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Abstract 

Contextual effects, especially associated with geographical variability, on travel behavior must be considered in spatial transferability of household travel survey data and demand model coefficients.  In this paper a hierarchical modeling approach is applied to quantify geographical variability of household shopping trip mode choice by neighborhood type (defined by census tract) across eight metropolitan statistical areas.  Residents of the neighborhoods studied are primarily urban young professionals.  The individual level variables come from the 2001 National Household Travel Survey (NHTS) and the neighborhood level variables are derived from the Census Transportation Planning Package (CTPP) 2000.  The model results confirm mode choice is dependent on where the household lives after controlling for household characteristics.  With the similar household and census tract features the variability of household mode choice across geographic areas can be ignored.  Lastly, the model limitations and future research are discussed. 

1. Background and Objective

Because of growing demand for high quality household travel data but high costs associated with household surveys, transferability of household travel survey data has received more attention recently, especially pertaining to small areas.  In fact, transferability is not a new concept.  Model (and model coefficient) transferability studies have been around for over four decades, focusing on applying previously estimated model parameters mode choice and trip generation to a new context (e.g., Badoe and Miller, 1995; Koppelman and Wilmot, 1986, Karasmaa, 2001).  In recent years, there have been several studies of transferability of the national household travel survey data, i.e., the 1995 Nationwide Person Travel Survey (NPTS) and the 2001 National Household Travel Survey (NHTS), to local areas of study (Wilmot and Stopher, 2001; Reuscher et al., 2001).  

Spatial transferability of data or models must take into account contextual effects on travel behavior.  A household living in New York City may have very different travel patterns than a household living in Los Angeles even if their socio-economics and household structure are identical.  These differences are because household (individual) travel decisions are influenced by the living environment.  While there is abundant literature in understanding the connection between land use (or urban form) and travel behavior, it is surprisingly little in literature about cross-comparison of these relationships across areas.  Timmermans et al. (2003) conducted an international comparison of daily trip rates and home-based tours between Portland (USA), Canadian metropolitan areas (Canada), Midlands (UK), Fukuoka (Japan), and part of the South-Rotterdam region (Netherlands).  They found almost no dependence of the travel patterns on spatial setting (i.e., being in different cities).  This finding is consistent with the finding of a previous study on household trip rates and number of tours across metropolitan statistical areas (MSA’s) in the U.S. (Lin and Long, 2007).  It does not mean, however, that travel behavior is independent of spatial setting as other travel patterns, e.g., mode choice and travel distance, are clearly affected by the spatial factors, such as the cases of another international comparison by Giuliano and Narayan (2003) and a cross-city comparison in the United States by Bento and his colleagues (Bento et al., 2005).  

In these cross-comparison studies, the effect of contextual variability was conceptual but never quantified, meaning that the cities (or the countries) of interest were naturally presumed different and the comparisons were made directly of households within the cities.  While such approaches may serve those studies’ purposes well, they do not answer the questions of to what extent the contextual setting matters and what the contextual effect really is. 

It is therefore of our particular interest to investigate the geographical variability in household mode choice across eight major (consolidated) metropolitan statistical areas (MSA’s) with over 3 million population in the United States (Table 1).  The eight MSA’s are chosen primarily for the sample size consideration.  A hierarchical Bayes approach is applied to quantify geographical variability of household mode choice by neighborhood type.  A neighborhood in this paper is defined by a census tract.  The spatial size of census tracts varies widely depending on the density of settlement.  For the lack of information available at small geographical scale, the census-tract level representation of a neighborhood is arguably a good proxy.  Definition of a neighborhood type is presented in Section 2.  

[Table 1]

In this study, a hierarchical mixed-logit model is proposed to examine variability of mode choice across MSAs/CMSAs by using the census and national household travel survey data in urban elite neighborhoods (clusters of young professionals living in the city).  The hierarchical mixed logit mode choice model is formulated in two levels.  Individual characteristics form the inputs to the first level of model, and the coefficients of travel impedance (time and cost) is estimated by the neighborhood (census tract) characteristics including socio-demography, land use and journey-to-work attributes extracted from the Census Tract Planning Package (CTPP) 2000.
Mixed logit model are widely used in transportation demand analysis (Srinivasan et al., 2006; Wang and Kockelman, 2006).  Hierarchical mixed logit models in transportation analysis are relatively few.  Bhat developed a multi-level cross-classified work travel mode choice model to investigate individual heterogeneity (micro level) and place heterogeneity (macro level) for travel impedance (travel time and cost) instead of assuming the same travel impedance to all the people within the same residence and work zones when individuals make mode choice decisions (Bhat, 2000).  On the other hand, hierarchical models have been widely used in other fields like medicine and epidemiology (e.g., Sullivan et al., 1999; Greenland, 2000; Burgess Jr. et al., 2000), economics (e.g., Nunes Amaral et al., 1997; Goodman and Thibodeau, 1998), and educational, social, and behavioral sciences (e.g., Kreft, 1995; Singer, 1998).

The rest of the paper is structured as follows.  The data sources used for the analysis are described in Section 2, followed by the definition of neighborhood types in Section 3.  Section 4 presents the proposed hierarchical model structure to quantify geographical variability in mode choice.  In this section, relevant hypothesis tests are also discussed.  Section 5 presents the empirical findings of mode choice across the eight study MSA’s.  This is followed by the model result discussion and comparison in Section 6.  Finally, several conclusions are drawn from the findings and the research implications are discussed.

2. Data Source

Two data sources are used for the analysis: the 2001 NHTS and the CTPP 2000.  The 2001 NHTS contains individual and household socio-economic and travel information; the CTPP 2000 provides aggregated statistics on various geographical levels including census tracts.  

The 2001 NHTS is a national inventory of daily and long-distance travel collected between April 2001 and May 2002.  It consists of five datasets of households, persons, travel day trips, vehicles and long distance trips.  There are a total of 69,817 household observations nationwide in the NHTS, of which 40,000 households are in the nine NHTS add-on
 areas and the remaining is so-called the national samples.  The dataset contains only the travel times for the chosen modes and no travel cost information at all.  Hence, the travel times of the non-chosen modes and travel costs must be imputed for the purpose of mode choice modeling.  This is achieved by linear regression imputation because of its simplicity and computational time saving.  The imputation procedure is described in the appendix.  The linear regression model results show a reasonably good fit to the surveyed data and the imputed results are thus adopted. 

The CTPP 2000 is a set of special tabulations derived from the long form of decennial census.  The neighborhood level socioeconomics, demographics, and travel to work information are tabulated by location: at residence (Part I), at workplace (Part II) and in journey to work (Part III).  The census tract level Part I CTPP data is used in this study. 

3. Definition of Neighborhood Type

As mentioned earlier, a neighborhood is defined by a census tract in this paper.  There are more than 65,000 census tracts nationally.  These census tracts have been further clustered into ten neighborhood types defined by a set of variables derived from CTPP 2000 Part I to describe the socio-demographics, land use, and journey-to-work features of a census tract (Lin and Long, 2006).  The census tracts within the same neighborhood type share similar aggregate land use, socio-demographic and travel characteristics.

Only the urban elite neighborhoods are chosen for analysis because this group of households has diverse travel modes and high usage of transit, walking and biking even as they have comparable socio-economic characteristics and automobile ownership to the suburban counterparts (Lin and Long, 2006).  It is of our particular interest to understand their mode choice decision making processes.  

The key features of the urban elite neighborhoods are summarized in Table 2.  This neighborhood type is located in urban areas with high population/housing/job/ road/intersection densities and transit usage (17.7% of the workers use transit to work).  Households within the neighborhoods are primarily non-Hispanic White (71.7%) with small average household size (1.91 persons per household).  Over half of the employed individuals work in professional, managerial and IT fields and 51% of the households earn $45,000 and more.  In other words, the “urban elites” are primarily urban young professionals, well paid, single or married with no children.

[Table 2]

4. A Hierarchical Model Structure
It is assumed that individual or household travel attributes (e.g., trip rate, mode choice) are determined by the household’s socio-economic characteristics in a study area:
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where,  yi = travel attribute of interest for individual i (i = 1, …, N) 

(ki = kth model coefficient  (k = 0, 1, 2, …, K) for i
xki= kth household characteristics(k = 0, 1, 2, …, K) for i (i = 1,…, N) 
(i= random error for i (i = 1,…, N) 
The model coefficients, (ki’s, are typically assumed fixed for travel forecasting purposes.  However, assuming fixed coefficients across geographical areas is not appropriate in this study for understanding the contextual effect on travel behavior.  To account for this effect, the model coefficients, (ki’s, are formulated to as a function of neighborhood (m=1,…, M) attributes with a random deviation term: 
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where, 
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Specific to mode choice analysis, Equations (1) and (2) define a hierarchical mixed logit model structure: 
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where, 
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   = column vector of individual, choice-varying attributes such as travel time and cost;
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where, 
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= qth weight for intercept (q=0) or neighborhood attribute (q=1,2,…, Q)
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The first term 
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Equations (3) and (4) define the random coefficient mixed logit model.  Random coefficient model is one kind of hierarchical (multilevel) models because Equation (3) represents the unit level (lower level) structure and Equation (4) represents the neighborhood level (upper level) structure.  

On the lower level, individual household information is required.  This is provided in the 2001 NHTS plus the imputed household travel impedance (time and cost) information described in the earlier section.  On the upper level, the CTPP 2000 provides the aggregated household information on neighborhood level.  

Combined with (4), Equation (3) can be re-written in the following: 
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This hierarchical model structure is particularly desirable for modeling and statistically testing geographical variability in household mode choice behavior.  Geographical variability in mode choice is represented in the fixed-effects, 
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i. Hypothesis tests for fixed effects H0: 
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where 
[image: image35.wmf]kq

γ

ˆ

is an estimate of 
[image: image36.wmf]kq

g

.  Alternatively, fixed effects of the model coefficients can be tested using F test, whose statistic values equal the square of t-statistics.  

ii. Hypothesis tests for random effects (
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where 
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In this study, only shopping trip mode choice is considered primarily out of academic curiosity.  On the other hand, the proposed model structure is believed to be applicable to work trips as well.  Five modes are considered, private auto (including cars, SUVs, vans and trucks), local transit (bus and rail), taxi, bicycle and walking.

5. Empirical Analysis of Mode Split for Shopping Trips

There were 342 urban elite census tracts identified within the eight MSA’s/CMSA’s for analysis
.  A total of 1381 shopping trips were reported in the NHTS 2001 trip file.  The modal split distribution of these 1381 trips is summarized in Table 3.  Not surprisingly, the majority of the trips were made by private automobile.  The two Texas MSA’s, Dallas-Fort Worth, TX and Houston-Galveston-Brazoria, TX, had the highest percentage of automobile trips (96.8% and 94.1%, respectively) and a low share of walk trips (3.2% ad 5.9%, respectively) compared with the other six MSA’s/CMSA’s.  There were no reported trips by transit, taxi, or bicycle in these two areas.  The Washington-Baltimore MSA area had the most diverse modal split – the lowest share of automobile trips (63.6%) and the highest non-automobile trip shares among all eight CMSA/MSAs.  Its walk trips constituted 30% of all reported trips made in the area.  In the rest of the five areas, the modal split followed the reasonably similar trend, with about 80% automobile trips and 15-20% walk trips.  

[Table 3]

6. Model Results

Table 4 lists the variables included in the final model.  Many neighborhood and household variables were tried and at the end two neighborhood variables, percentage of employment in retail and percentage of African American households, and four household variables, number of vehicle used by the household, number of bicycles used by the household, travel time, and travel cost, were statistically significant in the final model.  

[Table 4]

The final model specification and results are shown in Table 5.  There are a total of 1381 observations.  The Log-likelihood at convergence is -821.08, whereas the log-likelihood values for the zero-coefficients and constants-only models are -2185.62 and -1007.99, respectively.  These have explained the reasonably high rho-squared value of 0.6905 with respect to (w.r.t.) zero and 0.1854 w.r.t constant and showed the overall good fit of the model. 

All the signs of the coefficients on the individual level (Level 1) are intuitively correct.  The alternative-specific household vehicle ownership variables are significant and have the expected negative sign relative to private automobile, except for bicycle, whose coefficients are positive but insignificant.  This indicates that the effect of number of household vehicles does not differ for mode choice between bicycle and private automobile statistically.  This seems to suggest bicycle is perceived as a convenient substitute for private automobile in urban young professionals for shopping trips.  This finding may not be true in all types of shopping trips in all of the eight study areas nor should it be generalized to other areas.  On the other hand, 58% of the observed trips were in Los Angeles, San Francisco, and Washington-Baltimore CMSA’s, where there were relatively high percentages of reported bicycle shopping trips (see Table 3).  Among the other three alternatives, walking has the lowest negative value, suggesting that all else being equal the preference for walking is less negative compared with transit and taxi.  This is consistent with the higher percentage of reported walk trips shown in Table 2.

Among the alternative-specific number of bicycles variables, the coefficients for bicycle and walking have significant positive signs, indicating that all else being equal an individual is more likely to walk or ride bicycle than driving if the household processes bicycles.  On the other hand, number of bicycles does not have significantly different effect for choosing private auto, transit and taxi.  It is worth mentioning that it would be more appropriate to discount the household bicycles for children, however, given the small household size for these urban young professional households it is reasonable to expect the effect of including bicycles for children will not be significant.

In the Level 2 model specification, both travel cost (
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) have negative coefficients significant at the 0.10 level.  The interaction term between individual travel cost and percentage of African American households in the neighborhood, 
[image: image44.wmf]11

γ

, is statistically significant at the 0.05 level.  This means that the travel cost coefficient (β1) is affected by the neighborhood variable.  Similarly, the significant interaction term between individual travel time and percentage of employment in retail, 
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, indicates the dependence of the individual travel time coefficient (β2) on the neighborhood variable.  Furthermore, the positive (negative) interaction term means a unit increase (decrease) in the slope (coefficient) by a unit increase in the neighborhood variable.  This is to say that two households sharing identical socio-economic characteristics do not necessarily render the same mode choice behavior if the places of residence are in statistical contrast by certain measures that affect mode choice. 

The random effects of travel time (
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) and travel cost (
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) are statistically insignificant, suggesting that the deviations from the mean β’s (i.e., the fixed effects) of travel cost and travel time are negligible across individuals. 

[Table 5]

The expected value of time (VOT) from the model equals
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, which converts to roughly $80,000 annual income. The income distribution for the modeled NHTS households is illustrated in Figure 1.  About 10% households did not reveal their income information and the annual household incomes were highly skewed toward high income categories.  About 57% of the households had annual household income over $45,000, seven percentage points higher than the national average in the same neighborhood type shown in Table 2.  More than 30% households had annual income over $80,000; in particular 20% earned more than $100,000.  Even though the exact mean household income was not known, the estimated VOT, $46/hr, is considered reasonable. 

[Figure 1]

7. Conclusion 

This paper has showed that geographical variability in individual mode choice can be formulated as a two-level random coefficient modeling problem and thus can be tested statistically.  The random coefficient model structure is particularly desirable in studying the environmental effect on travel behavior.  In this study the environmental effect is defined by neighborhood type.  On the other hand, it must be understood that the model presented in the paper is not intended for regional travel demand forecasting purposes.  Hence, some variables used in our model are not typical in a regional demand model (e.g., percentage of African American households in a census tract).  

Our model results confirm the influence of neighborhood specific features (e.g., housing density, worker density, intersection density, average auto work trip travel time) on travel behavior of the households living within.  That is, mode choice is dependent on where the household lives after controlling for household characteristics.  Furthermore, the model results suggest that with the similar household and census tract features the variability of household mode choice across geographic areas can be ignored.  
It is important to recognize the limitations of this study.  We assembled a set of household and neighborhood variables available to us for the modeling.  However, we do not intend to conclude that the variables, especially on the neighborhood level, have fully characterized the households or neighborhoods.  Other features, e.g., proximity to highway/transit and more detailed land use categorization, will be of great interest.  The current hierarchical model structure does not differentiate the heterogeneity in the MSA’s/CMSA’s, which adds another level to the model structure and introduces further complexity to the modeling.  This is an ongoing research effort.  Finally, it is also important to keep in mind when interpreting the model results that the model does not explain the causal relationships between the dependent variable and covariates. 
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Table 1  Eight MSA’s/CMSA’s of interest

	NHTS Code
	MSA/CMSA 

	1122
	Boston--Worcester--Lawrence, MA--NH--ME--CT

	1602
	Chicago--Gary--Kenosha, IL--IN--WI

	1922
	Dallas--Fort Worth, TX

	3362
	Houston--Galveston--Brazoria, TX

	4472
	Los Angeles--Riverside--Orange County, CA

	5602
	New York--Northern New Jersey--Long Island, NY--NJ--CT--PA

	7362
	San Francisco--Oakland--San Jose, CA

	8872
	Washington--Baltimore, DC--MD--VA--WV


Table 2.  Urban elite neighborhood characteristics and mode share

	Neighborhood Characteristics

	Pop density
	13,547(per square mile)
	Occupation
	Professional (51.1%)

	Housing density
	7,236 (per square mile)
	Age
	25-44 (43.0%)

	Job density
	7,562 (per square mile)
	HH Income
	≥$45,000 (50.9%)

	Road density
	25.97 (miles per square mile)
	HH Race/ethnics
	White non-Hisp (71.7%)

	Intersection density
	293.52 (per miles)
	HH size
	1.91

	Fraction of workers using transit to work
	17.7%
	HH vehicles/person
	0.76

	Fraction of workers using autos to work
	68.2%
	Home owned
	36%

	Primary industries of residents
	Edu/Pro/mgnt/arts (49.7%)
	
	

	

	National Average Mode Share (%)

	Auto
	70.8
	Commuter train
	0.3

	Walk
	18.9
	Bicycle
	1.5

	Local transit
	5.3
	Other
	3.3


Table 3  Shopping trip modal split in urban elite neighborhood across eight MSA’s/CMSA’s 

	MSA/CMSA 
	# census tracts a
	# shopping trips
	Private Auto (%)
	Local Transit (%)
	Taxi (%)
	Bike (%)
	Walk (%)
	Total (%)

	Boston-Worcester-Lawrence, MA-NH-ME-CT
	20
	48
	83.33
	2.08
	0.00
	0.00
	14.58
	100

	Chicago-Gary-Kenosha, IL-IN-WI
	26
	54
	74.07
	3.70
	0.00
	0.00
	22.22
	100

	Dallas-Fort Worth, TX
	13
	31
	96.77
	0.00
	0.00
	0.00
	3.23
	100

	Houston-Galveston-Brazoria, TX
	10
	34
	94.12
	0.00
	0.00
	0.00
	5.88
	100

	Los Angeles-Riverside-Orange County, CA
	52
	136
	79.41
	0.74
	0.00
	4.41
	15.44
	100

	New York-Northern New Jersey-Long Island, NY-NJ-CT-PA
	109
	413
	76.76
	4.12
	0.24
	0.00
	18.89
	100

	San Francisco-Oakland-San Jose, CA
	51
	116
	79.31
	2.59
	0.86
	0.86
	16.38
	100

	Washington-Baltimore, DC-MD-VA-WV
	61
	549
	63.57
	4.55
	1.09
	1.09
	29.69
	100

	Total 
	342
	1381
	72.99
	3.55
	0.58
	0.94
	21.94
	100


a urban elite census tracts only

TABLE 4 Variables included in the final model

	Neighborhood (census tract) variables

	Variable
	Definition

	Race/ethnicity
	Percentage of African American households

	Industry
	Percentage of employment in retail 

	Household variables

	Variable
	Definition

	Number of vehicles
	Number of vehicles possessed by the household

	Number of Bicycles
	Number of bicycles possessed by the household

	Travel time
	Travel time in minutes per shopping trip by mode

	Travel cost
	Travel cost in dollars per shopping trip by mode


Table 5  Hierarchical mixed logit model result
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	Effect
	Estimate
	Standard Error
	t value
	Pr >|t|

	Level 1 - individual

	Intercept(
[image: image50.wmf]j

a

)
	
	
	
	

	     Private Auto
	
	
	
	

	     Local Transit
	-0.4337
	0.2700
	-1.606
	0.1083

	     Taxi
	-2.3023
	0.5125
	-4.492
	<0.0001**

	     Bicycle 
	-5.1946
	0.6411
	-8.102
	<0.0001**

	     Walk
	0.7222
	0.1499
	4.818
	<0.0001**

	Number of Vehicles used by the household (
[image: image51.wmf]1j

θ

)
	
	
	
	

	     Private Auto
	
	
	
	

	     Local Transit
	-2.4392
	0.3017
	-8.085
	<0.0001**

	     Taxi
	-2.4210
	0.6851
	-3.534
	0.0004**

	     Bicycle
	0.1136
	0.3083
	0.368
	0.7125

	     Walk
	-1.2280
	0.1102
	-11.1420
	<0.0001**

	Number of Bicycles used by the household (
[image: image52.wmf]2j

θ

)
	
	
	
	

	     Private Auto
	
	
	
	

	     Local Transit
	-0.1099
	0.2079
	0.528
	0.5972

	     Taxi
	-0.2827
	0.6151
	-0.460
	0.6459

	     Bicycle
	0.5450
	0.2023
	2.694
	0.0071**

	     Walk
	0.1656
	0.0764
	2.167
	0.0303**

	Level 2 – census tract

	Travel Cost (
[image: image53.wmf]10

γ

)
	-0.1831
	0.0986
	-1.857
	0.0633*

	Travel Time(
[image: image54.wmf]20

γ

)
	-0.1407
	0.0045
	-3.094
	0.0020**

	Travel Cost (
[image: image55.wmf]11

γ

)
	
	
	
	

	   Percentage of African American households
	0.9706
	0.4172
	2.326
	0.0200**

	Travel Time (
[image: image56.wmf]21

γ

)
	
	
	
	

	   Percentage of Employment in Retail
	-0.326
	0.122
	-2.677
	0.0074**

	Random effects (heterogeneity):
	
	
	
	

	   Travel Cost (
[image: image57.wmf]1

υ

)
	0.0257
	0.2320
	0.111
	0.9118

	   Travel Time Spread(
[image: image58.wmf]2

υ

)
	0.1334
	0.0127
	0.105
	0.9164

	Log-Likelihood at Zero
	-2185.617

	Log-Likelihood at Constant
	-1007.99

	Log-Likelihood at Convergence
	-821.0792

	Rho-Squared w.r.t Zero
	0.62433

	Rho-Squared w.r.t Constant
	0.1854

	Number of Observations
	1381


**significant at 0.05 level, *significant at 0.10 level
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Figure 1  Household income distribution for modeled households 

Appendix:

Travel time for non-observed modes and travel costs are both derived from trip distance, which is available in the NHTS.  The simple linear relationship (
[image: image60.wmf]x

y

b

a

+

=

) is assumed between travel time and travel distance for automobile, local transit and taxi modes.  The dependent variable y is travel time (min); x is travel distance (miles).  The other two modes, bicycling and walking, are treated differently due to the limited observations. 

The model coefficients, α and β, are estimated from the observed values.  For the auto travel time, the linear regression is estimated for each CMSA separately, while transit and taxi models are assumed consistent across eight areas because of the small number of observations for these two modes.  In terms of bicycle and walking, the observed cases are even fewer in the NHTS.  Then the travel time is calculated by assuming an approximate average velocity for the distance traveled (12 mph for bicycle and 5 mph for walking).  The estimated coefficients, R-square and the assumed velocities for travel time estimation are shown in Table A1.  Table A2 summarizes the values of parameters and formulas for travel costs calculation.

A.1 Estimated model coefficients for travel time (Minutes)

	Mode
	Alpha
	Beta
	R-square

	Driving or Carpool
	
	
	

	   Boston--Worcester--Lawrence, MA--NH--ME--CT
	8.03
	1.36
	0.4596

	   Chicago--Gary--Kenosha, IL--IN--WI
	9.57
	1.05
	0.2531

	   Dallas--Fort Worth, TX
	6.37
	1.12
	0.5255

	   Houston--Galveston--Brazoria, TX
	6.40
	0.93
	0.7745

	   Los Angeles--Riverside--Orange County, CA
	8.69
	1.26
	0.5271

	   New York--Northern New Jersey--Long Island, NY--  NJ--CT--PA
	10.28
	1.14
	0.5130

	   San Francisco--Oakland--San Jose, CA
	6.56
	1.07
	0.5233

	   Washington--Baltimore, DC--MD--VA--WV
	10.52
	0.83
	0.6944

	 Local Transit
	31.01
	0.65
	0.0148

	Taxi
	11.12
	1.14
	0.3990

	Bicycle
	12 miles per hour

	Walking
	5 miles per hour


A.2 Estimation for travel Cost (Dollars)
	Mode
	Cost
	Explanation

	Driving or Carpool
	$0.15*Travel Distance
	0.15$/mile gasoline costs are assumed

	Local Transit
	$2
	$2 are assumed transit fare

	Taxi
	($2+ Travel Distance *$1.5)*0.3
	$2 is initial fare, $1.5 per additional mile, 30% tips

	Bicycle
	$0
	Zero dollars are assumed

	Walking
	$0
	Zero dollars are assumed


Notes:






















� Corresponding author. Phone: 1-312-996-3068. Fax: 1-312-996-2426. Email addresses: � HYPERLINK "mailto:janelin@uic.edu" ��janelin@uic.edu� (J. Lin), � HYPERLINK "mailto:llong6@uic.edu" ��llong6@uic.edu� (L. Long)





� The nine add-ons are: Baltimore, MD, Des Moines, IA, Edmonson, Carter, Pulaski, and Scott Counties, KY, Lancaster, PA, Oahu, HIi, State of Hawaii except Oahu, State of New York, State of Texas, and State of Wisconsin


� These 342 census tracts represent only those urban elite census tracts in the eight study areas with non-zero reported shopping trips.
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