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Abstract

This paper presents a novel model of commute travel behavior. Structural equation modeling, using four different estimation techniques, is used to represent the interrelationships among commute amounts, perceptions, affections, and desires. The models are estimated using data collected from more than 1,300 working commuters in the San Francisco Bay Area. The results suggest that commute duration and speed are more important than weekly distance and frequency in shaping travel amount perceptions. These perceptions, in turn, negatively influence travel enjoyment and desires. Commute enjoyment, or a lack of strong commute dislike, is an important factor in shaping commute desires. If two individuals, one who enjoys commuting and one who does not, have similar commute amounts and perceptions (i.e. they actually travel the same amount and subjectively assess those amounts to be the same), the person who does not enjoy commuting will tend to desire to reduce her commute, but the person who enjoys commuting will not. To the extent desires influence future behavior, measurements of travel enjoyment become important.
Keywords:  commuting, positive utility of travel, travel behavior, structural equation modeling
1. Introduction

Commute travel is the primary source of traffic congestion and, thus, the primary motivator of transportation planning decisions (Pisarski, 2006). Though the commute trip has been widely studied, some aspects of commute behavior still mystify researchers. Workers across the globe appear to be irrationally commuting longer distances than necessary (e.g. Buliung and Kanaroglou, 2002; Rodríguez, 2004; Frost, et al., 1998) and doing so by themselves, in private automobiles, even when better alternatives exist. The traditional tools of travel demand modeling, and the thinking of travel behavior researchers, have not led to a satisfactory understanding of commute behavior. This paper takes a novel approach in examining the issue. Here, the focus is on the interrelationships between commute amounts, perceptions, affections, and desires.

The idea of measuring and modeling commute affect and desire is counterintuitive. Stereotypically, commuting is universally loathed: no one enjoys commuting and we would all prefer to do less of it (keeping other preferences, such as home location, constant). Travel demand models, which are based on economic theory, reinforce this stereotype. Travel models uniformly assume that travel time is a cost to be minimized. For example, models of travel mode choice imply that, all else equal, the quickest trip is always preferable. This perspective, which has become axiomatic in the transportation field, views travel as a “derived demand” – derived from the demand to participate in spatially-separated activities. The act of traveling itself is traditionally not considered to offer any positive utility. 

Recent research, however, has begun to challenge the derived-demand paradigm (Mokhtarian and Salomon, 2001). Though commentary on a so-called “positive utility for travel” is nascent, a number of transportation scholars have commented on the intrinsic benefits of travel for some time. Mokhtarian, et al. (2001) give a thorough summary of such literature, dating as far back as 1976, when Israeli geographer Shalom Reichman suggested that transportation may fulfill basic human needs in itself. Salomon and Mokhtarian (1998) present a list of reasons why individuals may enjoy travel for its own sake, including: adventure-seeking, variety-seeking, independence, control, status, buffer (between work and home), exposure to the environment, scenery and other amenities, and synergy. Ory and Mokhtarian (2005) empirically validate many of these reasons (using the same data set as the current study) and add escape, curiosity, conquest, physical exercise, and the therapeutic value of movement/travel to the reasons proposed by Salomon and Mokhtarian (1998). 
The modern study of a positive utility of travel extends beyond the work of Mokhtarian and her colleagues, as illustrated by a special issue of Transportation Research Part A (Volume 39, Numbers 1-2, 2005). Using mixed logit models of mode choice, Hess, et al. (2005) examine the reasonableness of non-zero probabilities for positive coefficient estimates for travel time. Larson and Lew (2005) also present an econometric argument in a study of the leisure travel of fishermen in Alaska, finding that the value of travel ancillary to the activity of fishing could be either positive or negative. The environmental psychologist Steg (2005) empirically investigates what motivates automobile travel, in the context of trying to better guide environmental policy; she found that instrumental motives (such as speed and convenience) play a secondary role to symbolic and affective motives (i.e. driving appeals to sensations of control, power, and status). Anable and Gatersleben (2005) took on a similar analysis and found that for work travel, individuals appreciate the instrumental aspects of travel modes, whereas for leisure travel, both instrumental and affective factors are important. In addition to these direct investigations of motivations, many others have commented on the “love affair” of travelers with their automobiles (see, e.g., Wachs and Crawford, 1992; Marsh and Collett, 1986; Sachs, 1992).

The work here further explores the arguments that a positive utility of travel does exist and that the effects of such a utility play a non-negligible role in describing travel behavior generally, and mandatory travel, such as commuting, specifically. We take a broader view than Steg (2005) by considering commute travel by all modes, not just the automobile, and expand on Anable and Gatersleben (2005) by measuring the enjoyment of commute travel generically (as well as mode-specifically, although the latter is not the focus of the current paper). 

In addition to building on the positive utility of travel literature, the models estimated in this study add to the larger body of work on the relationship between travel attitudes and behavior. The survey instrument used for the present study directly collected the amount, perception, affection, and desire data previously mentioned, as well as a host of attitude, personality, lifestyle, and sociodemographic variables. This aspect of the study follows the spirit of early work like that of Dobson, et al. (1978), who examined the mode choice behavior and bus attitudes and perceptions of freeway-accessible residents in Los Angeles. The authors used two-stage structural equation modeling to show that affect, which was influenced by perceptions, had an influence on behavior; the opposite direction of causality also held. In the absence of affect, behavior influenced attitudes/perceptions, but not the converse. Our work expands on their ideas by measuring attitudes towards travel itself, in addition to travel desires. 
Other studies that have examined the causal relationship between behavior and attitudes, though generally not directly considering affect, include the work of Tardiff (1976), who used simultaneous equations to investigate the relationship between mode choice attitudes and behavior in West Los Angeles. His results, though limited, suggest that behavior is more likely to cause attitudes than the converse. Similarly, Golob (2001) found stronger links of behavior to attitudes than vice versa, in his study of congestion pricing and attitudes in the San Diego area. In another study of road pricing, Jakobsson, et al. (2000) examined Swedish car users’ willingness to accept pricing. The authors confirmed a model structure in which income and the expectation of others’ car use reduction influenced the intention of car use reduction, which in turn influenced perceptions of fairness and infringement on freedom, which had a final impact on the acceptance of road pricing. Golob and Hensher (1998) examined the link between environmental attitudes, with a focus specifically on greenhouse gas emissions, and travel behavior in six Australian cities, finding that mode choice influences attitudes. 
Garling, et al. (2001) extend the study of attitudes further into the realm of psychology by examining the role of habits and past behavior in conjunction with the interaction of attitudes and behavior. The authors, by interviewing a small (approximately 50) number of students, found that positive attitudes toward driving can lead to driving more often, which, in turn, strengthens the habit of driving; they argue that such initial attitude-based choices can lead to script-based (or habit-based) choices. 
This paper adds to the travel behavior/attitudes literature by examining the causal relationship of attitudes and behavior in the presence of affect, perceptions and desires. The work is more general in that attitudes towards travel itself are measured. Analyzing the joint relationships among the key variables in this unique dataset inspires numerous research questions, such as: what measures of objective travel amounts (i.e. distance, time, frequency, speed) have the greatest influence on commute perceptions? Are these travel perceptions more important than actual travel amounts in shaping desires? Does a liking for commuting lead to a desire for more of it? Does a liking for commuting distort travel perceptions? Each of these questions is addressed here.

The next section in this paper presents the empirical context from which this work emerges. A description of the data follows in Section 3. Structural equation modeling (SEM) is the method of choice for this study, and some important details of SEM are discussed in Section 4. The model results are the focus of Section 5 and a concluding section ends the paper. 
2. Empirical Context and Conceptual Model
This paper is part of a long-running research program on travel attitudes and behavior that has produced numerous papers and reports (e.g., Redmond and Mokhtarian, 2001; Mokhtarian, et al., 2001; Ory, et al., 2004; Ory, et al., forthcoming; Choo, et al., 2005; Collantes and Mokhtarian, forthcoming; Ory and Mokhtarian, 2005). Drawing on the prior research of Ramon (1991), this body of work identified four key travel measures of interest, namely: Objective Mobility (how much I actually travel), Subjective Mobility (how much I think I travel), Travel Liking (how much I enjoy travel), and Relative Desired Mobility (how much more or less, as compared to current amounts, I want to travel). Or, in the parlance of the Introduction, travel amounts (Objective Mobility), perceptions (Subjective Mobility), affections (Travel Liking), and desires (Relative Desired Mobility). 

A mail-out/mail-back survey was used to collect data (see Section 3) on these variables in a variety of mode- and purpose-specific travel categories. To elucidate the ideas, consider an example for commute travel. The survey instrument captured, among many other variables, the following (though not this directly): “I commute, on average, 15 miles one-way (which takes 30 minutes), five times per week” (Objective Mobility); “For commuting, I think I travel ‘a lot’” (Subjective Mobility); “On a scale from one to five, I’d rate my liking/enjoyment of commuting a three” (Travel Liking); “Ideally, I’d like to commute ‘slightly less’ than I do now” (Relative Desired Mobility). 

In the work by Mokhtarian, et al. (2001), Ory, et al. (2004), Collantes and Mokhtarian (forthcoming), Ory and Mokhtarian (2004, 2005), and Choo, et al. (2005), each of these individual constructs was modeled using other variables in the dataset as well as, in some cases, the other remaining key variables. In each case, single equation models, such as linear regression or ordered probit, were used to determine the factors that shaped each construct. 

While this work has produced many intriguing ideas and useful results, a key limitation is its lack of control for endogeneity. Consider, for example, the relationship between Subjective Mobility (SM) and Travel Liking (TL) for the father of a young family who recently moved to a distant suburban community. Because his pre-move commute was only 15 minutes (one way), he perceives his now 45-minute commute to be quite long (a high SM) relative to his neighbors’ perceptions, who travel similar distances. He has found, however, that he has enough time during these commutes to make a healthy portion of the phone calls that are part of his daily job duties, and thus the very length of the commute contributes, to some extent, to its enjoyment (SM(+TL). As time passes, his desire to be home, rather than efficiently making phone calls in his car, increases and he begins to resent his long commute. This resentment makes the 45 minutes seem to last hours (TL(–SM). In this example, there are effects from SM to TL, as well as from TL to SM; single-equation models are not able to properly estimate both directional effects. Further, because, in single-equation models, the estimated coefficients represent a composite of the effect of each variable on the other, the true magnitude of each coefficient is not known. In the extreme, such as in the example just given, if the effect in one direction is positive (Subjective Mobility ( Travel Liking) and in the other direction (Travel Liking ( Subjective Mobility) is negative, the two impacts could cancel and a single-equation model might show no significant relationship, thereby obscuring what in fact are two interesting and important relationships. Acknowledging that both directions of causality are plausible, the single-equation models of Subjective Mobility used Travel Liking as a covariate (Collantes and Mokhtarian, forthcoming) and the models of Travel Liking used Subjective Mobility as a covariate (Ory and Mokhtarian, 2005). 
The primary goal of this work is to understand the interrelationships between the key variables of Objective Mobility, Subjective Mobility, Travel Liking, and Relative Desired Mobility. An initial hypothesized conceptual model of the interrelationships of these and other variables included in our dataset is presented in Figure 1. The conceptual model is based on a combination of the modeling work done to date and the authors’ intuition. Figure 1 contains each of the four key variables as well as four other variable categories, namely: Attitudes, Personality and Lifestyle, Sociodemographics, and Mobility Constraints. As discussed in the Model Results section of this paper, none of the variables in the latter four categories proved to significantly affect the structural relationships among the key constructs.  Accordingly, although the other variable categories are included in Figure 1 for completeness, in the interests of parsimony the final models presented here focus only on the explanation of the four key variables. For a detailed discussion of the hypothesized relationships present in the conceptual model as well as a full description of the model specification/exploration process, the reader is referred to Ory (2007). 
~ Figure 1 about here
3. Data

The data analyzed in this study are collected from a fourteen-page self-administered survey of approximately 2,000 individuals in the San Francisco Bay Area in 1998. A total of 8,000 surveys were mailed (garnering a response rate of about 25%) to randomly-selected households in three neighborhoods, namely the Hayes Valley/Western Addition/University of San Francisco (USF) area in San Francisco proper (half of the surveys), Concord (one-quarter) and Pleasant Hill (one-quarter). Hayes Valley, Western Addition, and USF are adjacent urban San Francisco neighborhoods, located close to the regional central business district (CBD) and well-served by transit. Concord and Pleasant Hill, in contrast, are both contiguous but different suburban cities, located across the San Francisco Bay from the regional CBD. This paper focuses on a subset of the 2,000 respondents – those who work either part-time or full-time and commute at least once a month. This subset contains 1,358 respondents with relatively complete data on most variables of interest; some key Sociodemographic characteristics of the sample are shown in Table 1. 

Table 1 indicates that our sample is relatively balanced in terms of gender and neighborhood location. The youngest and oldest age categories have few observations, but as the sample comprises full- and part-time workers, this is not surprising. Higher incomes are over-represented compared to the Census (see Curry, 2000 for further discussion). However, as the focus of the work is to model the impact of income and other variables on the behavioral constructs, rather than purely to ascertain the population distribution of such measures, it is more important simply to have a reasonable spread of incomes than that they be exactly representative (Babbie, 1998).

~ Table 1 about here
Key Variables

As indicated above, the key variables in this study are travel amounts (i.e. Objective Mobility), perceptions (Subjective Mobility), affections (Travel Liking), and desires (Relative Desired Mobility). The survey instrument measured these variables for a number of travel categories. Specifically, short-distance (one-way trips less than 100 miles) travel included seven purpose-specific categories (overall, commuting to work or school, for work/school-related activities, for grocery shopping, to eat a meal, for entertainment/recreation/social activities, and just taking others where they need to go), and five mode-specific categories (driver/passenger in any personal vehicle, in a bus, on a train/BART/light rail, walking/jogging/bicycling, and other means of travel). The focus of this paper is on the commuting to work or school variables; a forthcoming dissertation (Ory, 2007) examines the structural relationships for some of the other travel categories. The survey question and response options for variables in the four key categories are presented in Table 2. As discussed in Ory, et al. (forthcoming), the term Objective Mobility is somewhat artful in that the variables in this category are not truly “objective” (i.e. they are collected by asking respondents directly, not by independently recording travel amounts). However, the category name is intended to serve as a contrast to Subjective Mobility. As argued in Ory, et al. (forthcoming), we think the data captured by the Objective Mobility variables properly serve the intended purpose for the current study.
~ Table 2 about here
Other variables in the dataset
The other variables used in the models can be placed into six general categories, namely: Attitudes, Personality, Lifestyle, Excess Travel, Mobility Constraints, and Sociodemographics. Though variables in each of these travel categories were considered for inclusion in the models during the exploration stage, none of the variables significantly affected the structural relationships among our key variables and, as such, are not included in the final model specifications presented here. Detailed descriptions of each variable category are available in previously referenced papers (e.g., Ory, et al., 2004). 
4. Methods
Structural equation modeling (SEM), the method employed here, offers several improvements over single-equation approaches, such as ordinary least-squares regression and ordered probit. These advantages include the ability to reveal bi-directional causal relationships, and to separately estimate direct (e.g. X impacts Y) and indirect (e.g. X impacts Y which impacts Z) relationships (as well as determine the combined effects) (for a discussion of the use of SEM in practice, see Tomarken and Waller, 2005).

The general form of a structural equation model can be written as:
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where η is a vector (Nη x 1) holding (Nη) endogenous variables, ξ is a (Nξ x 1) column vector holding (Nξ) exogenous variables,  α is a column vector (Nη x 1) of intercept terms, Β is a matrix (Nη x Nη) of coefficients describing the direct effects of the η-variables on the other η-variables, Γ is a matrix (Nξ x Nη) of coefficients describing the direct effects of the ξ-variables on the η-variables, and ζ is a (Nη x 1) column vector of error terms (the customary subscript denoting each observation is suppressed for the sake of clarity) (Jöreskog and Sörbom, 1999; Jöreskog, et al., 1999). 

Structural equation models are estimated by minimizing the difference between the model-implied covariance matrix and the data-implied covariance matrix. By far the most common estimation technique is maximum likelihood (ML). ML estimation is derived from normal theory, and, as such, requires that the endogenous variables be jointly distributed multivariate normal and, as follows, distributed normal individually (see, e.g., Bentler and Dudgeon, 1996; Kennedy, 1998; Kmenta, 1997). The key data in this work, namely measures of Subjective Mobility, Travel Liking, and Relative Desired Mobility, are categorical and, thus, not normally distributed. As a result, great care had to be taken in the estimation of the models.

Preceding estimation, the multivariate normality of the endogenous variables in each model structure is assessed. AMOS (AMOS 5.0 is the software used for this study; see Arbuckle, 2003) provides a utility that presents a critical ratio of the skew and kurtosis for each variable as well as the critical ratio of the multivariate kurtosis, also known as Mardia’s coefficient (Mardia, 1970). Under multivariate normality, the standardized third-order moment (skew) is zero and the fourth-order moment (kurtosis) is 3 (though, in practice, three is subtracted from empirical measures of kurtosis to measure the deviation from normality). Though guidelines vary, multivariate kurtosis values less than one indicate negligible non-normality, one to anywhere from 3.5 to 10 indicate moderate non-normality, and greater values indicate severe non-normality (Information Technology Services, 2006; Lei and Lomax, 2005; Kline, 2005; Curran, et al., 1996; West, et al., 1995). 

For the models estimated here, the endogenous variables demonstrate moderate non-normality (the multivariate kurtosis values and critical ratios are presented with the estimation results). In view of this factor and the non-continuous nature of many of the variables, we decided to employ several different estimation techniques, each with advantages and disadvantages.  
First, the models are estimated using maximum likelihood. Though such an approach is not strictly theoretically appropriate, research does indicate that ML estimation is relatively robust in the face of moderate non-normality when large sample sizes are present (Lei and Lomax, 2005; Chou and Bentler, 1995). Here, the sample size exceeds 1,300 observations, considered large by structural equation modeling standards.

The second approach utilizes Browne’s asymptotic distribution free (ADF) estimation (Browne, 1984). ADF has the desirable property of not assuming a distribution – it is not based on normal theory. Rather, it entails a generalized least squares approach that assumes a weight matrix (simply the inverse of the observed variance-covariance matrix) that is responsive to second- and fourth-order terms. Creating the fitting function for the ADF approach is computationally demanding, requiring a combination of large sample sizes (on the order of 1,000 to 5,000) and few variables (less than 20) (West, et al., 1995). ADF has been shown to yield incorrect chi-square statistics for small samples (Hu, et al., 1992; Mueller, 1996). The relatively large number of observations (more than 1,300) and the relatively small number of variables (five or fewer) in the specifications presented here make the ADF approach viable (West, et al., 1995).

The third estimation approach is bootstrapping. Bootstrapping circumvents normal theory by sampling and re-sampling the data (with replacement) to generate parameter and standard error estimates, as well as goodness-of-fit measures. This is done by computing parameter estimates for each drawn sample. After numerous draws, a distribution of the parameter values can be estimated. In structural equation modeling, the Bollen-Stine bootstrap approach is used to correct the chi-square goodness-of-fit statistic, which, when estimated using maximum likelihood, is inflated by non-normality (Bollen and Stine, 1992). AMOS’s naive bootstrapping method is used to estimate parameter coefficients.
The final estimation method uses the Mplus software developed by Muthén (Muthén and Muthén, 2005; Muthén, 1983), in which a weighted least squares approach, similar to ADF, is employed. The unique aspect of the Mplus estimation technique is that categorical variables, y, are assumed to represent approximations of an underlying latent variable, y*, that is normally distributed (see Appendix 4 in Muthén, 2004). While this assumption is strong, West, et al. (1995) suggest that attitudinal variables, which are measured on a Likert-type scale of, say, “strongly disagree” to “strongly agree”, could reasonably be said to meet this criterion. The key endogenous variables in our data, namely Subjective Mobility, Travel Liking, and Relative Desired Mobility, are all measured on five-point ordinal scales and thus fit West, et al.’s description. The additional complexity of the Mplus technique requires the chi-squared statistic and the model degrees of freedom to be corrected (Muthén, 2004).

In the maximum likelihood, bootstrapping, and asymptotic distribution free estimations, the ordinal variables will be treated as continuous. While estimating structural equation models with ordinal variables is possible in certain software packages (see, e.g., Skrondal and Rabe-Hesketh, 2005; Xie, 1989; Lee and Kimhi, 2005), it greatly increases the difficulty of the estimation process. Due to the exploratory nature of this research, an efficient estimation process is crucial.

Though each of the discussed estimation methods, ML, bootstrapping, ADF, and Mplus, have their limitations, to the extent that each give consistent results, the confidence in the results increase. Andreassen, et al. (2006) used a similar approach in analyzing bank satisfaction data; the authors conclude that such “estimation triangulation” provides a useful means of assessing model misspecification.

To assess the quality of a particular model specification (i.e. how well the model-implied variance-covariance matrix compares to the sample variance-covariance matrix), some measure of goodness-of-fit is needed. Certain transformations of the chi-square statistic are universally used for such a measure, including the chi-square statistic divided by the model degrees of freedom, goodness-of-fit index (GFI), normed fit index (NFI), and comparative fit index (CFI). Other measures, such as the root-mean square error of approximation (RMSEA) are also recommended by various scholars. An entire body of literature is devoted to assessing the performance of goodness-of-fit measures under a host of conditions (see, e.g., Lei and Lomax, 2005; Bollen and Long, 1992). Though no consensus has been reached (i.e. no single goodness-of-fit measure has been shown to be superior over the others, as for the R2 and adjusted R2 values in linear regression), experts in the field recommend that a variety of measures be used to assess model fit. Most structural equation model software packages present numerous goodness-of-fit measures as part of their standard reporting (Byrne, 2001; Ullman, 1996; West et al. 1995; Satorra and Bentler 1988, 1994).  Table 3 presents a summary of goodness-of-fit measures, together with typical values found in models from the fields of operations research (Shah and Goldstein, 2006) and marketing (Baumgartner and Homburg, 1996). 

~ Table 3 about here
5. Model Results

5.1 Full-Sample Model
The final model specification and maximum likelihood standardized coefficients are shown in Figure 2. The error terms in Figure 2 are represented by small circles; the endogenous variables are represented by boxes.

Before estimation, the dataset was examined for missing data in the variables that entered the chosen specification. This was done because to apply the bootstrapping methodology and to assess multivariate normality within AMOS, the dataset must be free of missing data. The missing values in this dataset are relatively sparse, causing only six (out of 1,358) cases to be removed when using listwise deletion. Roth (1994) suggests that such a method is appropriate in this context. 
The maximum likelihood (ML), asymptotic distribution free (ADF), bootstrap, and Mplus estimation results, along with measures of goodness-of-fit, are presented in Table 4. The goodness-of-fit measures suggest a good fit between the model and data structures. The ML and ADF models have χ2/d.f. values near 1.2, which are slightly lower (i.e. better) than “typical” values in the 1.7 range. The ML CFI is 1.000 (better than the typical average of 0.95) and a RMSEA of 0.013 (better than the typical average of 0.06). The equation-specific ML R2 values (also shown in Table 4) of 0.206, 0.131, and 0.441 for the Subjective Mobility, Travel Liking, and Relative Desired Mobility equations, respectively, indicate that the variables included in the models explain a substantial portion of the variance found in the key variables and compare well to typical disaggregate models of travel behavior.  

Specific model results are discussed by focusing on each key variable, in turn. Variables incident to Objective Mobility, Subjective Mobility, Travel Liking, and Relative Desired Mobility are discussed in each of the respective sub-sections. 

Objective Mobility

Variables in the Objective Mobility category appear in each of the structural equations presented in Table 4. Two measures of Objective Mobility enter the final model specification, namely: the square root of one-way commute duration (one-way commute time is referred to as commute duration in this paper) and the square root of commute speed. The square root transformation is performed to increase the level of normality of the variables and to be consistent with previously estimated models (namely, the models of Subjective Mobility estimated by Collantes and Mokhtarian, 2002). Not surprisingly, the error terms of these two variables are positively, and significantly, correlated. 

Other than the significant covariance with the other’s error term, no other variables appear in the commute duration or speed equations – they are exogenous to the system. This is not to say that no variables in our data set are able to describe these measures. Rather, the variance and covariance introduced by potential explanatory variables are not capable of explaining sufficient variance in the system to warrant inclusion. The goal of structural equation modeling and, more generally, covariance analysis, is to minimize the difference between the model-implied and data-implied variance-covariance matrices. As such, no variable describing commute duration or speed, such as income, residential location (e.g. San Francisco or not) or travel mode, each of which act as a statistically significant covariate to either the duration or speed measure, make a significant enough contribution to the system of equations to warrant inclusion. 

Subjective Mobility

One goal of the work of Collantes and Mokhtarian (2002, forthcoming) was to determine what measures of Objective Mobility shaped commute-specific Subjective Mobility. In common parlance: what measures of travel amounts (time, speed, distance, frequency, modal interactions with these measures, etc.) influence our perceptions of how much we travel? Collantes and Mokhtarian (2002) concluded that myriad measures did, rather than just one or two, which is broadly represented in the conceptual model of Figure 1 by the arrow pointing from Objective Mobility to Subjective Mobility.

The results of the present model estimation indicate that the square root of commute duration and the square root of commute speed shape the Subjective Mobility assessment of commute travel. Collantes and Mokhtarian (2002) found that these measures, along with commute frequency, weekly commute distance, square root of one-way commute distance, and measures of work/school-related and personal vehicle travel all impacted commute Subjective Mobility. These two findings are not necessarily inconsistent. In the structural equation modeling context, we are examining the impact of Objective Mobility on the larger system of Subjective Mobility, Travel Liking, and Relative Desired Mobility. Commute duration and speed are the two variables that have the most influence on this system as a whole. In the work of Collantes and Mokhtarian (2002), the goal in estimation was to describe the variation in the dependent Subjective Mobility variable (using single-equation methods), without regard to its role in explaining Travel Liking or Relative Desired Mobility. In that context, it is logical that several other Objective Mobility variables were significant covariates. 
Interestingly, both variables enter the Subjective Mobility equation with positive coefficients. Such a result follows intuition with respect to the commute duration measure: the longer time one spends commuting, the greater one subjectively assesses his commute to be (the more I travel, the more I think I travel). The positive coefficient on speed may initially be contrary to expectation because traveling at higher speeds usually means traveling in less congestion, making a negative coefficient logical (the faster I travel, the less burdensome it is and therefore the lower the cognitive weight it has in my perceptions). But because the model contains both duration and speed, the coefficient on commute speed can be interpreted by assuming a constant duration. Consider, for example, two individuals, A and B, who both travel 20 minutes to work each day. Individual A travels at an average speed of 45 miles per hour (mph) and individual B travels at an average speed of 70 mph. Which of the two will consider their travel to be subjectively “greater” than the other? Since the coefficient on commute speed is positive, the model results suggest it is person B, who travels at 70 mph. Because duration is constant, individual B is traveling a greater distance than individual A. Further, note that we are not holding travel mode constant. Consider a more extreme example, in which commute duration is only 10 minutes. Here individual A travels on foot at 3 mph and individual B in an automobile at 60 mph. We would certainly expect individual A, who is merely walking down the block, to assess his travel to be of less magnitude than individual B, who is traveling six miles. 

The speed variable in the model can be replaced by a measure of one-way commute distance, which makes for a cleaner interpretation. However, this replacement considerably reduces the goodness-of-fit of the model, suggesting that the non-linear relationship of speed and duration contributes valuable information to the system. Similarly, one could replace duration in the final model specification with distance, which would result in the expected positive coefficient on the distance variable and negative coefficient on the speed variable, but doing so would again degrade the fit of the model. 
Travel Liking

Ory and Mokhtarian (2005) estimated a single-equation model of commute Travel Liking that included variables in the Objective Mobility, Subjective Mobility, Sociodemographics, Attitudes, and Lifestyle categories; these findings are reflected in the conceptual model.
In the structural equation model estimation, two measures, square root of one-way commute time and Subjective Mobility, influence Travel Liking. The negative coefficients on these measures suggest that those who are “forced” to commute long distances develop a relative dislike for commute travel. This finding supports the assertion in the literature that attitudes are shaped by behavior, rather than vice versa (Golob, 2001; Tardiff, 1976). However, the negative coefficient on the Subjective Mobility variable adds another level of nuance to this relationship. If two individuals commute the same duration, a differential in travel perceptions can lead to a differential in travel affect. The model suggests that those traveling at faster speeds (holding duration constant) can increase these perceptions, which, in turn, decrease commute enjoyment. Of course, factors besides speed could also influence perception, though they are not captured in the model (or, perhaps, in the dataset). So, it is a combination of both the behavior (i.e. lengthy commute times, the Objective Mobility measure) and travel perceptions (i.e. the Subjective Mobility measure) that influence commute enjoyment (Travel Liking).

Relative Desired Mobility

The end measure of the model is hypothesized to be Relative Desired Mobility. That is, travel amounts, and how those amounts are subjectively assessed, as modified by enjoyment of travel, lead to a conclusion about how much more or less travel is desired. The estimation results confirm this hypothesis: measures of Objective Mobility, Subjective Mobility, and Travel Liking all influence the Relative Desired Mobility for commute travel. 

The Objective Mobility variables (square root of commute duration and the square root of commute speed, interpreting speed, again, as distance) and Subjective Mobility (for commute travel) each enter with a negative coefficient, indicating that the more one actually travels and assesses her actual travel amounts to be, the less she desires to travel. This result is expected: those who commute large amounts logically desire to reduce that travel. The interpretation of the negative coefficient on the speed variable is identical to the discussion in the Subjective Mobility section (after controlling for time, higher speeds lead to longer distances).

One of the hypotheses of this work is that travelers possess a subjective lens through which their travel is viewed. The output from such a lens determines to what degree more or less travel is desired, i.e. even if I travel a great deal, if I perceive that travel amount to be low, my desire to reduce my travel may not be that great. These relationships are operationalized through the impact of Objective Mobility on Relative Desired Mobility via Subjective Mobility. The standardized coefficients from the structural model can be examined in a path analysis to determine the degree to which the Subjective Mobility construct “filters” Objective Mobility to shape Relative Desired Mobility.

Looking first at the commute duration variable, Figure 2 shows that commute duration has a negative direct coefficient of -0.34 on Relative Desired Mobility (RDM), and a positive coefficient of 0.40 on Subjective Mobility (SM), which, in turn, has a -0.13 coefficient on RDM, leading to an indirect effect of duration on RDM of 0.40 * -0.13 = -0.05. Travel Liking (TL) is also acting as a filter in the model, as there is an indirect effect of duration on RDM via TL of -0.31 * 0.37 = -0.12. Moving to the other Objective Mobility (OM) variable in the specification, commute speed, Figure 2 shows a direct effect of commute speed on RDM of -0.07 and an indirect effect of commute speed, as filtered through SM, on RDM of -0.02. Therefore, for the commuting trip purpose at least, objective travel amounts are more important than “filtered” travel amounts in shaping desires (comparing -0.34 to -0.05 and -0.12 for duration; -0.07 to -0.02 for speed). One reason for this finding (see Ory (2007) for further discussion on this point) may be the societal standards placed on commute amounts. In contrast to recreational travel, everyone has an idea of what constitutes an acceptable amount of commuting. Commute distances are discussed with friends, neighbors, and co-workers, and media reports highlight those falling outside the norm. We have a sense of how much we should be commuting. Frequent comparisons are made to these standards each time we fill up the gas tank (informing us how much we traveled in this past week) or are late for work (reminding us of our commute duration). As such, it may well be that there is relatively little variation across the population in the filtering process for commute travel in particular.
However, even in the presence of more important direct effects from the commute duration and speed variables, the significant effect of perceptions on desires (SM(RDM) is still very important. It suggests that though two individuals who commute an hour each day may both desire a reduction in commuting, a difference in how those commute amounts are perceived can enhance or diminish these desires.
Travel Liking has a positive effect on Relative Desired Mobility. The result is both logical (the more someone enjoys traveling, the more of it is desired) and also intriguing. It shows that the desire to reduce commuting is influenced by the amount commuting is enjoyed. As the commute is stereotypically considered burdensome, this finding suggests that, at the very least, the degree to which that burden is ameliorated leads to a desire for more travel. 

The entire model tells a holistic and interesting picture about commute behavior. Looking at the upper half of the model in Figure 2, one can see how “soft” variables such as travel perceptions, travel enjoyment, and attitudes can lead to a desire for more commuting: those who psychologically diminish their perceived travel amounts, and those who enjoy travel, have a desire to commute more than those who do not have these attributes. Moving down the diagram, the actual characteristics of the commute come into play. Here, an increase in commute duration reduces the enjoyment of travel, which is not surprising, and an increase in commute duration and distance (through the speed variable) increase perceived travel amounts. 

Notes on Estimation Techniques

The results across estimation techniques are consistent. The chi-square p-values for the ML, ADF, and Mplus estimations are 0.265, 0.285, and 0.305, respectively, which are consistent with the Bollen-Stine bootstrap p-value of 0.292. The coefficients in the ML, ADF, and bootstrap estimations are nearly identical. The Mplus coefficients are uniformly larger in magnitude than those for the other three estimation techniques, suggesting a downward bias for those techniques in view of the measurement error inherent in treating the ordinal variables as continuous. 
~ Figure 2 about here
~ Table 5 about here

5.2 Travel Liking Market Segmentation

As mentioned in Section 2, the relationship between Subjective Mobility and Travel Liking could very well be bi-directional, i.e. the more I enjoy travel, the less I perceive it to be (TL(SM), and, in the opposite direction, the more I perceive my commute travel to be, the less (or potentially more, as in the example of Section 2) I enjoy it (SM(TL). In the current model, both directions of causality, when introduced individually, prove significant and have the same negative sign. The SM(TL direction provides a stronger statistical case, meaning it has both a higher t-statistic and the overall model fit is superior to the opposing direction of causality, and is therefore included in the final specification (estimating both directions simultaneously, in the current structure, leaves the model unidentified). None of the other relationships in the final model have similar levels of ambiguity.  

In a previous analysis of Subjective Mobility (Collantes and Mokhtarian, forthcoming), evidence for a U-shaped or quadratic relationship of Travel Liking (TL) to Subjective Mobility (SM) emerged; people who liked commuting, as well as those who disliked it, tended to have elevated perceptions of their commute mobility, relative to those with neutral feelings. In turn, this suggests that Subjective Mobility could have a different relationship to Relative Desired Mobility (RDM) depending on whether the respondent likes or dislikes commuting. If SM is high when TL is low, the respondent is likely to want to reduce commuting (RDM will be low, and SM will have a negative impact on RDM); conversely, if SM is high when TL is high, the respondent may wish to maintain or even increase her commuting (RDM will be neutral to high, and SM will have a negligible or possibly positive impact on RDM). 

To further investigate the three-way relationship among Subjective Mobility, Travel Liking, and Relative Desired Mobility, the data were segmented into those who had positive commute Travel Liking responses and those with neutral or negative responses. That is, to the survey question “How do you feel about traveling [when] commuting to work or school?”, those who responded with “Like” (253 cases), and “Strongly like” (37) are put into one segment, and those who responded with “Neutral” (517), “Dislike” (422) and “Strongly dislike” (123) into another (note that the distribution is not as heavily skewed in the dislike direction as may be expected; see Ory and Mokhtarian (2005) for further discussion of this point). The segmentation is made at this point because Collantes and Mokhtarian (forthcoming) found that the minimum of their parabolic relationship between TL and SM occurred at TL=3.9, where “Neutral” is 3 and “Like” is 4. Though the same parabolic relationship did not prove significant in the structural model, the findings of Collantes and Mokhtarian (forthcoming) do motivate an independent examination of these two groups. If the relationship between TL and SM is, in fact, U-shaped, it would be expected for a linear term across both segments to be insignificant, or at least to fall between the two coefficients of opposite signs that would be expected for the two groups modeled separately. Segmenting the sample at the minimum point of the parabola should reveal a positive or neutral relationship between TL and SM for the “Like” and “Strongly like” (positive) segment and a negative relationship for the “Neutral”, “Dislike”, and “Strongly dislike” (neutral/negative) segment. Further, it would be expected for the neutral/negative TL sample to have a much stronger negative relationship between SM and RDM than the positive TL segment. 
As a first step in exploring the Travel Liking segmentation, the full-sample model structure of Figure 2 is estimated on the positive and neutral/negative segments. As in the full-sample model, the directionality of the relationship between Subjective Mobility and Travel Liking is explored: both directions are estimated, and the direction with the stronger statistical case is included in the selected model. 
The neutral/negative- and positive-segment models’ standardized ML coefficients are shown in Figure 3 (on the left and right, respectively). The neutral/negative-segment (N=1,062) has goodness-of-fit measures far superior to the full-sample model with a χ2/d.f. value of 0.258 and a RMSEA of 0.000 (0.065 at the high end of the 90% interval). The positive (N=290) segment does not fit the data nearly as well: only three (duration on SM and RDM; speed on SM) of the coefficients are significant at the 95% confidence level. The χ2/d.f. value is 1.828 and the RMSEA is 0.054. 
As expected, the relationship between Subjective Mobility and Relative Desired Mobility is strongly negative for the neutral/negative segment. The standardized coefficient is -0.16, which is slightly larger than the value of -0.13 in the full-sample model. For the positive segment, the coefficient of -0.01 shown in Figure 3 is not statistically different from zero. 

The relationship between Subjective Mobility and Travel Liking is negative, as expected, in the neutral/negative segment and goes from SM to TL, as in the full-sample model. The opposite-direction of causality has a stronger statistical case for the positive segment. However, in the positive market segment, neither direction yields a statistically significant coefficient. 
In sum, the two Travel Liking segments perform as expected. Those in the neutral/negative segment have negative relationships between SM and TL, and SM and RDM. As the perceived amount of travel increases, these individuals’ enjoyment of, and desire for, travel diminishes. In the positive segment (i.e. for those who like commuting), perceived travel amounts have no significant impact on travel enjoyment or desire. 
~ Figure 3 about here

The good fit of the final model specification for the neutral/negative segment and the poor fit of the model on the positive segment suggests that respondents who like commuting have, to some degree, a different set of OM/SM/TL/RDM relationships than do their commute-disliking cohorts. This result motivated an independent exploration of the positive Travel Liking segment. Again considering all the variables in the dataset, we searched for the best specification of an OM/SM/TL/RDM model for this market segment. The ML standardized coefficients and model structure for the chosen model are presented in Figure 4. The model fits the data better than the full-sample model specification, with a χ2/d.f. value of 1.046 and RMSEA of 0.013 (N=290); each of the direct effect coefficients are significant at the 99% confidence level.
As previously hypothesized, there are no significant relationships between Subjective Mobility and Relative Desired Mobility, or Subjective Mobility and Travel Liking. Travel Liking plays no role in shaping the OM/SM/RDM structure, which is not surprising because the segmentation (only the “Like” and “Strongly Like” responses are included) leaves the variable with limited variability and explanatory power. The model results show that commute duration and frequency each positively affect Subjective Mobility. Note that frequency replaces the speed measure from the neutral/negative-segment and full-sample models. The two measures of OM have negatively correlated error terms: the longer the commute, the less frequently it is made. This finding suggests either that those with long commutes are mitigating the effects of such long trips by making them less frequently, or, conversely, that those who are able to commute less frequently are deciding to move farther from work, perhaps to a higher-amenity home location, and, in doing so, increasing their commute duration (for a discussion of this issue in the context of telecommuting, please see Ory and Mokhtarian, forthcoming). It may be that those who have the flexibility to adjust their commute frequency are thus able to enjoy their commute, motivating their inclusion in the positive Travel Liking segment. Duration is the sole influence on Relative Desired Mobility, estimating with the expected negative coefficient. 

Comparing the positive-segment model of Figure 4 with the neutral/negative-segment model of Figure 3, we can see how travel enjoyment shapes the relationship between perceptions and desires. The interpretation is that between two people with the same Subjective Mobility (i.e. they assess their commute to be the same amount), the one who likes commuting will tend not to desire a reduction in her commute amount, whereas the one with neutral or negative commute affections will tend to desire a reduction. To the extent that these desires influence future behavior, measurements of travel enjoyment become important to travel behavior, even in the context of commute travel.
~ Figure 4 about here

6. Summary and Conclusions

This paper presents a structural model of commute travel amounts, perceptions, affections, and desires. The results suggest that commute duration and speed are more important than weekly distance and frequency in shaping perceptions. These perceptions, in turn, negatively influence travel enjoyment and desires. Commute enjoyment, or a lack of strong commute dislike, leads to less of a desire to reduce commute amounts.
Travel desires are a function of actual travel amounts, perceived travel amounts, and travel enjoyment. The significant effect of perceptions when modeled simultaneously with travel amounts suggest that how travel amounts are assessed is important. Though two individuals who commute an hour each day may both desire a reduction in commuting, a difference in how those commute amounts are perceived can enhance or diminish these desires. The significant presence of the travel enjoyment variable is also noteworthy. This relationship, which is among the strongest in the model, suggests that travel enjoyment is important in commute behavior. Those who enjoy commuting, and more than one-fifth of this sample does to some extent, desire either to do more of it or to reduce it less, than do those with neutral or negative feelings. 

To better understand the relationships among the key variables, the sample was segmented by the Travel Liking variable. One segment contained those with neutral or negative Liking values and the other those with positive values; the demarcation point was motivated by the previous work of Collantes and Mokhtarian (2002, forthcoming). The purpose behind the segmentation was to compare the structural relationships between those who do and do not state a liking for commute travel. The results suggest that these two groups have very different relationships among Subjective Mobility, Travel Liking, and Relative Desired Mobility. Specifically, two people with the same Objective and Subjective Mobility (i.e. they travel the same amount and perceive that travel to be the same), will desire different levels of commute reduction depending on how much they enjoy commuting. Those with neutral to negative affections will desire a reduction in commuting, but those with positive affections will not. 

The coefficients and goodness-of-fit measures for the final full-sample model specification were estimated using four techniques, namely maximum likelihood (ML), asymptotic distribution free (ADF), bootstrapping, and the Mplus approach. Each of the techniques produced consistent results.

The implications of this work are both practical and theoretical. They are practical in that we provide rather conclusive evidence that Travel Liking plays a non-negligible role in shaping a desire for more or less commuting. The notion of a positive utility for travel is important – even in the context of commute travel – and warrants further study. The implications are theoretical in that the focus of the study is to explore behavior rather than to put forth new modeling or planning techniques. The suggestion moving forward is that the impact of a positive utility for travel not be overlooked when examining travel reduction strategies such as telecommuting. The fact that 21% of our sample “liked” or “strongly liked” commuting should not be ignored. 
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Table 1: Key Sociodemographic Characteristics of Sample (N=1,358)
	Characteristic
	
	Number (percent)

	Concord
	
	318 (23.4)

	Pleasant Hill 
	
	369 (27.2)

	San Francisco
	
	671 (49.4)

	Femalea
	
	692 (51.1)

	Have a driver’s licenseb
	
	1,338 (98.7)

	Work full-time
	
	1,141 (84.0)

	Household incomec 
	< $15,000
	31 (2.3)

	
	$15,000 – 34,999
	141 (10.6)

	
	$35,000 – 54,999
	269 (20.3)

	
	$55,000 – 74,999
	250 (18.9)

	
	$75,000 – 94,999
	220 (16.6)

	
	> $95,000
	411 (31.1)

	Aged
	18 – 23
	44 (3.2)

	
	24 – 40
	584 (43.0)

	
	41 – 64
	686 (50.5)

	
	> 65
	43 (3.2)

	Characteristic
	
	Mean (std. dev.)

	Total people in household
	2.39 (1.22)

	Total children under 18 in HHe
	0.45 (0.84)

	Total workers in HH (full/part-time)f
	1.77 (0.80)

	Number of personal vehicles in HHg
	1.87 (1.08)

	Total short distance travel (miles/week)d
	219.46 (188.67)

	a N=1,352; b N=1,356; c N=1,322; d N=1,357; e N=1,351; f N=1,354; g N=1,353


Table 2: Survey Questions for Key Variable Categories
	Variable Category 
	Variable
	Survey Question*
	Response Options*

	Objective Mobility
	Commute frequency
	Counting only short-distance trips (100 miles or less one way), please estimate how often you typically make each of the following types of trips, by any means of travel … commuting to work or school
	Never

Less than once a MONTH 

1-3 times a MONTH 

1-2 times a WEEK 

3-4 times a WEEK 

5 or more times a WEEK

	
	Commute distance
	Counting only short-distance trips (100 miles or less one way), please estimate the TOTAL distance you travel in a typical 7-day WEEK in each of the following categories. We realize that many people may not know these amounts exactly – your best guess is fine… commuting to/from work or school
	_____ miles/week

	
	Commute length
	How far do you live from work?
	_____ miles

	
	Commute duration
	How long does it usually take you to get to work (one way)?
	_____ minutes

	Subjective Mobility
	Commute Subjective Mobility
	For each of the following categories, circle the number on the scale which best describes how you view the amount of travel you do… commuting to work or school.
	1 (None)

2

3

4

5 (A lot)

	Travel Liking
	Commute Travel Liking
	How do you feel about traveling in each of the following categories? We are not asking how you feel about the activity at the destination, but about the travel required to get there. For …. commuting to work or school:
	Strongly dislike 

Dislike

Neutral

Like

Strongly like

	Relative Desired Mobility
	Commute Relative Desired Mobility
	For short-distance trips, I’d like to travel __________ compared to what I do now: commuting to work or school.
	Much less

Less

About the same

More

Much more

	* Bold, italic, and CAPITAL emphasis included in survey


Table 3: Summary of Goodness-of-Fit Measures
	Measure
	Meaning1
	Typical values from operations research2
     mean (range)
	Typical values from marketing3
mean (range)

	χ2
	Discrepancy between observed and model-implied variance-covariance matrices
	---
	---

	ρ-value
	The null hypothesis states that the model reproduces the observed variance-covariance matrix well
	---
	---

	χ 2 / degrees of freedom
	Reduces the sensitivity of χ 2 to sample size
	1.82 (0.02, 4.80)
	1.62 (1.19, 2.26)

	Goodness-of-fit Index (GFI)
	An absolute fit index that estimates the proportion of variability explained by the model (similar to R2 in regression models)
	0.93 (0.75, 0.99)
	0.95 (0.90, 0.98)

	Adjusted Goodness-of-fit Index (AGFI)
	GFI penalized for model complexity
	0.89 (0.63, 0.97)
	0.91 (0.84, 0.95)

	Root Mean Square Residual
	Difference between the observed and estimated covariance matrices
	0.052 (0.010, 0.140)
	0.05 (0.03, 0.06)

	Root Mean Square Error of Approximation
	Estimates the amount of error of approximation per model degree of freedom, correcting for sample size and penalizing model complexity
	0.058 (0.00, 0.13)
	0.06 (0.03, 0.08)

	Normed Fit Index (NFI)
	The proportion of baseline (independence) model χ2 explained by the model of interest.
	0.91 (0.72, 0.99)
	---

	Relative Fit Index (RFI)
	NFI corrected for degrees of freedom
	---
	0.85 (0.78, 0.91)

	Incremental Fit Index (IFI)
	The incremental improvement of the model of interest over the baseline (independence) model
	0.94 (0.88, 0.98)
	0.95 (0.91, 0.97)

	Comparative Fit Index (CFI)
	Assumes a non-central χ2 distribution for the baseline model discrepancy
	0.96 (0.88, 1.00)
	0.95 (0.91, 0.97)

	Akaike Information Criterion (AIC)
	Balances the discrepancy against complexity
	---
	---

	Browne-Cudeck Criterion
	Penalizes complexity more heavily than AIC
	---
	---

	1 Adapted from Mokhtarian and Meenakshisundaram (1999); 2 Shah and Goldstein (2006); 

3 Baumgartner and Homburg (1996)


Table 4:  ML, ADF, Bootstrap, and Mplus Estimation Results (N=1,352)
	Regression Weights
	ML
	ADF
	Bootstrap
	Mplus

	[] -- range of observed observations
	coeff
	crit ratio
	coeff
	crit ratio
	coeff
	crit ratio
	coeff
	crit ratio

	( Subjective Mobility -- Commute [1,…,5] (Equation R2 = 0.206*)
	
	
	
	
	
	
	
	

	    Objective Mobility -- Square root of one-way commute time [>=0]
	0.276
	16.422
	0.275
	17.596
	0.276
	17.250
	0.288
	16.646

	    Objective Mobility -- Square root of commute speed [>=0]
	0.114
	6.070
	0.114
	5.890
	0.113
	5.947
	0.114
	5.962

	( Travel Liking -- Commute [1,…,5] (R2 = 0.131)
	
	
	 
	
	 
	
	 
	

	    Objective Mobility -- Square root of one-way commute time [>=0]
	-0.167
	-11.049
	-0.168
	-10.241
	-0.167
	-10.438
	-0.196
	-11.298

	    Subjective Mobility -- Commute [1,…,5]
	-0.076
	-3.401
	-0.076
	-3.224
	-0.077
	-3.348
	-0.109
	-3.528

	( Relative Desired Mobility -- Commute [1,…,5] (R2 = 0.441)
	
	
	 
	
	 
	
	 
	

	    Objective Mobility -- Square root of one-way commute time [>=0]
	-0.146
	-14.275
	-0.146
	-13.757
	-0.146
	-13.273
	-0.257
	-15.276

	    Objective Mobility -- Square root of commute speed [>=0]
	-0.036
	-3.565
	-0.036
	-3.340
	-0.037
	-3.364
	-0.078
	-3.684

	    Subjective Mobility -- Commute [1,…,5]
	-0.083
	-5.697
	-0.082
	-5.282
	-0.082
	-5.125
	-0.206
	-6.781

	    Travel Liking -- Commute [1,…,5]
	0.299
	17.104
	0.297
	14.188
	0.300
	13.636
	0.571
	18.604

	Covariances
	coeff
	crit ratio
	coeff
	crit ratio
	coeff
	crit ratio
	coeff
	crit ratio

	    Objective Mobility -- Square root of one-way commute time [>=0]
	0.480
	6.208
	0.481
	6.997
	0.482
	7.088
	0.501
	6.314

	        Objective Mobility -- Square root of commute speed [>=0]
	
	
	 
	
	 
	
	 
	

	Goodness-of-fit Measures
	 
	 
	 
	 
	 
	 
	 
	 

	Chi-squared (p-value) =
	1.241
	(0.265)
	1.144
	(0.285)
	
	(0.292)
	1.053
	(0.305)

	Degrees of freedom =
	1
	
	1
	
	
	
	1
	

	Chi-squared / degrees of freedom =
	1.241
	
	1.144
	
	
	
	1.053
	

	Fit indices: Relative, Incremental, Comparative =
	0.991, 1.000, 1.000
	 
	
	
	
	
	

	Root-mean square error of approximation (90 percent interval) =
	0.013
	(0,0.075)
	0.010
	(0,0.074)
	
	
	0.006
	

	Normality Measures
	 
	 
	
	
	
	
	 
	 

	Multivariate kurtosis =
	2.068
	(4.544)
	
	
	
	
	 
	 

	* Also known as the squared multiple correlation (SMC)
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Figure 1: Conceptual Model
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Figure 2: Model Structure and ML Standardized Coefficients (N=1,352)
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Figure 3: ML Standardized Coefficients for the Final Full-Sample Model Structure Estimated on Neutral/Negative (left, N=1,062) and Positive (right, N=290) Travel Liking Segments
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Figure 4: Improved Positive Travel Liking Segment Model Structure and ML Standardized Coefficients (N=290) 
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