EMPIRICAL EXAMINATION OF NEIGHBORHOOD CONTEXT OF INDIVIDUAL
TRAVEL BEHAVIORS

Abstract

In recent years, recognition of the importance of neighborhood context has produced a growing
body of geographic research. When making their activity-travel decisions, individuals are
restricted in different ways. In particular, individual choice behavior is often influenced by a
neighborhood environment and a built environment. This study using the 2010 household trip
survey demonstrated the effectiveness of incorporating multilevel mechanisms in various
contexts of activity-travel behavior by comparing with traditional models. The analysis shows
that one individual’s activity participation patterns with respect to mode choice, trip count, trip
distance, and trip time, under a variety of spatio-temporal constraints, tend to be affected by
shared characteristics of neighborhoods. The results also imply that neighborhood travel
behaviors are significantly influenced by neighborhood characteristics requiring policy makers to
consider not only individual characteristics but surrounding environment.
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Introduction

In recent years, recognition of the importance of neighborhood context has produced a
growing body of research (Antipova et al., 2011; Badland et al., 2009; Frank et al., 2010; Van
Dyck et al., 2010). It is well known that individual choice behavior is often influenced by
neighborhood environment, and in some cases choices are made jointly by a built environment.
Individuals are restricted in different ways when making their activity-travel decisions. More and
more studies have been showing interest in studying neighborhood environment in various
contexts of activity-travel behavior and confirmed the effectiveness of incorporating multi-level
mechanisms by comparing with traditional models (Mercado, 2009; Schwanen et al., 2004).
Although the importance of neighborhood influence is widely recognized in transportation
planning, most of the research efforts to date have accommodated individual-neighborhood
interaction effects by using average characteristics as explanatory variables in individual-level
models.

Many previous studies have confirmed the relationship between land use and household
vehicular travel. The empirical analysis of previous research also supports the hypothesis that
changing land use can be a potential way to decrease the household vehicular travel distance and
use of automobiles. With gasoline hustling past $4 per gallon, a poll conducted earlier in 2008 by
California State University, Sacramento, found that 12% of respondents had changed jobs or
moved to denser communities in the past year to shorten their commute to work (Wall Street
Journal, 2008). This study tries to answer [1] whether the travel pattern varies across
neighborhoods (e.g. census tracts), [2] whether their travel behaviors are different from each
other, and [3] what are the contributing variables to the neighborhood variations. The paper aims
to apply multilevel method to investigate the effects of variables on the trip mode, trip count and
trip distance of daily trips.

This article is organized as follows: the following section explores issues relevant to the
multilevel analysis and travel behaviors shown in previous research; the methodology section
provides a brief explanation of a multilevel model; and the application of the proposed model is



demonstrated with empirical analyses of trip survey data in Hamilton County, Ohio.
Concluding remarks are given in the final section.

Previous Studies

An activity-based travel model incorporating household decision mechanisms has
gradually been studied by transportation researchers. Previous studies provide a useful
toolkit for exploring comprehensively multilevel trip behaviors and interaction between
individual and neighborhood demonstrating the advantages of analyzing multilevel
modeling of trip behaviors. Arentze and Timmermans (2008) described the household
behavior based on the concept of need in the context of multi-day, and multi-person
activity participation. The need of household or its member is the source of motivations
to perform various activities and the change of need consequently generates the utility.
The authors introduce the concept of potential to illustrate how and how much an activity
could satisfy certain need of a household and/or its member(s). Bricka et al. (2012) has
examined the propensities and magnitude of trip making as reported through the survey
data and as recorded using GPS units for both work and non-work purposes suggesting
that any study considering GPS-collection only should strongly consider the details used
to develop the algorithms to assign trip purpose. GPS should be considered as the data
collection method when dealing with the younger, more technology savvy individuals as
well as those that have high travel propensities or characteristics associated with trip
chaining, in order to ensure that all trip details are recorded. However, for the elderly and
more leisurely travelers, the traditional survey method is recommended. Trip distance,
time, count (frequency) and mode choice are commonly used to define the travel
behaviors. For units of measurement, vehicle miles traveled (VMT), vehicle hours
traveled (VHT) and vehicle kilometers traveled (VKT) are used as outcomes for the land
use-travel models. While both travel distance and time are continuous value, mode choice
is usually categorized with dummy variables (Cervero and Kockelman, 1997).

Ewing and Cervero (2010) conducted a meta-analysis of the multitude of built
environment-travel literature existing at the end of 2009 in order to draw generalizable
conclusions about the relationship between travel and the built environment. Over 150
built-environment/travel studies were summarized in their paper. A similar meta-analysis
composed of 17 different studies about the impact of urban form on travel behavior was
conducted by Leck (2006). Many papers provide various methods to model the
relationship between land use and household travel, encompassing the simultaneous
observation and analysis of more than one outcome variable (Boarnet and Crane, 2001,
Kockelman, 1997; Naess, 2009; Schimek, 1996; Tracy et al., 2011). Many previous studies
masked individual behaviors and concerned about the aggregated data at the household
level or even some larger geographic unit such as the census tract, traffic analysis zone
(TAZ), or the metropolitan. However, results derived from those studies conducted at
aggregated level could not be used to predict individual travel behavior since it is
inappropriate to make causal and associative inferences about individuals based on results
obtained from aggregate data. Shay and Khattak (2012) modeled the relationship between
land use and travel behavior at the personal level. As with travel behaviors, aspects of land
use have been quantified in many ways. The commonly used variables in the built
environment are three Ds: Density, Diversity and Design. Many studies found density to be
negatively associated with car ownership, car use and travel distances. For example, based



on the travel data in Belgium, Van Acker and Witlox (2011) found that densely built
neighborhoods are associated with lower car use and shorter commuting distances. A similar
similar result has been found by Tracy et al. (2011) in Buffalo, New York suggesting that high
density development appears to encourage non-motorized travel. Another important aspect of
land use is diversity, which measures the number of different land uses in a given area and the
degree to which they are represent in land area. Higher diversities are believed to result in lower
car ownership levels, lower car use, shorter travel distances and shorter travel times. For
instance, Tracy et al. (2011) found that mixed land use development appears to be a valid way to
encourage non-vehicle travel. Based on the travel data of Seattle and the San Francisco Bay
Area, land use mixing was found to be significantly related to less car use and more walking and
transit usage (Cervero et al., 1997; Frank et al., 2000). For the landuse mixture measurement,
entropy measures of diversity, wherein low values indicate single-use environments and higher
values more varied land uses, are widely used in travel studies (Cervero, 2002; Cervero and
Kockelman, 1997; Ewing and Cervero, 2010; Kockelman, 1997).

Accessibility, a frequently used concept referring to the ability to reach activities or
locations by means of a combination of travel modes (Geurs and van Wee, 2004), is an important
land use characteristic. Kitamura et al. (1997) found that better accessibility by public transport
result in more trips by public transport. A popular functional form for quantifying accessibility
was provided by Kockelman (1997), which was built with the attractiveness of destination and
the travel time from origins to destinations. In fact, accessibility is highly correlated with other
land use characteristics, especially density. Higher density usually indicates a higher likelihood
of having destinations within reach, hence high accessibility. Kockelman (1997) even found that
the impact of density was negligible after accessibility was controlled. However, even though
some authors have noticed the autocorrelation between accessibility and density, they did not
really discuss about this problem in their studies. Therefore, a suggestion for future research
would be to consider the autocorrelation between accessibility and built density, and then assign
different weight to their effects on travel behavior when build the land use-travel model.

Recently, there is a growing interest in the issue of residential self-selection (e.g., Naess,
2009; Xinyu et al., 2009), which refers to a tendency of people to choose places of residence
based on their travel abilities, needs and preferences. About the existence of residential self-
selection issue, numerous studies indicated that socio-demographics have played an important
role in shaping travel behavior (Cervero and Kockelman, 1997; Naess, 2009; Shay and Khattak,
2012; Van Acker and Witlox, 2011). Tracy et al. (2011) found that including median household
income, household vehicles, household students, household workers, and household size helped
address the residential self-selection problem to some extent. On the other hand, Naess (2009)
pointed out that inclusion of those household variables may result in an under-estimation of the
effects of the built environment. Therefore, it would be better to examine the effects of land use
on travel behavior with and without controlling for the socio-demographics for person and
household. Nevertheless, the inclusion of socio-demographics may depend on the geographic
scale of the study unit. If a study is conducted at the metropolitan level like Cervero and
Murakami’s study (2010), it is meaningless to take individual socio-demographics into account.

Despite the importance of neighborhood context discussed, most previous empirical
studies devoted to individual travel behaviors have not considered interaction between individual
and neighborhood. The impact of using different level of spatial unit (i.e., individual vs.
neighborhood) on empirical findings concerning travel patterns remains unexplored.



Study Area

The study area is Hamilton County in Ohio, located in the southwest corner of the
state of Ohio, as shown in Figure 1. The census of 2010 reported that the population of
this county is 802,374, making it the third most populous county in Ohio. This study
explores the trip behavior from two hierarchical levels: individual and neighborhood
(census tract). The tract boundary used in this paper was released in 2010, which has
overall 222 census tracts.

Data Sources and Variable Specification

The primary data source is the household trip survey data collected between the
year of 2009 and 2010 for Hamilton County. This survey recorded the trip information
for each individual of every sampled household during weekdays, including trip purpose,
origin locations, destination locations, transportation means, trip count, travel time, travel
distance, and so on. In addition, this dataset also provides the socioeconomic and
demographic information of each individual participating in the survey as well as the
household information, such as gender, age, job type, income, household type and so on.
In Hamilton County, there were overall 2009 individuals of 1171 households who
participated in this survey. The spatial distribution of the sampled households (one
household may include several individuals) is illustrated by Figure 1. Some samples were
ruled out in order to ensure that every selected tract has at least 5 sampled individuals.
The final samples used in this study include 1863 individuals distributed in 153 census
tracts.

[Insert Figure 1. Study area here]

There are four dependent variables: 1) mode choice which is binary logit variable
(1 as using automobile, 0 as using other transportation means); 2) trip count which is
average daily trip number of an individual during weekdays; 3) trip distance which is
average daily overall travel distance of an individual during weekdays; and 4) trip time
which is average daily overall travel time of an individual during weekdays. It is assumed
that the trip behavior is influenced by both individual and neighborhood (census tract)
factors. The explanatory variables are nested into two levels: individual and
neighborhood level, and the detailed descriptions of the variables are shown in Table 1.
Spatial distribution of neighborhood level variables are shown in Figure 2.

The population density, white percentage and bachelor above percentage of each
tract were obtained from U.S. Census Bureau 2010 data. The land use mixture index was
calculated using landcover/landuse which includes 12 categories. An entropy measure
representing the evenness of distribution of several landuse types was used to calculate
this land use mixture indicator by using following equation:
Landusey;, = —100 x Y’ p; Inp; 1)
where n is the number of different landuse types in the area, and p; is the proportion of landuse
type i in each area. The calculated entropy varies from 0 representing homogeneous landuse to
100 representing most mixed landuse. The transportation accessibility was measured by
calculating the average shortest network distance to all the tracts in Hamilton County, as shown
in following equation:



DiS_AUgi = % ;-lzl dl] (2)
where d;; is the shortest network distance between tract i and j. Inter-zonal (i # j) distances
between centroids of tracts are calculated as street network distance, while the intra-zonal (i = j)
distance is calculated by following equation:
di =+/Ri/m 3
where R; is the area of tract i. To ensure the intra-zone distance is smaller than inter-zone
distance, equation (3) needs to be checked by following equation:
djy = 2« D™ (if dyy > D"™) @)
where d;; is the new intra-zonal distance for tract i, and D/™" is the minimum distance from tract
i to all other tracts. As the transportation accessibility increases with the decrease of average
network distance, this index is calculated by first standardizing Dis_Avg to the range of 0-1 as
Dis_Avgg:4 and then subtracting Dis_Avgg:.q from 1.

The jobs-housing balance often shows spatial patterns of commuting by neighborhoods.
The jobs to housing (workers) ratio represents many spatial aspects, such as the degree of land
use mixture, job accessibility, thus reflects the imbalance between jobs and housing in an area
(Cervero,1989; Cervero, 1996). A ratio of jobs to housing greater than 1 in a neighborhood
normally suggests that jobs outnumber resident workers. Geographically, it is often close to
downtown areas with rich job opportunities. In this study, based on this ratio we divide
neighborhoods into 3 categories: balanced (0.8~1.2), housing (less than 0.8), jobs (more than
1.2).

[Insert Table 1 here]
[Insert Figure 2. Spatial distributions of level-2 variables here]

Multilevel Regression Model

Multilevel regression models are used to analyze trip behaviors. The data are nested in
two levels: individual and neighborhood (tract) level. The multilevel model consists of fixed
effects and random effects for both intercept and variable slope. By using different combination
of these two effects, variability of trip behaviors on different levels can be explained. The
equations (5) and (6) show simple null models while equations (7) and (8) are used for modeling
random intercept and random slope models.

Level-1: Yl] = ﬁO] + Tij (5)
Level-2: Bo; = Yoo + Hoj (6)
Level-1: YU = ﬂO] + ,81] *Xll] + -+ :871] * XTI.U + Tij (7)
Level-2: .an = V¥Yno +VYn1 * VV] + o YV * ij + Unj (8)

Where Y;; is the dependent variable value for individual i in neighborhood j; Xn;; represents
level-1 variables, and W; represents level-2 variables; [30]., [31].,... an are the slope of variables;

Hyjoeeor M TEPTESENT level-2 variation (variation across neighborhood region) and r;; represents
level-1 variation (variation within neighborhood region).

Results and Analysis



Multilevel models are estimated using MLwiN 2.7 to investigate what individual
and neighborhood (census tract level) factors influence the trip behavior of the residents
in Hamilton County from four dimensions: mode choice, trip count, trip distance and trip
time. Tables 2, 3, 4, and 5 present the estimated results of the three multilevel models for
each dependent variable: 1) Null model; 2) Mixed model-1; and 3) Mixed model-2. All of
the three models contain random variations of intercept among different neighborhoods
(level-2). The first model includes only intercept and corresponding variance term, which
can be used to examine whether the dependent variable varies significantly at the
neighborhood level. In the second model, all of the level-1 (individual level) variables are
taken into account to examine which individual factors have significant effects on the
dependent variable. According to the estimates of the second model, the third model
would exclude the statistically insignificant level-1 variables, and incorporate all the
level-2 (neighborhood level) variables into the model, to explore the contextual effects of
geographical units on individual trip behaviors. Table 6 summarizes the results of the
final models which contain only a range of significant level-1 and level-2 explanatory
variables.

To compare the contribution of a multilevel approach, we tested the regression
models that included only individual-level independent variables. Various sets of socio-
economic-demographic independent variables were entered into the models (See Tables
2-5). Mixed model-1 only contains individual-level variables, and mixed model-2 has the
variables at two levels. Mixed model-1 in each table examined the effect of individual-
level. Mixed model-2 included land use mixture, accessibility, and jobs-housing balance
along with neighborhood-level socio-demographic attributes. Each model was estimated
by Markov Chain Monte Carlo (MCMC) methods which allow Bayesian models to be
fitted. For goodness of fit, the Deviance Information Criterion (DIC), which is a
generalization of the Akaike Information Criterion (AIC) is used to measure the fit of
each model.

Mode choice

Binomial logit multilevel modeling was used to analyze the binary mode choice
between using automobile (1) and using other means (0). According to the results shown
in Table 2, the estimated intercept of the null model is 2.891, indicating that the average
probability of choosing automobile as mode choice is about 94.7% which is equal to
1/(1+e28%%), The intraclass correlation coefficient (ICC) represents the contribution of the
neighborhood level on the overall variance in automobile use, which is fairly large. From
the estimates of the second model, it is noted that the probability of using automobile is
significantly related to gender, age, income, and job type, while the factor of household
type has insignificant effect on mode choice. Controlling for other variables, female has
68.5% [1/(1+e77%)] higher probability than their male counterparts to drive an
automobile. Besides, the possibility of choosing automobile increases with the rise of age
and income. Job types also play quite important roles in affecting people’s mode choice.
The full-time paid workers are more likely to use automobile than the part-time paid
workers and the individuals with other job types (mainly unemployed). Comparing to
unemployed residents, full-time paid and part-time paid residents have 79.3% and 69.9%
higher possibility of using automobile respectively, after controlling for other level-1
variables.


mk:@MSITStore:C:%5CProgram%20Files%20(x86)%5CMLwiN%20v2.30%5Cmlwin.chm::/likelihood_calculations.htm%23aic

In the mixed model-2, the level-2 contextual variables are introduced to further explain
the variation of the intercepts among different neighborhoods. The estimates of the coefficients
show that the variables of population density, white percentage, landuse mixture and jobs-
housing balance are insignificant statistically, suggesting that residents’ mode choice is not
influenced by these characteristics of the neighborhoods they live in. After excluding these
variables, the results illustrated by Table 6 indicate that the transportation accessibility has
significant negative effects on mode choice, suggesting that people who live in the areas with
highly-developed transportation networks are more likely to use other means rather than
automobiles. Generally, most of the areas with high transportation accessibility are very close to
CBD, consequently, the residents in these areas have higher access to jobs, groceries, schools
and other facilities, thus weakening the necessity of using automobiles. In contrast, the bachelor
above percentage is positively correlated with the probability of choosing automobile as mode
choice. The education level of one area is usually highly correlated with its income level. In
general, better educated and higher income population tend to dwell in suburban area rather than
highly-developed CBD area, thus they need to travel longer distance to work or shopping,
increasing automobile use.

From the null model to the mixed model-2, the neighborhood-level variance is decreased
from 0.462 to 0.027, indicating that the level-1 variables of gender, age, income and job type,
and the level-2 variables of bachelor above percentage and transportation accessibility can
explain 94% variation on the neighborhood level. The decline of ICC and DIC can also enhance
the effectiveness of the introduction of these variables.

[Insert Table 2 here]

Trip count

The trip count dependent variable for each sampled individual is obtained by averaging
the number of trips of each sampled weekday. It is assumed that the number of trips during
weekdays is characterized by the social roles of the individuals. For example, the full-time
worker families with children may go to school or nursery before going to work, and after work,
they may go to the groceries and pick up their children before going back home. Therefore, the
trips made during weekdays are not just home-work trips or other single purpose trips, but may
be composed by multiple-purpose trips. According to the estimates illustrated by Table 3, the
null model shows that the average number of trips made by residents in Hamilton County during
weekdays is about 5, with the variance between individuals of 8.4, and the variance between
neighborhoods of 0.02. The ICC is about 0.26%, which indicates that the variation of trip count
is determined mostly by individual differences, and does not vary significantly across
neighborhoods. In other words, the count of trips during weekdays is not much influenced by the
contextual factors of the neighborhoods.

The mixed model-1 considered all the level-1 variables, and the estimates of the
coefficients suggest that the indicators of age and household type are significantly associated
with trip count. The trip count increases with the increase of age, that is, the older people make
more trips during weekdays than younger people. This finding is different from results by
Hanson (1982) reporting no difference between trip frequency and age, whilst age explains some
of the variation in trip frequency by Prevedouros and Schofer (1991).

The household type plays also quite important role in affecting the trip count. Comparing
to retired household, adult household, household with children and adult student household are



more likely to take multiple-purpose trips. In addition, individuals in adult student
households make more trips than those in households with children, while households
with children have more trips than adult household with no children. However, the
gender and job types do not have significant effect on trip count, that is, the number of
trips does not vary between males and females, neither between full-time paid workers
and unemployed individuals.

The mixed model-2 excludes the variables of “female” and “job type” and does
not contain neighborhood level variables. As shown in Table 3, the estimates of the
coefficients of age and household type are similar with the second model, except that the
variable of income becomes significantly correlated to the trip count with a 95 percent
confidence interval. And this relation is negative, indicating that low income population
tends to make more trips than high income population. Interestingly and surprisingly the
relationship between trip count (frequency) and household income is negative unlike the
previous research where a consistent positive association is found. Thus, this negative tie
might be only true in this particular study area with this dataset, thus cannot be
universally applied to other areas. See Hanson (1982) for a positive link between trip
frequency and household income, Cervero (1996) for a positive linkage between
commuting distance and income, and Nass and Sandberg (1996) for a positive
association between household income and the trip distance per person. According to the
estimates of variance, the selected level-1 variables can explain additional 2% [(8.373-
8.217)/8.373] variation between different individuals in trip count. This suggests that
other individual factors need to be considered to further explain the variation.

[Insert Table 3 here]

Trip distance

As illustrated in Table 4, the null model reveals that the average trip distance for
residents in Hamilton County during weekdays is about 29.7 miles. The estimated
variance terms show that the variation of trip distance between individuals is about 545.6
and that between neighborhoods is about 52.2, with ICC of 8.74%. This fairly high ICC
and the statistically significant variance indicate that the variation of trip distance needs
to be explained on both individual level and neighborhood level.

According to the results of mixed model-1, the indicators of gender, age, job type
and household type have significant influence on trip distance, while income is not as
significant as other factors. Females would like to travel less distance than males during
weekdays, and the average difference between males and females in trip distance is about
2.8 miles. The possible reason is that females prefer to work near home or choose part-
time jobs. Full-time paid workers would travel much longer distance than other workers
and unemployed residents. Compared to unemployed residents, part-time paid workers do
not have significant difference, but full-time workers would travel more than about 6.7
miles longer on average after controlling other variables. The households with adult
students travel longer distance than the households with children, and the households
with children travel longer than households without children. From the estimates of
variance, the level-1 variables can reduce the variation between individuals by 5%.

The mixed model-2 contains a range of significant level-1 variables and all level-
2 variables. From the estimated coefficients and T-ratio, it is noted that residents’ trip



distance is significantly affected by the population density, transportation accessibility and jobs-
housing balance of the neighborhoods they reside in. The contextual factors of white percentage,
bachelor above percentage and landuse mixture are not significantly related to travel distance.
After excluding those insignificant variables, the final estimates are shown in Table 6. It is
shown that population density and transportation accessibility are both negatively associated
with trip distance. That is, the residents would travel less distance during weekdays if they dwell
in the neighborhoods where the population density is high and transportation network is
developed. Generally, such neighborhoods are located in urban area or close to CBD, which are
highly developed with multiple functions and job opportunities, thus attracting the residents to
the local job markets and facilities. The relationship between jobs-housing balance and trip
distance is negative, suggesting that people who live in jobs-housing balanced neighborhoods
tend to travel longer distance than people who live in jobs-housing unbalanced neighborhoods.
This conclusion is contrary to the general assumption that people in jobs-housing balanced areas
could save trip cost. This contradiction can be explained by the following reasons. The
neighborhoods which have more jobs than housing units are usually the highly-developed areas,
thus the residents have high accessibility to local job markets and facilities, resulting in less trip
distance than other areas. Although the neighborhoods which have more housing than jobs could
not satisfy the local needs, the reason why the residents travel less distance is that they choose to
work or shop in nearby neighborhoods. However, for the balanced neighborhoods, although the
job opportunities are equivalent with the local demand, the residents choose to work in remote
neighborhoods rather than the neighborhoods they dwell in (See also Cervero (1989) and Loo &
Chow (2011) for other metropolitan area cases). This imbalance may reflect the gaps between
occupations and workers, and can be further explained by job types (See Kim et al. 2012 and
Sang et al. 2011 for more details).

In the mixed model-2, the level-2 variance is decreased to 18.2, with reduction of 65%
compared with the null model. ICC is also decreased from 8.74% to 3.38%, illustrating the
explanatory ability of the selected neighborhood-level variables. In addition, the decline of DIC
highlights the improvement of the models.

[Insert Table 4 here]

Trip time

According to the results shown in Table 5, the average daily travel time for the residents
in Hamilton County is about 67 minutes. The variance between individuals is 1643.7, while the
variance between neighborhoods is 60.1, with ICC of 3.53%. Although the between-
neighborhood variation is significant, the largest part of variation in trip time is contributed by
the individual level, which is quite different with the situation of trip distance.

The mixed model-1 contains all the individual-level variables, and the results reveal that
the indicators of age, job type and household type are statistically significantly related to daily
trip time, while gender and income do not have significant effects. Unlike trip distance, trip time
is not differentiated by gender roles. The age is positively related to trip time, suggesting that
older people tend to spend more traveling time than younger people. This is consistent with
results by Stead (2001) suggesting people between 30 and 39 travel more than most other age
groups.

Compared to unemployed residents, full-time paid workers travel longer time, and this
difference is significant. In contrast, although part-time paid workers spend longer trip time than



unemployed residents, this difference is not significant. Full-time paid workers would
travel longer. The possible reason is that the major activities for full-paid workers are to
commute during weekdays. With respect to the factor of household type, adult student
households have longer trip time than other households, which is similar with travel
distance. According to the change of variance components, the level-1 variables can
reduce the level-1 variance by 5%.

From the estimates of the mixed model-2, the white percentage, bachelor above
percentage, landuse mixture and job-housing balance cannot explain the neighborhood-
level variation significantly. According to the estimates of the mixed model-2, among all
the contextual factors, only transportation accessibility significantly affects trip behavior
in travel time. This relation is negative, suggesting that people dwelling in the
neighborhoods of high transportation accessibility would spend less traveling time. In the
mixed model-2, the variance between neighborhoods is 31.7, decreased by 47%
compared to the null model.

[Insert Table 5 here]
[Insert Table 6 here]

Conclusion and Discussion

This research used a multilevel approach to investigate the trip behaviors from
four dimensions: mode choice, trip count, trip distance, and trip time. Trip data are
conceptualized into two levels: individual and neighborhood (census tract). The results
indicate that trip behaviors differentiated across different neighborhoods. Moreover, the
trip patterns are influenced by both individual and neighborhood characteristics. For the
mode choice, variables such as gender, income, economic activity and household
relationship are strongly correlated to the probability of using an automobile to travel.
The neighborhood contextual variables such as transportation accessibility, job
accessibility, and income levels explain the variations among different neighborhoods.
With respect to the trip count, age, income, and household type are significantly related
while gender roles do not have a significant relationship with the variation of trip count
between individuals. Trip distance has a large variation between neighborhoods. The
individual factors affecting trip distance include average trip count of multiple-purpose
trip, gender, household income, employment status, and household role. The
neighborhood variables such as density of workers, education level well explain the
variance across neighborhoods. Moreover, accessibility factors such as transportation
accessibility can decrease the individual variations on trip distance.

From the possible concerns of spatial multicollinearity among accessibility
variables, the correlation matrix showed that the coefficients among pairwise distance are
low. A collinearity test of a variance inflation factor also indicated a value of less 2
suggesting less problematic. However, a future work could design variables that might
capture the true forces of each dependent variable more directly rather than identical sets
of variables across different outcomes.

The urban form, in terms of commuting structure whether it is centralized, self-
contained, or decentralized, cannot statistically explain the variations of trip patterns
among neighborhoods. This might be only true in this particular study area, thus cannot
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be universally applied to other cities. A possible reason for this is that level-2 units have rather
small geographical extend which is insufficient to reflect the urban structure by using the ratio of
in and out of commuting trips.

Neighborhood travel behaviors aggregated by individuals influenced by neighborhood
characteristics that require policy makers to consider not only individual characteristics but
surrounding environment. In other words, one individual’s activity participation patterns with
respect to mode choice, trip count, trip distance and trip time, under a variety of spatio-temporal
constraints, tend to be affected by shared characteristics within the same neighborhood
boundaries. The vehicle miles traveled (VMT) is influenced by both individual behaviors (socio-
economic-demographic) and neighborhood contexts (accessibility, urban form and land-use
patterns) on motorized travel. VMT per capita is one of important indicators of environmental
pollution in local, regional and global perspective. In our analysis, we found that the effect of
land use mixture on trip behaviors might not be as strong as initially expected. However,
transportation accessibility in the neighborhoods is a significant indicator. A detailed empirical
findings suggest that transportation planning policy can help a city to be sustainable by
successfully reducing car use, trip distances and times. In particular, the land use patterns in the
neighborhoods with respect to jobs-housing balance have significant effects on trip distances.
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