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1. INTRODUCTION

1

2

3 Many studies have investigated the effects of transit-oriented development (TOD) on travel

4  behavior, especially on transit ridership. However, most studies do not explicitly and effectively

5  address the issue of residential self-selection in their analyses. The aim of this paper is to use cross-

6  sectional data and propensity score matching (PSM) technique to quantify the contribution of

7  residential self-selection to the analysis of mode choice in TOD areas across the metropolitan areas

8  of Washington, D.C. and Baltimore, MD. The results of PSM indicate that, even though the self-

9  selection effect is considerable in the analysis of mode choice in TOD areas (about 7.65% in
10 Washington, D.C. and 5.05% in Baltimore), living in TOD still has a significant impact on
11 encouraging transit and other active modes of transportation.

13 Many studies have suggested that, in general, residents of TOD make fewer auto trips, more transit
14 trips, and generate lower VMT (1, 2, 3, 4, 5, 6, 7, 8, 9, among others). However, among these
15 analyses, only a few address the effect of residential location choice on travel behavior in TOD
16  areas. Failing to address the issue of self-selection would create biased estimations in the analyses
17  of the relationships between urban form and travel behavior.

18  Due to the higher accessibility and design features associated with TOD, it is generally expected
19  that the share of transit use in TOD areas is higher, compared to non-TOD areas, for various trip
20  purposes. However, it is not clear whether residents of TOD areas tend to drive less (lower VMT)
21  because of their personal preference, or because the TOD setting encourages them to do so. Thus,
22 the effect of TOD on travel behavior should be separated from that of residential self-selection.
23 In this study, a propensity score matching method is applied to control for self-selection bias and
24 estimate the net effect of living in TOD areas on mode share.

26 The issue of residential self-selection is addressed in a few recent TOD studies. However, a
27  strong causal link that fully addresses aspects of self-selection has not yet been established, despite
28  various methods and techniques that have been proposed (10, 11, 12, 13).

29 Chatman (2005) suggested that self-selection plays a considerable role for pro-transit people,
30  butnot as much for “auto-oriented” people who move to TOD areas (14). Lund (2006) investigated
31 the effect of self-selection on mode choice by surveying people before and after moving to TOD
32 areas in three California cities. Their analysis found that residents moved to TODs mainly because
33 ofits easy access to transit and are more likely to use transit than those who do not live in TODs
34 (15).

35 PSM is based on controlling for the observed characteristics related to a treatment (e.g., a
36  certain travel behavior) and to what extent people in either treatment or control group share similar
37  characteristics (16).

38 2. METHODOLOGY
39
40 Propensity score matching is a method for estimating the treatment effect in observational

41  studies. In contrast to controlled experimental studies, the treatment in observational studies is not
42 assigned randomly and there is the possibility for error in estimating the effect, due to issues like
43  self-selection or systematic errors in selecting treated units.
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In this study, the treatment is living in TOD, and the outcome of interest is the measure success
for TOD policy, which is transit mode share. The average treatment effect would be the difference
observed in non-auto (transit, walk, and bike) mode share between TOD and non-TOD residents.
PSM would match TOD and non-TOD residents based on their socioeconomic and attitudinal
characteristics and compare mode choice between the matched households. The propensity score
is the probability of a household choosing to live in the TOD, given their observed characteristics.
This probability can be estimated using discrete choice models. Therefore, comparing the matched
households—one from TOD (treatment group) and one from non-TOD (control group)—could

9  roughly translate to having an ideal experiment, where the assignment of households to TOD is
10 random. In this setting, the average treatment effect is the average difference in an auto mode share
11 between the matched TOD and non-TOD households.

12 If the matched households from the treated and controlled groups are systematically different
13 in terms of their travel behavior, it implies that the self-selection effect i1s minimal and living in
14 TOD truly influences people’s travel choices (/3).

15 Data for this analysis comes mainly from two sources: first, the 2007-2008 household travel
16  survey data for Washington, D.C. and Baltimore, MD, and the 2005 land use data, both obtained
17  from Metropolitan Washington Council of Government (MWCOG) and the Baltimore
18  Metropolitan Council (BMC); and second, the geocoded rail transit station data for the two metro
19  areas from the national TOD database. TODs are defined as the traffic analysis zones (TAZ)s
20  containing at least one rail transit station surrounded by high-density, mixed use and walkable
21  development (within its half-mile buffer), as seen in previous studies (1, 2, 13).

22 Treatment variable D is a binary variable that determines whether the household lives in TOD:
23 D=1 for treated observations and D=0 for controlled observation. The outcome of interest is the
24 non-auto mode share for each household based on the travel survey.

25 The propensity score is then estimated for each household using the probit regression model.
26  Socioeconomic variables used for estimation are household size, number of workers in the
27  household, auto ownership, and household income. Probit model D is the dependent variable
28  (whether the household lives in TOD or not) and x is the vector of independent variables. The
29  propensity score here is defined as the conditional probability of a household receiving treatment
30  (i.e., living in TOD) given the background variables (i.e., socio-demographic variables):

31

32

33 p(x) =Pr (D =1|x) =E (D|x) (1)
34

35  P(x): Propensity score

36 Pr (D = 1|x): probability of a household living in TOD

37  x= Vector of the households’ sociodemographic characteristics

38 D= treatment effect (i.e., living in TOD)

39

40 After estimating the propensity score for each household, observations are matched between
41  the treatment and controlled group, using the nearest neighbor matching technique. After matching
42 on propensity score, the average treatment effect (ATE) is calculated as the difference between the
43 outcomes if treated, and the outcome if they had not been treated:

44

45

jg ATE = E (Alp(x),D =1) = E ()1lp(x),D = 1) — E(yolp(x),D = 0) (2)

0N N kAW
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P(x): propensity score
D: binary treatment variable
Y: outcome variable

WK —

3. RESULTS AND DISCUSSIONS

In the first step, a linear regression model was built to estimate the effect of living in TOD on
the non-auto mode share without controlling for self-selection. Non-auto mode share was modeled
as a function of whether a household lives in a TOD zone, combined with the sociodemographic

9  characteristics of the household and the results are shown in Table 1. As the table indicates,
10 households living in TOD have a 24.3% higher non-auto mode share in Washington, D.C., and an
11 11.1% higher non-auto mode share in Baltimore, MD. This implies that people who live in TOD
12 with better and more efficient access to transit tend to drive less.

(e BN B NIV, NN

13

14 Table 1. Non-Auto Mode Share Models’ Results

15
Linear Regression Model

Washington, D.C. Baltimore, MD
Coefficient P>t Coefficient P>t

Dependent Variable: % Non-Auto Mode Share
TOD 24.28 0.00 11.07 0.00
HH size 1.79 0.00 1.72 0.00
HH #worker 5.67 0.00 6.06 0.00
HH car ownership -13.28 0.00 -16.77 0.00
HH income -0.27 0.02 -0.15 0.26
Constant 34.43 0.00 41.44 0.00
Number of observations 10,719 9,029
Probit Regression Model
HH size -0.064 0.001 -0.12 0.000
HH #worker 0.18 0.000 0.21 0.000
HH car ownership -0.56 0.000 -0.16 0.000
HH income 0.055 0.000 -0.07 0.000
Constant -0.98 0.000 -1.28 0.000

16

17 The next step is to build the probit regression model to estimate the probability of each

18  household living in TOD, representing the propensity score. The range of propensity score for the
19  Baltimore area is from 0.0032 to 0.12. The mean propensity score is not different between the
20  treatment group and controlled group.

21

22 Table 2 shows the percentiles of the propensity score distributions of the households, including
23 the smallest and largest propensity scores. Each household is classified s into five blocks based on
24 the propensity scores, and the households from the treatment and controlled groups are matched
25  using the nearest neighbor method within each block.

26
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2 Table 2. Propensity Score Percentiles
3
Washington, D.C. Baltimore, MD
Percentiles ~ Smallest Percentiles Smallest
1% 0.0010500  0.0000104  0.00105  0.0000104
5% 0.0070982  0.0000106  0.007098 0.0000106
10% 0.0167195 0.0000168  0.01672  0.0000168
25% 0.0376509  0.0000168 0.037651 0.0000168
50% 0.0755127 0.075513
Largest Largest
75% 0.1361158  0.421146  0.136116  0.421146
90% 0.1767684  0.442826 0.176768  0.442826
95% 0.2217830  0.442826  0.221783  0.442826
99% 0.3359757  0.442826  0.335976  0.442826
4
5 The average treatment effect (ATE) estimate after controlling for self-selection in Washington,
6 D.C. is 16.65% using the propensity score matching, and 24.3% using linear regression. In
7  Baltimore, it is 6.02% using the propensity score matching and 11.07% using linear regression
8  (much smaller effect than in Washington, D.C.). There are differences in the ATE estimates using
9  both PSM and linear regression, and an important reason is that PSM is a nonparametric method
10 while linear regression assumes a linearity relationship with the variables.
11 4. CONCLUSIONS
12
13 Propensity score matching method tries to simulate perfect experimental conditions for

14 evaluating the effect of TOD by matching residents of TOD and non-TOD areas based on their
15  socio-economic characteristics. In summary, the findings indicated that in both Washington, D.C.
16  and Baltimore, self-selection accounts for about 40% of the effect of the TOD in reducing auto-
17  mode share. Although the effect of self-selection is significant, it is still probable that TOD plays
18  an important role in influencing the mode choice of its residents. Therefore, self-selection is a
19  significant factor in the association between TOD and low auto-mode share and should be
20  considered in any prediction.

21 However, this approach is limited, in that it cannot account for selection-on-unobservables. In
22 other words, it is possible that some other unobservable variables are leading households to choose
23 to live in TOD, increasing their likelihood of using other travel modes besides auto. This issue can
24 be investigated in more detail in a future analysis to capture the unobserved factors using detailed
25  data on housing, attitudes, safety, etc.
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