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Income and commute satisfaction: On the mediating roles of 1 

transport poverty and health conditions 2 

Abstract: Due to financial constraints, it can be expected that low-income groups may 3 

encounter transport poverty (e.g., limited travel mode options, low accessibility to 4 

workplaces) and have poor health conditions, therefore making them feel unsatisfied 5 

with commuting. However, few previous studies have examined this assumption. 6 

Using data derived from a face-to-face survey performed in 2019 in Chengdu (China), 7 

we aim to verify whether low-income commuters are less satisfied with commuting 8 

and how this is related to transport poverty and health conditions. Structural 9 

Equation Modeling is used to quantify both direct and indirect effects of income on 10 

commute satisfaction, leading to the three major findings. First, due to limited access 11 

to cars, people with low incomes are more likely to choose public transit for 12 

commuting and indicate more traffic congestion. Consequently, they tend to have 13 

long commute durations and are less likely to be satisfied with commuting. Second, 14 

high-income groups are more likely to use private cars for commuting, which also 15 

leads to a high level of congestion, long commute durations, and low commute 16 

satisfaction. Third, low-income groups are more likely to have poor health conditions, 17 

making them have long commute durations and feel unsatisfied with commuting. 18 

Keywords: Commute satisfaction; low-income groups; transport poverty; health 19 

conditions; Chengdu (China) 20 

1 Introduction 21 

Given that commuting accounts for a high share of daily trips, commute satisfaction is 22 

considered relevant to people’s quality of life (Chatterjee et al., 2020). However, low-income 23 

populations may hardly be satisfied with commuting for two reasons. First, low-income 24 

people tend to experience transport poverty (e.g., lower availability of transport 25 

opportunities, the lack of access to places of interest) due to financial constraints 26 

(Titheridge et al., 2014; Stoke & Lucas, 2011). Prior research has confirmed that transport 27 

poverty is a cause of low commute satisfaction (e.g., Hook et al., 2021; Wang et al., 2021). 28 

Second, low-income populations usually have health problems mainly because of limited 29 

health services, high-quality food, and physical activities (Khullar & Chokshi, 2018). The 30 

poor health conditions may make commute trips more difficult and uncomfortable, leading 31 

to low commute satisfaction (Ye & Titheridge, 2019). 32 

Previous studies have particularly paid attention to the topic of commute satisfaction and 33 

investigated the determinants of commute satisfaction (e.g., Ettema et al., 2011, 2012, 2013; 34 

Friman et al., 2017; Mao et al., 2016; Singleton, 2019; Ye & Titheridge, 2017, 2019; Ye et al., 35 

2020). However, little research focuses on whether and how the satisfaction with 36 

commuting varies across income distributions. Against this background, we aim to examine 37 

the relationship between income and commute satisfaction and particularly reveal the 38 
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mediating roles of transport poverty and health conditions in this relationship. In the 39 

present study, the data are derived from a face-to-face survey in 2019 in Chengdu, China. 40 

The remainder of this paper is organized as follows. In Section 2, related previous studies 41 

are briefly summarized. Methodologies are introduced in Section 3, followed by analytical 42 

results in Section 4. Conclusions and discussion are presented in the final section. 43 

2 Literature review and conceptual analyses 44 

2.1 Literature review 45 

In the past decade, numerous studies have conceptually and/or empirically explored the 46 

issue of commute satisfaction. Most of them focus on the factors influencing commute 47 

satisfaction. Travel mode choice is found to be a crucial factor. It is widely confirmed that 48 

commuting by active modes (e.g., cycling and walking) positively contributes to commute 49 

satisfaction, while commuting by public transit has negative impacts on commute 50 

satisfaction (e.g., De Vos et al., 2016; Friman et al., 2017; Lades et al., 2020; Morris & 51 

Guerra, 2015a; Singleton et al., 2019; St-Louis et al., 2014). Meanwhile, some researchers 52 

reveal that the preference for travel modes (i.e., travel attitude) is also associated with 53 

commute satisfaction. For instance, Ye and Titheridge (2017) indicated that commuters with 54 

higher preference for walk, transit, and car tend to report higher levels of commute 55 

satisfaction. Furthermore, some scholars further investigated the influence of the mismatch 56 

between preferred and chosen travel modes on commute satisfaction. A consensus is that 57 

people commuting by their preferred modes are more likely to be satisfied with commuting 58 

(St-Louis et al., 2014; Ye & Titheridge, 2019; Ye et al., 2020). 59 

Besides travel mode, other trip characteristics are also found to have influences on 60 

commute satisfaction. The length of commuting is frequently examined. It is often 61 

confirmed that longer commute durations and an increase in commute durations after 62 

relocations tend to result in a lower level of commute satisfaction (e.g., De Vos et al., 2019; 63 

Ettema et al., 2012, 2013; Gerber et al., 2020; Higgins et al., 2018; Manaugh & El-Geneidy, 64 

2013; Morris & Guerra, 2015b; Singleton et al., 2019; Wang et al., 2020). In addition, some 65 

scholars explored the roles of road congestion, in-vehicle crowding, and waiting time for 66 

transit. As expected, higher levels of road congestion and in-vehicle crowding, and longer 67 

waiting time are often negatively correlated with commute satisfaction (e.g., Ettema et al., 68 

2013; Higgins et al., 2018; Lunke, 2020; Smith, 2017; Ye & Titheridge, 2017). Notably, 69 

in-vehicle crowding and waiting time for transit are often used to predict commute 70 

satisfaction of public transit users. 71 

Additionally, some studies explore the influence of built environment elements on commute 72 

satisfaction, however leading to inconsistent findings. For example, Mao et al. (2016) found 73 

that people residing in urban areas (compared to suburban areas) tend to be more satisfied 74 

with commuting by cycling and metro in Beijing, China. Similarly, Mouratidis et al. (2019) 75 

indicated that – in Oslo metropolitan area, Norway – shorter distances from home to the 76 

city center, higher residential density, and compact inner-city areas (compared to sprawled 77 

suburban areas) are positively correlated with a higher level of commute satisfaction. Using 78 

data collected from Sweden and Xi’an city (China), respectively, however, both Ettema et al. 79 
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(2012) and Ye and Titheridge (2019) revealed insignificant associations between built 80 

environment elements and commute satisfaction. In another study by Ye and Titheridge 81 

(2017), they indicated indirect effects of the built environment on commute satisfaction 82 

through travel model choices and the characteristics of the trip (e.g., road congestion). 83 

Moreover, physical health is considered as another factor influencing commute satisfaction 84 

in a few studies. Smith (2013) revealed that higher levels of self-reported health are 85 

positively correlated with commute satisfaction in Portland, the US. Subsequently, 86 

Mokhtarian et al. (2015), analyzing satisfaction with daily travel in France, found that health 87 

problems had a positive effect on finding travel tiring and unpleasant. Using data collected 88 

data from Xi’an, China, Ye and colleagues also confirmed the positive association between 89 

better health conditions and higher commute satisfaction (Ye & Titheridge, 2017, 2019; Ye 90 

et al., 2020). 91 

In sum, the determinants of commute satisfaction have been explored in a number of 92 

existing studies. However, these studies provide “limited understanding of how commute 93 

satisfaction varies across the socio-economic status distribution” (Chatterjee et al., 2020, 94 

p.24). In particular, low-income groups may be less likely to be satisfied with commuting 95 

because of transport poverty and poor health conditions. An in-depth exploration of their 96 

commute (dis)satisfaction is helpful to create policy recommendations for the development 97 

of urban inclusive transportation systems. To the best of our knowledge, however, only a 98 

study by Ye and Titheridge (2019) specifically revealed the influential factors of commute 99 

satisfaction among low-income groups in Xi’an, China. They revealed that low-income 100 

commuters have a lower level of commute satisfaction than high-income commuters but 101 

failed to empirically examine why. 102 

2.2 Conceptual analyses 103 

Inspired by previous studies, we assume that commute (dis)satisfaction of low-income 104 

groups may be closely correlated with the following two aspects. 105 

The first aspect is transport poverty. Transport poverty is a broad concept consisting of at 106 

least three sub-dimensions: (1) mobility poverty – referring to a lack of transportation and 107 

mobility options; (2) accessibility poverty – referring to a lack of access to destinations and 108 

participation in basic daily activities; (3) transport unaffordability – referring to a lack of 109 

individual resources to afford transportation options (Lucas et al., 2016). Given the 110 

elaboration on the concept, it is reasonable to consider transport poverty as a potential 111 

explanation for low commute satisfaction of low-income populations. For example, because 112 

of financial constraints, low-income commuters can hardly afford to purchase and run a car. 113 

Meanwhile, they may tend to reside in weakly urbanized areas with low accessibility to 114 

transit stations and workplaces (Lucas et al., 2016; Zhao, 2015). This means that low-income 115 

commuters may be more likely to witness transport poverty and have fewer transport 116 

options for commuting, leading to lower commute satisfaction (Ye & Titheridge, 2019). 117 

However, two plausible hypotheses are conflicting with the assumption that low-income 118 

people have fewer transport options. The first states that low-income populations may be 119 

“forced” to own a car, because they usually live far away from the urban center and must 120 

travel long distances in daily life (Currie & Senbergs, 2007; Curl et al., 2018; Zhao, 2015). The 121 
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second postulates that low-income groups may tend to reside or work in areas with high 122 

accessibility to transit, because they have a low level of car ownership (Baum-Snow et al., 123 

2005; Dawkins & Moeckel, 2016; Glaeser et al., 2008). Both hypotheses are reasonable but 124 

may depend on local contexts such as prices of cars, fuel, and housing. For example, in a 125 

country or a city with low prices of cars and fuel but a high price of housing, low-income 126 

people may choose to own a car rather than to reside in densely urban areas and vice versa. 127 

Therefore, in the two situations mentioned above, low-income people may not necessarily 128 

encounter limited transportation options, implying that they may not be less satisfied with 129 

commuting than high-income people. 130 

The second aspect refers to poor health conditions. Compared to trips for other purposes, 131 

commutes usually require more physical strength because of fixed workplaces and working 132 

hours. People with poor health conditions may experience more difficulty in commuting 133 

and be unsatisfied as a result. Existing studies have confirmed a negative association 134 

between poor health conditions and commute satisfaction (Mokhtarian et al., 2015; Smith, 135 

2013; Ye & Titheridge, 2017, 2019; Ye et al., 2020). This situation may be more likely to 136 

occur among low-income populations, because they tend to have poor health conditions for 137 

the following reasons (Benzeval & Judge, 2001; Khullar & Chokshi, 2018): (1) They lack 138 

access to high-quality health services; (2) They tend to have risk behaviors like smoking and 139 

drinking; (3) Their housing conditions are relatively poor (e.g., lack of housing spaces); (4) 140 

They are more likely to reside in neighborhoods with a high density of tobacco retailers and 141 

fast-food restaurants but with limited open spaces for physical activities. Notably, transport 142 

poverty can impose barriers to travel for low-income people to use health care services, get 143 

fresh food, and access open spaces for physical activities, which may result in poor health 144 

conditions and thus reduce commute satisfaction. 145 

In sum, we hypothesize that transport poverty and poor health conditions are the main 146 

factors influencing commute satisfaction for low-income people. The following two sections 147 

will empirically examine whether and how income indirectly influences commute 148 

satisfaction through transport poverty and health conditions. 149 

3 Data 150 

3.1 Data sources 151 

The data used in the present study are mainly derived from a face-to-face survey on travel 152 

behavior between June 30th and August 1st 2019 in Chengdu, China. Chengdu is the capital 153 

city of Sichuan Province in China. By 2020, a total of 20.94 million people resided in the city, 154 

and 16.49 million (accounting for 78.8%) were urban residents. This survey was performed 155 

with a two-stage sampling approach. First, the sampled neighborhoods were determined. In 156 

Chengdu, the main urban area was divided into five zones by four ring roads. The zones 157 

closer to the city center tended to be more strongly urbanized. In this circumstance, 5-7 158 

residential neighborhoods were geographically randomly selected from each zone. In the 159 

end, a total of 29 neighborhoods were used as the sampled units (see Figure 1). Second, 160 

respondents were recruited by randomly knocking on doors and/or approaching people at 161 

public spaces in these neighborhoods. Residents aged 16 or above were considered as the 162 
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target population. A face-to-face interview was conducted with each respondent. A 163 

paper-based questionnaire was used to record their answers. After respondents finished 164 

the survey, a pack of handkerchief papers or a fan was provided as an incentive for their 165 

participation. In the end, a total of 1011 residents participated in the survey. After leaving 166 

out respondents who were not employed or those who did not respond to commute 167 

satisfaction scales, we obtain 618 valid records for the present study (see Table 1). Notably, 168 

this survey was not designed exclusively for commuting but for travel in general (including 169 

commuting). This is why non-employees were also invited to participate. 170 

In addition to the survey, the points of interest (i.e., POI) from Map.Baidu.com are used as 171 

another data source. Map.Baidu.com is one of the most used e-maps in China. On 172 

November 16th 2017, we collected the POI data regarding bus and metro stations across the 173 

Chengdu city. Notably, a period gap of around one and a half years exists between the POI 174 

data and the survey data. To our knowledge, there were limited changes in bus stations 175 

during this period, while Chengdu started operating a few new metro lines. To address this 176 

issue, we manually updated the POI data on metro stations till August 2019. For each POI, 177 

we obtained its name and coordinate information. The POI data are then used to assess 178 

public transport poverty. 179 
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Figure 1 Study area (Chengdu, China) and sampled neighborhoods 181 

3.2 Measurement of income 182 

Prior research often uses either household income (e.g., Benzeval & Judge, 2001; Zhao, 183 

2015) or personal income (e.g., Ye & Titheridge, 2019) to distinguish between low- and 184 

high-income groups, while little considers both. To address this limitation, both household 185 

and personal incomes are included in the present study. In this survey, respondents’ annual 186 

household income was measured on a seven-point scale, and monthly individual income 187 

was measured on a four-point scale (see Table 1). 188 

189 
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Table 1 Basic characteristics of valid respondents 190 

Variables Categories N/Mean Percent/S.D. 

Gender Male 295 47.7% 

 Female 323 52.3% 

Age (years) 20 or younger 43 7.0% 

 21-30 369 59.7% 

 31-40 153 24.8% 

 Older than 40 53 8.6% 

Education High school or less 84 13.6% 

 Colleges/technical school 231 37.4% 

 Undergraduate school 248 40.1% 

 Graduate school or more 55 8.9% 

Household size Number of household members 3.2 1.6 

Household annual 

income (Yuan) 

50,000 or lower 62 10.1% 

50,001-100,000 160 26.0% 

 100,001-150,000 146 23.7% 

 150,001-200,000 118 19.2% 

 200,001-300,000 57 9.3% 

 300,001-400,000 38 6.2% 

 Higher than 400,000 35 5.7% 

Individual monthly 

income (Yuan) 

4,000 or lower 174 28.2% 

4,001-6,000 177 28.7% 

 6,001-8,000 141 22.9% 

 Higher than 8,000 125 20.3% 

Note: 1 Yuan was around US $ 0.145 in 2019. 191 

3.3 Measurement of commute satisfaction 192 

In previous studies, various methods are used for the measurement of commute 193 

satisfaction (Chatterjee et al., 2020). Among them, the satisfaction with travel scale (STS) 194 

designed by Ettema et al. (2011) is widely adopted by researchers. Following Ettema et al. 195 

(2011), the STS including nine statements was introduced in the survey. This scale asked 196 

respondents to what extent they experienced certain affective emotions during their most 197 

recent commute and how they evaluated this commute: 198 

· Time pressed – relaxed; 199 

· Worried I would not be in time – confident I would be in time; 200 

· Stressed – calm; 201 

· Tired – alert; 202 

· Bored – enthusiastic; 203 

· Fed up – engaged; 204 

· Commuting was worst – best I can think of; 205 

· Commuting was low – high standard; 206 

· Commuting worked poorly – worked well. 207 

All answers were measured on a seven-point scale (from -3, representing negative 208 

emotions/evaluations, to +3, representing positive emotions/evaluations). In order to fully 209 
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depict the process of commuting, the satisfaction with commuting to and from work was 210 

measured separately. The Cronbach's alpha coefficients of the satisfaction scale for 211 

commuting to and from work are respectively 0.94 and 0.95. This means that the nine 212 

statements have good internal consistency. Therefore, the average scores of these 213 

statements are calculated to reflect the overall satisfaction of a respondent with commuting 214 

to and from work, respectively. 215 

Figures 2-3 show the commute satisfaction levels by income groups, revealing an overall 216 

trend that low-income people are less satisfied with commuting than higher-income people. 217 

This is consistent with our expectations and previous studies (e.g., Ye & Titheridge, 2019). 218 

However, the level of commute satisfaction first increases with incomes rising then 219 

decreases somewhat after middle incomes, but finally reaches the highest values. In other 220 

words, commute satisfaction tends to be low not only for low-income groups but also for 221 

middle-high-income groups. This implies a complex relationship between income and 222 

commute satisfaction. 223 

 224 

Figure 2 Overall satisfaction with commuting to work by income levels 225 

 226 

Figure 3 Overall satisfaction with commuting from work by income levels 227 

228 
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3.4 Measurement of transport poverty 229 

According to the concept mentioned above, transport poverty can be measured in three 230 

aspects: mobility poverty, accessibility poverty, and transport unaffordability (Churchill & 231 

Smyth, 2019). Notably, compared to the former two, transport unaffordability is harder to 232 

measure. Researchers commonly use the share of actual transport expenditure in income as 233 

an indicator of transport unaffordability (Lucas et al., 2016). However, this measurement 234 

method has received many critiques because some researchers found that high-income 235 

people are likely to spend a higher share of incomes on transport than low-income people 236 

(Stoke & Lucas, 2011; Titheridge et al., 2014). Therefore, the present study will measure 237 

transport poverty with a particular focus on mobility poverty and accessibility poverty. 238 

Following previous studies (Lucas et al., 2016; Stoke & Lucas, 2011; Titheridge et al., 2014), 239 

the availability of both car use and public transit services is employed to represent mobility 240 

poverty (see Table 2). The availability level of car use is indicated by the household car 241 

ownership, which is measured on an ordinal scale. Accessibility to public transit is reflected 242 

by the number of bus and metro stations within a certain buffer distance from home and 243 

workplaces, which are calculated with POI data in ArcGIS. The buffer distance is set to 800 244 

m in the present study, because the maximum access distance by walking is around 800 m 245 

for most residents in Chinese large cities (Pan et al., 2010). A preliminary check shows that 246 

the number of bus and metro stations are highly correlated, which will be problematic (e.g., 247 

severe multicollinearity) in the following quantitative analysis. To address this issue, a public 248 

transit index (PTI) is constructed for residences and workplaces, separately: 249 

PTIi = Norm(BS)i + Norm(MS)i ; 250 

Norm(BS)i = (NBSi - NBSmin)/( NBSmax - NBSmin) ; 251 

Norm(MS)i = (NMSi - NMSmin)/( NMSmax - NMSmin) 252 

where PTIi represents the public transit index of individual i; Norm(BS)i and Norm(MS)i 253 

respectively represent the normalized values of the number of bus stations and metro 254 

stations for individual i following the principle of Max-Min normalization; NBSi and NMSi 255 

respectively represent the number of bus stations and metro stations within a buffer 256 

distance of 800 m for individual i; NBSmin and NMSmin respectively represent the minimum 257 

number of bus stations and metro stations within the buffer distance across all valid 258 

respondents; NBSmax and NMSmax respectively represent the maximum number of bus 259 

stations and metro stations within the buffer distance across all valid respondents. 260 

Accessibility to workplaces is employed as the indicator of accessibility poverty (see Table 2), 261 

which is measured in two ways: the straight-line distance between residences and 262 

workplaces (i.e., commute distance) and the self-reported time spent on the most recent 263 

commute to and from work (i.e., commute durations). 264 

3.5 Measurement of health conditions 265 

According to Hansson et al. (2011), a measurement scale including seven questions is used 266 

to measure the self-reported health of respondents: 267 

· How do you physically feel right now when thinking about your health? 268 

· How do you psychologically feel right now when thinking about your health? 269 
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· Have you felt stressed recently in your everyday life? 270 

· Have you felt full of pep recently? 271 

· Have you had a lot of energy recently? 272 

· Have you felt worn out recently? 273 

· Have you felt tired recently? 274 

The answers range from “very poor (1)” to “excellent (5)” for the first two questions and 275 

from “not at all (1)” to “always (5)” for the last five questions. These statements are 276 

potentially correlated with each other. A factor analysis with principal axis factoring and 277 

Promax rotation is employed to reduce dimensions, which helps avoid severe 278 

multicollinearity in the following models. Consistent with the widely accepted practice 279 

(Costello & Osborne, 2005), the principle of eigenvalues-greater-than-1 is applied, leading 280 

to three factors retained: exhaustion, energetic, and self-rated health (see Appendix A). 281 

73.2% of the total variance is explained by the three factors. The scores of the three factors 282 

are used to quantify health conditions. 283 

3.6 Control variables 284 

According to previous studies analyzing the determinants of commute satisfaction, four 285 

categories of control variables are used in the present study. The first is sociodemographic 286 

factors including respondents’ gender, age, educational attainments, and household size. 287 

Gender is transformed into a binary variable, while age and educational levels are measured 288 

on an ordinal scale (see Table 1). The second refers to travel mode choice. Respondents 289 

were asked to report the transport mode that was used for the longest duration for their 290 

most recent commutes to and from work, respectively. The third is self-reported traffic 291 

congestion. In the survey, all respondents were asked to indicate the experienced level of 292 

traffic congestion during commuting to and from work, respectively. The answer was set on 293 

a five-point scale ranging from “not at all congested (1)” to “extremely congested (5)”. The 294 

measurements for mode choice and traffic congestion are reported in Table 3. 295 

The fourth refers to travel attitudes. In analogy with Cao (2015) and Handy et al. (2005), 296 

sixteen statements are used to measure travel attitudes. Respondents could indicate to 297 

what extent they agreed on these statements on a five-point scale from “strongly disagree 298 

(1)” to “strongly agree (5)”. Similarly, a factor analysis with principal axis factoring and 299 

Promax rotation is employed to reduce dimensions. The principle of 300 

eigenvalues-greater-than-1 is also applied to extract four factors: pro-sustainable modes, 301 

safety of car, pro-car, and status of car, explaining 53.4% of the total variance (see Appendix 302 

B). The scores of the four factors are used as the quantification of travel attitudes. 303 

Notably, some specific characteristics of commuting by public transit (e.g., in-vehicle 304 

crowding, waiting time) are also found to be influential in commute satisfaction. 305 

Nonetheless, we will not consider them as control variables partly because commuting by 306 

public transit is not the particular focus in the present study. 307 
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Table 2 Indicators of transport poverty 308 

Indicators Descriptions N  Percent  

Household car ownership No car 224  36.2%  

 One car 335  54.2%  

 Two or more cars 59  9.5%  

  N Max Min Mean S.D. 

Commute distance (In kilometer) Straight-line distance between residences and workplaces 534 7.75 0.00 5.63 8.19 

Commute durations (In minute) Commute to work 612 180 2 29.13 21.43 

 Commute from work 608 180 2 30.52 21.99 

Built environment around residences       

Accessibility to metro stations Number of metro stations within an 800 m radius of home 592 3 0 0.51 0.79 

Accessibility to bus stations Number of bus stations within an 800 m radius of home 592 38 0 10.79 8.56 

Public transit index Weighted index with number of metro and bus stations around residences 592 1.47 0.00 0.45 0.40 

Built environment around workplaces       

Accessibility to metro stations Number of metro stations within an 800 m radius of workplaces 551 3 0 0.69 0.87 

Accessibility to bus stations Number of bus stations within an 800 m radius of workplaces 551 41 0 12.62 8.98 

Public transit index Weighted index with number of metro and bus stations around residences 551 1.66 0.00 0.54 0.43 
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Table 3 Mode choice and congestion 309 

Commutes Variables Descriptions N Percent 

Commute to work Travel mode choice Private car 113 18.4% 

  Public transit (i.e., bus & metro) 238 38.8% 

  Active mode (i.e., cycling & walking) 263 42.8% 

 Congestion Not at all congested 200 32.6% 

  Slightly congested 241 39.3% 

  Somewhat congested 95 15.5% 

  Moderately congested 65 10.6% 

  Extremely congested 13 2.1% 

Commute from work Travel mode choice Private car 112 18.3% 

  Public transit (i.e., bus & metro) 239 39.1% 

  Active mode (i.e., cycling & walking) 261 42.6% 

 Congestion Not at all congested 191 31.3% 

  Slightly congested 217 35.5% 

  Somewhat congested 114 18.7% 

  Moderately congested 76 12.4% 

  Extremely congested 13 2.1% 

3.7 Modeling strategy 310 

Structural equation modeling (SEM) is applied in the present study because we consider 311 

multidimensional factors and will particularly examine the mediating roles of transport 312 

poverty and health conditions. In the SEM framework, sociodemographic factors (including 313 

income levels) are employed as exogenous variables. Other factors are treated as 314 

endogenous variables that are potentially influenced by sociodemographic factors. 315 

Meanwhile, some possible causal relationships are expected in theory between these 316 

endogenous variables. First, all endogenous variables are expected to influence satisfaction. 317 

Second, travel attitudes, car ownership, public transit accessibility, and commute distance 318 

are expected to impact travel mode choice. Third, commute distance, travel mode choice, 319 

and traffic congestion are expected to have impacts on commute duration. Fourth, travel 320 

mode choice is expected to influence traffic congestion (See Figure 4 for details). 321 

Following Figure 4, we develop four initial SEMs that examine the relationships between (1) 322 

household income and satisfaction with commuting to work (named “Model 1”), (2) 323 

individual income and satisfaction with commuting to work (named “Model 2”), (3) 324 

household income and satisfaction with commuting from work (named “Model 3”), and (4) 325 

individual income and satisfaction with commuting from work (named “Model 4”), 326 

respectively. The former two models use 617 respondents who responded to the STS for 327 

commuting to work, the latter two models use 614 who responded to the STS for 328 

commuting from work. In all models, active modes are employed as a reference category for 329 

the variable of travel mode choice. Notably, some values of explanatory variables are 330 

missing for some respondents1. To avoid a substantial reduction in the sample size, we do 331 

not remove these respondents. A full information maximum likelihood (FIML) method is 332 

 
1 The number of valid records for all explanatory variables are reported (see Tables 1-3 and Appendix A and B), 
so that readers can clearly see how many values are missing for each. 
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widely considered superior and unbiased for estimations with missing data (Enders & 333 

Bandalos, 2001) and is therefore applied in the present study. 334 

Generally, FIML requires data to meet the assumption of multivariate normal distribution. 335 

Nonetheless, this approach is also considered quite robust against violations of multivariate 336 

normality in transportation research when the sample size is at least 200, at least 15 times 337 

the number of the observed variables, and at least 5 times the number of free parameters 338 

estimated (Golob, 2003). In each of the four initial models, a total of 20 observed variables 339 

are included, and 170 free parameters are estimated. Apparently, the requirement for 340 

sample size according to the number of free parameters is not satisfied. To address this 341 

problem, we manually remove all links that are not statistically significant (at p>0.10) 342 

following the backward stepwise principle (e.g., Ma & Cao, 2019; Shi et al., 2021). During 343 

the pruning process, a variable will be deleted once it has neither a direct nor an indirect 344 

link with commute satisfaction. In the end, the public transit index around residences and 345 

the health variable “exhaustion” are removed from both Models 1-2. The two health 346 

variables “exhaustion” and “energetic” are removed from both Models 3-4. Meanwhile, the 347 

public transit index around residences is also removed from Model 3. The number of free 348 

parameters in the four models decreases to 89-94, meaning that the ideal sample size 349 

should not be lower than 470. It can therefore be expected that the sample size in the 350 

present study (N=617 and N=614) is sufficient in these pruned models for robust results. 351 

Moreover, goodness-of-fit tests suggest that the four initial models do not fit data well, 352 

requiring model modifications. Making residuals of endogenous variables correlated is a 353 

commonly used modification method in SEM (Lei & Wu, 2007). In line with the widely 354 

adopted method, we add correlations between residuals of endogenous variables following 355 

two principles. First, the correlations should be theoretically justifiable, which helps avoid 356 

models with nonsensical outcomes (Lacobucci, 2009). Second, the number of correlations 357 

should be as small as possible, which helps reduce estimation bias to the largest extent (Lei 358 

& Wu, 2007). Consequently, goodness-of-fit tests indicate a reasonable fit (i.e., CFI>0.90, 359 

RMSEA<0.06) after we manually create six correlations between residuals of endogenous 360 

variables for each model. These correlations are between residuals of two travel mode 361 

choices (i.e., private car and public transit), two indicators of public transit accessibility (i.e., 362 

public transit index around residences and workplaces), two indicators of health conditions 363 

(i.e., energetic and self-reported health), and three pairs of travel attitudes (i.e., 364 

pro-sustainable modes and status of car, safety of car and pro-car, and safety of car and 365 

status of car). These added correlations are reasonable. For example, normally people do 366 

not use private cars for commuting when they choose public transit, and vice versa. Hence, 367 

a correlation between them can be reasonably expected. People who care more about 368 

accessibility to public transit services may be more likely to both reside and work in areas 369 

with a high density of transit stations. Therefore, public transit index around residences and 370 

workplaces are expected to be correlated with each other. 371 



 13 / 25 
 

 372 

Figure 4 Modeling framework373 



 14 / 25 
 

4 SEM results 374 

This section discusses the SEM outcomes. For simplicity, only the direct paths from income 375 

levels to commute satisfaction and the indirect paths through transport poverty and health 376 

conditions are shown in Figures 5-8. Notably, 5% is commonly used by researchers as a 377 

cutoff p-value to determine the significance level. However, as discussed above, the sample 378 

size in the current study is sufficient but can hardly be considered sizeable for SEM analyses. 379 

In this case, it will be quite reasonable to relax the significance level from 5% to 10% 380 

(Stevens, 2009). Therefore, a cutoff p-value of 10% will be used to interpret the SEM results 381 

in the present study, which is a widely adopted criterion in transportation studies (e.g., 382 

Handy et al., 2005; Ma & Cao, 2019). 383 

Amongst the four models, only one direct path from income levels to commute satisfaction 384 

is found. As Figure 5 shows, household income has a direct impact on satisfaction with 385 

commuting to work. Since this model controls for transport poverty and health conditions, 386 

it can be concluded that people from low-income households are less likely to be satisfied 387 

with commuting to work even if they have the same levels of transport poverty and health 388 

conditions as those from high-income households. In other words, the disparity in travel 389 

satisfaction across household income distributions cannot be mostly attributed to transport 390 

poverty and health conditions when commuting to work. 391 

Four indirect paths from income levels to commute satisfaction are revealed in the four 392 

models. First, both household and individual incomes have indirect influences on the 393 

satisfaction with commuting to and from work through car ownership. The four models (see 394 

Figures 5-8) consistently show that people with high household and individual incomes are 395 

more likely to own private cars, which encourages them to more likely use cars for 396 

commuting but less likely use public transit. Meanwhile, compared to people using active 397 

modes, car users and public transit users are more likely to experience severe traffic 398 

congestions and long commute durations, which makes them feel less satisfied with 399 

commuting. This indirect path through car ownership indicates a complex relationship 400 

between income levels and commute satisfaction. On the one hand, low-income groups 401 

likely encounter transport poverty and feel less satisfied with commuting because they have 402 

limited access to cars and are “forced” to use public transit for commuting with high levels 403 

of traffic congestion and commute durations. On the other hand, although high-income 404 

groups have easy access to car use, the use of private cars for commuting also makes them 405 

experience severe traffic congestions and long commute durations, therefore leading to a 406 

low level of commute satisfaction as well. 407 

Second, both household and individual incomes have indirect effects on satisfaction with 408 

commuting to and from work through travel attitudes and mode choice. As shown in 409 

Figures 5-8, high-income groups tend to be positive about the safety of cars and are more 410 

likely to use cars for commuting. As discussed above, however, the use of cars likely leads 411 

them to suffer from traffic congestion and spend more time commuting, resulting in low 412 

commute satisfaction. 413 
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 414 

Figure 5 SEM outcomes regarding the relationship between household income and the satisfaction with commuting to work (Standardized Coefficients) 415 

416 
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 417 

Figure 6 SEM outcomes regarding the relationship between individual income and the satisfaction with commuting to work (Standardized Coefficients) 418 

419 
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 420 

Figure 7 SEM outcomes regarding the relationship between household income and the satisfaction with commuting from work (Standardized Coefficients) 421 

422 
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 423 

Figure 8 SEM outcomes regarding the relationship between individual income and the satisfaction with commuting from work (Standardized Coefficients) 424 
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Third, both household and individual incomes indirectly influence satisfaction with 425 

commuting to and from work through health conditions. As presented in Figures 5-8, high 426 

income is positively associated with good health conditions, which is in line with our 427 

expectations. Meanwhile, people with a good health condition are more likely to indicate a 428 

high level of commute satisfaction. 429 

Fourth, individual income indirectly impacts satisfaction with commuting from work through 430 

congestion. As Figure 8 displays, people with high individual incomes tend to report a high 431 

level of traffic congestion. A possible reason is that that affluent people care more about the 432 

consumption of time by their commutes and are more sensitive to traffic congestion. 433 

Consequently, they are likely to indicate long commute durations and feel unsatisfied with 434 

commuting. 435 

5 Conclusions and discussion 436 

In this study, we use data collected from a face-to-face survey performed in Chengdu (China) 437 

to investigate how commute satisfaction varies across income groups, and particularly 438 

examine the mediating roles of transport poverty and health conditions. SEMs are developed 439 

and reveal a complex mechanism behind how income influences commute satisfaction. On 440 

the one hand, low income makes people less satisfied with commuting in two ways. First, 441 

due to limited car ownership, low-income people tend to choose public transit for 442 

commuting. In this situation, they are more likely to encounter traffic congestion and long 443 

commute durations, leading to a low level of commute satisfaction. Second, low-income 444 

populations are inclined to have poor health conditions, which results in long commute 445 

duration and feel less satisfied with commuting. On the other hand, high incomes can also 446 

lead to a low level of commute satisfaction. High-income people tend to use private cars for 447 

commuting because of high availability of car use. Similarly, the use of private cars makes 448 

them more likely to experience severe congestion and long commute durations as well and 449 

consequently feel unsatisfied with commuting. 450 

Another key objective of this study is to examine whether low-income people are likely to 451 

experience transport poverty and have poor health conditions. According to the SEM 452 

outcomes, people with low incomes tend to report low levels of health conditions. However, 453 

the relationship between income and transport poverty seems more complex. From the 454 

perspective of mobility poverty, it can be concluded that low-income people experience 455 

transport poverty because of their limited transport options (i.e., low level of car ownership). 456 

In terms of accessibility poverty, it can be inferred that both groups witness transport 457 

poverty since they both tend to have long commute durations. Therefore, the relationship 458 

between income and transport poverty depends on how transport poverty is defined. Two 459 

points need to be considered here. First, this paper only considers mobility poverty and 460 

accessibility poverty as the components of transport poverty. It is unknown how income is 461 

associated with transport poverty when taking transport unaffordability into consideration. 462 

Second, as Lucas (2012) pointed out, social consequences should be considered in the 463 

concept of transport poverty. This means that, for example, long commute durations (i.e., 464 

accessibility poverty) may not necessarily lead to time poverty (i.e., one aspect of social 465 
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consequences) for people who have much spare time. Therefore, in the viewpoint of Lucas 466 

(2012), it is not fair to assert whether people witness transport poverty when social 467 

consequences are not considered. 468 

Furthermore, as assumed before, low-income people may take two measures to reduce 469 

mobility poverty – they may buy a car, or they may reside or work in areas with high public 470 

transit accessibility. However, our findings show that low-income commuters do not choose 471 

to live or work in areas with more transit opportunities compared to high-income 472 

counterparts even though they have limited levels of car ownership. This means that 473 

low-income populations are not capable of reducing mobility poverty, which may be a result 474 

of high housing prices around transit stations in urban China (Tan et al., 2019; Yang et al., 475 

2020). 476 

According to the findings of the present study, some possible policy strategies can be 477 

recommended. Since commute satisfaction tends to be low not only for low-income groups 478 

but also – to a certain extent – for high-income groups, an inclusive urban transportation 479 

system may improve commute satisfaction of both. First, we find that both low- and 480 

high-income groups suffer from accessibility poverty because they often use non-active 481 

modes (i.e., cars and public transit) for commuting and consequently experience severe 482 

traffic congestion and long commute durations. From the perspective of urban planning, a 483 

possible practical solution is to improve walkability and optimize the safety and connectivity 484 

of cycling lanes to encourage the use of active modes (i.e., walking and cycling) for 485 

commuting. Second, we reveal that low-income people are less satisfied with commuting, 486 

mainly because of their poor health conditions. Therefore, improving health conditions may 487 

make positive contributions to their commute satisfaction. Some specific planning strategies 488 

like increasing public/open spaces and sport facilities, and improving access to healthy food, 489 

can be implemented in low-income communities to help them better manage their health 490 

conditions. In addition, encouraging the use of active modes will also be good for their 491 

health. However, the results also suggest a direct positive association between household 492 

income and satisfaction with commuting to work even if taking transport poverty and health 493 

conditions into account. This implies that taking actions only to reduce transport poverty and 494 

improve health conditions may not fully fill the commute satisfaction gap between various 495 

income groups, at least not in morning peak hours. 496 

There are a few limitations in the present study. First, the lack of the profiles of the 497 

employment population across Chengdu city makes it difficult to assess the 498 

representativeness of the respondents used in this study. Nonetheless, it seems that young 499 

commuters are overrepresented to a certain extent, because only 8.6% of respondents are 500 

older than 40. This study aims to explore the relationships between potential explanatory 501 

factors and commute satisfaction rather than to predict commuting behavior per se. As such, 502 

the selection bias of respondents is not problematic (Babbie et al., 2007; Handy et al., 2005). 503 

Second, due to limited data availability, there exists a period gap of around one and a half 504 

years between the POI data on bus stations and the survey data. This may lead to some 505 

estimation errors. Third, the use of cross-sectional data in the current study tends to indicate 506 

correlations between variables rather than actual causality. A longitudinal design is often 507 

considered superior for causal inference and is therefore recommended for future research 508 
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on this topic. 509 

510 
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Appendix A  Pattern matrix of factor analysis for health conditions (N=608) 649 

Factors Questions Loadings 

Exhaustion Have you felt tired recently? 0.91 

 Have you felt worn out recently? 0.89 

 Have you felt stressed recently in your everyday life? 0.48 
   

Energetic Have you felt full of pep recently? 0.92 

 Have you had a lot of energy recently? 0.92 
   

Self-rated health How do you psychologically feel right now when thinking about your health? 0.91 

 How do you physically feel right now when thinking about your health? 0.87 

Appendix B  Pattern matrix of factor analysis for travel attitudes (N=608) 650 

Factors Statements Loadings 

Pro-sustainable modes I prefer to walk rather than drive whenever possible 0.73 

 I prefer to take transit rather than drive whenever possible 0.73 

 I prefer to ride a bicycle rather than drive whenever possible 0.70 

 To me, walking is sometimes easier than driving 0.63 

 To me, cycling is sometimes easier than driving 0.62 

 To me, taking transit is sometimes easier than driving 0.59 

 I like taking transit 0.54 

 I like walking 0.44 
   

Safety of car Overall, driving is safer than walking 0.90 

 Overall, driving is safer than taking transit 0.86 

 Overall, driving is safer than cycling 0.75 
   

Pro-car I like driving 0.86 

 I feel free and independent when I drive 0.83 

 I like driving just for fun 0.79 
   

Status of car To me, driving is only a convenient way to get around 0.76 

 To me, it does not matter which type of car I drive 0.65 

 651 


