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 In recent years, more and more households plan to tourist destinations or visit relatives on 

holidays. Facing the surging demand for household travel, this paper aims to explore the 

generation mechanism of household long-distance flexible travel on holidays. Firstly, a 

questionnaire survey on long-distance flexible travel behavior was conducted among middle-

income households in first- and second-tier cities. Then, multiple endogenous and exogenous 

variables were extracted from the survey data. On this basis, a structural equation model (SEM) 

was established to analyze the influence of individual attributes, economic attributes, and 

household attributes over the travel attributes and travel intensity of household long-distance 

flexible travel. The results show that economic attributes had the greatest impact on travel 

intensity, among all exogenous variables. This means household income promotes the travel 

intensity, especially travel duration. Besides, household attributes negatively affect travel 

intensity. In other words, with the growing number of elderlies, children, and employed in the 

household, the number of travelers in household travel will increase, while the intensity of 

household travel will decline; the household will prefer to travel by car. The research results 

provide theoretical supports to the research of household flexible travel behavior, and enable 

tourist cities to effectively manage and optimize holiday traffic. 
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1. INTRODUCTION 

 

Recent years has seen a surging demand for household long-

distance flexible travel, such as visiting relatives and friends, 

tourism, and leisure. The main reasons for the demand surge 

include the booming economy, growing living standard, sky-

rocketing car ownership, the maturity of tourism industry, and 

the implementation of the annual leave system. Against this 

backdrop, a huge number of flexible travelers pours into the 

travel destination, causing nonnegligible problems like traffic 

congestion and traffic risk. To predict the flexible travel 

demand, it is necessary to explore the mechanism of flexible 

travel with household as a unit. Based on the predicted demand, 

the tourist cities could properly guide and manage holiday 

travels, and make accurate forecasts of daily urban traffic 

demand. 

So far, there is a lack of analysis on the features of 

household travel and holiday flexible travel. Most studies on 

travel behavior are based on travel chains and activities, or 

oriented towards life, focusing on a kind of individuals or a 

type of travel activities [1-4]. No attention has been paid to 

how the travel behavior of an individual is restricted by his/her 

families or even the allocation of household resources. 

At present, some scholars have introduced several 

influencing factors of individual travel behavior to the analysis 

on travel behavior, namely, individual living environment, 

household structure, and household role. From the angle of 

time utilization, Golob [5] studied the relationship between 

activity plan of family members and the commuting travel 

chain of residents. Through disaggregate modelling, 

Srinivasan et al. analyzed the influence of household factors 

on the tourism and commuting travel of residents [6, 7]. 

Focusing on the household level, Xianyu and Juan [8] 

investigated the factors affecting the nonwork activities of 

residents. Seo et al. [9] set up a travel participation model to 

reveal the effects of household structure and age on the 

frequency of maintenance and autonomous travel of residents. 

Based on the travel chain joint selection model, Feng et al. [10] 

explored how household structure impacts the selection of 

travel behavior. Drawing on household social network theory, 

He et al. probed into the influence of household structure and 

address on residents’ travel [11, 12]. With the aid of structural 

equation model (SEM), Zhang et al. [13] discussed how the 

features of household and community affect the flexible travel 

of residents. Rözer et al. [14] dug into the effects of household 

structural changes on travel, pointing out that, after the birth 

of (a) child(ren), the household will attend more social 

activities (e.g. visiting relatives and friends, entertainment, and 

leisure), while reducing work-related travels. Chakrabarti et al. 

[15] summed up the influence of children on household travel 

mode: In a household with child(ren) under the age of 15, the 

parents will shorten their travel duration, and prefer to travel 

by car. 

The previous research of flexible travel demand fails to 
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fully reveal the behavioral features [16, 17], and rarely 

considers household factors in holiday travel. Yang et al. [18] 

constructed a nested logit model to compare holiday travel and 

commuting travel in terms of travel mode selection and travel 

chain. Based on the complexity of travel chain and the 

behavior of travel mode selection, Wang et al. established an 

SEM of holiday travel chain under the effects of traffic 

information, travel cost, and travel duration, identified the 

features of holiday travel behavior, and discussed the 

mechanism of energy consumption and carbon emissions in 

holiday travel [19-21]. Zhang et al. [22] built up a non-

homogeneous Poisson point process model, and examined the 

similarities and differences between the impacts of urban 

spatial structure on holiday travel behavior and workday travel 

behavior. Han et al. [23] investigated the impact of travel 

information on holiday travel behavior. 

Household flexible travel refers to the collective travel of all 

or some household members. It is mainly affected by two 

factors: time and economy. For a household, every member 

influences the travel decision of the other members. To a 

certain extent, the household long-distance flexible travel is 

constrained by the spare time and economic contribution of 

each household member. The influence of time and economy 

on household flexible travel varies with household structures. 

The single-member households, not affected by other 

members, are flexible in time and self-sufficient in economy. 

The conjugal households are relatively free in time and 

economy, because of the weak influence between members. 

The core households are constrained in time and economy, 

owing to the existence of child(ren). The stem households are 

concerned with economy, due to the sheer number of members, 

but are relatively flexible in time arrangement. To sum up, 

long-distance flexible travel needs to take account of all 

household members, and proceed with household as a unit. 

However, there is little report that takes household as a unit to 

tackle long-distance flexible travel behavior. 

Targeting long-distance flexible travel behavior, this paper 

fully considers how household factors affect the dynamic 

decision on long-distance flexible travel on holidays. The 

generation mechanism of long-distance flexible holiday travel 

with household as a unit was discussed in details under the 

combined effects of individual attributes, household attributes, 

and economic attributes. 

 

 

2. MODELLING 

 

The SEM is one of the most popular tools used to theorize 

the dynamics of travel behavior. By integrating data statistics 

and causal analysis, the SEM can tolerate the measurement 

errors in explanatory variables in the original data collected 

through questionnaire survey. Moreover, this approach can 

clarify the correlations between multi-dimensional variables, 

discover the hidden relationships out of these correlations, and 

explain the measurement errors during the evaluation. With 

these advantages, the SEM has a strong adaptability to objects 

(e.g. collective travel of a household) affected by multiple 

factors. 

Hence, this paper relies on the SEM to explore the 

generation mechanism of long-distance flexible travel with 

household as a unit. First, a questionnaire survey was 

performed on long-distance flexible travel behavior with 

household as a unit. Then, the survey data were classified and 

analyzed, and used to build up an SEM on how travel intensity 

and travel attributes are affected by individual attributes, 

household attributes, and economic attributes. The technical 

roadmap of this research is shown in Figure 1. 

 

 
 

Figure 1. The technical roadmap 

 

2.1 SEM 

 

The SEM mainly consists of a structural Eq. (1) and two 

measurement Eqns. (2) (3) about the relationship between 

latent and observable variables [24, 25]:  

 

𝜂 = 𝐵𝜂 + 𝛤𝜉 + 𝜁 (1) 

 

𝑦 = 𝛬𝑦𝜂 + 𝜀 (2) 

𝑥 = 𝛬𝑥𝜂 + 𝛿 (3) 

 

where, 𝜂 is the vector of endogenous latent variables; 𝜉 is the 

vector of exogenous latent variables; 𝑦  is the vector of 

endogenous observable variables; 𝑥 is the vector of exogenous 

observable variables; 𝐵  is the coefficient matrix of 

endogenous latent variables; 𝛤  is the coefficient matrix of 

exogenous latent variables; 𝛬𝑥 is the factor loading matrix of 

exogenous observable variable x on exogenous latent variable 
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ξ; 𝛬𝑦 is the factor loading matrix of endogenous observable 

variable x on endogenous latent variable η; 𝜁 is the residual 

vector of structural equation; 𝜀  is the residual vector of 

endogenous variables; 𝛿 is the residual vector of exogenous 

variables. 

The SEM parameters were estimated by the following 

principle: Assuming that the model is correct, the population 

covariance matrix of the model equals the covariance matrix 

of all survey samples. Through equalization and iteration, each 

element in the covariance matrix of the model approaches the 

corresponding element in the covariance matrix of samples, 

such as to estimate the parameters of the hypothetical model. 

The common methods of model estimation include maximum 

likelihood estimation and generalized least squares [26]. 

 

2.2 Data acquisition 

 

The SEM has certain requirements for the number of 

variables in the samples. The model analysis cannot proceed 

stably, unless the number of variables surpasses 100. In 

general, the number of variables in the samples is controlled 

above 200. To prevent sample errors from affecting the model 

results, our questionnaire survey should collect as much data 

as possible. 

The questionnaire survey was carried out from April to 

October, 2018, covering 244 households in Nanjing, Shanghai, 

Beijing, and Guangzhou. The main contents of the survey 

include individual attributes, household attributes, and the 

information of household long-distance travel. Through the 

survey, the authors acquired the data on 449 household long-

distance flexible travels (Table 1) [27, 28]. 

The respondents of our survey are mostly middle-income 

households in first- and second-tier cities. On holidays, these 

households are very likely to engage in collective tourism and 

visits to relatives, thanks to relatively high income, stable 

working hours, rest and vocations, and high car ownership. 

Therefore, this paper aims to further analyze the generation 

mechanism of long-distance flexible travel of these 

households. 

 

Table 1. The survey data 

 
Individual attributes 

Gender Male, 48.64%; female, 51.36% 

Age 15-20, 5.45%; 21-25, 31.52%; 26-30, 23.35%; 31-40, 25.29%; 41-50, 8.95%; 50+, 5.45% 

Occupation Student, 30.74%; worker, 4.28%; service personnel, 1.95%; office clerk/civil servant, 47.08%; private employee/self-

employed, 8.17%; others, 7.39% 

Education Graduate from middle school and below, 5.06%; graduate from junior colleges and technical schools, 13.23%; 

bachelor, 56.03%; master, 23.35%; doctor and above, 2.33% 

City First-tier city, 19.07%; second-tier city, 56.42%; third-tier city, 8.95%; other cities, 15.56% 

Household attributes 

Household income Below RMB 50,000 yuan, 11.28%; RMB 50,000-100,000 yuan, 21.79%; RMB 100,000-200,000 yuan, 42.41%; RMB 

200,000-400,000 yuan, 18.29%; above RMB 400,000 yuan, 6.23% 

Number of elderlies No elderly above 60, 73.77%; one elderly above 60, 4.92%; two elderlies above 60, 21.31% 

Number of children No minor child, 52.44%; one minor child, 23.17%; two minor children, 23.58%; more than two minor children, 0.81% 

Number of employed Zero, 6.5%; one, 16.67%; two, 59.76%; three, 11.79%; four and more, 5.28% 

Housing condition Own house, 84.44%; rented house, 10.51%; others, 5.06% 

House area 0-100m2, 40.38%; 100-150m2, 51.38%; 150-200m2, 5.96%; above 200m2, 2.29% 

Vehicles Bike, 93.97%; e-bike/motorcycle, 89.11%; car, 95.33%; e-bike and car, 87.16%; bike and e-bike/motorcycle, 91.83%; 

e-bike/motorcycle and car, 87.55%; bike, e-bike/motorcycle, and car, 86.77% 

Household long-distance flexible travels 

Travel purpose Visiting relatives and friends, 58%; tourism, 37%; others, 5% 

Number of travelers Two, 37%; three, 32%; four, 25%; more than four, 6% 

Travel distance Prefectural, 27%; provincial, 35%; domestic, 35%; international, 3% 

Travel duration 2-3d, 57%; 4-7d, 30%; 1-2 weeks, 10%; more than 2 weeks, 3% 

Travel mode Car, 35%; long-distance bus, 11%; train, 33%; plane, 19%; ferry and others, 2% 

 

Table 2. The rotated factor loading matrix of the nine principal components 

 
Principal components PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Travel duration .850 -.004 -.070 .024 -.043 -.018 .121 -.034 -.049 

Travel distance .820 -.023 .074 -.059 .023 .136 -.133 .167 .028 

Age -.025 .787 .046 -.012 -.212 .103 -.079 .033 .057 

Education .068 -.770 .121 .021 -.020 .276 -.127 .039 .092 

Occupation .029 .756 .245 .088 -.036 .281 -.014 .007 .085 

Number of children .002 .103 .800 .216 .040 -.138 .245 .152 .124 

Number of elderlies -.016 .110 -.227 .900 -.041 -.054 .039 .061 .015 

Number of employed .017 -.078 .415 .825 .159 -.074 .074 -.025 .031 

Number of cars -.020 -.063 .215 .150 .572 -.464 .204 .087 -.050 

House area .024 -.107 .168 .020 -.008 -.792 -.015 -.088 .014 

Household income .216 -.091 .277 -.075 -.066 .644 -.016 -.105 .022 

Number of travelers .109 .003 .107 .055 .162 -.048 .857 -.068 .053 

Travel mode -.538 .105 .059 -.030 -.254 .163 .479 -.224 -.089 

Travel purpose .117 .011 .008 .009 .033 .041 -.093 .906 -.026 

Gender .012 .016 .021 .013 -.005 .000 .025 -.025 .974 
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2.3 Variable selection 

 

The variables of the survey data were subjected to 

dimensionality reduction, using the factor analysis function of 

SPSS. Several composite variables, which are not 

intercorrelated, were extracted from the 15 original variables 

about individual attributes, household attributes, and 

household long-distance travels. The extracted variables cover 

most of the information in the original variables.  

Through the principal component analysis (PCA), the top 

nine principal components extracted, with a cumulative 

variance percentage of 81%. The rotated factor loading matrix 

of the nine principal components is presented in Table 2 above.  

As shown in Table 2, PC1 synthesizes the data of travel 

duration and travel distance, and was named as travel intensity. 

PC2 integrates age, education, and occupation, while PC9 

explains gender; the two principal components were combined 

into individual attributes. PC3 and PC4 summarizes the 

number of elderlies, children and employed, and were 

collectively defined as household attributes. PC5 and PC6 

reflects the number of cars, house area, and household income, 

and were collectively called economic attributes. PC7 and PC8 

provide the number of travelers, travel mode, and travel 

purpose, and were referred to as travel attributes. 

To sum up, the dimensions of the 15 variables about 

household flexible travel were reduced through the PCA, and 

divided into five classes of attributes: travel intensity, 

individual attributes, household attributes, economic attributes, 

and travel attributes. Among them, individual attributes, 

household attributes, and economic attributes were treated as 

the exogenous latent variables of the SEM, while travel 

attributes and travel intensity were taken as the endogenous 

latent variables of the model. These variables are defined and 

explained in Table 3. 

This research extends the previous studies on factors like 

household structure, age of household members, and level of 

household motorization [5-7]. The household factors were 

assumed to affect household long-distance flexible travel, and 

the paths between these factors were hypothesized as follows: 

H1: The exogenous latent variables have an influence on the 

endogenous latent variables; 

H2: The exogenous latent variables have an influence on 

each other; 

H3: The travel attributes have an influence on travel 

intensity. 

On this basis, an SEM (Figure 2) was initialized to clarify 

the correlations between household factors and household 

long-distance flexible travel. 

 

Table 3. The definition of variables in the SEM 

 
Exogenous latent 

variables 

Exogenous observable 

variables 
Signs and values 

Individual attributes 

Age x1 (male=0; female=1) 

Gender x2 (unit: age) 

Occupation 
x3 (student=1; worker=2; service personnel=3; office clerk/civil 

servant=4; private employee/self-employed=5; others=6) 

Education 

x4 (graduate from middle school and below =1; graduate from junior 

colleges and technical schools =2; bachelor =3; master=4; doctor and 

above=5) 

Household attributes 

Number of children x5 (unit: each) 

Number of elderlies x6 (unit: each) 

Number of employed x7 (unit: each) 

Economic attributes 

Number of cars x8 (unit: each) 

House area 
x9 (no own house=0; own house area50 m2=1; own house area: 50~100 

m2=2; own house area: 100~150 m2=3; own house area150 m2=4) 

Household income 

x10 (RMB 50,000 yuan=1; RMB 50,000-100,000 yuan=2; RMB 

100,000-200,000 yuan=3; RMB 200,000-400,000 yuan=4; RMB 

400,000 yuan=5) 

Endogenous latent 

variables 

Endogenous observable 

variables 
Signs and values 

Travel attributes 

Number of travelers y1 (unit: each) 

Travel purpose y2 (visiting relatives and friends=1; tourism=2; others=3) 

Travel mode y3 (car=1; long-distance bus=2; train=3; plane=4; others=5) 

Travel intensity 
Travel distance y4 (prefectural=1; provincial=2; domestic=3; international=4) 

Travel duration y5 (2-3d=1; 4-7d=2; 1-2 weeks=3; more than 2 weeks=4) 

 

 

3. EMPIRICAL ANALYSIS 

 

3.1 Estimation of model parameters 

 

The structure of the initial SEM was adjusted through 

fitness and significance tests on Amos 21.0. Then, the model 

parameters were estimated by the maximum likelihood 

method.  

The weight coefficient of each path between variables is 

presented in Figure 3. 

 

3.2 Results analysis 

 

3.2.1 Economic attributes significantly promote travel 

intensity 

As shown in Figure 3, economic attributes had the greatest 

impact on travel intensity, among all exogenous variables. The 

weight coefficient for the path between economic attributes 

and travel intensity was 0.44. Besides, the impact is positive, 

i.e. the higher the household income, the longer the duration 

and distance of household travels for tourism and visiting 

relatives. 
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Figure 2. The initial SEM of household long-distance flexible travel 

 

 
 

Figure 3. The SEM for household long-distance flexible travel 

 

As a latent variable, economic attributes contain the after-

tax annual household income, house area, and the number of 

cars.  

Among them, house area and the number of cars are 

desirable metrics of household fixed assets, while annual 

income is a good yardstick of household current assets. The 

loadings of the three variables were 0.50, 0.67, and 0.38, 

respectively. With the largest loading, the house area exerts 

the most significant impact on travel intensity, especially 

travel duration. 

3.2.2 Household attributes slightly suppress travel intensity 

Household attributes both directly affect travel intensity, 

and indirectly affect the latter via the travel attributes. Thus, 

the total effect of household attributes on travel intensity can 

be expressed as: 

 
𝑇𝑜𝑡𝑎𝑙 𝑒𝑓𝑓𝑒𝑐𝑡 = 𝐷𝑖𝑟𝑒𝑐𝑡𝑒𝑓𝑓𝑒𝑐𝑡 + 𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡𝑒𝑓𝑓𝑒𝑐𝑡 =

−0.2 + (−0.12 × 0.75) = −0.29. 

 

The results show that household attributes have a negative 
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effect on travel intensity (-0.29), indicating that the duration 

and distance of household long-distance flexible travel will 

decrease, with the growth in the number of elderlies, children, 

and employed in the household.  

Meanwhile, household attributes also negatively affect the 

travel mode (-0.12×0.76), that is, a household with many 

elderlies and children prefers to travel by car.  

Besides, household attributes have a negative impact on 

travel purpose (-0.12×0.34), that is, a household with many 

elderlies and children will travel at a low frequency.  

In addition, household attributes have a positive effect on 

the number of travelers (-0.12×(-0.13)), that is, the number of 

travelers increases with the number of household members; 

this conclusion is obviously logical.  

 

3.2.3 Individual attributes have a limited impact on travel 

intensity 

Individual attributes affect travel intensity both directly and 

indirectly. The total effect of individual attributes on travel 

intensity can be expressed as: 

 

𝑇𝑜𝑡𝑎𝑙 𝑒𝑓𝑓𝑐𝑒𝑡 = 𝐷𝑖𝑟𝑒𝑐𝑡𝑒𝑓𝑓𝑒𝑐𝑡 + 𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡𝑒𝑓𝑓𝑒𝑐𝑡 =
−0.12 + (0.14 × 0.75) = −0.015. 

 

The results show that the total effect of individual attributes 

on travel intensity was -0.015, which is not significant. This 

means the attributes of an individual member have a limited 

impact on the collective travel of the entire household.  

Of course, the impact on travel intensity varied with 

individual attributes: gender has little effect on travel intensity, 

while age and occupation have a certain positive effect on the 

latter; elderly members are less restricted by work, and tend to 

travel for longer time over long distance to visit relatives or 

travel destinations. Besides, education has a certain negative 

effect on travel intensity; the greater the number of well-

educated members, the more restrictions on the duration and 

distance of household travel. 

Furthermore, individual attributes exert certain positive 

effects on travel mode (0.14×0.76) and travel purpose 

(0.14×0.34). This means, if a household has many young 

students, the household will decide to travel flexibly by plane 

and train to visit relatives and friends. 

In summary, the exogenous variables can be ranked as 

economic attributes (0.44), household attributes (-0.29), and 

individual attributes (-0.015), in descending order of the total 

effect on travel intensity. 

 

3.3 Model evaluation 

 

The fitness indices of our model (Table 4) all fell in the 

recommended intervals, that is, our model has good fitness.  
 

Table 4. Interpretation of endogenous variables in structural 

equation models 
 

Evaluation indices 
Index 

values 

Recommended 

intervals [29] 

Minimum Chi-square/degree 

of freedom (Cmin/DF) 
2.135 1-3 

Goodness of fit (GFI) 0.955 >0.9 

Adjusted goodness of fit 

(AGFI) 
0.925 >0.9 

Root mean square residual 

(RMR) 
0.406 <0.5 

Root mean square error of 

approximation (RMSEA) 
0.052 <0.08 

4. CONCLUSIONS 

 

In this paper, a questionnaire survey is conducted on the 

long-distance flexible travel behavior of urban households. 

Based on the survey data, endogenous and exogenous 

variables were identified, and integrated into an SEM. The 

established model was used to analyze how individual 

attributes, economic attributes, and household attributes affect 

the travel attributes and travel intensity of household long-

distance flexible travel.  

The results show that economic attributes are the key factor 

affecting the travel intensity: the higher the household income, 

the more intense the household travel. Household attributes 

negatively affect travel intensity and travel attributes. In other 

words, with the growing number of elderlies, children, and 

employed in the household, the number of travelers in 

household travel will increase, while the frequency and 

intensity of household travel will decline; the household will 

prefer to travel by car. Individual attributes have insignificant 

effect on travel intensity. 

The future research will expand the survey scope to low-

income households in first- and second-tier cities, collect even 

more survey samples, and include other household factors into 

the analysis. 
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