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ABSTRACT 

Understanding the Marginal Utilities of Commute Time, Work Time, Travel Cost, and 

Income using Stated Preferences Surveys  

by 

Niranjan Poudel, Master of Science 

Utah State University, 2021 

 

Major Professor: Dr. Patrick A. Singleton 

Department: Civil and Environmental Engineering 

 

Understanding the value of travel time savings (VTTS) plays an important role 

appraisals of transportation projects, policies and planning. Some of the main 

components of VTTS are marginal utilities of commute, work, travel cost and income. 

Few of the recent studies have been able to empirically decompose the VTTS into the 

components of value of time assigned to work (VTAW) and value of time assigned to 

travel (VTAT). These studies usually rely on costly multiday activity-travel-expenditure 

diaries and surveys. Most of the other studies derive the willingness to pay (WTP) 

measures as a substitute for VTTS using discrete choice experiments. This study made 

use of such discrete choice experiments by including the attributes of work time and 

income in addition to widely used attributes of travel time and travel cost. Making use of 

data collected from two different stated preference surveys from Portland, Oregon, US (N 

= 636) and from all over the US (N = 611), with two separate analyses we estimated the 

marginal utilities of work, commute, travel cost and income. The first survey was a 

simple stated preference with two-levels of attributes for commute time and work time 
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only, whereas the second survey added attributes of work time and income. The findings 

from both studies reflect that, on average, marginal utilities of work time and commute 

time were negative in sign. Also, on average, the marginal disutility of commute time 

was greater than the marginal disutility of work time. For walk and bicycle commuters, 

auto passengers, and people with flexible work hours, the marginal disutility of commute 

time was relatively lower compared to other modes and inflexible work hours. The 

second study showed a comparative difference in the magnitude of marginal utilities for 

cost and income: the magnitude of the marginal utility of income was lower than the 

magnitude of the marginal utility of cost. Based on the findings, we suggest changes to 

the labor market, improving safety and comfortability for active mode users rather than 

much focus on reducing travel time for such users, and opportunities for future studies in 

understanding the components of VTTS.  

         (171 Pages)  
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PUBLIC ABSTRACT 

Understanding the Marginal Utilities of Commute Time, Work Time, Travel Cost, and 

Income using Stated Preferences Surveys 

Niranjan Poudel 

 

In transportation economics, measuring the willingness to pay (WTP) for a 

reduction in travel time – the monetary value of travel time savings (VTTS) – plays an 

important role in understanding the social benefits of various transportation projects. 

These monetary appraisals (WTP, VTTS) are better understood either through expensive 

daily activity-travel-expenditure diaries or using discrete choice experiments (DCEs). 

This study made use of data collected from two different stated preference surveys – a 

type of DCEs - (one from Portland, Oregon, US, and one from all over the US) to 

understand the marginal utilities of work, commute, income, and travel cost. The 

marginal utility of an activity or good is defined as the satisfaction/utility gained from a 

unit change in that activity or good. The findings from our results suggest that, on 

average, people have negative marginal utilities for both working and commuting. Also, 

on average, the marginal disutility of commute time was greater than the marginal 

disutility of work time. For walk and bicycle commuters, auto passengers, and people 

with flexible work hours, the marginal disutility of commute time was relatively lower 

compared to other modes and inflexible work hours. Based on the findings, we suggest 

changes to the labor market, improving safety and comfortability for active mode users 

rather than much focus on reducing travel time for such users, and opportunities for 

future studies in understanding the components of VTTS.   
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CHAPTER 1 

INTRODUCTION 

We perform various activities in our daily lives, and these activities are 

constrained by the limited time available and budgetary constraints (money spent, money 

earned, and so on). Commuting and working are two of the activities we spend a 

significant time on almost every day. From 2012 to 2016 on average, Americans 15 years 

or older spent 1 hour 11 minutes per day traveling to perform various activities (Allard, 

2018). A more recent study from 2019 stated that the average one-way commute was 

27.6 minutes in the United States (Burd, Burrows, & McKenzie, 2021). Likewise, on 

average, Americans work 8.5 hours a day (Kolmar, 2021). 

Constraints of time and cost are also predominantly used in most of the transport 

economics analyses and studies. Evaluating marginal utilities and monetary values of 

time spent on such activities can have important contributions in the field of 

transportation and on enhancing social standards. Monetary appraisals of travel time play 

an integral role in cost-benefit analyses of transportation projects, pricing policies, 

evaluations of projects and policies, and travel demand modeling (Mackie et al., 2001). 

Similarly, understanding the willingness to substitute between travel and work can help 

better shape work-commute environments. 

These appraisals and tradeoffs have been made explicit in literature through 

economic theories and data collection. Notably, the subjective value of travel time 

savings (VTTS) is the willingness to pay (WTP) for a marginal reduction in travel time 

(Hensher, 2001). Some recent literature critical of the word “savings” (as time cannot be 

saved like money or other resources) has defined the term “value of travel time” (VTT), 
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where monetary VTT is the amount of money that would be paid or received by a traveler 

after a time saving or loss, respectively (Daly & Hess, 2020). Moreover, microeconomic 

frameworks disintegrate these overall VTTS or VTT into the value of time as commodity, 

the value of time assigned to work (VTAW), and the value of time assigned to travel 

(VTAT). The derivations and explanations of VTAW and VTAT are shown in more 

detail in the following section. 

Literature Review 

The subjective VTTS has a long history of development from microeconomic 

theories of time allocation and valuation (Becker, 1965; Johnson, 1966; Oort, 1969; 

DeSerpa, 1971; Evans, 1972), and understanding work/travel/leisure time tradeoffs has 

played a key role in this field. Prior to the work of Becker (1965), consumer theories 

explained how the consumption of goods or performing activities were constrained by 

income. It was the work of Becker (1965) who introduced time constraints (consumption 

time) into the framework. Without the time constraints, income can be increased by 

increasing the work time, but as consumption required time, there had to be a limit on the 

time available to work. Becker (1965) constrained that work time is in fact the reduction 

of consumption time from total time available (in a day), which gave rise to the value of 

time (VOT; not earning money) equal to the wage rate, irrespective of the type of 

activity.  

The work of Becker (1965) did not include the work time directly in the utility 

function, which was pointed out by Johnson (1966). Johnson (1966) added work time to 

the utility function, and now the VOT was the wage rate plus the Value of Work (VOW), 

which is the ratio of the marginal utility (satisfaction gained from a unit change of an 
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activity or good) of work to the marginal utility of income. This new value of time was 

termed the Value of Leisure (VOL), which was greater or less than the wage rate 

depending upon the marginal utility of work. Until this point, this VOL is equal to the 

VTT. The work of Johnson (1966) was followed by the work of Oort (1969) who 

mentioned that travel time should be included directly in the utility function. Next, it was 

DeSerpa (1971) who added a constraint that linked goods consumption and time spent on 

consuming goods. This additional constraint stated that goods consumption required a 

minimum assignment of time, which facilitated the derivation of different values of time. 

While the readers are referred elsewhere (Jara-Diaz, 2002; Jara-Díaz & Guevara, 2003; 

Jara-Diaz, 2007; Jara-Diaz, 2020) for more comprehensive discussion on derivation of 

VTTS and extended models, we will briefly mention the work of DeSerpa (1971) below.  

Following the model of DeSerpa (1971):  

Let us maximize utility 𝑈 (𝑋, 𝑇)  

 subjected to:  

 𝑤𝑇𝑤 − ∑𝑃𝑖𝑋𝑖 ≥ 0  (λ) 

 𝑇 − ∑𝑇𝑖 = 0   (µ) 

 𝑇𝑖  ≥  𝑎𝑖𝑋𝑖   (𝐾𝑖)  

Where, 

 𝑋𝑖 = Any activity 

 𝑃𝑖   = Price of doing the activity Xi 

 𝑇 = Total available time (resource) 

 𝑇𝑖   = Time consumed on doing activity Xi 

 𝑎𝑖  = Minimum time required to do the activity Xi 
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 λ = Marginal utility of income 

 µ = Marginal utility of time as resource 

 Ki  = Marginal utility of saving time in activity Xi 

 𝑇𝑤  = Total work time  

 𝑤 = Wage rate   

Now the LaGrange function can be written as  

 𝐿 = 𝑈(𝑋, 𝑇) + λ(𝑤𝑇𝑤 −  ∑𝑃𝑖𝑋𝑖) +  µ(𝑇 − ∑𝑇𝑖) + ∑𝐾𝑖(𝑇𝑖 − 𝑎𝑖𝑋𝑖) 

Now, the first order condition related to Ti are 

 𝜕𝑈 𝜕𝑇𝑖⁄ −  µ +  𝐾𝑖 = 0      (i) 

And,  𝐾𝑖(𝑇𝑖 − 𝑎𝑖𝑋𝑖) = 0       (ii) 

From the first order condition (i) 

 𝐾𝑖 = µ − 𝜕𝑈/𝜕𝑇𝑖 

i.e. 𝐾𝑖 λ⁄ = µ λ⁄ − (𝜕𝑈/𝜕𝑇𝑖)/λ      (iii) 

Tw is also time spent in working it can be one of the activities Xi where Ti = Tw 

First order condition related to Tw is  

 𝜕𝑈/𝜕𝑇𝑖  − µ + 𝑤λ = 0 

i.e. µ/λ = 𝑤 + (𝜕𝑈/𝜕𝑇𝑤)/λ      (iv) 

From equation (iii) and (iv) we can derive 

 
𝐾𝑖

𝜆
=

μ

λ
−

𝜕𝑈 𝜕𝑇𝑖⁄

λ
= 𝑤 +

𝜕𝑈 𝜕𝑇𝑤⁄

λ
−

𝜕𝑈 𝜕𝑇𝑖⁄

λ
    (v) 

 

Equation (v) can be split into three different components, sometimes referred to as 

different “values of time” (money per unit time) (DeSerpa 1971):  

 Ki/λ is the value of saving time in activity i,  
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 (∂U/∂Ti)/λ is the value of assigning time to activity i (sometimes called the 

value of time as a commodity), and  

 μ/λ is the value of time as a resource (sometimes called the value of leisure), 

which can be further divided into two parts:  

o w is the wage rate, and 

o (∂U/∂Tw)/λ is the value of assigning time to work 

Also, from (ii), if any activities are assigned more than the minimum time 

necessary, then Ki = 0 and (∂U/∂Ti)/λ equals the value of leisure (µ/λ) for such activities. 

Jara-Diaz & Guevara (2003) showed that the components of VTTS can be 

estimated separately. They showed that one could obtain μ/λ, the value of time as a 

resource (value of leisure)—and thus, through knowledge of the wage rate and simple 

subtraction, the values of assigning time to work and travel—from parameters in jointly 

estimated models of discrete travel choices and work time (both involving travel time and 

cost). This is accomplished in part by making the choice of work time endogenous to the 

model. (See Jara-Díaz & Guevara (2003) for a complete derivation.) Jara-Díaz and 

collaborators have since expanded this framework to encompass time use and 

expenditures for all activities, not just work and travel (Jara-Díaz, 2020).  

In the years since, a few studies have tried to empirically decompose VTTS into 

the value of leisure (the wage rate plus the value of time assigned to work (VTAW)) and 

the value of time assigned to travel (VTAT). Jara-Díaz & Guevara (2003) used a survey 

of 366 commuters in Santiago, Chile, to calculate all values of time for different income 

groups. Not unexpectedly, they found that the average values of time assigned to work 

and travel were both negative for the two income groups. While the values were much 
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more negative for the high (vs. medium) income group, most of this difference was 

attributed to the marginal utility of income, and the authors found that the marginal 

utilities of travel were fairly similar between income groups. Interestingly, VTAW was 

more negative than VTAT, indicating that (on average) people tended to dislike work 

more than they disliked travel. Munizaga et al. (2008) applied this technique to a dataset 

of 290 workers—also in Santiago, Chile—and also found negative values of assigning 

time to work and travel. In their study, people disliked work much more than they 

disliked travel (VTAW < VTAT < 0).  

More recently, a major effort in Austria used a novel “Mobility-Activity-

Expenditure-Diary” survey to collect one week of data on travel activities, non-travel 

activities, and consumer expenditures from a representative sample of 744 workers 

(Aschauer et al., 2019). Based on these data, the research team was able to calculate VTTS 

and its variation by mode and due to user characteristics (Schmid et al., 2019) and, 

subsequently, VTAW and VTAT by mode. In their study, VTAW was slightly less 

negative than VTAT for walk and car, while VTAT for bike was less negative and VTAT 

for public transit was actually slightly positive overall (Hössinger et al., 2020). Further 

analysis and joint estimation yielded a negative VTAW and (compared to VTAW) a more 

negative VTAT for walk, a less negative VTAT for car, a VTAT for bike of around zero, 

and a strictly positive VTAT for public transit (Jokubauskaitė et al., 2019). The authors 

attributed these latter findings to the more pleasant (less stressful) and potentially 

productive (for secondary activities) conditions of traveling by public transport in Austria. 

A significant challenge to conducting analyses like these that decompose VTTS 

into VTAW and VTAT (and the wage rate) is the need for complete travel-activity (and -



7 

 

expenditure) datasets. At a minimum, such studies require both multi-activity time use 

and travel (mode) choice (and income) information for the same sample. Many studies 

include ambitious multiday (or even multi-week) time use and travel diaries and 

expenditure surveys (Munizaga et al., 2008; Jara-Díaz et al., 2008), which still remain 

rare despite increasing interest and research. As a result, person sample sizes are 

relatively small (less than 750, and usually less than 500), which complicates efforts to 

find traveler (socio-demographic) or modal differences in time valuation. In summary, 

the need for complex travel-activity datasets limits the exploration of work time and 

travel time tradeoffs and explanations of population heterogeneity in those time values 

and marginal utilities. 

As mentioned, with some complexities of using consumer behavior or allocation 

models, researchers started looking elsewhere for obtaining the VTTS. For the case of a 

travel activity (i = t), the value Kt/λ is the value of saving travel time (VTTS), and it has 

been shown by (Truong & Hensher, 1985; Jara-Diaz, 2000) and others to be equal to the 

ratio of time and cost parameters estimated from a discrete travel choice model. Through 

statistical modeling of a set of observed (or experimental) discrete choices from among 

different modes, routes, or destinations—in which travel time, travel cost (and/or 

income), and other attributes vary—the relative weights of the time and cost variables 

represent an implicit (but mathematically explicit) tradeoff between (travel) time and 

money (Jara-Díaz, 2000). 

Utility observed through a choice model with fixed effects only can be segregated 

into two components (observed and unobserved). For an alternative i, 

 𝑈𝑖 = 𝑉𝑖 + 𝜀𝑖        (vi) 
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Here, Vi is the observed component (conditional indirect utility), and εi is the 

component unobserved by the analyst. If the observed part of the utility consists of travel 

time (tt) and travel cost (tc), then VTTS is:  

 (𝐾𝑖/𝜆) = (𝜕𝑉𝑖/𝜕𝑡𝑡) (𝜕𝑉𝑖/𝜕𝑡𝑐⁄ )    (vii) 

The right-hand side of the equation (vii) can be understood as the marginal rate of 

substitution (MRS) between travel time and cost, and hence can also be defined as the 

WTP for a reduction in travel time. If we have multiple attributes (goods) in the observed 

part of the utility equation (Vi), similar values of MRS and WTP measures can be 

obtained for multiple attributes. This link between the VTTS and discrete choice analysis 

is the most widely used method in understanding the WTP measures. There are thousands 

of studies which derive the values based on these methods, some of these are (Hensher, 

2001; Fosgerau, 2006; Hess et al., 2005). 

Going back to the observed component of utility from a discrete choice 

experiment in equation (vi), in presence of multiple alternatives (j = 1, …, J), alternative J 

is preferred if  𝑉𝑗 >  𝑉𝑖  for i ≠ j for an individual. Most of the discrete choice experiments 

focusing on finding the WTP measures make use of changes in the attribute levels of 

travel time and cost. As the income is the same for all the alternatives j in a general stated 

preferences survey, while making a choice of an alternative in the observed component of 

the utility function (V), the income effect becomes redundant (Jara-Diaz, 1998). 

Additionally, in the utility function the marginal utility of income and cost are equal in 

magnitude but opposite in sign (Jara-Diaz, 1998).  

i.e. For income 𝐼 and travel cost 𝑡𝑐, 

 
𝜕𝑉

𝜕𝐼
= −

𝜕𝑉

𝜕𝑡𝑐
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So, in those general discrete choice modeling with cost and travel time as varied 

attributes, there is the loss of the effect of income in the derived utility.  

Research objective 

As mentioned in the literature review section, discrete choice experiments provide 

an economical solution for understanding the components of VTTS or WTP measures 

(with some assumptions). Stated preference surveys are one of these economically 

appealing discrete choice experiments. In this section we will first point out some of the 

limitations from the past literature using stated preferences surveys which builds the 

motivation for our study. Eventually, the following points will summarize the main 

objectives of our study. 

Firstly, there are limited to no (we could not find any) literature that includes 

different levels of work time directly into the attributes of alternatives in a stated 

preference survey to understand the relative marginal utility of work time. Unlike other 

resources, time cannot be saved for future use, so a reduction (saving) in travel time has 

to be either substituted into some other activity or substituted for leisure. We believe 

including different levels of work time directly as an attribute in a stated preference 

survey along with different levels of travel time can help us understand the willingness to 

substitute/tradeoff between travel time and work time and break down some of the 

components of VTTS. We try to address this issue by the addition of work time attributes 

directly into the stated preference surveys. 

Secondly, as mentioned in the literature review section, the effect of income is 

subdued in general discrete choice models, which include the attribute of only travel cost 

and travel time. Jara-Diaz (1998) suggested non-linear specifications of cost attributes to 
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include the effect of income in utility function. Similarly, some other literature tried to 

capture the effect of income on the utility function through the interaction or 

parameterizations of cost coefficients with income (Mackie et al., 2003; Fosgerau, 2005; 

Axhausen et al., 2008). Searching through the literature, we only found only one study 

(Swärdh & Algers, 2016) which makes use of the wage rate as a direct attribute in the 

discrete choice experiment (revealed preference and stated preference). But again, 

attributes of travel cost and work time were not used in that study. In addition, we also 

suspect that the magnitude of the marginal utility of income might be different from that 

of the marginal utility of travel cost, which is also rarely found in much literature. We try 

to address these issues by creating a stated preference survey with attributes of work 

time, travel time, travel cost, and income. 

 Thirdly, as the attributes of income and work time have not been directly 

included in the past literatures of discrete choice experiments, the sensitivity of marginal 

utilities of these attributes in relation to personal characteristics has not been explored in 

a wide range (at least for discrete choice experiments). Systematic preference 

heterogeneity analysis makes use of characteristics of each individual respondent to 

modify the parameter estimates of attributes based on those characteristics. For example, 

people of higher income groups might have lower disutility for increase in equivalent 

travel cost compared to lower income groups. Such analysis can help us understand 

differences with respect to social, cultural, transportation and personal characteristics and 

can play an important role in policy and planning sectors. So, in this study, we also try to 

understand preference heterogeneity around the parameter estimates of the attributes 

(from stated preference surveys). 



11 

 

In the following points we summarize the main objectives of this study. 

 Determining the marginal utilities of commute time (∂U/∂Tt) and work time 

(∂U/∂Tw) by directly including the attributes of work time along with travel time in 

a stated preference survey.  

 Determining the marginal utility of utility of income (∂U/∂I) and understanding the 

relative difference between the magnitude of marginal utilities of income (∂U/∂I) 

and magnitude of marginal utilities of cost (∂U/∂I), by directly including the 

attributes of income (multiple levels) into a stated preference survey (in addition to 

work time, travel time, and travel cost).  

 Explaining systematic preference heterogeneity around the parameter estimates of 

commute time, work time, travel cost, and income with characteristics of individual 

respondents. 

To be more precise, our objective is to quantify the relative marginal utilities 

of commute time, work time, travel cost, and income – along with measures of some 

of their tradeoffs – to ultimately understand various components of VTTS. While 

our study does not seek to calculate values for all of the empirical components of VTTS 

as mentioned in equation (v), we believe these relative measures of marginal utilities and 

WTP can provide us with a great deal of information towards better understanding the 

components of VTTS. 

Study approach 

This study makes use of data collected from two different surveys; separate 

analyses are conducted based on the collected data. Study 1 makes use of data collected 

from Portland, Oregon in the fall of 2016 among adult commuters recruited via 
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workplace emails. Responses to six different simple stated choice questions with 

attributes of just work time and travel time were collected. More detailed description of 

the survey and data collection is presented in Chapter 2.  

While study 1 makes use of the tradeoff between just work time and commute 

time attributes, another broad stated preference survey was designed including the 

attributes of commute time, work time, travel cost, and income. The study 2 survey was 

designed in Qualtrics and responses were collected among adult residents of the United 

States using a Qualtrics panel. The data collection was done in the fall of 2020, during the 

period when there was direct impact of the COVID-19 pandemic on work and commute 

patterns for individuals. 

With the repeated observations for each respondent (choices among multiple 

scenarios), we make use of panel mixed multinomial logit (MMNL) models for the 

analyses (McFadden & Train, 2000). While we account for inter-personal heterogeneity, 

we do not take into account intra-personal heterogeneity, so this model is also sometimes 

referred as pseudo panel MMNL model (Hess & Train, 2011). For the purpose of 

comparison, we also estimated a multinomial logit (MNL) model for each study. 

For the panel MMNL model, if we assume that a sampled individual q chooses 

from J alternatives in K choice scenarios, then the utility 𝑈𝑗𝑘𝑞 of each alternative j in that 

choice situation k for that individual q can be expressed using the following equations:  

 𝑈𝑗𝑘𝑞 = ∑
 
𝛽

𝑞𝑚
𝑥𝑗𝑘𝑞𝑚

𝑀
𝑚=1 + 𝜀𝑗𝑘𝑞      (viii) 

 𝛽𝑞𝑚 = 𝛽𝑚 + 𝜂𝑞𝑚       (ix) 
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where 
 
𝛽

𝑞𝑚
 is the individual-specific coefficient associated with 𝑥𝑗𝑘𝑞𝑚, one of M 

independent variables that could be attributes of alternatives or decision-maker 

characteristics, and 𝜀𝑗𝑘𝑞 is the error term that is independent and identically distributed 

Gumbel. The individual-specific coefficients can be decomposed into a non-individual-

specific coefficient 𝛽𝑚, and an error term 𝜂𝑞𝑚 that can have a variety of distributions.  

In addition to the parameter estimates, we want to look at the posterior parameter 

estimates for each of the individuals conditioned on the observed choices for the 

respondent q (Hess & Palma, 2019). Let us generalize the 
 
𝛽

𝑞𝑚
 from equation (viii) and 

(ix) as 𝛽, giving a vector of coefficients which are jointly distributed as 𝑓(𝛽|𝛺); where 𝛺 

is the vector of distribution parameters. If Yq gives the sequence of observed choices for 

an individual q, and for a specific value of vector 𝛽, if we let the probability of observing 

a sequence of choice be 𝑃(𝑌𝑞|𝛽), then the probability of a certain value of 𝛽 for the 

individual q is equal to: 

 𝑃(𝛽/𝑌𝑞)  =  
𝑃(𝑌𝑞 | 𝛽 ) 𝑓(𝛽 |𝛺)

∫ 𝑃(𝑌𝑞|𝛽)𝑓(𝛽|𝛺) ⅆ𝛽
𝛽

     (x) 

Next, from the distributional assumption of as 𝑓(𝛽|𝛺) and taking R draws for 𝛽 

(𝛽𝑟; r = 1, …, R), the probability in equation (x) is simulated and the most likely value of 

𝛽 for respondent q is calculated as in the following equation (xi): 

 �̂�𝑞 =
∑ 𝑃(𝛽|𝑌𝑞)

𝑟
𝛽𝑟𝑟

∑ 𝑃(𝛽|𝑌𝑞)
𝑟𝑟

       (xi)  

where �̂�𝑞 is the likely parameter estimates of marginal utilities for each individual 

conditioning on observed choices of the individuals. Additionally, to see the effects of 
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characteristics of the decision-maker 𝑧𝑞𝑛, a term (or a set of terms) can be added in the 

expression for 𝛽𝑞𝑚 in (ix) as follows: 

 𝛽𝑞𝑚 = 𝛽𝑚 + ∑ 𝛿𝑖𝑛𝑧𝑞𝑛
𝑁
𝑛=1 + 𝜂𝑞𝑚     (xii) 

where N is the number of decision-makers, and 𝛿𝑖𝑛 are the associated coefficients for 

respective characteristics 𝑧𝑞𝑛. These additional coefficients help us to understand the 

sensitivity of the estimated marginal utilities with respect to socio-demographic, 

transportation, and other characteristics of individuals. We would like to refer readers to 

other literatures for an in-detail understanding of likelihood functions, probability 

estimates, simulations, and much more about logit models (Hess & Daly, 2014; Hensher 

& Johnson, 2018; Hensher & Greene, 2003; Bliemer & Rose, 2011). 

The next chapter describes the survey designs and data collection for both studies 

in subsections. The following two chapters (one for each study) present the results, 

discussions and limitations, subsequently followed by a chapter which presents the 

overall discussion and conclusion. 
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CHAPTER 2 

SURVEY DESIGNS AND DATA COLLECTION 

This section is divided into two subsections, one for each study. Both studies 

consist of some form of stated preferences survey. These two studies are referred to as 

“Study 1” and “Study 2” from this point on throughout the report. The first study (Study 

1) is from Portland, Oregon, US (fall 2016), and consists of attributes of just travel time 

and work time in the stated preference part. The second study (Study 2) is the data 

collected using Qualtrics panel survey, which extends the work of the first survey with 

the inclusion of travel time, work time, travel cost, and income in the stated preference 

part of the survey.  

Study 1 

Data were collected (fall 2016) as part of a broader study on travel-related 

subjective well-being, travel-based multitasking, and their connections with mode 

choices. Nearly 800 commuters in Portland, Oregon, started a 30-minute online 

questionnaire focused on assessing multitasking behaviors and positive/negative feelings 

associated with their most recent trip from home to work. Commuters also provided 

detailed information about their personal, household, work, transportation, and typical 

commute characteristics. While the sample was relatively representative of the working 

adult population, the primary recruitment method (workplace emails) meant that higher 

income workers and bicycle and transit commuters were oversampled. Fewer than 650 

(636) people completed the entire survey. More details on the data collection and overall 

study can be found in Singleton (2017). Assessing work time and commute time tradeoffs 
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was not the primary objective of the study, but including it in the context of other 

questions about commuting experiences allowed us to investigate some unique correlates.  

We focus this analysis on one set of questions that appeared 5–10 minutes into the 

survey, immediately after respondents shared information about their typical commutes 

(travel times and modes) and work conditions (hours and days worked per week). 

Effectively, the questions were designed to be a simple stated choice experiment eliciting 

preferences about tradeoffs between small increases or decreases (±10 minutes per day) to 

their existing typical work or commute times. Changes to income or travel costs were 

explicitly not considered, to focus solely on tradeoffs between work and commute times.  

Respondents were given the following initial prompt:  

The following are six hypothetical questions about transportation and 

commuting. Consider your normal work responsibilities and your typical 

commute. Each of the following questions present you with two options in 

which the time you must spend working (work time) and/or the time you 

must spend commuting (commute travel time) either increases (+) or 

decreases (–) by 10 minutes/day, compared to your normal work 

responsibilities and your typical commute. Your pay and your travel costs 

do not change. Please select the option you would prefer, even if only 

slightly. Some choices may be obvious. 

 The survey then presented respondents with six choice questions, each with two 

alternatives from among the following four possible scenarios:  

 W+: Work time increases (+) by 10 minutes/day with no additional pay.  

 W−: Work time decreases (–) by 10 minutes/day with no loss in pay.  
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 C+: Commute travel time increases (+) by 10 minutes/day with no additional cost.  

 C−: Commute travel time decreases (–) by 10 minutes/day with no reduction in 

cost.  

 The six choice situations—representing a full enumeration of every pair of 

alternatives—were presented to all respondents in the same order as shown in Table 1 

below, but the arrangement of the alternatives (1 vs. 2) was randomized. Even though the 

first two questions and the last two questions likely had a dominating choice (most people 

would select the “decrease” alternative), this was useful to familiarize participants with 

the experimental method, and necessary if we were to detect anyone with preferences for 

working or commuting more. (On these questions, 4–7% of people actually selected the 

“increase” alternative.) In total, 636 people responded to all six questions.  

One could view our set of questions as representing four unique alternatives (W+, 

W−, C+, C−) with no varying attributes of those alternatives. However, it is more useful to 

(equivalently) imagine our set of questions as a stated choice experiment containing two 

unlabeled alternatives with two varying attributes: work time and commute travel time. 

Note that we also collected the following information about each respondents’ daily work 

time and two-way commute travel time:  

 CW: Current work time (minutes per day), calculated as the work hours per week 

divided by the number of days worked per week.  

 CT: Current travel time (minutes per day), calculated as the sum of the typical travel 

time from home to work plus from work to home.  

Therefore, to construct the new attributes of the alternatives, we added the 

differentials for each question (± 10 minutes) to each individual’s current work time and 
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travel time, as shown in the right side of Table 1. (For the very few people having a travel 

time less than 10 minutes/day, we truncated their commute time to 0 rather than letting 

them have negative values.) Doing this converted our simple data into a format that looks 

more like a traditional stated choice experiment and can be analyzed using discrete 

choice methods. 

Table 1  

Questions as presented, chosen by respondents (N = 636), and as used for analysis- Study 1 

# 

As presented 

to respondents 

As chosen by 

respondents 
As used for the analysis 

Alt. 1 Alt. 2 
Alt. 1 

# (%) 

Alt. 2 

# (%) 

Alt. 1 Alt. 2 

Work Commute Work Commute 

1 (W+) (W−) 34 (5%) 602 (95%) CW + 10 CT  CT − 10 CT  

2 (C+) (C−) 28 (4%) 608 (96%) CW  CT + 10 CW  CT − 10 

3 (W+) (C+) 385 (61%) 251 (39%) CW + 10 CT  CW  CT + 10 

4 (W−) (C−) 277 (44%) 359 (56%) CW − 10 CT  CW  CT − 10 

5 (W+) (C−) 43 (7%) 593 (93% CW + 10 CT CW CT − 10 

6 (W−) (C+) 610 (96%) 26 (4%) CW − 10 CT CW CT + 10 

 

We realize that in a logit choice model, where only utility differences matter, we 

are not changing our results by adding in the current work and commute times to the 

attribute values. (This was done more for explanatory purposes.) We also understand that, 

due to both the simple nature of our choice experiment (containing a fixed unit of change 

to work time and commute time) as well as the fact that the scale parameter of the logit 

model is not identifiable (Ben-Akiva and Lerman, 1985), we cannot obtain the actual 

magnitudes of the marginal utilities of work and commute time. However, our analysis 

can provide knowledge about the signs and relative magnitudes of the marginal utilities, 

including whether each are positive or negative and whether one is greater than the other, 

which is the objective of our study. 
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Table 2 shows descriptive statistics for the variables included in the models, as 

well as basic information of the average travel time and work hours. The final analysis 

used 636 respondents with complete information.  

Table 2  

Descriptive statistics (N = 636)- Study 1 

 Categorical  Continuous 

Independent variables  # % Mean SD 

Race/ethnicity     

White 531 83.5   

Other 105 16.5   

Household size   2.61 1.20 

Age     

Less than 35 131 20.6   

35–44 167 26.3   

45–54 161 25.3   

55+ 177 27.8   

Gender     

Female 353 55.5   

Male 283 44.5   

Housing tenure     

Owned or mortgaged 474 74.5   

Rented 162 25.5   

Household income      

Less than $49,999 57 9.0   

$50,000–$74,999 115 18.1   

$75,000–$99,999 142 22.3   

$100,000–$149,999 180 28.3   

$150,000+ 113 17.8   

Don’t know or missing 29 4.6   

Educational level     

Graduate or professional degree 280 44.0   

Undergraduate or associate degree 283 44.5   

High school degree or lower 73 11.5   

Student status     

No 588 92.5   

Yes 48 7.5   

Travel mode to work     

Automobile, driver  290 45.6   

Transit and auto-passenger 193 30.3   

Bicycling, walking, and other 153 24.1   

Mean two-way travel time (minutes)   67.50 36.76 

Self-employment status     

No  607 95.4   

Yes or other 29 4.6   

# hours worked per day   8.34 1.64 

Work flexibility     

Flexible 397 62.4   
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Not flexible or neither 239 37.6   

Satisfaction with travel time     

Very dissatisfied  150 23.6   

Somewhat dissatisfied 110 17.3   

Neither 77 12.1   

Somewhat satisfied 249 39.2   

Very satisfied 50 7.9   

Interested in teleporting to work     

Yes 400 62.9   

No 236 37.1   

 

Study 2 

Data were collected during the months of October to December 2020 among the 

adult residents of the United States, utilizing a 15-minute survey administered using a 

Qualtrics panel of respondents. In addition, respondents had to be either actively 

commuting to work or were actively commuting to work just before the pandemic. The 

first part of the survey focused on collecting self-reported commute time, work time, 

travel cost, and income for the respondents. This part was followed by a stated choice 

experiment part where respondents had to choose one out of three alternatives (Current, 

Alternative A, Alternative B) in 10 different choice scenarios. The first alternative 

“Current” included the self-reported attributes of the respondent, while “Alternative A” 

and “Alternative B” were pivoted around attributes of the “Current” alternative. Use of 

the reference (“Current”) alternative helps respondents in comparing (making tradeoffs) 

between the various alternatives and also acts as an opt-out option (Hensher 2006; Rose 

et al., 2008). 

The attributes presented in a stated preference scenarios were attributes of daily 

commute time (roundtrip or both ways), daily travel cost (roundtrip), daily income, and 

daily work time. To make the survey more comprehensible, respondents could input one 
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of daily or weekly or monthly values of income and travel cost. In the first part, 

respondents were asked to state their average number of days for commuting and 

working in a week, which were used to calculate average daily travel cost and income 

values in case the monthly or weekly values were stated earlier. 

If the reported travel cost was zero (for bike, walk, and other modes), only three 

attributes were displayed to the respondents by excluding the travel cost attribute. To 

acknowledge some rare possibilities of combinations of cost (e.g., electric car), we 

allowed for responses stating zero travel cost for auto drivers as well. (N = 91 out of 611 

had travel cost equals to zero; out of 91, 68 reported a travel mode of bike, walk and 

other, while 28 auto-drivers stated zero travel cost.) Maintenance and insurance costs 

were not included when calculating the current travel cost, whereas parking cost, toll 

cost, fare cost, and fuel cost were collected when applicable for a particular respondent. 

A fuel price calculator – based on average fuel price, mileage, and distance of the 

commute as reported by the respondent – was used when the respondent selected an 

option of being unsure about fuel cost. 

Five different experimental designs were created anticipating different commute 

times and travel costs of the respondents; each respondent was presented with only a 

single design. Designs were separated mainly based on (roundtrip) travel time and travel 

cost: 1) Travel time less than 50 minutes and travel cost not equal to zero, 2) Travel time 

less than 50 minutes and travel cost equal to zero, 3) Travel time greater than 50 minutes 

and travel cost greater than 2.5 dollars, 4) Travel time greater than 50 minutes and travel 

cost equal to zero, and 5) Travel time greater than 50 minutes and travel cost less than 2.5 

dollars but greater than zero (the 5th design will make sense after we look into further 
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details). All of the attributes had 5 levels each. Table 3 shows the attribute levels used for 

the 5 different designs we mentioned. 

For a design with travel time less than 50 minutes, levels of travel time were 

created by pivoting the current travel time attributes by certain percentages (±20% and 

±30%). Levels of work time were also created by adding certain percentages of current 

travel time to current work time (±20% of travel time and ±40% of travel time). This 

ensured that for a given travel time, even if the work time is either very low (1 hour) or 

high (14 hours), there would be comparable substitution between travel time and work 

time (see Table 3 for full details). Next, for the designs with travel time greater than 50 

minutes, the levels of travel time and work time were created by constant pivoting of ±10 

and ±15 minutes (travel time) and ±10 and ± 20 minutes (work time) respectively. This 

approach was taken to avoid an obvious dominance of an alternative if there exists a large 

difference in the marginal utilities of work and travel time. 

Likewise, for travel time less than 50 minutes, levels of travel cost were created 

by percentage pivoting around the current travel cost by ±20% and ±40%. A constant 

variation of ±$2.50 and ±$1.50 was used for travel cost when travel time was greater than 

50 minutes. A fifth design was used if the travel cost was less than $2.50, even if the 

travel time was greater than 50 minutes; the percentage variation of cost as in design 1 

was used for such cases. Levels of income were relative to the levels of work time, 

calculated using the wage rate and change in work time for respective respondents. We 

would like to make it clear that even though levels for multiple attributes were created 

relative to one another, their presence in an alternative of a choice scenario is 

independent (it is based on experimental designs). 
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Properly designed efficient experimental designs of stated preference scenarios 

can help us to get better estimates with fewer observations and choice scenarios and also 

helps to reduce the cognitive load on respondents (Rose et al., 2008; Bliemer & Rose, 

2011). Initially we wanted to distribute the survey by ourselves using social media 

platforms and email addresses of some firms and companies, although we received a very 

low number of recruitments, so we later opted to use a Qualtrics panel where the 

respondents were provided a direct incentive for their complete response. In order to 

generate an efficient design in the presence of reference alternatives, some population 

averages for current attributes can be assumed (Rose et al., 2008).  

Table 3  

Levels of attribute for different designs- Study 2 

Attributes (Current) Attribute levels (TT < 50 minutes) (Designs 1 and 2) 

Travel time (TT) (TT – 0.3TT), (TT – 0.2TT), TT, (TT + 0.2TT), (TT + 0.3TT) 

Work time (WT) (WT – 0.4TT), (WT – 0.2TT), WT, (WT + 0.2TT), (WT + 0.4TT) 

Income (INC) [INC ± (INC * 0.4TT) / WT], [INC ± (INC * 0.2TT) / WT], WT 

Travel cost (TC)1 (TC – 0.4TC), (TC – 0.2TC), TC, (TC + 0.2TC), (TC + 0.4TC) 

Attributes (Current) Attribute levels (TT > 50 minutes) (Designs 3, 4, and 5) 

Travel time (TT) (TT – 15), (TT – 10), TT, (TT + 10), (TT + 15), 

Work Time (WT) (WT – 20), (WT – 10), WT, (WT + 10), (WT + 20) 

Income (INC) (INC ± (INC * 20) / WT), (INC ± (INC * 10) / WT), WT 

Travel Cost (TC)1 (TC – 2.5), (TC – 1.5), TC, (TC + 1.5), (TC + 2.5) 

1: For design 5, the levels for travel cost are taken from design 1.  

2: Italic travel cost attributes are not present for designs 2 and 4 with travel cost equal to zero.  

Table 4 shows the average population reference levels considered for getting 

efficient designs of various attributes. 



24 

 
Table 4  

Average values used for efficient designs- Study 2 

Attributes Work time Travel time Travel cost Income per day 

Design 1 8 hours 30 minutes $2.50 $200 

Design 2 8 hours 30 minutes NA $200 

Design 3 8 hours 65 minutes $6.00 $200 

Design 4 8 hours 65 minutes NA $200 

Design 5 8 hours 65 minutes $2.50 $200 

 

Moreover, we also required some prior information about anticipated parameter 

estimates for generating efficient designs. The WTP value for commute travel time in US 

is considered to be around $20/hr to $30/hr (White, 2016), and a plausible VTTS value is 

also considered to be around $20/hr (Walker et al., 2018). In addition, Bayesian priors in 

experimental designs show better performances than general d-optimal efficient designs 

(Walker et al., 2018). Prior parameter estimates for travel time was considered to be -

0.2083 (s.d. of 0.1) and travel cost was considered to be -1 (s.d. of 0.3). The prior 

parameter for income was considered to be the same magnitude as travel cost +1 (s.d. of 

0.4). The prior for work time of -0.164 (s.d. of 0.1) was considered less than the prior for 

travel time (based on the results of study 1) and resembles the ratio between travel cost 

and work from study 1. Even though there are more standard methods to evaluate the 

priors (Bliemer & Collins, 2016), preliminary observations showed fewer dominant 

scenarios. In the absence of a pure dominant alternative, with enough sample size and 

making use of Bayesian priors, we believe we will get better parameter estimates. Some 

alternatives which were clearly dominant were replaced with non-dominant alternatives, 

and overall each design consisted of 10 choice scenarios (Bayesian prior, D-efficient, 

MNL designs). The experimental design was generated with Ngene 1.2 software 
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(ChoiceMetrics, 2018). Figure 1 below shows a typical stated preference screen displayed 

to the respondents. 

The survey was distributed using a Qualtrics panel of adult US respondents. In 

addition to stated choice questions, questions about socio-demographic characteristics 

and transportation characteristics were also included in the survey. Furthermore, 

questions about the importance of attributes (in decision making) for stated choice 

scenarios were also asked using a Likert-type scale (1 = Not Important to 5 = Very 

Important). These questions on importance could help us understand attribute processing 

strategies (Hess & Hensher, 2013) and the sensitivity of marginal utilities of the 

parameter estimates.  

Figure 1  

A typical choice window as seen by the respondents- Study 2 

  
  

Table 5 below shows the general data description of the respondents. 
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Table 5 

General characteristics of the respondents- Study 2 

Parameter Mean SD 

Work time 7 hours 48 minutes 1 hour 57 minutes 

Travel time (both ways) 48.96 minutes 33.48 minutes 

Income per day $213.41 $220.95 

Daily commute cost $9.79 ($8.25)* $10.78 ($10.53)* 

Wage rate $29.45 per hour $40.31 per hour 

* Values inside the brackets include the observations with zero travel cost.  

A more detailed description of the data with socio-demographic and 

transportation characteristics is shown in the following Table 6.  

Table 6  

Descriptive Statistics (N = 611)- Study 2 

 Categorical  Continuous  

Variable # % Mean SD 

Age   39.03 12.98 

Actively Commuting      

 Yes 484 79.21   

 Was Before Pandemic 127 20.79   

Household income     

 Less than $50,000 218 35.68   

 $50,000 to $99,000 222 36.33   

 $100,000 to $150,000 91 14.89   

 $150,000 plus 69 11.29   

 Prefer not to answer 11 18.00   

Gender     

 Male 296 48.45   

 Female 315 51.55   

Number of work days in a week   4.97 0.85 

Number of commute days in a week   4.74 1.05 

Mode of commute     

 Auto Driver 479 78.40   

 Auto Passenger (Share ride, Uber etc.) 50 8.18   

 Bike-Walk-Other 35 5.73   

 Transit 47 7.69   

Work satisfaction (1 to 5) :1- Extremely 

dissatisfied 

  4.15 0.93 

Commute satisfaction (1 to 5): 1-Extremely 

dissatisfied 

  4.02 0.99 

Flexible workhours     

 No 257 42.06   

 Yes 354 57.94   

 Yes: Income also changes  234 66.10   

 Yes: Income does not change 120 19.64   
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Which is enjoyed more     

 Work 440 72.01   

 Commute 171 27.99   

Ideal commute time     

 Zero minutes 57 9.33   

 1 to 5 minutes 157 25.70   

 6 to 15 minutes 299 48.94   

 More than 15 minutes 98 16.04   

Race     

       White 458 74.96   

       Other 153 25.04   

Household size   2.26 1.31 

Number of children    0.92 1.24 

Primary Source of income     

       Yes 457 74.80   

       No 154 25.20   

Education     

 High school and less and other 177 28.99   

 Bachelor 260 42.55   

 Master or up 174 28.48   

Living Place     

 Rural 86 14.08   

 Suburban 274 44.84   

 Urban 251 41.08   

Workplace     

 Rural 69 11.29   

 Suburban 228 37.32   

 Urban 314 51.39   

The share of people with education level of masters or higher (28.48%) seems to 

be overrepresented in our sample. To understand the sensitivities of people with active 

mode of travel (bike, walk, and other), the number of people for these modes were 

deliberately kept above 5% (5.73% in our sample). People with household income higher 

than $150,000 might also be somewhat underrepresented. Besides, some of the major 

characteristics like age, gender, and mode shares (other than active) seem to be fairly 

represented in our sample. We would say one of the major limitations of our sample is 

not being representative for a particular area (one city or state), the respondents were 

mostly dispersed among the major cities of United States. The impact of this 

geographical diversity is further discussed in the limitation section for this study.   
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CHAPTER 3 

STUDY 1 (WORK TIME AND COMMUTE TIME) 

We have already discussed the general analysis methods we used for our data in 

the “Study approach” section of the first chapter (INTRODUCTION). This chapter is 

divided into four sections: the first section discusses in brief the methods of analysis and 

utility specifications, the second section presents the results of the model estimates, the 

third section presents the discussion of the study, and the final section presents limitations 

and future work.  

Methodology 

As we have mentioned in Chapter 1 (Study approach section), we made use of a 

pseudo-panel MMNL model to get the parameter estimates of the attributes. Additionally, 

preference heterogeneity analysis is done in order to understand how preferences vary 

with characteristics of individuals. For the purpose of comparison, we will also present 

the result for MNL model. The following three equations (xiii), (xiv) and (xv) show the 

utility specifications (𝑉) for the MNL (Model 1A), pseudo panel MMNL (Model 1B) and 

pseudo panel MMNL model with systematic preference heterogeneity (Model 1C). 

MNL (Model 1A) 

 𝑉 = 𝛽𝑡𝑡 × 𝑇𝑇 + 𝛽𝑤𝑡 × 𝑊𝑇      (xiii) 

MMNL (Model 1B) 

 𝑉 = 𝛽′𝑡𝑡 × 𝑇𝑇 + 𝛽′𝑤𝑡 × 𝑊𝑇      (xiv) 

  i.e. 𝛽′𝑡𝑡 = µ𝑡𝑡 + 𝜎𝑡𝑡 × 𝜁𝑡𝑡,𝑛  

   𝛽′𝑤𝑡 = µ𝑤𝑡 + 𝜎𝑤𝑡 × 𝜁𝑤𝑡,𝑛 
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MMNL model with heterogeneity (Model 1 C) 

  𝑉 = 𝛽′𝑡𝑡 × 𝑇𝑇 + 𝛽′𝑤𝑡 × 𝑊𝑇      (xv) 

  i.e. 𝛽′𝑡𝑡 = µ𝑡𝑡 + 𝜎𝑡𝑡 × 𝜁𝑡𝑡,𝑛 + 𝛿𝑡𝑡 × 𝑍𝑞  

   𝛽′𝑤𝑡 = µ𝑤𝑡 + 𝜎𝑤𝑡 × 𝜁𝑤𝑡,𝑛 + 𝛿𝑤𝑡 × 𝑍𝑞 

Where 

 𝛽𝑡𝑡  = Parameter estimates for travel time 

 𝛽𝑤𝑡 = Parameter estimate for work time 

 𝑇𝑇 = Travel time 

 𝑊𝑇 = Work time 

 µ𝑡𝑡   = Mean /Intercept parameter estimates for travel time 

 µ𝑤𝑡   = Mean/Intercept parameter estimates for work time 

 𝜎𝑡𝑡 = Standard deviation for travel time estimate 

 𝜎𝑤𝑡 = Standard deviation for work time estimate 

 𝜁𝑡𝑡,𝑛 = Standard normal variates for travel time parameter 

 𝜁𝑤𝑡,𝑛   = Standard normal variates for work time parameter  

 𝛿𝑡𝑡  = Parameter estimates for individual characteristics (travel time) 

 𝛿𝑤𝑡  = Estimates for individual characteristics (work time) 

 𝑍𝑞  = Characteristics of individual q 

Parameters for work time and commute time are both considered to be normally 

distributed for the MMNL model and MMNL model with heterogeneity. Additionally, 

the parameters we get from the equation (xiv) are used to generate parameter estimates 

for each individual as described in the equations (x) and (xi). Mean and median values for 

tradeoff between travel time and work time were estimated from tradeoffs of each 
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individual. Model 1A and 1B were estimated using the Apollo choice modelling package 

in R (Hess & Palma, 2019), while Model 1C was fitted using the Pandas Biogeme 

package in python (Bierlaire, 2020). 1000 pseudo random draws for random parameters 

were considered. 

To get the results of Model 1C, we used an iterative procedure of only including 

the variables which were significant, in order to reduce the unnecessary bias in the mean 

parameter estimates with non-significant variables. So, the result of Model 1C only 

shows the significant variables from the final model.  

Results 

This section is divided into two sections: one which includes the results of MNL 

and pseudo panel MMNL model, and the next which includes the result of preference 

heterogeneity with socio-demographic characteristics in the pseudo panel MMNL model.  

a) Pseudo panel mixed multinomial logit model (MMNL) 

Table 7 below shows the result of MNL and MMNL models. With 636 

individuals and 6 questions, we had total of 3,816 choice observations. Looking at the 

final log-likelihood of the MNL and MMNL models, we can see the improvement for 

final log-likelihood from -1,378.375 (MNL) to -1,262.031 (MMNL). These 

improvements can also be observed in the AIC and BIC values for two models.  

First of all, we look at the results from the MNL (Model 1A) model. Overall, the 

coefficients for work time and commute time were both negative. The magnitude for 

commute time was greater than the magnitude of work time, which suggests that travel 

(commute) time has a greater disutility than work time, on average. The rate of 
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substitution between commute time and work time (𝛽𝑡𝑡/𝛽𝑤𝑡) is equal to 1.23, which 

suggests that people are willing to work 12.3 minutes for accepting 10 minutes reduction 

in travel time.  

Table 7  

Results of MMNL model- Study 1 

Parameters MNL 

(Model 1A) 

 MMNL 

(Model 1B) 

 

 Estimate P-value Estimate P-value 

Null LL -2645.05  -2645.05  

Final LL -1,378.375  -1262.031  

AIC 2760.749  2532.06  

BIC 2773.35  2557.05  

Commute time -0.1630 0.00000 -0.2836 0.00000 

 Commute time std. dev. - - 0.1634 0.00000 

Work time -0.1320 0.00000 -0.2255 0.00000 

 Work time std. dev. - - 0.1286 0.00000 

 

Next, we consider the result from MMNL (Model 1B), where we have significant 

parameter estimates for both work time and commute time. Both work and commute time 

parameters exhibited statistically significant random variation around the mean values. 

Mean and median values for the tradeoff between work time and commute time (𝛽𝑡𝑡/𝛽𝑤𝑡)  

were computed from the values for each individual. The mean value was 1.75 and the 

median value was 1.1, suggesting the respective tradeoff of 17.5 minutes and 11 minutes 

of more work for a 10-minute reduction in travel time.  

The following Figure 2 shows the empirical distribution of work time and travel 

time parameters (kernel density) after conditioning for observed choices of each 

individuals.  

Figure 3 below shows the scatterplot of travel time parameters in the x-axis vs 

work time parameters in the y-axis for each individual.  
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Figure 2  

Distribution of commute time and work time parameters (Model 1B)- Study 1 

 

Looking at the distribution of commute time and work time parameter estimates 

in Figure 2, apart from some very few observations for both commute time and work 

time, most of individuals have negative marginal utilities (disutilities) for both. 

Distributions for both work time and commute time show multiple peaks. These multiple 

peaks are due to the fact that our stated choice experiment was simple in design and both 
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of the attributes consisted only of only two levels which resulted in few combinations of 

the responses. 

Figure 3  

Scatterplot of individual commute time parameters vs work time parameters (Model 1B)- Study  1 

 

Looking at the scatterplot in Figure 3 most of the individuals have negative 

parameters for both work and commute time. The diagonal line is the line where the 

parameter estimates for travel time and work time are equal. There are 617 observations 

out of 636 with negative parameter estimates for both work time and travel time. 69% 

(440) had a lower (more negative) marginal utility of travel compared to the marginal 

utility of work. A separate investigation (e.g., using binary logistic regression) could be 
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done to see which individuals with what characteristics have larger a negative marginal 

utility for work than for travel; we leave that for future investigation. Instead, we 

conducted a systematic preference heterogeneity analysis to understand the sensitivity of 

parameter estimates with the characteristics of each individual. 

b) Preference heterogeneity around mean parameters (MMNL) 

Table 8 below shows the parameter estimates of the model which allows the 

parameter estimates to vary systematically (Model 1C) as a function of socio-

demographic, transportation, perceptual, travel, and work characteristics. The final log-

likelihood (-1191.807) shows an improvement over Model 1A (-1,378.385) and Model 

1B (-1,262.031). Only five variables were significant for explaining the heterogeneity in 

work time valuation, whereas nine variables were significant for the commute time 

coefficient. 

For work time: Non-motorized road users and adults younger than 35 were more 

deterred by longer work time (larger negative parameter estimates for work time) than 

automobile and transit commuters and older adults. On the other hand, people in the 

highest income category (greater than $150,000) and those with at least a graduate degree 

graduate—as well as those showing no desire to teleport—were less sensitive (less-

negative coefficients for work time) to longer work time than those with less income or 

education.  

For commute time: People in larger and lower-income (less than $50,000) 

households and non-motorized commuters had positive coefficients, meaning that they 

were relatively less sensitive to increases in commute time than auto/transit commuters 

and people in smaller or higher-income households. Compared to other adults, people 
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aged less than 35 or slightly older (45-54) had negative coefficients, suggesting they were 

more averse to increasing commute times. Next, looking at the satisfaction with travel to 

work, people who were somewhat dissatisfied and very satisfied had more negative 

coefficients, while people who were very dissatisfied had more positive parameter 

estimates. 

Table 8  

Parameter estimates with preference heterogeneity- Study 1 

Parameters Estimate P-value 

Null LL -2645.05  

Final LL -1191.807  

AIC 2421.614  

BIC 2506.262  

Commute travel time -0.318 0.000 

      Household size 0.016 0.040 

      Age: Less than 35 -0.129 0.000 

      Age: 45–54 -0.045 0.063 

      Travel mode to work: Bicycling, walking, and other 0.068 0.004 

      Satisfaction with travel time: Very dissatisfied 0.063 0.003 

      Satisfaction with travel time: Somewhat dissatisfied -0.083 0.003 

     Satisfaction with travel time: Very satisfied -0.113 0.005 

      Household income: Less than $49,000 0.072 0.016 

      Interested in teleporting to work: No 0.061 0.003 

      Standard deviation 0.137 0.000 

Work time -0.240 0.000 

      Age: Less than 35 -0.087 0.002 

      Household income: $150,000+ 0.036 0.074 

      Education level: Graduate or professional 0.040 0.013 

      Travel mode to work: Bicycling, walking, and other -0.065 0.002 

      Willing to teleport to work: No 0.057 0.003 

      Standard deviation 0.118 0.000 

Discussion 

Recall our study objective: determining the marginal utilities of commute time 

(∂U/∂Tt) and work time (∂U/∂Tw) by directly including the attributes of work time along 

with travel time in a stated preference survey. Overall, our results show that, in most 

cases, the marginal utilities of time assigned for work and travel are both negative: 


