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Abstract

In helping understand the dynamics of travel choice behavior and traveler sat-
isfaction over time, multi-day panel data is invaluable (McFadden, 2001). The
collection of such data has become increasingly feasible thanks to smartphones,
which researchers can use to present surveys to travelers and to collect additional
information through the phones’ location services and other sensors. This paper
describes the design and implementation of the San Francisco Travel Quality Study,
a multi-day research study conducted in autumn 2013 with 838 participants. The
objective of the study was to investigate the link between transit service quality,
the satisfaction and subjective well-being of transit riders, and travel choice be-
havior, with a particular interest in the influence of travelers’ choice history and
personal experiences on future transit use. For that purpose, a rich panel data set
was collected from multiple sources, including a number of mobile travel experience
surveys capturing traveler satisfaction and emotions, two online surveys captur-
ing demographics, attitudes and mode choice intentions, as well as high-resolution
phone location data and transit vehicle location data. By fusing the phone loca-
tion data with transit vehicle location data, individual-level transit travel diaries
could be automatically created, and by fusing the location data with the survey re-
sponses, additional information about the context of the responses could be derived.
While the behavioral and satisfaction-related findings of the study are detailed in
other publications, this paper is intended to serve two purposes. First, it describes
the study design, data collection effort and challenges faced in order to provide a
learning opportunity for other researchers considering similar studies. Second, it
discusses the key sociodemographic data and characteristics of the study popula-
tion in order to provide a foundation and reference for further publications that
make use of the data set described here. The authors would like to invite other
researchers to collaborate with them on the evaluation of the data.
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1 Introduction

1.1 Motivation

In the following paper, we describe the design, implementation and outcome of the San
Francisco Travel Quality Study (SFTQS), a substantial, smartphone-based study that
investigated the link between individual travel patterns, personal experiences, transit
service quality, user satisfaction, subjective well-being and future behavior of transit
users. It was motivated by findings by Perk, Flynn, and Volinski (2008), who reported
that many large transit agencies in the United States tend to see high rates of ridership
turnover, but that the causes of that turnover are not well understood. Aside from users
moving away from the service area or undergoing lifestyle changes due to, for example,
having children, Carrel, Halvorsen, and Walker (2013) found that problems with service
quality might be linked to ridership losses. Based on those initial findings, it was decided
to conduct a large-scale data collection to shed more light on this issue, with a focus
on two dimensions of the users’ subjective experience: Satisfaction and subjective well-
being. More information on these two elements is given in sections 2.5 and 2.6. As traveler
satisfaction and well-being are dynamic phenomena and there was a particular interest in
understanding how passengers’ history of past experiences would influence future mode
choice (McFadden, 2001), a panel survey was designed to collect repeat measurements via
smartphones from the same individuals over time. Furthermore, a system was designed
to automatically infer the passengers’ experienced travel times from phone location and
mode use data, which were continuously collected from the smartphone apps. The phone
location data was mapped to transit vehicle location data to determine when participants
had boarded and alighted from transit vehicles, and to observe wait times at the stop.

1.2 Objectives

Overall, the immediate goals of this work were to:

1. Observe the dynamics of transit use in an urban environment at a very detailed
level.

2. Observe the dynamics of traveler satisfaction as a function of personal experiences.

3. Develop and test a system to quantify users’ personal experiences with service
quality via location data. This is embedded in a broader push toward more user-
centric performance measures to supplement existing operational measures.

4. Model the relationship between objectively measured service quality and users’
subjective satisfaction with the experience.

5. Study the effect of users’ personal experiences with service quality (in particular
reliability) on intentions and desires to remain transit users in the future (i.e.,
ridership retention).

6. Study the role that subjective well-being in the form of trip-related emotions plays,
including the link between emotions and short- and long-term satisfaction and the
influence on future mode choice behavior.
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7. Understand what actions to improve rider satisfaction and subjective well-being of
transit users could lead to higher ridership retention rates.

Beyond these immediate goals, it was also the intention of the authors to facilitate future
research on other topics with this data set, and the data set is to be made available to
researchers wishing to collaborate. To provide a foundation for future work, the paper
discusses key sociodemographic data and characteristics of the study population, and it
is intended to serve as a reference for further publications that make use of the data set
described here.

1.3 Terminology

In the remainder of this paper, we use the following terminology:

• The survey period is defined as the time window during which participants were
enrolled in the study. During that time, they received email communications from
the study administrators and were prepared to take a survey if they were prompted
to do so.

• The observation period denotes the period of time during which participants’ loca-
tion traces were continuously collected via the app.

• The reporting period denotes the period of time covered by a survey in which partici-
pants reported on their travel. For instance, at the end of a day, SFTQS participants
were asked to report on their travel for that entire day via an app-based survey, so
the reporting period for one such survey was one day.

More details on the participation requirements for the study are provided in section 2.2.

1.4 Relation to other SFTQS papers

This paper is part of a series of papers related to the SFTQS. It focuses on describing the
data collection effort, providing details on the study design and highlighting challenges
faced. This paper is not intended to present insights and results from the data analysis.
More in-depth presentations of results can be found in the remainder of the series. At
the time of writing, this includes:

• Carrel et al. (2015b), where the post-processing technology is discussed and insights
into the different components of transit travel time experienced by the participants
are provided.

• Carrel et al. (2015a), where model results are presented that aim at understanding
how experienced travel times affect passenger satisfaction as reported through the
mobile travel experience surveys.

• Carrel, Sengupta, and Walker (2015), where a model framework is developed that
links satisfaction reported in the entry survey, during the study and in the exit
survey with future mode choice intentions.
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2 Study design and literature

2.1 Overview

The survey period of the study was six weeks from October to December 2013, with an
initial total of 838 participants (excluding withdrawals). At the beginning of the study, a
range of data on sociodemographics, attitudes, current travel patterns and intended future
mode use were collected through an entry survey, and several of the questions on attitudes,
current travel patterns and intended future mode use were asked again in an online exit
survey at the end of the study and a follow-up survey a year later. In the first days of the
study, participants were also asked to install a location-aware survey app on their phones.
Over the course of the six weeks, several mobile travel experience surveys were conducted
via the app. This survey medium was chosen for several reasons: The omnipresence of
smartphones and cheap cloud computing resources allowed the researchers to attain a
good sample size with relatively low costs, and once participants had installed the survey
app, the burden of repeat measurements and follow-up surveys was much lower than
the initial set-up. Furthermore, the built-in sensors could be leveraged to automatically
capture the location and additional variables such as accelerometer readings. The app
was installed by 757 of the participants. Due to budget limitations, it was only available
for Android smartphones; users of smartphones with other operating systems were not
able to participate in the study.

Once the app was installed, participants received a daily notification on their phone
asking them to respond to the mobile travel experience survey. The reporting period
for this survey was one day, i.e., participants responded by assessing the quality of their
travel experience for the entire day that the survey was focused on. The mobile travel
experience survey first asked participants whether or not they had used transit on that
particular day. If a participant answered “yes”, they were asked to respond to a set of
questions regarding their experience using transit. The questions were designed to capture
two sides of the transit customers’ perspective: satisfaction and emotions (e.g., whether
a travel experience was frustrating, relaxing, etc.). The latter is novel in travel surveys;
more information is given in section 2.6. Pictures of the user interface are presented in
figures 1 through 6.

There was a particular interest in observing not only the dynamics of traveler sat-
isfaction and subjective well-being over time, but also the experienced trip-level service
quality for every individual participant, thus reducing the need to use aggregate measures
in the analyses. To facilitate this and to minimize respondent burden, the survey app
continuously collected location and mode use data. To quantify service quality, a com-
plete set of automatic vehicle location (AVL) data from San Francisco’s transit service,
Muni, was collected. Unfortunately, no vehicle location data could be obtained from
BART, the regional rapid transit system serving San Francisco. To automatically infer
individual-level transit user experiences, the phone location data were mapped to the AVL
data. This allowed the research team to automatically determine when participants had
boarded and alighted from transit vehicles and to observe the individual components that
made up door-to-door travel times, such as wait times, access/egress times and on-board
travel times. Information was also gathered on on-street parking prices in downtown San
Francisco during the study via the SFPark system.
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2.2 Participation requirements

Although the survey period was six weeks, reporting requirements were more complex:
Participants were required to have the app installed and running (i.e. collecting location
traces) for the entire six weeks, but they were only required to report on their transit
travel satisfaction and well-being via the app-based surveys on a minimum of five days
within that time frame. The five days were not required to be consecutive. While many
participants reported their satisfaction and well-being on more than the required min-
imum number of days, a majority of participants did not collect location data for the
entire six weeks. Thus, in practice, the amount of data collected via the surveys and the
location tracking varied by participant. The study protocol is described in more detail
in section 3, where a graphical time line is also provided, and response rates are further
discussed in section 4.2.

The six-week survey period and observation period for location data was driven by
the minimum validity of a monthly transit pass that was provided to participants (see
section 3.1). Location data needed to be collected for at least a week before and after that
period to provide baseline data on participants’ travel behavior outside of the time window
during which they made use of the pass and responded to surveys via the smartphone
app.

2.3 Relevant survey literature

This study can be categorized as a multi-day travel survey. Generally speaking, multi-
day travel surveys are still relatively rare, and as explained by Cherchi and Cirillo (2010),
they can be further classified by whether the survey was repeated several times for short
periods or whether data were continuously collected over a longer time. An example of
the latter is the Uppsala Travel Survey of 1971, which recorded the participants’ travel
patterns during five weeks and is considered to be the first modern panel survey. It is
documented through various papers by Susan Hanson (e.g. Hanson and Burnett, 1981),
but only parts of the data are still available. Two of the largest panel surveys to date
also featured continuous reporting periods for multiple weeks: The Mobidrive survey,
which was conducted in Germany in 1999 (Axhausen et al., 2002) with 317 participants
and a survey period of six weeks, and the Stability of Travel Behavior survey which was
conducted in Switzerland in 2003 (Löchl, 2005) with 230 participants and a survey period
of six weeks. Other examples of multi-day surveys with continuous data collection include
Schlich, Simma, and Axhausen (2004), who conducted a 12-week panel survey with 71
participants to investigate the stability of leisure travel, and shorter panel surveys such
as Roorda and Miller (2004) and Stopher, Clifford, and Montes (2008). An example of a
multi-day survey that was repeated several times for short periods is the study by Yáñez,
Mansilla, and Dios Ortúzar (2010). Strictly speaking, the design of the SFTQS does
not fit either of these two definitions since passive data collection via the phone sensors
occurred continuously throughout the six weeks, whereas the active data collection via
surveys was not necessarily continuous. We suspect that this type of study design will
become more common as location data are increasingly incorporated into travel surveys.

In an overview paper, Ortuzar et al. (2011) review several long-term mobility surveys
(of the first type) and argue that they are superior to one-time, large surveys conducted
at long intervals. The surveys presented covered between one and seven days in regular
intervals, although most of them are not panel surveys. Cherchi and Cirillo (2008) showed
that for the purpose of mode choice modeling, one week was sufficient. However, for
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investigating other dynamic aspects of travel behavior, longer surveys remain valuable,
as is evidenced by the large body of research that has been based on Axhausen et al.
(2002). It was based on the experiences of the latter that the decision was made to
extend the SFTQS over six weeks.

Over the past two decades, travel surveys have increasingly begun incorporating GPS
data collection. Typically, respondents were equipped with hand-held GPS loggers they
were asked to carry around. Several researchers have combined the GPS data with manual
reports by the study participants; a special case of this are prompted recall surveys where
participants are asked to recount their travel with the help of GPS data (Auld et al., 2009;
Stopher and Collins, 2005; Wolf et al., 2004; Oliveira et al., 2011; Rieser-Schüssler, Mon-
tini, and Dobler, 2011). It has been found that participants in manual surveys tend to
under-report trips by as much as 20-25% of all trips, particularly shorter ones (Bricka and
Bhat, 2006; Stopher, FitzGerald, and Xu, 2007). There are two drawbacks to prompted
recall surveys: First, they require a real-time post-processing infrastructure which is ide-
ally able to collect all location data, automatically infer trips and present the information
to the participant within a very short time period. Second, they require careful user in-
terface design and testing ahead of time. To avoid these difficulties, researchers can rely
solely on the location data for trip and activity inference. As an example, Schüssler and
Axhausen (2008) worked on identifying trip characteristics from the GPS data without
further information, based on one week of data from approximately 4,900 participants.
In the case of the SFTQS, the requirements for real-time post-processing and prompted
recall would have exceeded the available resources, which is why the decision was made
to infer travel patterns and personal experiences from the location data alone, without a
human in the loop.

Early GPS-supported travel surveys used GPS loggers which the participants needed
to carry with them. Unfortunately, this is costly because the loggers need to be dis-
tributed to and collected from respondents. Accuracy may also suffer since participants
need to remember to carry an additional device. To overcome these limitations, there has
been mounting interest in conducting travel surveys via smartphone apps, and it is in this
body of literature that the present study is embedded. In a first series of small-scale ex-
periments, Asakura and Hato (2004), Ohmori, Nakazato, and Harata (2005), and Itsubo
and Hato (2006) demonstrated the accuracy and effectiveness of this methodology, but
battery drainage caused by the GPS sensor was found to be a serious problem. Jariya-
sunant et al. (2014) conducted a 3-week, 135-subject experiment producing automated
travel diaries to derive information on the environmental, financial, health and time im-
pact of participants’ travel patterns. The information was presented to participants with
the goal of inducing more sustainable travel behavior. The authors are aware of three
larger smartphone-based travel surveys for which data collection is currently in progress.
The first is the Future Mobility Survey (FMS) (Cottrill et al., 2013), which aims to re-
cruit 1000 participants in Singapore who are asked to collect location data for two weeks
and manually validate their activities for at least 5 days. The second is the PEACOX
7th Framework Project. It aims to develop a persuasive, smartphone-based trip adviser
to reduce travel-related emissions and has recently undergone 8-week field tests with 33
participants in Dublin and Vienna (Montini et al., 2014). The third is a study which is
being carried out in the context of a Swiss national research project in Basel with 400
participants. In the future, hybrid studies such as the SFTQS that combine continuous
location tracking over longer time periods with short waves of survey data collection may
become more common. This design has the advantage that it permits data to be collected
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for extended periods of time while limiting respondent burden.
The SFTQS was not solely aimed at data collection for academic purposes. A related

body of literature looks at the use of crowdsourcing for understanding public opinion
of public services and for public planning purposes. Brabham (2009) argued that the
crowdsourcing model is an appropriate model for enabling citizen participation in pub-
lic planning projects, and in a case study, Brabham, Sanchez, and Bartholomew (2010)
report on the use of a crowdsourcing platform for bus stop design. A special case of
crowdsourcing is the mining of social media data. In a case study on public transporta-
tion, Schweitzer (2014) found that social media feeds tended to contain more negative
sentiments about transit and its users than about other public services, but showed that
if an agency maintained an active presence on social media, this was less pronounced.
Pender et al. (2014) explored how social media can be leveraged to manage unplanned
transit network disruptions, and in another recent study, Mondschein (2015) investigated
how online activity reviews could be used to derive mode choice information. While the
SFTQS did not make use of social media, it nonetheless is related to this line of work.
First, the design of the mobile travel experience surveys, which were supposed to be easy
to understand and quick to fill out, bears similarity to online rating systems. Therefore,
it was hoped, the interface would seem intuitive to participants. Second, the study was to
some extent advertised and motivated as an opportunity for participants to give feedback
that would be heard and to help improve public transportation in San Francisco. This
approach proved successful. Third, the methods and technology developed for the SFTQS
could largely be transferred to an open platform that does not require enrollment in a
limited-time study, thereby providing the foundation for continuous customer satisfaction
monitoring and for the development of user-centric performance measures that combine
operational data (from personal travel time measurements via users’ phones) with user
feedback. In fact, it might be possible to make some anonymized feedback information
visible to the public.

The following sections discuss the design of the survey instruments in depth. A
discussion of the respondent burden, including ex-ante assessments, can be found in
section 4.3.

2.4 Design of survey instruments for personal information and
future mode choice

Participants were asked to fill out an online sign-up survey at recruitment, an online entry
survey at the beginning of the study, an online exit survey at the end of the study, and an
an optional follow-up survey a year later. The sign-up survey included sociodemographic
information, residential, work and school locations, frequency of travel in San Francisco,
and frequency of mode use before the study. The number of participants was capped at
1,000, so if the number of sign-ups had exceeded 1,000, the information from the sign-up
survey would have been used to select a sociodemographically representative sample and
a mix of transit users and non-users. The entry survey, which was generally taken within
the first week of the study, asked for additional information on length of transit use,
duration of residence in San Francisco, household structure, education, occupation and
student status, and the cost of parking at the employment or school location. Although
84% of the entry survey responses were recorded within the first week and 94% were
recorded within the first 10 days of the study, some individual responses were received
as late as the middle of the 5th study week. Given that participants responded to the
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sign-up survey and the entry survey at different times, the time lag between those two
surveys varied by individual. However, it generally did not exceed one month. The entry
survey was conducted separately from the sign-up survey in order to limit the burden on
participants who did not get selected into the study. It also included a set of questions
that were presented in both the entry and exit survey since it was expected that the
responses might change during the study:

• Intended use of Muni in 2014: Whether participants planned to use Muni more, the
same or less than in 2013.

• Intended use of other modes in 2014: Whether participants planned to use the
car, bicycle, etc. more, the same or less than in 2013. Responses were collected
independently for each mode.

• Desired use of Muni in 2014: Independently of whether they intended to do so, did
participants want to use Muni more, the same or less than in 2013?

• Desired use of other modes in 2014: Independently of whether they intended to do
so, did participants plan to use the car, bicycle, etc. more, the same or less than in
2013? Responses were collected independently for each mode.

• Overall satisfaction with a number of service quality aspects; see section 2.5.

• Whether the intended/desired changes were related to any of those aspects.

• How often participants expected to encounter (or encountered, in the case of the
exit survey) transit reliability problems during the study.

• Whether participants avoided any Muni routes due to service quality problems and
what they did instead.

• Anticipated emotions when using Muni and when driving in San Francisco; see
section 2.6.

• Attitudes toward car travel in San Francisco.

The mode choices were not mutually exclusive, and there was no differentiation by
trip type. For each mode, respondents answered whether they intended or wanted to use
it more, the same or less in 2014. In the exit survey, participants were also asked whether
they could see themselves using Muni in the long run. The intended and desired mode use
questions were designed as indicators of how participants’ mode choices would evolve in
the future, and while controlling for lifestyle changes and relocation, any changes in these
variables between the entry and the exit survey were assumed to be attributable to events
observed during the study. Thus, the SFTQS is embedded in a body of literature that
seeks to understand the dynamics of travel choice behavior, in particular mode choice,
in the context of lifestyle as well as the traveler’s history of past decisions. In the short
term, habit has been found to be a strong predictor of future behavior, a result that
holds true across many aspects of life (Aarts, Verplanken, and Knippenberg, 1998). Vij,
Carrel, and Walker (2013) further showed that mode choices are linked to latent lifestyle
choices and modal preferences, which lends the latter a certain stability. A discussion of
different measures of stability can be found in Schlich and Axhausen (2003). The SFTQS
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is more aligned with literature investigating determinants of long-term changes in habit
and modal preferences. Those studies often focused on key life events and household life
cycles (Verhoeven et al., 2005; Scheiner and Holz-Rau, 2013; Xiong et al., 2015), as well
as, for example, on the evolution of a person’s social network (Sharmeen, Arentze, and
Timmermans, 2014). However, a key ingredient to choice making are past experiences
(McFadden, 2001); in other words, future mode choices are influenced by the decision
maker’s positive or negative experiences with the different travel modes made during
past trips. While this has been studied to some extent in the context of urban travel
(Pedersen, Friman, and Kristensson, 2011) and of tourism (e.g. Wirtz et al., 2003), few
studies have collected data at the level of detail of the SFTQS.

Besides the questions on future mode choice, the exit survey also asked how the
participants intended to pay for Muni after the study and what their perceived average
wait times at boarding stops and transfers were during the study. Lastly, a set of questions
was asked about participants’ motivation to take part in the study, and feedback on
various aspects of the study was collected. An optional follow-up survey was conducted
a year later, where participants were asked about their transit use in the year following
the study and the reasons for any changes.

2.5 Design of survey instruments for satisfaction with public
transportation

The online entry and exit surveys measured participants’ overall satisfaction with public
transportation in San Francisco through a broad range of satisfaction indicators. For
the mobile travel experience surveys, the number of satisfaction indicators was narrowed
down to a subset of those in the online surveys in order to cope with the challenge of
limited screen space in combination with the consideration that participants were being
interrupted in the middle of their day. Unlike the online surveys, the question prompt in
the smartphone app focused on the user’s experience during that day only.

With part of its focus being on transit customer satisfaction, the SFTQS forms part of
a large body of literature, both academic and non-academic. To transit agencies, regular
customer satisfaction surveys are the most widely used and most direct way of capturing
customers’ perspectives on the service being delivered (Hensher, Stopher, and Bullock,
2003). A good overview of customer satisfaction survey methods for public transportation
is given by Brög and Kahn (2003). The majority of satisfaction surveys described in the
literature were conducted only once, asking respondents to rate their satisfaction with
overall service. Most researchers have sought to quantify the importance of different
service quality aspects or proposed aggregate satisfaction metrics (Eboli and Mazzulla,
2011; Stradling et al., 2007; Swanson, Ampt, and Jones, 1997; Del Castillo and Benitez,
2013). Several important angles that have not received much attention in the past are as
follows:

1. Satisfaction is dynamic and can change over time (Mittal, Kumar, and Tsiros,
1999). Given the routine nature of transit use, little is known about the stability
of satisfaction ratings in this domain or about the relationship between satisfaction
and daily experiences. Friman, Edvardsson, and Gärling (2001) found evidence that
negative critical incidents, i.e., memorable negative events, could affect satisfaction
ratings even with aspects of the service that were not directly related to the incident.
Especially in congested transit networks, service quality can be variable, potentially
making critical incidents common.
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2. Satisfaction is a function of personal use experience (Anderson and Sullivan, 1993).
To understand the relationship, subjective customer satisfaction and objective mea-
sures of the individual’s experience must be linked (Davis and Heineke, 1998). This
necessitates high-resolution data on an individual’s interaction with the service.
Since transit service quality is inherently stochastic (particularly reliability), it is
not predictable when observable negative critical incidents will occur.

3. Satisfaction and behavior are correlated (Klöckner and Matthies, 2004; Abou-Zeid
et al., 2012). Changes in transit use can occur on different time scales: short-term
changes due to immediate service problems (where the users later return to their
habitual choices), or long-term changes due to repeated dissatisfying events. The
duration of a customer’s relationship with a service provider has been modeled
as a function of cumulative satisfaction and recent experiences in other industries
(Bolton, 1998), but little is known about the sensitivity of behavioral intentions to
these variables in public transportation. If successful, research on this subject would
be able to shed light on the practically unexplored subject of ridership retention.

With its repeated measurement of satisfaction on a single-day level, the mapping of
satisfaction ratings to objectively measured personal experiences and the inclusion of
future transit use in the online surveys, the SFTQS sought to address these issues.

Many of the satisfaction variables in the entry and exit survey were related to travel
times since those were being observed via tracking data. This included satisfaction with
overall reliability*, waiting time reliability, in-vehicle travel time reliability, transfer time
reliability, travel times on board when there are no delays and frequency of service.
Transfer time includes both transfer walk time and transfer wait time. Based on perti-
nent literature and on personal communication with staff of the San Francisco Municipal
Transportation Agency (SFMTA), the following items were added to measure satisfaction
with the travel environment and with real-time information provided: Crowding*, com-
fort, cleanliness*, personal safety*, pleasantness of fellow passengers* and the accuracy
of real-time information*. Due to participant feedback, staff competence, staff friendli-
ness, the ease of use and reliability of the fare payment system were added in the exit
survey. The entry and exit survey asked about overall satisfaction with these aspects.
In the mobile travel experience survey, only eight satisfaction items could be included,
plus satisfaction with real-time information, which was located on a different screen (see
section 2.7). Those that were expected to be most variable were retained (marked with an
asterisk above). There was a slight difference between the online and the mobile surveys
in the question prompts: Unlike the online surveys, the mobile travel experience surveys
did not explicitly ask about the reliability of in-vehicle travel times, wait times and trans-
fer times. Instead, they simply asked about satisfaction with wait time, in-vehicle travel
time and transfer time on that particular day. Satisfaction was rated on 5-point Likert
scales. In the mobile travel experience survey, the extreme points were labeled with a
frowny and a smiley face.

2.6 Design of survey instruments for subjective well-being

For the purpose of measuring the subjective well-being of the participants, the online
surveys and the mobile travel experience surveys contained a series of questions asking
respondents to rate the intensity of their emotions with respect to travel on Muni. This
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section will first explain the motivation behind these questions and then go into more
detail on how the emotions prompts were designed.

The influence of experienced and anticipated emotions on the consumption of goods
and services has been broadly recognized in marketing research (Hansen and Christensen,
2007). Although emotions are typically not included in customer satisfaction surveys,
some authors argue that they are integral to understanding not only customer well-being
and satisfaction during the consumption experience, but also future behavior (Oliver,
1993). The model of goal-directed behavior (Perugini and Bagozzi, 2001), a framework
extending the theory of planned behavior, includes anticipated emotions as an antecedent
of behavioral desire, intention and actual behavior. Smith and Bolton (2002) argue that
customers’ emotional responses can be particularly important in the case of service failures
and negative experiences, though the effects vary across industries. In transportation, this
has so far only been investigated in the airline industry (Dubé and Menon, 1998) and
to a certain degree in the commute stress literature (Evans, Wener, and Phillips, 2002).
Homburg, Koschate, and Hoyer (2006) showed experimentally that the role of cognition in
evaluations of repeated service encounters increases and the role of affect decreases over
time, but that this was attenuated by inconsistent service quality experiences. These
statements may well apply to habitual transit users, as typical urban transit services
often tend to provide a variable service quality experience with occasional service failures.
Therefore, it was plausible that that subjective well-being and emotions would play a role
in the decision-making of Muni travelers, and the SFTQS sought to capture at least part
of that element.

Outside of the general service industry, the role of emotions has already been recog-
nized in mode choice literature: Several publications have analyzed affective predictors
of mode use with focus groups or small, one-time surveys (e.g. Mann and Abraham,
2006; Gatersleben and Uzzell, 2007), either with respect to anticipated emotions or the
affective-symbolic relationship of car owners with their vehicles. Carrus, Passafaro, and
Bonnes (2008) specifically investigated the influence of anticipated emotions in predicting
use of public transportation. The above studies tended to focus on invariant aspects of
service; the SFTQS, on the other hand, was aimed at more variable aspects of service.
Although, based on the service industry literature, one would expect service variability in
transit to be a strong driver of travel-related emotions that affect mode choice, little work
has been done in that field. Among the contributions so far are Gardner and Abraham
(2007), who noted the importance of negative affect caused by serious service failures
in predicting future use of public transportation, and Abou-Zeid and Ben-Akiva (2010),
who elaborated on the dynamic aspect of subjective well-being, in particular the differ-
ence between anticipated emotions (which are the basis of decisions) and remembered
emotions (from experiences) in transportation decisions.

The design of the emotions questions in the SFTQS was inspired by two previous
research efforts that had collected repeat samples of emotions over longer periods: Kah-
neman et al. (2004), who pioneered a survey method for characterizing daily life expe-
rience, including satisfaction and emotions, and Killingsworth and Gilbert (2010), who
conducted a large-scale study on emotions via smartphone. The SFTQS participants
were prompted to respond to the mobile travel experience survey at a set time every
day. In future iterations of this type of study, it may be possible to prompt passengers
after each transit trip; this would be more akin to the Experience Sampling Method (e.g.,
Csikszentmihalyi and Larson, 1987) which has been adapted in a variety of studies to
sample participants with the help of a beeper, cell phone notification, or programmed
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watch (Connor, 2014).
The selection of specific emotions to be included in the surveys was based on the

Consumption Emotion Set (CES) (Richins, 1997), a list of consumption-related emotions
widely used in marketing research. The challenge was to adapt the extensive CES to
the travel domain, and a maximum of eight items could be included in the mobile travel
experience survey due to space limitations. For this purpose, a small pilot study was
conducted: First, emotions that were not considered to be related to service quality
on public transportation (e.g., “romantic love”) were removed from the list, and the
remaining 52 emotions were assembled in a paper-and-pen survey in March 2013. In
total, 60 questionnaires were handed out to SFMTA transit riders during a weekday
evening rush hour. Respondents were asked to report how they felt after their evening
commute trip by rating every emotion on a 5-point Likert scale from “do not feel that
way at all” to “feel very much that way”. Candidate emotions were first isolated from the
results by determining, through visual analysis, which ones showed acceptable variation
across responses. An exploratory factor analysis was then conducted to isolate correlated
groups, and the descriptors that loaded the strongest on one of the factors were selected
as labels. Finally, the list was adjusted with input from UC Berkeley psychology faculty
to include positive and negative affect and arousal, as postulated by the circumplex
model of emotion (Russell, 1980). This selection resulted in the following emotions to
describe a person’s travel experience: Pleased, frustrated (representing the basic emotions
of contentment/happiness and anger), relaxed, bored (positive/negative deactivation),
impatient, stressed (negative activation), in control (explained below), disgusted. During
the survey design, discussions with various volunteers who tested the survey revealed that
“disgusted” was often confused with “frustrated”, so in the final design, that descriptor
was changed to the colloquial term “grossed out”. The “in control” variable was found
to form its own factor during the exploratory factor analysis. It can be interpreted as
positive activation. Fear was dropped since it was considered to be strongly correlated
with the personal safety satisfaction rating.

The eight emotions were presented in the online surveys and the mobile travel experi-
ence surveys. In the latter, they were spread out over two screens. Unlike the satisfaction
indicators, the online surveys did not contain more emotional indicators than the smart-
phone surveys. The survey prompts asked respondents to indicate how that day’s Muni
travel (or Muni travel in general, in case of the online surveys) made them feel. Responses
were recorded on a five-point Likert scale which was labeled with a volume bar graphic,
and the words ”not at all” to ”very much” at the extreme points of the scale.

On one of the last screens of the mobile travel experience survey, participants were
also asked how they generally felt on that day. They responded on a five-point Likert
scale which was labeled with a frowny face on one end and a smiley face on the other
end. The question on general feeling was intended as a control variable since subjective
well-being and mood can interact with people’s assessment of an experience (Ettema et
al., 2010).

2.7 Further design considerations

Figures 1 through 6 show the various pages that formed the daily travel experience survey.
The survey started with the question on Muni use shown in figure 1, followed by the
questions on subjective well-being (figure 2) and then satisfaction (figure 3). Satisfaction
with the accuracy of real-time information was on a separate screen (figure 4) since it also
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included a check box to indicate that the participant had not used real-time information
on that day. Further down on that screen was the question on how the participant
generally felt on that day (figure 5). On the last page, shown in figure 6, an optional free-
form text box was provided for any comments or feedback about the travel experience.

The survey app was a customized version of Open Data Kit Collect, which is part of
the Open Data Kit platform (Brunette et al., 2013). The customization involved adding
a login screen, permanent location tracking, survey alert functionality and automated
survey management. Besides uploading completed surveys, the automated survey man-
agement allowed the research team to remotely change, delete or update surveys that
were shown to a participant during the study. After a user downloaded the app, installed
it and opened it, it displayed the login screen. Without a user name, it is not possible to
get past the login screen and access the functionality of the app. Participants received
an email with a user name assigned by the study administrators after being enrolled in
the study; the user name only had to be entered once per device. The user name re-
quirement ensured that no survey responses and tracking data would be collected from
unknown users from whom no sociodemographic data and contact information had been
received prior to the study. More importantly, though, this was done to comply with
Institutional Review Board regulations (United States Code of Federal Regulations, 45
CFR 46: Protection of Human Subjects), which mandated that prior to taking part in
the study, participants had to read and sign an informed consent form. The informed
consent form was part of the sign-up survey.

The look and feel of the survey app was largely dictated by the design of Open Data
Kit Collect. An important objective in designing the mobile surveys was to limit the
amount of scrolling a user had to do. Therefore, the mobile travel experience survey was
designed to span five pages, and users needed to swipe across the screen to move from
one page to the next. This allowed the number of questions on one page to be limited
to four. On a large enough smartphone screen, all questions would be visible without
scrolling down. Labels were designed to be as intuitive as possible: The labels of the
satisfaction questions needed to convey that the response scale was from ”very positive”
to ”very negative”, whereas the labels of the emotions questions needed to convey that
the response scale was from ”zero” to ”maximum intensity”.

Therefore, the latter used a volume bar, whereas the former were labeled with a
smiley and a frowny face. The face design superseded an earlier design that used color
codes (green for positive, red for negative) since the meaning of colors is not universal
across cultures. Lastly, the free-form text box at the end of the survey had an important
function, as it allowed participants to comment on any aspects of the trip for which no
specific questions had been included in the survey, or to further explain their responses.
The mobile travel experience survey was reviewed by a professional user interface designer
prior to the final launch.

2.8 Conclusions and contribution

In summary, a need was identified for a panel survey that would collect repeated mea-
surements of satisfaction with transit travel, subjective well-being, experienced service
quality, overall travel patterns and future intended behavior. This was a unique oppor-
tunity to investigate the dynamics of travelers’ satisfaction and trip-related emotions as
well as the links to behavior – areas that are recognized to be important in marketing
literature but have so far not been studied extensively in the transportation context.
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Figure 1: Screen 1 of the daily travel
experience survey.

Figure 2: Screen 2 of the daily travel
experience survey. Only the top half of
the screen is shown, but the questions
on the bottom half followed the same

design.
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Figure 3: Screen 3 of the daily travel
experience survey. Only the top half of
the screen is shown, but the questions
on the bottom half followed the same

design.

Figure 4: Top half of screen 4 of the
daily travel experience survey. The
bottom half is shown in figure 5.
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Figure 5: Bottom half of screen 4 of
the daily travel experience survey.

Figure 6: Screen 5 of the daily travel
experience survey.
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While GPS-supported and smartphone-enabled travel surveys have either been carried
out before or are currently underway, the SFTQS represented a new level of a smartphone-
based travel survey in going beyond collecting only tracking data. By fusing the location
data with time-prompted mobile travel experience surveys and with vehicle location data,
it was possible to collect a wealth of information at relatively low cost. With this rich
data set, the authors hope to provide a new resource to the transportation community
for understanding the behavior and subjective well-being of transit users. The methods
and infrastructure used in this project could easily be applied to studying users of other
transportation modes, and the system could be adapted for continuous service quality
monitoring in practice. With it, the authors hope to lay the foundations for moving to
more user-centric performance measurement, including metrics that capture the personal
experience of users as well as their subjective feedback.

3 Study administration

3.1 Study protocol

An overview of the study is shown in figure 7. Recruitment began in early October 2013.
Principal recruitment channels were email lists maintained by the SFMTA and various
large employers and universities in San Francisco as well as 23,000 anonymous postcards
sent by mail. In addition, a stand was set up at a central location of San Francisco
State University during one afternoon and approximately 500 fliers advertising the study
were handed out. The fliers directed potential participants to the same web address as
the emails and postcards. To be able to participate, a person had to (a) be at least
18 years old, (b) live, work, or go to school in San Francisco, and (c) have an Android
smartphone with a data plan. Participants were directed to a website where they received
more information on the study and were asked to read the consent form. To sign up,
they filled out the online sign-up survey. The list of interested participants was screened
for the eligibility criteria, and everybody who met the criteria was enrolled and notified.

Responses to the sign-up survey were accepted between October 10 and November 5,
2013. The study officially commenced on October 21, when participants were asked to
fill out the entry survey. On October 27, they received an email with a link to a survey
app for their smartphones. Once installed, the app immediately began collecting location
and mode use data at approximately a 30-second intervals. Participants were asked to
continue traveling as normal during the week of October 28. That week, they received a
letter in the mail with a free, nontransferable pass valid for unlimited trips on the Muni
network. Unfortunately, due to distribution problems, a number of participants did not
receive their passes by the end of that week, so the study group was split into two cohorts.
Cohort 2 received replacement passes between November 13 and November 15. In the
following description, the dates for cohort 1 are given in the text and the dates for cohort
2 in parentheses.

Participants received instructions exclusively by email. Emails were customized with
the participant’s name, and they were given an email address to contact if they had
questions or problems. To the extent possible, every participant who wrote an email
received a personal response. It was hoped this would minimize attrition (Dillman, 2011).
Participants were instructed not to use the pass before November 4 (November 16).
Since it was assumed that the availability of the free pass might cause a change in some
participants’ travel behavior (Fujii and Kitamura, 2003; Simma and Axhausen, 2003),
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the location tracking data for October 28 through November 3 (November 16) could be
used to observe their habitual travel choices. The passes were valid through December 1
(December 15). During that time, participants were asked to use Muni on at least five
days and to fill out the corresponding mobile travel experience surveys. They received a
daily reminder on their phone at a preset time which they chose in the sign-up survey.
The suggested default was 19:30. Once they had reached five mobile travel experience
surveys, they were given the choice of whether or not to continue the daily reminders.
After December 8 (December 22), they received an email with a link to the exit survey.
Participants were asked to keep the smartphone app and the location data collection
running until they took the exit survey, but they were free to uninstall it afterwards. The
number of active apps dropped to approximately 200 by the end of December 2013 but
only decreased slowly after that. When the servers were finally shut down in mid-2015,
there were still several dozen active apps.

With the exit survey, two further optional mobile surveys were presented: One that
was identical in layout to the mobile travel experience survey but asked about their
experience during the entire study, and one that asked participants to rate their emotions
at that very moment. The latter used an extended set of emotions compared to the main
survey: Angry, bored, calm, contented, disgusted, excited, frustrated, grossed out, happy,
impatient, in control, pleased, relaxed, sad, stressed, worried. The additional items were
based on a summary by Laros and Steenkamp (2005), and the purpose was to evaluate
other possible emotional descriptors for future research.

Regarding the passes, there was one large mishap: Due to a misunderstanding, the
SFMTA canceled all passes on December 1, including those of cohort 2. Although the
passes were restored to the cohort 2 cards by December 3, it took several days until card
readers on all vehicles validated the passes again.

3.2 Cohorts and duration

Of the 856 participants initially enrolled in the study, 18 either withdrew or switched to a
phone with a different operating system during the study, 669 were in cohort 1 and 169 in
cohort 2. 22 participants did not use the mobile app but filled out the sign-up, entry and
exit survey. It is unknown why they did not install the mobile app but still participated
otherwise. Since the maximum limit of 1,000 participants was not met, everyone who
responded to the sign-up survey and who met the eligibility criteria was enrolled in the
study.

3.3 Remuneration of participants

Incentives for survey participation were the subject of much debate. As was mentioned
above, participants received an unlimited transit pass on a Clipper card, worth US$69
plus US$3 for the Clipper card. The Clipper card is a contactless smart card used
for electronic transit fare payment in the San Francisco Bay Area. The SFMTA only
issues monthly transit passes by calendar month, so this incentive was also of value to
participants who previously already had a pass since they did not have to pay for it for
a month. Aside from the passes, two other options were discussed: Cash incentives and
a lottery with a large cash prize. A literature review revealed that fixed cash payments
have been found to outperform lotteries and donations to charity by many studies. In
fact, the latter two have been found to have small effects, as has the amount of money
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(a) Cohort 1.

(b) Cohort 2.

Figure 7: Time line for the study.

19



offered in the raffle (Halpern et al., 2011). In addition, ethical concerns have been raised
about lotteries (Tooley, 1996), and in some jurisdictions a variety of legal requirements
may need to be met. Lastly, it has previously also been found that prepaid fixed cash
incentives were superior to postpaid incentives (Simmons and Wilmot, 2004). For the
SFTQS, a fixed cash incentive might have been best to also motivate non-transit users
to participate, but necessary funds could not be secured. Therefore, the transit pass
was chosen as a prepaid, fixed-value incentive. Of course, the value of the pass to an
individual participant depended on that individual’s level of transit usage, i.e., on the
amount that would normally be paid in fares. It should be noted that the superiority
of prepaid incentives compared to postpaid incentives might be more pronounced for
one-time surveys than for longer panel surveys such as the SFTQS. Prepaid incentives
are key to attracting participants (especially groups that are hard to recruit), but the
fact that multiple reminders needed to be sent out to improve response rates for the exit
survey, which was taken after 6-8 weeks, suggests that a combination of pre- and post-
paid incentives might have been more adequate given the duration of the study. This
would be in line with the experiences of other researchers conducting long-term panel
surveys (Axhausen et al., 2002; Axhausen et al., 2007).

3.4 Infrastructure and data processing

The software infrastructure behind the study included the survey app and two cloud
servers. Location tracking was done via Google Play services and only using Wi-Fi
and cell tower positioning but no GPS to reduce energy consumption. Although several
sources, including one personally contacted by us (the lead author of Li et al. (2015)),
confirmed that Wi-Fi positioning should be more energy efficient than GPS positioning,
it is remarkably difficult to obtain numbers. Energy consumption depends several factors,
including the phone model, the strength of the Wi-Fi signals and the strength of the GPS
signals. While preparing the study, the app was tested on a Samsung Galaxy S2 and a
Samsung Galaxy S3 (the most common phone used by SFTQS participants), and it was
found that on those two models, energy consumption was reduced with Wi-Fi positioning,
with nearly no loss in positioning accuracy as long as the phones were within built-up
areas. Outside of built-up areas, including in urban parks, the position was quickly lost.

Google Play services also features an accelerometer-based classifier to determine whether
the user is walking, biking, in a vehicle, actively using the phone or immobile. That out-
put was used as the mode use data. One of the cloud servers handled the distribution
of survey definition forms and the collection of the survey responses, whereas the other
server had the following functions: User authentication, updating of survey notification
times on the phones and collection of the location and mode use data. Survey responses
were queued for upload after the survey had been completed and uploaded immediately
when either a cellular data or Wi-Fi connection was detected. At regular intervals, typ-
ically 1-2 times per day, the app would connect to the location data server and upload
an encrypted archive containing the files with the raw location and sensor information.
The app waited for a Wi-Fi network connection to do so, and only no Wi-Fi connection
was detected within a maximum time window were the files uploaded via the cellular
data connection. This strategy was chosen to minimize the usage of participants’ cellular
data connection (since some phone plans included a data cap), take advantage of larger
Wi-Fi bandwidths to minimize incomplete transfers and to reduce battery drainage on
the phones, as uploading large files via the cellular network requires more power than
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uploading via Wi-Fi. According to Labs (2012), a Samsung Galaxy S3 consumes an av-
erage of 1033 mW while uploading data via the UMTS (3G) network, whereas uploading
via Wi-Fi consumes an average of 488 mW. Furthermore, the times at which the apps
connected to the servers for all tasks except uploading survey responses were randomized
in order to reduce demand peaks on the servers.

Location data were stored in a geospatial database. At regular intervals, the raw data
were postprocessed to infer trips and activities with a DBSCAN clustering algorithm,
and then the location data were matched with the AVL data to infer transit trips as de-
scribed in Carrel et al. (2015b). While of high resolution, the accuracy of the inferences
was not verified by the survey participants, so there was no ground truth to compare the
results to. The accuracy had previously been tested with ground truth data collected
by the researchers. However, manual inspection later showed that the false negative rate
(i.e. undetected transit trips) may have been significantly higher than expected due to
differences between participants’ travel patterns and those tested by the researchers dur-
ing development: Out of the 8,677 combined days on which participants reported having
traveled on Muni, phone location data was missing for 1,002. In the first evaluation run,
only 3,010 surveys could be matched to vehicle location data beyond doubt, but future
improvements of the detection algorithms might increase that number. Nonetheless, it
would have been beneficial to ask the participants to also report ground truth data on
their transit use.

3.5 Challenges

The study faced several challenges:

• The study protocol was relatively complex. There was no personal researcher/subject
interaction, and all instructions were sent out by email. The study administrators
received numerous emails from participants asking protocol-related questions that
had previously been answered in the instructions, suggesting that those participants
either had not read or had forgotten the instructions. This was confirmed by par-
ticipants’ responses to reminders that were sent to them when they had not carried
out a study activity; oftentimes, they apologized and stated that they had forgot-
ten or were not aware that they needed to carry out that activity. However, since
the emails from the study period were unfortunately not preserved, quantitative
measures for this cannot be provided.

• Participants’ compliance time in installing the survey app and responding to the
entry and exit surveys varied strongly. In particular, the latter required several
reminders to be sent out.

• For the app to be able to collect location data, users had to enable location ser-
vices and allow the app to access them. Despite not using GPS (see section 3.4),
battery consumption was found to be an issue: as noted in section 4.4, 23% of
the participants later reported that the battery life of their phones has noticeably
decreased during the study. A number of participants turned off location services
or Wi-Fi at some point during the study, so location data availability varies across
participants. Although participants were not systematically asked why they had
deactivated either location services or Wi-Fi, we suspect that battery drainage was
one of the reasons. Furthermore, some participants had energy saver apps installed
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that automatically deactivated Wi-Fi and location services when the phone was not
in use. A more in-depth discussion of battery issues can be found in section 3.4.

• A further observation related to the deactivation of Wi-Fi by participants: From
email interactions, it was revealed that to a number of participants, it was not clear
that Wi-Fi is also used for positioning when the phone is not connected to a Wi-Fi
network. Therefore, despite the instructions to keep Wi-Fi on at all times, they had
turned off their phone’s Wi-Fi functionality when they were not in the range of a
known network, since they believed that Wi-Fi did not serve any purpose at that
point. It is unfortunately unknown how many participants this applied to.

• Several participants requested a version of the mobile travel experience survey that
allowed them to respond for a previous day if they had forgotten to do so. That
version was pushed to participants’ phones on November 4. A small group of partic-
ipants who were experiencing technical difficulties also requested an online version
of the daily survey. That was created on November 24.

• Due to proposed statewide legislation in California, the researchers were not able
to obtain access to the transaction records of the fare cards used by participants.

• Prior to the experiment, there were concerns about two types of fraud: it was
feared that (1) participants might sign up only to receive the free pass, and that
once they had received it they would no longer participate in any study activities,
or (2) that they would sell the free monthly pass or give it to a friend or family
member. Due to those concerns, participants’ instructions clearly stated that the
pass was nontransferable, that misuse could result in a fine, and that it could be
terminated if the participant did not take part in study activities. During the study,
no evidence was found of passes being sold or given to friends/family members, and
many of the participants who did not participate in all study activities were also
found not to have used their passes. However, as they were given until the last day
of the study to complete the five mobile travel experience surveys, in practice it
would have been difficult to terminate passes due to non-cooperation. No passes
were terminated for that reason.

• In general, it is difficult to comprehensively test an Android application, and some of
the errors reported by participants could not be reproduced. Not only is the Android
market highly fragmented, but some manufacturers also customize the operating
system. Over the course of the study, the app was installed on 169 different phone
models running 9 different versions of the Android operating system, not counting
manufacturer-customized operating systems. As of August 2015, there are at least
24,000 distinct Android devices in circulation worldwide (Android Fragmentation
Report, August 2015 ). In that respect, using Apple iPhones would have made
comprehensive pre-release testing significantly easier since the iPhone market is
very homogeneous - both in terms of devices and operating system versions.

3.6 Costs

The direct costs of the study were as follows: $3,500 for recruitment and mailing of the
transit passes, $3,200 operating costs for the server infrastructure, $8,200 in staff costs for
the development of the app and the server backend. The study was administered by one
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Excluding passes Including passes
Per transit-related mobile travel experience survey $1.63 $8.11
Per participant-day in study $0.30 $1.47
Per participant-day of tracking data $0.55 $2.75

Table 1: Study costs per data unit.

full-time student with occasional support by SFMTA staff, and the cost calculations do
not include those staff costs. The total value of the free transit passes was approximately
$59,000. However, those were not a direct cost as they were provided free of charge by
the SFMTA. Table 1 shows the costs per completed mobile travel experience survey that
related to one day of transit use (based on a total of 9,116), per participant-day in the
study (856 participants minus 18 withdrawals, for 60 days), and per participant-day of
tracking data (26,914 participant-days with 100 or more location points).

4 Key data

Overall, the study was considered a success. Out of the 856 participants who signed
up, 838 remained enrolled, 757 completed the entry survey and 686 completed the exit
survey. The survey app was installed on approximately 800 devices, and a total of 13,931
completed mobile travel experience surveys were submitted by 774 unique users. Of those
completed mobile surveys, 7,682 pertained to transit trips made on the day of the survey,
1,434 to transit trips from previous days and 4,815 were reports of not using transit.
This amounts to an average of 11.8 transit-related responses and 18 total responses per
participant, whereas the minimum required number of responses had been set at 5. A
full data set, including sign-up, entry and exit surveys and 5 or more trip-related mobile
travel experience surveys, could be obtained from 604 participants. Location data was
collected from 732 unique users.

As noted in section 3.2, everyone who responded to the sign-up survey and met the
eligibility requirements was enrolled in the study, so the reader should bear in mind that
this is a convenience sample which is not perfectly reflective of the general population.
However, the demographic data that was collected and that is partially discussed in
the following sections allows one to understand the nature of the differences between the
sample and the population, and in statistical analyses, responses from different subgroups
can be weighted differently to obtain results that are more reflective of the population.

4.1 Demographics

Key demographic information is shown in table 2. The table compares the numbers for
the SFTQS, the SFMTA 2013 rider survey and the US Census for San Francisco. 48% of
the 757 SFTQS participants who signed up and filled out the entry survey were female.
The sample was skewed toward younger ages. Data from the official SFMTA rider survey
shows 32% of passengers as being of age 45 or older, compared to 14% in this sample.
This skew can in part be explained by the requirement to have a smartphone and in
part by the recruitment methods. It is even more pronounced when compared to the US
Census numbers, as it can be seen that the SFMTA’s ridership itself is skewed toward
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younger riders. 75% of participants lived and worked or went to school in the city of San
Francisco, whereas 25% commuted either into or out of the city for work or school. 79%
of participants were either full-time or part-time employed, 19% were full-time students
and 6% were part-time students (note that these groups overlap). Yearly household
household income followed a somewhat bimodal distribution. Income was unknown for
12% of participants. Due to an unfortunate communication error during the design of
the study, the income categories used in the SFTQS surveys were different from those of
the official SFMTA statistics, which makes a comparison difficult. However, it is clear
that lower-income transit riders are underrepresented in our sample: household incomes
under $25.000 make up 38% of the SFMTA ridership, whereas only 26 % of SFTQS
participants reported household incomes below $40.000. On the other hand, 21% of
SFTQS participants had household incomes over $100.000, compared to 20% of SFMTA
customers. While there are certainly other factors that influence this distribution, it
might again be a partial consequence of the requirement to have an Android smartphone.
In 2013, lower income groups were overall less likely to have a smartphone, and iPhones
were more prevalent in higher-income households whereas Android phones were dominant
among lower-income groups. Android smartphones and iPhones had similar adoption
levels in medium-income markets, with a slight majority being Android users (Smith,
2013). However, a comparison between the SFMTA ridership’s income distribution and
the US Census shows that in general, the SFMTA’s ridership is skewed toward lower-
income groups, and that the income distribution in the SFTQS sample might be closer to
the general distribution in the population as reported by the US Census. Finally, table
3 shows the frequency of prior use (before the study) cross-tabulated against income.
From the table, it can be seen that the majority of participants used Muni more than
once per week, and in all usage groups above that threshold, the seven income groups are
represented. The largest group used transit between 4 and 7 days per week and had an
income between $20.000 and $60.000 per year.

Table 4 shows participants’ auto access, driver’s license status, and ownership of
Clipper cards by age, gender and income. The columns showing auto access only cover
the 89% of participants with a driver’s license. 31% had a license but did not have
a private car in their household, 29% had a personal car, and 21% shared a car with
other household members. 41% of all participants had one car in their household and
the remaining 19% had two or more cars in their household. Overall, 67% used a car
regularly in San Francisco before the beginning of the study (this figure includes car
sharing vehicles and carpooling), and a full 97% used Muni regularly before the study.
58% typically used Muni between 2 and 5 days per week, 27% more than 5 days per week
and the remaining 15% less than 2 days per week. 44% owned a bike in usable condition,
and 15% did not have a Clipper card prior to the study.

Table 5 shows the self-reported primary mode of travel by trip purpose for all partic-
ipants. As can be seen, between 53% and 60% of participants who commuted to work
or school identified Muni as their primary mode of transportation for those trips. Table
6 compares the primary mode of transportation for work and non-work trips of SFTQS
participants with the 2011 San Francisco Mode Share survey; as can be seen, transit was
identified as a primary mode of travel by a larger share of SFTQS participants than the
corresponding share in the general population.
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Age SFTQS Age SFMTA US Census
18-24 19% 18-24 20% 8%
25-34 48% 25-34 31% 25%
35-44 19% 35-44 17% 19%
45-54 9% 45-54 13% 16%
55-64 4% 55-64 12% 14%
Over 64 1% Over 64 7% 18%

Income SFTQS Income SFMTA US Census
Under 20,000 11% Under 15,000 24% 11%
20-40,000 15% 15-24,000 14% 10%
40-60,000 20% 25-34,000 9% 9%
60-80,000 11% 35-49,000 11% 12%
80-100,000 10% 50-99,000 22% 29%
100-120,000 8% 100-149,000 10% 15%
Over 120,000 13% Over 150,000 10% 14%
No Answer 12% No Answer N/A N/A
Frequency of Muni use SFTQS Frequency of Muni use SFMTA
6-7 days/week 26% 5+ days/week 66%
4-5 days/week 35% 3-4 days/week 14%
2-3 days/week 24% 1-2 days/week 7%
About 1 day/week 8% 1-3 days/month 3%
1-3 days/month 5% <1 day/month 6%
<1 day/month 2%

Table 2: Demographics of SFTQS participants compared to SFMTA rider survey and
US Census.

Income (in $10,000) → <20 20-39 40-59 60-79 80-99 100-119 ≥ 120 N/A
Frequency of use
<1 day/month 0% 0% 0% 0% 1% 0% 0% 0%
1-3 days/month 0% 1% 1% 0% 0% 1% 0% 1%
1 day/week 1% 1% 1% 1% 1% 1% 1% 1%
2-3 days/week 4% 2% 4% 3% 3% 1% 4% 3%
4-5 days/week 3% 5% 8% 3% 4% 3% 4% 5%
6-7 days/week 3% 6% 6% 3% 2% 2% 2% 2%

Table 3: Frequency of prior use vs. household income.
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Age PC SC NU NC NL DL NC CC CP
18-24 4% 3% 2% 6% 3% 15% 3% 9% 6%
25-34 13% 10% 4% 17% 5% 43% 6% 25% 17%
35-44 7% 4% 1% 5% 1% 18% 2% 11% 6%
45-54 3% 3% 1% 2% 1% 8% 2% 4% 3%
55-64 2% 1% 0% 1% 0% 4% 1% 2% 2%
Over 64 0% 0% 0% 0% 0% 1% 0% 0% 0%
Gender PC SC NU NC NL DL NC CC CP
Female 14% 10% 4% 15% 7% 43% 9% 26% 15%
Male 14% 10% 4% 16% 4% 45% 6% 26% 18%
No answer 0% 0% 0% 0% 0% 0% 0% 0% 0%
Household Income PC SC NU NC NL DL NC CC CP
Less than $20,000 2% 1% 0% 4% 2% 9% 2% 6% 3%
$20,000-$40,000 3% 2% 1% 6% 3% 12% 2% 6% 6%
$40,000-$60,000 7% 3% 2% 7% 2% 19% 4% 10% 7%
$60,000-$80,000 3% 2% 1% 4% 1% 10% 2% 5% 4%
$80,000-$100,000 4% 2% 1% 3% 1% 10% 1% 6% 3%
$100,000-$120,000 3% 2% 0% 2% 0% 8% 1% 5% 3%
Greater than $120,000 3% 4% 1% 3% 1% 12% 0% 8% 4%
Prefer not to answer 3% 3% 1% 3% 2% 10% 2% 6% 4%
Other 0% 0% 0% 0% 0% 0% 0% 0% 0%

PC - Access to personal vehicle
SC - Access to shared vehicle
NU - Vehicle in household, does not use
NC - No motor vehicle in household
NL - No driver’s license
DL - Owns a driver’s license
NC - No Clipper card
CC - Clipper card with cash value
CP - Clipper card with pass

Table 4: Auto access, driver’s license status, and ownership of Clipper cards by study
participants (unit: number of participants).

Work School Shopping Friends/Family Leisure
Not applicable 10% 67% 3% 4% 2%
Walk 8% 6% 17% 5% 10%
Bicycle 5% 1% 1% 2% 4%
Car or motorcycle 11% 4% 32% 34% 26%
Muni 42% 14% 40% 39% 45%
BART plus Muni 12% 4% 4% 10% 7%
BART 5% 1% 2% 4% 2%
Shuttle, taxi 5% 4% 0% 2% 3%
Other 1% 1% 0% 1% 1%

Table 5: Primary mode by trip purpose for all SFTQS participants
.
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Work trips Non-work trips
Overall SFTQS Overall SFTQS

Transit 31% 58% 34% 51%
Car 31% 11% 43% 31%
Not applicable 25% 10% 0% 3%
Walk 7% 9% 13% 11%
Bike 4% 6% 3% 2%
Taxi 1% 5% 5% 2%
Other 2% 1% 1% 1%

Table 6: Primary mode for work and non-work trips: Comparison of overall San
Francisco population with SFTQS population.

Contacted Responded
Entry/Exit survey → No Yes No Yes
Mobile travel experience surveys → No No Yes Yes
Recruitment channels
Unknown 169 97 0 72 0
Postcard in the mail 23000 39 1 6 2 30
Email from UCSF 21900 196 4 16 4 172
In-person (fliers) 500 33 0 5 1 27
Neighborhood assoc. 9 0 1 1 7
Email from SFMTA 41 1 0 1 39
Email from UC Berkeley 63 0 6 2 55
Email within company 56 0 6 2 48
Another email list 21 0 2 0 19
News, social media 74 1 1 5 67
Word-of-mouth 112 0 9 3 100
Other 43 0 3 0 40

Table 7: Response rates for different recruitment channels (unit: number of
participants).

4.2 Response rates

Recruitment proved to be relatively difficult. The overall response rates are unknown
since several of the recruitment channels utilized were publicly accessible (social media
and press releases), and it is unknown how many of the companies and neighborhood
associations that were contacted forwarded the information about the study to their
employees or members. Table 7 shows the reported recruitment channels of participants
who responded to the pertinent question in the exit survey. The largest number of sign-
ups was received in response to a campus-wide email by the University of California at San
Francisco (UCSF), a major medical research university and hospital provider located in
San Francisco. Participants who did not take the exit survey were not asked that question
and therefore are shown in the “unknown channel” row. The table further breaks down
the respondents by how much of the study they participated in, i.e., whether they filled
out the entry and exit survey and whether they filled out at least five mobile travel
experience surveys.

Only in the case of the postcards, the UCSF email list and the fliers was it known
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Figure 8: Number of first completed travel-related mobile travel experience surveys by
date. Example: On Oct. 28, 2013, 105 participants filled out their first travel-related

mobile travel experience survey.

how many people were contacted in the first place. The estimated AAPOR response rate
1 is 0.1% for the postcards, 0.9% for the UCSF email list and 5.4% for the in-person
recruiting (fliers). The estimated AAPOR response rate 2 is 0.2% for the postcards, 1.0%
for the UCSF email list and 6.6% for the in-person recruiting (fliers). It should be noted
that these are lower bounds since a participant might also have been recruited via word
of mouth, by somebody else who was initially contacted via one of these channels.

In total, 1401 people responded to the sign-up survey. 856 had an Android smartphone
and supplied a valid email address. 94 had an Android smartphone but did not supply
a valid email address for further contact. 428 respondents were not eligible because they
owned an iPhone, and a further 23 respondents were not eligible because they owned a
different type of phone.

All emails with the download link for the app were distributed on October 27. Figure
8 shows how many participants filled out their first trip-related mobile travel experience
survey on a given day. Approximately three groups (peaks) can be distinguished: The
leftmost are participants who downloaded the app and began using it immediately. The
second group began responding around day 5 (Friday) and the third group around days
8-10. This is when the majority of transit passes arrived at their destinations and several
additional emails to participants were sent, so this wave likely represents the effectiveness
of receiving a physical incentive in motivating participation.

Figures 9 and 10 show distributions of the numbers of completed mobile travel ex-
perience surveys plotted against several characteristics of the respondents. In the left
plot, it can be seen that the earlier a participant started participating, the more mobile
travel experience surveys that person was likely to fill out. In the right plot, it can be
seen that participants who used Muni frequently before the study (on at least two days
per week) submitted, on average, more completed mobile travel experience surveys than
participants who used Muni infrequently before the study (less than two days per week).
The middle plot shows that the median number of mobile travel experience surveys com-
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Figure 9: Number of completed mobile travel experience surveys vs. the date on which
the first mobile travel experience survey was filled out. The minimum required

contribution was 5.

pleted by the group that indicated they had taken part in the study primarily for the
free Muni pass was approximately the same as the median for groups that had joined for
other reasons (excluding wanting to try Muni). The group that said they had wanted to
try Muni, which included only 39 participants, had a lower median number of completed
mobile travel experience surveys.

Figure 11 shows average response times between the time when participants received
the notification and the time they started filling out the mobile travel experience surveys.
Participants could take the mobile travel experience surveys at any time they wanted
by opening the app and manually starting the survey. The notification only served as
a reminder. A large number of participants responded to at least one survey before the
alert time, which strongly affected the averages. Therefore, two lines are shown: One
excluding responses before the alert time and one including them. The former shows that
approximately 50% of users had an average response time to the alert of an hour or less,
and approximately 85% responded within two hours.

In figure 12, one can see an inverted cumulative density function of the number of days
for which location tracking data were collected. 100% corresponds to 838 participants.
83% of all participants collected 10 days or more of tracking data, 77% 20 days or more
and 63% 30 days or more. All 41 days of the study were only covered by about 38% of
participants.

A binary logit model was estimated to determine the factors influencing whether or
not a participant would carry out all study-related activities, i.e. fill out the entry and
exit surveys and at least five travel-related mobile travel experience surveys. The results
are in table 8. With the exception of income, all variables were binary. Income was
coded as the mean of the participant’s income bracket in $10,000 and scaled by a factor
of 100 for numerical reasons. Positive coefficients mean it is more likely for the person
to complete all study activities. The single largest influence was whether or not the
participant was in cohort 1 or 2. The other highly significant predictors are whether
the person used a car regularly (defined as 2 days per week or more) in San Francisco
before the study, whether the person shared a car with other household members and the
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Figure 10: Number of completed mobile travel experience surveys vs. stated
motivation for participating and degree of prior Muni use.

Figure 11: Response times after timed survey prompts, including (left) and excluding
(right) responses recorded before the prompt.
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Figure 12: Number of days with location tracking data. Example: 77% of participants
collected 20 days or less of tracking data.

household income. Whether the person used Muni regularly in San Francisco before the
study is also relatively significant. The gender of the participant has a moderate positive
effect, as does the variable indicating whether the person commutes into or out of the
city for work or school.

4.3 Respondent burden

This section discusses the ex-ante assessment of respondent burden and measured re-
sponse times during the study. Pre-tests of the survey instruments were conducted infor-
mally with university affiliates and SFMTA personnel, as time constraints did not permit
a larger-scale pilot study with members of the general public. The ex-ante respondent
burden was assessed using the points-based system proposed by Axhausen, Schmid, and
Weis (2015). The results are shown in shown in table 9. For the entry and exit survey,
a range was estimated to account for optional questions; this is shown as “Points (min.)”
and “Points (max.)” in the table, and the estimated times for those two surveys are
indicated as a range.

The recorded response times during the study proved that the estimated respondent
burden was quite accurate. The mean, median (50th percentile) and 95th percentile times
are shown in table 10. Furthermore, the table shows the mean respondent burden per
point as per the point-based system proposed by Axhausen, Schmid, and Weis (2015).
Figures 13 and 14 show a set of cumulative density functions of the times to complete
the various surveys. The mean combined total burden for the online surveys was 45 min.
Respondent burden for the mobile travel experience surveys is slightly more difficult to
measure as the number of responses per participant varied. Figure 14 shows the time
taken to respond to the mobile surveys as a function of how many surveys an individual
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Coefficient Std. Error p(> |z|)
Intercept 0.89 0.29 0.00
Female 0.21 0.17 0.23
Share a car 0.47 0.22 0.03
Income 0.50 0.25 0.05
Unknown income 0.45 0.30 0.14
Frequent car user -0.64 0.19 0.00
Frequent Muni user 0.33 0.21 0.13
Cohort 2 -1.80 0.19 0.00
Commuter -0.22 0.20 0.28

Table 8: Binary logit model of study participation. Positive coefficients mean a
participant was more likely to complete all study-related activities. N=837, ρ̄ = 0.26

Points (min) Points (max) Reminder Estimated time
Sign-up survey 86 86 No 10 min
Entry survey 213 262 Yes 16-18 min
Exit survey 271 318 Yes 20-22 min
Mobile travel experience survey 30 30 Yes 1 min

Table 9: Ex-ante respondent burden assessment using the point-based system proposed
by Axhausen, Schmid, and Weis (2015).

Median 95th percentile Mean Mean
(overall) (per point)

Signup 8 min. 19 min. 10 min. 7 sec.
Entry 14 min. 32 min. 16 min. 4 sec.
Exit 17 min. 34 min. 19 min. 4 sec.
Daily Mobile 1 min. 3 min. 1 min. 2 sec.

Table 10: Measured respondent burden during the study.
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Figure 13: Time to complete online surveys.

had filled out. A slight learning curve is apparent; the cumulative density function for
the first through the fifth survey is a little flatter than for the remainder. After about
five surveys, the time to fill out the surveys seems to converge to between 1 and 1:30
minutes for the majority of participants. The minimal contribution was 5 mobile travel
experience surveys, which would amount to a mean total burden of 5-10 min. In addition,
participants were expected to spend an estimated 15 min. across the entire study to read
instructions delivered by email and to download and install the app.

4.4 Insights from feedback

The 686 participants who took the exit survey were asked for feedback about the study
organization. 48% stated that they had joined the study for the free Muni pass, whereas
23% wanted to help improve Muni and 15% said they were motivated because they were
given the chance to provide feedback that would be heard. During the design phase of
the study, it was feared that the incentive might have the effect of skewing the sample
toward lower-income groups. However, following the discussion in section 4.1, this effect
does not appear to have been very large.

Only 10% of participants said the mobile travel experience surveys were too long,
whereas 25% felt they were too short. The remainder thought they were just right. 36%
would have preferred to fill out surveys more frequently than once per day (e.g. one
per trip), 51% preferred the once-per-day format, and 13% expressed no opinion on the
survey frequency. 75% of respondents found the mobile travel experience survey prompts
“very useful” or “somewhat useful”, while 11% found them annoying. 10% did not find
them useful or ignored them and 4% experienced technical difficulties with them. On
the technical side, 23% of respondents said the battery life of their phone had noticeably
decreased.
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Figure 14: Time to complete daily mobile surveys.

5 Conclusions

This paper presented the background, design and administration of the SFTQS. This
substantial, smartphone-based transportation study combined the continuous collection
of location and mode use data with time-prompted surveys and AVL data to create a
data set that covers multiple aspects of urban transit use and traveler behavior. The
focus was on the dynamics of satisfaction and travel-related emotions, which are two
areas that have not received much empirical attention in transportation despite their
importance being recognized in the literature. One reason for the lack of research on
these subjects so far has been the unavailability of a suitable data set, which the SFTQS
sought to remedy. Beyond that, this study also provided insights into various aspects of
user response behavior in a smartphone-based transportation survey. It was found that
more frequent and possibly longer surveys throughout the day or a division into pre-trip
and post-trip surveys in future studies would largely be accepted by participants. Given
that the incentive offered to participants was a free transit pass, the vast majority of
people recruited into the study were regular transit riders. If a non-transit user sample
is desired, a different incentive structure would be required. A slight bias was introduced
into the sample due to the limitation that users had to have an Android smartphone
with a data plan. However, a comparison between the demographics reported by the
SFMTA and the study group shows that the bias is relatively small. To obtain a less
biased sample, apps for other operating systems would need to be added, as well as an
option for users without smartphones or data plans.

A concern related to the study design which was raised after the end of the study
was related to the fact that the participants were allowed to freely choose the days on
which they filled out the mobile travel experience surveys. This might have biased the
responses in at least two ways: Some participants might have only responded on days
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on which they had more time or were less busy than usual, and other participants might
have been more likely to respond on days when they had had a bad experience riding
transit. As of the writing of this paper, it was not yet clear whether these biases exist
and are detectable in the data set, and what the consequences of these potential biases
would be for the results.

The fact that all surveys were online and on the app and all instructions were issued
via email brought its own set of challenges. In fact, the most important limitation to
scalability was found not to be the technical infrastructure, but rather the researchers’
capacity for “customer support”. While it is unknown how many emails from partici-
pants were received by the researchers in total, the number significantly exceeded prior
expectations. There were participants who experienced problems related to the app, but
many also wrote to clarify instructions and to receive technical support with installing
the app on their phones. The latter is not related to the functioning of the app itself but
rather to the operating system of the phone and the app store. It is estimated that in
the days following a general email to all participants with new instructions, the typical
number of emails received by the researchers was between 50 and 150, depending on the
complexity of tasks the participants were asked to carry out. The researchers actively
monitored the number of mobile travel experience surveys completed by the participants
and sent individual emails to participants who were slow to complete the required five
surveys. On the other hand, incoming location data from the phones was not monitored,
which might explain the drop-off seen in figure 12.

Notwithstanding the shortcomings of the sampling and collection method which are
discussed in this paper, the SFTQS succeeded in collecting a rich panel data set. It is
the intention of the authors that it will support a variety of different research projects,
answering not only questions within the scope of the original study design, but also novel
questions that lie outside of the original scope.

6 Data availability

The authors would like to invite researchers interested in collaborating in the analysis
of the data set to contact them. Data will be made available individually following an
agreement on the research objective and subject to adherence to the terms set forth by
the Institutional Review Board.
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tiago Panel: measuring the effects of implementing Transantiago”. In: Transportation
37.1, pp. 125–149.

40


