

  sustainability-12-09522




sustainability-12-09522







Sustainability 2020, 12(22), 9522; doi:10.3390/su12229522




Article



Influential Factors Affecting Travelers’ Mode Choice Behavior on Mass Transit in Bangkok, Thailand



Phattarasuda Witchayaphong 1,*[image: Orcid], Surachet Pravinvongvuth 1, Kunnawee Kanitpong 1, Kazushi Sano 2 and Suksun Horpibulsuk 3,4[image: Orcid]





1



Transportation Engineering, School of Engineering and Technology, Asian Institute of Technology, Bangkok 12120, Thailand






2



Department of Civil and Environmental Engineering, Nagaoka University of Technology, Niigata 940-2188, Japan






3



School of Civil Engineering, and Center of Excellence in Innovation for Sustainable Infrastructure Development, Suranaree University of Technology, Nakhon Ratchasima 30000, Thailand






4



Academy of Science, The Royal Society of Thailand, Bangkok 10300, Thailand









*



Correspondence: p.witchayaphong@gmail.com; Tel.: +66-2524-5522







Received: 13 October 2020 / Accepted: 9 November 2020 / Published: 16 November 2020



Abstract

:

Increasing use of single or fewer occupant vehicles has increased traffic congestion and transport-related emissions. Public transport as mass transit options are increasingly being encouraged amongst travelers to use, as this is an influential strategy to improve the transport network performance. This paper presents a study based on a revealed preference survey conducted on a random sample of 4467 respondents to understand the influential factors affecting the users’ choice of mass transit in Bangkok, Thailand. This study identified an inversely proportional relationship of socio-economic and spatial attributes on public transport mode choice. The binary logit model was employed to compare the utility of private vehicles and mass transit modes. The results showed that gender, age, average income, auto ownership, total travel cost in private transport, total travel time in public transport and distance range from home to mass transit station were the factors that influenced travelers’ mode choice behavior. Moreover, to ascertain the effects of explanatory variables which influence the likelihood of Thai travelers, another binary logit model analysis was utilized by the four distance ranges condition. The studied results showed that there were few significant differences in the propensity to use mass transit. Due to the longer distance of the station, total travel time in public transport was not affected by the Thai travelers mode choice. This research will aid transport authorities and planners to gain knowledge on the impact of socio-economic and spatial behavior of public transport users on their mode choice, resulting in the development in sustainable transport in Bangkok, Thailand.
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1. Introduction


Rapid population growth and economic development have caused a growth in vehicle travel demand in metropolitan areas globally, thus increasing energy consumption and greenhouse gas emission. In fact, the global transport sector was responsible for 31,310 TWh of energy consumption and around 14% of global greenhouse gas (GHG) emissions in 2015 and the demand for this is expected to increase by 260% in 2050 [1,2]. In Thailand, the rapid growth of private vehicles has contributed to emissions as the transport sector emits 59.58 MtCO2 eq or 26.92% of the energy sector in 2013 [3]. The increased amount of burning fossil fuel inside the vehicle’s engine will lead to the emissions of carbon dioxide and other harmful gasses into the atmosphere. This emission has a negative effect on the world’s climate. Additionally, it contributes to the increase of the global temperature, sea level rise and eventually global warming [4]. The vehicle by itself is responsible for one-third of the greenhouse gas emissions worldwide. In 2018, the Office of Transport and Traffic Policy and Planning [5] identified the common mode of transport in Bangkok as private vehicles (64% private vehicles, 30% public vehicles and 6% nonmotorized vehicles). Bangkok experiences major traffic congestion which leads to air quality problems. As a result, human health will be affected by these emissions; particularly human respiratory system which must be recognised as an important issue of the current transport system in Bangkok. Moreover, the congestion increases blood pressure and chronic stress. Additionally, it has a negative impact on the psychological adjustment, work routine and overall satisfaction with life [6,7,8]. In 2012, Bangkok was ranked as one of the top 10 most congested cities in the world [7]. The congestion causes travel time delays and increases the number of road accidents [9]. These negative impacts threaten the quality of life and mobility within societies and make transport unsustainable. Shifting from single-vehicle use to shared transport addressed as a promising strategy can reduce traffic congestion and vehicular emissions [10,11,12]. This can be seen from the introduction of the Mass Rapid Transit (MRT) and Bangkok mass-Transport System (BTS) which has relieved the level of congestion [13]. However, major arterial and connecting roads in Bangkok still suffer from the congestion which requires more effort in promoting the use of public transport. In 2017, Pita et al. [3] stated that public transport would be essential in relieving congestion and meeting Thailand’s policy of reducing greenhouse gas emissions to 20–25% by 2030. It has many benefits for the health and development of cities and people [9].



In order to shift towards a widespread usage of public transport in Thailand, it is essential for planners to provide good management strategies to reduce usage of private vehicles. Decision making on travel mode choice is affected by people behaviors and lifestyle patterns which create varied and complex travel needs. Hence, the planners’ strategies should aim at changing the behavior of travelers and understanding what motivates travelers to use public transport. To do so, investigation and research are required to understand commuters’ influential factors towards travel modes and develop the most attributes required to shift people to the usage of public transport. According to Koppelman and Bhat [14], a transport mode can be characterized by a set of attributes. Attributes can either be generic or alternative-specific. Generic attributes can be applied to all modes equally such as “in-vehicle-time”, while alternative-specific can only be applied for one or some of the modes such as “waiting time in transit stops” which is specific to that transit mode only and will not affect other modes. The main contribution of this paper is to fill a gap in previous literature on empirical studies that analyzed the determinants influencing mode choice for road users in Bangkok, Thailand. Hence, this paper focuses on employing a binary logistic regression model to analyze the influencing determinants for mode choice in Bangkok. This study will be beneficial to the policymakers and transport authorities in carving the path to an efficient transport system solving the issues of the existing public transport systems. Without a better understanding of public users’ needs, the system will not be efficient in pushing the people towards public transport modes. Therefore, a proper understanding of this essential knowledge of users’ response and their socio-economic and spatial characteristics on mode choice will be beneficial to develop the sustainable public transport system.




2. Literature Review


Travel behavior for mode choice determination affects the efficiency of a transport system. The analysis of the travel behavior differs in each country based on methodology, data collected, attribute variables and units of analysis. This information is essential in creating robust transport facilities in urban areas. Mode choice determinants can be classified into three groups [15,16,17,18,19]; the first group includes subjective determinants that include socio-economic and demographic determinants such as age, gender, income, employment status and vehicle ownership. The second is spatial determinants which focus on population density that can influence the cost, accessibility, time and suitability of using a transport mode. The third includes determinants of passenger’s perception such as transport policy, law, parking fees, tolls, quality service, etc. The impact of these three types of determinants on mode choice preference is discussed in following subsections.



2.1. Subjective Determinants on Mode Choice


A stated preference survey was conducted in Johor Bahru city using the binary logit model. The study results showed that age, income, vehicle ownership, comfort of a car, reliability of bus service, effective motives and instrumental motives were the main attributes correlated to the travel mode choice [20]. Similar methodology and objectives were conducted in the city of Łódź, Poland [19], which also emphasized that sociodemographic attributes of respondents and household access to a car highly affected transport mode choices. Another analysis was conducted in Croatia to show the preferences for using two modes: cars and public transport. It was evident that the demographic and socio-economic characteristics affected the choice of these modes. The survey data and binary logistic regression analysis were used to identify attributes affecting the mode usage; and they were age, cost, accessibility to public transport and the number of vehicles in the house [21]. A similar study in China applied a hierarchical structure model to forecast mode choice, and a logical relationship to determine the influential factors using existing trip survey data [22]. Another study in China used a binary logistic model to examine the influential factors on travelers choice between the modes of the private car and public transport [23]. It was found that travelers’ gender and auto ownership were the most influential factors on choosing the private vehicle. A study in Brazil used household survey data to analyze mode choice based on socio-economic determinants and geographical position [24]. This study used the decision tree and multinomial logit model to predict the mode choice effectively under the geographical location of the travelers. A study in Spain used a Geographically Weighted Regression (GWR) model to analyze factors affecting daily trips by the metro system of Madrid [25]. This study considered several explanatory variables, including socio-economic characteristics of the population, land use, accessibility and transportation system attributes. The result was evident that seven explanatory variables including the male population, households without a car, population mix, area addressed to residential buildings, active accessibility, resident’s location, and bus lines were affecting trip generations on the metro system of Madrid.



In summary, the most commonly analyzed subjective determinants on mode choice in past literature are factors related to incomes of individuals, i.e., household status and vehicle ownership. The higher income benefitted the travelers to be able to own, maintain and frequently use vehicles. Apart from this, factors such as gender, age, composition of household were considered to estimate the physical condition of the travelers. Furthermore, attributes to analyze travelers’ attitude and perception of safety were considered for analysis in past literature which helps distinguish how peoples’ lifestyle influence on mode choice.



With the complexity of mode choice, subjective determinants that influence the choice are not limited to socio-economic characteristics but also related to socio-psychological factors. Hence, Buehler [26] has completed an interesting study based on Triandis’ theory of interpersonal behavior. This theory allowed Buehler to extract attitude, habitual and other affective factors that influenced people’s mode choice. Buehler found that an individual’s choice on using their vehicle was related to the individual’s strong habitual based on positive emotions on car use.




2.2. Spatial Determinants on Mode Choice


Spatial determinants that influence mode choice usually include land use structure, accessibility to a certain mode from their origin, time and cost factors of using that transport mode. According to Buehler [27], a comparative case study has been conducted to investigate the essential attributes concerning transport mode choice in the United States and Germany. The main differences in the attributes between both countries showed that the United States was more car-dependent amongst all groups of society. Additionally, people living in a dense area in the United States who were close to public transport were more likely to use their private vehicles than Germans living in lower-density areas who were farther from public transport. Germans were more likely to walk, cycle and use public transport and robust policies in Germany encouraged the usage of public transport such as increased cost of private ownership, etc. Shen et al. [28] used a latent class model and mixed logit model for transport mode choice based on survey data collected from Japan. The main attributes affecting mode choice were: in-vehicle time, accessibility to public transport, frequency of travel, cost and environmental negative impact [28]. Al-Doori [29] studied on attributes in Yemen that would affect the mode shift of travelers from private vehicles to public transport. It showed that waiting time had a significant impact on mode choice. When public transport’s waiting time was less than 10 min, people would more likely shift to use public transport. Gadziński [30] analyzed the relationship between accessibility of public transport and travel behavior in Poznań city. A correlation coefficient was used to determine that the frequency of travel and travel mode choice were highly correlated with the level of urbanisation. Moreover, integration of discrete choice model and structural equation model were utilised in Chengdu city, China which focused on mode choice on public transport using a latent variable. These latent variables were hidden factors that could not be directly measured or observed, however, these factors had an impact on mode choice. The factors incorporated in the proposed model were modal comfort, personal safety, service environment, convenience and waiting time. It was found that convenience and service environment had higher impacts on public transport mode choice while modal comfort had minimum impact on public transport mode choice [31]. Fu and Juan [32] discovered that the most significant factor which affected public transport usage behavior was behavioral intention using a structural equation model in China while Wang and Zhou [33] focused on relationships between built environment characteristics and mode choice. The compact and clustered developments (higher population densities and high jobs) attracted the usage of public transport. Additionally, if job–house opportunities were balanced, the usage of private vehicles would be reduced. Amongst a few researches on medium–long distance trips, Limtanakool et al. [34] conducted an interesting study on the influence of spatial determinants and socio-economic characteristics on home-based trips that are over 50 km based on National Travel Survey data in the Netherlands. This study employed the logit model and identified that spatial determinants of land use arrangement over socio-economic characteristics significantly influenced mode choice on medium–long distanced trips. Moreover, Sanit et al. [35] investigated the factors involved in household choices decisions of multi-worker households with particular emphasis on the role of transport factors, found that rather than transport factors, socio-demographic status played a significant role in explaining their decision mechanism.




2.3. Passenger’s Perception Determinants on Mode Choice


As per the past studies, reducing car dependency through volunteer measures has not been successful. Therefore, passenger’s perception measures such as applications of road pricing, congestion pricing, parking costs, introduction of new fuel-efficient transport options and quality service are some of the strategies which can help the shift from single-occupant vehicles to public transport [36,37,38,39]. These strategies were shown to result in a significant reduction in congestion [40]. Hence, studies on mode choices based on determinants of passenger’s perception is important. Washbrook et al. [41] analyzed driver response to tolls and other policies that introduced financial disincentives based on revealed preference survey data. It was shown that these policies resulted in a major reduction in single-occupant vehicle usage. Similar implications were taken in China to reduce car dependency and minimize transport-related emissions by Jain and Tiwari [42]. Vrtic et al. [41] conducted a study in Switzerland employing a stated preference survey to support their policy agencies to evaluate the impact of new road pricing schemes on mode choice behavior. The survey was used to analyze the impact of road pricing on mode, route, and departure time choices. Survey respondents tended to avoid costs. For example, people tended to avoid parking costs by choosing longer walking times to get to public transport and tended to avoid toll costs by choosing alternative route options. In Canada, Hasnine et al. [43] developed a simulation model integrating toll optimization into an integrated framework related to travelers’ departure time choice, route and mode choices. The results showed that travelers tended to change their route choice and departure times when experiencing price policies rather than their mode choices. Irfan et al. [44] developed a model for travel behavior for work-trip mode using data from revealed preferences and stated preferences surveys in Pakistan. The multinomial logistic model was utilized to develop a modal-split model to estimate demand responses to the policies related to transit improvements and congestion pricing. The travel demand was found to be elastic with respect to congestion pricing. A study based on survey data conducted on Australian university students showed that to achieve a mode shift to public transport, transport policy strategies should understand people’s environmental beliefs on transport modes and their situation such as their access to public transport modes at reduced costs [45]. Additionally, Eboli et al. [46] studied transit service quality evaluated at railway stations in the north of Italy, and suggested a methodology for treating spatial variation of service quality attributes. The results showed that studies should consider spatial patterns across the region of the transit service quality attributes for a deeper investigation of passengers’ perceptions on rail services. Another study in Spain applied the structural equation model to examine the influencing passengers’ behavioral intentions towards the use of Light Rail Transit (LRT) services. The result found that behavioral intentions were mostly affected by users’ judgements on quality service and satisfaction level with service [47]. Concluding this discussion, fuel prices, parking fares, toll prices, speed limits, taxes and quality service are identified as influential determinants on mode choice.





3. Materials and Methods


3.1. Concept of Measurement


The question of the research is why Thai traveler households choose to reside near mass transit areas and whether they regularly use mass transit. Specifically, the sub research question is how both the determination of residential location choice as proximity to the mass transit station and travel mode choice behavior is controlled in terms of transport accessibility and socio-demographic factors. Therefore, the research assumption is to determine whether transport accessibility location is a factor to determine mode choice decision.



The primary data from the 4467 respondents were received from a preformatted questionnaire to collect individual opinions of populations who lives near the mass transit area (Figure 2). In a country, the behavior of travelers’ mode choice may be different depending on their living area since the accessibility is different. There may be a large number of factors that would affect travelers’ mode choice behavior and some of them may not be directly measured since they are unobservable factors. There may be an impact on those factors to the results if they could be determined, and the study focused on directly observable factors. Therefore, to understand a traveler’s preference for mode choice and behavior, questionnaire surveys were performed. The survey conducted was based on revealed preference (RP). RP data reveal the actual behavior of an individual and are assumed to be reliable, while at the same time attribute levels have little variability and are highly correlated and the result was analyzed by using the Logit model. In this research, the binary logit function was used to perform 5 models for choice analysis. The first modelling was generated to understand current mode choice behavior without integrating distance range whereas the other 4 models to identify the behavior of different traveler groups within 4 distance ranges in transport mode choice. The procedure of the research is summarized shown in Figure 1.




3.2. Questionnaire Survey


The survey was designed to gather people’s socio-demographic and economic details, travel behavior and their preference on choosing between 2 alternative travel mode choices: private vehicles and mass transit. The collection of modes offered to travelers for home base–work trips has been established on the topographical location of the trip. The degree of service data was produced for every single accessible mode and all the trips depending on the starting point/destination information of the journey. In terms of private vehicles, cars are the most used vehicle by Thai citizens which was considered as the main private vehicle mode for this research, while public transport represents mass transit mode. Motorcycling, cycling and walking are used as access modes (feeder mode) that connect to mass transit station as well as arrival to destinations. These following modes were not included as the main travel mode used for the research analysis. Therefore, to model the transport mode behavior, the binary logit model was used to explore the factors affecting private car versus mass transit use and also an analytically convenient modelling method in which the level of complexity of binary logit was less when compared to other models proposed.



The data obtained from the RP survey were reliable and this RP survey asked realistic travel information, which focused on home base-work trips. For the household survey, the questionnaire was given to Thai travelers who commute every day. The questionnaire was amended based on the pilot test and was used for collecting the actual data for this research, which was designed consisting of two sections: (1) The respondent’s personal information and (2) travel information. The first part of the survey included social and economic information, demographics of the respondent. Those included questions on gender, age, education level, career, average monthly income, household size and vehicles occupy. The second part contained questions related to the modes of transport which included questions on trip purpose, trip frequency, number of companies, main mode of transport used (private car or mass transit) from origin to destination, mode information of private car and mass transit, feeder mode connect to the main transport mode (motorcycle, walking and cycling), origin-destination station, travel time, travel cost, travel distance and waiting time. Even though the respondents selected the main mode of transport, they were still required need to provide travel information for both types of transport for the home base trips.




3.3. Participants


This research focused on extra details on private car users’ mode choice behavior in different areas to better understand the likely measures that would have to be taken to encourage greater mass transit use. This research was conducted in congested areas in Bangkok due to the existence of huge number of cars registered, accessibility of mass transit available and the adequate reflection of travelers. In the 2019 population, there were more than 66.59 million people in Thailand, which included 5.67 million people in Bangkok [48]. Especially, the respondents from the household survey along mass transit locations were randomly selected, depending on a simple random sampling technique, to accomplish a representative sample, which demonstrates demographic and socio-economic information. Therefore, due to the reasons mentioned above, these areas were envisioned to be an exceptional case study, which represents Bangkok. The 4467 samples in this research were collected from 2 main mass transit railway areas (Figure 2) within Bangkok, Thailand. The 2 areas were located at: (1) Airport Rail Link (ARL) area and (2) Bangkok Mass Transit System. The ARL is a Mass Transit System owned by State Railway of Thailand (SRT) and operated by SRT Electrified Train (SRTET). ARL first consisted of 2 express services (one service runs nonstop between Makkasan station and airport, and the other runs between Phayathai station and airport) and the city line, a commuter line that services with 8 stations. Bangkok Mass Transit System area, commonly known as the BTS or the Skytrain, is an elevated light rapid transit system or known as medium-capacity rail transport system in Bangkok, Thailand. In addition to serving businesses, shopping districts and residential areas in the heart of Bangkok, an extension project is also in the plan to reach the broader community of potential passengers in suburban Bangkok. The samples in these 2 areas totaled 3241 and 1226, respectively. For each area, the data were gathered within 4 distance ranges, which were indicated by circular shapes including (1) within 400 m, where the travelers could walk to get access to the main public transport stations. (2) 400–1000 m, where feeders could be used by travelers to get access to the main public stations. (3) 1000–10,000 m, where the feeders have to be used by travelers to get access to the stations, and (4) more than 10,000 m, from the station where it is too far to select transit services and private cars might be used by travelers. The number of samples within the 4 distance ranges from each area is presented in Table 1.




3.4. Sample Characteristics


The socio-economic characteristics and travel information of the survey respondents were classified per chosen mode (Table 2). The percentage of male respondents were 47.93%, while 52.07% were female. In terms of age, 6.87% of respondents were between 18 and 22 years old. 30.11% of respondents were between 23 and 30 years old. Most of them (34.61%) were aged between 31 and 40 years old, followed by 21.65% of respondents aging between 41 and 50 years old, 5.75% were aged between 51 and 60 years old, while 1.01% were older than 60 years old. For the education level, most applicants held bachelor’s degree and diploma with percentage of 53.57%, and 21.89%, respectively. 20.37% of respondents were high school, while 4.16% of applicants were postgraduate. In terms of career, 49.12% of the respondents were private employees, while 18.47% owned a private business, 8.87% were students, 16.77% were government employees and 6.78% were other careers. This research also observed differences in average monthly income and the results showed that 56.35% respondents had monthly income between THB 15,000 and 25,000 (1 USD = 31.59 THB), 29.04% had income less than THB 15,000, while 10.92% of applicants had income between THB 25,001 and 35,000, 2.87% had income of THB 35,001–50,000 per month, and 0.83% reported higher income THB >50,000. As per the household size, 35.62% of respondents had 2 people within their house, 34.12% had 3 people, 23.10% had more than 3 people, and 7.16% had only 1 person per household. The last section of the socio-economic characteristics part of the survey discussed details for the vehicle occupied, 51.24% of the respondents had at least 1–2 vehicles within their house, followed by 47.93% who did not own any, and 0.83% had more than 2 vehicles in their house.



According to the travel information of respondents, the most common trip purpose for Thai commuters was for work, school, business and shopping, which was 80.70%, 7.97%, 5.89% and 5.44%, respectively. The travel frequency of Thai commuters less than 6 times a week was 63.38%, followed by 35.73% being 6 to 9 times a week and 0.90% of respondents were travelled more than 9 times a week. The survey also showed the number of travelers within their trip, where 55.36% of respondents travelled alone, 37.97% travelled with a company, 5.55% travelled with a few companies and 1.12% travelled with more than 3 people. For the total travel time of commuter journey, most people, approximately 64.32%, spent within 30 min, 31.72% travelled between 30 to 60 min and 3.96% spent more than 1 h on their journey. According to the total travel cost, 91.18% of the respondents mostly spent less than THB 100 per trip, 8.10% spent between THB 101 to 200 per trip and 0.72% spent more than THB 200 per trip. Regarding the travel distance information, the highest number of respondents (86.14%) travelled within 15 km, followed by 10.57% who travelled between 15 to 25 km and 3.29% who travelled more than 25 km per trip. Lastly, the data of the total waiting time (only for those commuters who use mass transit) during trips showed that 53.93% of the respondents spent less than 10 min in regards to waiting time of their journey, while as 45.12% waited between 10 to 20 min and 0.91% waited more than 20 min during their travel journey.



The distance range area between household location to the main mass transit station by the proportion of 4467 respondents is shown in Figure 3. The information depicts that, on average, Thai respondents tended to use private cars (58.23%) rather than mass transit commute (41.77%). Additionally, it is evident that the further away a residential location is from a mass transit station, the higher the proportion is for private car users. For instance, when the distance to the station was less than 400 m. 50.34% of Thai respondents preferred to use mass transit while 49.66% preferred the usage of the private vehicle. When the distance increased up to 1000 m, 53.98% commuters avoided the usage of public transport while 46.02% were likely to use mass transit. Similarly, when the distance increased up to 10 km, 56.19% of respondents preferred to use their private vehicles while 43.81% chose the usage of mass transit. Meanwhile, when the distance to the station was larger than 10 km, the number of respondents who would rather use their private car increased significantly to 70.39% of respondents, compared to 29.61% of respondents selecting the usage of mass transit. Therefore, the survey results showed that there were few significant differences in the propensity to use mass transit due to the residential location at the longer distance to the station.




3.5. Model Specification


A binary logit model is commonly used in the field of transport planning and it describes the probability of choosing one transport mode out of 2 alternatives. The ability to represent complex aspects of individual traveler decision choices by incorporating important demographics can be interpreted by the logit model which is implemented for logistic regression. When the probability of selecting one alternative is P(a) and the other alternative’s probability is P(b), it can be written as P(b) = 1 − P(a). The binary logit model consists of the utility theory, which means that a traveler’s preference towards a specific transport mode is based on the value, is called utility (U) [49]. According to the binary logit model, the probability of selecting a transport mode, ‘m’ by an individual ‘i’ can be written by considering only the observed component of the utility function as follows:


   P  m i   =      e   V  m i        e   V  m i       +    e   V  n i       =    1  1   +    e   V  n i   −    V  m i        



(1)




where




	
Pmi is the probability of mode, ‘m’ being selected by individual i



	
Vmi is the utility function of mode, ‘m’ for individual i



	
Vni is the utility function of mode, ‘n’ for individual i








The mode utility is a mathematical function based on the attractions which are associated with a traveler related to a specific trip [50]. This discrete choice model predicts an individual’s choice based on utility or relative attractiveness [51,52] when the public transport is considered, utility functions are related with attributes such as waiting time (for the mode to arrive), in-vehicle travel time, travel cost, etc. A utility function can be written for a transport mode, ‘m’ for an individual ‘i’ as follows:


Umi = β0 + β1Xmi 1 + β2Xmi 2 + β3Xmi 3 + … + βnXmi n



(2)




where




	
Umi is the utility function of transport mode (m) for individual i



	
n is the total number of attributes



	
Xmi1, 2, 3, …, n is attributes of transport mode (m) for individual i



	
β0 is intercept value (constant)



	
β1, 2, 3, …, n is coefficients for attribute values








A binary logit model for Bangkok commuter trips was developed for 2 alternatives, namely, mass transit and private car, to compare the utility of these travel modes and identify the factors which influenced car users to move from travelling by car to public transport as mass transit. In this model, the dependent variable was “0” if the commuters’ travelled by private vehicle and “1” for mass transit commuter. According to the questionnaire survey, the RP survey focused mainly on current condition. The coefficients were estimated by fitting the data to the model using the maximum likelihood estimation method. The selection model was selected based on the highest value for percentage correct, the highest value for Nagelkerke R square and the lowest value for -2 log-likelihood and in the Hosmer and Lemeshow test, the (sig.) value should be greater than 0.05.





4. Results and Discussion


In this research, some specific variables were estimated to impact the behavior of Thai travelers when they were exposed to various transport modes. The important variables (e.g., travel cost and travel time) identified in the literature are significant, whereas other variables are proposed exclusively to address this research problem. Moreover, to understand the behavior of commuters who lived in the four different residential location distance ranges further from the mass transit station, the logit models were applied to check the influential factors within these ranges.



4.1. Modelling of Current Mode Choice


Several variables, found in earlier studies, have been attempted during the calibration process. Some of the models, which were tested, have demonstrated inadequate statistical goodness-of-fit and/or unproductive signs and consequently were denied. Amongst all the model specifications tested, the most acceptable model is presented in Table 3. In the data set, there were both continuous and categorical variables. Some of the explanatory variables such as gender, age (range), average individual income and distance range were categorized. For instance, the gender was categorized as 0 for male and 1 for female. The age was categorized as; 18–22, 23–30, 31–40, 41–50, 51–60, and older than 60 years old. The average individual income was categorized as: less than THB 15,000, THB 15,000–25,000, THB 25,001–35,000, THB 35,001–50,000, THB 50,000–100,000 and over than THB 100,000. The distance range was categorized as; within 400 m, 400–1000 m, 1000–10,000 m, and more than 10,000 m from the station. On the other hand, the total travel time of mass transit, the total travel cost of private vehicles, and household car ownership were considered continuous variables. The Spearman’s correlation coefficient, appropriate for both types of the above variables, was used in this analysis. After correlation testing at a p-value of < 0.05, a summary of estimations using the binary logit model for Bangkok’s travelers by private vehicle versus public transport. All the variables presented in the table have significant parameter estimates and logical signs. The utility functions from the parameter estimates obtained from model are shown in Equation (3).


UPUB = 2.025 + (0.381 × G) − (0.395 × Age) − (0.638 × INC) − (0.675 × Car) + (0.009 × TCPRI) − (0.004 × TTMassTransit) − (0.228 × DistRange)



(3)







In Table 3, the Sig. < 0.05 represents the significant contribution of the variable in the model. The variables influencing the travelers’ mode choice behavior on mass transit included: gender, age, average individual income, household car ownership, the total travel cost of a private vehicle, total travel time of mass transit and distance range from mass transit station. The analysis showed that the estimated coefficients for the age, average income, household car ownership, total travel time of mass transit and distance range came out negative whereas the estimated coefficients for the gender and total travel cost of the private car came out positive. These can be explained as follows:



For the variables with the negative sign of coefficients, the result on the age implied that the elderly were less likely to use mass transit, similar to the results of Mackett and Ahen [53], while the younger generation drove less and preferred to take public transport, rather than the elderly. With higher average income, the travelers were less likely to use mass transit similar to the previous research in the United States [54] indicating that high-income travelers were less sensitive to travel costs and they were more likely to cars for intercity travels. The estimated coefficients for total travel time of mass transit and household car ownership were negative, implying that an increase in travel time for the mass transit was likely to increase the probability of car users to continue choosing the car as the preferred mode of transport. Additionally, when the number of car ownership increased, people were less likely to use mass transit. This study agreed with the research findings that an increase in household car ownership was likely to decrease the resistance to a mode change [55]. Resistance to switching was found to be lower amongst respondents whose household vehicle ownership was more than two vehicles, whereas respondents from households that owned one vehicle were highly resistant to the mode change. Lastly, the distance range between residential location to the main mass transit station directly affected mode choice decisions. The distance range variable is expected to have negative coefficients, which was statistically significant with respect to mode choice of the mass transit. This indicated that the probability of choosing the mass transit decreased, as access distance range from home to the main station increased. This study agreed with the research findings that the people residing near the transport terminal were more likely to choose those modes operating; and people located far away from the terminal might use other modes [55].



Focusing on the positive sign of coefficients, the gender and total travel cost of the private car were presented in this model. According to the results, the estimated coefficients for gender came out positive, implying that females would use mass transit instead of driving a car [56]. Generally, expense cost or travel cost was one of the main factors affecting intercity mode choice. The total travel cost by private car of Thai travelers primarily includes the fuel price and tollways, whereas the total cost of travelling by mass transit is represented by the fares paid. Total travel cost as an independent variable affected the choice of private car users, which had a positive coefficient. This implied that it had a positive relationship; when the travel cost of private transport increased, travelers became more likely to use public transport.




4.2. Identifying Behavior of Traveler Groups in Different Distance Ranges from Station


Another binary logistic regression analysis was performed with an iterative procedure for model calibration, to ascertain the effects of explanatory variables which influence the likelihood of Thai travelers. The final analysis was conducted on the set of variables that were tested to have no correlations amongst these variables. The Table 4 describes the estimated coefficient and the outputs of four different models which utilized the four different distance ranges condition. The conditions were based on distance from residential locations, i.e., less than 400 m (second model), 400 m–1 km (third model), 1–10 km (fourth model) and more than 10 km (fifth model). All the variables indicated in Table 4 had considerable parameter estimates and logical signs. The coefficients for the six explanatory variables, including gender, age, average individual income, household car ownership, total travel time and total travel cost, were performed as the significant contributors at a 95% level of confidence (p < 0.05) to Thai traveler’s mode choice behavior for the first two distance ranges within 1 km (the second and third models). The logical signs of the estimated coefficients are worthy of attention and indicated that the estimated coefficients for the age, average income, household car ownership and total travel time of mass transit came out negative whereas the estimated coefficients for the gender and total travel cost of the private car came out positive. The model results summarized the estimated coefficients from the binary logit model for four residential locations in different distance ranges by private car versus mass transit.



The results in the second and third model, where the residential location was within the distance ranges of 1 km, showed that socio-economic determinants as household car ownership had the highest impact on mode choice behavior and followed by the attributions of average individual income, gender, and age. Even though the variables relating to transport factors (travel time and travel cost) were significantly below the 95% confidence level, the parameter estimates that these two variables within these two residential location distances range had slightly less impact on the mode choice behavior for the respondents compared to the socio-economic factors (gender, age, average income and household car ownership). On the other hand, the total travel time of the mass transit factor was not significant at the 0.05 level (the sig. value is greater than 0.05) for the fourth to fifth model. In the fourth model where the distance range was between 1 km to 10 km, the average individual income created the highest impact, followed by household car ownership, gender and age. This was also observed in the case of the fourth distance range (the fifth model), where the respondents lived more than 10 km away to the mass transit stations. The average individual income, age and car ownership attributes were strong factors and had the highest impact on the mode choice, followed by gender.



From the research assumption mentioned above, the study explored potential factors to understand the decision-making on mode choice in different distances range from residential location to the main mass transit station for Thai travelers. The result showed that there were different impacts on traveler’ choices decisions among these 4 models. In addition, the variables related to transport factors had less impact on the mode choice behavior for Thai’s traveler compared to the socio-economic factors. This result also indicated that householders had less likely to relocate near the mass transit station and use this mode to commute even though the travel cost and travel time of mass transit could be reduced. This result agrees with the Sanit et al. [35] findings which reported that transport factors were considered less important towards the location and travel choice behavior. The result also showed that the travelers who lived far away from the mass transit station (distance higher than 1 km), rarely used the public mass transit. This was due to the inconvenient access to the main mass transit station and hence they preferred to drive. Also, a study by Charoentrakulpeeti et al. [57] stated that incomplete and small networks were the main reason for the failure to attract public transit ridership in Bangkok.



The findings illustrated that considerable differences exist between males and females both in terms of access to and usage of the travel mode choices. The model results implied that females would use mass transit instead of driving a private car even though the distance from the residential location to access mass transit station is quite far this implies that females prioritize affordability when compared to access to private vehicles. In the model, a demographic variable such as age was identified to substantially explain the transport mode choice decisions. The results identified that the increased age was related to less use of mass transit which illustrated that the young people drove less and preferred to take public transport, rather than the elderly. These findings can be attributed to lower mobility as people age, which limits the use of public transport.



Considering the individual income group, the effect of average income on mass transit was negative, implying that with the increase in income, the usage of public mode will reduce. Specifically, travelers with higher average income were less likely to use mass transit. The income was noted to have a significant influence on a traveler’s choice of mode, where a rise in the level of income increased the utility of private vehicles while the utility for public modes of transport decreased.



The coefficient of household car ownership in these models was significant for the travel mode choice decision which also tended to increase the utility for private vehicles. A negative parameter for car ownership indicated that mass transit users do not have access to private vehicles. Therefore, the traveler prefers to drive rather than using mass transit even though their residential location is close to the public transit station.





5. Conclusions


Mode shift from single-occupant vehicles to shared transport is important for effective use of road supply as congestion is a major problem to transport planners in Bangkok, Thailand. Therefore, this work developed an analysis based on the binary logit model to identify influential factors affecting travelers’ mode choice behavior on mass transit as public transport uses. The majority of the survey respondents were female, and mostly fell in the age group of 31 to 40 years old. Moreover, most respondents held bachelor’s degree and were private sector employees. With regards to the income, most of the respondents earned THB 15,000 to 25,000 monthly. Amongst the respondents, there were a few who earned more than THB 50,000 monthly. The majority of the respondents lived in a small household with only two members. The respondent group mainly took their regular trips to work and preferred to use private transport. The results showed that the influential factors affecting Thai travelers’ mode choice behavior on mass transit was gender, age, average income, auto ownership, total travel cost in private transport, total travel time in public transport and distance range from home to mass transit station. This study identified that age, income, travel time of public transport, the number of car ownership and distance range had an inversely proportional relationship with travelers’ likeliness to use mass transit. On the other hand, gender and travel cost of private transport attributes showed a directly proportional relationship with Thai traveler’s mass transit mode choice.



The binary logit model analysis was used to ascertain the effects of explanatory variables which influenced the likelihood of Thai travelers with respect to four distance ranges to access mass transit stations. For distance range one and two, where the distance to public transport is less than 1 km, five attributes (gender, age, average individual income, household car ownership, total travel time of public transport and the travel cost of private vehicles) had a significance towards the mode choice of Thai travelers. Amongst them, travel cost and travel time variables for the respondents had slightly less impact on the mode choice behavior. This indicated that householders who resided within 1 km distance to the public transport station, when given a choice, were less likely to commute even though the travel cost and time of public transport could be reduced. Results of the next distance categories, i.e., 1–10 km and more than 10 km distance range models, showed that attributes, except the total travel time of public transport, had an impact on Thai travelers’ mode choice. This clarified that respondents who lived far away from public transport stations preferred to use their own vehicles due to lack of accessibility for public transport.



Authors also note that this analysis is based on a few limitations which should be improved through future research. For instance, the results of this study were primarily based on the 4467 respondents of a revealed preference questionnaire survey, which is conducted in two main mass transit user hubs (i.e., Airport Rail Link, and Bangkok Mass Transit System) in Bangkok. Hence, research findings may have a bias issue as the study area limits to two critical locations in Bangkok. Therefore, for a deeper understanding of Thai travel behavior, the study area can be expanded by adding more places that are attracted by Thai road users. Additionally, the number of survey responses can be increased by distributing along a broader region, including other major cities such as Nonthaburi, Nakhon Ratchasima. Authors also highlight the practical difficulties they faced during the data collection, including receiving respondents’ consent on participating in face-to-face interviews during their journey to work. This can be reduced by conducting noncontact, web-based surveys which protect the respondents’ anonymity, and respondents can answer at their convenience. Another limitation is that this study developed binary logit models to analyze mode choice of transport users in Bangkok, Thailand, wherein the transport modes were only categorized into two: private vehicles and mass transit. Expanding the analysis would be interesting to consider respondents’ revealing preferences on their primary specific modes of transport more complex analyzing tools. Additionally, this survey was conducted over a short period of time; hence, it would be worthwhile to validate the findings by reconducting the survey over different time periods.



Finally, exaggeration of positive response can be highlighted as the main practical implication of using the findings that are based on questionnaire surveys. That is, when responding to the survey questions respondents may have anticipated what researchers are trying to conclude from the research and may have answered in the “ideal or the correct” way which is different from their actual opinion. Therefore, the analysis should be completed by examining the change of responses when the respondent is exposed to other mode options and various alternatives to combat the tendency of this exaggeration.
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Figure 1. Research procedure. 
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Figure 2. Sample locations within Bangkok. 
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Figure 3. Station distance range proportion of respondents. 
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Table 1. Samples from different stations.
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Area

	
Station Name

	
Samples within 4 Distance Ranges




	
within 400 m

	
400–1000 m

	
1–10 km

	
>10 km

	
Total






	
ARL

	
Phayathai

	
83

	
105

	
111

	
107

	
406




	
Ratchaprarop

	
107

	
88

	
99

	
107

	
401




	
Makkasan

	
93

	
109

	
88

	
108

	
398




	
Ramkhamhaeng

	
43

	
109

	
131

	
113

	
396




	
Huamark

	
122

	
107

	
79

	
114

	
422




	
Ban Thap Chang

	
104

	
118

	
75

	
110

	
407




	
Ladkrabang

	
128

	
24

	
145

	
112

	
409




	
Suvarnabhumi

	
0

	
1

	
298

	
103

	
402




	

	
Total

	
3241




	
BTS

	
Aree

	
100

	
100

	
100

	
118

	
418




	
Siam

	
2

	
193

	
104

	
99

	
398




	
Bearing

	
98

	
100

	
94

	
118

	
410




	

	
Total

	
1226




	
Total samples by distance

	
880

	
1054

	
1324

	
1209

	
4467
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Table 2. Socio-economic characteristics.
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Quantity (Percent)




	

	
Private Car

	
Mass Transit

	
Total






	
Choice

	

	
2601 (58.23%)

	
1866 (41.77%)

	
4467




	
SOCIO-ECONOMIC CHARACTERISTICS (Classification per chosen mode)




	
Gender

	
Male

	
1387 (64.78%)

	
754 (35.22%)

	
2141 (47.93%)




	

	
Female

	
1214 (52.19%)

	
1112 (47.81%)

	
2326 (52.07%)




	
Age

	
18–22 years

	
74 (24.10%)

	
233 (75.90%)

	
307 (6.87%)




	

	
23–30 years

	
607 (45.13%)

	
738 (54.87%)

	
1345 (30.11%)




	

	
31–40 years

	
1014 (65.59%)

	
532 (34.41%)

	
1546 (34.61%)




	

	
41–50 years

	
694 (71.77%)

	
273 (28.23%)

	
967 (21.65%)




	

	
51–60 years

	
186 (72.37%)

	
71 (27.63%)

	
257 (5.75%)




	

	
Older than 60 years

	
26 (57.78%)

	
19 (42.22%)

	
45 (1.01%)




	
Education level

	
High school

	
476 (52.31%)

	
434 (47.69%)

	
910 (20.37%)




	

	
Diploma

	
625 (63.91%)

	
353 (36.09%)

	
978 (21.89%)




	

	
Bachelor

	
1353 (56.54%)

	
1040 (43.46%)

	
2393 (53.57%)




	

	
Postgraduate

	
147 (79.03%)

	
39 (20.97%)

	
186 (4.16%)




	
Career

	
Student

	
96 (24.24%)

	
300 (75.76%)

	
396 (8.87%)




	

	
Employee

	
454 (60.61%)

	
295 (39.39%)

	
749 (16.77%)




	

	
Private business

	
577 (69.94%)

	
248 (30.06%)

	
825 (18.47%)




	

	
Private employee

	
1307 (59.57%)

	
887 (40.43%)

	
2194 (49.12%)




	

	
Others

	
167 (55.12%)

	
136 (44.88%)

	
303 (6.78%)




	
Average Income

	
THB <15,000

	
542 (41.79%)

	
755 (58.21%)

	
1297 (29.04%)




	

	
THB 15,000–25,000

	
1519 (60.35%)

	
998 (39.65%)

	
2517 (56.35%)




	

	
THB 25,001–35,000

	
391 (80.12%)

	
97 (19.88%)

	
488 (10.92%)




	

	
THB 35,001–50,000

	
114 (89.06%)

	
14 (10.94%)

	
128 (2.87%)




	

	
THB >50,001

	
35 (94.59%)

	
2 (5.41%)

	
37 (0.83%)




	
Household Size

	
1 person

	
88 (27.50%)

	
232 (75.50%)

	
320 (7.16%)




	

	
2 persons

	
844 (53.05%)

	
747 (46.95%)

	
1591 (35.62%)




	

	
3 persons

	
970 (63.65%)

	
554 (36.35%)

	
1524 (34.12%)




	

	
4 or more

	
699 (67.73%)

	
333 (32.27%)

	
1032 (23.10%)




	
Car Ownership

	
None

	
990 (46.24%)

	
1151 (53.76%)

	
2141 (47.93%)




	

	
1–2

	
1584 (69.20%)

	
705 (30.80%)

	
2289 (51.24%)




	

	
3 or more

	
27 (72.97%)

	
10 (27.03%)

	
37 (0.83%)




	
TRAVEL INFORMATION OF RESPONDENTS (Classification per chosen mode)




	
Travel Frequencies

	
Less than 6 times/week

	
1602 (56.59%)

	
1229 (43.41%)

	
2831 (63.38%)




	

	
6–9 times/week

	
986 (61.78%)

	
610 (38.22%)

	
1596 (35.73%)




	

	
More than 9 times/week

	
13 (32.50%)

	
27 (67.50%)

	
40 (0.90%)




	
Number of companies

	
1 person

	
1223 (49.45%)

	
1250 (50.55%)

	
2473 (55.36%)




	

	
2 persons

	
1173 (69.16%)

	
523 (30.84%)

	
1696 (37.97%)




	

	
3 persons

	
169 (68.15%)

	
79 (31.85%)

	
248 (5.55%)




	

	
4 or more

	
36 (72.00%)

	
14 (28.00%)

	
50 (1.12%)




	
Total Travel Time

	
Less than 30 min

	
1978 (68.85%)

	
895 (31.15%)

	
2873 (64.32%)




	

	
30–60 min

	
590 (41.64%)

	
827 (58.36%)

	
1417 (31.72%)




	

	
More than 60 min

	
33 (18.64%)

	
144 (81.36%)

	
177 (3.96%)




	
Total Cost

	
THB 0–100

	
2207 (54.19%)

	
1866 (45.81%)

	
4073 (91.18%)




	

	
THB 101–200

	
362 (100.00%)

	
- (0.00%)

	
362 (8.10%)




	

	
THB More than 200

	
32 (100.00%)

	
- (0.00%)

	
32 (0.72%)




	
Total distance

	
less than 15 km

	
2271 (59.02%)

	
1577 (40.98%)

	
3848 (86.14%)




	

	
15–25 km

	
256 (54.24%)

	
216 (45.76%)

	
472 (10.57%)




	

	
More than 25 km

	
74 (50.34%)

	
73 (49.66%)

	
147 (3.29%)




	
Waiting time

	
Less than 10 min

	
- (0.00%)

	
1007 (100.00%)

	
1007 (53.97%)




	

	
10–20 min

	
- (0.00%)

	
842 (100.00%)

	
842 (45.12%)




	

	
More than 20 min

	
- (0.00%)

	
17 (100.00%)

	
17 (0.91%)
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Table 3. Estimation results using binary logistics models (first model).






Table 3. Estimation results using binary logistics models (first model).





	

	
Variable Code

	
B

	
S.E.

	
Sig.

	
Exp(B)

	
95% C.I.




	

	

	

	

	

	
Lower

	
Upper






	
Gender

	
G

	
0.381

	
0.067

	
0.000 **

	
1.463

	
1.282

	
1.670




	
Age (Range)

	
Age

	
−0.395

	
0.034

	
0.000 **

	
0.673

	
0.630

	
0.720




	
Average Individual Income

	
INC

	
−0.638

	
0.055

	
0.000 **

	
0.528

	
0.474

	
0.588




	
Household car ownership

	
Car

	
−0.675

	
0.061

	
0.000 **

	
0.509

	
0.451

	
0.574




	
Travel Cost of Private Vehicle

	
TCPRI

	
0.009

	
0.001

	
0.000 **

	
1.009

	
1.007

	
1.011




	
Total travel time of Mass Transit

	
TTMT

	
−0.004

	
0.002

	
0.022 *

	
0.996

	
0.992

	
0.999




	
Distance Range

	
DistRange

	
−0.228

	
0.031

	
0.000 **

	
0.796

	
0.749

	
0.847




	
Constant

	

	
2.012

	
0.198

	
0.000 **

	
7.478

	

	




	
-2LL

	

	

	

	

	

	
5207.479




	
Model chi-square

	

	

	

	

	

	

	
863.609




	
Cox & Snell R Square

	

	

	

	

	

	

	
0.176




	
Nagelkerke R Square

	

	

	

	

	

	

	
0.237




	
Hosmer and Lemeshow Chi-square

	

	

	

	

	

	

	
14.686




	
Number of observations

	

	

	

	

	

	

	
4467








** significant at 1% level; * significant at 5% level.
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Table 4. Summary of the model for each distance range.






Table 4. Summary of the model for each distance range.





	

	
Dist. Range 1

(2nd Model)

	
Dist. Range 2

(3rd Model)

	
Dist. Range 3

(4th Model)

	
Dist. Range 4

(5th Model)






	

	
B

	
Sig.

	
B

	
Sig.

	
B

	
Sig.

	
B

	
Sig.




	
Gender

	
0.363

	
0.014 *

	
0.446

	
0.001 **

	
0.449

	
0.000 **

	
0.282

	
0.046 *




	
Age (Range)

	
−0.274

	
0.000 **

	
−0.352

	
0.000 **

	
−0.353

	
0.000 **

	
−0.606

	
0.000 **




	
Average Individual Income

	
−0.447

	
0.000 **

	
−0.681

	
0.000 **

	
−0.818

	
0.000 **

	
−0.644

	
0.000 **




	
Household car ownership

	
−0.736

	
0.000 **

	
−1.150

	
0.000 **

	
−0.460

	
0.000 **

	
−0.519

	
0.000 **




	
Travel Cost of Private Vehicle

	
0.007

	
0.000 **

	
0.016

	
0.000 **

	
0.008

	
0.000 **

	
0.008

	
0.000 **




	
Total travel time of Mass Transit

	
−0.008

	
0.045 *

	
−0.017

	
0.000 **

	
0.002

	
0.589

	
−0.001

	
0.730




	
Constant

	
1.322

	
0.001 **

	
1.760

	
0.000 **

	
1.321

	
0.000 **

	
1.545

	
0.000 **




	
-2LL

	

	
1081.662

	

	
1213.285

	

	
1600.169

	

	
1242.475




	
Model chi-square

	

	
138.236

	

	
241.168

	

	
214.919

	

	
226.543




	
Cox & Snell R Square

	

	
0.145

	

	
0.205

	

	
0.15

	

	
0.171




	
Nagelkerke R Square

	

	
0.194

	

	
0.273

	

	
0.201

	

	
0.243




	
Hosmer and Lemeshow Chi-square

	
13.881

	

	
6.371

	

	
11.921

	

	
12.571




	
Number of observations

	

	
880

	

	
1054

	

	
1324

	

	
1209








** significant at 1% level; * significant at 5% level.
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