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PREFACE

This thesis is comprised of two papers:

Paper 1: An analysis of built environment and amével in Halifax Regional

Municipality, Canada

Paper 2: Is trip chaining a desirable travel bety&An investigation from the built

environment perspective

The papers will be submitted to two journalsTransportation Research Part And
Transportationrespectively. Both papers are co-authored by tipersisor. The author of
the thesis was responsible for selecting the rebdapic, review of the literature, creating
model variables, analysis of data, statistical ninde interpretation of the results and
writing the papers. The supervisor’'s contributionlude providing most of the data used
in both papers, help setting research questiongjnguthe methodology, suggestion on

interpretation and review of the papers.
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ABSTRACT

Land use planning has gained popularity as a trdesland management strategy
for the last two decades. Many urban authoritietNarth America have adopted smart
growth policies in order to curb auto use and prenswistainable forms of travel, namely,
public transit, bicycle and walking. The purposetbis study is to examine whether
someone’s travel behavior is influenced by the att@ristics of the built environment
where one lives and works. The study area is Halagional Municipality, Nova Scotia,
Canada. Two aspects of travel are analyzed forekaagy: total distance travelled by auto
and average tour complexity. Separate models arelajged for worker and non-worker
by applying ordinary least square and spatial lagdeling techniques. The built
environment variables are measured near home ankplaoe and at different
geographical scales. The average auto distance t@nd complexity are separately
regressed against the built environment variableevpersonal characteristics, household
attributes, preferences for residential locatiom aransport mode, and meteorological
conditions of survey days are accounted for. Tisalte of auto distance models suggest
that people living and working in high accessipilareas with mixed land uses make
shorter travel by auto, which supports the clairhsmart growth proponents. The built
environment variables make significant contributiorthe fitness of auto distance models.
In case of tour complexity models, built environmeariables also appear to be significant
but with lower contribution to mod&®. The results suggest that non-workers, who live in
poor accessibility areas, make more complex todfstkers living in poorly accessible
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neighborhoods and working in highly accessible siresmke complex commuting and
work-based, non-work tours. It means that, workeosnpensate poor neighborhood
accessibility by trip chaining near workplace. Timelings would be helpful to evaluate the
existing growth strategies in Halifax Regional Muipality. It also makes several

contributions to the literature.
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1 Introduction

1.1 Sprawl versus Smart Growth

The term “sprawl” is widely used in built environmditerature. But, there is no
concrete definition of sprawl as Dowling (2000)htly puts “Sprawl unquestionably has
an I-know-it-when-I-see-it quality to it” (p. 874However, researcher agree on some
characteristics that sprawl might display: (1) feagp or scattered development, (2)
commercial strip development, or (3) large extdnbw-density, single-use development
(Ewing, 1997; Tsai, 2005). Smart growth is the dewment pattern which is the opposite
of sprawl. According to the Smart Growth NetworkG{$), smart growth is a compact,
mixed-use, walking, bicycle and transit-friendly vdeopment (SGN, 1998). Such
development aspects are also embodied within thecemis of “neo-traditional
neighborhood”, “new urbanism” and “transit orientettvelopment” (Crane, 2000;

Kockelman, 1997).

Conceptually, the need for long-distance travekduced in a compact and mixed-
use neighborhood since the opportunities are chyseDue to higher density, public
transport is financially viable in such areas. Algarking facilities would not be abundant
in a compact neighborhood which is a natural retsbn to auto use. Thus, theoretically,

smart growth should promote transit and bar auéo(Gervero and Kockelman, 1997).
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Over the last two decades smart growth and sincibaicept of development has
gained popularity in the US and Europe as a toatuxh auto travel. There are several
examples in the context of US — Washington Stater@r Management Act, Central Puget
Sound Vision 2020 (Frank and Pivo, 1994), Smartwénolegislation in Arizona and
Tennessee in 1998 (Weitz, 1999), etc. In Europspaxt, mixed-use and transit oriented

development have been adopted in Netherlands $B®@s (Schwanen et al., 2004).

1.2 Growth policy of Halifax Regional Municipality

The population of Halifax Regional Municipality (R is estimated to increase
from 359,000 in 2001 to anywhere between 411,0@D48%,000 in 2026, depending on
the job growth. With better employment growth ie tlegion, the population may increase

by 125,000 (HRM, 2006).

Halifax Regional Municipal Planning Strategy (Rewb Plan) is the current
growth plan that HRM approved in 2006. It is a Zayplan that encompasses strategies
for land use and transportation in the region, agsbmther sectors. The plan foresees a
quarter of the future population growth in downtoanmea, half of the total growth in the
existing suburbs and the rest quarter will be histed throughout rural areas. The density
of the existing urban core and suburban areasbwilincreased in 25 year period through
infill development in order to make public trandimancially viable. Along with the
increase of density, the Regional Plan puts forvetirategies for mixed use development.
The HRM will invest in infrastructure and providéher incentives to encourage such

2
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development within the existing urban and suburdr@as. In general, the urban area of the
region will comprise several compact, mixed-uset@en connected by public transit

(HRM, 2006).

The Regional Plan dedicates over $150 million amgportation projects, roughly
half of which will be spent to improve public tréng here are several projects to construct
new roadways and to increase the lanes of exisbagways (HRM, 2006). Currently,
there is no transportation masters plan for thered@he Regional Plan has directives that
HRM will prepare such a plan where emphasis willgbgen to improve existing public

transit, pedestrian and bicycle facilities and @walop new bus rapid transit system.

1.3 The current study: built environment — travel behaviour link

It appears that urban authorities in North Americeyluding Halifax Regional
Municipality, are adopting smart growth policies discourage auto use and promote
public transit, walking and bicycling. The surgeresearch on this field since late 1980s
also implies the popularity of this concept. Thés@ve been more than two hundred
published studies so far (Ewing and Cervero, 20Hy)wever, the findings on built
environment— travel behavior relation are still inconclusiviolf et al., 2008; Shiftan,

2008). While some empirical studies find signifitanpact of built environment on travel

Y In this study the “built environment” is defined the physical features of an urban area which bwils
(e.g. building, road, etc.) or intervened (e.g. moiypal park) by human.

3
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behavior (Cao et al., 2010), others observe vdtle Ior no relation between the two

(Pinjari et al., 2009).

The reason which makes it difficult to get a deifug grasp on this relation is: both
travel behavior and built environment are multidisienal in nature (Bhat and Guo, 2007)
and there are myriad of metrics through which tbaegy be represented. Because of this,
different studies conceptualize the TB-BE relatibrough different modeling techniques
(Handy, 1996). The current study addresses theseessand seeks the answer to the
guestion: “Does built environment influence tratsehavior?” Specifically, the study tests

the following hypotheses-

Hypothesis 1: People living and working in compamnixed-use areas, where the
opportunities are located close by, make shorterwark trips by car than those living

and working away from the opportunities.

Hypothesis 2: People living and working in low-diénssingle-use areas, away
from the opportunities, link their trips by trip ahing in order to compensate the poor

accessibility.

If the first hypothesis is found to be true, that built environment impacts auto
travel distance even after socio-demographics aeteqgnces for residential and travel
modes are accounted for, the smart growth proposivill be validated for Halifax

Regional Municipality. The second hypothesis sesdbat people minimize the influence
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of built environment on their travel behavior biyptchaining. If the current study finds
such evidence, the smart growth development mightnfluence people’s travel behavior

to the extent the policy makers are now hoping for.

The remainder of the study is organized as follows:

Chapter 2 examines the impact of built environn@ntauto travel distance while
socio-demographics, attitude and other factorsaamounted for. Chapter 3 looks at trip
chaining behavior and how it is influenced by baiitvironment personal as household and
attitudinal characteristics are controlled for. IBohapters follow the same structure. Each
sets out with an introduction where the researobstion or objective of the chapter is
stated. Next, the research question is placed aittontext of pertinent literature. The
following section explains the data sources, vdemland statistical techniques used. Then
the results are discussed, followed by a concluaiwh future research direction. Finally,
Chapter 4 summarizes the study, briefly comparesrhjor findings of Chapter 2 and 3,

and points out the contribution of the study iergture and in growth management policy.
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2 An analysis of built environment and auto travel inHalifax

Regional Municipality, Canada

2.1 Introduction

The last few decades have seen the exercise @ugatiavel demand management
instruments, such as, road pricing, congestiongihgy car pooling, parking control,
taxation on car and fuel, subsidization of publansport, urban design measures, and
recent improvements in intelligent transport syste(@arling and Schuitema, 2007).
Amongst these, the urban design measures havedgaapeilarity in the last two decades
(Ewing and Cervero, 2010). The proponents of urbesign measures argue that a low-
density, single-use, dispersed settlement pattssmifionly termed as “sprawl”) causes
long-distance travel and auto dependency. They esigthat a compact, mixed-use
development can curb long-distance-auto-orientadetr (Banister, 1999). A number of
empirical studies have been conducted to examime dlaim, but with contrasting
outcomes. After over two decades of research ontitieel behavior (TB) — built
environment (BE) relation, the results are stitanclusive (Badoe and Miller, 2000; Joh
et al., 2008; Shiftan, 2008). Findings from difigrstudies vary substantially, from little or
no significance (Schimek, 1996; Boarnet and Sartajel998; Crane and Crepeau, 1998;

Krizek and Waddell, 2002; Pinjari et al, 2009) t@darate significance (Cervero and
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Kockelman, 1997; Kitamura et al., 1997; Bagley Mukhtarian, 2002) to a strong causal

association between TB and BE (Frank et al., 2Q@4 et al., 2009b; Cao et al., 2010).

The reasons behind the uncertainty of the TB-BK lame: different ways of
measuring TB and BE (elaborated in the followingtiem); use of different geographical
scales of measurement; diverse methods; and atywarieways of controlling for the
residential self-selection effect. The current pagmidresses three of these issues. First, TB
metric used in this paper for modeling is the adigtance travelled by a person in a
weekday. This metric is chosen instead of othermi@&sures, such as, number of trips,
mode choice, etc., because of its aptness in te&imgolicy. The auto distance was
measured for a subset of overall travel, because 4dps (such as, work, transportation
assistance, and travel for in-home socializatiae) lass likely to be influenced by BE.
Also, we only model the weekday travel because dagk are more constrained by time
(e.g. work hour) and there is more congestion cedrduring the weekdays than on
weekends. For these reasons, BE is likely to hawee nnfluence on travel during the

weekdays.

Second, we use a comprehensive set of BE variatdesrising various 3Ds
(density, diversity and design) as well as différeccessibility measures (gravity,
proximity and cumulative opportunity). They are m@a@d near home and workplace.
Third, different geographical scales are used tomde the BE variables. Fourth, spatial
lag models are applied, in addition to linear regi@n, in order to control for spatial

autocorrelation which verifies the consistency lué thodel parameters. Fifth, residential

9
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self-selection is accounted for by directly introohg attitudinal variables in the models.
Overall, we sample the trips and days of the webichivare more likely to be influenced
by BE; we measure BE thoroughly, and model the T8 8E within a modeling
framework that should produce consistent and efficestimates of BE parameters. If we
find none or very little impact of BE on TB in théetting, we can conclude with some
certainty that the TB-BE relation is non-existembur study area, at least based on cross-

sectional data.

The next section briefly describes different issoes B-BE relation, drawing from
the literature. The subsequent section descrileeddta sources, variables and models used
in the study. The next section discusses the madeillts followed by a conclusion and

direction for future studies.

2.2 Background

Since 1990s, there have been over two hundredestuzh the TB-BE relation
(Ewing and Cervero, 2010). However, in general, tlaure of this link remains
inconclusive (Shiftan, 2008). In this section, wiempt to understand why there is a
general lack of consensus on this matter by disgtitey some issues concerning this line

of research.

10
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2.2.1 Representation of TB and BE

Both travel behavior and built environment are mduttensional in nature (Bhat
and Guo, 2007) and different studies use differeaaisures of TB and BE in statistical
modeling (Handy, 1996). Travel behavior, for ingtans measured in a number of ways —
as number and proportion of trips by different élanodes (e.g., Kitamura et al., 1997),
overall trip distance (e.g., Handy et al., 2005y distance by different modes (e.qg.,
Bagley and Mokhtarian, 2002), auto ownership (e3hen et al., 2008), amongst other
metrics. Recently, Fan and Khattak (2008) modelsilze of activity space which is the
polygon connecting the major locations of an indiidl’s out-of-home activities. Some
studies include trips with all purposes (Lin andnya2009); others focus on particular
trips, shopping, for instance (Handy, 1996). Blag tommon practice is to model all non-
work trips (Ewing and Cervero, 2010) because woi-decisions depend largely on
factors other than BE, such as, labor market, Imgusioice, and real estate market (Crane
and Crepeau, 1998). The temporal resolution of rsisties is one day (Chen et al. 2008)
while some studies use the travel data of two (Betaand Sarmiento, 1998) or more days

(e.g. Kitamura et al., 1997 use the total numberip$ in three days).

BE measures can be broadly categorized as theddDsity, diversity, and design
(Cervero and Kockelman, 1997), and different typésccessibility measures, such as,
gravity accessibility, proximity (shortest distant@ an opportunity), and cumulative
opportunity (number of opportunities within the gi@orhood) (Scott and Horner, 2008).

Handy (1993) use two types of gravity accessib#itpcal and regional; local accessibility

11
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being measured by including only the neighborhopgoatunities. Also, some researchers
(e.g. Schimek, 1996; Milakis et al., 2008) useltdwation of respondent’s neighborhood in
a regional context as proxy of regional accesgyilGenerally, the BE metrics are
objectively measured employing geographic infororatsystems (GIS); but sometimes

they are subjectively measured as respondentseptons (Handy et al., 2005).

2.2.2 Scale of TB and BE

Studies have presented travel metrics at threerdiit levels — individual (e.qg.,
Kockelman, 1997), household (e.g., Schimek, 19@®)] aggregated to zones (e.g.,
Milakis et al., 2008). Amongst the three, the indiial is the best unit of analysis, since
individuals decides on travel based on their paakcharacteristics as well as household

attributes.

In most of the earlier studies, the geographicalescof the BE were either census
tract, traffic analysis zone (TAZ) or any other eggpte level (Handy, 1996). Although
travel and BE data are easily available at theselde the explanatory power of BE
variables in a model is reduced because thersssvariation of BE data than that of socio-
demographic information (Cervero and Kockelman,7)9%his is why (and also because
of data availability) most recent studies attengptampute BE variables for each person,
usually through a buffer around home. The sizehef huffer is defined based on what
could be the acceptable walking distance, geneValiyile (Boarnet and Sarmiento, 1998;

Krizek and Waddell, 2002). Further, many researdtere argued against using a single

12
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scale of measuring the BE (Handy, 1996; Boarnet Saaniento, 1998; Guo and Bhat,
2007). Their argument is that different people pete the built environment differently

and the perceived size of teighborhoodvaries across individuals depending on their
cognitive maps (Schonfelder and Axhausen, 2003)o Gnd Bhat (2007) explain

conceptually and empirically how different scaldsnmeeasurement of BE variables can
better explain the TB-BE relation. They use 3 scale0.4 km, 1.6 km and 3.2 km and
employ a multi-scale logit model of residential ddon choice. They observe certain
variables are significant at a certain scale. Kkanele, land-use mix is significant at 3.2

km while density is significant at 0.4 km.

2.2.3 Method

In addition to representing TB and BE in a multguaf ways, different techniques
of conceptualizing the TB-BE relation have produdditferent sets of results. The
methodologies employed so far include descriptiethmods, different types of regressions,
discrete choice models, and complex models (straicteguation models, joint discrete
choice models, etc.), among other techniques. Amgke of descriptive analysis is Handy
(1996). She compares four neighborhoods (two foadit and two modern) in the San
Francisco Bay area in terms of shopping trips awssibility to shopping. She does not
model the relation between TB and BE variabledyerashe applies ANOVA tests and
finds significant relations between these two wisiteio-demographic characteristics are

controlled for.
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The most widely used method in this line of reskeascmultiple linear regression
(Ewing and Cervero, 2010) where the dependent baria a continuous measure of TB,
such as number of trips, travel distance, etcialhyt a base model is specified with the
statistically significant personal and householdrekteristics. Next, BE variables are
added to the base model and the improvement (if ahynodelR? is observed (Cervero

and Kockelman, 1997).

If the TB is measured in terms of discrete altewest (for instance, mode choice),a
utility maximization approach is applied. Crane &redpeau (1998) applied such a method
for the first time in the TB-BE literature. Hererational individual is assumed to optimize
their utility from travel choice. How much utilitgn individual will derive from their travel
decision depends on their characteristics, the Bitables, and other factors (Crane and

Crepeau, 1998; Vance and Hedel, 2007).

When modeling multiple TB variables, recent workplst a system of interrelated
equations, rather than multiple unrelated equati®hss method is more robust due to the
fact that one travel decision (e.g. auto use)keslyito impact others (e.g. trip chaining). If
the dependent variables are interval or ratio,cipy structural equation modeling (SEM)
is applied. If nominal or ordinal TB variables an@deled, joint discrete choice modeling
techniques are applied. For example, Lin and Y&0§%) adopt SEM to model number of
trips by different modes in Taiwan, and find thae tinfluence of density and land-use
diversity on trip generation is mostly indirect whi would be overlooked if linear

regression was applied.
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Handy et al. (2005) provide an excellent exampléheffact that different methods
can produce different outcomes of the TB-BE refatibheir first model, which is based on
cross-sectional data, suggests that there is tistgtally significant relation between these
two. But, a second model, based on quasi-longialdiata (respondents reported change

of TB and BE) finds a significant, causal relatlmetween TB and BE.

2.2.4 Residential self-selection

If people live in a walking-friendly neighborhoodedause they prefer to have
groceries nearby and do not like to spend hourgirdyj the characteristics of their
neighborhood does not have anything to do withrtheivel. Their preference for
residential location and travel mode dictates tia@el behavior. If the model does not
account for such preferences, the apparently strelagion between TB and BE would be
circumstantial, not causal. The BE variables inhsomodels would be correlated with the
error term and the BE parameters would be biasexkhkarian and Cao (2008) identify
seven categories of techniques to account for eatml self-selection. They are: direct
guestioning; selecting samples from particulardesiial locations, such as, urban core,
suburb, etc.; inclusion of attitudinal variablesstatistical models (e.g., Kitamura et al.,
1997; inclusion of attitude variables in structuegjuations models; use of instrumental
variables (IV) (e.g., Boarnet and Sarmiento, 1998ydeling the change of TB and BE
(e.g., Handy et al., 2005), and jointly modeling ttiscrete choice of residential location
and TB (e.g., Bhat and Guo 2007). In the IV techaighe BE variables are first modeled

against some variables, called 1Vs, which are tated with BE, but not with TB (thus
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IVs are unrelated with the error term of the TB ®ipdThe predicted values of BE from
the IV model are then placed in the TB model. Tthengiths and limitations of different

methods are discussed by Mokhtarian and Cao (2008).

More recently, Cao et al. (2010) apply a new apgnd® account for residential
self-selection, propensity score matching. Theyngefespondents’ residential location in
four categories based on the distance from theadtyter. Thus, there are four pairs of
locations. For each pair, they select two setsamfed individuals whose socio-economic
and attitudinal characteristics are similar. Thtre difference in vehicle miles driven
(VMD) by the persons within each pair is ttree effect of residential location or BE.
They find that after controlling for self-selectjgmeople living farther from the city center
drive more. Also, they observe that the effectadidential location (that is, BE) on VMD

is more than that of self-selection.

2.3 Methodology

2.3.1 Data sources

The area selected for this study is the Halifaxi&®®eg Municipality, Nova Scotia
(Figure 2.1). The travel data used in this studpedrom Halifax Space-Time Activity
Research (STAR) Project, which was conducted betwg®il 2007 and May 2008. The
travel data are extracted from the time-use datagsdth contains 2-days (48 hours) of
activities of 1,971 randomly selected respondérits.respondents were randomly selected

from the members over 15 years old of 1,971 hoddsh@®he database contains thieat
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(activity-type), when where,andwith whominformation, among other attributes of each
activity. The location of each activity was recatdérough a Global Positioning System
(GPS) device that each respondent carried throughewsurvey period. The STAR dataset
“represents the world’s largest deployment of glolpmsitioning systems (GPS)

technology for a household activity survey to ddtgiinney and Millward, 2010 p. 134).

The built environment variables are computed frovta STAR land use (parcel
level) dataset; a 2008 DMTI network data set; a6200ilding footprint and sidewalk data
set obtained from the HRM department of Planning Bevelopment Services, and 2006
Census of Canada. The socio-economic and attitucifcamation were obtained from the
STAR personal and household information datasdsn, A set of meteorological variables
are used in this study that were collected fromimwnent Canada’s website for the

weather station located in Halifax Stanfield Intianal Airport.

2 http://mwww.climate.weatheroffice.gc.ca/climateDatadrlydata_e.html?Prov=NS&StationID=6358&Year=
2007&Month=4&Day=1&timeframe=1
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Downtown Halifax
Sackville

Worker
Non-worker
—— Major roads

- O

Developed area

[ Undeveloped area
N

A 0 25 5 10 15
e e Km

Figure 2.1: A part of the Halifax Regional Municipdity displaying all respondents’
(worker and non-worker) home locations
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2.3.2 Variables
2.3.2.1 Travel variables

As discussed in the previous section, studies t® ldave used numerous measures
of TB. For this study, we use daily distance treagby personal vehicle, that is, personal-
vehicle kilometers travelled (PKT) on weekdays. ¥éécted the trips taken as both driver
and passenger. The distance of a trip was comytédcGIS 9.3 as the shortest distance
through the road network from the trip origin (latle-longitude) to the destinatforive
preferred this metric of TB over any other (numbétrips by auto or any other mode)
because the main focus of Smart Growth developmentreduce auto travel (Cervero and
Kockelman, 1997); and intuitively distance is atéetepresentation of road-usage and
auto-emissions than trip frequency. For instanice, TiB of a person who takes 10 short
trips with a total distance of 15 kilometers is m@referable than someone who takes 5
trips covering a distance of 20 kilometers. Theoséecperson uses more road space and

emits more harmful pollutants, such as, carbon migieoand nitrogen oxides.

We excluded the weekend travel because it has fmeerd that weekend travel
behavior differs from that of weekdays due to feware constraints and better traffic

conditions (Lee et al., 2009).We did not want terldl two types of behavior in the same

% For a multimodal trip (e.g., home — walk — bus alkv— grocery), the STAR dataset contains the GPS
locations of only origin (home) and destinationog@gry). We computed the distance of each trip-sagme
based on the duration of that trip segment anchtteeage speed of transport mode. A median speadtof
(34 KPH) was used in the computation.
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model. As mentioned in the introduction, in thigdst, our approach is to create the most
suitable empirical context where we expect the TB4®Blation to be stronger than any
other context. Since people have more time coméraand roads are more congested
during the weekdays, we expect the TB-BE relatmbé stronger on weekdays than it is

on weekends.

The STAR time-use dataset provides two-day traerimation, but we chose only
one day because some of the survey-days were wekidra respondent’s survey days
were both on weekdays, we selected the day witlt trips in order to have larger travel
sample. This was applied to all respondents witb weekdays, thus the sample is not
likely to be biased towards more trip-makers. Welated separately the travel behavior of
workers and non-workers. Further, we included amy-work trips since work travel-
behavior is influenced more by non-BE factors, sastthe housing market, labor market,
etc. (Crane and Crepeau, 1998)Iso, we excluded two types of non-work trips —
transportation assistance (pick-up or drop-off) &mdel for in-home socialization. The
latter category was not included because thess tigpend on one’s social network, not
the BE (Carrasco and Miller, 2006). The STAR ddt@sevides information on the trip-
purpose of the primary respondent, not the tripppse of other household members. Thus,

it was not known whether the household member, wae picked up or dropped off, was

4 Both work and school are referred to as “work”.
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going to work or to friend’s place to socialize.eThon-work trips that we chose are trips
to anyopportunity like grocery, restaurant, religious center, ratiom center, etc. The

workers made 2,512 such trips in one day, whicB7spercent of all 5,319 trips. The
workers made 40 percent of their total trips forrkvpurpose. For non-workers, we

selected 3,545 trips (73 percent), out of 4,8G8%tduring one weekday.

From the sample of 1,971 respondents, we remowveskttrip-makers who’s both
survey days were weekends; who spent night outdileme (e.g. summer cottage, trailer,
etc.) during survey period; did not own a car, aritb worked at home (tele-workers).
Also, we excluded a few respondents from the armlybo made a few, but extremely
long-distance trips. We identified those responslent two steps. First, we chose a
maximum distance (30 km) to defirextremedistances. We chose the 30 km cut-off
because the distribution of all trip-distance réeeathat around 97 percent trips were
within 30 km. Also, Sackville, a major urban center located at around 30 km from
downtown Halifax (Figure 2.1). It could be a tygditeehavior if someone took a leisure
trip from Sackville to a downtown movie theatre. y#imng beyond 30 km would be
considered as atypical behavior. Next, we comptitedotal daily travel distance with and
without theextreme(>30 km) distances for a person, and calculatedlitierence between
the totals. The difference was below 10 km for d@@percent of the respondents (worker
and non-worker). We considered that the travel ienhaof the remaining 2 percent of

respondents as atypical. Thus, they were excludech from the analysis. After several
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steps of dataleaning,we selected 1,196 respondents (577 workers andchéd9vorkers)

and 6,057 non-work trips for the analysis.

2.3.2.2 Built environment variables

We computed a comprehensive set of BE variablesdigaussed in the previous
section, studies represent the BE through differaetrics of 3Ds (density, diversity,
design) and different types of accessibility measuMost studies compute the 3Ds near a
respondent’s home. Very few studies (such as, Feamlk, 2008; Maat and Timmermans,
2009) measure the BE around workers’ workplaces. ddfmputed BE near home and
workplace, for workers. Also, we measured BE at two différecales — ¥ km and 1 km
buffers (straight-line distance) around home ankiwaround workplace. We chose the %4
km as it is used commonly in the literature (eBparnet and Sarmiento, 1998; Krizek and
Waddell, 2002; Krizek, 2003). The 1 km buffer sizas derived empirically. We explored
the distribution of trip-distance and observed timatre than 80 percent of walking trips
were taken within 1 km (straight-line distance)nfrdvome. Thus, our data suggest that 1
km is representative of the walk-shed in HRM. Forkvbased walking trips, we found the

walk-shed to be ¥2 km.

We computed the same set of BE variables (notétarparenthesis if otherwise)

for home and workplace. The 3D variables are: asidential density (near home); net

® Workplacecorresponds to botlorkplaceandschool
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commercial density (near work);; entropy index; fitetahl-Hirschman Index or HHI;
ratio of four-way to all intersections; densityalf intersections (per square km), and ratio
of side-walk to road length. We also computed #tterof building footprint and parcel
area near workplace as proxy of parking space awbily (Frank et al.,, 2010). The

entropy index was calculated as:

Entropy = {= Xk[(p)(Inp)1}/(nk), 1)

Here, k is the number of land-use categories (residentammercial, office,
institutional, and park) within the buffer apglis the proportion of any land-use type. The

HHI was computed using as:

Zi(P;  100)? @

The notations are the same as in entropy indexaldfe calculated three types of
accessibility measures (Scott and Horner, 2008)avity, proximity, and cumulative
opportunity. We classified the opportunities agiteservice, religious, leisure, and active
recreation, and computed three types of acceggilidr each category. For any land-use

opportunity-type, gravity accessibility was complibgy:

A; = Y jWiexp(—=fd;;), 3
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Here, 4; is the gravity accessibilityy;is the weight of opportunity; Bis a
distance decay parameter, ahgdis the network distance from a respondent’s hotoe
that particular opportunity’. Since we computed the regional accessibility, th#
opportunities were included in the formula. As fwoximity, we computed the shortest
network distance from a respondent's home and wWackpto the aforementioned
opportunities. We also computed the network distainom home and workplace to the
closest bus stop, shortest distance to any shoppalg employment centers (as per the
STAR dataset there are 13 such centers) and landes.prhe number of opportunities of
an opportunity type gave the cumulative opportunitighin the home and workplace

buffer.

When the number of BE variables is high, like instistudy, often they are
combined through factor analysis (e.g., Cervero &uwtkelman, 1997; Bagley and
Mokhtarian, 2002; Krizek, 2003) and the factors ased in the model. However, we
preferred to use the original variables becausg #ie easy to interpret and would be

intuitive to policy makers.

® The value ofg was determined empirically. A regression model was with distance of every trip
destination from home as independent variable atdral logarithm of trip frequency as dependenialde.
The model coefficient gave the valueof

" Because we did not have employment information, used building footprint area as a proxy of
employment. For places like parks or playgrounis pgarcel area was used.
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2.3.2.3 Control variables

We use three sets of control variables — socio-@oar attitude, and weather
variables. The socio-economic variable set reptesespondents’ personal and household
characteristics. It includes age; gender; work-tiomaand commute-duration (if worker);
education status; immigrant or not; how long livimgthe current neighborhood; annual
personal income; availability of bus pass; housgh&ike; number of vehicle in the
household; number of vehicle per licensed peoplajber of children of age below 5, 6-10
and 11-15; number of seniors (age>65) in the haldehype of household (couples
without children, couples with children, singlenglie parent and other); number of
workers in the household, and monthly cost of paylkat work (if worker).Tables 2.1 and

2.2 present descriptive statistics of the variatlkieh are significant in our modéls

The attitude variables are included to control flee preference for residential
location and travel mode. The STAR questionnairke@smore than 30 attitudinal
guestions. We did not find a strong correlation aghthem (<0.6), but through Wilcoxon
Signed Rank Tests we observed that some of thedittal variables were not significantly
different from others. We only kept those variabtest are representative of other
variables. Most of them are dichotomous, the rest3point scale responses. Sixteen

attitude variables remained after the Wilcoxon 8ajRank Tests. They are: feeling safe to

8 Due to space limitations we only display here thiables that are significant in our models. The
descriptive stats of other variables are availaplen request.
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walk after dark; preference of neighborhood nearkwand recreation centers; preferred
walking distance; preference of having store, dirgs daycare, school, post office, club
and park within walking distance; transit convecencheapness, safety and accessibility,
and workaholic or not. The weather variables that wged are: daily amount of rain,
snowfall and precipitation; minimum, maximum andameemperatures; maximum gust;

and amount of snow on the ground.

2.3.2.4 Model specifications

We use the following models:

Yekr(oLs) = Bo + BseXse + BarrXarr + BweXwe + BpeXpe + € (4)

Yokrracy = Bo + BracWYpkr + BseXse + BarrXarr + BweXwe + BpeXpe + € (5)

Here,Ypkr is daily personal vehicle kilometers travelled BKXsg, Xarr, Xwr
and Xpp are respectively the sets of socio-economic, uditit weather and built
environment variables, and their corresponding trasia of s are the coefficients. The
first equation is the formulation of ordinary leaguare (OLS) regression while the second
equation represents the spatial lag model. Thiseingdused when one spatial observation
is likely to be influenced by its neighboring obs#ions, a phenomenon callsgatial
autocorrelation We observed that both worker and non-worker PKas vgpatially
autocorrelated. The magnitude of autocorrelatios l@aer for worker PKT (Moran’s =
0.017) than that of non-worker PKT (Moranfs= 0.131), but both were significant

(p<0.05). This violates the OLS assumption of indejee error termse. The spatial lag
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Table 2.1: Descriptive statistics of selected vardes (worker)

Variable Mean SD Percent
PKT 11.81 14.24

Work duration (hour) 6.77 2.23

Male 0.50 50.09
No. of vehicle in the HH 1.86 0.74
Household owner 0.20 70.71
Single 0.27 7.63
No. of worker in the HH 1.78 0.76

Feel safe to walk after dark (moderate) 0.50 56.33
Peferred walking distance 18.23 8.17
Preference of park within walking distance (modgrat 0.40 19.93
Preference of park within walking distance (high) 0.43 74.87
Total precipitation (mm) 4.08 9.29

Shortest distance of any mall from home 4562.15 6516

Ratio of four way to all intersection within 1 knfi ltome 0.17 0.13

Shortest distance of any restaurant from workplace 926.17 5105.35

Ratio of building to parcel area in 500m of worlqaa 0.38 0.29

Table 2.2: Some descriptive statistics of selectedriables (non worker)

Variable Mean SD Percent
PKT 25.08 23.18

Male 43.13
Diploma 26.98
Income: 20,000 to 39,999 25.85
Income: 40,000 to 49,999 21.65
No. of vehicle in the HH 1.62 0.71

Total snow 0.69 2.38

Maximum temperature 12.22 10.06
Entropy in 1 km buffer 0.54 0.13

No. of active recreation centers in 1 km buffer 243. 26.74

Service gravity accessibility 350.12 151.30
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model tackles this problem by introducing a spdaal variable W Yp,, whereWis the
standardized spatial weightxN matrix (N=number of observations) with zero diagonal
values, angB, 4.is the spatial lag parameter (Anselin, 1988). Tipetial lag model is used
when the behavior (PKT) of an observation is likilyoe influenced by the behavior of its
neighboring observations. Since travel is a dertkeghand, it is not practical to expect that
PKT of a person is influenced by the neighbor’'s PRTheir similar behavior is rather
attributed to their similar residential locationoate. We used OpenGeoDa 0.9.8.14 to
compute both the spatial weight matrix and the iap#g modeld. We used distance
weight setting the default minimum distance (appddxkm for workers and 8 km for non-
workers) to allow at least one neighbor to evergesbation. Any lower threshold values
could be used and that would reduce the spatigdrdigncy of the neighbors. But, as will
be evident in the results section, we did not #ndig difference between OLS and the

spatial lag models.

Our initial modeling approach was to use a StratBquations Model (SEM). Our
choice of dependent and independent variable setsimilar to that of Bagley and
Mokhtarian (2002) who applied SEM to model triptdige by auto, transit, and walk trips
against socio-economic, BE, and attitude variatBes, the travel behavior is different in

our empirical context. Table 2.3 suggests that iplalilmodes of transport (here, auto and

°®GeoDa is opensource software, available at htgmfigcenter.asu.edu/software/downloads.
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walking) are used by only 20 percent of workers @B8dpercent of non-workers. We,

therefore, chose not to use SEM to explain 20 pe¢rmkthe travel behavior. Results

We made the decision to use the spatial lag modsiead of the spatial error
model, based on the Lagrange Multiplier (LM) te$tQLS. The LM test for lag was
significant for both workerp<0.05) and non-workemp€0.1); but the ML test statistic for

error was not.

Tables 2.4 and 2.5 report respectively the resoftsvorker and non-worker
personal vehicle kilometers travelled (PRY) Variables significant at the 90 percent
significance level are presented. Along with thefioient value and significance, we
computed the elasticity of the interval or ratipéyvariables using this formula (Ewing

and Cervero, 2010):

elasticity = B * (x/¥) (6)

Here, S is the coefficientjc andy are respectively the average of independent

variable and PKT.

19 The distribution of worker and non-worker PKT atewed. Therefore, two separate models were run by
transforming both PKTs by natural logarithm. Btie B of the log-transformed models were not higher than
the models with original PKTs. Here, only the PKddels are reported.
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Table 2.3: Mode interaction in one day, worker anchon worker

de of Worker Non worker

Mode of transport Number of respondent Percent Number of respondent  Percent
A 348 60.3 450 72.7

AT 2 0.3 1 0.2
ATW 2 0.3 6 1.0
AW 112 19.4 141 22.8
TW 0 0.0 2 0.3

w 113 19.6 19 3.1
Total 577 100.00 619 100.00

A = Auto, T = Transit, W = Walking
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2.3.3 Worker PKT

We model personal-vehicle kilometers traveled (PKU)ing a weekday. As is
seen from Table 2.4, the spatial lag variall’f, ), that is Weight of PKT, is significant
at the 90 percent confidence interval. The negasigm of the spatial lag coefficient
suggests that the neighbors of any observationtemnelduce its PKT. But, the magnitude
of the coefficient is very low. This is consistemth the fact that the improvement of the
model R? from OLS to spatial lag model is miniscule (0.00Rgcall from the previous
section that the value of spatial autocorrelatibworker PKT is very small (Moran’s=
0.017), which is why model’s explanatory power & improved much by including the
spatial lag variableWY,kr). However, for the sake of simplicity, only spateg models

will be discussed.

Our modeling approach was to input the control aldgs, that is, respondents’
socio-demographics, attitudes, and weather vasabled come up with a base model with
significant control variables. We then enteredBlievariables and observed the change in
the model’s explanatory power. If the inclusion asfy BE variable made any control
variable insignificant, we excluded that BE varabrlhus, the BE variables reported in the
model have drue impact on worker PKT. The same procedure was @sethe non-

worker model.

The signs and even the magnitude (elasticity) efdbntrol variables are intuitive.

Work duration has the highest, negative impact orker PKT. This makes sense as the
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Table 2.4: Results of linear regression and spatidgg model (dependent variable:
PKT by worker)

Variable: OoLS Spatial la

Coef t-sta Elasticity Coef t-sta Elasticity
Weight of PK1 NA NA -0.4¢ -1.6¢
Constar 26.9¢ 5.41 32.5¢ 5.7C
Control variables
Work duration (hou -0.7¢  -3.28  -0.4f -0.6(¢ -2.47 -0.3¢
Male 1.97 1.81 2.5¢€ 2.34
No. of vehicle in the H| 1.52 1.9C 0.24 1.6¢ 2.0¢ 0.27
Household own:e -7.3:  -2.6¢ -7.1C -2.5¢
Single (reference: HH wit 5.51 2.5¢€ 6.0¢ 2.81
child over 15 year)
No. of worker in the HI 1.91 2.4¢ 0.2¢ 1.92 2.4¢ 0.2¢
Feel safe twalk after dark -2.91 -2.6¢ -3.21i -2.94
(moderate)
Preferred walking distan -0.1t  -2.3C -0.2¢ -0.1¢ -2.0¢t -0.21
Preference of park withi -4.4:  -1.67 -3.5¢ -1.3¢
walking distance (moderate)
Preference of park withi -5.5¢  -2.2¢ -4.6¢ -1.91
walking distance (high)
Total precipitatiol -0.07  -1.2¢ -0.02 -0.07 -1.2¢ -0.0:
Built environment variables
Shortest distance of any m 0.0 2.11 0.0¢ 0.0C 2.6 0.1
from home
Ratio of «~way to all -11.9¢  -2.6€ -0.1¢ -14.4:% -3.1¢ -0.21
intersection within 1 km of
home
Shortest distance of al 0.0C 5.12 0.0z 0.0C 2.5t 0.0z
restaurant from workplace
Ratio of building to parcelare -3.57 -1.67 -0.11 -7.9¢ -4.1(C -0.2¢

in %2 km of workplace

Model summary

Model with controvariables

R? 0.11] 0.11¢
Log likelihooc NA -2316.17.
Model with control ad

home-BE variables

R 0.157 0.157
Log likelihooc NA -2304.22:
Model with control, hon-BE and workplac-BE variable

R 0.187 0.18¢
Log likelihooc NA -2291.77.
N 57i
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workers spend, on average, 7 hours at work (Taldlg &hich puts a time constraint on
their travel. The second-highest value of elastigtnumber of workers in the household,
which tends to increase worker PKT. This is propdidcause a single-worker household
has the freedom to choose its residence near aiies as opposed to a two-worker
household which might choose to locate somewhetkeammiddle of the two workplaces.
Also, the more vehicles respondents’ households, thenfarther they travel. Males drive
farther than females; tenants make longer trips th@ausehold-owners, and respondents

who live alone travel farther than those who livighva partner and children.

We found some of the attitude variables significanthe worker PKT model.
People, who prefer to walk farther, travel a shodistance by car. Respondents, who feel
comfortable to walk after dark, do the same. Tlagable might be a proxy for walkable
neighborhoods. People who want to live near paidkget less distance. Interestingly, the
moderate preference to live near parks becamenifis@nt when the spatial lag effect was
included. We did not find any effect of weather mom-work trip distance by auto. The

weather variable closest to significance is totatpitation.

As mentioned before, we did not combine the BEaldes through factor analysis.
When putting the BE variables in the base modeld@ghwith significant control variables),
we entered one BE variable from a BE group. Fongta, we computed the proximity of
different opportunity categories (retail, servicecreation, etc.) from home. These
variables are highly correlated>0.9) among themselves, thus the proximity vargble

belong to the same BE group. We entered the BEbiarifrom a BE group that had the
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highest correlation with PKT. If any BE variableiin its BE group was not significant, we
tried other BE members of its group. But, for btite worker and non-worker models, we
did not find any member of a BE group to be sigaifit if itsbest membe(the one with
highest correlation with PKT) was not significaAffiter obtaining the final model with
significant BE and control variables, we perfornseane iterations by replacing thest

membeof a group by other members and we chose the muittethe highesi.

As can be seen from Table 2.4, four BE variablgsaichworker PKT. As expected,
both home-based and work-based BE variables appéer significant. Also, they display
intuitive signs. For example, the shortest distaotany shopping mall from home is
positively related to PKT. The proximity of a rastant from workplace has a similar
effect. This is no surprise because many workerseneating-out trips during their work
hours. Workers, who live in a neighborhood with @d-gattern road, travel shorter
distances than those living in a neighborhood witihvilinear or cul-de-sac roads. The
latter is a typical picture of a suburb. Also, taeailability of parking space (ratio of
building to parcel area) near work has a negatifleence on PKT. This variable has the
highest value of elasticity (-0.26) among the BEiatdes. The value indicates that a 10
percent increase in the ratio of building to pameda near the workplace would reduce
worker PKT by 2.6 percent. As opposed to many s&jdive do not find any effect of
residential or commercial density. This provesdl@@m and findings of some researchers
(e.g. Kockelman, 1997) that density works a sut®gd other BE variables; when they

are accounted for, density becomes irrelevant.
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Table 2.4 also presents the relative contributiohscontrol variables and BE
variables to the model’s explanatory power. Théusion of home BE variables improved
the modeR?from 0.113 to 0.157. The work BE variables furtmeproved theR?to 0.186.

Overall, the BE variables increased the explangtower of the model by 7.3 percent.

2.3.4 Non-worker PKT

The difference iR between OLS and the spatial lag model for non-woFKET
indicates a very interesting phenomenon (Table. 6y the base model (model with
control variables only), th&is simply doubled when the spatial lag effect iscamted
for. Interestingly, thé?? virtually does not change in the final model (modéth control
and BE variables) after the inclusion of the spa&ig variable. Also, the Weight of PKT is
not significant in the final model, suggesting ndogorrelation of the error term in the
final model. Recall from Section 3.2 that non-workeKT is highly autocorrelated
(Moran’s| = 0.131). The plausible explanation for the eliation of spatial lag effect in
the final OLS model is that the BE variables in thedel take care of the autocorrelation.
This is an interesting finding that if proper BE asares are controlled for in a model of a
spatially-varying dependent variable, the BE vdaabmight tackle the autocorrelation

problem. For such models, the OLS would suffice.

We applied the same modeling approach as discusdbe previous sub-section.

Like workers, non-worker males travel farther tii@amales. Interestingly, non-workers
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Table 2.5: Results of linear regression and spatid&g model (dependent variable:
non-worker PKT)

Variable: OLS Spatial la

Coeff, t-sta  Elasticity Coeff. t-sta Elasticity
Weight of PK1 NA NA 0.2z 1.4
Constar 49.3: 10.0¢ 41.1¢ 5.6

Control variables

Male 3.9t 2.31 4.1¢ 2.4¢

Education: diplomi -3.7¢ -2.0C -3.7¢ -2.0z

(reference: high school)

Income: 20,000 to 39,9¢ 3.2i 1.62 3.4¢ 1.7¢

(reference: <20,000)

Income: 40,000 to 49,9 3.71 1.71 4.01 1.8¢

No. of vehicle in the H 2.11 1.6¢ 0.1¢ 2.0¢ 1.67 0.1z
Amount of snowfa -0.9¢ -2.5¢ -0.0: -0.97 -2.6( -0.0¢
Maximum temperatu -0.1¢ -2.0¢t -0.0¢ -0.2C -2.2¢ -0.1C
Built environment variables

Entropy within 1 km of horr  -20.5¢ -2.47 -0.4¢ -21.5¢ -2.6% -0.47
No. of active recreatic -0.11 -2.71 -0.1¢ -0.0¢ -2.4z -0.1¢€
centers within 1 km of home

Service gravityaccessibilit -0.0C -4.6¢ -0.4t -0.0C -2.6¢€ -0.3:

Model summary

Model with control variable

R? 0.08: 0.16¢
Log likelihooc NA -2755.21.

Model with control an
home BE variables

R? 0.217 0.21¢
Log likelihooc NA -2732.73.
N 61¢
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with a diploma degree drive shorter distances thase having high school education. As
personal income increases, so too does a non-vierketo distance. We could not
compute household income per person because tbméndata were categorical and total
household income would be biased to household &ike. worker, non-workers travel
more distance by car if their households own metaates. Unlike the worker PKT model,
we find a significant constraining impact of haraleather (snowfall and maximum
temperature). Surprisingly, we did not find anyitatte variable significant. We ran a
separate model with only the attitude variables &nthd one statistically significant
variable — high preference of living near a parkjch when put into the model with the

socio-economic variables, became insignificant.

There are three significant BE variables in the-namker PKT model. Two of
them are accessibility measures — service graaity, cumulative opportunities of active
recreation (playground, gym, etc.). Land-use ditygreneasured by the entropy index, is
also highly significant and has a negative inflleena auto distance. The entropy index for
a ¥ km buffer was also significant, but with a milmler coefficient value. This indicates
to the problem of choosing an arbitrary scale of B&asurement and suggests that the
buffer size should be empirically derived (please section 3). We also experimented
with different entropy measures by varying the laisé categories in the formula. The
choice of correct land-use categories is crucial tfos index. For example, a mix of
residence and retail is better than that of aduical and residential uses (Krizek, 2003).

We computed three entropy measures. The land-usgaaes for the first index were
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residential, commercial, office, institutional, usiry, and park. The second index
excluded industry and the third also left out pdridustry was excluded because it does
not attract non-work trips. Also, we wanted to tégtark had anysize-biasmaking the
entropy index inefficient. Since park-parcels agtively larger than those of residential
or commercial and entropy computation is basedrea,ave suspected potentste-bias
leading to an underestimated index. But, we fodrad the entropy with park and without

industry was statistically significant in the model

Since there is no significant attitude variable non-worker PKT model, it is
important to discuss whether in this model the B&-Relation iscausalor not. It is
possible that the STAR questionnaire survey didaséttheright questions to capture non-
workers’ attitudes. This is one of the drawbackssihg attitude variables to control for
residential self-selection (Cao et al., 2009ajhi$ is the case, the BE variable parameters
may be overestimated in this model. On the oth@dhanost studies that accounted for
residential self-section through various methodeegaly found that the role of self-
selection is much smaller than that of BE. Somdistu(e.g., Khattak and Rodriguez, 2005)
even found no influence of attitude variables on TBIr understanding on this regard is
that if we had a very well-defined set of attituglivariables, their effect would be still
trivial. We included 11 variables pertaining to idesitial choice and 5 variables on
transport mode (transit and walk) preference in madel. This set of attitude variable

should comprise a major area of thmiversal setof all possible attitudinal questions.
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Therefore, based on the literature on self-selediod our reasoning, we infer that the BE

coefficients of the non-worker PKT model might heeestimated, but not by much.

As was evident with the worker PKT model, this modealso improved by the
inclusion of BE variables. Although the spatial [@@rameter is not significant in the non-
worker PKT model, the use of spatial lag model mtes a benefit. This is the reason:
comparing the OL®? of the base model (control variables only) andfihal model (BE
variables included), one would observe a resountitgercent improvement &f by BE.
This is untrue, because the OLS estimates of tlse baodel are inconsistent since the
model violates the assumption of independent g¢emns. The spatial lag model gives the
accurateR? value and BE genuinely improves the model by 5:2em. To compare, BE
variables explain more variation (7.3 percent) ofker PKT. This is reasonable because

workers have more time constraints during weekdiwyss their TB concurs more with BE.

2.4 Conclusion

The purpose of this chapter was to examine thetedfeBE on people’s auto travel
distance. We model a subset of overall travel (@gnt and 73 percent of all trips made
by worker and non-worker, respectively) and fingteong influence of BE when self-
selection is accounted for. This suggests an impbfinding, which is, BE impacts certain
type of trips. When examining the TB-BE link, futuresearch should categorize a
person’s overall travel and model these categdhesugh a system of equations, say,

Structural Equations Modeling (SEM). One might fihdt BE has a stronger influence on
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some maintenance and discretionary trips while &loolsl structure explains certain
subsistence trips (such as, drop-off or pick-upm& recent work (Maat and Timmermans,
2009; Pinjari et al., 2009; Lee et al., 2009; Kang Scott, 2010) adopt a similar approach,
but with activities. They classify activities inrée types — subsistence, maintenance and
discretionary and investigate the influence of edi#éht sets of variables (BE, socio-

demographics, etc.) on different activity-types.

We also observe an interesting phenomenon whetryiagphe spatial lag model.
The inclusion of proper BE variables can tacklegpatial autocorrelation effect. This was
evident in our non-worker PKT model. Thus, OLS cbule sufficient to produce
consistent estimates of BE. Still, we suggest seaf a spatial autoregressive model (lag
or error whichever appropriate) to truly capture Rfcontribution of BE, because OLS
might produce inconsistent estimates in controlalde models and underestimate the

contribution of control variables to mod.

This study has two limitations. First, the attitudsriables included in the model
might not be sufficient to represent residentia &navel mode preference. Readers should
be cautious when interpreting the elasticity of Bfiables in the non-worker PKT model.
The absence of significant attitude variables agtdr BE elasticity indicatesndogeneity
bias in the model. Future studies using STAR datasght consider adopting other
methods to control for residential self-selectidwo possible methods could be employed:
use of instrument variables and a joint model sfdential location and TB. The use of

instrumental variables might be difficult when arf are used to measure BE since all the
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non-BE information are available at aggregate (gernsact) level. For example, the data
on ethnicity are not available in a person’s buffieea, its available in a census tract.
Modeling residential location and travel behavimnidtaneously might be a better option

to control for residential self-selection.

The second limitation is that we chose to modely anito-travel and leave out
transit and walk distance. Their inclusion thro®EM or seemingly unrelated regression
would provide a better understanding of the pracékmetheless, the method we use
allows us to employ spatial lag model and provigiesnteresting finding that the inclusion

of proper BE variables can handle spatial autotatrom problem.
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3 Is trip chaining a desirable travel behavior? An investigation

from the built environment perspective

3.1 Introduction

When a trip-maker travels from home (or workplat®)multiple destinations by
linking two or more trips before returning to hoifoe workplace), the journey is called a
trip chain. Trip chaining is a response to theeasing time constraints that individuals are
now facing, especially in urban areas (Recker ¢t28101).Due to the growing need to
spend more time at work, growth of multi-worker Bebolds, improvement of
affordability and taste for particular commoditiaspongst other reasons, trip chaining has
become a common trait of urban travel behavior @y et al., 2004; Hensher and Reyes,

2000).

A number of studies have been conducted to obtdeti@r grasp of trip chaining
behavior. Figure 3.1 is a simple schematic reptesen of the factors that are
hypothesized to influence trip chaining. How matgps (or trips) are made in a tour (or
trip chain) is a measure of how complex the touF&ctors that influence tour complexity
can be grouped as personal and household attrjbatesce of travel mode, built
environment, preference for certain travel or restal location, and other tour-specific
attributes. For instance, a working woman may drepkids to daycare en route to work
(link 1 in Figure 3.1) and for that auto is a comesit mode (links 2 and 4). High-income

earners may chain their shopping trips (link 5y fowrpose) to multiple stores to buy
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Household structure
& Other characteristics
personal characteristics

Tour complexity Mode choice

Residential and Built environment
transportation preferences

Figure 3.1: Factors that affect tour complexity
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particular goods of their choice. Suburban comnsuteay find it convenient to make a
few stops for shopping on the way home from workaose goods and services are located
away from their home (link 8). Also, some peopleowlke to reside in a quiet
neighborhood in a suburb may also like to travelchy to optimize their travel by trip
chaining (links 9 and 10). Over time, as Handyle{2005) argue, travel behavior and the
built environment can also change someone’s pmedee for certain travel and
neighborhood type (dotted links in Figure 3.1). deelationships are discussed at length
in the following section. The focus of this studywever, is the link between built

environment (BE) and tour complexity (link 8). Belowe explain why.

Trip chaining results in more efficient utilizatiad road space because it reduces
the number of return trips. Thus, apparently, iildobe considered as desirable travel
behavior from a transportation planning perspectiv@wever, findings from a number of
studies suggest the contrary. First, when a commniptés chained with non-work stops, it
deteriorates peak-hour traffic congestion (Ye, Raftedand Gottardi 2007). Second, trip
chaining results in more challenges to TDM meastwegromote public transit because
auto-users find trip chaining more convenient dumore flexibility and speed than transit
users (Bhat, 1997; Chen et al., 2008). Third, ityipothesized and there is some empirical
evidence to suggest that people living in less sgibée areas tend to link their trips in
order to optimize their out-of-home activities (Kek, 2003a). If this is the case, then trip
chaining would be a big challenge for any TDM &gt based on land-use planning.

However, Cao et al. (2008) contend that the BE ccdwdve an opposite effect on trip
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chaining, that is higher accessibility mightlucea traveller to make more stops. Also,
some researchers contend that the BE has vesy dittihothing to do with trip chaining

(Kitamura et al., 2001).

So far, our understanding on the relation betwéenBE and trip chaining is not
clear. We cannot say with certainty whether orcwhpact development wilhducemore
trips or reduce the need for trip chaining or eifahere will be any significant impact of
BE at all. This study, therefore, investigates wimpact (if any) the BE has on trip
chaining. Most studies (except Cao et al., 2008)henBE - trip chaining relation do not
control for residential self-selection which leatke BE parameters prone to endogeneity
bias (Mokhtarian and Cao, 2008). We address tbigidy including attitudinal variables
in our models. In other words, we focus on the BEp-chaining relation (link 8 in Figure

3.1) while all other links (except link 3) are acoted for.

The next section briefly outlines the literaturspecially what factors are observed
to have influence on trip chaining behavior. Théofeing section describes the data,
variables and statistical models used in this stubye results are described in the

subsequent section followed by conclusion.

3.2 Literature review

Trip chaining is the aspect of travel behavior thas received the least attention

with respect to the BE. Most empirical researcliraael and the BE has focused on other
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travel aspects such as trip generation, travehulcst, mode choice, and auto ownership

(Ewing and Cervero, 2010).

Almost every study on trip chaining has examined éffect of household and
personal characteristics (link 1 in Figure 3.1)top chaining behavior. For instance, in
multi-worker households, the female-workers tendhain their commute trips with non-
work trips indicating the higher household respbitises of females (McGuckin and
Murakami, 1999). Strathman et al. (1994) obserag¢ llaving one or more preschoolers in
the household increases the chances of making eanmpbrk tours. They also find that
compared to traditional households with two or madailts, single parents make more
non-work stops when returning from work. This iseaponse to higher responsibilities of
single parents than other adults. Similar effeotsadoserved by Thomas and Noland (2005)
— with an increase in household size, tour compledécreases since other members share
household responsibilities. Further, household$ Wwigher incomes make more complex
tours, which might be attributed to the greaterpgiog ability and/or higher degree of

activity participation (Maat and Timmermans, 2006).

A lot of studies focus on understanding the modaaghbehavior of chained trips
(links 3 and 4 in Figure 3.1). Promoting publicnsa and non-motorized modes of
transportation have been some of the most analydd instruments (Wallace et al.,
2000) and with the increasing rate of trip chaingmngctice in North America and Europe
(Donaghy et al., 2004), researchers have showmestten exploring the effect of trip

chaining on travel mode choice. Bhat (1997), foaragle, investigates the relation
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between commute mode choice and the number of mok-8tops when returning home
from work. Using a joint multinomial logit and oneel response formulation, he observes
that solo-auto users make the most non-work stdpke wommuting. He demonstrates that
an improvement in transit service might enticegb-auto users, who make simple tours,
towards transit. However, solo-auto users, who makaplex tours, are less likely to
change their commuting mode. Hensher and Reye9)20@ Chen et al. (2008) notice a
similar behavioral pattern. In the context of Sygn&ustralia, Hensher and Reyes (2000)
model different categories of tours (simple, compleon-work, work) and modes (auto
and transit). Using multinomial logit and nesteditaechniques, they find for all tour-
types that as tour complexity increases, reliancecars increases and that on transit
decreases. Modeling the auto ownership and prayetosuse auto in a tour, Chen et al.
(2008) draw a similar conclusion — as the numbestgs in tour increases, the propensity

to use auto increases.

An interesting work is undertaken by Ye et al.(20@garding the relation between
mode choice and trip chaining. They explore thrgpotheses — trip chaining decision
precedes mode choice, follows mode choice, and tithe decisions are made
simultaneously. Although they notice the causalitye bidirectional; they find the model
structure in which tour complexity drives mode @wois the most significant. However, in
all three models, the results indicate that if wilials are forced to take a complex tours,
they are likely to choose car for the tour. Theitpges association of auto-usage and trip

chaining can be explained by the higher degredeailility offered by auto to schedule
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out-of-home activities. Also, as a faster modeparbvides additional time to make more

stops (Frank et al., 2008).

The relation of trip chaining with the BE is not sisaight forward as it is with
household structure and travel mode. The litergtuts forward a variety of findings when
answering the question: “How does BE influence tdpaining behavior?” It is
hypothesized that people who live and work in ppadcessible areas make complex tours
in order to make efficient utilization of their eat-home time use. On the other hand,
ceteris paribus, people who live closer to oppaties do not have to be as careful when
scheduling out-of-home activities. If they miss imgysomething, for instance, they can
just go out and do it, since the services are clpseThis leads to another hypothesis:
people, who live in high-accessibility neighborhepdnake more frequent tours. Crane
(1996) and Krizek (2003b) confirm the second hypsth. Thomas and
Noland(2005)corroborate with the first hypothekiattdensity has a negative effect on tour
complexity, but refute the findings of Crane (199@®) Krizek (2003b) that high density
increases tour frequency. Cao et al. (2008) refethe effect described in the first
hypothesis as the “efficiency” effect since theidests of suburbs tend to efficiently
utilize their travel by chaining trips. They alsbserve an opposite effect of BE on trip
chaining — what they call the “inducement” effetheir results suggest that respondents
who prefer to live closer to opportunities make enstops. On the contrary, people who
prefer to minimize travel make more stops (“effrig” effect). However, most studies do

not report thenducemeneffect. For example, while examining household mmplexity,
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Krizek (2003a) finds that households living in Higlaccessible areas make simple but
more frequent tours. Wallace et al. (2000) als@plessimilar phenomena in their study —
tours originating in the CBD are simpler. They eplthat in the CBD more opportunities
are concentrated, thus the traveler does not meschiedule complex tours. An early study
by Golob (2000) on trip chaining — BE relation wiithan activity-based modeling
framework draws similar conclusions. Golob (200@velops a Structural Equations
Modeling (SEM) framework to model out-of-home aityivduration, travel time ,and
generation of different types of tours (work, noarg simple, and complex). His model
suggests that as accessibility increases the genem both simple and complex tours

increases but the effect is stronger for simple-gmneration.

More recently, similar efforts have been made tplar several travel aspects
along with trip chaining. Applying several indepent regressions, Maat and
Timmermans (2006) examine the influence of the BE amtivity participation, tour
complexity, and travel distance. The study providgesne interesting findings. First,
density is positively related to tour complexitywéaage number of trips per tour) which
probably indicates to thaducedtrip chainingexplained by Cao et al. (2008). This is
contrasted by the results of a second model (peaferomplex tours). The model suggests
that people living in suburbs are more likely tokeacomplex tours which might be
attributed to theefficiencyeffect. Frank et al. (2008) look at the impactled BE on both
trip chaining and mode choice. Using a nested logdel they find that high density,

mixed land use, and a grid street network near hamdework increases the use of walking
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and transit, compared to auto. Also, increased ppities near home and work reduce

the number of stops in the commute and midday veaded non-work tours.

Although attempts have been made to understandnthact of the BE on trip
chaining behavior, very few studies account far thsidential self-selection effect (an
exception is Cao et al (2008) who analyze linksd &), which makes the BE coefficients
prone to overestimation (Mokhtarian and Cao, 20B&kides, most studies (except Frank
et al., 2008) represent the BE through one or twde measures, like density, aggregate
accessibility, or location of the household (CBDsaburb). The first limitation questions
the consistency of BE estimates while the secoreddmes not offer enough information
on the BE - trip chaining relation to policy makei$e current study addresses both

issues.

3.3 Data and methods

3.3.1 Data sources

The study area, the Halifax Regional MunicipaliRM), is a county located in
Nova Scotia, Canada (Figure 3.2). The tour datdHiar study are obtained from Halifax
Space — Time Activity Research (STAR) project, amtdd between April 2007 and May
2008. The time-use diary of the Halifax STAR datasentains two-day activity
information of 1,971 respondents age 15 years daer avho were selected from 1,971
randomly chosen households. The diary containdithe, locations (fixed locations and

travel modes), along with several other attributesach activity performed in 48 hours by
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the respondents. The location of each activity wesorded through a GPS (Global
Positioning System) device that the respondentsedathroughout the survey period. The
STAR dataset “represents the world’'s largest depky of global positioning systems
(GPS) technology for a household activity survegate” (Spinney and Millward, 2010 p.

134).

The household information and other socio-demodcapbame from the STAR
household questionnaire survey. The respondentscalsipleted more than 30 attitudinal
guestions (elaborated later in this section). Tt kBnvironment data are collected from
the STAR Land Use (parcel level) dataset; a 2008 TDMetwork Dataset; a 2006
Building Footprint and Sidewalk Dataset 2006 ol#dirfrom the HRM department of
Planning and Development Services, and 2006 CepfuSanada data. In addition,
meteorological information of each day of entirervey period was collected from

Environment Canada website

Yhttp:/ivww.climate.weatheroffice.gc.ca/climateDatadrlydata_e.html?Prov=NS&StationID=6358&Year=
2007&Month=4&Day=1&timeframe=1
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Figure 3.2: A part of Halifax Regional Municipality displaying all respondents’
(worker and non-worker) home locations
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3.3.2 Variables
3.3.2.1 Tour complexity

In this study, we defined a tour or a trip chairsdrhon two anchors — home and
workplace. When a journey is started from homen{ork) and ends at home (or work), a
tour is completed. A similar formulation of tour aslopted by McGuckin and Murakami
(1999) and Frank et al. (2008). Some studies (Hamahd Reyes, 2000; Ye et al., 2007)
use only home as an anchor to define a tour. Othehsde additional anchors along with
home and workplace. For example, Wallace et aD@2@onsider any destination to be an
anchor if the traveler spent more than 90 minuteset The 90 minute cut-off is decided
based on the distribution of duration of out-of-fermactivities. However, we consider
home (and workplace for workers) as the centerlloddivities where people spend the
greatest amount of time every day. Other placabair activity space are where they go

occasionally to fulfill certain needs (shoppingstee, socialize, etc.).

Based on two anchors, we identified three typetoofs — home to other places
then back home (HOH); home to wdflor work to home (HW/WH); and work to other
places, then back to work (WOW). By definition, arker can perform all three types of

tours while a non-worker can undertake only HOHgou

Work corresponds to botork andschool
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Before aggregating trips into tours, we removepistivithout any destination, that
is, trips taken only for the sake of travel (jogginpleasure drive, etc.). Also, the
multimodal trips in a tour (e.g., home-walk-buspstus-walk-work) were counted as one
trip, that is, the intermediate stops were ignok&@. only included weekday travel for the
analysis. This is because the purpose of the stutbyunderstand the relation between the
BE and trip chaining; and we expect this assoaiat®m be stronger on weekdays due to
greater time constraints and a higher degree afwag congestion than on weekends. We
focused the analysis to one-day travel becausestineey days of many respondents
comprised both weekday and weekends. If both sutagg were weekdays, we included
the day the respondent made the most trips in dadebtain a larger sample of travel.
Since this procedure was applied to all respondeittstwo weekdays, the sample is not

biased towards more trip-makers. Also, we remohed¢spondents who worked at home.

The unit of analysis in most studies is the toselft(Chen et al., 2008; Frank et al.,
2008; Ye et al., 2007). There is a benefit to toased modeling. It allows the researcher to
include tour-specific variables, such as time of ttacontrol for roadway congestion, tour
purpose, tour mode choice, amongst others. Howewer,contend that individuals
schedule their activities for the whole day. Tregteach tour as an individual unit would
not be behaviorally prudent. Thus, our unit of gsial is the person and it goes with our
research question — How does the BE influengem@on’strip chaining behavior? The
metric we chose for tour complexity is average nendf trips per tour in a day. Table 3.1

shows the average complexity of different typetoafs.
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Table 3.1: Average weekday tour complexity of workes and non-workers. The values
shown correspond to number of respondents

Non-worker Worker
Average trips per tour HOH HW/WH HOH WOW
1.00 242
1.01-2.00 108 402 232 255
2.01 - 3.00 230 149 151 80
3.01-4.00 159 61 58 15
4.01-5.00 67 15 36 9
5.01 - 6.00 30 2 11 1
6.01 - 7.00 21 2 4 1
7.01 - 8.00 12 1 2 1
8.01-9.00 2 0 5 1
9.01 - 10.00 4 1 1 0
10+ 5 1 2 2
Total 638 876 502 365
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3.3.2.2 Built environment variables

We computed a comprehensive set of BE variablesm&asured the variables at
two different scales — % km and 1 km straight lmdfers around the home and %2 km
buffer around the workplace. The ¥ km is used comiynmn the literature (Boarnet and
Sarmiento, 1998; Krizek and Waddell, 2002). Them &cale was derived from the
distribution of home-based walking trip distanceenéhmore than 80 percent of trips were
within 1 km from home. This indicates that 1 kmide§ the walk-shed in HRM. We

found the walk-shed to be ¥ km around workplace.

The BE variables can be classified in two categore3D variables (density,
diversity, and design) and accessibility variablasaddition, we included the distance to
work from home through the network. The 3Ds conefstwo density variables — net
residential density (near home only) and net comorakerdensity (near work only).
Variables for land-use diversity are — the entromex and Herfindahl-Hirschman Index.
Three variables were computed to represent stresigil — ratio of four-way to all
intersections, density of all intersections (pewasg km), and ratio of side-walk to road
length. In addition, the ratio of building footpriand parcel area near workplace was
computed as a proxy measure of parking space hiaya(Frank et al., 2010). The

mathematical formulation for entropy index is

Entropy = {— Xk[(p))(Inp)1}/(nk) (1)
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Here,k is the number of land-use categories (residentammercial, office,
institutional, and park) within the buffer apglis the proportion of any land-use type. The

Herfindahl-Hirschman Index was computed using thisula

Ti(Pi  100)? @

The notations are the same as in entropy index. Sdeond category of BE
variables comprise three types of accessibilityo{Sand Horner, 2008). They are: gravity,
proximity and cumulative accessibility of five typeof opportunities— retail, service,

religious, leisure, and active recreation. For eatggory, the gravity accessibility is

A; = Y jWiexp(—pd;;) )

Here, A; is the gravity accessibilityy/;is the weight of opportunity; g is a
distance decay parameter, afdis the network distance from the respondent’s hotoe
that particular opportunity. As for proximity, we computed the shortest netwdistance
from a respondent’'s home and workplace to the afergioned opportunities. In addition,
proximity of bus-stops from home and workplace weneasured. The cumulative
accessibility is the number of opportunities ofogportunity category within the home and

workplace buffers.

Many researchers combine the BE variables throagtof analysis in order to

avoid the multicollinearity problem in the modelg@ey and Mokhtarian, 2002; Cervero
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and Kockelman, 1997). We used the original vargltlecause they are easy to interpret

and intuitive to policy makers.

3.3.2.3 Control variables

The control variables used are: socio-demograplatigude, weather variables,
time-related variables, and mode-choice. The sdemeographic attributes consist of
household structure and personal characteristios vairiables are age; gender; educational
status; immigrant or not; neighborhood tenure; ahpersonal income; availability of bus
pass; household size; number of vehicles in thedioald; number of vehicles per licensed
persons; number of children of age less than orlegu5, 6-10, and 11-15; number of
seniors (age>65) in the household; type of houskefamuples without children, couples
with children, single, single parent and usual letwadds, that is, households with two or
more adults); number of workers and school-goerthénhousehold, and monthly cost of
parking at work (if worker). Tables 3.2 through 8liSplay some descriptive statistics of

selected variabléd

We control for residential self-selection by inalugl attitude variables in the
models. The variables represent preferences towasiigential location and travel mode.

The Halifax STAR questionnaire survey had more ti3n attitudinal questions. A

3Due to space limitations we only display here theiables that are significant in our models. The
descriptive statistics of other variables are add upon request.
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preliminary analysis did not reveal strong corielatamong themrg0.6), but through
Wilcoxon Signed Rank tests we observed that somtbeofattitudinal variables were not
significantly different from others. We selecteadk variables that are representative of
others and deemed to have important policy impboat Most variables are dichotomous
and the rest are 3-point scale responses. Sixtatrda variables remained after Wilcoxon
Signed Rank tests. They are: feeling safe to whtk aark; preference of neighborhood
near work and recreation centers; preferred walkiistance; preference of having store,
drugstore, daycare, school, post office, club, pack within walking distance; transit

convenience, cheapness, safety and accessibiliiyyvarkaholic or not.

We tested the importance of eight meteorologicakbiées — daily amount of rain,
snowfall and precipitation; minimum, maximum andamdemperature; maximum gust;

and amount of snow on the ground.

The time-related variables are work-duration anthrooite duration (if worker),
day of the week and month. We hypothesize that waoord commute duration would
induce a worker to undertake complex tours. We exftet people would make complex
tours on Friday so that they do not have to gooouwveekends. Thus, Friday was kept as a
reference in the model. Also, we tested seasomaltians of tour complexity. January was
the reference month and our anticipation was t@esmore complex tours during spring
and summer, compared to winter. Tour-specific \des are the modes a person chose to
take all tours of specific type. If the workers didl HW/WH tours by auto, their

PersonModes auto for HW/WH tours. We assigned the main maide tour according to
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Table 3.2: Descriptive statistics of selected nonesker variables for HOH tours

Variable Descriptiot Mear SD Percer
HOHComplexity Average trip per hon-othe-home (HOH) toL 3.5¢ 1.6¢
PersonMod Major mode used in all tours of the «

Auto(ref.) 1 if auto is the main mode of all tours, 0 othee 82.1:

Transi 1 if transit is the main mode of all tours, 0 othise 6.27

Walk 1 if all tours are taken by walking, 0 otherv 2.51
OtherHOF 1 if the tours are taken by different mode 9.0¢

otherwise

Weekda Survey da

Friday (ref. 1 if Friday, O otherwis 20.3¢

Monday 1 if Monday, 0 otherwis 26.4¢
Male 1if male, O if femal 42.1¢
HHstructur Structure ohousehol

UsualHH (ref. 1 if the household has two of more adults ani

child(ren) of age<16, 0 otherwise

SingleParel 1 if the respondent is a single parent, O othel 1.1C
HHworkerz Number of worker in the househ 0.7¢ 0.87 73.9¢
HHschoolgoe Number of schoolgoer (age>15) in the house 0.1¢ 0.41 14.4:
Safewall Feeling of safety to walk after d:

SafeWalk _low Does not feel very se 11.6(

(ref)

SafeWalk_me Feels moderately s¢ 50.9¢
RegMalls_Hn Shortest distancfrom home to regional ma 6.5C 6.37
Entropy4 100 Entropy in 1 km from home, computed with fc 0.4¢4 0.1¢

land-use categories

64



M.A. Thesis — Tufayel Ahmed Chowdhury, McMaster \nsity - School of Geography and Earth Sciences

Table 3.3: Descriptive statistics of selected workeariables for HOH tours

Variable Descriptiot Mear SD  Percer
HOHComplexity Average trip per hon-otherhome (HOH) 2.9t 1.51
tour
PersonMod Major mode used in all HOH tours of the |
Auto (ref. 1 if auto is the main mode of all tou 88.2¢
0 otherwise
Transi 1 if transit is the main mode of all tot 2.7¢
0 otherwise
Walk 1 if all tours are taken by walkir 6.37
0 otherwise
Weekda Survey da
friday (ref., 1 if Friday, O otherwis 20.5:2
monda 1 if Monday, 0 otherwis 19.7:2
Healtt Selfreported health stat
HealthPoc Poor health conditic 1.0C
HealthGoor Good health conditic 21.31
daycar Preference of having daycare near h
daycare_higt High preferenc 22.7]
(ref.)
daycare_lo\ Low preferenc 47.8]
PostOffice Preference of having post office near hi
PO_high (ref. High preferenc 12.3¢
PO _low Low preferenc 34.0¢
PO_mei Moderate preferen 53.1¢
entropy5_40 Entropy in 400m from home, compu 0.3¢ 0.17
with five land-use categories
SWhperArea_W Sidewalk length per square km in 5C 9.0 9.5¢

from workplace
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Table 3.4: Descriptive statistics of selected workeariables for HW/WH tours

Variable Descriptiot Mear SD  Percer
HWComplexity Average trip per hon-work/work-home 1.9z 1.04
(HW/WH) tour
PersonMod Major mode used in all HW/WH tours of t
da
Auto (ref. 1 h}, auto is the main mode of all tot 83.9(
0 otherwise
Walk 1 if all tours are taken by walking,otherwist 4.0C
HOH_Toul 1 if any HOH tour is taken during t 57.31
survey day, 0 otherwise
WorkDuration_h Work duration in hot 7.0z  2.37i
BusPas 1 if the person has a bus pass, 0 othe 7.2C
HHstructur Structure of househc
UsualHF (ref.) 1 if the household has two of more adults
no child(ren) of age<16, 0 otherwise
Couple_kic 1 if the household comprise a couple 35.5(
child(ren) of age<16, 0 otherwise
SingleParel 1 if the respondent is a single par 2.97
0 otherwise
Income Annual personal incon
Inc_abovel00 (ref 1 if Income> $100,000, O otherwi: 9.4
Inc_below2( 1 if Income < $20,000, 0 otherw 8.9(
Inc_20to4l 1 if $20,000< Income < $40,000, O otherw 19.8¢
Weekda Survey da
Friday(ref.) 1 if Friday, O otherwis 19.8¢
Monday 1 if Monday, 0 otherwis 23.17
Month Survey mont
Jan (ref. 1 if January, 0 otherwi 8.22
Mar 1 if March, O otherwis 6.51
Aug 1 if August, 0 otherwis 9.5¢
Daycart Preference of havindaycare center near ho
daycare_high (ret  High preferenc 20.6¢
daycare_lo\ Low preferenc 49.8¢
RetailCnt40! Number of retaibpportunitiesn 400m from 1.17  3.07
home
FAR_Retail_WI Ratio of building footprint to retail parcel a 0.3¢  0.2¢

in 500m from workplace
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Table 3.5: Descriptive statistics of selected workeariables for WOW tours

Variable Descriptior Mear SD  Percer
WOWComplexity  Average trip per wor-other-work (WOW) 251 1.7¢
tour
PersonMod Major mode used in all WOW tours of t
da
Auto (ref. 1 i%/auto is the main mode of all tot 48.2:
0 otherwise
Walk 1 if all tours are taken by walking, O otherv 44.9:
WorkDuration_h  Work duration in hot 6.92 2.0C
Month Survey mont
Jan (ref. 1 if January, 0 otherwi: 6.8t
Dec 1 if December, O otherwi 6.5¢
Male 1 if male, O if femal 54.5;
HHstructur Structure of househc
UsualHH (ref. 1 if the household has two of more adults
no child(ren) of age<16, 0 otherwise
Couple_kic 1 if the household comprise a cot 36.1¢
and child(ren) of age<16, 0 otherwise
ParkingWorl Monthly parking cost in dolla 19.42 445i
Parl Preference of having parks near hi
park_high (ref.  High preferenc 75.6:2
park_low Low preferenc 4.3¢
Entropy5_100 Entropy in 1 km from home, compu 0.5z 0.1«
with five land-use categories
ServiceCnt_W Number of service opportunities in 50( 24.2( 28.6¢

from workplace
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a sequence of importance — transit, auto, and wadk. If all HOH tours were taken by
auto then théPersonModeis ‘auto’ for HOH tours. If, on the survey day,dveor more

different modes were used to take HOH tours ResonModas categorized as ‘other’.

3.3.3 Regression specifications

As mentioned above, the dependent variable repiagetour complexity is the
average number of trips per tour. We model workel @on-worker separately. For worker,
there are three dependent variables — tour complekxiHOH tours, HW/WH tours, and
WOW tours. Non-workers undertake only HOH tourgstione dependent variable to be
modeled. Since the data are continuous, we appdatiregression. However, for worker,
the complexity of one type of tour is likely to lménce another. For instance, if the
workers make non-work stops during commute tourd/fWH), they might not need to
trip chain the home-based, non-work tours (HOH)ught is logical to expect that the

error terms of the three worker-models are coredlat

Based on this conjecture, we first applied the segiymunrelated regression (SUR)
technique to model three types of tour complexitge SUR relaxes the assumption of
independent error terms of ordinary least squa@isSj and estimates the parameter
through generalized least squares estimation (@ellh962). However, the results (not
reported here) suggest that the SUR is not ap@iepfor the given dependent variables.
The reason is the presence of a large number dingivalues in tour-specific variables

(such as, mode choice, day or month) of HOH and WIOMYs. Since very few workers
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took HOH (N=502) and WOW toursN=365) compared to HW/WH tourtN€876), the
missing values of tour-specific variables of HOHIAWOW components dictate the model.
When dummies for missing values are included inrttoelel, theRPof HOH and WOW
components become greater than 0.99. Also, thesBheBagan test statistic for error-
correlation becomes insignificant. When the dumnayiables for missing values are
removed, the signs of almost all the coefficieritange, indicating the spuriousness of the
estimates. If we had travel data for a longer pkrgay one week, we would have more
doers of HOH and WOW tours and a joint regressibmcture (SUR or structural

equations modeling) would be applicable.

Therefore, we resort to OLS regression. There aue distinct models, three for
worker and one for non-worker. Since the distribitof tour complexity for all four types
of tour is highly skewed (Table 3.1), we transfdimem using the natural logarithm. The
average number dfips per tour was proved to be a better metric of tmmplexity than
averagestopsper tour. Because the latter would contain mamge=ein the HW/WH tour,

which would make the log-transformation impossible.

We explored the spatial autocorrelation of fouretegent variables and found that
the log-transformed values of the dependent vasgalaire spatially correlated for non-
worker tours foran’s | = 0.0184 p-value= 0.005) and worker's HW/WH touMpran’s |
= 0.0164 p-value= 0.001). Also, the Lagrange Multiplier Test of ®kuggested that the
error terms were correlated for the two modelshdth cases, the test statistics suggested

that a spatial lag model would perform better tlaaspatial error model. Although the
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Moran’s| for worker HOH and WOW were not significant, toekethings consistent we
utilize spatial lag modeling for all four models.hd models take the following

formulations

Ln(YrcoLs)) = Bo + BrowXrour + BseXse + BarrXarr + BweXwe + BeeXpe + € (4)
Ln(Yrerac)) = Bo + BracWYrc + BrowrXrour + BseXsg + BarrXarr + BweXwe + BpeXpe + € (5)
Here,Y;c is the tour complexity (TC), that is, the averagenber of trips per tour;
XrourXse, Xarr» Xwg, andXgg are respectively the sets of tour-specific ancetmelated
variables, socio-demographics, attitude, weathmet kaiilt environment variables, and their
corresponding notations ¢fs are the coefficients to be estimated. Equatignig4he
formulation of ordinary least square (OLS) regressivhile the equation (5) represents a
spatial lag model. The spatial lag model tacklesgpatial autocorrelation of erroks py
introducing a spatial lag variabl@]Y;. whereWis the standardized spatial weigkdkN
matrix (N=number of observations) with zero diagonal val@slf, 4. is the spatial lag
parameter (Anselin, 1988). We used OpenGeoDa 08.8 compute spatial weight
matrix and for spatial lag modelify We used distance weight keeping the default
minimum distance (approx. 6 km for worker and 7 ftannon-worker) to allow at least

one neighbor to every observation.

“GeoDa is opensource software, available at htgntigcenter.asu.edu/software/downloads.
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3.4 Results

Tables 3.6 and 3.7 respectively report the resafltworker and non-worker tour
complexity. Although the complexity of workers’ HOlnd WOW tours are not
susceptible to the spatial autocorrelation problém, complexity of HW/WH tours and
non-worker HOH tours are. For the sake of conststeve display the spatial lag estimates
of all four models. However, the reader would neticat for worker HOH and WOW, the
estimates and significance levels are the samd.B &nd the spatial lag models. As to the
HW/WH and non-worker HOH models, the spatial laguits are slightly different than
OLS. In the following discussion, any referencesttimates will indicate the spatial lag

estimates.

3.4.1 Worker tour complexity

As can be seen from Table 3.6, variables of alégates, except the weather
variables, are significant at the 90% significateel. The mode choice has anticipated
effects on tour complexity. A worker, who did abamute tours (HW/WH) by walking,
made simpler tours compared to a worker who mddsieh tours by car. A similar effect
is evident for HOH and WOW tours. Likewise, a warkeade simpler HOH tours if using
transit. A similar association of mode choice amat tomplexity was observed in previous
studies (Bhat, 1997; Chen et al., 2008). The re@assimple — transit is not convenient for
trip chaining because of its fixed schedule andvsfopace. We also tested the history

dependency of tour participation, that is, whethienot the participation in a type of tour

71



M.A. Thesis — Tufayel Ahmed Chowdhury, McMaster \nsity - School of Geography and Earth Sciences

impacts the complexity of other tours. We obsernuehsa tradeoff between HOH and
HW/WH tours. If the workers did at least one HOHirtothey made simpler commute
tours, compared to someone who did not make any tDH No such tradeoff is found to

be significant for other tour-types.

The impact of work duration on tour complexity igndar in magnitude and
direction for HW/WH and WOW tours. A worker who s too much time at the
workplace makes a simpler commute, and midday nomk-wours. The duration (Lee et al.,
2009) and distance (Maat and Timmermans, 2006pmwiptex tours are higher than that of
simple tours. Thus, longer work duration constramsvorker to undertake complex

HW/WH and WOW tours.

We observe an interesting variation of tour compyexacross weekdays and
months. Workers make simpler HW/WH and HOH tourdMonday compared to Friday.
This is probably because of more shopping and attentenance activities on Friday to
avert such tasks during the weekends. Workers nsak@ler commute tours at the
beginning of spring (March) and fall (August) comgzhto winter (January). The plausible
explanation for the workers to make more non-wapgstduring a commute tour in winter
is to avoid more frequent going out of home (andkpmace) in the cold. Also, it is
interesting to see that complex WOW tours are takenDecember. The possible
explanation is — a majority of the workplaces ardghie urban core where most shopping

opportunities are located. In December, workerswof the office to shopping centers

72



M.A. Thesis — Tufayel Ahmed Chowdhury, McMaster ity - School of Geography and Earth Sciences

Table 3.6: Regression results for worker’s three fyes of tours: home-work or work-home, home-other-hme, work-
other-work (values in the parentheses are the t-stigtics). Dependent variable: Natural logarithm ofaverage number of

trip per tour

HW / WH toul HOH toul WOW toul
OLS Spatial la OLS Spatial lai OLS Spatial la

Weight 0.23 (1.86 -0.35+1.46 0.01 (0.04
Constar 0.97 (16.1¢ 0.84 (9.15 1.06 (16.2 1.41 (5.61 0.85(10.0C  0.84 (4.83
Time and tour related attributes
PersonMode (ref: Aut

Transi -0.17+1.72  -0.17 +1.75

Walk -0.29+-3.81 -0.28+3.83 -0.26 +3.89°  -0.26 +3.97 -0.07 +2.34  -0.07 +2.38
HOH_Toul -0.20+-6.68  -0.19 +6.69
WorkDuration_h -0.04+7.09  -0.03+7.13 -0.03+3.74  -0.03 +3.79
Monday (ref: Friday -0.08 +2.41°  -0.08 +2.43 -0.07+1.68 -0.07 +1.69
Month (ref: Januar

Mar -0.11+1.97 -0.13+1.99

Aug -0.10~2.07  -0.11(-2.12

Dec 0.22 (3.76  0.22 (3.81
Socio-demographics
Male 0.08 (2.71  0.08 (2.74
BusPas 0.21 (3.71  0.20 (3.8C
Income (ref: above 100,0(

Inc_below2( -0.13+2.47  -0.15+2.46

Inc_20to4! -0.06 +1.70°  -0.06 +1.79
HHstructure (ref: UsualHt

Couple_kit 0.10 (3.0¢  0.09 (3.03 0.07 (2.112  0.07 (2.14

SingleParel 0.22 (2.62 0.22 (2.58
HealthGood (ref: HealthPoc 0.10 (2.6C 0.10 (2.61
ParkingWorl -0.00+1.86 -0.00 ~-1.89
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Table 3.6 Continued

Attitude
daycare_low (ref: daycare_hic -0.05+1.79  -0.06 +1.85 -0.08 2.32°  -0.08 +2.31
NearPostOffice (ref: PO_hig

PO_low 0.13 (245 0.1 (2.49

PO_me: 0.15 (2.9¢ 0.15 (3.02
park_low (ref: park_higl 0.25 (3.3¢ 0.24 (3.44
Built environment
RetailCnt40! -0.02+2.96  -0.01+2.90
entropy5_40 -0.27+2.71  -0.28 +2.82
entropy5_100 0.22 (2.01 0.22 (2.04
FAR_Retail_WI 0.15 (2.83 0.17 (2.94
SWhperArea W -0.00~1.98  -0.00 +2.05
ServiceCnt W 0.00 (2.2C 0.00 (2.23
Model summary
Model with control variable
R? 0.161 0.16¢ 0.07¢ 0.08( 0.171 0.171
Log likelihooc -461.07: -196.37( -51.7¢
Model with control and BE variabl
R? 0.17¢ 0.17¢ 0.09¢ 0.10(¢ 0.19] 0.19]
Log likelihooc -453.72: -190.45: -47.35¢
N 87¢€ 50z 36E
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for Christmas shopping. Thus, there is a monthlyiati@n to tour complexity, but

surprisingly there is no significant effect of wieatt variables.

A number of personal and household attributes ayole in worker tour
complexity. Although there is no significant gendgifference in the complexity of
HW/WH and HOH tours, males make more complex WOWsoWorkers who own a bus
pass make more complex commute tours. As we sawealb@nsit users make simpler
HOH tours. Both findings indicate an interestingtféhat workers, who use transit, are
more inclined to trip chain during commuting todran home-based, non-work tours.
Further, from Table 3.1 it is noticeable that mestkers make complex commute tours,
while few of them make complex home-based and vbaded, non-work tours. These
findings indicate to higher tendency of workersttgp chain during commute tours

compared to other tours.

Personal income has a profound, negative influemcélW/WH tour complexity.
Workers of the two lowest income groups make simpenmute tours than workers of
the highest income level. The income effect isstiengest for the workers of the lowest
income category. Their commute tour complexity384lless than the wealthiest workers.
Maat and Timmermans (2006) also notice a positiveome effect on trip chaining
behavior. The parking fee at the workplace hasgatine, marginal effect on WOW tours.
Also, self-reported health status is positivelyatetl to HOH tour complexity. Workers
who ranked their health condition “good” made 1@cpat more complex HOH tours than

those who reported the health condition to be “hoor
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As expected, household structure has a strongeinée on tour complexity. If
workers live with only his/her partner and child(ye(age <15), they make complex
HW/WH and WOW tours. Also, single parents do maip thaining during HW/WH
tours. In fact, single parents take 22% more tdpsng a commute tour than the workers
who come from households with two or more adulthwio children. This is because the
single parents and the workers living with a partaed children tend to optimize their

travel by trip chaining as they need to spend miare at home for childcare.

Several attitudinal variables are found to be $iggnt. Workers who do not prefer
to live near daycare make simpler HW/WH and HOH<o0& low preference for daycare
indicates the absence of children in householdther words, workers, who have children
in the family, prefer to reside near daycare antter@mplex commute and HOH tours.
This is in line with our previous observation comdeg the household structure variables.
Workers, who have low and medium preference to tiear a post office, make more
complex HOH tours than workers who have a highefgoence. This variable implicitly
indicates the preference to live near services. dkker who likes to live farther from
services makes more complex home-based, non-wark.t8imilarly, a lower preference
to reside near parks results in more complex WOWSstoOnce again, this variable is a
surrogate of the residential preference for reweat facilities. We also examined

preferences for travel mode, specifically trartsi, none were significant in the model.

Once a base model with significant control varial{locio-demographics, attitude,

and tour-specific variables) was obtained, the BEables were entered into the model. If
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any control variable lost its significance duehe tnclusion of a BE variable, we removed
that BE variable from the model. Thus, the BE Jaga presented in Table 3.6 havee
effects on trip chaining. From the magnitude anédlion of BE variables we observe the

following:

The presence of a higher number of retail oppatigsinear home negatively
affects commute tour complexity. Similarly, a higlgegree of land-use mix near home
results in simpler HOH tours but complex WOW touf$is is probably an indirect

manifestation of the trade-off between HOH and W@W complexity.

The ratio of building to parcel area (proxy of pagkscarcity) near the workplace
is positively related to commute tour complexitysually, parking is in short supply where
density or accessibility is higher, that is, in tmban core. Thus, workers working in the
urban core make more complex commute tours. Weassimilar relation between the
count of service opportunities near work and WOWTrtocomplexity. The density of
sidewalks near workplace is negatively related @HHtour complexity. Once again, this
variable is a trait of a high density, pedestriaarfdly area. Having a workplace in such
places, results in simpler HOH tours. This agaididates the trade-off between the

complexity of HOH tours with HW/WH and WOW tours.

As mentioned earlier, the three models (HW/WH, HO&hd WOW) are
independent. But, the BE coefficients of the thneedels corroborate with each other.

Workers residing near opportunities where differéarmd-uses are intermingled make
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simpler commute and home-based, non-work toursth@mther hand, workers who work
in dense, pedestrian friendly areas (e.g. neamucbae) make simpler home-based, non-
work tours, but more complex commute and work-based-work tours. The contrasting
effects of the BE on tour complexity are what Cacale (2008) call “efficiency” and
“inducement” effects. A worker whose neighbourhaadessibility is poor makes complex
HOH tours to achieve travel efficiency. Another warwho works close to opportunities
makes complex commute and WOW tours, which indecate inducing effect of BE on
tour complexity. Simply put, workers living in loaccessibility areas make complex tours
near workplaces with higher accessibility.Van Acaad Witlox(2010) also conclude from

their results that workers might take more non-wsidps near the workplace.

It is worth noticing that BE variables at home aignificant at different scales, at
400 meters and 1 km which supports Guo and Bh&7(2hat different aspects of the BE

could be important at different neighborhood scales

The BE variables make reasonable contributionfiedRfof all three models. The
inclusion of the spatial dependency variabiée{gh) improves the explanatory power of
HW/WH model. It means the BE variables were nofisent to explain the total spatial
variation of dependent variable. This is somewhagxpected given the fact that we
included a comprehensive set of BE variables imtbdel. As mentioned before, Moran’s
| for HOH and WOW tour complexity are not signifitamhis is why, in both models, the
spatial dependency variable&/'€igh) are not significant and the spatial lag modelsxdb

improve theRPover OLS.
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3.4.2 Non-worker tour complexity

As with the worker tour complexity, non-worker tazomplexity is also influenced
by travel mode. People who travel by transit orkn@l a combination of auto, transit or
walk, made simpler tours than auto-users. The dahation of tour complexity follows a
similar pattern to that of workers, that is, nonrkers make simpler tours on Monday,

compared to Friday.

Unlike the worker models, gender has a signifieafitence over non-worker tour
complexity. Males make simpler home-based tourspared to their female counterparts,
which is in per with the literature (Cao et al.08) This is because females shoulder most
household responsibilities. Like workers, a nonkeorsingle parent takes more complex
tours than someone from a household with two orenaolults with no kids. The number of
workers and school-goers (age >15) have negatfeetefon non-worker tour complexity.

This is because those members share some out-af-household maintenance activities.

Only one attitude variable is significant — prefeze to walk after dark. This is in
fact a proxy of several variables — attitude towarslalking, neighborhood walking
environment, etc. A person with moderate preferdncealk makes 7% fewer trips in a

tour than someone with a low walking preference.

Two built environment variables are significanttire model — shortest distance
from home to regional malls and entropy at 1 kmfdyufPeople living farther from

regional malls make complex tours. Land-use mixdraspposite impact. Living in a
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Table 3.7: Regression results for non-worker’'s homether -home (HOH) tour
complexity (values in the parentheses are the t-dtstics). Dependent variable:
Natural logarithm of average number of trip per tour

oLSs Spatial la
Coeff. t-sta Coeff. t-sta
Weight 0.16 0.76
Constant 1.46 19.26 1.28 5.19
Time and tour related attributes
PersonMode (ref: Auto)
Transit -0.12 -2.04 -0.12 -2.06
Walk -0.43 -4.60 -0.43 -4.61
Other -0.25 -4.92 -0.25 -5.00
Monday (ref: Friday -0.1C -2.94 -0.11 -3.0z
Socio-demographics
Male -0.11 -3.53 -0.11 -3.59
SingleParent (ref: UsualHH) 0.26 1.85 0.26 1.89
HHworker -0.05 -3.07 -0.06 -3.11
HHschoolgoer -0.11 -2.87 -0.11 -2.93
Attitude
SafeWalk_med (ref: SafeWalk _low) -0.06 -2.05 -0.07 -2.12
Built environment
RegMalls_Hm 0.02 1.86 0.01 1.83
entropy4 1000 -0.24 -1.85 -0.24 -1.85
Model summary
Model with control variable
R 0.125 0.135
Log likelihood -259.935
Model with control and BE variables
R 0.147 0.147
Log likelihood -254.555
N 63¢€
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mixed land-use area, results in making simpler hbased tours. We saw a similar effect
of land-use mix on worker HOH tour complexity. stworth mentioning that entropy was
also significant at the 400m buffer, but the vadfighe coefficient is considerably higher at
the 1 km scale. In the case of the worker moddlopy was significant only at 400m.
Also, we experimented with the number of land-ugd®n computing entropy. In the
worker model, the variablentropy5 40QTable 3.6), was calculated using five land-use
categories— residential, commercial, office, ingitttnal, and parks. Since the computation
is based on area, we suspected that the inclugiparks would bias the metric. So we
computed a second entropy metric, without park. Féable in the non-worker model,
entropy4_100Q(Table 3.7), is computed with only four land-useg¢luding park. The

other entropy measure was not significant at 400dnlon.

Unlike workers’ HW/WH model, the BE variables inghmodel suffice to tackle
the spatial autocorrelation problem. As displayedTable 3.7, the spatial dependency
variable Weigh) is not significant in the spatial lag model amditsdoes not improve the
model R°over OLS. Comparing the worker and non-worker medee come to the
conclusion that non-workers’ home-based tour corifylés easier to explain by BE than

the complexity of workers’ commute tours.
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3.5 Conclusion

The objective of this chapter was to examine how BE affects trip chaining
behavior. The motivation stems from an increasimgciice of trip chaining and the
popularity of Smart Growth as a TDM instrument. @Qualyses provide some interesting
findings on this matter. First, BE does have sdpanapacts on a person’s daily tour
complexity after residential self-selection is colied for. Higher accessibility and land-
use mix deter from taking complex home-based, norkwours. Put another way, a non-
worker living away from opportunities make complexirs toefficiently conduct out-of-
home, non-work activities. Second, a worker livimga highly accessible, mixed-use
neighborhood makes simpler non-work tours, but waykn such areas lead to a complex
commute and work-based, non-work tours. The piciegeget here is that people living in
suburban areas, away from opportunities; try torawae the poor accessibility by
scheduling their out-of-home activities to more @bew tours. Since most workers work in
high accessibility areas, they chain their comnaurté work-based trips, thereby offsetting

any constraints they might face by living in poocessibility neighborhoods.

Also, our model-results as well as findings frorhest studies suggest that auto-
users do more trip chaining. Thus, implementatibarty policy to increase public transit
usage would have a lesser impact on those who sed to trip chaining. It is also
noticeable from Table 3.1 that most workers trigiohduring commuting whereas few
workers undertake complex home-based or work-baseds. Thus, trip chaining

contributes to peak-hour traffic congestion to saxtent.
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Overall, from a transportation planning perspectigep chaining is not a
welcoming aspect of travel behavior. Our findingsovide both caution and
encouragement to the advocates of Smart GrowtimnBta and growth managers should
be cautious when predicting the travel outcomesoafipact, mixed-use developments. As
long as housing supply is available in low-densig&yghborhoods, people predispositioned
towards bigger lots with backyards, who like autivél and compensate poor accessibility
through trip chaining, would want to reside théFbe good news is, once people start to
dwell in compact neighborhoods with diverse landsysheir neighborhood characteristics
are likely to influence their trip chaining behavidhe results from our cross-sectional

data suggest this. But, it can be verified oncgikolinal data are available.

There are, however, a few limitations of this stu@lige trip chaining data used in
the analyses are just a one-day snapshot of wedkalegl. Travel diaries of one or two
weeks would provide more reliable representatibias cross-sectional data. Such datasets
would contain more doers of home-based and workéason-work tours and different
types of tours could be modeled within a joint modg framework, such as SUR.
Although we used a comprehensive set of BE varsalhee spatial autocorrelation problem
remained in the OLS of commute tour complexity aading the need for some other BE
variables. Future studies on commuting trip chanmight consider the BE along the
home-work route. With the use of GPS technologwativity-based surveys, it would be
easy to identify the usual commute route. Untinthiae shortest path from home to work

could be assumed as the usual commute route.
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4 Conclusions

The purpose of this study was to examine the inffeeof built environment on
travel behavior in Halifax Regional Municipalitywb aspects of travel was analyzed —
non-work travel distance by auto and complexitytrgd chains. As to the auto travel
distance, it was hypothesized that people living amrking in high accessibility area
make shorter trips. Chapter 2 tests this hypothésgelection of non-work trips was used
in the analysis. Work trips were excluded becabsy targely depend on factors other
than built environment, such as, labor market,derstial location choice, real estate
market, etc (Crane and Crepeau, 1998). Two typewofwork trips were also excluded.
They are — travel for in-home socializing (e.g.iting friend’s place) and transportation
assistance (pick-up or drop-off). How far one wotnével for in-home socializing depends
on one’s social network (Carrasco and Miller, 2006}k not likely to be influenced by the
built environment. The pick-up or drop-off trips eexcluded because the trip purpose of
the person who was picked-up or dropped off waknotvn; it could be a work trip which
was excluded from the study. Overall, the analysitided the aggregate distance by auto
of around 47 percent and 73 percent of all tripsdendy worker and non-worker
respectively. The total auto distance in a weekday regressed against built environment
near home and workplace while socio-demographittgudinal and weather variables
were accounted for. The results suggest that émilironment has a fairly strong influence
on daily auto distance when the self-selection ceff@as controlled for. The built

environment variables improved ti& of worker and non-worker model by 7.3 percent
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and 5.2 percent respectively. The worker auto dcgais influenced by the built

environment near both home and workplace. Res@lesélf-selection does have some
influence over auto travel distance, but the impddbuilt environment is much stronger.
The results go in favor of the first hypothesigttpeople living and working in compact,

mixed-use and high accessibility areas travel ehalistance by auto for non-work trips.

The second aspect of travel that was modeled rscmuplexity (Chapter 3). In this
study a tour or trip chain was defined based on awchors — home and workplace. If a
journey is started from home (or workplace) andeehi home (or workplace), it is called
a tour. If several stops are made during a tous, ¢alled a complex tour. The metric used
in this study for tour complexity is the averagemer of trips per tour in a weekday. All
trips were included in the analysis. Since workerge two anchors, home and workplace,
they make three types of tours — home-based, nok-tears; home to work or work to
home tours, and midday work-based, non-work tddesi-workers make only home-based,
non-work tours. Four linear regression models and §patial lag models were developed
for different types of worker and non-worker touf$ie results suggest that a worker,
whose residence is poorly accessible and workpkdeghly accessible, make complex
commute and work-based, non-work tours. This suggésit workers compensate poor
neighborhood accessibility by trip chaining nearrkptace. The non-workers make
complex home-based tours if they live in low-denssingle use neighborhoods. It is also
evident from the models that worker and non-workéro trip chain, are auto dependent.

The impact of built environment on trip chainingndine with the second hypothesis that
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people compensate poor accessibility by chainieg thps. This provides both caution as
well as encouragement to the planners who aregnyimeduce auto dependency by smart

growth development.

If there is a supply of households in low-densgingle-use neighborhoods and
people living there try to compensate the poordessial accessibility by trip chaining,
smart growth and other TDM instruments will havssker impact on their travel behavior.
However, if the planners direct urban growth towsardore compact and mixed-use
development, in the housing market there will berensupply of accessible households
than poorly accessible ones. Once people starivéoih those neighborhoods, they are
likely to make simpler tours and depend less op.alie study is based on cross-sectional

data. Once longitudinal data are available, tmdifig can be thoroughly verified.

By definition, trip chaining should result in efignt utilization of road space as less
return trips are made when trips are chained tegefrhis is beyond the scope of second
hypothesis. However, one can compare the resulistof distance models (Chapter 2) and
tour complexity models (Chapter 3) as similar samgplused in both analyses. The former
has a smaller sample size than the latter, becauselection of non-work trips was
included in the analysis of auto travel distancelevhll trips were considered in tour
complexity models. Still, same respondents (anglesudays) along with some additional
respondents were included in tour complexity anslyghich makes the results of both
analyses comparable. Tour complexity models indighat living in poorly accessible

areas results in higher complexity of tours. Théoadistance models reveal that poor

89



M.A. Thesis — Tufayel Ahmed Chowdhury, McMaster \nsity - School of Geography and Earth Sciences

accessibility results in farther auto travel. Oram @asily deduce from the findings that
although people, who live in poor accessibilityareip chains more, their overall travel
distance by auto is still higher than those livindnighly accessible neighborhoods. Future
attempts on trip chaining and travel distance unéied modeling structure would be able
to unravel more indirect relations among built earment and these aspects of travel

behavior (trip chaining and travel distance).

It is worth noting that the explanatory powers @firt complexity models are less
than those of auto distance models. This sugghatsttip chaining is more difficult to
explain than auto travel distance. In addition, tentribution of built environment
variables in theR? of tour complexity models is much lower than tbétauto distance
models. This is probably because the latter setadels included only a selection of non-
work trips while the former models included trips al purpose. As explained earlier,
work trips, trips for in-home socializing and trifer transportation assistance are not

really associated with built environment.

The study makes several contributions to the liteea First, it analyzes two
different aspects of travel — auto distance andinaining. Second, a comprehensive set of
built environment variables, including the 3Ds @ederal accessibility measures, are used
in modeling. They are computed at different geolieg scales, and near home and
workplace. Third, spatial lag models are used alenth linear regression and the
performance of built environment variables are sss@. Fourth, the study examines the

influence of weather conditions on travel behavibhis is particularly important for
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Canada because of its extreme weather, particuliariyng the winter. Surprisingly, very
few studies (e.g. Fan and Khattak, 2008) examieeeffects of weather on travel. Fifth,
although extensive works have been done on travelit-environment relation in the US
as well as in many countries of Europe, very fewit@et al., 2010; Potoglou and
Kanaroglou, 2008) is done in Canadian context. Jtinely also makes significant policy
contribution. The current growth policy for HRM -alfax Regional Municipal Planning

Strategy — envisages promoting public transit aisdadiraging auto travel through smart

growth initiatives. The results of this study suggsach growth policy.
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