ***




	
PTINT2

	
0.947 ***

	
PTHAB32

	
0.858 ***




	
BC

Cronbach’s α = 0.752

AVE = 0.801

CR = 0.762

	
PTKS1

	
0.910 ***

	
PTHAB41

	
0.851 ***




	
PTKS2

	
0.880 ***

	
PTHAB42

	
0.817 ***




	
BE

Cronbach’s α = 0.968

AVE = 0.941

CR = 0.969

	
PTBE1

	
0.965 ***

	
PTHAB51

	
0.859 ***




	
PTBE2

	
0.975 ***

	
PTHAB52

	
0.862 ***




	
PTBE3

	
0.969 ***

	








Note: *** p < 0.001.
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Table 5. HTMT results.






Table 5. HTMT results.
















	Construct
	ATT
	BC
	BE
	EC
	HAB
	IN
	PA
	PN





	ATT
	
	
	
	
	
	
	
	



	BC
	0.831
	
	
	
	
	
	
	



	BE
	0.812
	0.809
	
	
	
	
	
	



	EC
	0.737
	0.727
	0.783
	
	
	
	
	



	HAB
	0.783
	0.718
	0.771
	0.618
	
	
	
	



	IN
	0.805
	0.787
	0.882
	0.726
	0.797
	
	
	



	PA
	0.783
	0.846
	0.808
	0.686
	0.746
	0.820
	
	



	PN
	0.822
	0.823
	0.833
	0.692
	0.849
	0.847
	0.827
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Table 6. Fornell–Larcker results.






Table 6. Fornell–Larcker results.
















	Construct
	ATT
	BC
	BE
	EC
	HAB
	IN
	PA
	PN





	ATT
	0.913
	
	
	
	
	
	
	



	BC
	0.704
	0.895
	
	
	
	
	
	



	BE
	0.779
	0.693
	0.970
	
	
	
	
	



	EC
	−0.710
	−0.623
	−0.762
	0.922
	
	
	
	



	HAB
	0.750
	0.618
	0.746
	−0.602
	0.853
	
	
	



	IN
	0.738
	0.645
	0.836
	−0.676
	0.737
	0.947
	
	



	PA
	0.729
	0.702
	0.760
	−0.648
	0.703
	0.738
	0.859
	



	PN
	0.754
	0.674
	0.771
	−0.644
	0.786
	0.750
	0.743
	0.861
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Table 7. VIF results.






Table 7. VIF results.
















	Construct
	ATT
	BC
	BE
	EC
	HAB
	IN
	PA
	PN





	ATT
	
	
	
	
	
	2.715
	
	



	BC
	
	
	2.028
	
	
	
	
	



	BE
	
	
	
	
	
	
	
	



	EC
	
	
	2.106
	
	
	
	
	



	HAB
	
	
	2.412
	
	
	
	
	



	IN
	
	
	2.832
	
	
	
	
	



	PA
	
	
	
	
	
	2.619
	
	



	PN
	
	
	
	
	
	2.843
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Table 8. Path coefficients and hypotheses results.






Table 8. Path coefficients and hypotheses results.





	Path
	Path Coefficients (O)
	M
	STDEV
	T Statistics
	p-Values
	f2
	Hypotheses





	H1: ATT → IN
	0.284 ***
	0.284
	0.023
	12.583
	0.000
	0.089
	Accepted



	H2: PN → IN
	0.314 ***
	0.315
	0.024
	13.162
	0.000
	0.104
	Accepted



	H3: PA → IN
	0.298 ***
	0.297
	0.023
	13.075
	0.000
	0.101
	Accepted



	H4: IN → BE
	0.428 ***
	0.427
	0.020
	21.215
	0.000
	0.319
	Accepted



	H5: BC → BE
	0.128 ***
	0.128
	0.014
	9.194
	0.000
	0.040
	Accepted



	H6: EC → BE
	−0.285 ***
	−0.285
	0.018
	15.732
	0.000
	0.190
	Accepted



	H7: HAB → BE
	0.181 ***
	0.181
	0.017
	10.440
	0.000
	0.067
	Accepted







Note: (1) Path coefficients are standardized. M is the mean, and STDEV is the standard deviation for path coefficient. *** p < 0.001. (2) “f2” is the effect size. f2 ≥ 0.02 is a small effect, f2 ≥ 0.15 is a medium effect, and f2 ≥ 0.35 is a large effect [84].
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Table 9. R-square and Q-square results.






Table 9. R-square and Q-square results.





	Construct
	R2
	R2-Adjusted
	Q2 Predict





	BE
	0.798
	0.798
	0.766



	IN
	0.665
	0.665
	0.664







Note: (1) R2 is 0.67 (substantial), 0.33 (moderate), and 0.19 (weak) [81] (2) Predictive relevance is good if Q2 > 0 [74].
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Table 10. Modal fit results.






Table 10. Modal fit results.










	
	Saturated Model
	Estimated Model





	SRMR
	0.028
	0.033



	d_ULS
	0.676
	0.914



	d_G
	0.51
	0.509



	Chi-square
	6232.832
	6110.321



	NFI
	0.935
	0.936
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Table 11. Path coefficients comparisons for cities.






Table 11. Path coefficients comparisons for cities.





	
Path

	
Path Coefficients

	
Differences in Path Coefficients




	
Antalya (An.)

	
Erzurum (Er.)

	
Igdir (Ig.)

	
Diff. An.-Er.

	
Diff. An.-Ig.

	
Diff. Er.-Ig.






	
ATT → IN

	
0.268 ***

	
0.300 ***

	
0.330 ***

	
−0.032

	
−0.062

	
−0.031




	
(0.000)

	
(0.000)

	
(0.000)

	
(0.578)

	
(0.238)

	
(0.649)




	
BC → BE

	
0.095 ***

	
0.045 **

	
0.106 **

	
0.050 *

	
−0.010

	
−0.061 *




	
(0.000)

	
(0.011)

	
(0.001)

	
(0.081)

	
(0.788)

	
(0.094)




	
EC → BE

	
−0.560 ***

	
−0.046 **

	
−0.342 ***

	
−0.514 ***

	
−0.218 ***

	
0.296 ***




	
(0.000)

	
(0.005)

	
(0.000)

	
(0.000)

	
(0.000)

	
(0.000)




	
HAB → BE

	
0.073 **

	
0.231 ***

	
0.258 ***

	
−0.158 ***

	
−0.186 ***

	
−0.028




	
(0.004)

	
(0.000)

	
(0.000)

	
(0.000)

	
(0.000)

	
(0.535)




	
IN → BE

	
0.246 ***

	
0.704 ***

	
0.345 ***

	
−0.459 ***

	
−0.100 *

	
0.359 ***




	
(0.000)

	
(0.000)

	
(0.000)

	
(0.000)

	
(0.082)

	
(0.000)




	
PA → IN

	
0.335 ***

	
0.192 ***

	
0.393 ***

	
0.143 **

	
−0.058

	
−0.201 **




	
(0.000)

	
(0.000)

	
(0.000)

	
(0.011)

	
(0.316)

	
(0.004)




	
PN → IN

	
0.299 ***

	
0.359 ***

	
0.212 ***

	
−0.060

	
0.086

	
0.146 *




	
(0.000)

	
(0.000)

	
(0.000)

	
(0.327)

	
(0.162)

	
(0.051)








Note: (1) Diff. is difference. (2) p-values are shown in parentheses, *** for p < 0.001, ** for p < 0.01, and * for p < 0.1.
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Table 12. F-square comparisons for cities.






Table 12. F-square comparisons for cities.





	
Path

	
f-Square Values

	
Differences in f-Square




	
Antalya (An.)

	
Erzurum (Er.)

	
Igdir (Ig.)

	
Diff. An.-Er.

	
Diff. An.-Ig.

	
Diff. Er.-Ig.






	
ATT → IN

	
0.085 ***

	
0.081 **

	
0.139 **

	
0.005

	
−0.054

	
−0.058




	
(0.000)

	
(0.006)

	
(0.001)

	
(0.858)

	
(0.220)

	
(0.239)




	
BC → BE

	
0.020 **

	
0.009

	
0.030

	
0.011

	
−0.010

	
−0.021




	
(0.040)

	
(0.231)

	
(0.110)

	
(0.358)

	
(0.676)

	
(0.274)




	
EC → BE

	
0.397 ***

	
0.013

	
0.345 ***

	
0.385 ***

	
0.052

	
−0.333 ***




	
(0.000)

	
(0.168)

	
(0.000)

	
(0.000)

	
(0.590)

	
(0.000)




	
HAB → BE

	
0.010

	
0.202 ***

	
0.165 **

	
−0.193 ***

	
−0.155 ***

	
0.037




	
(0.173)

	
(0.000)

	
(0.002)

	
(0.000)

	
(0.000)

	
(0.577)




	
IN → BE

	
0.113 ***

	
1.655 ***

	
0.228 **

	
−1.542 ***

	
−0.115

	
1.427 ***




	
(0.000)

	
(0.000)

	
(0.002)

	
(0.000)

	
(0.107)

	
(0.000)




	
PA → IN

	
0.131 ***

	
0.033 *

	
0.225 ***

	
0.098 **

	
−0.095

	
−0.193 ***




	
(0.000)

	
(0.068)

	
(0.000)

	
(0.002)

	
(0.134)

	
(0.000)




	
PN → IN

	
0.096 ***

	
0.121 **

	
0.057 *

	
−0.025

	
0.039

	
0.064




	
(0.000)

	
(0.001)

	
(0.061)

	
(0.568)

	
(0.282)

	
(0.172)








Note: (1) Diff. is difference. (2) p-values are shown in parentheses, *** for p < 0.001, ** for p < 0.01, and * for p < 0.1.
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Table 13. Path coefficients, and f-square results.






Table 13. Path coefficients, and f-square results.





	
Path

	
Gender

	
Sector

	
Driving License




	
Woman

	
Man

	
Public Sector

	
Private Sector

	
Yes

	
No






	
ATT → IN

	
Path coeff.

	
0.277 ***

	
0.287 ***

	
0.273 ***

	
0.295 ***

	
0.283 ***

	
0.294 ***




	
f2

	
0.081 •

	
0.094 •

	
0.081 •

	
0.097 •

	
0.086 •

	
0.111 •




	
BC → BE

	
Path coeff.

	
0.143 ***

	
0.12 ***

	
0.112 ***

	
0.137 ***

	
0.126 ***

	
0.185 ***




	
f2

	
0.045 •

	
0.038 •

	
0.025 •

	
0.057 •

	
0.038 •

	
0.07 •




	
EC → BE

	
Path coeff.

	
−0.311 ***

	
−0.267 ***

	
−0.254 ***

	
−0.304 ***

	
−0.281 ***

	
−0.346 ***




	
f2

	
0.205 ••

	
0.181 ••

	
0.128 •

	
0.262 ••

	
0.178 ••

	
0.331 ••




	
HAB → BE

	
Path coeff.

	
0.174 ***

	
0.185 ***

	
0.175 ***

	
0.198 ***

	
0.172 ***

	
0.203 ***




	
f2

	
0.059 •

	
0.073 •

	
0.049 •

	
0.1 •

	
0.06 •

	
0.078 •




	
IN → BE

	
Path coeff.

	
0.385 ***

	
0.454 ***

	
0.448 ***

	
0.406 ***

	
0.441 ***

	
0.292 ***




	
f2

	
0.25 ••

	
0.369 •••

	
0.296 ••

	
0.348 ••

	
0.336 ••

	
0.137 •




	
PA → IN

	
Path coeff.

	
0.362 ***

	
0.261 ***

	
0.313 ***

	
0.282 ***

	
0.291 ***

	
0.343 ***




	
f2

	
0.135 •

	
0.084 •

	
0.115 •

	
0.088 •

	
0.097 •

	
0.135 •




	
PN → IN

	
Path coeff.

	
0.248 ***

	
0.355 ***

	
0.302 ***

	
0.326 ***

	
0.311 ***

	
0.297 ***




	
f2

	
0.057 •

	
0.144 •

	
0.094 •

	
0.114 •

	
0.101 •

	
0.111 •








Note: (1) Path coeff. is path coefficients. (2) p-values are indicated by symbols, *** for p < 0.001. (3) The effect size of f2 values is indicated by symbols, • for f2 ≥ 0.02, •• for f2 ≥ 0.15, and ••• for f2 ≥ 0.35.
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Table 14. Path coefficients for other demographic variables.






Table 14. Path coefficients for other demographic variables.





	
Path

	
ATT → IN

	
BC → BE

	
EC → BE

	
HAB → BE

	
IN → BE

	
PA → IN

	
PN → IN






	
Education

	
High School (HS)

	
0.271 ***

	
0.183 ***

	
−0.333 ***

	
0.171 ***

	
0.325 ***

	
0.314 ***

	
0.317 ***




	
College (Coll)

	
0.305 ***

	
0.127 ***

	
−0.412 ***

	
0.165 ***

	
0.299 ***

	
0.344 ***

	
0.289 ***




	
Bachelor’s

Degree (BD)

	
0.298 ***

	
0.098 ***

	
−0.265 ***

	
0.151 ***

	
0.499 ***

	
0.311 ***

	
0.262 ***




	
Master’s

Degree (MD)

	
0.107

	
0.102

	
−0.227 ***

	
0.221 ***

	
0.520 ***

	
0.280 ***

	
0.411 ***




	
Age

	
A25–34

	
0.249 ***

	
0.128 ***

	
−0.324 ***

	
0.130 ***

	
0.445 ***

	
0.373 ***

	
0.280 ***




	
A35–44

	
0.270 ***

	
0.147 ***

	
−0.255 ***

	
0.144 ***

	
0.455 ***

	
0.303 ***

	
0.314 ***




	
A45–54

	
0.360 ***

	
0.094 ***

	
−0.212 ***

	
0.252 ***

	
0.469 ***

	
0.205 ***

	
0.328 ***




	
A55–64

	
0.284 ***

	
0.164 ***

	
−0.267 ***

	
0.247 **

	
0.357 ***

	
0.248 ***

	
0.408 ***




	
Distance to

Stop (minutes)

	
<1 min

	
0.174 **

	
0.133 **

	
−0.179 ***

	
0.213 ***

	
0.509 ***

	
0.364 ***

	
0.311 ***




	
1–3 min

	
0.336 ***

	
0.104 **

	
−0.359 ***

	
0.153 ***

	
0.369 ***

	
0.228 ***

	
0.325 ***




	
3–5 min

	
0.247 ***

	
0.113 ***

	
−0.290 ***

	
0.143 ***

	
0.457 ***

	
0.283 ***

	
0.363 ***




	
5–10 min

	
0.232 ***

	
0.187 ***

	
−0.215 ***

	
0.206 ***

	
0.468 ***

	
0.452 ***

	
0.239 ***




	
>10 min

	
0.127

	
0.177 ***

	
−0.371 ***

	
0.189 **

	
0.308 ***

	
0.367 **

	
0.305 **




	
Household

Income

	
HI2

	
0.286 ***

	
0.126 ***

	
−0.334 ***

	
0.153 ***

	
0.417 ***

	
0.322 ***

	
0.316 ***




	
HI3

	
0.305 ***

	
0.121 ***

	
−0.287 ***

	
0.176 ***

	
0.409 ***

	
0.287 ***

	
0.312 ***




	
HI4

	
0.206 ***

	
0.119 ***

	
−0.279 ***

	
0.129 ***

	
0.488 ***

	
0.328 ***

	
0.295 ***




	
HI5

	
0.273 ***

	
0.233 ***

	
−0.284 ***

	
0.263 ***

	
0.388 ***

	
0.138 **

	
0.216 **








Note: *** for p < 0.001, and ** for p < 0.01.
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Table 15. MGA comparisons for education, age, and household income.






Table 15. MGA comparisons for education, age, and household income.





	
Path

	
BC → BE

	
EC → BE

	
IN → BE






	
Education

	
Comparison

	
Diff. HS-BD

	
Diff. Coll-BD

	
Diff. HS-BD




	
Differences

	
0.084

	
−0.146

	
−0.174




	
p-value

	
0.030

	
0.006

	
0.002




	
Comparison

	

	
Diff. Coll-MD

	
Diff. HS-MD




	
Differences

	

	
−0.185

	
−0.196




	
p-value

	

	
0.012

	
0.011




	
Comparison

	

	

	
Diff. Coll-BD




	
Differences

	

	

	
−0.200




	
p-value

	

	

	
0.000




	
Comparison

	

	

	
Diff. Coll-MD




	
Differences

	

	

	
−0.221




	
p-value

	

	

	
0.004




	
Path

	
EC→ BE

	
HAB→ BE

	
PA→ IN




	
Age

	
Comparison

	
A25–34–A45–54

	
A25–34–A45–54

	
A25–34–A45–54




	
Differences

	
−0.112

	
−0.122

	
0.168




	
p-value

	
0.012

	
0.012

	
0.008




	
Comparison

	

	
A35–44–A45–54

	




	
Differences

	

	
−0.108

	




	
p-value

	

	
0.015

	




	
Path

	
BC→ BE

	
HAB→ BE

	
PA→ IN




	
Household Income

	
Comparison

	
HI2–HI5

	
HI4–HI5

	
HI2–HI5




	
Differences

	
−0.107

	
−0.135

	
0.184




	
p-value

	
0.035

	
0.036

	
0.028




	
Comparison

	
HI3–HI5

	

	
HI3–HI5




	
Differences

	
−0.112

	

	
0.149




	
p-value

	
0.013

	

	
0.047




	
Comparison

	
HI4–HI5

	

	
HI4–HI5




	
Differences

	
−0.114

	

	
0.190




	
p-value

	
0.020

	

	
0.021
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Table 16. Distance to PT stop path coefficients comparison results.






Table 16. Distance to PT stop path coefficients comparison results.





	
Path

	
EC → BE

	
IN → BE

	
PA → IN






	
Distance to Stop

(minutes)

	
Comparison

	
<1/1–3

	
<1/>10

	
1–3/5–10




	
Differences

	
0.179

	
0.202

	
−0.224




	
p-value

	
0.004

	
0.024

	
0.001




	
Comparison

	
<1/>10

	
3–5/>10

	
3–5/5–10




	
Differences

	
0.192

	
0.149

	
−0.169




	
p-value

	
0.041

	
0.044

	
0.011




	
Comparison

	
1–3/5–10

	
5–10/>10

	




	
Differences

	
−0.143

	
0.160

	




	
p-value

	
0.008

	
0.049
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