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We describe the design and evaluation of a system named Quantibed Traveler (QT). QT is a computational travel feedback
system. Travel feedback is an established programmatic method whereby travelers record travel in diaries, and meet with a
counselor who guides the user to alternate mode or trip decisions that are more sustainable or otherwise benepbcial to society,
while still meeting the subject®s mobility needs. QT is a computation surrogate for the counselor. Since counselor costs can
limit the size of travel feedback programs, a system such as QT at the low costs of cloud computing could dramatically
increase scale, and thereby sustainable travel. QT uses an application (app) on the phone to collect travel data, a server in
the cloud to process it into travel diaries, and then a personalized carbon, exercise, time, and cost footprint. The subject is
able to see all of this information on the Web. We evaluate the system with 135 subjects to learn whether subjects will let
us use their personal phones and data plans to build travel diaries, whether they actually use the website to look at their
travel information, whether the design creates pro-environmental shifts in psychological variables measured by entry and
exit surveys, and Pnally whether the revealed travel behavior records reduced driving. Before-and-after statistical analysis
and the results from a structural equation model suggest that the results are a qualibed success.

Keywords Behavior Change; Smartphone Location Tracking; Sustainability; Travel Feedback

INTRODUCTION tional system in the mobile cloud. Subjects stream location and
movement data into the cloud via personal smartphones. Data
This article describes the development, application, and anahalytics on our server transform the raw data into trip diaries
ysis of a system, in the mobile cloud, named QuantiPed Trave(ists of trips with timing, activity locations, route, and mode)
(QT). QT is acomputational travel feedback systéfravel feed- and personalized travel footprints, meaning the time, money,
back is an established programmatic method to change traveialories, and C@spent traveling. The end product of the an-
mode choice or trip choice. In a typical travel feedback progralytics is piped into a set of visualization tools executed on a
a traveler meets with a counselor who helps her to alternatiebpage. The subject uses her browser to view the data in var-
mode or trip choices that ease loads on the transportation gpsis ways, including making social comparisons. Travel feed-
tem while satisfying her mobility needs. This research explorbgack programs have a record of success (see second section).
whether the successes of travel feedback programs can be rddie counselor is an important component of program costs. If
cated without the travel counselor. Our surrogate is a compugacomputational surrogate were to persuade like a counselor,
travel feedback programs would become deployable at big data
Address correspondence to Raja Sengupta or Joan L. Walker, Departn®&@/€S. This is the motivation for this research.
of Civil and Environmental Engineering, University of California, Berke-The research contributions are:

ley, Berkeley, CA 94720, USA. E-mail: rajasengupta@berkeley.edu, joan-

walker@berkeley.edu. ) )
Color versions of one or more of the bgures in the article can be found onlike HOW t0 build a computational travel feedback system,

at www.tandfonline.com/gits. including visualization tools, footprint calculators, the
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signal processing and machine learning algorithms requirbdhavior change. The sixth section concludes with a summary

to transform the global positioning system (GPS), WiFi, aof the main bPndings and a discussion of the limitations and

celerometer, and cell tower data into travel diaries (see thiedtensions of the study.

section).
2. A 3-week, 135-subject evaluation producing 21-day auto-

mated travel diaries, an entry and exit survey measuring psy-

chological variables, and a statistical analysis of the diarié$lE LITERATURE

recording signibpcant proenvironmental shifts in psychologi-

cal variables and a signibcant reduction in driving (see fourth QT aims to collect information about travel and feed it back

section). to the traveler to change mode or trip choice behavior. We bnd
3. A structural equation model validating consistency of thtaree relevant bodies of literature. First, travel feedback pro-

behavior change with the causal relationships posited by thems have the same aim as QT; they provide a measure of how

Theory of Planned Behavior and quantifying the impact eghuch change might be possible, and a range of design ideas.

the feedback (see bfth section). Second, there are now computational feedback systems built to

encourage healthy or proenvironmental behaviors. Some have

Travelers make trip choices, mode choices, route choicetver techniques reaching the mind of the subject. Finally, all
and departure-time choices. Information services are knowndbthis social engineering rests on deeper theory in psychology,
have an impact on route and departure time choice (see, eagd here we review the theory underpinning QT.
Vautin & Walker, 2011). However, these services, such as mapsTravel feedback programs aim to inBuence mode or trip
or real-time trafpc information, have no comparable impact @moice behavior with information and psychological factors.
mode or trip choice. These choices seem to be rooted in lifestyleere are various styles of travel feedback programs, but com-
or activity choices (Vij, Carrel, & Walker, 2013), making themmon to all programs are that the subjects receive feed-forward
psychologically more complex, (Bambergal., 2007) and persanformation (i.e., directions for using alternative modes) as well
alized travel planning (Cairns et al., 2004) are the singular couas feedback information (e.g., environmental impact such as the
terpoints. In many cases, they successfully change mode or &ipount of CQ emitted, the amount of exercise while traveling,
choice by information alone, albeit through person-to-persam the public health benebts) and Pll out travel diaries. Re-
dialog, instead of a Google Maps style automated informati@earchers in Japan have conducted many such programs (Fujii
system. QT is a new kind of information system targeting th& Taniguchi, 2005). Travelers recorded travel in diaries using
mode and trip decision. It applies signal processing and machpegper and pen. They were often given feedback during face-to-
learning to big data in order to replicate some of the behaviface contact with a Otravel coach.O The results show measurable
change psychology used by counselors, specibcally the Theshjfts away from automobile use and toward more sustainable
of Planned Behavior (Ajzen, 1991), in an information systemmodes of transportation. Taniguchi et al. (2007) have docu-

Without counselor or direct subject-to-subject interactiomented 31 such studies in Japan with posttreatment reductions
QT attempts to reproduce the posttreatment mileage reductiamshe miles driven ranging between 6 and 27% in 23 of the
in driving observed in these studies. A researcher sends arsterdies. The largest of these involved 1500 subjects. Individu-
mail with instructions to recruited subjects, and thereafter tladized marketing has also succeeded in changing travel behav-
system is completely automated. Thus, it enjoys lower costs towards more pro-environmental modes of transportation.
and potential economies of scale in comparison to the clasRiese and Ampt (2001) document two studies in Sydney with 47
cal travel feedback studies. Quantibed TravelerOs disadvantpgeple and another in Adelaide with 96 households. The post-
of course, is the absence of human interaction, leading to tiheatment driving mileage reductions are similar. Cairns et al.
scientibc challenge or research objective. We know people d@004) report 5% reductions in posttreatment driving mileage
persuade people to change behavior. Can computational systdmesto personalized travel planning treatments tried in the United
persuade people? This article suggests the answer is a qualikRiegjdom. Thus, we conclude that people can persuade people.
yes and therefore worthy of further work on both design arithe computational travel feedback research objective is to learn
evaluation. whether computational systems can persuade people. QT could

The remainder of this article is organized as follows. Thalso be used by a travel feedback counselor to replace just the
second section reviews main lessons from prior behavipen and paper diary.
change work, including examples of behavior change trials in Travel feedback programs use counselors but computa-
transportation, the use of technology driven applications, atidnal systems have been built for other kinds of behavior
behavior change models, and places the current study andchange. The increasing abundance of low-cost sensing de-
contributions in context. The third section presents the desigites (including smartphones), coupled with the use of so-
of the Quantibped Traveler system including the overall arctgial networks, mobile devices, and web-based applications
tecture and the website interface for providing feedback. Ther many different aspects of daily life (e.g., banking), has
fourth section presents a descriptive analysis of the experimdaty to an abundance of detailed data becoming available
and the bfth section presents the structural equation modekmfend users. This has given rise to many companies that
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have incorporated self-tracking and behavior change into théaund evidence that awareness of environmental problems
products: Zeo tracks sleep patterns (www.myzeo.com/sleegdsociated with car use affects attitudes, perceived behavioral
Fitbit, btness levels (www.btbit.com), RunKeeper, jogs arabntrol, and subjective norms (related to expectations of others)
runs (www.runkeeper.com), CureTogether, reactions to vaelated to proenvironmental transportation behavior. Nordlund
ious medication (www.curetogether.com), Mint, personal Rnd Garvill (2002) found that problem awareness related to the
nance (www.mint.com), and RescueTime, time usage aadvironmental consequences of car use infduence personal norm
productivity (www.rescuetime.com). Like QT, all of thesdas moral obligation) toward reducing car use. Our data strongly
record behavior and feed it back to the user. This industry, wigixhibit the correlation between awareness and behavior change.
products enabling people to collect data on their activity aitfe do Pnd a weakly signibpcant correlation between awareness
adapt their behavior more intelligently than they would withand attitude. We do not bnd the correlations observed by Bam-
out these augmentations, calls itself the QuantiPed Self (dwg, or Nordlund and Garvill.
http://quantibedself.com/). While various studies have modeled travel behavior based on
Two very active belds in which humanbcomputer interattie TPB or a variant of it (e.g., including only attitude or other
tion (HCI) researchers have developed self-tracking appligasychological constructs) using path analysis or discrete choice
tions using smartphones and demonstrated their effectivenesmaslels (e.g., Chen & Lai, 2011; Choo & Mokhtarian, 2004; Cor-
a behavior change technique are health/pPtness (Consolvo etdamlbha Maquilon, Gonzalez-Calderon, & Posasda Henao, 2011,
2008; Fan, Chen, Douma, & Liao, 2012; Klasnja, Consolv®rochaska & DiClemente, 1986; Scagnolari & Maggi, 2010;
McDonald, Landay, & Pratt, 2009; Lin, Mamykina, Lindtner,Theis, Adler, Clarke, & Ben-Akiva, 2006), most of these stud-
Delajoux, & Strub, 2006; Obermair, Reitberger, Meschtschdes have relied either on stated preferences surveys or on re-
jakov, Lankes, & Tscheligi, 2008) and energy conservatioméaled behavior measured at one point in time, and feedback
eco-feedback technology (Froehlich et al., 2009; Holstius, Ketmmechanisms and social comparison processes are not generally
bel, Hurst, Wan. & Forlizzi, 2004; Kappel & Grechenig, 2009represented in these models. Beyond the contributions related
Mankoff, Matthews, Fussell, & Johnson, 2007). Health and Bb the overall QT system and experiment, a modeling contri-
ness researchers have embedded goal setting and feedback ibatmn of this work is to model behavior change in a revealed
plications (apps) and websites that help people maintain healthgvel experimental context, by using an app on a smartphone
lifestyles. One of the most notable applications was Ubibt (Coto log travel continuously for 3 weeks, and using the logs for a
solvo, Klasnja, McDonald, and Landay, 2009), which automatedback treatment mechanism.
ically detected the physical activity levels of a subject wearing
a custom device and also provided feedback to subjects. One
of the notable features of Ubibt was the simplicity of the feed-
back: The personOs cell-phone background changed depenblitig QUANTIFIED TRAVELER SYSTEM
on the amount of physical activity, such that a subject could un-
derstand the data at a glance. A notable application in the areaQT has the architecture shown in Figure 1. Each subject is
of eco-feedback technology, and one developed to inBueneguired to carry a smartphone with a QT app installed. Global
transportation behaviors, is Ubigreen (Froehlich et al., 200@ositioning system (GPS), accelerometer, WiFi, and cell-tower
It involves the display of visual icons on a smartphone thadgta from the smartphone Bow into a server in the cloud. There,
reRect the effect of oneOs travel behavior on the environmenachine learning and signal processing algorithms in the cloud
It was found that the visual feedback increased awareness anacess the data into travel diaries. Each subject has an account
consideration of the effects of travel on the environment. Tl the server and can pull up a daily diary like the one in Fig-
study also showed some potential for behavior change to suse 5 (shown later), by clicking a date using the calendar panel
tainable modes of transportation. We take a step forward by the left. The page shows all trips for the day. A trip is an
providing more quantitative feedback such as carbon footprimtigin address, destination address, start time, end time, route,
numbers, enabling social comparisons on these numbers, disiance, and mode. Mode options include car, walk, bike, bus,
directly measuring the real travel in our evaluation. light rail, and heavy rail. The subject can correct mode and the
The QT design is based on the Theory of Planned Behaystem learns from the correction and the data. Third-party ser-
ior (TPB) (Fishbein & Ajzen, 1975; referenced in the contextices in the back end include Google Maps for route and travel
of sustainable behavior change in Stern, 2000). The TPB pdtisae matching, and General Transit Feed Specibcation (GTFS)
tulates that intention is the immediate antecedent of behavifur bus and rail route matching. Jariyasunant (2012) and Jariya-
and is inBuenced by attitude, subjective norm, and perceiveanant, Sengupta, and Walker (2012) discuss this diary com-
behavioral control. Later models based on the TPB expandashent of QT, contributing to the literature on smartphone-
the inRuences on oneOs behavior to habits, environmental et GPS logger-based travel diary systems. Here, we
straints, knowledge and skills to perform behaviors, and morfalcus our description on the human or behavioral components
obligations (Bamberg, Hunecke, & @&baum, 2007; Carver & of QT.
Scheier, 2001; Gollwitzer, 1993). QT focused particularly on The raw trip information is augmented in a number of ways in
changing awareness to change behavior. Bamberg et al. (20&der to provide meaningful feedback to the subjects. For each
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Figure 1 System architecture diagram.

trip, the addresses of the trip origins and destinations, distaraoel average costs. The factors and references used for these
traveled, and time spent traveling are generated. Furthermaralculations are shown in Table 1.

based on the mode of the trip, the amount oL,@@itted during This information is provided to each subject on a website,

a trip, the calories expended during a trip, and the approximatlich provides a number of ways of viewing the travel data.
costs of a trip are calculated by multiplying the distance trad-he QT user feedback design targets awareness as a brst step to
eled with mode-specibc factors for emissions, calories burnéghavior change. The design also embodies social comparisons,

Figure 2 The summary page: Regents of the University of California. Reproduced by permission of Regents of the University of California. Permission to
reuse must be obtained from the rightsholder.

intelligent transportation systems vol. 19 no. 2 2015
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Figure 3 The breakdowns page. Regents of the University of California. Reproduced by permission of Regents of the University of California. Permission to
reuse must be obtained from the rightsholder.

which are theorized to cause changes in attitude, leading in tuies burned, cost§j, and travel time (minutes). The spider plot

to behavior change. Specibcally, the website consists of fakows the statistic for the subject in relation to average statistics
pages, as shown in Figures 2D5. The subject brst sees the Osam-groups she can compare herself to: the average American,
maryO page in Figure 2, which presents an overview of her agghes average resident of the San Francisco Bay Area, and the aver-
gate travel data and a brief explanation. The main statistics on tigge of other subjects in the study. In this page, our goals are to de-
summary page are the average daily emissions (kg) @@lo- liver an aggregate summary of oneQs travel such that the subject

Figure 4 The timelines pagec Regents of the University of California. Reproduced by permission of Regents of the University of California. Permission to
reuse must be obtained from the rightsholder.
intelligent transportation systems vol. 19 no. 2 2015
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Figure 5 The trips page (addresses are blanked out in this bgar&egents of the University of California. Reproduced by permission of Regents of the
University of California. Permission to reuse must be obtained from the rightsholder.

can quickly glance at the page and understand her travel behasgiabjects. The subjects were recruited from the subject pool of
within the context of a social reference point and also undehe University of California (UC) Berkeley XLab (the OExper-
stand that her travel expends the four resources (time, morieyental Social Science LaboratoryO), which is run by the Haas
emissions, calories). From there, she can access three pa§ebool of Business. The XLab maintains a computer laboratory
The OBreakdownO (Figure 3) and OTimelinesO (Figure 4) payesonducting human-subject experiments and a subject pool
provide further details on the statistics presented in the summafymore than 2,500 members, all of whom are UC Berkeley
page. The OBreakdownsO page focuses on describing the sudiffeliites and most of whom are undergraduate students. XLab
by her average mode split, while the OTimelinesO page sheta$f handles the recruiting and requires that subjects receive a
how the subjectOs daily average travel statistics vary day by geayticipation fee. We paifi15 for 1 hour of subject time, which
The trips page, termed OTripographyO (Figure 5), allows the sub-estimated as the time required to install the QT app, bll out
jectto peruse the trips logged by the system as described earlibe entry/exit surveys, and view the QT website. Our evaluation
goals of were to understand:

EVALUATION € Whether low-battery-consumption, long-term data collection
can be used to collect travel diaries.
To evaluate the effectiveness of the system, we designed &nd/hether the provision of personalized traveler feedback and
conducted an experiment in the San Francisco Bay area with 138 direct engagement of subjects via a website can change

intelligent transportation systems vol. 19 no. 2 2015
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Table 1 Methodology for calculating trip footprint.

Mode CcO Calories Costs

Walking 0 Calories burned lookup table; adjusts calories 0
burned by speed (Wisconsin Dept of
Health Services, 2005), assuming 155-1b

person.

Biking 0 Same as above. 0

Driving CO;, calculator for driving (Chester, 2008). 0 58.6 cents/mile (American Automobile
Association, 2011).

Train Averaged to 39g/mile (Chester, 2008). 0 Appropriate costs for taking BART or
Caltrain as specibed by the
respective transit agencies.

Bus Averaged to 25g/mile (Chester, 2008). 0 Same as above.

subjectsO awareness of the impacts of their transportatiahthe postexperiment survey, which contained the same ques-
choices, their attitudes toward sustainable modes of trati®ns as the preexperiment version, but with additional questions
portation, and their travel behavior. asking them for feedback on the website.

We evaluate the effectiveness of the computational feedback )
program by measures of usability and usefulness (whether pgbvey Design
ple kept the app running, whether they visited the website, andthe survey was designed to measure factors that contribute
responses to survey questions on usefulness), behavior changg &lshavior change. The questions are formulated based on
the aggregate level (of both travel captured by app and psycl9s Theory of Planned Behavior and on travel surveys used
logical responses from the surveys), and a structural equat'lgpthe transportation community (Kunert, Kloas, & Kuhfeld,
model of behavior change qtthe disaggregateIeveltoinvestigg@ﬁ)z; Montano & Kasprzyk, 2008; Schwanen & Mokhtarian,
the causal factors of behavior change. . 2007; Stopher, Wilmot, Stecher, & Alsnih, 2003). Statements
In this section we report on the details of the experiment ajghre presented to subjects, including questions on awareness,
all results with the exception of the structural equation mod@e”_efpcacy and goal setting, norms, attitudes, perceived behav-

which is presented in the next section. ioral control, and intention (see Table 2). Respondents answered
o . on 7-point Likert scales between disagreement and agreement.
Description of the Experiment The awareness questions were related to the subjects® level of

knowledge of the impacts of their own travel behavior, such as
The 3-week experiment ran from March 18 to April 7, 2012he amount of C@emitted by their daily transportation habits,

We utilized the infrastructure described in the preceding sege number of calories burned while traveling, the amount of
tion for collecting travel data via the subjectsO smartphones ghtk spent traveling, and the amount of money spent on trans-
combined this with a pre- and postexperiment survey. The pregygrtation. In the questions regarding norms, respondents were
periment survey contained questions about subjectsO awareggigsd how they perceived the behavior and attitudes of their
of the impacts of their transportation choices, their attitudes tgends and family with respect to sustainable transportation.
ward sustainable modes of transportation, and other psychologiire questions on attitudes involved statements about the role
cal variables. This was followed by a 3-week period in which thgnd benebts of sustainable transportation and the value of reduc-
subjects were tracked. During the Prst week, subjects receiygg CO, emissions caused by transportation. Perceived control
no feedback information until the seventh day, when they wesgd self-efbcacy were measured through subjectsO willingness
sent a link to a website on which they could view their trigind perceived ability to set goals to change travel behavior, as
history and a set of personalized statistics related to their tray@l|| as their willingness to use sustainable transportation modes
patterns (explained in the preceding section). Following thigs a means of burning calories. In addition, we asked a set of
the students went on a spring break; however, the trips recorg@@ntion questions regarding their intended mode use both in

during spring break (including the weekend leading into springhsolute terms and relative to current use.
break and the weekend at the end of spring break) were not used

in the personal travel feedback system, to avoid atypical tra@éta Preprocessing

patterns during spring break. We also took this into account in

our data cleaning process and removed observations that apA total of 135 people participated in the experiment; 118
peared to either leave early (Friday or earlier) for or return laemswered both the presurvey and postsurvey. The data set was
(Monday or later) from spring break. After the break, subjectarther cleaned beyond these 118 by removing observations
received another e-mail reminder to log into the site and viewmhere (a) trips reported in the pretreatment or posttreatment
their data. At the end of the 3 weeks, subjects were asked towdeks were not associated with a transportation mode (i.e., not

intelligent transportation systems vol. 19 no. 2 2015
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Table 2 Psychological and intention survey questions and summary of responses (78 observations).

Average
Likert
response Comparison L
Change visa-vis
Category Q# Question Pre Post Difference Value sustainability
Awareness 1 | know how much G@emit from transportation. B7 400 133 .00 +
2 I know how much CQ@the average person in the UC Berkeley communi®13 391 178 .00 +
emits from transportation.
3 I know how many calories | burn while commuting/traveling. 9@ 400 110 .00 +
4 | know how much money | spend on commuting/traveling per year. 404 431 $0.09 .67
5 I know how much time | spend commuting/traveling per year. .873 413 026 .24
Norms 6 My friends and family believe that it is positive to do oneOs daily travel 527 482 $0.45 .02 S
Bike
7 My friends and family believe that it is positive to do oneOs daily travel 354 332 $0.22 .28
Driving
8 My friends and family believe that it is positive to do oneOs daily travel 515 517 001 .94
Carpooling
9 My friends and family believe that it is positive to do oneOs daily travel 1528 514 $0.14 41
Public Transit
10 My friends and family believe that it is positive to do oneOs daily travel By85 555 $0.29 A1
Walk
11 My friends and family think | should do my daily travel by: Driving 12 399 $0.13 44
12 My friends and family think | should do my daily travel by: Carpooling .78 395 018 .32
13 My friends and family think | should do my daily travel by: Public transit .15 495 $0.17 .29
14 My friends and family think | should do my daily travel by: Bike 44 418 $50.26 .16
15 My friends and family think | should do my daily travel by: Walk .32 554 022 .22
Attitudes 16 Regardless of cost, | choose the fastest way to travel .29 4396 $0.33 .06 +
17 1 dondt see why it is necessary to engage in sustainable behaviorin  5.69 546 $0.23 .07 +
transportation.
18 We should raise the price of gasoline to reduce congestion and air ~ 3.46 377 031 .06 +
pollution.
19 | feel guilty if | donOt take sustainable modes of transportation. .03 3332 029 .06 +
20 Using sustainable modes of transportation is benebcial to my health. .18 544 026 .02 +
21 |value the health benebpts of using sustainable modes of transportation.15 538 023 .10 +
22 Greenhouse gases cause environmental problems such as global warmizg. 664 50.19 .01 ]
23 Everybody together should reduce the amount of fuel burned by their 5.71 550 S0.21 .09 S
transportation behavior.
24 \ehicles that burn fossil fuels emit greenhouse gases. .08 6590 $0.18 11
25 | like driving. 317 332 015 .35
26 |like carpooling. H6 464 008 .59
27 1like taking transit. M7 468 021 22
28 llike riding a bike. P2 428 006 .64
29 |like walking. 545 562 017 .20
30 Itis important for me to take non-auto modes of transportation. .74 3385 010 .54
31 If l used more sustainable methods of transportation, the effects would489 456 $0.03 .89
so small that it would not matter
32 Toimprove air quality, | am willing to pay a little more to use an electric4.71  4.83 013 .36
or other clean-fuel vehicles.
33 Biking/taking transit/carpooling makes me feel good about myself. .53 4 469 017 .36
34 1value the benebts to society when | take sustainable modes of 477 499 022 17
transportation.
35 1 wouldnOt change my transportation behavior if it were only forthe  4.08 409 001 .95
benept of the environment.
36 | am not particularly interested in the calories | burn while traveling. 294 435 005 .80
37 Itis important to me to exercise regularly. .63 546 5017 .15
Goal setting & 38 | can get exercise when traveling. .13 555 038 .03 +
self-efbcacy
39 | would consider setting a goal to reduce my carbon footprint. .554 450 $0.05 .69
40 If it would save time, | would change my mode of travel. 6% 554 $0.09 A7
41 | would change my transportation behavior if | knew whether it really 5.01 510 009 .60

benebts my health.

intelligent transportation systems vol. 19 no. 2 2015
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Table 2 Psychological and intention survey questions and summary of responses (78 obser@amns)ued)

Average
Likert
response Comparison L
Change visa-vis
Category Q#  Question Pre Post  Differencep Value sustainability
Perceived 42  There are many constraints and limitations that keep me from changing2.92 264 $50.28 .07 +
behavioral my transportation behavior.
control 43  For me, it would be easy to do my daily travel by: Driving 09 421 012 .56
44 For me, it would be easy to do my daily travel by: Carpooling .383 338 000 100
45  For me, it would be easy to do my daily travel by: Public Transit 155 483 $0.32 A2
46  For me, it would be easy to do my daily travel by: Bike 24 405 $0.22 .30
47  For me, it would be easy to do my daily travel by: Walk 5% 538 $0.17 .36
Intention 48  Over the next few months, how often do you intend to: Drive .654 435 $0.31 .10 +
49  Over the next few months, how often do you intend to use: Bike 991 224 026 .04 +
50  Over the next few months, and compared to what you do now, how ofted.28 468 040 .02 +
do you intend to use: Walk
51  Over the next few months, how often do you intend to use: Carpooling .15 3 306 $0.09 .59
52  Over the next few months, how often do you intend to use: Public Transit44 5 523 S0.21 .18
53  Over the next few months, how often do you intend to use: Walk 726 656 $0.15 .32
54  Over the next few months, and compared to what you do now, how ofte8.83 381 $0.03 .88
do you intend to use: Driving
55  Over the next few months, and compared to what you do now, how ofte8.87 368 $0.19 .28
do you intend to use: Carpooling
56  Over the next few months, and compared to what you do now, how ofteA.24  4.06 30.18 24
do you intend to use: Public Transit
57  Over the next few months, and compared to what you do now, how ofte8.88 368 S0.21 .20
do you intend to use: Bike
58 | am certain that | am going to change my transportation behavior for th8.99  4.00 001 .93

benept of the environment.

Note.Signibcant change at 95% conbdence ¢r 90% conbdence). Signibcant change that is in the desired directiopdr in the wrong direction (b) via-vis
sustainability.

inferred by the computational system and not entered by tteking the bus, taking the train, and driving) were logged, cov-
subject), (b) large unrealistic differences in the average dadying 20,160 km of travel or an average of 258 kilometers per
distance traveled in the pretreatment versus posttreatment wesaksject.

were found (on the order of 50 km/day or more), (c) a very small

number of trips (less than 5) was logged in the pretreatment.or _, ..
posttreatment weeks, (d) subjects left early for or returned Iaqg ability and Usefulness of the System
from spring break, or (e) the travel time or cost per day was

inconsistent with the recorded distance. The cleaned data se
consists of 78 observations, which are used for the data anaI)'/
regarding behavior change.

We collected a number of data points regarding the usabil-
[ and usefulness of the system. While some of the subjects
|5 not bll out the requested presurvey and/or postsurvey, travel
data were collected for a duration of 3 weeks for all 135 sub-
jects. No subject stopped or uninstalled the application due to
battery drainage or other inconvenience. In this sense, the eval-
Demographics and Basic Summary Statistics uation showed QT able to collect long-term data from sub-
jects. We expended considerable effort in optimizing the energy
Of the 135 total subjects, 82% were students and 18% stafinsumptionbdata accuracy trade-off to achieve this objective,
and 27% were male and 73% female. All subjects owned smdrecause users stop using the average application quickly. Ac-
phones; 61% were iPhones and 39% Android phones. One hoording to Pinch Media, long-term users are generally only 1%
dred and eighteen subjects completed both the pre- and poststitotal downloads (Schonfeld, 2009). The accuracy of QTOs
veys. Of these 118, 94% were between 17 and 29 years old, 3@#tg-term travel diaries is described in Jariyasunant (2012) and
drove at least once per week, 14% biked at least once per wekdjyasunant et al. (2012).
87% used transit at least once per week, and 91% had a transiThe subjects used and interacted with the website, logging
pass (note that the students can receive a free bus pass). Aften average 4.1 times during the Pnal week of the experiment
data cleaning and the removal of outliers (as described earli¢g)view their travel data. As described in the preceding section,
we had 78 complete and clean responses. For these 78 subjstisly subjects were able to correct the mode for any trip if
in total 4,143 trips using bve different modes (walking, bikinghe system incorrectly inferred it; overall, 13.5% of trips were
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corrected by the subjects and this rate stayed approximatalierage responses leaned toward the lower end of the scale (av-
constant across the brst and the bnal week, suggesting that tbesige less than 3.5) or leaned toward the upper end of the scale
was not a signibcant lapse of engagement. (average greater than 4.5). The subjects, on average, had mixed
The postexperiment survey contained an additional set reSponses to attitudinal questions regarding the environment. On
questions regarding the subjectsO evaluation of the website. fleeone hand, they responded positively to questions related to
questions asked (all on a 7-point Likert scale witlstlongly their personal travel, such as setting a goal to reduce their carbon
disagreeand 7strongly agreg and a summary of the responsesootprint (Q39), being willing to pay more for clean vehicles to
are as follows: improve air quality (Q32), and valuing the benebts to society
when they use sustainable modes (Q34). They also responded
. Wositively to some societal-level items, such as Oeverybody to-
;iazge and getting a summary of my travel: meaf.4,SD= gether should change their travel to reduce fuel useO (Q23).
o , . , . .And they responded positively to science questions, generally
€ln _the. future, this web page is something | would COns'd%\rgreeing that vehicles that burn fossil fuels emit greenhouse
using: mear= 5.9,5D= 1.0. . ases (Q24) and greenhouse gases cause environmental prob-
€ Iflwere to seta goalto change my travel _behawor (be green ms (Q22). However, they responded more negatively (in terms
reduce cost, travel less), | consider this web page helpfB'sustainable orientation) in that they donOt feel guilty for not
mean= 5.1,SD= 1.3. using sustainable modes (Q19), they think any changes their be-
€ This web page was easy to use: meab.3,5D= 1.1. havior will be too small to make a difference in the environment

On average there was positive feedback on the website and @@81), and they donOt see why itOs necessary to engage in sustain-
subjects liked the presentation of their trip data. Subjects wedle travel behavior (Q17). Further, they objected to the policy
also asked which webpage they liked the most, and there wa@f &ising the price of gas to reduce congestion and air pollution
strong preference for the summary and travel diary pages: 3§GL8).

most liked the travel diary page (Figure 5), 38% most liked the They were much more uniformly positive on the health ques-
summary page (Figure 2), 15% most liked the breakdown padens. They would change their travel behavior if they knew it

(Figure 3), and 7% most liked the timeline page (Figure 4). Would impact their health (Q41), they value the health benepts
of using sustainable modes (Q21), they think using sustainable

modes is benebcial to their health (Q20), they think it is im-
Survey Results on Psychological Variables portant to exercise regularly (Q37), and they think they can get
exercise when traveling (Q38).

The survey results on the psychological variables are sum-They were also fairly uniformly positive to sustainable modes
marized in Table 2. The numbers are derived from the answefstravel. They donOt like driving (Q25), they do like walking
to the Likert-scale questions on a scale from 1 to 7. For all tli©29), biking/taking transit/carpooling makes them feel good
questions except some related to intention (at the bottom of Ebout themselves (Q33), and it would be easy for them to do
ble 2), 1 indicatedstrongly disagreeand 7 indicatedstrongly their daily travel by public transit (Q45) and walking (Q47).
agree,with 4 indicating a neutral response (neither agree néurther, their friends and family are pro sustainable modes:
disagree). The intention questions regarding absolute usepuplic transit (Q9 and Q13), carpooling (Q8), biking (Q6), and
mode were on a scale from dever,to 7,4 or more times per walking (Q10 and Q15). However, they do feel there are many
week and the relative use by mode was on a scale fromuch constraints and limitations that keep them from changing their
less than nowto 7,much more than novilhe average and stan-transport behavior (Q42).
dard deviation of the survey responses are reported for both theThe responses to the questions regarding awarenessof CO
preexperiment survey and the postexperiment survey. The difnitted and calories burned from travel were among the most
ferences between the pre and post means are also reported adsitrgme answers, indicating subjects had little knowledge of
with a p value testing the null hypothesis that the pre and padstese values (Q1, Q2, and Q3). They seemed to have a better
responses are the same. Asterisks denote a signibcant chéwagelle on cost (Q4) and time spent (Q3), but still responded
between pre and post (double asterisk at 95% conbdence galdtively neutrally to these knowledge questions.
single asterisk at 90% conbdence). The Pnal column highlightsThe intention questions regarding changes in travel mode
whether any signibcant change is in the direction of more swsplit over the next few months indicate a slightly positive in-
tainable behavior (denoted with) or less sustainable behaviortention to walk (Q50) and take public transit (Q56) more and
(denoted with D), and the survey questions are sorted on thislightly negative intention to drive (Q54), carpool (Q55), and
column within each category. The sample size for all statistibike (Q57) more. However, the average responses on all were
isn= 78 (our cleaned data set). fairly close to the neutral (no change) value of 4.

To get a general sense of the sample, we examine the baselinghus, given our sample of people with mixed views
(preexperiment) survey. Due to large variability in responses, wa the environment, pro-health views, little knowledge on
consider the mean response for each Likert question. The fwhvel resources expended, openness to sustainable modes, and
lowing discussion specibcally focuses on questions where fhiends and family who are pro sustainable modes, but having

€ | enjoyed taking a look at my dashboard/statistics/trip histo
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constraints on being able to change their travel and stating atarge number of questions across a range of behavioral cate-
intention to change their travel, the question is, how did the Qjories.
experimentimpact them? For this we brst turn to the comparison
of the pre- and postsurvey results; the postexperiment results are
also summarized in Table 2. Many of the questions saw no sigrifeasured Behavior Change
icant shift in responses. However, there was a signibcant shift in
a subset of questions within each of our general categories, andeyond the survey questions, the smartphone tracking al-
most of these shifts were in the direction of increased sustal@wed us to measure a realized behavior shift between the prst
ability. The awareness category saw the most obvious posit&@d last week. Our analysis of their travel behavior did show a
shift. This is not surprising since the information system moshiftin mode usage away from driving and towards walking and
directly targeted awareness. While the information provided &king. Table 3 shows the difference in average travel distances
time (Q5) and money (Q4) spent traveling did not shift awargy mode. Most importantly, we observed a statistically signip-
ness, the information on calories (Q3) and£Q1 and Q2) did cantdecrease inthe average distance traveled by drpiredfe
seem to be novel to the respondents. < .01), with the average reduction being 39 kilometers or 33%
The leastimpacted categories were social norms, goal settitggver than the Prst week. When looking at the full sample, we
self-efbcacy, and perceived behavioral control. However, tHigl not observe a corresponding statistically signibcant increase
signibcant and positive change in the behavioral control questidrwalk/bike or transit. However, once we segment the group by
regarding the Omany constraints and limitations that keep #i#ving frequency, we begin to see shifts in walking and biking.
from changing my transportation behaviorO (Q42) represents/d@ dePne frequent drivers as those who self-reported in the
important shift necessary for more sustainable travel, as dg#gsurvey that they drive on two or more days per week (
the increased feeling that Ol can get exercise when travelid§® and infrequent drivers (including nondrivers) as those who
(Q38). self-reported that they drive on fewer than two days per week
There were numerous attitudes questions, and many of thége 63). As can be seen in Table 3, the frequent drivers shift
changed for the positive. There was a positive shift on the poligjore than the infrequent drivers. The frequent drivers drove on
question regarding raising the price of gas to reduce congest@grage 120 fewer kilometers in the Pnal week of the experi-
and pollution (Q18). There were also positive shifts regardirfgent (relative to the prst), a reduction of 38pa/alue< .01).
personal sustainable behavior, such as feeling it is more impdhe infrequent drivers drove 20 fewer kilometers the last week,
tant to engage in sustainable travel behavior (Q17) and fe@lreduction of 27%{value< .09). Neither group signiPcantly
ing guilty for not using sustainable modes (Q19). Even thoughanged their distance traveled by transit. However, the statis-
the group started out very pro-health, two health attitudes itics on frequent drivers suggest (albeit with a somewhat pigh
creased even more: that using sustainable modes is benebcightdge of .17) that they walked on average 5 km more the bnal
health (Q20), and valuing the health benebts of using sustainaliRek, an increase of 42% over the prst week.
modes (Q21). However, the two most general questions regard_TO better understand what factors drove the behavioral
ing societal issues of sustainability saw a move in the wrors§anges and to what degree they were related to the travel feed-
direction. These questions were OGreenhouse gases cause agk system, we developed and estimated a behavior change
ronmental problems such as global warmingO (Q22) and Omg@del, which is presented in the next section.
erybody together should reduce the amount of fuel burned by
their transportation behaviorO (Q23). This is in contrast to the
positive shifts that were mostly related to the subjectOs persdi@DEL
behavior. This response is interesting and the reason is not clear.
It could be a reaction to the clearly environmentalist push of In this section we evaluate, through modeling, the impact of
the experiment. It could also be related to the fact that thefgmdback about travel time, emissions, cost, and calories and
were among the most extreme (and very positive) responge®r inffuences on behavioral modibcation in the experiment
in the presurvey so in a sense there was not a lot of room fehile explicitly representing the psychological process driving
improvement. this change in behavior. The behavioral measure is the change in
Finally, the intention to change their travel behavior in ththe distance traveled by car and by nonmotorized modes (walk
future toward using more sustainable transportation modes adsa bike) from the pretreatment week (Prst week) to the post-
saw positive shifts away from driving (Q48) and toward bikingreatment week (the last break). The aggregate data analysis
(Q49) and walking (Q50). showed that the posttreatment distance driven decreased signif-
Perhaps the most interesting outcome of the pre- and pastntly compared to the pretreatment distance driven, while the
survey analysis is that this fairly simple experiment that mosttlistance traveled by nonmotorized modes increased although
involved reporting back to people on their resources spent tranct signibcantly. We wish to investigate the psychological mech-
eling (time, cost, CQ, and calories) was able to see signibcamnisms driving these changes: which of the psychological vari-
behavioral shifts, overwhelmingly in the desired direction, iables affect the changes in distance traveled (e.g., attitudes
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Table 3 Average travel distances by mode.

First week Last week Comparison

Participant type Distance traveled (kilometers) Mean  SD Mean SD Difference p Value
All participants o = 78) Drive 1199 1546 807 1117 $39.2 <.01
Walk/bike 144 112 152 111 0.8 .54
Transit 145 285 138 256 507 72
Frequent driversn= 15) Drive 3170 2111 1970 1622 $1200 <.01
Walk/bike 122 9.0 173 141 5.1 17
Transit 34 131 25 6.3 S0.9 .66
Infrequent driversr{= 63) Drive 730 894 530 742 $20.0 .09
Walk/bike 149 117 147 103 S0.2 .90
Transit 172 305 165 277 507 .78

toward sustainable travel behavior, perceived norms of othersfmental impact of travel, change in subjective norms, and so-
behavior and expectations, etc.) and how these psychologic@aeconomic variables including whether the subject is a driver,
variables are in turn inBuenced by awareness of the impactsadfether he or she is a student, and the number of logins to the
oneQs travel behavior and comparison to others. As descrilsgukeriment website after the brst week of the experiment (as
earlier, the model structure is based on the theory of plannad indicator of the frequency of viewing the feedback informa-
behavior extended to include a representation of feedback. ¥). Positive values of changes in attitude and norms indicate
present next the model framework followed by the estimatianore positive attitude toward the environmental impact of travel
results. and stronger subjective norms related to traveling by sustainable
The underlying behavior represented in this experiment risodes.
likely extremely complex, with a number of latent explanatory The feedback mechanism consists of (a) presentation of in-
variables. To this end, we asked in our survey a large numbermation about oneOs travel impacts, which changes the level
of psychometric questions to get at a range of latent construaf.awareness of these impacts, and (b) presentation of statis-
However, in developing the econometric model to represeits about the travel impacts of peers, which results in a social
this behavior, we are limited by our relatively small sample&eomparison process. The latter was processed as a peer inf3u-
Therefore, the model that follows is necessarily a subset efce variable debned as the average of four deviations of an
the complete behavioral relationships. For example, intentiordividualOs time, emissions, cost, and calories from the av-
and behavioral control were not included in the Pnal model asages of time, emissions, cost, and calories across all study
they did not produce meaningful results. Our process in modelbjects. These four deviations are expressed in time units by
development was to look for the psychometric indicators argplying certain factors to the emissions, cost, and calories de-
attitudes that best explained the resulting behavior. We keptiiations based on the visual representation of these dimensions
the model only those indicators that proved relevant via statisa the website (e.g., the midpoint of the time axis represents
tical tests. The model presented in the following was selectBf minutes and the midpoint of the cost axis represgbs so
considering the reasonableness of all model coefbcient sigme,convert cost into time units by multiplying cost by 56/10). A
the overall goodness of bt, and the statistical signibcance of gasitive value of the peer inf3uence variable correspondsto a pos-

major causal paths. itive deviation, whereby a subjectOs travel impact is larger than
the mean (unfavorable comparison to others), while a negative

Model Framework value indicates a smaller travel impact (favorable comparison to
others).

The model framework is a structural equation model with The change in awareness inRuences the change in attitude and
relationships as shown in Figure 6. In this bgure, latent vathe change in norms, and the peer infuence effect contributes
ables are shown in ellipses and observed variables are showtoithe change in attitude. Each of the psychological constructs
rectangles. Solid straight arrows represent causal (behavioredls measured pre- and postexperiment through a number of
relationships, dashed arrows represent measurement relatiguestions in the survey (Table 2). Therefore, the change in a
ships, and curved arrows represent correlations between vgiven psychological construct has as indicators the change in
ables. The measures of behavioral change we wish to expltie responses to the corresponding survey questions from pre-
are the change in distance driven and the change in walk/btkeposttreatment. We specibcally use those measures/questions
distance (dePned as distance in kilometers traveled in the pdim the survey that changed signibcantly from pre-to posttreat-
treatment week minus distance in kilometers traveled in theent, and that when included in the model resulted in intuitive
pretreatment week, divided by 100), which are correlated, antbdel coefpcients. Three indicators are used to measure atti-
are modeled as a function of change in attitude toward the enttide, three to measure awareness, and two to measure norms.
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Figure 6 Model framework with parameter estimat@svalues in parentheses; intercept terms and variances are not shown on the bgure).

Estimation Results in attitudes and norms. That is, as an individual becomes more
aware of his or her travel impacts (time, cost, emissions, and
The model was estimated using the maximum likelihoogglories), the individualOs attitude toward sustainable travel be-
method using the structural equation modeling (SEM) packaljavior becomes more positive, and would tend to include think-
(Fox, Nie, & Byrnes, 2009) in R with all equations estimated iing more strongly that others have high expectations from the
deviations form (from the mean) except the equations pertainiimglividual for engaging in environmentally friendly behavior.
to change in distance driven and change in distance walk/biReer infiuence seems to play a signibPcant role in changing
where intercept terms were also estimated. The estimation a#titudes toward sustainable travel. The coefbcient of the
sults are shown in Table 4 and Figure 6. We discuss the maiger inBuence variable is positive, indicating that subjects
Pndings with respect to the inRuence of feedback on attitudebo overall compare favorably to others in terms of the

and norms and the main determinants of behavior change. four impacts measured (time, cost, emissions, and calories),
that is, who have a negative value of the deviation from

the mean across subjects, develop more negative attitudes

toward environmentally friendly transportation behavior,
Change in awareness due to the information provided afighile those who fare worse than others on time, cost, emis-

the treatment has a positive but insignipPcant effect on chargjens, and calories (and thus have a positive value of the
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Table 4 Estimation results for the behavioral change model.

Model component and variable

Parameter estimate

Standard errop Value

Structural model of change in attitude

Change in awareness 0.102 Q154 .51
Peer inBuence 0.0352 00141 .01
Structural model of change in norm
Change in awareness 0.180 Q134 .18
Structural model with change in distance driven (in km/100) as dependent variable
Intercept $0.250 Q102 .01
Change in attitude $0.611 0226 .01
Change in norm $0.224 Q104 .03
Driver dummy $0.737 Q220 .00
Variance of error term 0.322 Q0278 .25
Structural model with change in distance walk/bike (in km/100) as dependent variable
Intercept 0.0587 00375 12
Change in attitude 0.00755 001750 .67
Change in norm 0.0117 00125 .35
Student dummy $0.121 0031 .00
Number of logins 0.0125 Q0062 .04
Variance of error term 0.0113 00018 .00
Covariance of error terms of change in distance driven and change in distance walk/bike .0433 0 00145 .00
Measurement model of change in attitude (with normalization of variance of change in attitude to 1)
11,Att: Factor loading 0.187 Q112 .09
11,Att: Variance 1.04 017 .00
12,Att: Factor loading 0.204 Q153 .18
12,Att: Variance 1.98 032 .00
13,Att: Factor loading 0.29 015 .05
13,Att: Variance 1.76 029 .00
Measurement model of change in awareness (with normalization of variance of change in awareness to 1)
11,Aware: Factor loading 1.72 024 .00
11,Aware: Variance 131 055 .02
12,Aware: Factor loading 1.68 023 .00
12,Aware: Variance 1.07 051 .04
13,Aware: Factor loading 0.987 0221 .00
13,Aware: Variance 2.73 047 .00
Measurement model of change in norm (with normalization of variance of change in norm to 1)
11,Norm: Factor loading 1.02 024 .00
11,Norm: Variance 1.64 045 .00
12,Norm: Factor loading 1.50 030 .00
12,Norm: Variance 0.199 Q796 .80

Note.For 78 observations.
Final log-likelihood= ©120.738.
BIC = 195.43. Signibcant change at 95% conbdence, double asterisk; signibcant change at 90% conbdence, asterisk.

deviation from the mean) change their attitudes towards maikthough this inBuence is not signibcant. Overall, there is a
sustainable travel behavior. This OmagnetO effect whersignibPcant decrease in driving in the posttreatment week, as in-
peer inBuences tend to pull an individual closer to the meditated by the negative and signibcant intercept term. Subjects
of a comparison group is signibcant and consistent wittho were regular drivers pretreatment (if the pretreatment re-
similar Pndings in the context of energy consumption fgrorted frequency of driving per week is 2lays/week) were also
instance (Schultz, Nolan, Cialdini, Goldstein, & Griskeviciugnore likely to reduce their amount of driving in the posttreat-
2007). ment week. On the other hand, the increase in walking/biking
in the posttreatment week is nonsignibcant, and being a student
is likely to decrease nonmotorized travel in the posttreatment
week, while a higher frequency of logins to the website sig-
A positive change in the attitude towards environmentalljibcantly increases the amount of walk/bike distance in the
friendly transportation behavior and in subjective norms relat@ésttreatment week.
to this behavior is found to be associated with less driving in To summarize, the main signiPcant inBuences in the process
the posttreatment week, and these effects are signibcant. Atehdehavioral change observed in the experiment arise from
same time, these positive changes lead to an increase in ttieeffect of peer inBuences on attitudes, which, together with
distance traveled on foot or by bike in the posttreatment weealQrms, trigger a change in distance driven.
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Measurement Model many psychological levers for behavior change, QT uses only

awareness and social comparison. For example, it does noth-

. The |nd|_ca_tors O.f the latent vanablc_as have the e_xpected PATG with goal setting, norms, self-efbcacy, personalized travel
itive association with the corresponding latent variables. Mo, vice, or the performance of alternative modes, all of which

variance terms of the measurement errors are s_|gn|Dcant._ part of the intellectual repertoire of the human counselor
covariance O.f th-e error terms of -the qhang(.e.m d|stan_ce.dr|v purports to replace. The statistically signibcant reduction in
and change in distance walked/biked is positive and signibc ving, change in awareness, and the coefbcients of the struc-
tural equation model make QT an encouraging brst step, but
CONCLUSIONS AND FUTURE WORK QT is obviously a very primitive travel counselor. Can a deeper
engagement with mobile computing, machine learning, and data
This article has described the design of an automated smanining bring computational feedback systems close to the travel
phone travel diary system, which along with a Web interface feedback programs created by the travel demand management
view trips collects location data from participants and processesmmunity? Embedding the intellectual and emotional sophis-
them into trips with the aim of inRuencing awareness, attituddg;ation of a human counselor in a computation travel feedback
and sustainable travel behaviors. Using the automated diary syssstem by leveraging advances in mobile computing to nudge
tem, an experiment has been conducted with 135 subjects pedple toward sustainable modes of transportation is a great
showed how feedback on oneOs travel history and peer inRueasearch endeavor.
can signibcantly affect oneOs awareness of impact on the envi-
ronment, attitudes towards sustainable transportation, intention
to change behavior, and actual behavior change. The averﬁ&é(NOWLEDGMENTS
weekly distance driven decreased an average of 39 kilometers, ) _ )
amounting to a 33% reduction in driving miles. Frequent drivers Many thanks to Justin Martinez and Peter Nguyen for their
showed greater reductions in driving both in terms of magnitudférk developing the website, and to Thejo Kote, Ram Jayara-
(120 kilometers) and percentage (38%). Frequent drivers a8 and DaV|d.PaImer fO( their contrlbuthns to the develop-
showed an average increase in walking of 5 kilometers (420Nt of the mobile applications and server infrastructure.
higher than pretreatment), although this had a lower statistical
signibPcance. A structural equation model explains the chanfige NDING
in distance driven and distance walked/biked as a function of
the changes in attitudes and norms, which in turn are driven by This research has been funded in part by the University of
peer inBuences and the change in awareness as a result o#lkfornia Transportation Center (UCTC), the National Science
feedback. We found shifts in attitudes and norms to signibcanBipundation (NSF), a UC CITRIS Seed Grant, the UC Berkeley
impact changes in distances driving. The model shows that tiee Chancellor for Research, and the UC Berkeley XLab.
more frequent the interaction with the website, the greater is the
increase in the amount of walking/biking.
There are a number of limitations of the study that could H%EFERENCES
addressed in the future. First, studies with at least a few hundred

. . . . zen, 1. (1991). The theory of planned behaviGrganizational Be-
subjects are required. A larger subject pool would enable mcﬁi’-havior and Human Decision Process&8(2), 1799211

sion of a CfontrOI group, _as has been done for some.travel fe%{ﬁerican Automobile Association. (2011Your driving costs Re-
back studies (Taniguchi et al., 2007), whereby subjects wouldyieyed June 5, 2011 from http://www.aaaexchange.com

not be given feedback on the impacts of their travel behavior @gmberg, S., Hunecke, M., & Bbaum, A. (2007). Social context, per-
how they compare to their peers. Control-group data would helpsonal norms and the use of public transportation: Two beld studies.
account for seasonality effects and potential self-selection biaslournal of Environmental Psychologg7(3), 190D203.

in the analysis. Second, our evaluation lasted only 3 weeksGairns, S., Sloman, L., Newson, C., Anable, J., Kirkbride, A., & Good-
duration. Since many travel feedback programs collect travel di-win, P. (2004).Smarter choices NChanging the way we travel
aries for only a few days, ours is an improvement in longitudinal London, UK: Department for Transport. _

depth. Nevertheless, we believe short-term temporary behafgyVer: C. S.. & Scheier, M. F. (2001n the self-regulation of be-

: : : vior. New York, NY: Cambridge University Press.
e e B8 C. & L T, (011 The st of ol a i
9 P ’ PRactors on mode choice behaviors in a motorcycle-dependent region:

expandin.g the study from 3 weeks to a longer duration. . Evidence from TaiwarTransport Policy 18(5), 711D718.
Our primary research goal has been to explore the viability gfester, M. (2008)Life-cycle environmental inventory of passenger

replicating the success of travel feedback programs with com+ransportation in the United StateBhD thesis, University of Cali-
putational surrogates for counselors, thereby lowering costs angbrnia, Berkeley, Berkeley, CA.

improving scalability. We consider this work only a brst steghoo, S., & Mokhtarian, P. L. (2004). What type of vehicle do people
toward this goal and the use of technology to persuade indi-drive? The role of attitude and lifestyle in inBuencing vehicle type
viduals to use more sustainable transportation modes. Of th&hoice.Transportation Research Part, 88(3), 201D222.

intelligent transportation systems vol. 19 no. 2 2015



124 J. JARIYASUNANT ET AL.

Consolvo, S., Klasnja, P., McDonald, D. W., & Landay, J. A. tive computer game. IRroceedings of UbiComp 2006: Ubiquitous
(2009). Goal-setting considerations for persuasive technologies thatomputing(pp. 261D278). New York, NY: Springer.
encourage physical activitProceedings of the 4th International Mankoff, J., Matthews, D., Fussell, S. R., & Johnson, M. (2007). Lever-
Conference on Persuasive TechnologGiaremont, CA. aging social networks to motivate individuals to reduce their ecolog-

Consolvo, S., McDonald, D. W., Toscos, T., Chen, M. Y., Froehlich, ical footprints.Proceedings of the 40th Annual Hawaii International
J., Harrison, B., .., Landay, J. A. (2008). Activity sensing in the Conference on System Sciences, HIG587.
wild: A beld trial of UbiFit garden.Proceedings of the SIGCHI Montano, D. E., & Kasprzyk, D. (2008). Theory of reasoned action, the-
Conference on Human Factors in Computing Systefhgrence, ory of planned behavior, and the integrated behavioral météslith
Italy, pp. 1797D1806. Behavior and Health Education: Theory, Research, and Pracfice

Cordoba Maquilon, J. E., Gonzalez-Calderon, C. A., & Posada Henao 67D95.

J. J. (2011). The selection of a mode of urban transportation: INordlund, A. M., & Garvill, J. (2002). Value structures behind
tegrating psychological variables to discrete choice modtsa, pro-environmental behaviofEnvironment and Behavipr34(6),
78(170), 98D105. 740D756.

Fan, Y., Chen, Q., Douma, F., & Liao, C. F. (2018)nartphone-based Obermair, C., Reitberger, W., Meschtscherjakov, A., Lankes, M., &
travel experience sampling and behavior intervention among youngTscheligi, M. (2008). perFrames: Persuasive picture frames for
adults Minneapolis, MN: Intelligent Transportation Systems Insti- proper posture. IPersuasive technologpp. 128D0139). New York,
tute, Center for Transportation Studies, University of Minnesota, no. NY: Springer.

CTS 12-11. Prochaska, J., & DiClemente, C. (1986). Toward a comprehen-

Fishbein, M., & Ajzen, |. (1975)Belief, attitude, intention and behav-  sive model of changélreating Addictive Behaviors: Processes of
ior: An introduction to theory and researcReading, MA: Addison- Change 86, 3b27.

Wesley. Rose, G., & Ampt, E. (2001). Travel blending: An Australian travel

Fox, J., Nie, Z., & Byrnes, J. (2008BEM: Structural equation models  awareness initiativelransportation Research Part,[6(2), 950110.

R package version 0.9-15. Retrieved July 25, 2014 from http://cranSeagnolari, S., & Maggi, R. (2010). Modelling heterogeneity in young
project.org/web/packages/sem/index.html persons night-time choicesNAccounting for attitude towards alco-

Froehlich, J., Dillahunt, T., Klasnja, P., Mankoff, J., Consolvo, S., hol consumptionProceedings of the 10th Swiss Transport Research
Harrison, B., & Landay, J. A. (2009). UbiGreen: Investigating a ConferenceAscona, Switzerland.
mobile tool for tracking and supporting green transportation habitSchonfeld, E. (2009). Pinch media data shows the average shelf life
Proceedings of the SIGCHI Conference on Human Factors in Com-of an iPhone app is less than 30 dayechCrunch Retrieved
puting System$p. 1043D1052. July 25, 2014 from http://techcrunch.com/2009/02/19/pinch-media-

Fujii, S., & Taniguchi, A. (2005). Reducing family car-use by provid- data-shows-the-average-shelf-life-of-an-iphone-app-is-less-than-
ing travel advice or requesting behavioral plans: An experimental 30-days/
analysis of travel feedback prograrisansportation Research Part Schultz, P. W., Nolan, J. M., Cialdini, R. B., Goldstein, N. J., & Griske-

D, 10(5), 385D393. vicius, V. (2007). The constructive, destructive, and reconstructive
Gollwitzer, P. M. (1993). Goal achievement: The role of intentions. power of social normsPsychological Scien¢d8(5), 429D434.
European Review of Social Psycholodgl), 1415185. Schwanen, T., & Mokhtarian, P. L. (2007). Attitudes toward travel and
Holstius, D., Kembel, J., Hurst, A., Wan, P. H., & Forlizzi, J. (2004). land use and choice of residential neighborhood type: Evidence from
Infotropism: living and robotic plants as interactive displayso- the San Francisco Bay aré#ousing Policy Debatel 8(1), 171D207.
ceedings of the 5th Conference on Designing Interactive Syster8gern, P. C. (2000). New environmental theories: Toward a coherent
Processes, Practices, Methods, and Technigoies215D221. theory of environmentally signiPcant behavidournal of Social

Jariyasunant, J. (2012pvercoming Battery life problems of smart- Issues56(3), 407D424.
phones when creating automated travel diarfeBD thesis, Univer- Stopher, P., Wilmot, C., Stecher, C., & Alsnih, R. (2003). Standards
sity of California, Berkeley, Berkeley, CA. for household travel surveys-some proposed idBasceedings of
Jariyasunant, J., Sengupta, R., & Walker, J.L. (2012). Overcomingthe 10th International Conference on Travel Behavior Resegarch
battery life problems of smartphone when creating automated travelLucerne, Switzerland.
diaries.Proceedings of the 13th International Conference on Trav@aniguchi, A., Suzuki, H., & Fujii, S. (2007). Mobility management
Behavior ReseargHToronto, Canada. in Japan: Its development and meta-analysis of travel feedback pro-
Kappel, K., & Grechenig, T. (2009). Show-me: Water consumption grams.Transportation Research Reco2D21(1), 100D109.
at a glance to promote water conservation in the sholmceed- Theis, G., Adler, T., Clarke, J. P., & Ben-Akiva, M. (2006). Risk aver-
ings of the 4th International Conference on Persuasive Technplogy sion to short connections in airline itinerary choiteansportation
Claremont, CA. Research Record 951(1), 28D36.
Klasnja, P., Consolvo, S., McDonald, D. W., Landay, J. A., & Pratt, W/autin, D. A., & Walker, J. L. (2011, January). Transportation im-
(2009). Using mobile & personal sensing technologies to supportpacts of information provision & data collection via smartphones.

health behavior change in everyday life: Lessons learRexteed- Transportation Research Board 90th Annual MeetMéshington,
ings of the AMIA Annual SymposiuAmerican Medical Informatics ~ DC.
Association. Vij, A., Carrel, A., & Walker, J.L. (2013). Incorporating the inBuence

Kunert, U., Kloas, J., & Kuhfeld, H. (2002). Design characteristics of of latent modal preferences on travel mode choice behakians-
National Travel Surveys: International comparison for 10 countries. portation Research Part /4, 164D178.
Transportation Research RecoiB041), 107D116. Wisconsin Department of Health Services. (200%ble of calo-
Lin, J. J., Mamykina, L., Lindtner, S., Delajoux, G., & Strub, H. B. ries burned per hourRetrieved July 28, 2011 from http://www.
(2006). FishOnOSteps: Encouraging physical activity with an intera@hs.wisconsin.gov/publications/P4/p40109.pdf

intelligent transportation systems vol. 19 no. 2 2015



