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In recent years, a considerable amount of money has been spent on Real-time
Transit Passenger Information Systems (RTPISs), which provide tandlaccurate
transit information to current and potential riders to enable them to make better pr
trip and en-route decisions. Understanding traveler responses toreaiansit
information is critical for designing such services and evaluatingefferctiveness.

To answer this question, an effort is made in this dissertation to systdiynatica
conceptualize a variety of behavioral and psychological responses travelers may
undertake to real-time transit information and empirically examine thaloafscts

of real-time information on traveler behavior and psychology.

This research takes ShuttleTrac, a newly implemented real-time uad arr
information system for UMD’s Shuttle-UM service, as a case for ecapstudy. In

Part 1 analysis, using panel datasets derived from three-waved online campus



transportation surveys, fixed-effects OLS models and random-effectedulebit
models are estimated to sort out causal relations between ShuttleTrac fivionunsa

and general/cumulative behavioral and psychological outcomes. In addition, a two-
stage instrumental variable model was estimated to examine the potestigéan
habitual mode choices due to real-time transit information use. The results show tha
with a few months of adjustment, travelers may increase their trip-mfkipgency

as a result of real-time transit information use, and positive psychologicames

are more prominent in both short and longer terms.

In Part 2 analyses, using the cross-sectional dataset derived from the onboard
survey, OLS models and ordered logit models were estimated to examine-the trip
specific psychological effects of real-time transit information. Eselts show that
these trip-specific psychological effects of real-time tranéitrmation do exist in
expected directions and they vary among user groups and in differenteseAari
finding consistent across two parts of analyses is that accuracy of atilmnmplays a
greater role in determining traveler behavior and psychology than thepresesnce.

This research contributes to the general discussion on traveler behavior under
advanced information by 1) developing an integrative conceptual framework; and 2)
providing useful insights into the issue with much empirical evidences obtaitied w

revealed-preference data and sophisticated modeling techniques.
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Chapter 1: Introduction

1.1 Background

Public transit is widely recognized as an environmentally sustainable
transportation mode. However, in the U.S. where low-density suburban expansion has
prevailed for decades, transit’s market share of urban travel has been ogrinui
fall, as it often fails to compete with the automobile which offers great osenee
and flexibility. U.S. transit market share dropped to 1.51 percent of the total ih 2005
Facing the great challenge of providing adequate transit service ingameities,
transportation researchers and policy-makers in this country have shown an
increasing interest in learning from international experiences and explori
innovative approaches. One of the new strategies for high-quality transieserthe
development of Real-time Transit Passenger Information SysteRa$R (Pucher,
2004). These systems provide timely and accurate transit information totaurde
potential riders to enable them to make better pre-trip and en-route decisions.

While the part of real-time traveler information systems accessed antysed
the travelers is often relatively simple (e.g., a sign giving the nextrbualdime),
the “system” behind what the user sees can be rather complex (Raeiad003).

The high-view of a RTPIS is shown in Figure 1.1. Even though, as we will discuss in

Chapter 3, a wide variety of transit-related information can be provided tcetrmvel

1 U.S. Urban Personal Vehicle & Public Transport Meri8hare from 1900
http://www.publicpurpose.com/ut-usptshare45.htmcessed July 10, 2007.
2 An interchangeable term used in this dissertdtidReal-time Transit Information System (RTIS).



real-time, the most frequently provided real-time transit informatidndes vehicle
arrival times, and service disruptions and delays. In order to project vehichd arri
times, an Automatic Vehicle Location (AVL) system, mostly GP3skath is needed
to provide the real-time vehicle location data first. The system then usesriet c
vehicle location to compute the estimated arrival time at the upstream stags usi
data that may include vehicle speed, distance, travel time history, and toaific f
history. In many applications, a countdown to the arrival of the next vehicle (e.g.,
next bus in 5 minutes) is used. Note that these systems are typically edegitat
transit management systems (see Figure 1.1).

The distribution of real-time transit information takes many forms ande&an
at any geographical and temporal point. Figure 1.1 has shown some major media for
information dissemination, including Internet, wayside/at-stop kiosks and Dynam
Message Signs (DMS), landline or cell phones, and wireless devices. Thanks to the
variety and ubiquitousness of these Information and Communication Technologies
(ICT)-enabled information dissemination media, travelers are able¢ssathe real-
time transit information at any time point during a journey. In other wordsripre
en-route, or even post-trip information acquisition is possible and travel decisions ca

be altered according to the information anytime in the course of the trips.
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Figure 1.1 Real-time Transit Information System (integrated with the Transit
Management System) (Source: Raman et al., 2003)

A considerable amount of money is being spent on real-time transit
information systems all over the world (Chatral, 2006). The underlying reasons
for deploying this kind of system include both economic and social considerations.
Transit agencies in particular expect these systems to boost the riderdHignae

revenues, by attracting new passengers and increasing transit ussagangf e



patronage. From transit users’ perspective, the travel time savimggdclay real-time
transit information use is certainly an economic benefit. Besides, trgasitias may
want to boost their public images by making such visible efforts to improwve thei
service. Also from the perspective of users, they may greatly improve theonpé
waiting and riding experience during transit trips due to the presencd-threa
information. Perhaps a deeper social consideration is that social inequityeincAn
cities, worsened by suburbanization and segregation, may be narrowed to sarme exte
by improving transit service for the disadvantaged population who are laggiyec
transit riders.

Accompanying the implementation of such, often expensive, real-time
information systems, many authorities are conducting their own evaluatiteesn
about the effects and to justify their investments. All underlying considesa
presented above, either from providers’ or users’ point of views, can be ultimately
attributed to the question of how individual travelers will use such systems and
respond to them accordingly. The changes in travel behaviors and psychology at an
individual level, no matter how small individually, can be summed up to show rather
considerable aggregate changes in the market. As we will review in Chapter 2,
understanding of such question to this date is very much sparse and inconclusive. The
primary goal of this research is to develop a generic framework of traveler
behavioral and psychological responses to real-time transit information and
empirically examine the causal relationships between these behavioral and

psychological outcomes and real-time transit information.



1.2 Research Question

Relating to the general question of traveler behavior in the presencé of rea
time transit passenger information, there involves a number of closely iatedrel
sub-questions from the perspective of service users (adapted from Lappin and
Bottom, 2001):

Need of information: what types of information would passengers want to

access under what scenario?

Willingness-to-pay: how much would they be willing to pay to acquire the

information?

Use of information: what are determinants of use or acquisition of real-time

transit information when provided?

Response to information use: how would travelers respond to the information

they acquire, at once and in iteration?

Each sub-question listed above is no doubt worth a certain amount of
investigations in order to ascertain the real effects of RTPISs. Tharoviag
research question this dissertation is particularly interested atuially the last one:

What are the traveler's behavioral and psychological responses to real-

time transit information?

The critical importance of this particular question lies in its dirdatiom to
tangible and intangible effects and benefits of RTPISs at both disaggeeght
aggregate levels. The network-level impacts of RTPISs can be deterngined b
aggregating the individual responses of many travelers to the information, but in

doing this the interactions of the travelers on the transit network must also be taken



into account. For example, individual travelers’ behavior under information may
cause changes in transit network conditions (e.g. transit network assignment,
congestion), and in turn affect other travelers’ behavior. Therefore, thistaisseis
aimed at addressing this particular research question in order for providongtited
basis for evaluation of the real-time transit information systems assvphoviding

some empirical insights into understanding of such issue.

1.3 Research Objectives

There have been a relatively small number of studies in recent yearsthtend
to answer above research question and explore the effects of real-tinte transi
information. A detailed discussion of related literature is provided in Chapter 2.
While all these studies offer some interesting features, as discusssdion2.2,
they all embed major drawbacks in terms of drawing systematic calatalng
between real-time transit information and traveler behavior/psychologynaime
objective of this study, as we have mentioned above, is to develop a generic
framework of traveler’s behavioral and psychological responses tomeatransit
information and then empirically investigate the causal relationshipeéetinese
behavioral and psychological outcomes and real-time transit information. More
specifically, there are some sub-objectives that are:

To review the critical points of the current knowledge concerning traveler

behavior and psychology under advance traveler information in general and

real-time transit information in particular. This review will provide sound
theoretical basis and useful insights for understanding the topic of this

research.



To develop a generic, comprehensive conceptual framework of individual
traveler’s responses to real-time transit information, taking into account
traveler behavior and psychology as well as different response time frames
(general/cumulative vs. trip-specific responses). This frameworkdeititify
major components of effects, conceptually formulate linkages between real-
time transit information and these effects, and provide a basis for erhpirica
investigation of this study and potential future research.

To empirically analyze the traveler’'s general/cumulative behavaol
psychological responses with a quasi-experimental research, aswell a
traveler’s trip-specific psychological responses to real-tinresira

information, using revealed-preference data.

1.4 Research Scope

The scope of this research is specified as follows:

The RTPISs are briefly introduced in Section 1.1. The information such
systems distribute to the public has more than one dimensions in terms of its contents,
costs, places, and quality. The conceptual framework presented in Chapter 3 is a
generic one in that the four dimensions of RTPIS are incorporated in suckvirdane
However, the empirical investigation was actually limited to only one typeabf
time transit information — real-timgusarrival information — and its accuracy, due to
the characteristics of the real-world case | look at. Real-time bualanformation
(e.g. a countdown to the arrival of the next vehicle in this case) is perhaps provided
most frequently with a RTPIS, and how this kind of information influences traveler

decisions is of primary interest to the studies in the related liter&iuzemparison



of other public transportation modes (rail mostly), bus is somewhat special theha
quality of real-time bus arrival information is highly dependent on the complaixity
road transportation. Nevertheless, our research will shed some lights on htmeeal-
transit information, in a general sense, will affect traveler’s behavior actigiegy.

This research acknowledges that a large portion of effects of realréinss t
information system are more of a psychological nature. In other words, even if
traveler behaviors hardly change as a result of real-time transiniztion
acquisition, they will still make some changes in psychological conditionshwhi
bring along some intangible benefits. In this regard, in addition to travel behavior,
travel psychology under real-time transit information is particularhceptualized
and investigated in this research.

It is generally agreed that there are two stages beforesffectal-time
transit information occur: first travelers must acquire the information amehdehbe
acquired information must lead to some behavioral and psychological changes of
travelers. Information acquisition/use is referred to as that informatieaiished for
or paid attention to by travelers and processed by her (Cabals2006a). The
guestion of what determines people’s decision of acquiring information is an
important issue too. And as a premise to traveler’s responses, the use aigeal-ti
transit information may directly determine the existence and/or muagnof effects
of real-time information.

However, in order to sharpen the focus of research, this dissertation is only
concentrated on the second stage of this process. That is, | would like to ateestig

the behavioral and psychological change as a result of acquired re#latinsié



information, without explicitly accounting for the process of informaticouésition.
There is only one exception here: to address the potential self-selection bias, the
process of information use was explicitly modeled as the first stage wwadkstdged

model for commuting mode choice. Please see Section 5.3 for details.

1.5 Organization of this Dissertation

The rest of dissertation is organized as follows. Chapter 2 provides a detailed
review of a large body of literature concerning traveler behavior and psygholog
under advance traveler information in general and real-time transit informati
particular. Chapter 3 presents a generic, integrative conceptual framewarkebét
behavioral and psychological responses to real-time transit information, \afsch |
down the foundation for understanding and examining behavioral and psychological
effects of RTPISs. In Chapter 4, the research methodology of this dissesation i
presented, including research design, surveys and measures, and anadytiods.
Chapter 5 particularly looks at the general/cumulative behavioral and psychological
responses of travelers, followed by Chapter 6, which turns to trip-specific
psychological responses. Both chapters present results of a variety otalmpiri
models and following discussions. The final chapter, Chapter 7, draws the conclusion

of this study and presents recommendations for future research.



Chapter 2: Literature Review

2.1 Introduction

Chapter 2 is intended to review the critical points of the current knowledge
concerning traveler behavior and psychology under advance traveler information in
general and real-time transit information in particular. This chaptegaed as
follows. First, drawing on three pieces of review articles, Section 2 pseseaview
of both the empirical and the conceptual literature concerning the use artsl efffec
Advanced Traveler Information System (ATIS) service. It provides souncetiwsir
basis and useful insights for understanding travel behavior under realamsg tr
information system. Section 3 reviews the relatively small body of literdhat is
most relevant to this dissertation’s topic and classifies them into twgoces in
terms of their methodological approaches. Advantages and disadvantages of two
different approaches are discussed in this section. These two sectionstire mos
about travel behaviors and focuses on literature in the field of transportation. The
following Section 4 turns to literature of psychology of waiting for serviged to
review the effects of providing information of waiting duration on customer
psychology during waiting for services. Finally, based on reviews in previous
sections, Section 5 points out several major gaps in the knowledge regarding this

topic and provides this research with directions.
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2.2 Traveler Behavior with Advanced Traveler Information

Advanced Traveler Information System (ATIS) makes use of a variety of
information and communication technologies to deliver to a wide range ofaravel
static or real-time information on traffic conditions, schedules, road and weathe
conditions, special events, tourist information, and so on. Providing travelers with
such information is generally acknowledged as enabling travelers to maie bett
travel choice and support better use of transportation facilities. NowadaSsiATI
widely available and becoming more advance every year. Policy makerayn ma
countries have fairly high expectations of the potential effects of ATIS sawwic
altering traveler behaviors in ways that would reduce passenger tratisporta
externalities such as congestion, greenhouse gas emission, noise, etc. (e.g.
Commission of the European Communities, 2001; Dutch Department of Transport,
2002; UK Department of Transport, 2004). Not surprisingly there is a large body of
literature which has, over the last two decades or so, investigated trakieleaigoral
change under the ATIS service. Unfortunately, although ATIS does not ndgessari
exclude Real-time Transit Passenger Information System, only amekyrsmall
portion of the literature is concerning traveler behavior with real-timeitrans
information. Nevertheless, studies on traveler behavior under auto-orientedl&TIS
provide with theoretical basis of and useful insights into that under transit-driente
ATIS. In this section, | will briefly review such topic by mainly drawingtbree
excellent review articles, i.e., Lappin and Bottom (2001), Chetrat (2006a), and

Choruset al. (2006b). All of them have reviewed a large number of relevant studies
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from the past 20 years or so and provided complete pictures in regard with traveler
behavior with ATIS.

Relating to the general question of traveler behavior in the presence-of real
time traveler information, there involves a number of closely interrelated sub-
guestions (Lappin and Bottom, 2001):

Need of information: what types of information would travelers want to

access?

Use of information: what are determinants of ATIS use and information

acquisition?

Response to information use: how would travelers respond to the information

they receive, at once and in iteration?

Willingness-to-pay: how much would they be willing to pay to receive the

information?

Choruset al. (2006a) summarized some dominant theories on travelers’
decision on information use, including utility maximization (Von Neumann and
Morgenstern, 1947), satisficing (Simon, 1955), habit execution (Triandis, 1997), and
effort-accuracy trade-off (Paym al, 1993, 1996). All the theories, according to
them, have in common that the use of information, being it for alternative generation
or assessment, can be framed as a cost-benefit decision.

Empirical findings related to ATIS use were reviewed by all works. A large
number of variables have been identified as determinants of ATIS use, including:

Travelers’ socio-economic characteristics. For example, high tendency of

ATIS use was found among male, highly educated, high-income travelers
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(Petrella and Lappin, 2004), professionals (Emmeeird., 1996), groups

who appear to attach greater importance to making an accurate choicet(Hato
al., 1999), and travelers who have mobile phones (Polydorpoulou and Ben-
Akiva, 1998). Also distinct market segments were delineated among ATIS
users based on their personal traits, such as control seekers, web heads, and so
on (Mehndirattaet al, 1999).

Trip purpose and context. Commuter trips (Petrella and Lappin, 2004) and
especially business trips (Emmeriekal, 1996) seem to induce the search for
and use of ATIS, perhaps mainly because they are arrival time-sengitve t
Expected congestion or expected volatility in travel times (da&d, 1999),
traveling in peak hours (Peirce and Lappin, 2004), longer trips (Eamga

2003), and bad weather during the trips (Polydoropoulou and Ben-Akiva,
1998) also increase the likelihood of ATIS use.

Existence and characteristics of travel alternatives. Travelersateseditch

for information regarding alternatives of which they are aware, refer ar ofte
use (Polak and Jones, 1993; Srinivisaal, 1999). Also, if the alternatives

are viable and promising for the trips to be made, information will be actively
searched for and acquired by travelers. In addition to travel time and costs,
information of seemingly less tangible characteristics of travelrgltives,

such as convenience, privacy and comfort, is of interest to travelers to acquire
for decision-making (e.g. Stexy al, 2001; Bo<et al, 2004; Steg, 2005)
Characteristics of ATIS service. The importance of information quality is

always emphasized. Specifically, reliability, timeliness and coverhtie
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information provided are keys to ATIS use (Polydoropoulou and Ben-Akiva,
1998). Also, if the information use entails high prices or difficulty, the
likelihood of ATIS service use is lower as the expected benefits of ATIS use

may be outweighed by the costs (Chagtial, 2006a).

Next to information acquisition or use, it is natural to ask an adjacent
guestion: how do travelers respond to such traveler information? Mainly based on
empirical studies, Lappin and Bottom (2001) made a relatively complete list of
potential responses to real-time traveler information at individual levelhwlaic be
classified into two categories: those involving trip-making context and those
involving trip-making itself. According to them, trip context responses to ATIS
include:

Reduce stress and anxiety (see Khagtakl, 1995; Lee and Douglass, 2000).

This is actually the only psychological response they have mentioned in the

review.

Affect non-travel activities at the trip endpoints. For instance, a Mitrétely s

(Shahet al, 2001) found that pre-trip ATIS use had reduced the number of

late arrivals by 62% and the total late schedule delays by 72%.

Adjust daily activity schedule. Reliable information on travel times anficraf

conditions may allow people to eliminate some of the “slack” originally

needed in their scheduling decisions to reduce the risk of disruptions due to

worse-than-expected travel conditions.
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Adjust habitual trip-making behavior. For example, Uclatlal. (1994)

found that a VMS that provided predicted travel time information may
significantly affect traveler’s strategic response (i.e., the changdimeein
selection of their habitual route). However, the reluctance to change habitual
route is still strong, even when the VMS repeatedly showed it to be an inferior
alternative.

Adjust residence and/or employment location. A variety of changes brought
by ATIS could in a longer run lead people to reconsider their residential
and/or employment location choice. Through these kinds of effects, ATIS
could ultimately have an impact on urban form and structure (Hamerslag and
van Berkum, 1991). However, this kind of effect may not be noticeable with

current scale of ATIS.

Also the tactical trip-making or trip-specific responses to AJiS

Decision to travel or not. Information about sufficiently bad travel conditions
or alternatives could make travelers cancel their intended trips, paritycul
discretionary trips (Khatta&t al, 1999).

Choice of destination(s). A set of Internet-based stated preferencg save
used to investigate the effects of ATIS on shopping trip destination and route
choice (Kranret al, 2000; Mahmassaset al, 2003). They found that

switching destination and route was prominent when information on traffic

delays was presented.
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Departure time choice. Departure time choice may be influenced by pre-trip
ATIS use since the reduced travel time variability caused by real-time
information may change when travelers choose to leave origins. The
perceived accuracy of pre-trip information is important in determining
whether commuters take account of it in their decision-making, including
departure time choice (Khattak al, 1991).

Mode choice. Extremely unfavorable information about one mode, such as
unexpected delays, may force travelers to turn to other modes. And very
favorable information about one mode may, on the other hand, may induce
travelers to shift from intended mode to it. Polydoropoulou and Ben-Akiva
(1999) found a detectible effect of prescriptive recommendations to take
public transport on mode shift, especially in situations of unexpected delay on
roads predicted by ATIS.

Route choice. Perhaps driving route change is the effect that ATIS usetis mos
capable to generate (Khattakal, 1999). Considerable empirical evidence
has been found regarding driver route choice responses to ATIS information
(e.g., Khattalet al, 1995).

Incident diversion response. A special case of the route choice response
occurs when a driver becomes aware of an incident or disruption affecting
traffic conditions on the current route.

Driving behavior. For example, the warning messages of adverse road

conditions may reduce driving speed (Ng and Mannering, 2000).
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Parking search and choice. Parking guidance and information (PGI) systems
inform drivers about the availability and locations of parking. Allen (1993)
has summarized four types of benefits of PGl systems, which may be

guantified in modeling traveler responses to such parking related information.

Not surprisingly, only few responses such as departure time choice, route
choice, have received certain amount of empirical research attention. Rrbealy
remained in the stage of conceptualization. Despite the number of publications in this
field, Lappin and Bottom (2001) concluded, the understanding of traveler responses
to ATIS is still in its initial stages. The current state of knowledge prowatibsst
general qualitative conclusions. Nevertheless, two important messagesoneeyed
from the above review: 1) dynamic real-time informatimesmake a difference in
travelers’ behaviors; and 2) Using appropriate methodology and data, the efffects
real-time information can be measured quantitatively.

It is commonly acknowledged that information will not change the objectively
measurable reality regarding travel alternatives, but rathei afteaveler’s
perception of this reality (e.g. BenkAkied al, 1991) and in turn travelers base their
travel choices, which include the traveler responses summarized above, on
perceptions of, or beliefs regarding, reality instead of on the realkty (e.g. Recker
and Golob, 1976). Based on this theory, Chetus. (2006a) constructed two paths
along which perceptions can be updated with information provision and further

influence travel choices:
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“[...]firstly, information on travel possibilities may serve in the
process of generation of travel alternatives by updating a traveler's
perception of availability (i.e. awareness) of travel alternatives, or in other
words, his choice set. Secondly, information on travel costs may serve in the
process of assessing the travel alternatives a traveler is aware of by updating
his perception of characteristics of travel alternativ@shoruset al, 2006a,

p.137)

Based on these ideas, the following iterative decision scheme was presented
by them for a traveler’s acquisition of travel information (Figure 2.1)ailet
explanation of this scheme can be found in the article. Similar scheme can also be
found in early theoretical works (Ben-Akiea al, 1991). This scheme is a rather
good, generic framework for explaining the mechanism of information agguisit
and its effect on trip-specific choice making and execution. The trip-gpecifi
responses listed above can be substituted for the travel choice square in time, diagra
to represent conceptually how these responses take place with reaiftmeation

provision.
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Figure 2.1 Traveler Information acquisition and effect on travel choice in
iteration (Source: Chorus et al., 2006a)

Another literature review also by Choreisal. (2006b) focused on three types
of behavioral responses to ATIS that are expected to reduce passerggartran
externalities: 1) mode shift from private car to public transportation 2) Wepaime
change, and 3) route change. On a basis of the review on empirical evidences from
more than 15 years of studies, the authors have derived a number of generic,
integrative insights, includingit‘appears that our expectations with respect to the
effects of information provision on travel choices in general may be mildly optimist
particularly for behavioral changes not involving changes in mode-choice. In the
longer term, the effects of information provision, when presented to travelers in
suitable formats, are likely to be somewhat stronger than the short term effects, due to

learning dynamics$ (Choruset al, 2006b, p.354)
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A brief recap of these review articles, with a few hundred studies as bpgckdr
provides us with some sound theoretical basis and valuable insights for understanding
travel behavior under real-time transit information, a special subset & #gelvvice

essentially.

2.3 Traveler Behavior with Real-time Transit Information: Two approaches

Traveler’s behavior under auto-oriented ATIS has been studied for about two
decades with a body of abundant literature, as demonstrated by our review in previous
section. When it comes to real-time transit information, however, there exist onl
small number of studies to date.

Parallel to what are asked regarding travel behavior with ATIS, from the
traveler’s perspective, several interrelated questions concerninpliednaior with
real-time transit information have been asked by scholars: What kind of transit
information is useful and attractive to users? What determines trauedersf real-
time transit information? What is the value, measured by traveldlilsgness-to-
pay, of this kind of information? And how travelers would actually respond to real-
time transit information behaviorally and psychologically? Of particularést to
this dissertation is the last question. Previous studies addressing this quesben ca
classified into two categories — effectiveness evaluation study andingpsieldy —
in terms of their methodological approaches.

The first approach is the empirical evaluation of transit rider reactoresl-
time transit information systems. When a RTPIS is being deployed in rdd)| winar
agency is likely to conduct some evaluation study in order to evaluate the affdcts

justify the investment. Typically both a before survey and an after sumweng
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transit users were carried out by transit agencies to obtain information on individua
characteristics, use of and attitude toward transit service, and use ofitade at
toward real-time information. Based on such data, statistical comparisorfsref be
and-after aggregated indicators regarding effects of such systemsiarallge
performed to see whether these systems have effectively generatedesralele
outcomes.

For example, the landmark survey that measured people’s reactions to the
London Countdown system was reported by Swmithl. (1994). This survey covered
perhaps one of the most complete sets of issues related to real-time figioyma
including system reliability, bus service reliability, ergonomics, paggdmehavior at
stops, passenger perceptions and valuation of Countdown, and ridership and revenue
generation. Several frequently cited key findings are 1) video survey andemtef
passenger behavior at stops suggested much reduced stress; 2) the akeriavgel pe
waiting time dropped from 11.9 minutes to 8.6 minutes; and 3) passenger valued
Countdown at an average of 31cents.

Two well-known examples in the U.S. are Transit Watch (TW) in Seattle,
Washington (Mehndirattet al, 2000), and Transit Tracker in Portland, Oregon
(Science Applications International Corporation, 2003). The agencies responsible for
these systems both carried out surveys to evaluate system effectivares$ i
important findings from the TW satisfaction evaluation survey was that althadgh T
and the improved information is perceived as a real benefit by its users, the disers di
not seem to think that it increased their overall satisfaction with the trapsitience.

Likewise, the Transit Tracker survey found no significant difference between
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satisfaction ratings before and after Transit Tracker was in ptacmult be
attributed to the fact that riders were already very satisfied béfergeployment of
Transit Tracker. In terms of ridership, the study found no changes in nighttime
ridership at the bus stops as a result of deploying Transit Tracker.

A recent study focused on psychological effects of real-time trawrahrr
information (Dziekan and Vermeulen, 2006). The authors collected a panel sample of
travelers (N=53) for before-and-after time points. They found the pectamait
time decreased by 20 percent, while no effects on perceived security and esese of
were identified.

An even more recent study was the evaluation of OneBusAway, a real-time
arrival information system operated by King County Metro in Seattle, Washing
(Ferriset al, 2010). The survey directly asked OneBusAway users to self-report how
they respond to the system. Relying on respondents’ self-reports, the studyashow
set of behavioral and psychological positive outcomes: strongly increased overall
satisfaction, decreased waiting time, increased transit trips per waelkqased
feeling of safety, and even a health benefit in terms of increased distalkeel Wi he
limitations of self-report bias and lack-of-control-group were actuattognized by
authors.

The advantages of this type of studies are that they collect data in real-world
environments and often look at both behavioral and psychological responses.
However, these practice-oriented evaluation studies rarely make a exygduiment-
like design or apply sophisticated modeling techniques to empirical data. Asta res

one could hardly infer the causal effects of real-time information on the behawiors
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perceptions because many confounding factors that influence the outcomesynmay ver
well exist.

The second approach is modeling study. Stated-preference survey or
simulation was often applied to model the effects of real-time informatioraositt
passengers at individual level. For example, two studies utilized statiedgoice
surveys to explore potential impacts of advanced transit information on mode
preference (Abdel-Atgt al, 1996; Abdel-Aty, 2001; Reed and Levine, 1997).
Travelers were asked how likely they would consider transit use when grtaim ce
advanced transit information. Both studies found promising potential of advanced
transit information (real-time schedule information in second case) irasioggthe
preference for transit.

Another kind of rider behavior that was researched was passenger path choice
with real-time transit information. Hickman and Wilson (1995) developed one of the
first dynamic path choice frameworks that take into account information on bus
arrival at stops and its accuracy. It was assumed that the strategyesfgessgo
board a vehicle is to minimize total expected travel time, which can be informed to
passengers through real-time information. To evaluate path choices andrmavel t
benefits resulting from the information, the model was applied to a case study
corridor, using a computer simulation to model vehicle movement and passenger path
choice. The results suggest that real-time information yields only verystnode
improvement in passenger service measures such as the travel time anchbhlgyari
of trip times, but significant changes in path assignments. Further they found

improving information accuracy has only a slight effect in improving travektime
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A recent study by Gentilet al. (2005) developed a general framework for
investigating passenger’s path choice in transit networks when online information
about carriers’ arrival times at stops are available. They assumquhisanger’s
ultimate objective is to minimize the total travel time. The numericahpi@afound
drastic differences in terms of proportions of passengers boarding slow and fast
common lines, while the differences on total travel times are less imppetant
relevant.

The study by Mishalaret al. (2000) is unique in that it took passenger utility
as the dependent variable. The utility is assumed to be a function of the difference
between the estimated waiting duration acquired by the passenger upoiy atribhie
bus stop and the actual time that passenger waits for the bus. Then passeniger arriva
and transit bus operations were simulated as a stochastic system. Eastires
under different real-time information provision scenarios were computed based on
simulation. The problem of this study is the vague definition of utility and
unconvincing utility function. It is not clear as why utility was defined Oassely
on the consistency of predicted and actual waiting time.

A recent study by Choruet al. (2006c) first presented a theoretical model of
travel information use and effect by incorporating Bayesian updating ietgret+
based framework of travel choice, and used numerical simulation to model non-
habitual car drivers’ mode choice with presence of real-time transimiation. Their
results showed that even in the case where transit information is acquired, and the

message is favorable to transit, its impact on mode choices will be limited.nEhus t
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study suggested conservative estimates of the impact of transit ititormeovision
on modal shifts.

With generally sound theoretical frameworks and sophisticated modeling
techniques, these modeling studies have provided useful insights about how travelers
would respond to real-time transit information. The major weakness of this kind of
studies is that they used stated-preference and simulation methods rather than
revealed-preference data, which is likely due to the lack of real-word cdshis
emerging technology application. The stated-preference approach istehzea by
the hypothetical nature of the exercise. Respondents are placed in unfamiliar
situations in which complete information is not available. In reality, traveleuotd
not necessarily respond in the ways stated-preferences and simulations sugges
Therefore this approach suffers from an inherent lack of external valdity eeal-
life behavior is observed.

The literature has painted a somewhat mixed picture at best. On the one hand,
stated-preference and simulation studies generally found positive inffuehiczal-
time information on mode shift or other travel behavior. On the other hand, real-
world applications have not provided definitive evidence of increase in ridership due
to real-time transit information, although positive psychological responges we
usually detected. Therefore, the small volume of empirical research ¢edhfdedate

and the disparities among the findings point to the necessity for further study.

2.4 Psychology of Waiting with Real-time Information

Waiting is an important component of transit experience. For a typical transit

trip, 10-30% of travel time is spent waiting (VTPI, 2010). In transportation studies
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total transit trip time is often decomposed into in-vehicle time and out-of-edino
(including walking time/access time and waiting time). As a major patebf-

vehicle time, passenger waiting time is found to be more onerous than in-vishécle
and often cited as one of the most important factors that influence choice df transi
modes (see Wardman (2004) for a review). However, waiting-time sdasingsonly

of great economic importance, but also existence of other costs of a psychological

nature associated with waiting should not be ignored.

2.4.1 Psychology of Waiting for Service

People regard time to be a valuable resource and actively consider time costs
during decision makings. Perceptions and attitudes of consumers waitingdiofe ar
great importance for service industries in which consumer waiting hgaificsint
impact on satisfaction and global evaluation of service quality (DurrandeaMarel
Usunier, 1999).

As noted by Katz, Larson, and Larson (1991), there are basically two ways for
a service provider to manage waiting. The first is to decrease the lactgial of wait
through operation management techniques (e.g., increase bus frequency in transit
setting). In addition, it has been argued that managing the psychological ecp&rfe
a customer’s waiting can reduce perceived waiting time and thus is as/eféec
reducing the wait time itself (Maister, 1985). A seminal article bisida(1985) has
theoretically proposed eight “propositions” of psychology of waiting lines. Taxem
propositions were incorporated later (Davis and Heineke, 1994; Jones and Peppiatt,
1996). Therefore, ten universally-recognized propositions on the psychology of

waiting are as follows:
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1) Unoccupied time feels longer

2) Pre-process/post-process waiting feel longer than in-process

3) Anxiety makes waiting seem longer

4) Uncertain waiting is longer than known, finite waiting

5) Unexplained waiting seems longer

6) Unfair waiting is longer than equitable waiting

7) People will wait longer for more valuable services

8) Waiting alone feels longer than in groups

9) Physically uncomfortable waiting feels longer

10) Waiting seems longer to new or occasional users

Building upon above conceptual propositions, researchers have identified a
number of individual and situational factors that influence people’s psychological
responses to waiting. For many years, scholars have examined the éffieeseo
situational factors empirically in order to provide implications for maniparadi
waiting psychology. Durrande-Moreau (1999) surveyed 18 empirical studies on a
comparative basis.

Prior studies (Taylor and Fullerton, 2000; Durrande-Moreau, 1999) have
identified three levels of outcome variables of waiting experience. Ttddiurel is
perceived waiting timedefined as thecustomer’s perception of the length of time
over which the person is engaged in waiti(ifaylor and Fullerton, 2000, p.174).
The second level iaffective reactionso the wait, which is referred to as feelings and
emotions people have toward the wait. Stress, anxiety, irritation, frustratmn, a

boredom are commonly mentioned concepts of affective reactions in the context of
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waiting for service. The third level is consumer’s evaluation of, or globafaetion
with, service quality provided. This service evaluation is often assessed as the
ultimate dependant variable of service waits. And empirical results subget is
less sensitive to wait experience because the wait is just one elentensefiice
delivery.

What is of great relevance to this dissertation is one of Maister’s ptiopssi
that “uncertain waiting feels longer than known wadiased upon this proposition,
it is often hypothesized that providing information about waiting length would
decrease the uncertainty, and thus generate positive effect on waitingrecgerie
Theoretical discussions tend to favor this argument (Maister, 1985; Osuna, 1985;
Larson, 1987). For instance, Osuna (1985) developed a theoretical basis for gnalyzin
building up process of stress during the waiting period. The results gaveitaore
support to the providing “real-time” information to people in waiting situations,
particularly in the operation of public transportation systems.

But empirical evidence from a limited number of existing studies has been
mixed so far. For example, Ahmadi (1984) found that when informed of waiting
length, people tend to report shorter perceived waiting time for short waits of les
than 5 minutes. Hui and Tse (1996), however, found duration information provision
influenced perceived waiting time only in longer waits (15 minutes). &zt
(2991) in their field work in a bank found that providing wait time information
reduced perceived waiting time but did not affect stress levels and sairsfaic
customers. Similar results were reported by later empirical studather settings

(Antonideset al, 2002; Groth and Gilliland, 2006). Hui and Zhou (1996) even found
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no effect of providing waiting duration information on perceived waiting time. And
according to them, the more favorable attitude toward service due to waititiglura
information can be attributed to increased sense of control over wait and higher
acceptance level of wait.

Besides several laboratory experiments, most field experimentaneied
out in settings of post offices, shops, banks, hospitals, or telephone services. Very

little has been focused on psychologies of waiting for public transportation.

2.4.2 Passenger Actual and Perceived Waiting Time

As concerns the study of waiting time, there are two interrelated concepts
involved: actual waiting time and perceived waiting time. The definitions of two
concepts are as follows (Durrande-Moreau and Usunier, 1999).

Actual waiting time: objective time individual spends in waits, based on

reality, as measured by clocks, watches, and chronometers.

Perceived waiting time: subjective time individual experiences in waggdba

on perceptions. Subjective time is often depicted as perceptual, flexible,

changeable, and elastic, susceptible to various factors.

In transportation field, objective time is of primary interest to resees el
practitioners, as time savings is one of the major economic incentives for
transportation policy and projects.

Passenger waiting times, in objective sense, depend on patterns of passenger
arrivals and bus arrivals at boarding stops. The latter is directly inflddrycthe

schedule.
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Traditional model suggests that expected passenger waiting time is ooé-half
the transit headway (Hall, 2001). This is based on the following assumptions: (a)
passengers arrive at stops randomly; (b) passengers get on the foletsvitait
come; and (c) the service is reliable, i.e. the vehicles arrive regulansn @érvice
reliability is considered a problem, it is found that the average passengjagwaie
is expected to be longer. Therefore, when the third assumption is relaxedllthe we
known model was developed to estimate the expected waiting time shown as follows

(Mohring, et al, 1972):

—_— (2.1)

Where

Wi s expected passenger waiting time,

h is mean headway between vehicles, and

& is variance of headway between vehicles.

Empirical results show that the first assumption (i.e. random distribution of
passenger arrivals at stops) holds true when headway is small (e.g., eangals
dominate below a short headway threshold between 5 and 10 min; Jolliffe and
Hutchinson, 1975). When headway becomes longer or transit service is more
infrequent, it is expected that some passengers might plan their aativia¢sstops
according to timetables to reduce their waiting times. That is, passanigals
would become less random as headway increases.

In this regard, it is generally theorized that passengers fall in two glasses
those who are aware of schedules and plan their arrivals (“aware” pas3ecager

those who are not (“unaware” passengers) and arrive at random (Jolliffe and
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Hutchinson, 1975; Turnquist, 1978; Bowman and Turnquist, 1981). Empirical
evidences show that those aware passengers arrive by non-statioreangpaith
peak arrival rates a few minutes before scheduled vehicle departurestdmatng
their arrivals with timetables, “aware” passengers implicitlgie¢raff the risk of
missing their buses against the added time of allowing larger safetinmtall,
2001).

There appears to be little research on how trip characteristics, passenger
demographics and stop environment are related to passenger arrivasgattern
waiting time at stops. Fan and Machemehl (2009) developed an OLS model
investigating the relationship between observed passenger waitingiihaesat of
explanatory variables including bus headway, service reliability, locatadfict
periods, gender, ethnicities, and access modes. Hall (2001) also built an OLS model
with reported waiting time as a function of a host of trip and rider chard®ris
Their results show that, in addition to traditionally recognized determinants (i.e
service frequency and reliability), some of the trip and passenger aretact may
significantly influence passenger waiting time (either actual or tegprsuch as
driving as access mode, need of arriving by a set time. In Hall’'s study, daigavbf
schedule has a highly significant and negative effect on reported waiting time,

meaning that “aware” passengers tend to experience shorter waitisg time

Literature of psychology has shown that, although highly dependent of each

other, actual time may not be readily translated into perceived timenddsgists

have found a number of temporal and non-temporal variables that might account for
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the differences in time perception. Allan (1979), on the basis of a few early
experiments, has concluded that a linear function probably exists betweaugukerce
and subjective time. It has been consistently shown by empirical studidsethat t
function between subjective and objective time represents that the subject'saespons
is a simple linear transformation of perceived time. Other factors thatihagrced
perceived durations include non-temporal characteristics of actiatigstiie nature

of the activity, personal enjoyment from the activity), personal chaistats (e.g.

male vs. female), or spatial schemes (Hornik, 1984).

There exist a small number of studies that examine the correlation between
actual and perceived waiting times in the context of public transportation. Moreau
(1992) found that passengers overestimate the average waiting time (of 3.5)ninute
by 14%. The shorter people waited, the greater the overestimation of timgwaie.
With 5-minute waiting time, the perceived waiting time is reported coyreantld
with up-to-15-minute waiting time, the perceived time is slightly undenestid.

The same pattern is reported in Van Hageal. (2007). Collecting a small-sized
sample from a stop (N=83), Mishalagtial. (2006) reported a 14.6% overestimation

of mean perceived waiting times (6.61 vs. 5.77 minutes).

2.4.3 Summary

Psychology of waiting for service is a subfield that has been explored for
many years. Theoretical discussions agree that providing informationwvahiting
duration will decrease the perceived waiting time, positively influerfeetains of
waiting, and in turn increase customer’s overall satisfaction with servigariEah

investigations of this proposition give mixed information so far, suggesting that the
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aforesaid benefits of providing information of waiting duration may not occur or may
take place under certain conditions.

Public transportation is a kind of special service provided to the public by
transit agencies. Waiting for transit service constitutes a crucigiaoent of transit
trips. Transportation researchers and practitioners mostly concentiatydseon
actual waiting time as time savings in waiting are one of major benefitsnsiport
policies and projects. Thus they tend to neglect psychological aspects of faiting
transit service. When it comes to real-time transit passenger giomprovision,
using before-and-after indicators, many project evaluation studies have gradw
real-time transit vehicle arrival information may decrease perdewaiting times and
cast positive psychological effects on passengers (See Dziekan and &ib{2006
for a summary).

However, so far there exists little study that draws on psychological

framework to model impacts of transit information on passenger waityohp@iegy.

2.5 Chapter Summary

From above review of relevant literature, several knowledge gaps in
understanding traveler behavioral and psychological responses to reakhtisie tr
information can be identified as follows:

Although there is a fairly large body of literature on traveler behavior with
ATIS, the real-time transit information, as a subset of ATIS service, and its
effects on travelers have only been studied with a limited number of studies.
And the research to date employed two types of approaches, either of which

has intrinsic weaknesses in inferring real and realistic causabnsliaips
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between travel decisions and real-time transit information. And a mixed
picture has been painted so far based on previous research on this topic.
Research using revealed-preference empirical data collected-andc
settings, valid research design, and sophisticated inference techniques is
needed so badly, if we want to deepen our understanding of such particular
guestion.

There is a lack of an integrative, comprehensive conceptual framework for
understanding such issue. Effects of real-time transit information were put
forward fragmentally. An integrative, comprehensive conceptual frankewor
linking real-time transit information with all major potential effects ingic,
systematic way is needed as a basis for further investigations.
Psychological responses are largely neglected in the previous research
framework of traveler behavior with ATIS, probably with stress reduction as
an exception. However, when it comes to real-time transit information, its
potential psychological effects are not ignorable since travelepimsss to
such information may of a psychological nature mostly. Also some of those
psychological effects were identified in practice-oriented systeiuations,
psychological outcomes of real-time are hardly incorporated into the
framework as well as in scientific examination in the transportatiash fiel
Literature on psychology of waiting for service has provided some theoretical
basis and empirical evidences regarding psychological costs and outcomes of
providing real-time information to customers in waits. However, very little is

set in the context of public transportation.
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This dissertation aims at filling in some, if not all, of these gaps by 1)
proposing an integrative conceptual framework, 2) carefully designing researc
structure and collecting revealed preference data from a case-afortéeal-time
transit passenger information system; 3) modeling both behavioral and psychiologic

responses to such information with sophisticated modeling techniques.
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Chapter 3: Conceptual Framework

3.1 Introduction

Potential traveler behavioral and psychological changes due to real-time
transit information were put forward and explored by a variety of studieadingl
but not limited to, modal shift (Abdel-Atgt al, 1996; Reed and Levin, 1997; Abdel-
Aty, 2001; Chorust al, 2006c), path choice (Hickman and Wilson, 1995; Geatile
al., 2005), increased transit trips (Feetsal, 2010), adjusted behavior such as
utilization of wait time and stop change (Nijkamipal ,1996); reduced perceived
waiting time (Smithet al, 1994; Infopolis2, 1998; Dziekan and Vermeulen, 2006),
increased feeling of security (Infopolis2, 1998; Dziekan and Vermeulen, 2006),
increased ease-of-use (Stradling, 2002; Dziekan and Vermeulen, 2006), reduced
stress or anxiety (Schweiger, 2003; Sneitlal, 1994), increased customer
satisfaction (Mehndirattat al, 2000; Science Applications International Corporation,
2003).

However, effects of real-time transit information put forward by previous
research were fragmental at best, rather than under an integrative asigstem
framework. Dziekan and Kottenhoff (2007) tried to use a mind map to depict seven
possible main effects of at-stop real-time information displays (FigureThik)
mind-map format framework is insightful yet incompetent to systemigticapture
the relationships among real-time transit information and potential trédnett@viors

and psychology.
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Figure 3.1 Mind map on possible effects of at-stop real-time information displays
(Source: Dziekan and Kottenhoff, 2007)

This chapter is aimed at presenting a conceptual framework for understanding
and examining behavioral and psychological effects of real-time transiniation.
The organization of this chapter is as follows: the overarching conceptualhioakne
and hypotheses are presented in Section 2, followed by two sections elaborating
traveler trip-specific responses as well as general or cumutaspenses in details

respectively. Finally, section 4 summarizes this chapter.

3.2 Overarching Framework and Hypotheses

The conceptual framework contains the key factors, the variables and
presumed relationships amongst them (Miles and Huberman, 1994). The overarching

conceptual framework is presented in Figure 3.2.
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Real-time transit
information
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- age, income, edu.
- car ownership
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Figure 3.2 Overarching conceptual framework of traveler responses to real-time
transit information (Source: Author)

Let us suppose that some transit agency provides travelers with real-time

Traveler behavioral
responses

Traveler
psychological
response

Situational factors
- weather

- environment

- etc.

information about transit service (e.g real-time bus arrival information,daiis s

availability information) with intention to induce a change of travel-relagddhvioral

change in ways that are beneficial to the transportation system andtgeusidve

change in attitudes towards and perception of public transit service. In order for such

change to occur, first travelers must acquire the information and then the acquired

information must lead to the desirable behavioral and psychological outcomes.

Information acquisition/use is referred to as that information is sehfoher paid

attention to by travelers and processed by her. However, this dissertation, as

describe in Chapter 1, is only focused on the second stage of this process. That is, |

would like to examine the behavioral and psychological change as a result of acquired

real-time transit information, without accounting for the process of information

acquisition.
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Traveler responses to real-time transit information are classifietivoto
constructs — traveldrehavioralresponses and travelgsychologicakesponses. The
former refers to what travelers physically act upon real-time infeomathe latter
means the traveler’'s change in psychological outcomes (e.g., attindles a
perceptions) concerning transit trips and service due to real-tingttirsformation.

It has been generally acknowledged by scholars and practitioners that, unlgke ATI
for drivers, a large portion of effects of real-time transit informatioresystre
considered to be more of a psychological nature (Dziekan and Vermeulen, 2006).
Bearing that in mind, many transit agencies paid particular attention togbsgical
benefits when they considered deploying the systems and many evaluation studie
tried to assess these psychological benefits. This dissertation joiasthedars and
practitioners by arguing that traveler's psychological responses should leevednc
as an indispensible component of traveler responses to real-time transit fidioyma
when it comes to considering and assessing effects of real-time traasghgar
information systems.

Further, each type of responses is divided into two categories in terms of the
response time frame. Real-time information directly influencesaitraser’s
behavioral decisions and psychological conditions around specific transit tgps he
she engages ifirip-specificbehavioralandpsychological response®mprise the
first category.

Given a much longer response time frame, with cumulative experiencafrom
certain number of stand-alone journeys, traveler’s general travel bebhadigeneral

perceptions on transit service may adapt due to acquisition of real-time transi
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information. This is what | caieneral traveler responseshe general activity-travel
behaviors can be either a simple accumulation of deliberate trip-seaifel
decisions or some change in habitual travel behaviors. For example, for gueay tr
traveler deliberately shifts the mode choice from intended private cantattr
because of favorable information. Her cumulative number of trips by trangi¢
increases accordingly. Alternatively, a few trials of transit unelgrtrme
information may make people aware of the attractiveness of transit, bredbatthei
travel habit (e.g., driving to work), and then build a new habit in favor of transit.

As for psychological responses, psychological literature suggests that the
choice of temporal reference period (i.e. response time frame) shallito@artant
consideration in assessing the psychological conditions (€ealy 2005). Details
about trip-specific and general responses will be elaborated in the fodldwd
sections.

The construct of real-time transit information has several major dimensions

1) Information content

Abdel-Aty (2001) has found that commuters seek several types of transit
information using a stated-preference survey, including information aboutiogera
hours, frequency of service, fare, transfers, seat availability, waikneg Many
types of such transit information are potentially able to be provided realgime t
transit users. The white paper on real-time transit information issueiiAy2002)
provides a summary of various types of real-time information that can be provided

such as (adapted from FTA (2002)):
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Estimated arrival or departure times for, or “countdown” to, the next
vehicles,
Vehicle locations,
Service disruption/delay information,
Seat availability for the next vehicles,
General information on service area, fares, routes, and travel times,
Information on transfers and other local/regional transportation services,
Other real-time information, such as date, time, and weather, and
Peripheral information, such as advertisements, security related
information and updates during terrorist/emergency events, and other
general events in the local area.
It is a fact that the first type of real-time information (i.e., prediceal-time
transit vehicle arrival times) is most often referred to when realitiamesit
information is mentioned and comprehended. And this dissertation does focus on this
type of advanced transit information. In spite of that, it is noteworthy that ttpes
of real-time information may also very much influence traveler’s chaide a
psychology. For instance, a recent study by Kiral. (2009) has shown that real-
time seat availability information does have an effect on passenger ofaideis.
2) Place of information
Thanks to the advancement of modern information and communication
technologies, real-time transit information can be disseminated via ty\@friaedia.
The white paper by FTA (2002) has summarized those interactive or non-ingeract

media including Internet, Dynamic Message Signs (DMS), Interactive vegponse
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(IVR) via telephone, video monitors, interactive/non-interactive kiosks, PDAs,
Wireless Application Protocol (WAP)-enabled mobile telephones, cable televis
and Short Message Service (SMS). Peng and Jan (1999) assessed some of the means
of advance transit information delivery. And a recent stated-prefereneeatese
(Caulfield and O'Mahony, 2009) shows that providing real-time transit information
via a mobile phone short message service (SMS) can give riders very high utili
However, it is believed by the author that, what matters most to use and effect
or real-time transit information is where such information is disseminatetedia
and acquired by travelers, rather than the dissemination media per se. €heofari
media for information dissemination offers high flexibility of place of infation
use. Two fundamentally different types of information acquisition plaegsre-trip
information acquisition andn-routeinformation acquisition (e.g. access, at-stop,
onboard, and at-transfer-point information acquisition). Specifically, tnevesa
search for pre-trip information to update perceptions and make pre-trip travedschoic
(such as mode, path, departure time); or they can acquire information in theafourse
trip, and thus modify their behaviors and psychology accordingly. Of course, one can
argue that post-trip information acquisition is also possible. But generallgiisgea
the use and effects of such post-trip information are marginal.
3) Cost of information
The literature generally states that there is among travelers\willovgness-
to-pay for information provided via ATIS service (e.g. Khatakl, 2003),
especially for transit information among passengers (Molin and Chorus, 2004), as

transit riders mostly feel they have already paid for such informayiguizhasing
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tickets. In addition to monetary costs of information, searching for or @wogjuir
information may also entail other costs depending on the ease-of-use ailaltyes
of the system, such as time costs and psychological costs associated withtiofor
acquisition and comprehension. Those monetary and non-monetary costs of real-time
transit information are expected to not only determine whether informatiomis @
be used, but also affect traveler’s choice and perceptions of transit semiaesaft
it.

4) Information quality

Almost every study on ATIS stresses the importance of information quality.
Accuracy, reliability, timeliness and coverage of the information are cgeetes the
key to ATIS use and traveler’s responses. A DOT’s white paper on data quality in
ATIS applications (Ahret al, 2008) defines six measures: accuracy, completeness,
validity, timeliness, coverage, and accessibility. The accuracy ofineal-
information is always one of the top concerns for ATIS service. For example
stated-preference study (Fox and Boehm-Davis, 1998) showed that 40 percent
accuracy of traffic information would not support user trust and compliance, but that
60 percent accuracy probably would. The white paper @lah, 2008) also
recommends only 107% error range for travel time estimation in terms of prediction
accuracy. The distinction between accuracy and another seemingby siradsure,
accessibility, was given by Schweiger (2003): accuracy refers tiherha not the
information presented is correct, and reliability refers to whether or not the

information is presented consistently (e.g., updated on a regular basis to g timel
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The key to accurate predictions of real-time transit vehicle arrivaktis
two-fold: the prediction algorithm or model, and the data that are used as input to the
algorithm (Schweiger, 2003). The bus arrival time prediction models have been
generally based on historical arrival time patterns and/or other exphkamat@ables
correlated with the arrival time, including historical arrival time (ovetaime),
schedule adherence, weather condition, time-of-day, day-of-week, dwe#rtitne
road-network condition (e.g. Lin and Zeng, 1999; Shalaby and Farhan, 2004).
Accuracy of real-time transit information is more of an issue for bus tharafor t
because of the higher complexity and dynamics of road conditions.

Parallel to findings in the field of traffic-related ATIS, | would like to
hypothesize that quality of real-time transit information is also a kegveltr

behavior and psychology under such system.

Other factors that influence traveler behaviors and psychologiekaasdied
into two categories: individual factors and situational factors. Individuaraogfer
to individual or household socio-economic characteristics, such as age, income, car
ownership, etc. Situational factors are those that are not able to be controlled by
individuals, including travel time and cost, weather, built environment, and so on.
The causal links among constructs are illustrated as well in the diagram. Note
that traveler behavior and psychology are causally interrelatecheGme hand, it is
well documented that travelers’ perceptions of environment is actually in tlademi
between the object, measurable environment and the actual travel choices é€horus

al., 2006a). On the other hand, travelers’ behavioral adjustment will also directly
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change their psychology on travel and travel service. These interackernsdae in
iterations, as illustrated in Figure 2.1.

Based on above framework, two general hypotheses are proposed:

H1: Travelers will modify their travel behavior according to high-qualig)-re
time transit information use in ways that their travel becomes more
efficient and in favor of public transit in general.

H2: High-quality real-time transit information will positively affect

passengers’ psychology on public transit.

3.3 Trip-specific Responses to Real-time Transit Information

3.3.1 Trip-specific Behavioral Responses

This sub-section presents a behavioral framework for a transit trip untler rea
time transit information provision. Passenger’s dynamic travel behaoacerning a
specific transit trip with real-time transit information acquisitioas be represented
by a hierarchy of pre-trip and en-route choices as illustrated in Rglr&imilar
framework for dynamic driver behavior under real-time driver inforomeglystem
can be found in Ben-Akivat al.(1991). As a basis of proposed behavioral
framework, | adopt the generic framework by Chaerual. (2006a) for traveler's

decision process.
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Figure 3.3 Traveler Information acquisition andesff on travel choice in iteration
(Source: Chorus et al., 2006a)

In this framework, a transit trip (either repetitive or non-repetjtis
separated into two phases, namely a pre-trip phase and an en-route phaige. Pre-tr
information acquisition updates the perceptions of alternatives regarditapbe/a
paths, stops, and departure times. Based on the updated perceptions, passengers make
up the choices of intended path, stop and departure time. Note that alternatives among
paths or stops may not be always available. When there is a transit network wit
common linegacing a passenger, she may choose between lines with different arrival
times and travel times. With pre-trip real-time carrier arrivadnmiation, one may
choose the express line even the bus comes after the slow one. Also, with more than
one transit stops available for a passenger to access, she may choose the one wi

more desirable environment (e.g., more sheltered, lightning) even if ithefdirom
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where she begins the trip, because she acquires and processes thereal-tim
information and is sure that there is no risk missing the coming bus. Be awdhethat
passenger may choose the slow bus or undesirable stop if the real-time arrival
information is unfavorable to the express line or desirable stop.

After the passenger reaches the intended stop, she can acquire the atstop re
time information to update her perceptions for the first time (is she did not acquire
pre-trip information) or again (if she did acquire pre-trip information). Naethis
at-stop information acquisition can take place any time between the afrihal
passenger and the vehicle, and can take place multiple times. For examplepNijkam
et al, (1996) found from the case of the STOPWATCH in Southampton, UK, that
more than 50% passengers looked at the at-stop electronic information several time
In this sense, the perceptions of travel choice sets may be updated more than one
time. On a basis of the updates of perceptions of alternatives, a series e$ eneito
be made by the traveler:

(1) Trip quitting or modal shift The traveler may forgo the trip (especially when
this trip is not mandatory) or turn to another mode when she is aware of a long
wait time from the real-time information acquisition. For instance, Nijkemp
al. (1996) report that in case of a long wait time as indicated by the at-stop
displays, of the people who leave the stop, about 39% walked all the way, and
7% hailed a taxi/lift. In either way, the transit trip is put in an end.

(2) Stop changeFacing the long wait as suggested by the real-time information,
if the passenger chooses to continue the trip with transit mode, she can make

another decision to tackle the long wait — walking to a different stop. Again in
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the case of STOPWATCH, Nijkangi al. (1996) report that of those who

leave the stop, 30% walked to another stop. Also in a stated-preference survey
(Ferriset al, 2010), 78% respondents reported they were more likely to walk

to a different stop, of whom about 70% would like to walk to a different route,
50% further down the route, and 25% back up the route. Passengers make this
stop change decision for various reasons. The most prominent one is
obviously to turn to a presumably faster route in order to reduce the waiting
time and total travel time. If the real-time information for alternatotees is
acquired at the stop and it turns out to be favorable (e.g. much less waiting
time), it makes more sense to turn to that route by walking to other stop. Other
reasons for walking to a different stop are 1) choosing a stop with desirable
environment (e.g., with shelters, lights, seats) to address some concerns (e.g.
comfort, safety); 2) walking backward the route to beat the waiting crowd and
increase a chance of getting a seat in bus; 3) walking downward the route for
exercise or just for occupying the waiting time. Mathematicians hegkettr
compute some mathematically optimal “bus waiting strategy” (e.g. Saniee
1987; Cheret al, 2008). However, with real-time arrival information, waiting
strategy may be even more truly optimal.

(3) Diversionary activities around stof his is another choice a passenger can
make to cope with a long wait. When a passenger is aware of the bus arrival
time, she may leave the stop to undertake various activities nearby and return
when the bus is due (Science Applications International Corporation, 2003).

In the case of STOPWATCH, around 20% of those who leave stop walked to
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a shop or bank nearby (Nijkanepal, 1996). A variation of this behavior

would be that if the passenger acquires bus arrival time via other media (e.g.,
phone, SMS, WAP website) on her way to the stop and is aware of the long
wait, she can drop by some shops or banks before arriving at the stop.

(4) Path choiceThere are two scenarios when a passenger may divert from her
intended transit path. First, as discussed above, long wait time suggested by
real-time information induces the passenger to walk to another route with
faster speed or less waiting time. Second, when there are two common lines —
an express line and a slow line, the passenger is often faced with the problem
of choosing between either to board the arriving slow bus or to wait for a
express one. If with real-time information system the passenger khatuhé
express bus is only 1-2 minute after the slow bus, chances are that the
passenger will skip the slow bus coming first to wait for the express bus, in
order to minimize the total travel time. This scenario has actually been
simulated by Hickman and Wilson (1995) and Gemtilal, (2005). Both
frameworks hold the assumption that a passenger’s strategy is to minimize her
total travel time. Drastic differences of the passenger loads on sxgés

slow lines were found.
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Figure 3.4 Trip-specific travel behaviors with re@he transit information (Source: Author)

The dynamic nature and complexity of these en-route travel behaviors under
real-time information is noteworthy. As mentioned above, multiple information
acquisitions and perception updates are possible. Thus at any point before the
passenger boards a vehicle, she can always go through the process of acquiring

information, updating perceptions, and making and executing any of these choices,
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again and again. In addition, these choices are arranged in the framework with a
plausible, logical sequence. However, one can argue that these decisionsgare bein
made simultaneously and some of the choices are even alternatives to eadfoothe
instance, in face of an expected long wait for the intended bus, the followingdecisi
tree is possible for the passenger (Figure 3.5). Another note relatedyentral
hypothesis H1 is as follows. Some of the changes in trip-specific behassanped
above may seem not to be in favor of transit (e.g. trip quitting, modal shift). However,
in all cases either travel efficiency is achieved (e.g., less wairigg less travel

time, better use of time) or some concerns are addressed (e.g., comfgit, safet
Therefore, higher utility associated with specific trip-making nisast always the
consequence when high-quality real-time information is acquired and traveldrehavi

is adjusted accordingly.

Trip quitting Modal shift Change a path Stay with

/\ /\ intended path

Walk Taxi Other Stayat Walkto Diversionary Walkto jyst wai
the stop  another activity another sto|

route /\

Walk Walk
upward downward

Figure 3.5 A possible decision tree when long gaéxpected (Source: Author)

3.3.2 Trip-specific Psychological Responses

The proposed conceptual model for trip-specific psychological responses to

real-time passenger information system is illustrated in Figure 3.6.
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This model is based on the theoretical framework that research on psychology
of waiting for service has built, taking into account the distinctions of public
transportation. The outcome variables are classified into three leveiggested by

prior work. The lower levels of outcomes may influence the high levels of outcomes.

Waiting
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s Actual
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Level 3
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Figure 3.6 Conceptual framework for trip-specifigyphological responses to real-time passenger
information (Source: Author)

The first level is perceived waiting time. Real-time transit inforamahias
actually direct and indirect effects on this critical psychologicsgioase. The
intermediate construct along the indirect path is actual waiting time, \nghizh
doubt one of determinants of perceived waiting time. In fact, psychologicatuite
suggests a linear function between perceived and actual waiting time, (29[29).
Passengers who acquire real-time transit information may adjust thewndretoa
reduce their actual waiting time. In turn, passenger perceived gvéitie is reduced.
The direct link between real-time information and perceived waiting tiiggests

that, even if actual waiting time is the same, providing real-time bus arrival
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information may psychologically address the problem of exaggerationasiyped
waiting time. Mishalani et al. (2006) even assumed that passengersdaitedicted
bus arrival times, which are indeed the actual waiting times if accupatahcted, as
their perceived waiting times.

The second level is affective reactions to the waits. Anxiety is one of
commonly mentioned affective reactions. While waiting for the coming transi
vehicles, as the clock ticks, passengers easily feel stressedarsaalkout such
threats as missing the vehicles, missing the connections, being late to the
appointments, until they board on the right vehicles and make sure that the vehicles
will get to the destinations within their schedule. It is generally acdepés after
having to wait for a certain amount of time, anxiety and stress start to buildmp in a
individual, due both to the sense of waste and the uncertainty involved in a waiting
situation (Osuna, 1984). Real-time information is presumed to lower this waiting
anxiety by significantly reducing the uncertainty associated withingaithe
backward link from anxiety to perceived waiting time is derived fronskégss third
proposition:Anxiety makes waiting seem longer

Another outcome of the second level, feeling of security, is a special one to
the public transportation service. Since waiting for transit service yrages place
at outside transit stops, passengers are subject to incidental crimesmodél, it is
hypothesized that decrease in perceived waiting time caused bymeahtormation
use will increase passenger’s feeling of safety. In addition, justéhe existence of
such an information feedback system creates a general sense of tragiublic

transport system (Dziekan and Kottenhoff, 2007).
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The ultimate outcome variable is the passenger satisfaction with this trip-
specific transit service offered by the operators. Unlike attitudes whishpetor to
and subsequent to encounters with a product or service, satisfaction is a direct
response to a product or service (Friman and Garling, 2000). Outcomes of previous
two levels contribute to this overall satisfaction. Besides, the mere provisaonvai
information boosts passenger satisfaction with transit service consumed by

passengers for particular transit trips.

3.4 General Responses to Real-time Transit Information

Two major general travel behaviors with real-time transit informatien ar
identified in the frameworkransit trip increaseandhabitual mode shift

Ridership increase is always one of the main reasons for transit agencie
invest in real-time transit passenger information system, becausentthisfkincrease
can be directly translated into revenues (Schweiger, 2003). Nijkaadp(1996)
listed various induction effects of STOPWATCH on new transit traffic. To
summarize their propositions among others, ridership effect of real-tinsttra
information is actually twofold: either travelers shift from other modegmibdic
transportation (especially for new or infrequent transit riders), or theg make
trips than before with transit as the mode for additional trips (more likelydiquént
transit riders). In either way, from the standing point of individual travelees
transit trip-making frequency is hypothesized to increase because tfiredtansit
information use.

The habitual travel choice is defined as repeated choice of a travel behavior

without deliberation (Gérling and Axhausen, 2003). For instance, travelers may
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repeat his commuting mode everyday without deliberately search foragites)
which can be referred to aabitual mode choicéAny attempt at influencing the
travel choice may fail if choices are habitual. At least it takes additioeasures to
make the choices deliberate before they can be changed (Dahlstrand & Biel, 1997)
Fujii et al.(2001) found that a forced change of a routine mode choice (driving to
work) did make people aware of the attractiveness of other alternatives (publi
transportation). Providing travelers with real-time transit informati@tsis
hypothesized to have the potential of making travelers deliberately choosefiistns
and then use transit as their habitual mode with a certain period of adaption.

A variety of service quality attributes/factors of public transportation have
been identified by different studies (e.g., Andreassen, 1995; Eboli & Mazzulla, 2007)
including, but not limited to, service availability, frequency, reliability gitraveling,
cost, information, safety, quality of vehicle (see TRB(1999) for an examptd Ut
transit service quality measures). Theoretical and empirical steulygest that transit
rider’s perceptions of these quality areas influence their overall sabsfadth
transit service to various degrees (see a model in Figure 3.7). Custdsfactsan is
the accumulated experience of a customer’s purchase and consumption egperienc
Assuming that the customer is capable of evaluating the service qualitgsthies
compared to expectations prior to purchase or consumption. Any discrepancy leads to
disconfirmation; i.e. positive disconfirmation increases or maintains satmsfand

negative disconfirmation creates dissatisfaction (Andreassen, 1995).
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Figure 3.7 A (dis)satisfaction model (Sourégidreassen, 1995)

We know that real-time transit information does not change the objective
service quality attributes, except for the information availabilityh&at may
change or update rider’s perceptions of some quality measures, and in turn these
changes may contribute to higher overall satisfaction. Perceived sgumality
attributes that may be modified by use of real-time transit informatioideméfied
as follows. Note that we focus on general perceptions accumulated fronicsjoigcif
experiences that may be influenced by real-time transit informatioy &wes.

1) Increased general feeling of securiBeal-time traveler information
contributes to an increased general feeling of security against atmeablic
transport stops in general and especially after dark (Dziekan & i&eme
2006). The reasons are multifaceted: first, reduced perceived waiting time
makes passengers feel less time of exposure to potential danger or crime;
second, when real-time arrival information is provided, travelers may choose

to adjust her behavior in order for obtaining higher safety, such as walking to
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a different stop, turning to a different mode; third, even if waiting is
inevitable, reduced uncertainty with knowledge of real-time but arrival time
may boost travelers’ sense of security, especially at night or at unsawpsy

2) Increased perceived on-time performanSehedule adherence or on-time
performance refers to the level of success of the transit serviceegnan
the published schedule. The GPS-enabled real-time information system may
virtually improve the on-time performance since dispatcher can monitor for
any route or time deviations and provide the drivers with guidance in real
time. On the other hand, even if the on-time performance keeps unchanged,
the passenger may have a feeling of increased adherence of bus selvice, wit
real-time information provision.
In addition to the change in perceptions of service quality, there is a special

type affective reaction to experience of waiting for public transportagvhich is:

3) Decreased general waiting anxietyumulatively, stress or anxiety passengers
build up while waiting for transit in the course of specific transit trips leat
to a general level of anxiety. By hypothesis, real-time information use will
lower the general waiting anxiety, which will generate some health henefit

4) And finally, the ultimate construct of general psychological respdmngeer
overall satisfactior{or cumulative satisfactiogn Two conceptualizations of
satisfaction are presented by literature in psychology and business —
transaction-specific satisfaction and cumulative satisfaction (Joleson
1995). Overall satisfaction is viewed as “a cumulative, abstract constatct t

describes customers’ total consumption experience with a product or service
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to date” (Johnson and Fornell, 1991). Satisfaction, in this view, is not a
transient perception of how happy a customer is with a product or service at
any given point in time. It is a customer’s overall evaluation of his or her
purchase and consumption experience to date. Because this cumulative
satisfaction directly affects customer loyalty and subsequent protyaliili
serves as a common denominator for describing differences across firms an
industries. In sum, while a transaction-specific view of satisfaction pevide
valuable insight into particular, short-run product or service encounters,
cumulative satisfaction is a fundamental indicator of a market’s (ordjrm’
current and long-run performance. This has depicted exactly the difference
between the trip-specific satisfaction and the overall satisfactintrainsit
service in the context of public transportation. Parallel to previous discussion,
the effect of real-time transit information on overall satisfaction gy ti&o
paths: Thalirect pathis that the provision of real-time information per se is
considered as a type of effort the transit agencies make to improve #ie tran
service, and passengers generally appreciate this effort and feel trefiedsa
with overall service. Thandirect pathis that use of real-time transit
information first updates passenger’s psychological outcomes of lowés leve
(e.g. feeling of security, perception of on-time performance, anxietg)ina

turn boosts the global satisfaction.

3.5 Chapter Summary

This chapter presents an integrative, systematic conceptual framework for

exploring major behavioral and psychological effects of real-time trarigrmation
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system. This framework takes into account changes in both traveler belmalior a
psychology in different response time frames. In addition to the overarching
framework, trip-specific and general responses were elaboratedlashgthapter
has provided with a solid basis for analyzing effects of real-time trafsimation

with empirical data.
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Chapter 4: Methodology

4.1 Introduction

The purpose of this dissertation is to empirically examine behavioral and
psychological effects of real-time transit information acquisitioi wetvealed-
preference data. The research methodology is presented in this chaptefovitimd
organization. Section 2 presents the detailed research design, with jlistifafa
revealed-preference approach, introduction to the case for study, andtedabara
guasi-experimental design for studying general responses. Section 3 thetatla a
number of surveys conducted for collecting first-hand empirical data. Section 4
presents a variety of variables that measure the key constructs in the cdnceptua
framework, followed by a brief summary of analytical methods in Section Slykina

Section 6 summarizes this chapter.

4.2 Research Design

4.2.1 Consideration of Data Collection

When considering the issue of data collection for travel behavior analysis,
arguably there are three main categories of data-types that toggifesent the bulk
of the theoretical and empirical research efforts in this field:

1) Simulated dataHypothetical travelers who have certain personality traits,
such as preferences, decision styles, knowledge levels, are createdub2yisg
their travel choices, insights can be gained into the working of behavioral models at

the individual level, or even at a network level. Thanks to the low costs and high
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flexibility, simulated data have been quite popular throughout the yearsiatiypes

a first step towards empirical model validation and estimation when seaveest

yet available. For example, a behavioral model of transit path choice built by
Hickman and Wilson (1995) was tested with simulated data and the effect of real-
time arrival information was then explored.

2) Stated-preference (SP) dat@P survey presents participants with
hypothetical alternatives, and asks them to indicate which of the availrteatl/es
they would choose in real life, or asks them to state their needs, willingness to pay
for, or preferences for the alternatives. The advantage of SP-methodssalsesfin
their low-cost, flexibility and efficiency. For example, it is possiblecaseful
design, to control experimental conditions in such a way that variations in choices or
preferences can be efficiently attributed to each of the explanatory variosite
studied. Another advantage of SP-approach, also shared with simulation approach, is
the capability to evaluate the demand for products and services that are not yet
available in the market at the time of the investigation. The principal dravah&P
approach is its limited external validity: individuals' stated prefesenagy not
correspond closely to their actual preferences. They may diverge because of
systematic bias in SP responses or because of difficulty in carrying olR the\iy
(Wardman, 1988). Examples of SP approach include early studies by Abadstl-aity
(1996) and Reed and Levine (1997), mostly because of unavailability of real-time
transit information systems at that time.

3) Revealed-preference (RP) daRP-surveys collect data concerning choices

that are actually made, or behaviors that are actually performed, by tranelers
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real world. The advantage of RP data is that it is based on actual decisions, which
gives RP data high reliability and face validity. The notable disadvantades tise

of RP-data, when compared to SP, are the following: Firstly, sometimes &P-dat
simply do not exist as the service is not available in real life. Secondly, avé¢hef
experimental control is low, RP-data often suffer from little variation in, and
collinearity among, explanatory factors; therefore, a large number afvalisas

might be needed in order to obtain meaningful parameter estimates. Another flaw of
RP-data is that the service, which is to be evaluated, may not be randomly used by
travelers. The non-stochastic nature of treatment in RP data may threatatidity

of results.

As we have reviewed in Chapter 2, the majority of scientific studies to this
date employed either simulated or SP data, since probably the realainsié tr
passenger information systems were not ubiquitous when these studies were
conducted. Therefore, the external validity of these studies is presumably low.

Recently, the real-time transit passenger information systenfeg more
and more popular in many countries. Thus it is more feasible to collect RP data in
order for gaining higher external validity. This dissertation is intenol&d in the
gaps and utilize revealed-preference approach as data collection metlodbakg
case of Real-time Transit Passenger Information System (RTPt$ thde
examined is the ShuttleTrac system deployed and operated by Departments of

Transportation Services (DOTS) at University of Maryland, College Park.
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4.2.2 A Case of ShuttleTrac System

University of Maryland, College Park operates a Shuttle-UM systéimawi
60-vehicle fleet, serving College Park campus and commuters from nearby
communities. The students, faculty and staff of the university may use Sbttle-
free of chargé During summer 20086, the University’s DOTS started to implement a
GPS-based Real-Time Passenger Information System, named Shutffer itacs
project, DOTS contracted with transit technology integrator Connexionz, Ltd., based
in New Zealand, to develop a Real-time Tracking and Passenger Inforr(Riiel)
system. The cost of this venture was $350,000 (UMCP, 2007).

The ShuttleTrac system is composed of five components (Figure 4.1):

1) 30 touch-enabled BusFinder terminals at select on-campus and off-campus
stops. These terminals are battery powered and receive tracking
information via radio signals. A passenger simply pushes the button for
the particular route of interest, and the terminal displays the estimated
arrival time of the next bus on that route at that respective bus stop.

2) A large display screen at an activity center, Stamp Student Union. Nearly
all shuttle lines either depart from this stop or pass by it. Arrival
information for routes that pass next to the Stamp Student Union is
displayed on this screen, much like an airport arrival & departure screen.

3) An Interactive Voice Response (IVR) system for telephone inquiry. The

passengers may contact an Interactive Voice Response (IVR) system

3 In fact, students have to pay for the Shuttle-WwWise as a portion of mandatory fees charged every
semester. The Shuttle-UM student fee is $61.5 gmester in Fiscal Year 2006, and $65.7 per
semester in Fiscal year 2007. However, these aentally hidden costs.
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enter the passenger stop number, and receive the estimated arrival times of
buses scheduled to arrive at that stop within the next 30 minutes.
4) A website for Internet inquiry. Passengers may visit the website by

following a link from the main DOTS websitenyw.dot.umd.edy He or

she will then choose which route they wish to ride, and the passenger stop
at which they wish to board, and the system will display arrival times for
buses arriving at that stop within the next 30 minutes.

5) A website for WAP-enabled handheld inquiry. The user simply points his

or her browser tovww.shuttle.umd.edand enters the passenger stop

number to acquire the arrival times of shuttles for that stop within the next
30 minutes.
Therefore, travelers can acquire real-time shuttle arrival infoomati
(estimated arrival times of buses scheduled to arrive at that stop withirxti@ne

minutes) via various media both pre-trip and en-route.

64



Figure 4.1 Five ways to use ShuttleTrac (Soureew.dot.umd.edu

Figure 4.2 Online query of real-time Shuttle ardii@ormation (Source: www.dot.umd.edu)
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Each bus is equipped with a GPS and radio transmitter BusPack which is
constantly in communication with the Real-time Tracking server (RTT% Thi
information, coupled with data from the Historical server, is used to estimatd arr
times. After the BusPacks were installed during the summer of 2006, tiohiadide
adherence data was gathered on each route throughout the fall semestetr lzaifl firs
of the spring semester. This extensive data gathering and fine tuning ofitiae r
schedules allow the system to increase accuracy of arrival predicti@mShnttle-

UM dispatchers use an automatic vehicle location (AVL) application to tneck t
buses on their routes and monitor for any route or time deviations. Although since
December 2006 ShuttleTrac has been accessible via Internet and telephazes, i
been fully functional only since the early April of 2007. All in all, this system
represents the-state-of-practice of real-time transit passerigenation system.

There are several advantages and disadvantages in utilizing this sysitem as
case study. One of the advantages is pertinent to timing of this dissertatiarche
This research was proposed right before the deployment of systems andeheerefor
carefully designed before-and-after research was applicable soghet halidity can
be obtained. One special feature of ShuttleTrac system is that acquisrgaitoime
bus arrival information requires a certain amount of effort, such as pushing the
buttons on BusFinder, getting online or calling the phone number. One good thing
about it is that not all of travelers will make the effort, even if the systenwaitable
for a while. Therefore, two groups of travelers, either with (users) or without

treatment (non-users), can be easily differentiated. However, the downdwe of t
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feature is that we have to take into account the non-randomness of ShuttleTrac use i
our research design and analysis, so as to increase the validity of our results.
Another inevitable challenge to this case is the generalizability edres
findings concerning such system in the context of a special transit sysem (
ShuttleUM). It is obvious that Shuttle-UM system differs from other typidaén
public transportation systems in many aspects including fares, coverage gta nam
few. The principle difference lies in the population of service: Shuttle-Ulese
only the university community, whose travel behaviors and preferences ayedikel
be different from general public. This issue will be discussed in details fiméhe
chapter.
Nevertheless, ShuttleTrac system provides a good opportunity to be selected

as the case for studying traveler responses to the real-time shutdeiaformation.

4.2.3 Quasi-experimental Design

Different research designs were employed to study general arspéjfic
traveler responses to real-time passenger information. As discussegterGha
general responses are accumulated from response in individual encounters or
experiences. It is then feasible to measure the cumulative behavioral and
psychological variables before and after the deployment of ShuttleTracsgat
infer the causal effects of such system out of the before-and-after camnparis
Therefore, theuasi-experimental desigmore specifically, pretest posttest
nonequivalent group desigwas utilized in this research in this natural-experiment

setting, as illustrated in Figure 4.3.
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Figure 4.3 Quasi-experimental design of researclyeneral responses (Source: Author)

As shown in the diagram, the “treatment” of our interest is the real-time
information use. Hypotheses proposed in Chapter 3 state that, with use of real-time
transit information, travelers modify their behaviors in favor of transit (sdgra
general response, increase transit trip-making frequency and shittahabdde to
transit) and positively change their perceptions of and attitudes towards transit
terms of information use, there are two groups: information users in the tin¢atme
group and non-information users in the control group. In our research design, if one
traveler reports in the survey that he or she ever used ShuttleTrac at leasieonc
she is then assigned into the treatment group. Efforts demanded for making the
actions to acquire real-time information ensure that the number of persoech in ea
group is comparable with each other. If some Variable Message Signswaialled
at every stop, people in treatment group will very likely outnumber people in control

group as information ease-of-use is much higher in this case.

68



In this quasi-experimental design, one pre-test (Pre-test, i.e. Wavel) and two
post-tests (Post-test 1, i.e. Wave2; and Post-test 2, i.e. Wave3) are proposed in order
to ascertain effects of real-time transit information at differeme fpoints. Because
the treatment (first ShuttleTrac use) can take place either betwe¢asPand Post-
test 1 or between Post-test 1 and 2, three groups can be identified as follows (see
Figure 4.3A): Group 1 contains travelers whose first use of ShuttleTrac ig befor
Post-test 1; Group 2 contains travelers who use ShuttleTrac between Pbstrigst
Post-test 2; and Group 3 consists of those travelers who never use ShuttleTrac.

To examine the effects of ShuttleTrac use at Wave2, the treatment and control
groups can be identified (see Figure 4.3B): Group 1 is equivalent to treatiment gr
as travelers in this group use ShuttleTrac before the time point; and Group 2 and 3
comprise the control group. Similarly, if we turn to examine the effecthwt!&Trac
use at Wave3, the treatment group is then composed of Group 1 and 2, and Group 3
comprises the control group (see Figure 4.3C).

The Quasi-experimental designs are considered better than pre-egatim
studies in that they employ a means to compare groups. They fall short, however, on
one very important aspect of the experiment: randomization of treatmenpl¢€hm
and Stanley, 1963). In our case, conceivably the ShuttleTrac use, as the treatment
travelers, is unlikely to randomly occur among travelers. Some types ottaed
inherently more inclined to acquire real-time shuttle arrival inforonatin other
words, self-selection bias may occur in this case as those travelers, raliese t

behaviors and preferences favor Shuttle-UM, deliberately sort themsaivesa
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ShuttleTrac user group. Different statistical approaches are dtibzgy to address
this potential self-selection problem in the next Chapter.

Note that so far what we are talking about is only traveler’s general/
cumulative responses to real-time information. As far as trip-speegfponses are
concerned, | did not propose a similar quasi-experimental design framewoukdeca
of two reasons. Firstly, collecting information concerning trip-specificsiens and
feelings normally involves on-site surveys. It is simply not feasible tafiedame
group of respondents (a panel) who can fill out the questionnaires two times. The best
one can do is to collect two repeated cross-sectional datasets for pre- and post
deployment time points. Secondly, trip-specific behaviors and perceptionsdirggbi
to each specific trip, and thus behaviors and psychologies concerning spesific tri
before real-time information systems may not constitute good referemadter
using the real-time information. After all, these decisions or feelinggesiyemuch
trip-dependent. As a matter of fact, in travel behavior studies rarely rebdzda
used to model trip-specific travel decisions.

As a result, one cross-sectional dataset after the deployment of ShattteTra
sufficient to conduct a research to examine how real-time transit informat

influence traveler’s behavior and psychology for specific shuttle trips.

4.3 Survey

To examine travelers’ responses to new ShuttleTrac system and eusluate i
effectiveness, DOTS at the University of Maryland, College Park sponsored a
comprehensive study which consists of three types of surveys —three-waved panel

online campus transportation surveys, two-waved panel one-day travel dianssurve
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and repeated two-waved cross-sectional shuttle onboard surveys, all designed and
administered by the author. Data used in this dissertation were extractethé
three-waved online surveys and the cross-sectional onboard survey in Wave2 (See
Figure 4.4). The Wavel and Wave2 surveys were conducted within an academic year
of 2006-07, and Wave3 survey was conducted in the first semester of academic year
2007-08. There was no other major change regarding shuttle service such as
scheduling or routing. This makes the surveys more valuable in sorting out the effec

of ShuttleTrac.

Wave 1 ! Wave 2 Wave 3
Sep. 13 - Oct. 12,2006 ! Apr. 19 — May. 13, 2007 Nov. 6 — Nov. 23, 2007
]
:
|
Wavel Online Survey F———>] Wave2 Online Survey > Wave3 Online Survey

Wavel Onboard Survey Wave2 Onboard Survey

Wavel Travel Diary . . Wave?2 Travel Diary
Survey | Survey

Deployment Marketing
Dec. 2006 Apr. 2007

Note: Only data extracted from four surveys (shaaezte used in analysis.

Figure 4.4 Surveys conducted by author and usethferesearch (Source: Author)

4.3.1 Campus Transportation Survey

The online Campus Transportation Survey was conducted for pre- and post-
ShuttleTrac periods. Wave 1 started on September 13, 2006 and ended on October 12,
2006. Wave 2 started on April 19, 2007, two weeks after campus-wide marketing of

ShuttleTrac, and ended on May 13, 2007. Wave 3 started on November 6, 2007, and
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ended on November 23, 2007. The purpose of the before-and-after survey is to
explore potential shuttle trip increase, and overall attitude/perception chacaese
of real-time shuttle arrival information.

Questions in the online questionnaires for all three waves asked about three
types of information: 1) commuting pattern for off-campus residents, 2) use and
perceptions of Shuttle-UM, and 3) personal characteristics. Additional questions
about awareness and use of ShuttleTrac (if any) were presented in Wave2va3d Wa
guestionnaire (see Appendix 1).

The sampling strategy is as follows: in wavel, online recruiting methods were
used targeting the entire university community, including 1) recruitinglesent to
various campus email-lists three times, 2) recruiting message published museam
wide daily online FYI system twice, and 3) advertisement on DOTS website. To
ensure adequate presence of shuttle riders grouping the sample, some suaplement
recruiting methods were used, including 1) posters at two campus shuttle sBglters
fliers handed out at a major shuttle hub, and 3) advertisement on shuttle onboard
survey forms. In wave 2, we sent out emails directly to the respondents of Wavel
survey three times, trying to recruit them for Wave2 survey. Meanwhile, new
participants were recruited using similar methods as in wave 1. In Wave3, only
emails were directly sent to respondents of Wavel and Wave?2 three times ito order
recruit as many respondents from previous two waves as possible. No new

respondents were recruited this time. Because it was impossible for us to keep the
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record of the number of people who received theurgieg message, there is no w

to calculate the response I”.

,/’/ \\ — T~ Sample Size
/ X AN
/ N\ N Wave 1 1679
/ = \ Wave 2 1367
| / \ \
i Wave 1 | P _ \ Wave 3 1089
\ N L\ YaveZ Wave 1+2 panel 623
\ y—— ——N\ / Wave 1+3 panel 750
AN I- - —= \ / Wave 2+3 panel 715
~ | —o—— I Wave 1+2+3 panel | 376
\ Wave 2 /
\ T
\. /
. V4
N S
L

Figure 4.5Samples of Threwaved Online Surveys (Source: Author)

The sample sizesf Wavel, Wave2, and Wave3 are 167%7,3and 108.
Out of 1679 Wavetespondents, 623 (37%) participatelWave2survey, 715
(42.6%) participated in Wave3 survey (see Figuéy. A large number cWave 1
respondents did not participateWave 2 or Wave 3urvey because they were |
required to makene commitment of doing it age in the first placeWe assume thi
the attritiondrom the study \ere random.

Different paneldatases was used for analysis in this dissertati®danel dat:
analysis becomes more and more popular in traretpmtresearc because of it
advantages over crosectional data. Not only panel data are particylaskful in
answering questions about the dynamics of changelgo they provide strong
evidence for causal inference than c-sectional data because unobse

heterogeneity was controlled f

* Total population of the university in Academic Y&@00¢-07 is 39,414breakdowns: Undergradus
student: 24,776Graduate studer8,149; Faculty: 2,410; Staff: 4,079) (sourh#p://www.as-
architects.com/comparing/campuses/illustrationsfuhim)
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A concern of wave2 survey is that it started only two weeks after extensive
marketing of the ShuttleTrac service and insufficient time had passed teledua
test the impact of the intervention. Some components of ShuttleTrac had already been
functional and available to the public before the marketing of ShuttleTrac. For
instance, phone numbers and Internet had worked since the beginning of the spring
semester. But it was not until early April that the busfinders were deploged a
extensive marketing was run. Therefore, travelers may not have enough toesto a
their behaviors and perceptions. Nonetheless, we consider Wave2 survey data as an
adequate empirical basis for understanding how travelers respond to the SduttleTr
system in a short run. To complement Wave2 survey, Wave3 survey was conducted

to further understand the responses in a longer run.

4.3.2 Shuttle-UM On-board Survey

The Shuttle-UM on-board survey was administered between April 24 and
May 10 by the author to ascertain riders’ trip-specific responses toeghattl The
author has done the most of field survey with help from some friends as surveyors.
All 17 shuttle lines were covered in the survey. A questionnaire was distribote
board buses in paper form (see Appendix 2). As passengers boarded the bus and sat
down, the surveyor announced the survey before asking each passenger whether they
want to fill out a brief survey about their trips. The registration to win an iPod shuffl
was offered to those who completed a survey as the incentive. Because most of the
passengers are UMD students who are willing to help, the responsebeti®esn

90% and 100%. The questionnaire consists of 32 questions, and was designed to be
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completed in about five minutes, making it feasible for most riders to finish the
survey during the course of their ride.
The focus of the questionnaire was on ShuttleTrac usage and accuracy, along
with rider’s psychological conditions while waiting. It included questions conugr
1) Trip characteristics, such as boarding and alighting stops, origin, destinati
access modes, and purpose;
2) Perceived waiting time at the boarding stop;
3) ShuttleTrac usage (when, where, and what media) and perceived accuracy;
4) Perception of on-time performance of the bus;
5) Activities passengers were engaged in while waiting;
6) Passenger’s general attitudes towards Shuttle-UM and ShuttleTrac; and
7) Personal characteristics.
The sample size of Wave2 onboard survey is 686. Even though the total
number of riders approached by surveyors was not kept track of, from the observation
it is safe to say that the response rate of onboard survey is fairly high 8@Bout

90%) as Shuttle-UM riders were generally very cooperative.

In the original research plan for this dissertation, on-board surveys and travel
diary surveys were proposed to capture some, if not all, of trip-specitawvioeal
choices induced by real-time information, as conceptually discussed in Chapter 3.
However, it turned out that the trip-specific behaviors are not feasible to benedam
in our case because: 1) the Shuttle-UM has only little common lines, thus path choice

may not be a feasible decision for riders to make; 2) onboard surveys weratighere
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limited in only interviewing riders on the vehicle, so some choices (e.g. tripnguitti
modal shift) made by non-riders cannot be captured; 3) Wave?2 travel diary survey
only gave a very small number of ShuttleTrac users, perhaps because ofrigetimi
Wave?2 survey. As a result, there will be no empirical analysis in tripfgpec
behavioral responses to real-time transit information in this dissertation,\aitid it
remains in conceptualization. This is one of the major limitations of this rasearc
acknowledged by the author. Details about this limitation and future researct towa

this issue will be discussed in the final chapter.

4.4 Measures

The objective of my analysis is to figure out the relationships between real-
time bus arrival information acquisition and the behavioral and psychological
responses as hypothesized in the conceptual framework in Chapter 3. Before | turn to
the analytical methods, the measures of the constructs | propose in the conceptual
framework are presented in this section. The measures are all deoivethé self
reports of respondents in surveys.

Considering the special properties of ShuttleTrac, two sets of variables ar
operationalized to measure different dimensions of the construct ofmealréinsit
information for examination of general responses and trip-specific responses

respectively (see Table 4.1).
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Table 4.1 Measures of Real-time Transit Information

Dimension Variable Type

For general responses

Whether traveler has used ShuttleTrac anytime | Dummy

Information acquisition
before survey

Whether traveler perceives that the ShuttleTrac isDummy

Information accuracy 50% or below accurate

For trip-specific responses

Whether rider used the ShuttleTrac to acquire preBummy
Information acquisition and | trip information for this trip
place Whether rider used the ShuttleTrac to acquire at- Dummy
stop information for this trip

Whether rider thinks the bus was early against | Dummy
ShuttleTrac prediction for this trip
Whether rider thinks the bus was late against Dummy
ShuttleTrac prediction for this trip

Information accuracy

Our principle interest is in the effect of ShuttleTrac use. For study on g§enera
response to ShuttleTrac use, firstly a dummy explanatory variable wasted from
the Wave2 and Wave3 online surveys to indicate whether or not the shuttle rider has
ever used one of the devices of the new ShuttleTrac system to acquirmeeal-ti
information. Although respondents told us how many times they have used
ShuttleTrac, the frequency of ShuttleTrac usage was not directly incorporated
models to avoid likely endogeneity, which is caused by reverse causaldye— m
shuttle trips and positive perceptions on shuttle cause more ShuttleTrac use.
Secondly, another variable is the perception of ShuttleTrac accuracy. Based
on ShuttleTrac user’s reply to the question regarding their general percetvedcy
of ShuttleTrac prediction (five categories are always accuratelynagsurate, 50%
accurate, rarely accurate, and never accurate), a dummy varialijeneaated to
show whether the individual real-time information user perceives that that the
accuracy of ShuttleTrac is 50% or below (i.e. respondents checked 50% accurate,

rarely accurate or never accurate). Naturally, the reference grthgseswho
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checked always accurate or mostly accurate. According to the hygothéskind of
user perception of “mis-information” would negatively influence their behavidr a
psychology.

Four measurable variables were derived from the Wave2 onboard survey to
capture ShuttleTrac information use and perceived accuracy. There areéws for
passengers to find out real-time bus arrival time. In the onboard survey questionnair
passengers were asked whether they acquired real-time bus arrival tidorbedore
trip or at stop. Two dummy variables of our principle interests are generated
accordingly to capture the acquisition of pre-trip and at-stop real-time el ar
information. Based on the conceptual framework, it is hypothesized that acquiring
pre-trip and at-stop real-time information will generate positive effecheir at-stop
psychology, i.e., increasing feeling of security at stop, decreasing wairtxety,
and increasing satisfaction with transit service.

Not only is presence of information important, but also quality of information
is essential to information users for specific transit trips. The accafaegl-time
bus arrival information is more of an issue than that of train arrival information
because of the higher complexity and dynamics of road conditions. Passegigers w
asked, in comparison to the real-time bus arrival time they initially seyuwvhether
they think the bus arrived early, within +/- 1 minute, or late. Based on their @yswer
three variables were formulated to represent the accuracy of redbtisnarrival
information perceived by users. The consistency of these three accurablegasias
checked with the real-time information acquisition variables. Statistiss show

that the real-time information acquisition at stop is significantly catedlwith the
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accurate perception. Therefore, to eliminate the problem of multicolintré

variable “within +/1 minute accurate” is dropped.

Table 4.2 Measures of Traveler Responses to be iBrdm

Traveler Response Variable Type
General responses
Transit trip increase Number of monthly shuttl@dri Continuous
Number of monthly campus-based shuttle trips Cootirs
Habitual mode shift Dominant commuting mode of s@ortation Nominal (4
alternatives)
Increased feeling of security General feeling @iusity about riding shuttle at | Ordinal (1-5)
day
General feeling of security about riding shuttle at| Ordinal (1-5)
night

Increased perception of on- | General perception of on-time performance of Ordinal (1-5)
time performance shuttle service

Reduced waiting anxiety General anxiety while vgjtfor shuttle Ordinal (1-5)

Increased overall satisfaction Overall satisfactigtih Shuttle-UM service Ordinal (1-5)

Trip-specific responses

Reduced perceived waiting | Perceived waiting time Continuous

time

Increased feeling of security Feeling of securitthe stop while waiting for Ordinal (1-5)
shuttle

Reduced waiting anxiety Anxiety while waiting fdngtle at the stop Ordinal (1-5

Increased satisfaction Satisfaction with shutthgise at the stop Ordinal (1-5)

In the online survey respondents rated their frequency of shuttle use for past
month to take part in eight different activities (i.e. going to class, goimgrk,
shopping, personal business, going to meals, social/recreational activitissgngeto
home, and others5) by choosing among 6 options: “never”, “less than once a month”,
“less than once a week”, “1-2 days a week”, “3-4 days a week”, and “5 ordagse
a week”. Based on their answers, a continuous variable named “monthly frequency of

shuttle use” was generated by assuming a middle value for eachrgatedo

aggregating trip counts for all purposes.

® There is actually one more type of activity: cottrie Metro. Assuming that riders ride Shuttle to
connect to the nearby College Park Metro Statioose trips do not count as Shuttle trips.
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In addition, | further hypothesize that the number of campus-based shuttle
trips will increase since the ShuttleTrac system mainly servesitigusae.g., 24 out
of 30 Busfinders are installed at on-campus stops). More specifically, wiiinnea
arrival information, university students or faculty/staff members mayhugdesmore
to engage in campus-based non-mandatory (maintenance or discretionaryg@®ctivit
such as going shopping, meeting friends, having meal, etc. Therefore, tripfoounts
those activity purposes (shopping, personal business, meal, social/recreaoaal) w
aggregated to generate a new dependent variable named “monthly campus-based
shuttle trip-making frequency.” Note that shuttle trips for maintenance or
discretionary activities are not necessarily campus-based. One camrse take the
shuttle from an off-campus site to another for maintenance or discretionary gurpose
But it rarely happens because all shuttle routes start from the campus arat it is
convenient to travel between two off-campus sites unless they are on theogtame r
Respondents who live off-campus were asked in online surveys about their
primary commuting mode to campus every day in past week. The question noted that
if respondent used more than one mode of transportation during a commuting trip, the
primary mode for this day was the one used for most of the distance. Eight options
were provided as the candidates of primary commuting modes: “Drive along”,
“Carpool”, “Shuttle-UM”, “Metrobus or other bus system”, “Metro, MARC or other
rail system”, “Walk”, “Bicycle”, and “Other”. Consistency was chetke ensure
that the sum of answers to such question is equal to the answer to a prior question of
“In the past week, how many days did you travel from where you live to the College

Park campus.”
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Based on answers to this question, we can construct a nominal dependent
variable representing the dominant mode of transportation for commuting to the
UMD campus. To make the alternatives more manageable and, more importantly, to
ensure the property of Independence of Irrelevant Alternatives (lig)t eptions
presented in the question were collapsed into four modes of transportation, namely
“Car” (the first two options), “Shuttle-UM”, “Transit” (fourth and fifth optionsnd
“Non-motorized mode” (sixth and seventh options). Respondent’s dominant
commuting mode is the one out of four by which one used for the largest number of
days in past week. For instance, a respondent commuted to the campus for 5 days in
past week. He used car (either drive along or carpool) as his primary mode for 4 days
and transit for 1 day. In this case, car is considered as his dominant commuting mode
to travel from where he lives to the university campus. When two or more modes
were used for the same number of days (e.g. car for 2 days, shuttle for 2 days, transit
for 2 days), | selected dominant mode according to a priority list: non-motorized
mode > shuttle > transit > car. The main reason for doing so is to make sure that ther
are sufficient numbers of respondents using modes other than private vehicles.
Conceivably, this variable of dominant commuting mode measures the habitual
commuting mode. A more preferable way of dealing with this problem is to randomly
select the dominant mode when two or more modes have the same number of days.
However, because of the already uneven distribution of modes, this may cause a
problem of underrepresentation of non-private-car modes.

The five psychological dependent variables are feeling of security about riding

shuttle during the day time, feeling of security about riding shuttle at night,
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perception of shuttle on-time performance, general anxiety level whilegvéor
shuttle, and overall satisfaction level of shuttle service. They measure siuigits’
general/cumulative perceptions on shuttle service. In survey questiongagstpns
for the first four of these variables were presented using 5-point likdesswith

only the lowest and highest points labeled. Question for overall satisfactionveevel
presented using a 10-point likert scale. For the sake of comparability,ds=alla
satisfaction ratings into 5 levels. Another transformation is the order eevkers
waiting anxiety level. Originally, 1 means “not anxious at all” and 5 “ex¢lg
anxious”.

Perceived waiting time is a continuous variable, transformed from the
categorical answers in the onboard survey using the middle point value (e.g. 1.5 for
“1-2 minutes”, 30 for “more than 30"). If a passenger reports that she boards on the
bus without waiting, her perceived waiting time is 0.

Three variables that measure passengers’ psychology at boarding stops are
derived directly from three questions in the on-board survey: “feeling of seatrit
the boarding stop”, “anxiety level while waiting” and “satisfaction wehvge at the
boarding stop”. Note that because of the survey was conducted onboard, there is no
way one can give you her satisfaction rating for the service during entiresyy.
Therefore, respondents were asked to rate level of satisfaction witdpatesvice
instead. In survey questionnaires, questions for these three variables egerdqun
using 5-point likert scales with only the lowest and highest points labeled (iliegFee
of security: 1=very unsafe, 5=very safe; anxiety level: 1=not anxious at all,

5=extremely anxious; satisfaction level: 1= extremely dissalisiieextremely
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satisfied). Note that the order is reversed for waiting anxiegl la order to

guarantee the consistency with other two variables (i.e., highest means most

desirable). After the reverse, 1 means “extremely anxious” and 5 “not amtiall’s

In terms of measures of other individual and situational factors, | will cover

them in details in the corresponding sections in the following two chapters.

4.5 Analytical Methods

The major analytical methods used in this dissertation are statistical

multivariate regression models that were estimated to find out calet@dnships

between dependent variables of traveler responses and independent variables of real

time information, controlling for other individual or situational factors (seargig

4.3). Details about modeling techniques and specifications will be elaborated in

corresponding chapters. Note that the potential self-selection bias in rfardels

general responses is to be addressed using different approaches (seeS}hapt

Table 4.3 Analytical Methods

Dependent variable

Dataset

Statistical modelindhoukt

For general responses

Monthly Shuttle-UM trip-
making frequency (total and
campus-based)

Wave 1+2 full panel dataset
Wave 1+3 full panel dataset
Wave 1+2+3 full panel dataset

Fixed-effects linear regression
(OLS) model

Dominant commuting mode

Wave3 commuter cross-
sectional dataset

Two-stage instrumental
conditional logit model

Feeling of security about riding
shuttle (at day or night)

Perception of general on-time
performance

General waiting anxiety

Overall satisfaction with shuttle
service

Wave 1+2 rider panel dataset
Wave 1+3 rider panel dataset
Wave 1+2+3 rider panel datase

D

Randome-effects ordered probit
model

—

For trip-specific psychological r

esponses

Perceived waiting time

Feeling of security

Waiting Anxiety

Linear regression (OLS) model

Wave2 onboard survey rider
cross-sectional dataset

Satisfaction with at-stop service

D

Ordered logit model
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4.5 Chapter Summary

This chapter is a complete presentation of research methodology adopted in
this dissertation. This research takes a real-world case of ameai-&nsit
information system, ShuttleTrac, and collects revealed-preferencerdatidition, a
guasi-experimental design was proposed for studying traveler's genemalétwe
responses to real-time information. All these conditions lead to a higher validity of
this study than previous research regarding this issue. What is more, surveys,
measures and analytical methods are presented before the empiricgsfia

reported in following chapters.
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Chapter 5: General Responses to Real-time Trarfsitnhation

5.1 Introduction

In the online Campus Transportation Surveys, respondents answered
guestions about their use and perception of Shuttle-UM for one pre-Shuttled@rac a
two post-ShuttleTrac periods. Therefore, it is possible for us to examine both
behavioral and psychological effects of ShuttleTrac using the panel datagbis
chapter, three behavioral variables and five psychological variablesimngas
traveler’s general responses to real-time transit information wereletbtb be a
function of real-time transit information use. This chapter is organized asgdai
the dependent variables: models for trip-making frequency, dominant commuting
mode, and psychological variables are presented respectively, followed by the

summary of empirical findings and discussion.

5.2 Monthly Trip-making Frequency

5.2.1 Datasets and Variables

According to the conceptual framework, real-time transit information may
entice drivers away from their cars and encourage patrons to ride busefrtiose.
case study, as discussed in Chapter 4, | constructed two variables to rtifeasure
shuttle trip-making frequency — monthly number of shuttle trips, and monthly

campus-based shuttle trips. The specific hypothesis, based on the Hdnesdhat
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ShuttleTrac use would increase monthly frequency of shuttle use of unjiversit
travelers, no matter they are existing riders or not.

The datasets utilized in this analysis are three panel datasets — Wavel+2,
Wavel+3, and Wavel+2+3. Note that here “full dataset” means that all travelers a
included in the datasets, no matter whether they have used Shuttle-UM before or not.
Conceivably, the non-Shuttle riders (or potential riders) may be enticed hutke
as the mode of transportation in some trips due to the use of real-time transit
information. Descriptive statistics of three full panel datasets aptagied in Table
5.1, Table 5.2, and Table 5.3. Note that there are some missing values for different
variables, which are excluded from all calculations.

A number of individual characteristics were incorporated into regression
models as independent variables. Variables that do not vary among three sw@veys ar
time-invariant variables, which in our case are sex (male=1), race (Whitaw
citizenship (foreign=1). As shown later in the discussion of model specificéitize-
invariant variables will be canceled out in fixed-effects models. Ageped too
because everyone has the same one year increment. Note that age square was
included in five psychological models to capture possible non-linear effect ohage
psychological dependent variables.

Three vehicle-related variables indicate whether a respondent had a vali
driver license, regular car access, and a campus parking permit. All three ar
hypothesized to be negatively related to number of shuttle trips. Correlation tests
show that they are not highly correlated. In addition, model sensitivity testrfurthe

proves that there is no problem of multicollinearity among them.
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Based on the question of “how far is where you live from the nearest shuttle
stop”, | derived three dummy variables to indicate their accessibilityuttiesiservice
—“less than 5 min walk”, “5-10 min walk”, and “10-20 min walk”. The baseline
category is “more than 20 min walk” and “don’t even know”, indicating the shuttle is
not accessible from where respondent lives. Presumably, nearer to shuttle steps, mor
shuttle trips.

Another important locational variable is whether a respondent live on campus
or off campus. On-campus students very likely ride shuttle more often than off-
campus commuters, especially for various non-mandatory activities. One more
locational characteristic is the number of commuting-to-campus days in pasfare
commuters, ranging from 0 to 7. More commuting days possibly bring more shuttle
commuting trips. But more likely, since all shuttle lines are campus-baseel, m
commuting days mean more days on campus and consequently more shuttle use.
Because students living on campus skipped this question, a reasonable transformation
is to consider them commuting to campus 7 days a week. This way we did not have
to lose a large number of cases of on-campus students. This variable is dropped in the

psychological models because of the problem of multicollinearity.
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Table 5.1 Descriptive Statistics of Wavel+2 Full Pah Dataset

Wavel (Pre-test)

Wave?2 (Post-testl)

Variables N Min| Max | Mean| SD N Min | Max | Mean SD

# of shuttle trips a month 623 0 116/ 10.92 17.8p 623 0 b4 10|33 17.75
# of campus-based

shuttle trips 623 0 94 285 7.21 623 0 94 2.68 1.06
Use of ShuttleTrac N/A 623 0 il 0.413 0.49
Perceived inaccuracy N/A 623 0 1 0.069 025
Age 610| 16 72 30.94 11.94 610 17 73 3194 11.94
Male 615 0 1 0.4 0.49 time-invariant

Foreign citizen 619 ( 1 0.17 0.37 time-invariant

White 614 0 1 0.64 0.47 time-invariant

Student 622 0 1 064 048 619 0 1 0|63 g.48
Driver license 616 1 09 024 612 0 1 095 .21
Car access 6238 1 076 043 620 0 1 0.78 0.42
Campus parking permit 623 1 0b6 050 620 0 1 560. 0.50
Live on campus 623 1L 015 0.836 6p3 0 Q.15 0.36
# days of commuting to

campus a week 623 7 509 149 623 0 7 5.08 1.61
<5 min walk to nearest

stop 623 0 J 037 048 623 0 1 0.37 0,48
5-10 min walk to stop 623 il 01 0.3 6p3 0 1 0.090.29
10-20 min walk to stop 623 1 0.07 0.6 623 0 1 060. 0.24
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Table 5.2 Descriptive Statistics of Wavel+3 Full Pah Dataset

Wavel (Pre-test) Wave3 (Post-test2)
Variables N Min| Max | Mean| SD N | Min | Max | Mean SD
# of shuttle trips a month 750 0 92| 10.67 18.20 750 0 94 745 14{73
# of campus-based
shuttle trips 750 0 62 233 5717 750 0 48 1.34 4.18
Use of ShuttleTrac N/A 750 0 1 0.43 0.50
Perceived inaccuracy N/A 750 1 0.07 0{25
Age 729 17 74 3160 12.04 729 18 75 3260 12.04
Male 737 0 1 0.41 0.49 time-invariant
Foreign citizen 744 @ 1 0.17 0.38 time-invariant
White 737 0 1 0.69 0.46 time-invariant
Student 749 0 1 068 048 746 0 0/61 Q.49
Driver license 742 @ 1 094 024 745 0 0(96 .21
Car access 750 1 078 042 746 0 0.83 0.38
Campus parking permit 750 1 0b8 0{49 746 0 1 590. 0.49
Live on campus 750 1 013 0.833 7B0 0 1 g.11 0.31
# days of commuting to
campus a week 750 7 51 139 750 0 7 4.82 .72
<5 min walk to nearest
stop 750 0 1 034 047 7530 0 1 0.32 0,47
5-10 min walk to stop 750 1 012 0.82 750 0 1 90.0 0.29
10-20 min walk to stop 750 1 0.06 0.4 750 0 1 650. 0.25
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Table 5.3 Descriptive Statistics of Wavel+2+3 Fulldhel Dataset

Wavel (Pre-test) Wave2 (Post-testl) Wave3 (fessd)
Variables N Min| Max | Mean| SD N Min | Max | Mean SD N Min Max | Mean SD
# of shuttle trips a month 376 0 89| 11.43 1799 376 0 154 10/88 18.82 376 0 94.80 | 14.56
# of campus-based
shuttle trips 376 d 4% 236 540 3V6 0 80 2.36 6.7%76 0 28 1.21| 3.34
Use of ShuttleTrac N/A 376 0] 1 0.28 0.45 376 D 1 .490| 0.50
Perceived inaccuracy N/A 376 0 1 0.06 0|23 376 0 10.07 | 0.25
Age 371 18 72 3246 1257 371 19 73 33146 12,57 B719 73 33.46| 12.5]
Male 374 0 1 0.4( 0.49 time-invariant time-ineaut
Foreign citizen 374 ¢ i 0.17 0.37 time-invariant time-invariant
White 372 0 1 0.69 0.46 time-invariant time-invatia
Student 376 a ] 0.6L 049 372 0 1 0/60 Q.49 374 0 1059 | 0.49
Driver license 370 @ 0.9 0.23 367 0 1 0|95 0.2373 0 1 0.96| 0.19
Car access 376 0.T6 043 372 0 1 0.77 0.42 378 1 0.81| 0.39
campus Parking permit 376 1 0b6 050 B72 0 1 550. 0.50| 374 0 1 058 0.4
Live on campus 376 0.14 0.35 376 0 1 0.14 .36 0 1 0.11|] 0.31
# days of commuting to
campus a week 376 5.08 146 376 0 7 5.11 1.526 |3 O 7 490| 1.67
<5 min walk to nearest
stop 376 0 1 0.37 0.48 376 0 1 0.86 048 376 0 1.320 047
5-10 min walk to stop 376 D 0.09 0.9 376 0 1 0Q.1 0.30| 376 0 0.09 0.2
10-20 min walk to stop 376 0.07 0.p6 376 0 1 060. 0.24| 376 0 0.09 0.2
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5.2.2 Model Specifications

Two behavioral dependent variables, total number of shuttle trips per month
and number of campus-based shulttle trips per month, were transformed by adding .5
to all scores and then taking the natural logarithm. This transformatiorhasenc
because it both reduced the skewness of the distribution of trip counts and ensured
that the model did not predict trip counts less than zero. An alternative approach
would be to assume that number of shuttle trips has a Poisson distribution. This was
not chosen because results from the Poisson analysis and the log-linear OLS analysi
were virtually identical in the two-period case (Allison, 1994).

For each time point, we have one linear equation for a sample of individuals
labeled i=1,..., n. In our two-wave case, we have the following two-equation:mode

(5.1)
(5.2)

Here,Y;; is the transformed number of trips for individuak wavet, Z is a
vector of measured explanatory variables that are constant over timenftamiant
variables) Wis a vector of measured explanatory variables that vary with time, and
and are vectors of coefficients. Our principle interest is,iwhich may be regarded
as the effect of the eveKt which, in our case, represents the use of ShuttleTrac.
Some of these individuals experience the event (use of ShuttleTrac) between tw
measurements{(=1), other do notX;=0). The s are time-specific random
disturbances that are assumed to be independent of the explanatory variables, and of

i. It is permissible for; to be correlated with, in our two-period case. Therefore,

no autocorrelation test is necessary for the two-wave models, Téq@resents
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unobserved differences across individuals (unobserved heterogeneity) that are
constant over time.

The main reason for collecting panel data is to deal with the unobserved
heterogeneity;. One approach, called within transformation, is to time-demean the
data. Specifically, we average equations 5.1 and 5.2, subtract the averagiem equat
from equation 5.1 and 5.2, and obtain two equations as follows:

I"# $% & () (5.3)
% & (0 (7) (5.4)

Consequently, time-constant unobserved heterogeneitgs cancelled out
and no longer a problem. Then equations 5.3 and 5.4 can be pooled to estimate
coefficients and with the OLS estimator. The OLS estimator with time-demeaned
data is normally called fixed-effects (FE) estimator or withimestior. One character
of the within transformation is that all time-invariant varialdese canceled out too.

An alternative to fixed-effects model is random-effects (RE) model. It i
assumed that; is random variables and is not correlated with any independent
variable (i.eW, Z andX). Here ; is no longer a problem, but serial correlation is. A
pooled GLS estimator, namely random-effects estimator, can be used to Heal wit
serial correlation.

| chose the FE estimator over the RE one based on the theoretical
considerations and the statistical test. RE estimator demands the assumaption t
unobserved heterogeneity is uncorrelated with explanatory variables. In iaadom
experiments, the possibility of correlation between treatment and unobserved
heterogeneity is reduced by random assignment. In that case, RE essmator

appropriate. In non-experimental scenarios, however, the possible biasatg effe
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“‘unmeasured selectivity” or “self-selection” could be a serious probidilsdn,
1994). Itis commented by many scholars that the fixed-effects estimmatearly
always preferable for estimating causal effects of events with nomiegoeal data.
Essentially our data is quasi-experimental in that the treatment (Gitbie Trac) is
not randomized among riders. Therefore, theoretically the FE estimatofesapte
in our case. Moreover, the Hausman specification test were performetitieetesl|
hypothesis that the coefficients estimated by the RE estimatdreasame as the
ones estimated by the consistent FE estimator. f-thaue is significant, random-
effects estimator can be deemed to be biased. In all models for two kipgma
frequency dependent variables, frealues from Hausman tests are all highly
significant, suggesting that FE estimators are superior to RE &stsmaall cases.
For three-wave dataset, linear equations for a sample of individuals labeled

i=1,...,nfor three waves could be formulated as follows:

* S (5.5)
*x g $ . - . (5.6)
A I TR (' (5.7)

WhereX;; denotes whether the individualsed ShuttleTrac between Wavel and
Wave2 X3 denotes whether the individualised ShuttleTrac between Wavel and
Wave3. Presumably, Ki,=1, thenXj3=1.

Using the within transformation introduced above, we can obtain:

STH# ) $% & ' (D) (5.8)
STO# # ) $% & ' (D) (5.9)
;o CUOH, # ) $% & (D) (5.10)
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In this case, the unobserved heterogengityhich is constant across three
waves was also cancelled out.

As discussed in Chapter 4, endogeneity caused by self-selection is potentially
a problem to the models. To represent this problem using the equations listed above,
Xit as the non-randomly assigned treatment might be correlated with the two
components of unobserved disturbancesand . A nice thing about FE estimator
is that unobserved individual differenceg @s a part of unobserved disturbance are
canceled out. If we assume that the endogenous vaKadeonly correlated with the
unobserved individual heterogeneitythe self-selection is no longer a problem with
FE estimators. This assumption seems to be reasonable becauseditera¢wv in
Chapter 2 has suggested that use of real-time information to an extent can be

attributed to individual differences (see Section 2.1).

5.2.3 Modeling Results

Results for modeling two trip-making frequency dependent variables using
panel datasets are displayed in Table 5.4 and 5.5. Since the fixed-effgcts (FE
estimator was chosen, four time-invariant variables are dropped, including age,
gender, race, and foreign citizenship. Note again that the dependent vaiables

natural logarithm of trip counts.
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Table 5.4 Estimated Results for Number of Monthly 8uttle Trips

. Model 1-1 Model 1-2 Model 1-3
# Monthly Shuttle Trips Wave 1+2 Wave 1+3 Wave 1+2+3
Independent varaibles Coef. t Coef. | t Coef. t
Wave 2 dummy -0.042 -0.69 N/A -0.104 -1.47
Wave 3 dummy N/A -0.37F -5.54 -0.504 -6.30
Use of ShuttleTrac 0.034 0.35 0.237 2.27 0.248 2.46
Accuracy of Shuttlerac: | ;g5 0.95 | -0.593 -2.90 -0.051 0.27
50% or less
Age dropped dropped dropped
Male dropped dropped dropped
Foreign citizen dropped dropped dropped
White dropped dropped dropped
Student 0.021 0.05 0.008 0.02 0.178 0.48
Driver license -0.452 -1.45 -0.528 -1.53 -0.540 -1.77
Car access 0.124 0.65 -0.838 -5.00 -0.339 -2.03
Campus Parking permit -0.617 -3.50 -0.622 -4.72 -0.551 -3.99
Live on campus -0.137 -0.51 -0.253 -1.24] -0.528 -2.48
# commuting days a week 0.070 1.86 0.067 1.83 0.053 1.53
<5 min walk to stop 0.413 2.05 0.682 4.29 0.61% 3.84
5-10 min walk to stop 0.067 0.32 0.463 2.48 0.257 1.36
10-20 min walk to stop 0.287 1.47 0.360 1.87 0.176 1.00
_cons 1.247 2.89 1.869 4.89 1.639 4.41
within R? 0.046 0.214 0.149
Overall R 0.359 0.416 0.465
# obs 1196 1419 1097
# groups 606 713 372

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1
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Table 5.5 Estimated Results for Number of Monthly @mpus-based Shuttle Trips

)

# Monthly campus-based Model 2-1 Model 2-2 Model 2-3
Shuttle trips Wave 1+2 Wave 1+3 Wave 1+2+3
Independent varaibles Coef. t Coef. | t Coef. t

Wave 2 dummy -0.042 -0.74 N/A -0.022 -0.41

Wave 3 dummy N/A -0.174 -3.59 -0.274 -4.59

Use of ShuttleTrac 0.109 1.20 0.006 0.09 0.066 0.84

pecuracy of ShuttleTrac: | o337 -1.88 05338 | -362 10.093 -0.67

0 or less

Age dropped dropped dropped

Male dropped dropped dropped

Foreign citizen dropped dropped dropped

White dropped dropped dropped

Student -0.139 -0.38 0.241 1.03 0.243 0.88

Driver license -0.256 -0.89 -0.178 -0.72 0.043 90.1

Car access -0.219 -1.24 -0.679 -5.61 -0.538 -4.32

Campus Parking permit -0.202 -1.24| -0.203 -2.13 -0.242 -2.36

Live on campus 0.896 3.58 0.268 1.82 0.357 2.26

# commuting days a week -0.008 -0.24 0.020 0.78 009. -0.36

<5 min walk to stop -0.004 -0.02 0.203 1.77 0.135 1.13

5-10 min walk to stop -0.402 -2.08 0.350 2.59 0.056 0.40

10-20 min walk to stop -0.088 -0.49 0.230 1.66 0.063 0.48

_cons 0.754 1.90 0.448 1.62 0.409 1.48

within R? 0.052 0.175 0.119

Overall R 0.243 0.326 0.374

# obs 1196 1419 1097

# groups 606 713 372

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1

First of all, the wave3 dummy variables in Model 1-2 and Model 2-2 are

found to be significantly related to number of shuttle trips. The negative sign suggest

that, everything else being equal, travelers tend to use Shuttle-UM lesgsambler

2007 than in September 2006. This systematic change may be due to seasonal factors.

On the other hand, wave2 dummy variables in Model 1-1 and 2-1 have insignificant

coefficients, implying that no systematic changes between wavel and,wave

everything else are kept unchanged.

The variable of our primary interest, ShuttleTrac use, has shown intgrestin

patterns in three models regarding monthly shuttle trip rate. ShuttleTrac usg/dumm
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shows a positive effect on monthly shuttle trip-making frequency at a sagrtifevel
of .05 in Model 1-2 and 1-3, but not in Model 1-1 (see Table 5.4). The insignificant
coefficient in Model 1-1 suggests that, between wave 1 and 2, travelers may not
increase their number of shulttle trips in response to use of real-timeiak ar
information. In contrast, the significant coefficient in Model 1-2 shows thatcleet
wave 1 and 3, the use of ShuttleTrac is to increase the number of monthly shuttle trips
by 23.1%, other factors being fixed.

Conceivably it is the adjustment period and learning dynamics that makes a
difference in two models. For this natural experiment, the treatment is tesa-of
time bus arrival information system. Therefore, individual travelers hav@ugar
adjustment periods, starting precisely from the day they first use ShuttkeTize
survey time points. An apparent explanation for the insignificant effect betwe®en wa
1 and 2 is that our wave 2 survey was only about 2 weeks (less than a month) after the
extensive marketing, there was not enough time for most travelers to adjust t
travel behavior, even if they used ShuttleTrac once or more times. For the panel of
wave 1 and 3, the adjustment periods are much longer. If we assume a random
distribution of first-time ShuttleTrac use, the average adjustment duration f
respondents who reported ShuttleTrac use in Wave 3 survey is 3.5 months (or 2
months if excluding summer break). Actually, the distribution of first-time
ShuttleTrac use is skewed to the left, with a large portion of ShuttleTracuseer&
already before Wave 2 survey. Using the descriptive statistics of tieeviaresd full
panel as reference, we may get the following information: 28% of riders used

ShuttleTrac before Wave2 survey point, which gives them 7 months for adjustment
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before Wave3 survey point (4 if summer break excluded); and another 21% of
respondents reported they used ShuttleTrac between wave 2 and 3 survey points (see
Table 5.3), which gives them an average of 3.5 months for adjustment (2 if summer
break excluded), assuming a random distribution; in sum, for all ShuttleTrac users
their average adjustment period at Wave3 survey point is about 5.5 months (3.14
months if excluding summer break). Thus, the results imply that the exposure to real
time bus arrival information system will induce more shuttle trips foeteas, but
this kind of effect will only be in place with an average of five and a half months of
adjustment.

The coefficient of ShuttleTrac use dummy in Model 1-3 is also significant and
has similar magnitude as in Model 1-2. But interpretation of this result isveloat
tricky. It seems to tell that use of ShuttleTrac will immediatelydase monthly
shuttle trip-making frequency by 24.5% and this effect will keep constant in the

future time. This time path for the effect can be illustrated in Figure 5.1A.

A

A

&

v

t0 tl tz t
ShuttleTrac use

Figure 5.1 Possible time paths for the effect aft8&Trac use on monthly trip rate
(Source: adapted from Allison, 1994)
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However, from above discussion, we have learned that the use of ShuttleTrac
cannot immediately alter travelers’ shuttle trip rates. More plausib&epaths for the
effect shall be like Figure 5.1C or Figure 5.1D, indicating that thereoisgeef-term
effect of ShuttleTrac use. More specifically, when travelers fiesteal-time
passenger information system, they will not immediately modify theisitrasage. It
takes time for them to gradually increase their transit trip rates.drhpagison of
model results of Model 1-1 and 1-2 has implied this phenomenon. It is just not clear
that which form, linear (as in Figure 5.1C) or curvilinear (as in Figure 5thiB)
longer-term effect takes though.

In addition to Model 1-3, another model specification has been tried to capture
this longer-term effect using three-wave panel dataset by includamger-term
variable — a product of ShuttleTrac use dummy with time variable. However, it does
successfully depict the form of longer-term effect because of tvgomeaOne reason
is that there are only three waves, thus it is not possible to detect non-lieeaneff
any kind. A more important reason is that the adjustment durations for so-called “ne
users” of ShuttleTrac in two waves are systematically different. Im atbegls, a new
value of 1 for ShuttleTrac use in wave 2 and 3 means totally different things. In wave
2, the adjustment period is mostly less than 2 weeks (maybe with only a few
exceptions because of the test run). In wave 3, travelers who newly reported
ShuttleTrac use have an average of 3.5 month of adjustment duration, assuming a
random distribution of first use. In this sense, it is not appropriate to treat these 1s

identical, which is actually the case in the models using the three-wasledadaset
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such as Model 1-3. Therefore, as a matter of fact, result for this partiaukable in
Model 1-3 provides no more than a mere repetition of Model 1-2.

Nevertheless, the results in Model 1-1 and 1-2 have given us an adequately
clear picture of how a significant longer-term effect of exposure to reallus
arrival information system on transit trip rate takes place as travatijustment
periods grow.

With insignificant coefficients for ShuttleTrac use in Model 2-1, 2-2, and 2-3,
the same kind of effect of real-time transit information system use on monthly
campus-based shuttle trip rates has not been found.

Another ShuttleTrac-related variable is the perceived inaccuracy of
ShuttleTrac prediction (accurate 50% or less). In Model 1-2, this variable is found t
be negatively related to number of shuttle trips at a very high significareldtle -
2.90). Other factors being kept unchanged, between wave 1 and 3, the number of
monthly shuttle trips is to decrease by about 59% when riders feel ShutdeTrac
prediction accuracy is generally poor. This impact cannot be found between wave 1
and 2, implying that there is also latency in this effect. The magnitude offesisf
about 2.5 times higher than that of ShuttleTrac use. Suppose a rider has used real-time
passenger information and somehow obtained the perception that the prediction
accuracy is poor, with some period of adjustment, his transit trip rate is tasketne
about 36%. Interestingly, the same effect is found in Model 2-2, indicating that,
during the period between wave 1 and 3, the mere use of ShuttleTrac is not to
increase campus-based shuttle trip rates, but once passengers percthee tha

prediction of ShuttleTrac is problematic, they will reduce their campus-bha#tes
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trips by about 53%. These findings highlight the issue of mis-information, which shall
be a caution to information providers.

For other variables in Model 1 and 2, | will mainly report the results in three-
wave models, Model 1-3 and 2-3. In Model 1-3, six variables are significantigdela
to the number of shuttle trips. The highly significant coefficient for wave 3 dummy
shows that, as a general trend, UMD travelers in Fall semester of 2007 teddde r
their Shuttle-UM trip rates by about 50% as compared to Fall 2006. Three vehicle-
related variables all have negative coefficients at various sigmikckevels (all
meeting the significance level of 0.1). The results show that, other things being
constant, the action of obtaining a driver license, regular access tota petele
(e.g., buying a car), or a campus parking permit is to reduce the shpttiteérby
54%, 34%, and 55% respectively. The magnitude of these effects is rather large.
Suppose a young student takes all of these three actions by gettinge licgmsg a
new car, and applying for a parking permit. All these negative effects diesimdage
may add up, and as a result this young student is most likely to give up Shuttle as hi
or her transportation mode entirely.

Moving from an off-campus residence to an on-campus one will also reduce
the shuttle trip rates. This finding is somewhat contradictory to our expectation.
However, this result should be interpreted together with other findings discussed
below. First, the opposite effect was actually found for number of monthly campus-
based trips, suggesting that campus-based shulttle trip rate is to increbeatl86&o
if one moves from off-campus to on-campus (see Model 2-3). Another significant

variable in Model 1-3 is “<5 min walk to nearest shuttle stop”. Similarly, it ssigg
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that moving from a place where shuttle is not accessible by walk to one whesst near
shuttle stop is less than five minutes away increases the overall shutte ridi
frequency by 61.5%, another huge effect.

Again let us suppose a scenario, in which one student moves from an off-
campus residence where Shuttle-UM is not accessible by foot to an on-campus
residence hall with just less-than-five-minute walk to the shuttle linleglws true
for nearly all on-campus residence halls). Other things being equal, trefférg of
movement on his or her shuttle-riding behavior is taapus-basedhuttle trip-
making frequency is to increase by 36%. Second, on-campus living is to reduce
his/heroverall shuttle trip rate. However, this negative effect is fully offset by the
positive effect caused by higher accessibility to shuttle senB884vs. 62%, see
Model 1-3). As a result, this student is about to maintain his/her monthly shuttle trip
rate, perhaps with a little bit increase, and in the mean time he/she ismioliag
Shuttle-UM for some non-mandatory activities, such as going to downtown College

Park for shopping and/or meals.

5.3 Dominant Commuting Mode

5.3.1 Datasets and Variables

The dataset used for analyzing the dominant commuting mode is limited to the
Wave 3 commuter cross-sectional dataset because of several reasoWakvegtjs
not considered because it is believed that this kind of habitual mode shift cannot take
place immediately after first-time use of real-time informationo8edgcl| did not pool
Wavel and Wave3 cases to get a Wavel+3 commuter panel dataset, simply because

there is a lack of statistical package that is able to handle multinomiailodél
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with panel data using FE or RE estimator. | have tried the GLLAM#th the

Wavel+3 panel dataset, but the instability of such program could not give sulccessf
estimation. Thus only the cross-sectional dataset extracted from the Wavegis

used in the model, with a two-stage instrument variable technique to address potential
self-selection problem.

Explanatory variables commonly used for mode choice models include travel
times and costs for each alternative mode. | have tried to manually gendemtntlif
types of travel times and costs for alternative modes for each case fgllsieps as
follows.

Each off-campus living respondent was geocoded on Google Maps

(http://maps.google.com/) based on address (or intersection) he provided in

online survey.

Taking his location as the origin and Stamp Student Union as the destination,

driving time (In-vehicle time (IVT) for car mode) and distance (D) were

derived with Google Maps direction function. Egress time from the parking
lot to respondent’s buildings on campus (EgTime) was set at a constant
number of 2 minutes. Out-of vehicle time (OVT) is simply equal to egress
time for car mode.

Travel costs for car mode were computed using the simple equation: Cost =

Distance * Gas Price / MPG. Average retail gas prices in Maryland in

September 2006 and November 2007 were $2.50 per gallon and $3.05 per

gallon respectively according to U.S. Energy Information Administration

® A famous Stata program to fit generalized linegent and mixed models. Random-effects
multinomial logit model is said to be able to keWfith GLLAMM. (see www.gllamm.org)
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(EIA)’. Average Miles per Gallon (MPG) for passenger cars in 2006 and 2007
was 22.5 according to EfA

Respondent’s geocoded address was checked against the nearest Shuttle-UM
stop. Access time to the stop (AccTime) was derived with Google Maps with
address as origin and the nearest shuttle stop as destination. Shuttle riding
time from the stop to Stamp Student Union or Regents Drive Garage (In-
vehicle time (IVT) for shuttle mode) was extracted from published Shuttle-

UM timetable. Initial waiting time (WaitTime) and egress time friomal stop

to the destination building (EgTime) were both set as 2 minutes. Out-of
vehicle time (OVT) for shuttle mode is a sum of AccTime, WaitTime and
Egtime. Travel cost for shuttle mode is set to be 0 because Shuttle-UM is free
of use for qualified passengers.

Travel times and costs for transit mode were entirely relied on the Trip

Planner tool provided on Washington Metropolitan Area Transit Authority
(WMATA)°. The respondent’s address was input as origin, and the Stamp
Student Union on campus was input as destination. Moreover, 8:00am was
input as departure time in order to resemble the morning commute, a weekday
during survey periods was set as the travel day. In addition, minimizing
traveling time and allowing walking distance up to 0.6 mile were set as two
rules for planning trips (see Figure 5.2A for the interface of Trip Planner).

The output page is exampled as in Figure 5.2B. Access times (AccTime), in-

" http://www.eia.doe.gov/oil_gas/petroleum/data_pedtlons/wrgp/mogas_history.htnaccessed in

May 2008.
8 http://www.eia.doe.gov/emeu/mer/pdf/pages/secl df7azcessed on May 20 2008.

° http://www.wmata.com/rider _tools/tripplanner/trippher.cfmaccessed in June 2008.
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vehicle times (IVT), transfer times (XferTime), number of transf¥fer),
and transit fares (Fare) were all extracted from the output mostly by hand.
Initial waiting times (WaitTime) and egress times (EgTimejawset as 2
minutes. Out-of-vehicle time (OVT) for transit mode is a sum of AccTime,

WaitTime, XferTime, and EgTime.
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Figure 5.2 Interface of online transit trip-planner at WMATA (Source: Author)
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Respondent’s travel time by non-motorized mode is computed simply using
the equation of Time = Distance / Speed. The travel speed depends on bike
availability. If the respondent reported that he owns a bicycle, averagdebicy
speed is designated as 20 mph. Otherwise, | use average walking speed of 3
mph. These parameters | used are commonly used. Travel time by bike or
walk constitutes out-of-vehicle time (OVT) for non-motorized mode.

Each respondent may not have all four modes as his available options. | set up
some rules to exclude one or more modes that | deem as unavailable for the
respondent. Car mode is not available for respondents who reportedly have no
regular access to cars. Shuttle mode is not available for respondents whose
locations are not within 20 minutes away from the nearest shuttle stop. Transit
mode is not available for those whose residences are more than 0.6 miles
away from stops. And non-motorized mode is unavailable for respondents

whose travel time by this mode is greater than 60 minutes.

Admittedly some of the treatment is somewhat arbitrary. Nevertheless,

following above steps, these variables can be generated to measuredihentes
and costs for each alternative commuting mode. In addition, sensitivitghested
that different values of access times and egress times (0, 2, 4 minutesvelspect
made no significant difference in modeling results. The descriptive smtstihis

dataset is displayed in the following Table 5.6.
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Table 5.6 Descriptive Statistics of Wave3 Commuter &taset

| N | Mn | Max | Mean | SD

Car

In-vehicle time 237 2 95 11.86 9.89

Out-of-vehicle time 237 2 2 2 0

Fuel cost 237 0.08 3.95 0.49 0.41

Campus parking permit 237 0 1 0.56 0.50
Shuttle-UM

In-vehicle time 258 3 50 19.90 10.30

Out-of-vehicle time 258 6 19 8.85 4.28

Use of ShuttleTrac 258 0 1 0.57 0.50

Perceived inaccuracy 258 0 1 0.11 0.31
Transit

In-vehicle time 247 3 89 18.39 11.83

Out-of-vehicle time 247 5 50 12.71 7.53

Fare 247 0.75 4.05 1.35 0.47
Non-motor

Out-of-vehicle time 184 3.56 54.6 17.47 9.06

# respondents = 290
Chosen mode: Car = 150; Shuttle = 63; Transit =Nlsh-motor = 63

5.3.2 Model Specifications

Conditional Logit Model, an extension to multinomial logit model, is
commonly used for modeling transportation mode choice, since it may include
explanatory variables that are attributes of choice alternatives@ditee-specific
variables). In this part of analysis, conditional logit model is utilized to mode
traveler’s choice of dominant commuting mode.

The utility functions for four alternatives are formulated as follows:
1,3, , %678 , %978 , Pu<= , 2?@ABCDHE .3, (5.11)
leghsesy » 678 , %978 |, BA@LI<M, ROLLPA@LQ ropesy (5.12)
Lissre+ » 678 , %978 , Pi<= ( .agre+ (5.13)

1rsrTs+sa » 978 ( RsrTs+sa (5.14)
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| can use ShuttelTrac use dummy and perceived inaccuracy dummy, two
variables specific to shuttle mode, in the utility function for shuttle mode so as to
estimate effects of these two variables on the probability of commuterictpoos
shuttle as dominant mode of transportation. However, there exists a highly potential
self-selection problem, as commuters who use shuttle as their dominant modes sort
themselves into the group of ShuttleTrac users. If that is the case, threferaf
Tracuse would be correlated with the error tegmime and the estimates for the
variable in the equation would be biased and inconsistent. A common solution when
independent variables are correlated with the error term is to use instrumenta
variables. Therefore, in this study, the Two-Stage Instrumental Vaiédlel,
similar to what was used in Khattak and Rodriguez (2005) for addressing self-
selection in residential choice, was adopted to address self-selecton bia

In the first stage, | rely on instruments to estimate a binary logit Infmde
choice of ShuttleTrac use, because this choice is dichotomous. The equation of the
binary logit model is as follows:
I ( (5.15)
WhereZi is the logit for individual, X is the vector of instrumental variables, and
is the vector of coefficients to be estimated.

Then for each individual the probability of choosing to use ShuttleTrac is

given as follows:

In Stage Two, the conditional logit model presented previously is employed,

with the replacement of Tracuse dummy variable. Using estimated cefic
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predicted probability of using ShuttleTrac for each individual is used to substit
ShuttleTrac use dummy in utility function for shuttle mode in stage two. Thusy util

equation 5.12 is replaced by the new equation given as follows:

leghesy » 678 , %978 |, 2?2'8A@LIIM, ROLLPA@LQ rgpssy (5.17)

The key to the two stage approach is to find appropriate instruments.
Generally, instrumental variables should satisfy two criteria: they beusbrrelated
with the endogenous variable they are predicting (“relevance”), but not be
significantly correlated with the error term of the Stage-Two equaticw@éneity”)
(Mokhtarian and Cao, 2008). In this case, the endogenous variable is choice of
ShuttleTrac use, and error term of the Stage-Two equation represents uecheasur
variables explaining utility associated with choosing shuttle mode as dominant
commuting mode. Some of the personal characteristics variables that Irthink a
correlated with ShuttleTrac use choice were incorporated into the Stage-Onye bina
logit model to predict probability of using ShuttleTrac, including age, gende, ra
nationality, and campus status. While some other personal characteresttsoar
considered to be related to ShuttleTrac choice, but conceptually they are veary muc
correlated with the error terms in the utility function in conditional logit mobetse
variables are ones measuring driver license ownership, regular accesslesyehi
campus parking permit ownership, and accessibility to shuttle stops. Although
incorporating these variables will enhance the predictive power of Stage-One

equation, they were not included in order to ensure “exogeneity” of instruments.
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The conditional logit model depends on the independence of irrelevant
alternatives (II1A) assumption. That is, the relative probabilities mtwhloices must
be independent of other alternatives. An example of IIA violation is the well-known
"Blue Bus / Red bus" case. In this study, relative probabilities of chooswegdret
shuttle and transit are likely to be dependent of each other because both may be
deemed as public transportation modes and thus IIA assumption is likely to be
violated. The Hausman specification tests (Hausman and McFadden, 1984) were
performed to check whether the violation of IlIA is the case. The tests can be
conducted by eliminating a subset of the choices from the choice set and re-
estimating the model. If the parameters of the restricted model are tevhagisally
different from the parameters of the full model, then the IIA property holds.

| tried to eliminate four alternative modes from the choice set one by one and
perform the Hausman tests. Hausman tests daest statistics of 14.79%.0663),
45.91 0=.000), 14.96¢=.0921) and 15.99€.0671), all of which are significant at
10% level. Therefore, in all cases, we cannot reject the hypothesis th# the Il
property holds for the choice set. Thus conditional logit model is justified to be the

proper specification for Stage-2 model for estimating commuting mode choice.

5.3.3 Modeling Results

The estimated results of stage-1 binary logit model and stage-2 conditional
logit model are together presented in Table 5.7, with ShuttleTrac use coded as 1 and
non-ShuttleTrac use coded as 0. The result shows the first stage of estinsitig
instruments of personal characteristics. The model fit is reasonable (Pseudo

R?=0.113), and two variables of personal characteristics are statisticgificsint at
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the 10% level, namely gender and race. The results suggest that male and non-white
people are more likely to use ShuttleTrac, other things being equal. Theguedict
probabilities of using ShuttleTrac are saved as a new variable (fofeShotie) for

use in Stage Two of the model.

Table 5.7 Results for Dominant Commuting Mode

| Coef. | Z
Stage-1: Binary Logit Model for ShuttleTrac use
Age -0.066 -0.80
Age square 0.0003 0.26
Male 0.532 1.84
Student 0.361 0.82
White -0.796 -2.32
Foreign citizenship 0.314 0.83
Constant 2.085 1.26
# obs 249
Log Likelihood -150.396
Pseudo R 0.113
Stage-2: Conditional Logit Model
In-vehicle time 0.018 0.90
Out-of-vehicle time -0.053 -2.43
Monetary cost 1.3F° 3.43
Car
Campus parking permit | 2.566 | 6.94
Shuttle-UM
Probability of ShuttleTrac use 0.372 0.47
Perceived inaccuracy -0.066 -0.13
Constant
Car -0.558 -0.82
Transit -3.135 -3.54
Non-motor 1.408 2.20
# obs 906
Log Likelihood -189.211
Pseudo R 0.411

NOTE: Significant values are boldfaced.

a: p<0.01; b: p<0.5; c: p<0.1

The second stage is to estimate the dominant commuting mode choice, with
predicted probability of ShuttleTrac use substituted for ShuttleTrac use durhmy
results of the mode choice model are also presented in Table 5.7. As discussed

previously, in addition to the predicted probability of ShuttleTrac use and peatfceive
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inaccuracy of prediction, the independent variables included are three commahly use
alternative-specific variables such as in-vehicle travel time, ouélokle travel time,

and out-of-pocket travel cost, as well as two other ones such as parking permit
ownership for car mode and less-than-five-minute distance to shuttle linésifibe s
mode.

The stage-two model shows a reasonably good fit (Psetsb45). Two of
three dummy variables for alternatives (Transit and Non-motor) arstiselty
significant at a 0.05 level. The negative sign of coefficient for transit nmolieates
that, other things being equal, transit mode is less preferable than shuttle mode. And
the positive sign for non-motorized dummy shows that other factors being equal,
commuters tend to prefer to walking or cycling to the campus in comparison with
shuttle. The insignificant coefficient for car mode suggests that betaeamd
shuttle commuters are likely to be neutral when factors are equal.

Out-of-vehicle travel time is found to be significantly related to commuting
mode choice. The variable has a negative coefficient as expected, indicatihg that
higher the out-of-vehicle travel time for a mode, the lower the possibilttawéler
choosing this mode. Travel cost has a statistically significangogtivecorrelation
with mode choice and in-vehicle travel time has not shown a significant relationship
with mode choice. Both findings are somewhat inconsistent with prior expectation. |
actually have little idea of explanation of these counterintuitive findings. Bisoiba
is because of the less satisfactory data | generated.

As far as two variables of our interest — ShuttleTrac use and perceived

inaccuracy — are concerned, the signs are consistent with our expectatibe, but t
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effects are not statistically significant, showing that the probglofitising real-time
information systems will not significantly increase commuter’s probglafiusing
shuttle as their dominant commuting mode. Interestingly, if we look at the maddel wi
original ShuttleTrac use dummy, this variable has a positive coefficientaoneay

high significance level of 0.0td@ef.= 2.20,z= 4.43), which seems to suggest a
positive effect of use of real-time information system on commuting mode choice
light of the results of two-stage models, we may conclude that the positive effec
found in such model is largely due to self-selection bias. In other words, cagtrolli
for the self-selection and other variables, we cannot find significant irapeel-

time passenger information system on the commuting mode choice decision, even

with a few months of adjustment.

5.4 Psychological Responses

5.4.1 Datasets and Variables

Similar to trip-making frequency, three panel datasets were used in modeling
psychological responses to real-time information. But these panel datigsets
different in that they exclude respondents whose monthly shuttle trip count i®zero f
each one of the waves in respective panel dataset (e.g. for Wavel+2 panel,
respondents with zero shuttle trip in both wave 1 and 2 are excluded). The underlying
rationale is that only riders of Shuttle-UM have perceptions of and attitudesdow
Shuttle-UM through their shuttle riding experience. In fact, many non-ridensodi
answer the questions regarding attitudes toward Shuttle-UM because they think the
guestions are not applicable to them. See Table 5.8, 5.9 and 5.10 for descriptive

statistics for three rider panel datasets.
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Table 5.8 Descriptive Statistics of Wavel+2 Rider P&l Dataset

Wavel (Pre-test) Wave?2 (Post-testl)
Variables N Min | Max| Mean SD N Min| Max | Mean SD
feeling of security at
day 453 1 5 4.81 0.5Pp 460 1 5 4.175 055
feeling of security at
night 414 1 5 3.9¢ 1.08 429 1 5 4.06 1/02
perception of on-time
performance 427 ] b 3.62 0.79 449 5 3.77 0.61
waiting anxiety level 436 1 5 1.86 1.11 448 5 020 1.1
overall satisfaction
level 442 1 5 3.83 091 454 1 5 3.92 0.87
ShuttleTrac use 482 0 1 0.51 0.50
Perceived inaccuracy 482 0 1 0.09 0.29
Age 475 16 72 28.68 10.75 475 17 73 2968 10.75
Age square 47" 256 5184 937.94 797,11 475 (289 53296.31| 818.30
Male 478 0 1 0.472 0.49 time-invariant
Foreign citizen 479 ( 1 0.20 0.40 time-invariant
White 477 0 1 0.66 0.4 time-invariant
Student 481 0 ] 0.7p 045 479 0 1 0|72 Q.45
Driver license 478 @ 1 0.9p 0.27  4Ay7 0 1 094 Q.24
Car access 48P 1 0.69 0.46 480 0 1 0.72 0.45
campus Parking
permit 482 0 1 0.48 0.5D 480 0 1 0.47 0}50
Live on campus 482 il 0.19 0.39 482 0 1 0.19 0.39
<5 min walk to
nearest stop 48p 1 0.44 050 482 0 1 0.45 0.50
5-10 min walk to stop 482 il 0.12 0.32 482 0 1 10.1 0.31
10-20 min walk to
stop 482 0 1 0.08 0.28 482 0 1 0.06 0{25
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Table 5.9 Descriptive Statistics of Wavel+3 Rider P&l Dataset

Wavel (Pre-test) Wave3 (Post-test?)
Variables N Min | Max| Mean SD N Min| Max | Mean SD
feeling of security at
day 432 1 5 4.82 056 438 1 5 4.80 0|54
feeling of security at
night 407 1 5 4.06 0.99 422 1 5 4.05 0/96
perception of on-time
performance 416 1 b 3.59 0.86  4D9 1 5 3.82 0.54
waiting anxiety level 427 1 5 1.76 1.12  4p1 1 5 819 1.07
overall satisfaction
level 435 1 5 3.83 0.89 431 1 5 4.00 0/77
ShuttleTrac use N/A 464 D 1 0.64 0.48
Perceived inaccuracy  N/A 464 0 1 0.10 0{30
Age 452 17 72 28.51 10.56 452 18 73 2951 10.56
Age square 452 289 5184 924.31 795,89 452 1324 53282.34| 816.671
Male 457 0 1 0.43 0.50 time-invariant
Foreign citizen 461 ( 1 0.25 0.43 time-invariant
White 458 0 1 0.64 0.48 time-invariant
Student 463 0 ] 0.7p 042 462 0 1 0|74 g.44
Driver license 460 ( 1 0.90 0.30 461 0 1 0}93 Q.25
Car access 464 0 1 0.65 048 462 0 1 0.74 0.44
campus Parking
permit 464 0 1 0.43 0.5D 462 0 1 0.47 0}50
Live on campus 464 D il 0.18 0.38 464 0 1 0.16 D.37
<5 min walk to
nearest stop 464 0 1 0.47 050 464 0 1 0.44 0.50
5-10 min walk to stopf 464 D n 0.16 0.86 464 0 1 30.1 0.34
10-20 min walk to
stop 464 0 1 0.08 0.27 464 0 1 0.07 0/26
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Table 5.10 Descriptive Statistics of Wavel+2+3 Ridétanel Dataset

Wavel (Pre-test) Wave2 (Post-testl) Wave3 (Pog2jtes
Variables N Min| Max| Mean SD N Min  Ma Mear SD N m™i Max| Mean SD
feeling of security at day] 244 1 5 4.84 0.51 255 15 4.81 0.48 | 891 1 5 4.74 0.62
feeling of security at
night 228 1 5 411 0.96 239 1 5 4.16 096 850 |1 5 913| 1.02
perception of on-time
performance 234 5 3.61 0.81 237 il 5 3.81 0/63 |73b 5 3.83 0.53
waiting anxiety level 242 5 1.84 1.13 251 il b 8.0 111 | 773 1 5 2.04 1.07
overall satisfaction
level 243 1 5 3.88 0.87 255 1 5 3.94 0.87 808 |1 5 .973| 0.79
Use of ShuttleTrac N/A 262 0 1 0.39 040 262 |0 1 .650| 0.48
Perceived inaccuracy N/A 262 d 1 0.08 0.27 262 |0 1 0.09 0.29
Age 261 | 18 72 29.24 11.12 261 19 73 30.24 11,12 |26D 73 30.24 11.12
Age square 261 324 5184 978.31 84389 261 361 537¥7.80| 865.80 261 361l 5329 103780 865
Male 262 0 1 0.41 0.49| time-invariant time-irigat
Foreign citizen 262 0 1 0.23 0.42 time-invariant imet-invariant
White 261 0 1 0.67 0.47| time-invariant time-irigat
Student 262 0 1 0.73 0.44 260 D 1 0.7p 045 P61 |0 10.70 0.46
Driver license 259 0 1 0.92 0.27 258 D 1 0.93 0.p260| O 1 0.95 0.23
Car access 262 0 1 0.66 0.48 26D 0 1 0.68 047 |261 1 0.73 0.45
campus Parking permit 262 q 1 0.4 0.50 260p62 |0 10.40 049 | 261 O 1 0.47 0.5(
Live on campus 262 0 1 0.20 0.40 260 0 1 0.19 0/3262| O 1 0.15 0.36
<5 min walk to nearest
stop 262 0 1 0.48 0.50 262 ( 1 0.48 0.5®@62| 0 1 0.42 0.49
5-10 min walk to stop 262 0 1 0.13 0.3B8 262 0 il 301 033 | 262 O 1 0.12 0.32
10-20 min walk to stop 262 0 1 0.10 0.29 262 0 1 070.| 025 | 262 O 0.11 0.31
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5.4.2 Model Specifications
The five psychological dependent variables consist of discrete values, andréherefo
the OLS estimation is not appropriate. Furthermore, because these vanalsliés@ered
responses, a good approach is to estimate ordered probit or logit models. Paabbeikt
discussion, the fixed effects estimator is preferable to the random e#8otater in our
panel dataset. However, fixed-effects ordered logit/probit model is not aolyrsed
because of its estimation difficulty. In psychology and economics literétuy., Karnet al,
2008), random effects ordered probit model is commonly utilized to explain categorical
dependent variables with natural order in panel data. Hence | used this type of model to
examine ShuttleTrac’s effect on shuttle riders’ perceptions on Shuttle-UM.
The random-effects ordered probit model can be described as follows:
Q. # ., C  _a b = 0=cc@dV ;A _0 e=AMMc@dM)
Ae o (8 T@R) f g f f g L SAATAL A ﬁ
. CpRa* _
~  Cp*rQlg* _
Cp*rQlg*,t (5.18)

CprrQlg*._
s Cp.*r Q1

Q:

0
~€

Where,Q, is an unobserved latent variable, gnis the observed ordered categories in the
data;p; is theJ-th cut-off point for the categorieX;: are observable explanatory variablgs;
is a time-varying error term, normally distributed, uncorrelated Mittand ; is the
unobserved individual heterogeneity, normally distributed, constant over time and
uncorrelated withX;; (assumption of random-effects). The cross-period correlatian isf .

If is significantly different from O, it indicates there is cross-period tadmoa with respect
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tou (Greene, 2002). Readers are referred to Frechette (2001) for detailmatieat
process. | used “reoprob” command in Stata 9, written by Frechette, to estoetieents.
Note that the time-invariant variables are not canceled out in this speaificat

With a random-effects estimator, unobserved individual heterogeneity not be
eliminated. Thus the assumption of independence between explanatory vandbldsas
to be met. In this regard, the solution to self-selection bias used for modeiingaking
frequency is not available here. However, self-selection is considered &shi&ddy a
problem for psychological models because 1) some of the individual traits thahaigeced
to be determinants of first use of ShuttleTrac, were explicitly incorponatiethe models
already; and 2) some are not hypothesized to be related to psychological cuascime
behaviors. Therefore, the unobserved error term can be assumed to be uncorrélated wit
ShuttleTrac use. In other words, | assume that those who have more positive qres cepti
shuttle do not sort themselves into the group of ShuttleTrac users. Admittedly, even though
this assumption is reasonable to a certain extent, yet it is a compromise daektofa

appropriate methods to deal with the potential violation to this assumption.

5.4.3 Modeling Results

1) Feeling of security about riding the shuttle.

Table 5.11 and 5.12 summarize estimation results of models regarding feeling of
security about riding the shuttle in daytime and nighttime. The significaydtiae
coefficients of Wave2 dummy and Wave3 dummy in Model 3-1 and 3-2 respectively show
that riders feel less safe at day during riding Shuttle-UM in Wave 2 or B/than in Wave
1. The Wave3 dummy in Model 4-2 has also significant coefficient, suggestingldrat r

also tend to feel less safe at night in Wave 3 compared to Wave 1. Presumably, the
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systematic decrease in feeling of security along time is due to the xqgesure to

potential threats and accumulation of, if any, bad experience.

In Model 3-1 and 3-2, the positive coefficients of ShuttleTrac use dummy have

significance levels of 0.1 and 0.05 respectively. The similar pattern has been|gimd a

Model 4-1 and 4-2, with both coefficients having a significance level of 0.1. This $eems

suggest that the real-time information system has shown somewhat impactsengegs

general feeling of security both during daytime and nighttime, and that kivets of effects

not only occur immediately after the first use of the system, but last liesst a few months.

Table 5.11 Estimated Results for Feeling of Secuyitat Day

Feeling of security at day Model 3-1 Model 3-2 Model 3-3
Wave 1+2 Wave 1+3 Wave 1+2+3

Independent varaibles Coef. z Coef. | z Coef z
Wave 2 dummy -0.41G -2.66 N/A -0.357 -1.92
Wave 3 dummy N/A -0.352 -2.51 -0.327 -1.50
Use of ShuttleTrac 0.343 1.73 0.398 2.22 0.283 1.42
Accuracy of ShutdeTrac: | 5 g1 2.73 10.092 0.27 -0.303 -0.99
50% or less
Age 0.126 2.46 0.137 3.05 0.137 2.30
Age square -0.00P -2.02 -0.001 -2.76 -0.001 -1.86
Male 0.493 2.91 0.528 3.18 0.133 0.66
White -0.018 -0.10 0.38% 2.22 0.180 0.80
Driver license -0.061 -0.17 0.454 1.32 -0.601 -1.35
Car access -0.145 -0.66 0.065 0.28 0.166 0.68
Campus Parking permit -0.082 -0.43 -0.473 -2.57 -0.155 -0.69
Live on campus -0.022 -0.09 0.373 1.47 0.186 0.68
Student 0.186 0.77 0.426 1.92 0.360 1.22
Foreign citizen 0.031 0.13 0.268 1.17 0.204 0.72
<5 min walk to stop 0.476 2.30 0.325 1.75 0.225 0.96
5-10 min walk to stop 0.279 1.05 0.180 0.78 0.119 400
10-20 min walk to stop 0.452 1.48 0.697 2.34 0.494 1.46
_cutl -1.153 -1.15 0.119 0.13 -0.909 -0.76
_cut2 -0.892 -0.90 0.313 0.34 -0.155 -0.13
_cut3 -0.227 -0.23 1.124 1.22 1.206 1.01
_cutd 1.310 1.32 2.369 2.53
rho 0.488 5.90 0.545 7.08 0.4672 5.45
# obs 886 815 734
# groups 469 431
Log Likelihood -452.795 -382.856 -326.799
P-value 0.0001 0.0000 0.185

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1
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Table 5.12 Estimated Results for Feeling of Secuyitat Night

Feeling of security at Night Model 4-1 Model 4-2 Model 4-3
Wave 1+2 Wave 1+3 Wave 1+2+3

Independent varaibles Coef. z Coef. | z Coef z
Wave 2 dummy -0.054 -0.44 N/A -0.077 -0.58
Wave 3 dummy N/A -0.268 -1.94 -0.302 -1.92
Use of ShuttleTrac 0.264 1.66 0.306 1.95 0.363 2.35
Accuracy of ShuttleTrac: 0,016 -0.06 0.294 1.19 0.111 0.44
50% or less
Age 0.083 1.74 0.078 1.86 0.093 1.80
Age square -0.001 -1.40 -0.001 -1.52 -0.001 -1.44
Male 0.716 4.48 0.554 3.67 0.437 2.29
White 0.36F 2.02 -0.057 -0.35 0.206 0.97
Driver license 0.013 0.04 -0.030 -0.11 0.056 0.18
Car access -0.116 -0.60 -0.165] -1.00 -0.14p -0.7
Campus Parking permit -0.211 -1.20 0.051 0.35 -D.09 -0.55
Live on campus 0.133 0.60 -0.123 -0.63 0.108 0.47
Student 0.006 0.02 0.001 0.00 0.082 0.31
Foreign citizen 0.092 0.41 -0.207 -1.05 0.023 0.09
<5 min walk to stop 0.281 1.52 0.188 1.18 0.027 0.14
5-10 min walk to stop -0.211 -0.93 -0.248 -1.25 152 -0.66
10-20 min walk to stop 0.080 0.32 -0.146 -0.64 6.01 0.06
_cutl -1.344 -1.44 -1.918 -2.25 -1.377 -1.32
_cut2 -0.115 -0.12 -0.727 -0.87 -0.206 -0.20
_cut3 1.194 1.28 0.502 0.60 0.989 0.96
_cuts 2.549 2.73 1.87% 2.24 2.437 2.36
rho 0.616 14.82 0.53% 11.04 0.581 12.97
# obs 818 775 692
# groups 445 414 251
Log Likelihood -974.733 -909.052 -767.069
P-value 0.000 0.005 0.111

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1

It we want to see whether the immediate effect is going to increasereasie@long

with time (illustrative examples shown in Figure 5.1), the mere comparisongoiitondes of

two coefficients is not appropriate. Instead, we may construct a dummy vaepigsenting

the continuation of ShuttleTrac use in wave 3 and incorporate it into two three-wave model

(Model 3-3 and 4-3). Any person who uses ShuttleTrac in wave 2 will get a valuerof 1 f

this variable in the Wave 3 recd?dwhile others, including those newly self-reported

9|n the random-effects ordered probit models, gmaon has three records for three waves resplctive
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ShuttleTrac users in wave 3 survey, will get a value of 0. The coeffici¢nisofariable
actually reflects the slope of the presumed linear function that the potentiattengesffect
may take. To save space, | do not present the full estimation results hetts &dbe new
specifications for two models both give us insignificant coefficients fondudy-
incorporated variabfé. It seems to tell us that the ShuttleTrac’s immediate boosting impact
on feeling of security is likely to be constant over time as illustratecur&i. 1A.
However, there is a caveat for adopting this constant form of longer-texat eff feeling of
security. As | discussed before, the newly self-reported ShuttleTrexcinseave 2 and 3
have systematically different adjustment periods. Thus the constant foomgefdterm
effect suggested in models using the three-wave panel dataset stands only d the hol
assumption that the new ShuttleTrac users in wave 3 survey have an average of around 2
weeks of adjustment period.

The perceived inaccuracy of prediction has shown insignificant impacts argfeéli
security about riding the shuttle in all models except for Model 3-1. It seetmntte
passengers have the perception that ShuttleTrac provides inaccuraté/ausérmation,
they are less likely to feel safe while riding buses.

Other factors that influence passenger feeling of security about ridistukiée are
age and gender. Age is found to be positively correlated with feeling of securitgtimela
and nighttime. The results indicate that as respondent age grows, theallgéaelrsafer
about riding the transit. The dummy variable of gender has a significant coef@inlgni
Model 4-3, telling that male feels safer about riding transit during night fimese findings

are consistent with our expectations.

M For Model 3-3coef.= .182 ¢ = .51); for Model 4-3coef.= -.045 ¢ = -0.18)
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2) Perception of On-time Performance.

Results for models regarding perception of on-time performance are shown in Table
5.13. This time we found significant increase in perception of on-time performancheve
time, other things equal, according to the coefficients of two wave dumnaplesi This
may probably be attributed to either the increased familiarity of thersyst the measures
that the operator adopted to actually improve the on-time performacé.syaistics of
missing or delays of Shuttle-UM are available, the causes of such atistehanges in

perceived on-timeness can be sorted out.

Table 5.13 Estimated Results for Perception of Orirne Performance

Perception of on-tim Model 5-1 Model 5-2 Model 5-3
performance Wave 1+2 Wave 1+3 Wave 1+2+3

Independent varaibles Coef. z Coef. | z Coef z
Wave 2 dummy 0.269 1.91 N/A 0.647 3.81
Wave 3 dummy N/A 0.368 2.08 0.573 2.76
Use of ShuttleTrac 0.495 2.76 0.273 1.40 0.224 1.16
pecuracy of ShuttleTrac: |1 144 421 0.98% | -394 1038 | 378

b or less
Age -0.053 -1.11 -0.037 -0.80 -0.051 -0.83
Age square 0.001 1.29 0.001 0.88 0.001 0.88
Male -0.179 -1.18 0.084 0.53 -0.046 -0.22
White -0.216 -1.24 -0.090 -0.52 0.048 0.20
Driver license 0.101 0.36 0.430 1.60 0.414 1.21
Car access -0.115 -0.62 -0.034 -0.19 0.159 0.72
Campus Parking permit 0.062 0.36 0.136 0.84 -0.071 -0.35
Live on campus -0.38F -1.71 -0.097 -0.46 -0.377 -1.41
Student -0.467 -1.97 -0.357 -1.49 -0.570 -1.84
Foreign citizen 0.108 0.49 0.174 0.81 0.392 1.34
<5 min walk to stop -0.427F -2.27 -0.561 -3.08 -0.504 -2.17
5-10 min walk to stop -0.577 -2.42 -0.610 -2.74 -0.549 -1.97
10-20 min walk to stop -0.158 -0.60 -0.260 -0.97 248 -0.85
_cutl -4.917° -5.15 -3.973 -4.18 -4.618 -3.71
_cut2 -3.840 -4.10 -2.977 -3.20 -3.431 -2.81
_cut3 -2.448 -2.65 -1.6198 -1.77 -2.055 -1.70
_cut4 1.299 1.42 1.979 2.16 2.272 1.89
rho 0.557 10.29 0.550 9.49 0.607 11.20
# obs 817 769 690
# groups 450 418 253
Log Likelihood -684.769 -659.353 -488.982
P-value 0.000 0.000 0.000

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1
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Again we first look at the effects of ShuttleTrac use and perceived inaccQnacy
estimation results show that ShuttleTrac use has a significant @ff@etrceptions of shuttle
on-time performance in Model 5-1, but not in Model 5-2 or 5-3 (see Table 5.13). More
specifically, other things being constant, shuttle riders do tend to feel thie simitime
performance is better immediately after they use the real-timemation system. But this
effect seems not to last in a medium or long run. Let us try to give plausibleatquhs for
this phenomenon in two different scenarios. First, suppose that the actual on-time
performance of transit service keeps unchanged between before and aitis. jdre
immediate positive effect of real-time information system on the peoception-time
performance is most likely a temporary illusion caused by the provisionldimesarrival
times. As time goes, this kind of illusion disappears as riders gradually finkiabaihé on-
time performance is not actually being improved. Alternatively, we mayase that the
actual on-time performance does get improved due to better managemenéalatithee
tracking system. The immediate effect of real-time information on tleep&on of on-time
performance likely comes directly from this virtual lift of service pualityy However,
because transit riders are well-known to be adaptive yet demanding, they bend t
accustomed to and thus less appreciative of the improvement in a longer run. igattas re
the perception of transit service punctuality may return to a level where saoade by
demanding passengers for further improvement. The question of which scenaie is
likely the case depends on how measures of on-time performance actuatjg ovar time
before and after the real-time information system is deployed.

The perceived inaccuracy of ShuttleTrac has shown a very strong negici@ef

the on-time performance perceptions in all three models. This is to indicatehrzever a
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transit rider maintains the perception that real-time arrival time girediis poorly

estimated, he or she will think the transit service itself is poor in terms afyalibc In
practice, the accuracy of bus arrival time estimation and transit orpérf@mance are not
necessarily connected. In fact, when the bus is not on time, accurate bus stimeien

can be provided to passengers waiting at the stop. Alternatively, when inapracattion

is provided, the bus can still arrive on time pursuant to the print timetable. However, our
findings seem to suggest that in general passengers perceive thaetberyeated. In other
words, perception of inaccurate real-time information contributes to perceptumpahctual
transit services, and likely vice versa.

Coefficients of wave 2 and wave 3 dummies show that in general riders feth@n-ti
performance of shuttle service is higher in wave 2 or 3 than in wave 1. Findirogkdor
variables shown in Model 5-3 are presented as follows. For shuttle on-timezartar,
students feel worse than faculty and staff members do, perhaps because studentsetend t
pickier about shuttle which is one of their major transportation modes. Some intgresti
findings are about shuttle accessibility variables. People who live within 5 nkriova
nearest shuttle stop feel shuttle service is less punctual. Those who live 5-10walkutea

stop have the same negative feeling about shuttle on-time performance.

3) Waiting Anxiety.

Results for models regarding passenger anxiety in waiting are shown insT’bhle
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Table 5.14 Estimated results for Waiting Anxiety

Waiting anxiety Model 6-1 Model 6-2 Model 6-3
Wave 1+2 Wave 1+3 Wave 1+2+3

Independent varaibles Coef. z Coef. | z Coef z
Wave 2 dummy 0.224 2.13 N/A 0.300 2.52
Wave 3 dummy N/A 0.197 1.48 0.247 1.70
Use of ShuttleTrac 0.002 0.01 0.188 1.27 0.073 0.52
pecuracy of ShutleTrac: | 4 353 152 | -0.508 2.81 -0.387 1.72

b or less
Age 0.014 0.37 0.016 0.43 0.031 0.67
Age square 0.000 0.18 0.000 0.08 -0.00( -0.21
Male 0.143 1.16 0.140 1.10 0.205 1.20
White 0.379 2.65 0.147 1.07 0.530 2.74
Driver license 0.095 0.39 -0.012 -0.05 -0.060 -0.21
Car access -0.168 -1.08 0.004 0.03 0.068 0.4
Campus Parking permit 0.117 0.84 -0.043 -0.34 ®.07 -0.50
Live on campus -0.161 -0.88 -0.025 -0.14 -0.151 -0.73
Student -0.277 -1.51 -0.159 -0.83 -0.292 -1.19
Foreign citizen 0.147 0.82 -0.206 -1.22 0.326 1.41
<5 min walk to stop 0.103 0.68 0.159 1.14 0.117 0.67
5-10 min walk to stop -0.174 -0.93 0.163 0.93 0.018 0.09
10-20 min walk to stop 0.368 1.78 0.217 1.05 0.288 1.31
_cutl -1.162 -1.57 -0.964 -1.32 -0.690 -0.74
_cut2 0.252 0.34 0.114 0.16 0.553 0.59
_cut3 1.46% 1.98 1.482 2.03 1.940 2.08
_cut4 2.787 3.73 2.713 3.69 3.482 3.71
rho 0.493 11.51 0.461 9.76 0.542 13.27
# obs 860 802 714
# groups 461 431 256
Log Likelihood -1198.548 -1126.167 -945.930
P-value 0.000 0.001 0.000

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1

The coefficients for use of ShuttleTrac in three models have positive signs as
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expected. But this effect is found to be insignificant in either Model 6-1 or 6-2oie b&l4,
indicating that the use of ShuttleTrac has no significant impact on how anxiousgeasse
feel while waiting for shuttles, no matter how much time is given to them fortadjos For
perceived inaccuracy of ShuttleTrac dummy, the significantly negativécoed in Model
6-2 tells that if passengers think the bus arrival time prediction is 50% or tesatac they

will tend to increase their general waiting anxiety level. Combining abogisf)s, we may



say that provision of real-time passenger information system may noerpdssenger’s
anxiety in waiting. However once they have a perception that these estimatrd\als
times are inaccurate in general, chances are that they will feelamais when waiting for
buses. Another variable that is found to be significantly related to waitingyarscighite

dummy, suggesting that white people generally feel more anxious in waitisgtttles.

4) Overall Satisfaction with Shuttle-UM Service.

Estimation results for models with overall satisfaction as the dependeritiea@ae
shown in Table 5.15. The wave dummy variables are insignificant in all models, showing
that in general travelers do not have difference in satisfaction about SkMtibeer the year

(Fall 2006-Fall 2007), if nothing is changed.
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Table 5.15 Estimated Results for Overall Satisfaain

Overall satisfaction Wave 1+2 Wave 1+3 Wave 1+2+3
Model 7-1 | Model 7-2 | Model 7-3 | Model 7-4 | Model 7-5 | Model 7-6
w/o oth w oth w/o oth w oth w/o oth w oth
Coef. Coef. Coef. Coef. Coef. Coef.
Independent varaibles (2) (2) (2) (2) (2) (2)

-0.003 -0.103 N/A 0.043 -0.081

Wave 2 dummy (-0.03) (-0.74) (0.33) (-0.55)
N/A 0.026 0.005 -0.026 -0.107

Wave 3 dummy (0.18) (0.03) (-0.17) (-0.61)
0.524 0.272 0.384 0.151 0.508 0.336

Use of ShuttleTrac (3.31) (1.59) (2.41) (0.92) (3.31) (2.07)
Accuracy of ShuttleTrac: -0.859 -0.467 -0.620 -0.257 -0.633 -0.317
50% or less (-3.31) (-1.74) (-2.68) (-1.112) (-2.67) (-1.30)
-0.066 -0.12F 0.028 0.016 0.025 0.008

Age (-1.44) (-2.75) (0.68) (0.43) (0.51) (0.17)
0.00f 0.0072 -0.000 0.000 -0.000 0.001

Age square (1.85) (3.11) (-0.02) (0.38) (-0.01) (0.46)
0.028 0.028 0.159 0.077 -0.155 -0.097

Male (0.19) (0.20) (1.13) (0.63) (-0.86) (-0.62)
-0.484 -0.560 -0.151 -0.153 -0.034 -0.165

White (-2.75) (-3.42) (-0.98) (-1.15) (-0.17) (-0.92)
0.018 -0.042 0.019 -0.124 -0.174 -0.244

Driver license (0.06) (-0.16) (0.08) (-0.57) (-0.57) (-0.87)
-0.252 -0.068 -0.147 -0.194 -0.091 -0.175

Car access (-1.36) (-0.39) (-0.93) (-1.34) (-0.50) (-1.01)
0.235 0.151 0.257 0.357 0.307 0.442

Campus Parking permit (1.41) (0.93) (1.83) (2.68) (1.82) (2.68)
-0.119 -0.145 0.120 0.055 0.120 0.182

Live on campus (-0.54) (-0.71) (0.63) (0.31) (0.53) (0.86)
-0.488 -0.305 0.096 0.204 -0.030 0.162

Student (-2.17) (-1.40) (0.47) (1.08) (-0.12) (0.69)
0.141 0.035 0.003 -0.128 0.402 0.269

Foreign citizen (0.64) (0.18) (0.01) (-0.79) (1.64) (1.26)
0.114 0.157 0.050 0.133 -0.043 -0.048

<5 min walk to stop (0.63) (0.91) (0.32) (0.92) (-0.23) (-0.26)
-0.161 -0.040 -0.326 -0.170 -0.060 -0.010

5-10 min walk to stop (-0.74) (-0.18) (-1.70) (-0.94) (-0.26) (-0.05)
-0.372 -0.374 -0.423 -0.408 -0.42f -0.496

10-20 min walk to stop (-1.55) (-1.52) (-1.92) (-1.85) (-1.81) (-2.08)

(Table continues in the next page)
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Table 5.15 (continue)

. . j Wave
Overall satisfaction Wave 1+2 Wave 1+3 14243
Model 7-1 | Model 7-2 | Model 7-3 | Model 7-4 | Model 7-5 Model 7-6
w/ oth oth w/ oth oth w/ oth oth
Coef. Coef. Coef. Coef. Coef. Coef.
Independent varaibles (2) (2) (2) (2) (2) (2)
0.475 0.475 0.513
Feeling of security at day NA (3.81) NA (4.17) NA (3.42)
0.084 0.115 0.013
Feeling of security at night NA (1.16) NA (1.76) NA (0.17)
Perception of on-time 0.827 0.888 0.816
performance NA (8.35) NA (9.56) NA (7.60)
0.363 0.213 0.285
Waiting anxiety NA (5.84) NA (3.84) NA (4.42)
-4.977 -1.330 -2.278 2.00% -2.766 0.609
_cutl (-5.32) (-1.40) (-2.78) (2.45) (-2.72) (0.61)
-3.875 -0.058 -1.406 3.0458 -1.767 1.950
_cut2 (-4.23) (-0.06) (-1.75) (3.71) (-1.77) (1.97)
-2.703 1.216 -0.237 4.429 -0.621 3.225
_cut3 (-2.99) (1.31) (-0.30) (5.28) (-0.63) (3.25)
-0.192 3.926 2.127F 6.794 1.856 5.775%
_cutd (-0.21) (4.12) (2.62) (7.70) (1.86) (5.64)
0.614 0.479 0.519 0.29F 0.56TF 0.400
rho (15.15) (7.56) (10.73) (4.12) (12.62) (6.53)
# obs 870 734 820 705 729 628
# groups 461 402 454 399 259 243
Log Likelihood -945.435 -689.393 -871.523 -649.029 -722.252 -559.392
P-value 0.000 0.000 0.000 0.000 0.001 0.000

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1

Results of Model 7-1 in Table 5.15 show that ShuttleTrac use has significantly
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being kept fixed at mean values, ShuttleTrac use decreases the probabitié rating

12 postestimation commands (mfx or predict) are setble for “reoprob”. Therefore, | used “prediait f

“regoprob2” to compute the possibilities for twopaghetical records with mean values of all variatilat Use
of ShuttleTrac.

positive effects on riders’ overall satisfaction with shuttle servideea®101 level. In ordinal
models, magnitude of coefficients only has meaning for the latent variabletefjret the

coefficient of ShuttleTrac use, | predict probabilities for different sinaf’. Other variables

satisfaction level 4 by 0.008 (from 0.562 to 0.554), while increases the probabibtyngf s




by about 0.1 (from 0.186 to 0.285). In terms of time frame, this positive effect alnsest
immediately after the deployment of ShuttleTrac.

Results of Model 7-3 in Table 5.15 also give a positive coefficient of Shuttle$eac
dummy variable at a significance level of 0.05, suggesting that passengfactati rating
tends to rise due to ShuttleTrac use, even after a few months. To interpret tiogeeodeff
other variables kept fixed at mean values, ShuttleTrac use decreasebéidliprof one
rating satisfaction level 4 by 0.004 (from 0.584 to 0.580), while increases the prghabilit
rating 5 by about 0.078 (from 0.179 to 0.257). Comparing the effects of ShuttleTrac use on
overall satisfaction in above two models, it is to imply that the use of reapaissEnger
information system may immediately lift passengers’ satisfactitintvansit service and this
boost will continue after a number of months, but the magnitude of this positive impact
seems to decrease with a considerable period of adaption.

Similar to what has been tried previously, | incorporated a new dummy variable
representing ShuttleTrac usage in wave 2 in Model 7-5, aiming at capturing the slope of
linear function the longer-term effect takes. The estimation results o$pesification give
us an insignificant coefficieht showing that the slope is not significantly different from
zero. However, as we have discussed, this finding is also strongly binding to the assumption
that new ShuttleTrac users in wave 3 made their first use within a couple of wieeks pr
wave 3 survey time points.

The dummy variable of perceived inaccuracy of ShuttleTrac shows negative impact
on overall satisfaction rating in both Model 7-1 and 7-3 in Table 5.15 at a high sigo&fica
level of 0.01. This tells that, everything else being equal, if passengers bangthssion

that ShuttleTrac estimates bus arrival times only 50% or less accuthsglyend to rate

13 For Model 7-5coef.= -.047 ¢=-0.25).
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their overall satisfaction lower. The absolute values of the variableeategthan those of
ShuttleTrac use dummy in respective models, which imply that passengersyaraigh

more concerned about accuracy of real-time information. We suppose that a @aksasng

used ShuttleTrac and felt that it is generally inaccurate (both ShuttleSeadtummy and
perceived inaccuracy dummy take value of 1). Other variables being fixezhasm

compared with those who have never used ShuttleTrac and no adverse impression of
ShuttleTrac accuracy, the probability of this passenger rating satsfatt decreases by

0.052 (from 0.193 to 0.141), and the probability of rating satisfaction at 4 decreases by 0.019
(from 0.563 to 0.544). These results are applicable in Model 7-1 in Table 5.15. In Model 7-3,
the decrease in probability of rating satisfaction at 5 is 0.063 (from 0.198 to 0.135), and
decrease in the probability of rating satisfaction at 4 is 0.019 (from 0.583 to 0.564), other
variables kept at their means. This case has clearly shown how perceivedaopod real-

time information lower passengers’ overall satisfaction ratings in both amdmedium

runs, even with positive impact of real-time information system per se.

As discussed in Chapter 3, there exist both direct and indirect paths linkingmeal-ti
transit information to overall satisfaction. The results from three radi¥del 7-1, 7-3, and
7-5) in Table 5.15 show the satisfaction effect of real-time information as laircation of
impacts from both paths. To distinguish the direct and indirect effects, | fustiraated
three models, explicitly incorporating ratings of lower-level psychoddgutcomes as
independent variables, including feeling of security at day and night, perceptiottimieon
performance, and waiting anxiety. Note that it is generally not nremded to directly use
the ordinal ratings of these variables in the models. A more preferable teagoisvert the

ratings into dummy variables. However, in doing so a lot of degree of freedom wiltbe los
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because in total 16 new dummy variables are to be included for these four psyeahologic
outcomes. In view of that, | did not take this approach.

The coefficients of these four variables in three models (Model 7-2, 7-4, and 7-6 in
Table 5.15) are highly significant in general, showing that they are highlyateaetith
overall satisfaction, which is consistent with our expectations. When theseddiaten
psychological variables are controlled for, the ShuttleTrac use variadgendd show
significant effect in Model 7-2 or 7-4. It seems to imply that the dirdtt Ipging real-time
transit information use and overall satisfaction may not be as prominent as tbetipdih.
The perceived inaccuracy is found to be significant in Model 7-2, suggesting that, even if
other psychological outcomes were controlled for, the inaccurate predictionmeakes
passengers lower their satisfaction with the transit service. Thaificaagt coefficient of the
same variable in Model 7-4 can be explained this way: given a period of adjystment
perceived inaccuracy of information will not continue to directly affect pagsés overall
satisfaction level, because they have already learned to adjust thea&rpeaf the new
real-time information system. Referring back to the (dis)satisfaoctodel shown in Figure
3.7, even if the perceived service quality is still poor, the lowered expectatios thake
negative disconfirmation is less likely the case. And in turn, in a longer run thadl over
satisfaction is not going to be significantly decreased solely due to podyqidhe real-

time transit information system.

5.5 Findings and Discussions

5.5.1 Summary of Findings
Modeling findings regarding relationships between real-time passeriganation

systems and traveler’s general responses can be summarized in the Table 5.1&blerhi
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entails three dimensions. The first dimension is the two variables regasdirigne

information system, namely, use of ShuttleTrac and perceived inaccuraegdition. The
second dimension includes three behavioral variables and five psychologichalesaria
measuring traveler’s general behavioral and psychological responseistimegaformation
systems. Using panel datasets derived from online surveys for one pra-gyste and two
post-system waves, we can furthur distinguish the effect of each of theralolesiin the

first dimension on each one of variables in the second dimension into immediate ame long
term effect in terms of the third dimension — adaption period.

Table 5.16 Summary of General Responses to Real-&nfransit Information

ShuttleTrac use Perceived inaccuracy of ShuttleTrac
Immediate effecy "°N9STM | mediate effec] -ON9er-term
effect effect

Shuttle trip rates No Yes No Yes
Campus-based trip rates No No Yes Yes
Commuting mode choice N/A No N/A No
Feeling of security at ves Yes Yes No
day
F_eelmg of security at Yes Yes No No
night
Perception of on-time Yes No Yes Yes
performance
Waiting anxiety No No No Yes
Overall satisfaction Yes Yes Yes Yes

Use of ShuttleTrac has shown none immediate effect on traveler's generabteha
which is understandable because travelers do need time to adapt and adjust accarding t
time information systems. Interestingly, providing a few months for adgrdt those who
used real-time information system are likely to increase their tiaipsmaking frequency.
That means a longer-term effect of real-time transit information usewsitttrip rate has
been found with our panel dataset. Although the magnitude of effect may not be large (about

23% increase), still it is a very encouraging message to advocates of stechssy
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Dominant commuting mode has not been found to change because of ShuttleTrac use,
even with a few months of adjustment, suggesting that real-time transit ititmrragstem
itself is not sufficient to shift commuter’s dominant mode of transportation.ig hist
surprising because as Garliegal. (2002) pointed out, a change of travel mode is perceived
by a traveler as a relatively costly adaption, when compared to changgmtude times or
routes. Also this finding echoes what was suggested using a numericatisiminlahe
study by Chorust al. (2006c).

The perception of information accuracy also plays a role in influencing travele
transit trip-making frequency, especially when more adjustment time is. d\gative
longer-term effect of perceived inaccuracy of information was found to bdicagrion both
the total number of monthly shuttle trips and the number of campus-based shuttle trips. The
findings show that if somehow travelers got the impression that real-tiorenistion has
very poor accuracy, they will decrease their transit trip-making frequégain the
perception of information accuracy has no significant relationship with coen'siahoice of
dominant commuting mode.

Unlike for behavior, immediate effects are actually found to be significasbfoe
of psychological outcomes, including feeling of security about riding buses ahday a
night, perception of on-time performance, and overall satisfaction withttsmngice.

Results tell that immediately after using the real-time inforonaglystems, passengers tend
to feel safer about riding buses at day or night, feel transit service mareegraid feel
more satisfied with the transit service. These immediate effectsagmudist for at least

several months, except for perception of on-time performance. However, becthese of
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limitation of our datasets, it remains unclear whether the magnitude ofetfiests are
decreasing or holding constant.

As for perception of information accuracy, some immediate and longer-tierctse
were also found for a few psychological outcomes. Immediately after uealdime transit
information system, with perception of inaccurate prediction of such infamatassengers
are likely to feel less safe about riding the shuttle at day, feel the sexsgcerl-time, and
feel less satisfied with the service. Given a few months, if passendjdra\stithis
perception of information inaccuracy, they will continue to feel the serviselesime and
less satisfied with the service, and will generally feel more anxious whiting for buses.
In terms of effect magnitude, the general finding is that the negativesettacted by
inaccurate prediction on rider’s general psychology are higher than the poé#ots ef
using real-time information. That is, no matter how much positive psychologicet &fée
real-time information systems can generate, these effects maysbemfsurpassed by the

negative impacts caused by poor information.

5.5.2 Discussions

This chapter is concerned about traveler’s behavioral and psychological resfgonse
the real-time transit passenger information system. The design of ShuttbyFtam
provides us with the opportunity to differentiate two groups of people, ShuttleTrac users
(treatment group) and non-users (control group), and explore changes in thelvaraxabr
and perceptions of and attitudes toward shuttle service. It is noted that behavioral and
psychological outcomes we examined in this chapter are not about spgasfior system
use. Instead they are general in nature in that travelers are givelo tiohept and adjust after

their first use of such system.

135



Travel behaviors that were examined are monthly shuttle trip-making fregue
monthly campus-based trip-making frequency, and dominant commuting mode choice. Our
hypothesis is that, with real-time transit information system, trazelgrincrease their trip-
making frequency and shift their commuting mode to transit more, especidilg Vahger
period of adjustment. The empirical results generally do not support our hypotheses, ex
that the longer-term effect of ShuttleTrac on monthly trip rate was fouhdawiaverage of
five and a half months of adjustment.

This significant longer-term effect on trip-making frequency iararssingly
encouraging finding for advocates and providers of real-time passenyenatibn systems,
because it validates their anticipation of ridership increase as a redafilofment of such
advanced systems. However, we need to emphasize several precautions before orse become
too excited about such good news. First, the effect size may not be as largexscote
23% increase in transit trip-making frequency seems to be somewhat laoge be
directly translated into the increase in ridership. However, it is not thatleasone thing,
this increase at an individual level may vary to a great extent amongedtfteser groups
(e.g. frequent riders have smaller increase, infrequent riders have higlease) thus make
such figure (23%) difficult to be directly interpreted as the aggremhaeship increase rate.
For another thing, as we will further discuss in Chapter 7, the special enstass of
Shuttle-UM prevents us from generalizing such effect to the typical urbar pralpisport
systems without special considerations. Early estimates (more likeegliéar ridership
increases, as a result the deployment of advanced traveler informytiems, range from

1% to 3% (Goeddel, 2000). It is safe to say that our empirical findings cohfrextstence
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of ridership effect of real-time information in a longer run, but there is no deéiratiswer
of how much.

Second, one cannot expect this increase to occur immediately after the deplofyme
a new system. At least a few months is needed to allow this effect to sasfaegelers
gradually adjust their transit riding behavior. Third, the question of whether this/positi
effect will hold constant or drawback in a longer future is not clear becaadaak of
evidence. Fourth, the perception of real-time transit information accuracghads/s a
longer-term effect on trip-making frequency. And the effect size is aboutr28 higher
than mere exposure to the system. The implication for system providersiig/thawvant to
deploy such system, please try to provide accurate information, because teaccura
information might very well ruin all of your efforts and actually genera@ehse in
ridership.

A stated-preference survey in Chicago shows that about 67% of all respondints sai
that they would increase transit usage when provided with real-time transmation, 60%
for current users and 70% for non-current users (Tang and Thakuriah, 2006). In light of ou
results, such stated preference may need to be considered with resencpatience.

Psychological outcomes, on the other hand, are found to be generally influenced by
real-time information system. Not only some immediate impacts are foundsbulatent
psychological effects are prominent, suggesting that the positivesedi@ctble to persist for
a while. These findings are consistent with what most evaluation studies paxtede
Therefore, even if transit agencies and scholars might not be too optimisti@aabiaving
ridership increase or shifting commuter’s mode by providing real-time infamiat

travelers, they can expect immediate and lasting positive psychdlbgreefits to transit
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riders. However, again, the perception of information accuracy has showir gféatteon
traveler’s general attitude towards transit service than mere usderhsyses. What is
reinforced by these findings is the following message to transit ageifigies want to do it,
please do it right.

In this semi-natural experimental environment, the treatment is the use té Biaat
system. From the day travelers first use such system, they are besifiedanto the
treatment group, no matter how many times they use thereafter. lizedehlat such
treatment is not likely to be randomly assigned among travelers becauseatyney
deliberately select whether they start to use it or not. Therefore, endggeneed by self-
selection is a potential problem when causal relationships are being exantimeebe
treatment and outcome. It is noted that the frequency of system use wastiilexcluded
from models as it is conceived to be a more problematic endogenous variablenDiffere
approaches were utilized to address this possible endogeneity issue for varri&iehe.

First, for trip-making frequency models, panel datasets were used foagstj the
models with fixed-effects (FE) estimator. A nice thing about FE astims that unobserved
individual differences as a part of unobserved disturbance are canceled outr \mootise
FE models allow for endogeneity of all the regressors and the unobserved inck¥ielctsl
If we assume that the endogenous variable is only correlated with the unobsemniedahdi
heterogeneity which is likely the case, the self-selection is no longebéem. Second, for
commuting mode choice model, because cross-sectional dataset was beihgdmaed a
two-stage modeling approach with instruments as substitute for the endogenalig vari
Third, for psychological outcomes, panel datasets were used for modeling tioashlps

with random-effects (RE) estimators. It is true that with RE estimatobserved individual
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heterogeneity is not eliminated and hence non-correlation shall be assumeenbiéand
explanatory variables. However, the use of real-time passenger infarragsiem is
considered to be less likely correlated with unobserved disturbance for psycholamietd m
as discussed above. Therefore, self-selection bias is less of a problem far ofiodel
psychological outcomes.

Our results also suggest that other approaches (e.g. building more on-campus stude
housing, rerouting lines or rearranging stops to make shuttle within walking ei$teinc
more students, or increasing the price of a campus parking permit) would indneitige s
usage significantly. This is consistent with previous studies (e.g., Toor andi;120101).
Universities may consider such approaches, along with other proven poligiasm(enited
access (Browet al, 2003) and promoting non-motorized mode (Toor and Havlick, 2004)),
if they want to achieve goals such as increased transit ridership and promabalsilisyan

campus community.

5.6 Chapter Summary

The good timing of ShuttleTrac deployment offers me a good opportunity to make a
guasi-experimental design and undertake a empirical study in order for genuine
understanding of causal effects of real-time bus arrival information ondravel
general/cumulative behavior and psychology. This chapter presents the anapisiyses
that, using panel datasets derived from three online surveys, examine tbaskips
between real-time information and three behavioral and five psychologicablear
measuring traveler general behavior and psychology. Several imgrigstiings were

reported and discussed. This part of analysis has shown that real-time ifansiaiion
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systems do make a difference in transit trip-making frequency and gassquerceptions of

and attitudes toward transit.
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Chapter 6: Trip-specific Psychological Responsdidal-time
Transit Information

6.1 Introduction

Suppose a passenger is going to take a specific journey to the destination, which
involves a transit mode. When real-time transit information is provided and acquitieel by
passenger, she may or may not change her travel behaviors accordinglyeHavspite of
non-change in behavioral responses, chances are that the real-time iofommiatnduce
some psychological responses as the passenger is experiencing the jomlkend of trip-
specific psychological response to real-time information is different thengeneral
attitudes toward transit service in terms of their time frames. But ctivaljetrip-specific
psychological response may build up to some general attitudes, as we discussguten &

Chapter 5 has examined the short-term and medium-term changes in general attitudes
toward Shuttle-UM service caused by real-time information. Now the fedusned to trip-
specific psychological responses. The objective of Chapter 6 is to empincadtigate
whether real-time bus arrival information would change passengers’ psychblogic
conditions during specific transit trips, and how these trip-specific psychalajfects of
real-time information vary among user groups and under different conditioms) diga
collected from a shuttle on-board survey conducted immediately after timsiggte
advertising of ShuttleTrac, a series of models can be estimated to tptucecthe
correlations between provision and accuracy of real-time information and falnopsyical
outcome variables, i.e. perceived waiting time, feeling of security, waitirgety, and

satisfaction with at-stop transit service.
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The structure of Chapter 6 is as follows. Section 2 describes the methodology used in
analysis in details, followed by Section 3, which is the report of modeling reSatison 4

further discusses the results and conclusions are drawn in Section 5.

6.2 Modeling Methodology

6.2.1 Datasets and Variables

The dataset employed in this part of research is the cross-sectionat datased
from the onboard survey conducted after the deployment of ShuttleTrac. | furtiuer ttiei
respondents into two groups: waiters (who have been waiting for the coming bus) and non-
waiters (who boarded buses without waiting). It is conceivable that some of the
psychological effects are only concerning waiting experience, suelelasy of security and
anxiety while waiting. Therefore, actually two datasets were usedf@netht models for
these four dependent variables. The descriptive statistics are shown in Table 6.1.

The four dependent variables to be modeled are: 1) perceived waiting time. The
average perceived waiting time is 6.21 minutes for waiters, and 4.58 minutegitierall 2)
feeling of security while waiting; 3) waiting anxiety level; and 4)séattion with at-stop
service. It is hypothesized that use of real-time bus arrival informatibmeke a difference
in these four variables. The derivation of these dependent variables was introduced in

Chapter 3 in details.
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Table 6.1 Descriptive Statistics of Wave2 Onboard Svey Dataset

Waiter dataset Full dataset

N Min Max Mean SD N Min| Max| Mean SD

Perceived waiting

time 502 1.5 30 6.21 5.33 680 0 30 4.58 5.33
Feeling of security 495 1 5 4.23 1.04 N/A

Waiting anxiety 490 1 5 3.76 1.27 N/A

Satisfaction 492 1 5 4.10 0.2¢ 668 L 5 4.16 0.87
Pre-trip ShuttleTrac

use 499 0 1 0.08 0.277 670 q 1 0.09 0.28
At-stop ShuttleTrac

use 499 0 1 0.23 0.420 670 q 1 0.19 0.39

Perceived bus
earliness against
real-time info 508 0 1 0.05 0.21 686 @ 1 0.05 0.22

Perceived bus
lateness against

real-time info 508 0 1 0.06 0.25 686 Q 1 0.05 0.21
Pre-trip timetable

awareness 504 0 1 0.63 0.48 681 0 1 0.64 0[48
At-stop timetable

awareness 504 0 1 0.19 0.3 681 0 1 0.7 0|37
High frequency 508 0 1 0.35 0.48 686 D L 0.34 0.48
Night 508 0 1 0.23 0.42| 686 0 1 0.20 0.40
On campus stop 507 0 1 0.54 0.50 684 0 1 055 0.50
Status: student 474 0 1 0.86 035 647 0 1 0,85 0,36
Gender: male 471 0 1 0.44 050 642 0 il 0.44 0/50
Race: white 468 0 1 0.44 0.5( 637 D L 0.43 0.49
Age 457 16 75 24.19 772 622 1B 75 24.p4 7.7
Age square 457] 256 5625 644.84 549/93 622 P56 5H&H.00| 550.51
On-time perception:

always on-time 487 0 1 0.15 0.36 662 D iy 0.17 0.38
On-time perception:

mostly on-time 487 0 1 0.62 0.49 662 D 1 0.62 0.49
How important to

arrive on time: 2 503 0 1 0.09 0.29 N/A

How important: 3 503 0 1 0.18 0.39 N/A

How important: 4 503 0 1 0.25 0.43 N/A

How important: 5 503 0 1 0.40 0.49 N/A

Timetable is the static information that passengers can acquire. Twblgarabout
timetable knowledge are “pre-trip timetable knowledge” and “at-stogainteeknowledge”.
In hypothesis, knowledge of scheduled bus arrival time will be positively influences on

passenger’s behavior and psychology.
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The perceived lateness of the bus is a representation of the difference betwaken a
and scheduled arrival times. If the passenger thinks a bus is late in compatis®n t
published timetable, he will generally have negative perceptions on the travisi.se

It is a general understanding that campus is a safer place than places otksde of
campus. Especially some of the neighborhoods (e.g. College Park, Springajleta)
nearby the university are known for their unsafely. Therefore, waitiag ah-campus stop
is hypothesized to be positively related with feeling of security.

Three activity engagement variables are derived from the question about what
activities the passenger is engaged in while waiting for the bus. “ReadingLiatehing to
music” are classified as self engagement, while “talking with peopldassified as
communicative engagement. If a passenger spends some of the waitingrieaedy place,
he is engaged in a diversionary activity.

A number of individual characteristics were incorporated into regression models as
independent variables, including gender (male=1), race (white=1), satder{t=1), and
age. Age square was also included in psychological models to capture possilrearon-
effect of age on psychological dependent variables.

Bus service frequency is a key factor that will substantially influencepgss
perception on service quality. The headway of the boarding stop was extracted from the
timetable. The headway variable was coded into a dummy variable named fétiglericy”

(1 if headway <= 20 minutes; 0 otherwise). The breaking point (20 minutes) is iadkntifie
according to literature and actual situation of Shuttle-UM. In genettaiicampus and
nearby-community shuttle lines enjoy higher frequency with headway ieategthan 20

minutes. Also the shuttle line to the Greenbelt Metro Station has a high freqQ¢hey
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distant-community shuttle lines suffer a much lower frequency, some eveheaitlvay of
90 minutes.

Passenger psychology, especially feeling of security, may changatarally from
day to night. A dummy variable named “night” is generated showing whether trtbrigpar
time is after 8pm. It is hypothesized that at night feeling of securiyedses and waiting
anxiety increases.

The previous perception on bus service may well influence passengerjsetrifies
psychological responses. In the onboard survey a question was asked about respondent’s
perception on the usual on-time performance of the particular line he or she intended to r
The answers were re-coded into three dummy variables: “Always on timesti§vbn
time”, and “no more than 50% on time”. The first two were incorporated in the models to

represent the general perception on on-time performance.

6.2.2 Model Specifications
Perceived waiting time was transformed from categorical to continuous. ditegref
multivariate linear regression specification (OLS) is used to modeltgié real-time
information and other explanatory variables on perceived waiting time.
?8 . # ( (6.1)
Where,PWT denotes perceived waiting timéthe vector of independent variables,
coefficient of constant to be estimated;oefficients of vectoK to be estimated, andhe

error term.

When the dependent variable takes more than two values, but these values have a

natural ordering, the ordered probit model would be appropriate. It would be inappropriate to
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use the multinomial logit because this model does not account for the ordering of the
dependent variable. Further, a regression model would not be appropriate becauseg assum
differences between categories of the dependent variable to be equahsytiee data are

only ordinal. The results would be substantially different if ordered dependeaitlearare
analyzed using regression instead of using the ordered probit.

Consider a latent variable model of the following form, wheres the unobserved
dependent variabl& a vector of explanatory variablesyector of an unknown parameter to
be estimated andthe error term.

O (6.2)

Instead of y*, the following is observed:

v wxvlqg
v "wx rQlg

Q 0Cp *rQlg* (6.3)

vV oywx ,4 rQl!
Wherey is the ordered dependent variable pritie vector of unknown threshold parameters
that is estimated with coefficientsvector. is assumed to have a standard logistic
distribution. The threshold between the lowest and the next lowest categaliesyis set to
0. Moreover the threshold values must be ordered from lowest to highest. Resultinigefrom
standard logistic distribution, the probability tiyafalls into thejth category is given by:

fv c€e 32 e g 5, (6.4)
Wherey; andy;.; denote the upper and lower threshold values for catelgand is the

cumulative standard normal.
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The likelihood function for the model is given by:
15135 %, S &% 4 5 &™ (65
Since three dependent variables about feeling of security, anxiety ancciahshae

all ordinal, ordered logit models are adopted to estimate the coefficiesxplahatory

variables. Ologit command in Stata was used to execute the estimations.

6.3 Modeling Results

6.3.1 Perceived Waiting Time

According to previous review, passengers who are aware and unaware of timetables
will show fundamentally different arrival patterns and thus generateehtfpatterns of
actual waiting time. Two models for unaware and aware passengersstierated to model
how real-time transit information influence passenger perceived wéitieg The

passengers who boarded without waiting (i.e. waiting time is 0) are aladexcl
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Table 6.2 Modeling results for perceived waiting tine (Full)

Unaware Model (full)

Aware Model (full)

Variables Coef. t Coef. t
Headway 0.10F 3.33 0.009 0.74
Pre-trip ShuttleTrac use -2.382 -0.73 -1.050 -1.32
At-stop ShuttleTrac use 1.207 1.32 0.815 121
Perce_lveq bus earliness against 2410 0.98 .0.228 021
real-time info
Perce_lveq bus lateness against 2501 117 2 363 187
real-time info
I?ercelved bus lateness against 2 848 219 2812 3.75
timetable
Night 0.300 0.34 1.846 2.52
Access mode: walking 0.918 0.88 0.611 0.90
At campus origin stop 0.269 0.32 0.053 0.10
Status: student -0.291 -0.23 -0.374 -0.43
Gender: male -0.248 -0.31 -0.496 -1.06
Race: white -0.015 -0.02 0.857 1.78
Age -0.319 -1.22 -0.172 -1.20
Age square 0.0039 1.02 0.0022 1.18
;)mn-etlme perception: always orl- 2119 150 1,403 168
Ei)mnétlme perception: mostly ont .0.078 -0.09 .0.836 119
Anxiety -0.136 -0.43 0.031 0.16
Constant 7.318 1.59 6.149 2.17
Number of obs 195 370
R® 0.1826 0.1445

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1
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Table 6.3 Modeling results for perceived waiting tine (stepwise)

Unaware Model (stepwise) Aware Model (stepwise)

Variables Coef. t Coef. t

Headway 0.100 3.72

Pre-trip ShuttleTrac use -- -- -1.320 -1.92

At-stop ShuttleTrac use 1.677 2.10 - --

—

Perceived bus earliness agains
real-time info

Perceived bus lateness against
real-time info

Perceived bus lateness against
timetable

Night -- -- 2.023 2.86

Access mode: walking - - - -

At campus origin stop - - - -

Status: student -- - - -

Gender: male -- - - -

Race: white

Age -0.44F -1.94 - =

Age square 0.0059 1.74 -- --

On-time perception: always on
time

On-time perception: mostly ont
time

Anxiety

Constant 9.34F 2.71 3.061 9.34

Number of obs 195 370

R? 0.1611 0.1276

NOTE: Significant values are boldfaced.
a: p<0.01; b:p<0.5; c:p<0.1

In traditional models, headway plays a vital role in determining passemgetisg
time. Here the effect of headway in different scenarios can be ctearg in the Unaware
Model and Aware Model. In Unaware Model, headway has positive impact at a high
significance level Of 0.01. The coefficient indicates that 10-minute ireiadsgeadway will
generate 1-minute increase in passenger perceived waiting timerahe Model, this
significant effect was not found, showing that aware passengers do plan thalis arr
according to timetable, thus waiting times are not influenced by bus headwesy/Bnding
confirms validity of differentiation of aware passengers and unaware passanggms of

their timetable knowledge and arrival patterns, as suggested by literature

149




Results of two real-time information acquisition variables show interegétigrns.
Pre-trip ShuttleTrac use has shown significantly negative effect only aréAModel,
suggesting that if passengers knew the scheduled bus arrival time and alssdaealHtime
arrival information before trip, the passenger perceived waiting timelesllease by 1.32
minutes, other things being constant. This effect is perhaps mainly due to the p&ssenge
better planning of the departure time to coordinate with predicted bus amealn this
sense, actual waiting time, as the intermediate variable, was reduaeduiyng real-time
information and thus making more efficient pre-trip travel decisions.

At-stop ShuttleTrac use has shown significant effect on perceived waitiagrti
Unaware Model, but the sign is positive. This seems to imply that when passeagers a
unaware of scheduled timetable and arrive at stop at random, acquisition ohechili$
arrival time at stop will increase perceived waiting time by 1.68 minuteg, \ahables
being kept constant. This may indicate the reverse causal link, that is, while not kttzaving
timetable, the longer the passenger has being waiting for the buses, ¢higetphe or she
IS going to inquiry the real-time arrival information. This effect way émlnd in Unaware
Model.

The perceived accuracy of real-time prediction in general showsifsant relation
with perceived waiting time, except for the perceived lateness againtitmeahformation
in Aware Model. The results seem to say, in the scenario of passenger knowingethble,
if passengers think the buses arrive later than predicted arrival timgyehsgived waiting
times will increase by 2.92 minutes. Let’'s suppose one passenger used @a-tiipe
information and thinks the bus is late in comparison with the prediction. Other faetogs

kept fixed, the perceived waiting time of this passenger will increase lgiduges (2.92-
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1.32). This magnitude difference shows that accuracy of information plalsiealy
greater role in determining passenger perceived waiting time tharpnesence of pre-trip
information.

In Aware Model, perceived bus lateness against timetable shows gfeateoe
waiting time than perceived lateness against real-time information eshis also show
that, perceived waiting time is increased by 2.02 minutes at night for avesengars,
everything else being constant. Two age variables are found to be signgluaning that as
the age increase, passenger perceived waiting time will decrease, buiréssidg rate is
being smaller. For unaware passengers, if they perceive on-time perterofahe bus
service as always on-time, their perceived waiting time will deereg2.63 minutes. This
means that when passengers have confidence on the reliability of bus servickegven t

randomly arrive at the stops without knowing the timetable, they feel Esagwuration.

6.3.2 Feeling of Security

Three models are estimated to capture the relationship between eatfonmation
acquisition and accuracy and feeling of security at the stop. Those passehgdroarded
bus without waiting are excluded. The results of three models (Overall, Night, and Day

models) are shown in Table 6.4.
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Table 6.4 Modeling Results for Feeling of Security

Overall Model Night Model Day Model

Variables Coef. z Coef. z Coef. z
Egg't”p ShuttleTrac 0.135 0.34 -1.069 0.91 0.277 0.63
G\;'esmp ShuttleTrac 0.53¢ 1.93 0.975 1.74 0.330 1.01
Perceived bus earliness - ; g7 -3.79 -2.711 -1.93 -1.991 -3.64
against real-time info
Perceived bus lateness  _ 5o -1.46 0.324 -0.36 -0.664 -1.30
against real-time info
Perceived waiting time. g g5 -0.21 0.005 0.10 -0.007 -0.25
Pre-trip timetable :0.250 0.81 10.919 -1.41 -0.185 10.49
awareness
At-stop timetable 10.464 -1.36 0.723 -1.34 -0.388 10.85
awareness
On campus stop 0.359 1.77 -0.408 -0.83 0.588 2.41
High frequency 0.171 0.65 0.309 0.52 0.022 0.07
Status: student 0.347 1.05 0.022 0.03 0.587 1.52
Gender: male 0.314 1.53 0.190 0.41 0.23§ 0.98
Race: white 0.418 2.02 -1.098 -2.46 0.850 3.38
Age 0.062 1.15 0.046 0.44 0.090 1.07
Age square -0.0007 -0.98 -0.0005 -0.40 -0.001 -0.78
On-time perception: 1.719 4.69 2732 2.76 1.750 418
always on-time
On-time perception:
mostly on-time 0.826 3.42 0.91b 1.67 0.892 3.12
Night -0.964 -3.74 n/a n/a n/a n/a
Jcutl 1572 -3.105 -0.513
Jcut2 -0.611 -1.692 0.235
Jcut3 0.523 -0.644 1.472
Jcutd 2.081 1.231 3.031
Number of obs 432 99 333
Log likelihood -470.41731 -119.4827
Pseudo R 0.0676 0.1056 0.0704

NOTE: Significant values are boldfaced.
a: p<0.01; b:p<0.5; c:p<0.1

First of all, the dummy variable “Night” in Overall Model has a highly gigant

coefficient, whose sign is negative. This result suggests that waiting far bighttime will

make passengers feel less safe than in daytime, other things being equalcdhssstent

with expectation and to a certain extent justifies the differentiationgiftMilodel and Day

Model.
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Four explanatory variables regarding real-time passenger information show
interesting relations with passenger feeling of security in waiSverall Model,
coefficients of both pre-trip and at-stop real-time information acquisitiaabtas have
positive signs. But only at-stop acquisition variable shows positive effect amgfeél
security at a significance level of 0.1, other factors being fixed. This suggaspassengers
may enhance their feeling of security in waits by querying the iraalkius arrival times at
the transit stops. The odds for those who acquired at-stop real-time arrivalatiéorto
have rated their feeling of security at 5 (very safe) instead of at 1labaut 1.713 times14
as high as those who did not acquire at-stop real-time information, other thingedpegihg
In Night Model, at-stop information acquisition also has a significantly pesipact on
feeling of security in waits at night. The odds ratio in this case is 2.651, showing that
magnitude of the positive effect of at-stop information acquisition isvebathigher at
night. However, in Day Model, the corresponding coefficient is insignificeagédms to
suggest that, at night when passengers feel less safe, querying asistioperdus arrival
information could assure passengers and boost their feeling of safetyroyimgféhem how
long they are going to wait. While in the daytime, this kind of impact is not tleg lsasause
in general safety is less a problem and there is little room for improvement.

In terms of perceived accuracy of ShuttleTrac, two variables regardicg) ezl
earliness and lateness of buses show negative effects, with perceiresbgdning highly
significant at a significance level of 0.01. The result implies thatségragers thought buses
arrive early in comparison to the real-time arrival information they aedj¢either pre-trip
or at-stop), they are likely to rate their feeling of security lower. Thosvs that, as far as

safety is concerned, passengers are truly concerned about accuracy tibprefibus

14 0dd ratio is exponentiation of the coefficient.
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arrivals. This finding holds unchanged for all three models, except that the alvedhatef

the coefficient in Night Model is larger than in other two, which implies that acgwf bus
arrival time prediction is more of a concern to passengers regarding tlegyriaafighttime

than in daytime.

The perceived waiting time has negative signs in three models, but the results ar
insignificant. On-campus stop have significant and positive coefficientseraDModel and
Day Model, suggesting that passengers who are waiting at on-campuBtegef in waits
in general and in daytime. Two variables for attitudes toward on-timerpenece show
highly significant effects in all three models. The results demonstratas phasengers
think the bus line they are waiting for is always or mostly on time, they teatkettheir

feeling of security in waits higher, other things being equal.

6.3.3 Waiting Anxiety

Three models are also estimated to capture the relationship betweemeeal-t
information acquisition and accuracy and waiting anxiety at the stop (o@ssevho
boarded bus without waiting are excluded). The results of three models (Ovigiall, H

frequency, and Low-frequency models) are shown in Table 6.5.
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Table 6.5 Modeling Results for Waiting Anxiety

Overall Model High-frequency Model Low-frequency Wi

Variables Coef. z Coef. z Coef. z
Pre-tip ShutleTrac | o 402 -1.03 -0.956 0.75 -0.627 -1.45
G\;'esmp ShuttleTrac 0.197 0.74 1197 2.65 -0.269 0.77
Perceived bus earlinegs ) 5gq -0.60 -0.907 -0.96 -0.167 10.29
against real-time info
Perceived bus lateness ;g3 2.21 -1.667 -2.27 -0.796 -1.38
against real-time info
Perceived waiting timel ¢ o7 -0.34 0.047 1.03 -0.030 -1.16
Pre-trip timetable 0.049 0.16 0.175 0.39 0.534 1.11
awareness
Atstop timetable -0.234 -0.70 1208 | 272 0.795 1.37
awareness
On campus stop 0.364 1.87 0.067 0.19 0.528 2.07
Night -0.787 -3.04 -0.728 -2.07 -0.948 -2.16
Status: student -0.140 -0.43 -0.219 -0.39 -0.02 .05-0
Gender: male 0.055 0.28 -0.052 -0.14 0.073 0.30
Race: white 0.764 3.87 0.438 1.27 0.926 3.64
Age -0.031 -0.53 -0.062 -0.72 -0.147 -1.42
Age square 0.0004 0.54 0.0004 0.37 0.002 1.56
On-time perception: 1.734 4.99 1.748 2.42 1.738 4.04
always on-time
On-time perception:
mostly on-time 0.638 2.80 0.198 0.52 0.868 2.87
How important to
arive on fime: 2 -0.862 -1.82 -1.617 -2.18 -0.747 -1.14
How important to
arrive on time: 3 -0.557 -1.30 -1.149 -1.76 -0.315 -0.53
How important to
arrive on fime- 4 -0.785 -1.87 -1.6483 -2.38 -0.501 -0.89
How important to
arrive on time: 5 -1.294 -3.11 -1.428 -2.17 -1.212 -2.15
High frequency 0.498 1.92 n/a n/a n/a n/a
lcutl -3.365 -5.757 -4.127
lcut2 -2.162 -4.607 -2.855
lcut3 -0.910 -3.197 -1.575
lcut4 -0.077 -2.155 -0.542
Number of obs 428 154
Log likelihood -570.86648 -190.98234 -366.09143
Pseudo R 0.0698 0.1056 0.0878

NOTE: Significant values are boldfaced.
a: p<0.01; b:p<0.5; c:p<0.1
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The dummy variable “High frequency” does show a positive impact on waiting
anxiety at a significance level of 0.1. This indicates that when waitinggbrflequency bus
service, passengers are more likely to fell less anxious.

Significantly positive effect was found for at-stop ShuttleTrac use on aneietlyin
High-frequency Model, seemingly suggesting that for high frequencyeskatvice,
acquiring real-time bus arrival time at stop may reduce passengerg\aitiety, other
factors being fixed. The insignificant coefficient of corresponding kbeien Low-frequency
Model seems to indicate that the same effect cannot be found in low-frequency.deis
perhaps because passengers are mostly aware of scheduled arrival tith@étabie for
low-frequency lines, thus they would not be worried much about bus arrivals. Providing the
real-time information will not make a difference to their anxiety level. nilwaiting for
high-frequency service, passengers more likely arrive at random arnct skpg waiting
duration. Therefore, knowing how long exactly they are going to wait for nextibus
effectively assure passengers’ wait and reduce their waiting ynxiet

Another interesting related finding is that at-stop timetable knowldugessa
negative effect on waiting anxiety level, indicating that knowing the schetdulizal time of
next bus will actually increase passengers’ anxiety in waits. Irieps due to the fact that
high-frequency bus service tends to have poorer on-time performance in paxepti
passengers15. Therefore, the bus timetables at stops for high-frequeney maywigenerate
adverse effect on waiting anxiety.

In both Overall and High-frequency Models, perceived bus lateness agaistsheeal

information show significant effects on anxiety level. The results seem tossulgge if the

!> On-time performance perception: High-frequencyisermean=2.113; Low-frequency service mean=2.009
(the lower, the better perceived on-time perforneanc-test shows that the difference between twansés
significant.
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bus was considered late (not within +/- 1 minute) against predicted real-timeibaktine
acquired initially, passengers tend to feel more anxious. Therefore, tira@cof prediction
of real-time arrival time will influence passenger anxiety levalewvaiting, especially
when the service is frequent.

Four dummy variables indicating level of perceived importance to arrive at
destination on time have significantly negative coefficients in gerexeépt for firs three in
Low-frequency Model), suggesting that the higher the requirement of aravogstinations
on time, the more anxious passengers feel while waiting. This result is enhaigh
previous studies (e.g. Hall, 2001). Perceptions on on-time performance showangnific
effect as well in all three models, the positive signs indicate that pgssesho think the
shuttle lines are always or mostly on time are likely to feel less anxiousits, as opposed
to those who think the lines are 50% or less on time, everything else being unchanged.

Other findings include: a) Passengers who wait at on-campus stops lgrtolilee|
less anxious in waits for shuttles. This effect is of high significande¥efrequency
service; b) Passengers have higher waiting anxiety level in nightttiam in daytime, other

factors being equal, for both high- and low-frequency services.

6.3.4 Satisfaction

Two models are estimated to model the relationships between real-timmeatitor
and customer satisfaction with service at stop. The Overall Model includes those who
boarded without waiting (i.e. perceived waiting time is 0). And in Waiter Modelethos

respondents are excluded. The modeling results are shown in Table 6.6.
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Table 6.6 Modeling Results for Satisfaction

Overall Model Waiter Model

Variables Coef. z Coef. z
Pre-trip ShuttleTrac use -0.071 -0.20 -0.049 -0.12
At-stop ShuttleTrac use -0.005 -0.02 -0.166 -0.62
Perce_lveq bus earliness against 0878 212 -1.052 204
real-time info
Perce_lveq bus lateness against .0.847 201 .0.789 184
real-time info
Perceived waiting time -0.035 .1.88 -0.045 205
Pre-trip timetable awareness 0.082 0.32 0.226 -0.73
At-stop timetable awareness 0.135 0.46 -0.169 -0.05
On campus stop -0.359 -2.05 -0.316 -1.55
Night 0.268 1.09 0.218 0.81
High frequency 0.247 1.06 0.126 470
Status: student 0.077 0.25 0.071 0.20
Gender: male 0.198 1.14 0.396 1.96
Race: white 0.012 0.07 -0.007 -0.03
Age 0.106 1.94 0.121 1.96
Age square -0.0010 -1.37 -0.0014 -1.58
t?mn_etlme perception: always or- 2547 766 2 458 6.20
;)r:-etlme perception: mostly ont 1.056 475 1089 4.30
Feeling of security at stop 0.438 4.25 0.439% 3.83
Anxiety at stop 0.278 3.81 0.260 2.96
/cutl -0.177 -0.209
/cut2 1.529 1.439
/cut3 4.098 3.878
/cutd 6.235 6.004
Number of obs 577 429
Log likelihood -562.47096 -427.63286
Pseudo R 0.1437 0.1472

NOTE: Significant values are boldfaced.

a: p<0.01; b:p<0.5; c:p<0.1

Results for two models are mostly consistent, with coefficients of sieigas,

significance levels, and magnitudes, for all variables. It indicatéshttig is no systematic

difference between waiting passengers and the general population. bmgefie results,

the Overall Model will be focused on.

Two ShuttleTrac usage variables are not found to be significantly relatesisengar

satisfaction with at-stop shuttle service. However, the two variables imdj@aicuracy of

real-time bus arrival time prediction show negative impacts on satmsfdetiel at
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significance levels of 0.05. The results seem to suggest that, presenddinfadas arrival
times does not matter to passenger satisfaction, but inaccurate preditticrkond of
information (either underestimation or overestimation) will actually tqrassengers’
satisfaction with transit service.

As expected, for the first time, waiting time perceived by a passengesa
significant £<0.1) and negative effect on satisfaction level. For one minute increase in
perceived waiting time, the odds of passenger rating his satisfactiongevekeasus 2-5 are
1.036 times greater, given the other variables are held constant in the model.

Age is found to be positively related to satisfaction, indicating that the stitsfa
level goes up as passenger age increases. Passengers waitingrgiusistap tend to rate
their satisfaction level lower. This is somewhat intriguing, becausammgs stops were
found to have positive effects on feeling of security and waiting anxigigeinous models.
Statistical tests did not find any multicollinearity between this vagiabt any one of others.
This phenomenon can be explained as follows drawing on the (dis)satisfaction model
illustrated in Figure 3.7. As previous model results have shown, on-campus stopseare mor
desirable places for passengers as people waiting at those stops tend tohea\safety
feeling and lower anxiety level. However, at the undesirable off-camppis, gtassengers
are less critical about the service and have relatively lower extjwectin this regard, the
discrepancy between the expectation and service quality at off-campusesiigptotiead to
a relatively positive disconfirmation. Thus, the same level of transit sexilicgenerate
higher satisfaction level in these undesirable environments than in desmaibbmments. In
other words, to achieve the same level of customer satisfaction, better lexlicé bas to

be provided in desirable environments, in this case, on-campus stops.
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6.3.4 Summary of Findings

The model findings regarding interactions between real-time informaticabies

and psychological variables can be summarized in the following Table 6.7.

Table 6.7 Summary of modeling results

Perceived waiting
time

Feeling of security

Waiting anxiety

Satisfaction

Pre-trip acquisition

Positive effectin
Aware Model

No effect

No effect

No effect

At-stop acquisition

Negative effectin
Unaware Model

Positive effectin
Night Model

Positive effectin
High-freq model

No effect

Perceived earliness|
against real-time infg

No Effect

Negative effect

No effect

Negative effect

Perceived lateness
against real-time infg

Negative effectin
Aware Model

No effect

Negative effectin
High-freq model

Negative effect

NOTE: Positive and negative are not signs of coieffits. Rather they mean whether it generates pg&ygical

benefits to passengers.

In addition, the conceptual model shown in Figure 3.6 can be modified based on the

empirical findings. The links verified by empirical results are kept, and ifiegelinks are

removed. The resulting framework is shown in Figure 6.1. Basically all thaldsuks in the

conceptual framework were found to be significantly present, except for the limkesebe

perceived waiting time and anxiety and link from perceived waiting tinfeeling of

security. The direct influences of real-time information on all four psyclwbgariables

were also found. But these effects may be only for specific dimensions tifmeal-

information or only exist under certain conditions.
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Real-time
info

Anxiety

Perceived
Waiting

Passenger
satisfaction

R
Actual Feeling of
Waiting J security

Figure 6.1 Framework with links verified by empirical results

6.4 Discussion

As discussed in Chapter 3, real-time passenger information has many dimensions
such as the information types, place of information, cost of information, and inf@mmmat
accuracy and reliability. This dissertation is focused on one type of advantgtl tra
information, i.e. real-time bus arrival information. In terms of place of indtion, this study
considers both pre-trip and at-stop information acquisition. Not only does the information
acquisition or presence is considered to be important to transit users, but information
accuracy perceived by users is incorporated in models to investigatedts effe

The outcome variables are all psychological responses. It has been conceptually
stated that the effects of real-time transit information are more ofipegical natures
(Dziekan and Vermeulen, 2006). Empirical investigations also seem to suppoldithisoca

great extent. Many project evaluation studies found positive psychologicakedfe
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providing real-time information, such as reduced perceived waiting timeaseztdeeling of
security, and so on (see Chapter 3).

Findings from our models have shown that real-time bus arrival information
acquisition and accuracy both have direct, significant effects on four psyclablogicome
variables during a transit trip. The general trend is that pre-trip andpatestl-time bus
arrival information tends to generate positive effects, but these positatsaffiay easily be
offset by poor accuracy of the prediction. For instance, findings fromasaisf models
imply that presence of information will not directly increase passehggtisfaction level
(indirect paths still exist), but once this kind of information is inaccurategpgsss are
likely to lower their satisfaction with transit service. Also in other modelgrms of
magnitude of effects, perceived earliness or lateness of buses againsionetes
relatively greater effects than information acquisition does. Thigesifilat even if presence
of real-time arrival information could create somewhat positive inflel@mcpassenger’s
psychology, the inaccurate prediction of bus arrival time can easily outthsgkind of
positive influence. Therefore, transit agencies need to be cautious about the deptdyme
such real-time passenger information systems before they are suraahoacy and
reliability of predicted real-time arrival information they are gpia provide. Poor
prediction accuracy might easily ruin their effort in providing these s\stdter all.

In this study, accuracy was defined as within +/-1 minute on-time, which isfsort
arbitrary. The margin of errors considered acceptable for trangis nokey vary among
different groups and under different conditions. A hypothesis would be that the closer to bus
arrival, the smaller error margin is acceptable to passengers. Thi®guégrade of

accuracy is an open question for further research.

162



In three sets of models for three outcome variables (perceived waitingaeheg of
security, waiting anxiety), respondents were segmented in terms @l auterions (i.e.
aware vs. unaware, night vs. day, high frequency vs. low frequency). The model results
presented above find that these psychological effects of real-time trdosnation do vary
among user groups and in different scenarios. And these variations of effeats gi
important policy implications regarding how such real-time information cou&lffbetively
supplied to right transits under right situations. At-stop real-time informagioie supplied
through different media, such as kiosks, displays. Modeling results show that at-stop
information is most effective in increasing passenger’s feeling afisg nighttime and
decreasing their waiting anxiety for highly-frequent bus service. Thusgiof these
findings, bus lines of high frequency and in service at night should have higher priority in
deploying real-time transit information systems, in order to gain maxyhpogical
benefits from transit users. It is also possible to further explore theedifif@ion of effect
size among specific (non-)user groups (e.g. age, frequency of transit use) arspendier
scenarios (e.g. commute vs. non-commute).

Because of the nature of on-board survey, the psychological conditions this chapter
has examined are mainly regarding passengers’ waiting expendwteethat the satisfaction
level here is actually not the global satisfaction with the service otplantitrips.
Nevertheless, waiting experience is no doubt a crucial fraction of the ovanslt journey
experience. It is worth mentioning that real-time transit informatiop a0 influence rider
experience en-route and post-trip. An obvious example is that if a transit #ils éminsfers,

the real-time information of connecting transit service will be much udesythological
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responses to such information are worth exploration so as to generate a moréecomple
picture regarding psychological impacts of real-time information duringritire ¢ourney.
Customers need time to adjust to new services. The Shuttle-UM on-board survey was
conducted immediately after the deployment of the ShuttleTrac systenefdreethe trip-
specific psychological effects of ShuttleTrac detected from this sureexeay short-term
ones in nature and may change over time. It is well-known that customers are p#igeada
yet demanding when it comes to service. After a while, when passengers gustoaed to
the system, it becomes a question whether they feel the same way. In iy@vaarkl
become more and more difficult to continually meet their expectations. Thelixttieen
public transport and other modes is always a difficult one. However, as Dziekancdh@ssali
better fought than not.
Finally, psychological responses are intangible and difficult to be quantithed. iT
is seldom included in the benefit-cost analysis for such kind of projects. ReportimeCha
al. (2006) proposed a return-on-investment evaluation framework for real-timerivas ar
information system, in which only reduction in waiting time and in waiting time taiogy
are considered the quantifiable benefits. However, nobody can deny that théblatangi
psychological impacts of real-time transit information are critoalsiderations of

deployment of such systems, and potentially generate tangible benefitmgearun.

6.5 Chapter Summary

An on-board survey was conducted immediately after the extensive campaign of
ShuttleTrac. The objective of this chapter is to empirically investigatéheheeal-time bus
arrival information would change passengers’ psychological conditions duricificpe

transit trips. Four outcome variables of different levels are selectedect iabst important
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psychological response to real-time information, including perceived wé#iitieg feeling of
security, waiting anxiety, and satisfaction with service at stop. Thaggaeded as
dependent variables. Variables representing pre-trip and at-stop reat{tnmesaition
acquisition and passenger perceived information accuracy were incorpasabependent
variables. A series of OLS (for perceived waiting time) and ordered logit ex@debther
three dependent variables) were estimated to capture a fraction of thexcortgrbections
between real-time information and passengers’ trip-specific psychalagsponses.
Nevertheless, several conclusions can be made with varying degrees olizghikia
Acquiring pre-trip real-time bus arrival information may reduce passenger’
perceived waiting time when they are already aware of the timetabidy mae to
better coordination of passenger arrivals with bus arrivals. This effeceaaffsbt by
lateness of bus arrivals against the predictions of real-time bus arrieal tim
In the nighttime, passengers are sensitive to the at-stop real-time inéorimaerms
of feeling of security. Acquiring such information may increase theimigeif
security. But once the accuracy of prediction is a problem, this effect can also be
easily suppressed.
In the bus service of high frequency, passengers may alleviate thenmgnaitiety
by acquiring at-stop real-time bus arrival information. Again, in terms ghihale,
this positive effect is smaller than the negative effect caused by magecu
information.
Provision of real-time information does not make a difference in influencing
passenger’s satisfaction with at-stop service. But mis-informagiosed by

inaccurate prediction could significantly lower their satisfactionlleve
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The accuracy of real-time transit information plays a greater role in maflug
passengers’ psychology than the mere provision of information does duringfie¢ spec
transit trip.

Passenger psychological responses of lower levels generally contributeilinaee
variable — satisfaction, which implies indirect links between real-timenrdtbon

and passenger satisfaction level.
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Chapter 7: Conclusions

7.1 Introduction

This research sets out to provide insights that transportation academics end poli
makers appreciate the potentials of real-time transit informatiomsyste a means to induce
changes in traveler choices and psychology in favor of public transportatioes| so by
providing a framework conceptualizing the behavioral and psychologicalsffeatal-time
transit information and empirically examining these effects using lexlpaeference data
collected from a real-world case. This chapter is to conclude the resetréhsnucture as
follows: Section 2 summarizes the major empirical findings from two parts yfsésrand
discusses their implications to policy-making concerning deploying andgmgrtaese
systems. Section 3 points out the major contributions and limitations of this rgsearc

followed by recommendations for future research in Section 4.

7.2 Major Findings and Policy Implications

This research utilized revealed-preference data to empiregtlipre the causal
relationships between use of real-time bus arrival information system amgesha
traveler’s behavior and psychology under different response time franfealAime
Transit Passenger Information System for Shuttle-UM service, Shuaitleas deployed in
University of Maryland, College Park and was used as the case for #asatesThree
online surveys were administered for one pre- and two post-deployment periodsy o orde
ascertain the impact of ShuttleTrac use on traveler's general behanidadychological

responses. Also, an onboard survey was conducted after the deployment in order to find out
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the trip-specific psychological responses to real-time information. Craptessents the
empirical examination of relationship between real-time transit infaomand two
behavioral variables as well as five psychological variables, using teégsasets
extracted from three online surveys. Chapter 6 presents the empirical examohanpact
of real-time information on four riders’ trip-specific psychological ables. The detailed
empirical findings can be found in the summary sections of two chapters. Wewuddllike
to summarize the major findings of this research as follows:
Use of real-time transit information will not immediately increase otmaissit trip-
making frequency or shift one’s dominant commuting mode from others to transit.
With a few months of adjustment, travelers who used real-time transit informati
will tend to increase transit trip-making frequency. However, the irealiransit
information is not sufficient to shift traveler’'s habitual mode, even with a fentims
of adjustment.
The perception of information accuracy plays a greater role in influetrengler’s
transit trip-making frequency, when some adjustment period is given. If somiedow t
travelers formed the impression that the prediction of real-time infarmigt
generally inaccurate, they will decrease their transit trip-nggkequency. This
negative effect is about 2.5 times higher than the positive longer-term effect of
information use.
Immediately after real-time information use, transit riders wiltease their feeling
of security about riding buses at day and at night, enhance their perceptiorsiof tra

on-time performance, and increase their overall satisfaction with tsmngites.
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These immediate effects of real-time information use tend to last fasitd few
months, except of perception of on-time performance.

If travelers perceive that the real-time information is generallycunrate, in no time
they will fell less safe about riding bus at day, fell the service lessran-#nd feel
less satisfied with service. With a few months of adjustment, travelers who hold
perception of poor information accuracy tend to fell the service less on-tirhe, fee
more anxious while waiting, and feel less satisfied with transit seivigeeneral, the
sizes of these negative effects are larger than those of positive effexdttirhe
transit information use.

Acquiring pre-trip real-time bus arrival information may reduce ridersgieed
waiting time for particular trips, when they are aware of the scheduledlammes.
Acquiring at-stop real-time information may increase rider’s fgadihsecurity for
particular trips in the nighttime. And, for the bus service of high frequency,
passengers may alleviate their trip-specific waiting anxigtgdguiring at-stop real-
time bus arrival information. If somehow the prediction of real-time bus atimeab
is perceived inaccurate by passengers, these effects of reatfimmeation
acquisition will be suppressed by the negative effects caused by such “mis-
information”. Also, the perceived inaccuracy of real-time information wldr

rider’s trip-specific satisfaction with transit service.

Empirical findings of this research have also provided some of the implicatidres to t
policies regarding provision of such real-time transit passenger infornsgstams to the
traveling public. One clear message to the transit agencies as wélbksscs that real-time

transit information is undoubtedly found to be effective in influencing traveler’s/lwetend
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psychology in ways that transit, as a mode of transportation, is being favoredic8ibgci

the positive longer-term effect on traveler’s transit trip-makingueacy of real-time transit
information is found. In view of that, the transit agencies, who are going toydegall-time
transit information systems, are entitled to anticipate the ridership amueincrease as a
result of the new real-time transit information systems after a femthm of deployment. But
they also should be conservative about the magnitude because the magnitude of mcrease i
ridership remains unclear in our research.

The positive psychological outcomes were found both for specific trips and for
cumulative experience. Even the most conservative people have to admit that, even if the
real-time transit information provision cannot alter traveler behaviors andageseme
tangible, economically assessable benefits (e.g. time savings, incre@seship), agencies
can foresee positive psychological effects of real-time information ars¢goeant intangible
social benefits (e.g. addressing safety concerns, ease of genxeesy,sbetter image of
public transport and public agency). In addition, these positive psychological effects
of which appear immediately after the deployment, will positively and cohstgdate the
historical perceptions on travel choices involving transit and then potentiallgehan
travelers’ travel choices in a longer run in ways that transit is in favor. Adtanof fact, the
longer-term effect on trip-making frequency may very well be due topecess of
updating perceptions on transit. Thus, when agencies are considering deploymeidrof sim
systems, they shall not neglect the psychological aspects of travelgtnses to such
systems.

How to make the most use of real-time transit information in generatingvposi

psychological outcomes for specific trips? Our findings for trip-specifichpsogical
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responses provide some insights into it, i.e., bus lines of high frequency and/or ia aervic
night should have higher priority in deploying at-stop real-time information elgvic order
to gain maxim psychological benefits, such as more safety feeling avaigisg) anxiety.
Before the agencies are ready to embrace the real-time traosmation systems,
they need to bear one point in mind: if you ever want to do it, please do it right. Here the
accuracy of the real-time information is the key to the success of ssteimsyin influencing
travelers in expected ways. Our findings show very a consistent pattenegigve effects
of perceived inaccuracy of information are generally about 1.5-3 times higheh¢éhan t
positive effects of real-time information use (if any). The definition wh¢curacy” differs
here in two parts of research: for general responses, “inaccuracy” thagpsedication is
accurate only 50% times or less (how to tell each time the prediction is acouratt is up
to respondents); for trip-specific situations, the accuracy is definedhas wi-1 minute on-
time against predictions in travelers’ mind. The objective accuracy of pogdozin be
measured by comparing the deviations of bus arrivals from predicted arrigal fiime
information accuracy perceived by travelers is no doubt highly dependent on tttesebje
accuracy. In order to achieve high accuracy, two key components of real-tsie tra
information systems, models/algorithms and historical/current input datdearanded to be
lift to a very high level in terms of quality. And monitoring of operation of such sysdechs
updating of models and data should be conducted on a regular basis so as to ensure the

consistency of high quality of real-time information.

7.3 Main Contributions and Limitations of this Research

The main contributions of this research lie in two aspects.
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small.

An integrative, comprehensive and systematic conceptual framework o&travel
responses to real-time transit information was developed, taking into account both
behavioral and psychological responses under trip-specific and cumulaibteosis.

This conceptual framework is built upon previous theories and research, and provides
a solid basis for future studies that will further explore such topic, empirmally
theoretically.

This research utilized revealed-preference empirical datactadlén a real-world

case of real-time transit information system, a quasi-experimesednch design,

and sophisticated modeling techniques. Thus useful insights were obtained into the
understanding of the real causal relationships between real-time infanraatl

traveler behavioral and psychological responses.

It should be noted that this research has its limitations too, some of which are not

| would like to discuss some of the major limitations.

A big pity of this research is that trip-specific traveler behaviors uedétime
information cannot be empirically examined simply due to the limitations afabe

and data collection. It occurs to me that even if the case is a perfecieometfi all

kinds of features, such as common lines, various stops, various user groups),
traditional data collection methods (i.e. travel trip-diary/activity logyrdvoard

survey) cannot capture those behaviors we identified in the conceptual framework.
For instance, those travelers who quit the trip or turn to other modes because of real-
time information are simply not able to be interviewed with an onboard survey.

Therefore, even if the Shuttle-UM case were better and/or a good detdrsfused
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ShuttleTrac, little could be done to comprehensively study the trip-spedifavioeal
responses with the data collection method | proposed and conducted. More innovative
data collection methodology shall be adopted.

An inevitable challenge to this research is the generalizability of theieabpir

findings to the typical urban public transportation environments. Some special
characteristics of Shuttle-UM shall be taken into account if we want to disouss
generalizble of the results in this research: 1) Shuttle-UM is free ts;raled 2)

Riders of Shuttle-UM tend to be young, well-educated and pro-high-tech, compared
to riders of other urban transit systems. Conceivably, these charartdgest to

make riders of Shuttle-UM more inclined to use real-time transit infoomaind

adjust their behavior accordingly. For instance, zero fare gives travelegs m
flexibility of shifting from other modes to Shuttle-UM without thinking aboutax
expenditures. For these reasons, | believe that the size of found effect t#-BMutt
trip-making frequency is likely to be an overestimation in the context of a urban
transit system. In terms of psychological effects, the magnitude ofsffediound is
also likely to be an overestimation, because passengers of normal transit ltémat fee
they have paid the fare and take additional real-time information service hbedyra

In sum, when putting our findings in the context of a typical urban public
transportation system, these empirically-detected effects leimeatransit

information might still be there, but one should not be too optimistic about the size of
effects.

Some other methodological limitations also exist. First, because of a laokwére,

multinomial logit models with fixed-effects or random-effects eators could not be
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used on the panel commuter dataset. Therefore, it is the wave3 cross-sectional
commuter dataset that was employed to find out the possible link between geal-tim
transit information and commuting mode choice. The instrument variables used in
Stage-one model are not quite good ones as the predictive power of such model was
mediocre. It would be enhanced if more powerful explanatory variables were
incorporated, such as the attitudes toward transportation service. Second, as we
discussed, the random-effects ordered probit models does not account for the self-

selection problem explicitly.

7.4 Recommendations for Future Work

Some possible extensions of this research are suggested here for fukurguebr
extensions may include:
Yet more empirical research on this kind of new strategy for public transportation
improvement is desperately needed to really ascertain the effects aduatlsnd
aggregate levels. Preferably, a full-fledged, state-of-art Real®ransit Passenger
Information System newly deployed for a typical urban public transpmmtatistem
with a large amount of passengers and variations in services shall be pithed as
research case. Carefully designed and administered surveys beforeeatitkaft
deployment can provide a complete bundle of empirical evidences regarding the
existence and effects of real-time transit information as conce@datiour
framework here. These kind of empirical evidences are of greatestcagoito
fully understand the real and realistic effects of RTPISs on individuals and ketwor
as well as providing sufficient, definitive support to policy making concerning such

systems.
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To fully capture the trip-specific travel behavior under real-time mé&tion, as |
discussed above, innovative revealed-preference data collection methodology beyond
conventional simplistic dairy/activity survey and onboard survey shall bengelsig

and adopted. One possible approach is to intensively record trip-makers’ travel
behavior and decision-making process. For instance, travelers who quiip tre tr
change to other modes due to real-time information could be interviewed at the end of
day with questions concerning their intended choices, actual choices, and irdormati
acquisition as well as decision-making process.

The interrelated questions concerning traveler behavior under real-tims tra
information popped up in the beginning of this dissertation are all worth serious
research and it is preferable that research could take them into account as.a whol
For example, the use of real-time information and traveler choices under the
information can be explicitly examined as two stages of decision-makocgss.

Recently rapid technological developments in ICTs have provided a vision of
technological revolution in ATIS towards to what can be called by some people the
next-generation ATIS (Adler and Blue, 1998; Kenyon and Lyons, 2003; Chorus et al.,
2006a). Such ATIS is expected to be able at any time to provide a traveler with al
travel information, solicited and unsolicited, that is relevant given her time aoel pl

in themultimodaltransport network and her personal characteristics. Complexity of
understanding the effects of such next-generation ATIS rises exponentigdly as

many dimensions and considerations are to be taken into account. Yet tramsportati

academics and professionals shall not be afraid to confront this challengk place
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before us and strive to undertake better study on such promising application in order

to provide better transportation to the traveling public.
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Appendices

Appendix 1: Campus Transport Survey Round 3 Questionnaire
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Appendix 2: On-board Survey Form
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