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A B S T R A C T   

Estimating true treatment effects in the presence of selection bias is a common problem in program evaluation, 
but it is uncommon to quantify the share of a total apparent effect that is “true”. We identify multiple methods for 
doing so, in the context of isolating the true causal influence of the built environment on travel behavior in the 
presence of residential self-selection (RSS). Among the different approaches for dealing with self-selection, we use 
three: statistical control (SC) modeling, propensity score-based techniques (PS), and sample selection (SS) 
modeling. Our objective is to identify multiple ways to estimate the proportion of the total apparent effect of the built 
environment on travel behavior that is due to the built environment itself, which we call the “built environment pro-
portion”, or BEP. We present and evaluate three categories of methods for estimating this measure (each native to 
one of the approaches): variance explained, modular effects, and treatment effects. A BEP formula associated 
with a given method can be applied to its native approach or cross-applied to other approaches. We identify and 
enumerate 47 potential BEPs. The methods presented here can be applied in other contexts involving treatment 
evaluation in the presence of selection bias.   

1. Introduction 

Program evaluation studies often involve (1) two possible states, 
treated or untreated; (2) observational data involving non-random 
assignment of cases to states (e.g., self-selection into one state or the 
other); (3) cross-sectional data, so that no case is observed in each state 
over time, only in one state or the other at a single point in time; and (4) 
the need for an unbiased estimation of the effect of the treatment 
(whether characterized simply by a dummy variable, or by a bundle of 
traits associated with the treated or untreated condition) on an outcome 
variable of interest. It is well known that the naïve estimate of the effect, 
namely the difference in average outcomes for treated versus untreated 
cases, is biased by the non-random selection into one state or the other 
(e.g., Angrist & Pischke, 2009). Accordingly, a number of methods have 
been developed to “purify” the estimated treatment effect of its bias, but 

the focus remains on the final value of the “true” treatment effect. 
The present paper takes a slightly different perspective, namely that 

of quantifying the share of an initially-estimated, apparent, “total” effect 
that is “truly” caused by the treatment. We suggest that such a share may 
be of interest in its own right, since, if replication studies demonstrate a 
predictable value or pattern for that share, it may offer a shortcut to (i.e. 
a discount factor for) estimating true effects from naïvely-estimated 
biased ones. However, a key motivation behind the present study is the 
additional question: how much will the estimate of that share differ, 
depending solely on the method used to estimate it? We elaborate 
further below, taking as a concrete example the context of investigating 
the causal influence of the built environment (BE) on travel behavior1 

(TB), in the presence of residential self-selection (RSS). In that context, 
the two states (residential neighborhood types) are idealized as “tradi-
tional” or “urban” (characterized by higher densities, mixed land uses, a 
grid-like street pattern, and good transit service) versus “suburban” 

* Corresponding author. 
E-mail addresses: dmvanherick@ucdavis.edu (D. van Herick), patmokh@gatech.edu (P.L. Mokhtarian).   

1 Typical TB variables include vehicle-miles driven and number of trips by a given means of transportation. Typical BE variables include population density, 
employment density, measures of transit supply, and entropy-based measures of the diversity of land uses. For the purposes of this conceptual exposition, we keep to 
generic terms, albeit generic to our particular application of interest. As suggested here and in the conclusions, many other applications of our methods are possible. 
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(characterized by lower densities, mostly residential land uses, poten-
tially curvilinear and discontinuous street patterns, an automobile 
orientation, and little or no transit service).2 

The effect of the BE on TB is of considerable interest to transportation 
policymakers and land-use planners, because the BE is an obvious 
limiting factor on whether or not individuals even have opportunities to 
make certain decisions with respect to their behavior. Many studies have 
found that suburban residents tend to drive more and walk less than 
residents of traditional or urban neighborhoods. Such results have 
generated support for densification and diversification land use policies 
to promote transportation alternatives to the automobile (and thus, from 
that perspective, the urban neighborhood type is generally considered 
the “treatment”). However, it is not yet clear to what extent the built 
environment directly influences travel behavior, compared to what 
extent residents “self-select” into their built environment based on prior 
predispositions and attitudes. The bias in the estimated effect of the BE 
on TB that results from not appropriately separating the “true” causal 
influence of the built environment from (often unobserved) attitudes 
that may affect the choice of residential location in the first place, is 
commonly referred to as residential self-selection (RSS) in the literature. 
To the extent that the observed influence of the BE is due to RSS, policies 
may fall short of having the expected effect: people who are motivated 
by convenience, necessity, or financial incentives – but not by attitudinal 
predisposition – to move to traditional neighborhoods are not likely to 
reduce their automobile dependence to the same degree as people who 
move to such neighborhoods precisely for the purpose of doing so. Thus, 
it is important to sort out the relative shares of influence of the BE and 
RSS on TB. 

By now, many studies have identified RSS as an issue, and various 
techniques have been applied to account for its effects. Cao, Mokhtarian, 
and Handy (2009) conducted a detailed review of the RSS literature and 

specified several categories that collectively encompass the general 
range of approaches available. Empirically, however (as described in 
Section 2 of the present paper), the findings from the applications of 
these varied approaches are far from unanimous, and the reasons for this 
are not clear. The diversity in the extent to which RSS is found to be 
affecting the influence of the BE on travel behavior may arise from 
genuine differences in causal processes across the various travel 
behavior measures (dependent variables) studied, and across time and 
space. It may also be partly circumstantial, e.g. deriving from differences 
in (1) the explanatory variables available, (2) measurement of the 
“same” variables across studies, or (3) functional forms of the models 
used. 

The question driving the proposed study is, to what extent is the 
variability in empirical outcomes due to the differences in approach used 
to account for self-selection, and the method (formula) used to quantify 
the effects of self-selection?3 We wonder whether some approaches (at 
least as they are most often applied) have a tendency to produce some 
types of answers more than others. If effects due to approach chosen are 
non-trivial, one cannot hope to understand the underlying mechanism of 
RSS if one does not isolate and account for these effects. 

Accordingly, the main objective of this study is to identify and 
evaluate a number of plausible methods (each native to one or more of 
the approaches used to control for self-selection, but which can be cross- 
applied across approaches) for estimating the key quantity of interest to 
this study, namely the proportion of the total apparent effect of the built 
environment on travel behavior that is due to the built environment itself (as 
opposed to RSS), which we call the “built environment proportion”, or 
BEP. 

Schematically, all BEPs analyzed in this study take the form4: 

BEP=
˝true˝influence of the built environment

total apparent influence of the built environment

=
˝true˝ BE influence

˝true˝ BE influence + RSS influence

= 1 −
RSS influence

˝true˝ BE influence + RSS influence
.

To our knowledge, no one has previously created multiple “families” 
of BEP measures (or their counterparts in other application contexts) 
using various logical methods, let alone conducted a systematic com-
parison of approaches and methods while controlling for as many other 
factors as possible. The approaches we consider are statistical control, 
propensity score-based techniques, and sample selection modeling – i.e., 
those most commonly appearing in the RSS literature. The BEP esti-
mation methods we consider generally fall into three categories: 

List of acronyms 

AT attitudes 
ATE average treatment effect 
BE built environment 
BEP built environment proportion 
C outcome (travel behavior) prediction conditional on 

treatment vs. control status 
IMR inverse Mills ratio 
M modular effects method 
P outcome prediction is probability-weighted average of 

conditional predictions 
PS(M, R, S) propensity score (matching, regression, 

stratification) approach 
RC residential choice 
RSS residential self-selection 
SC statistical control approach 
SE socioeconomic/demographic 
SS sample selection approach 
T treatment effects method 
TB travel behavior 
TT treatment effect on the treated 
TTNT average of individual-specific TT and TUT 
TUT treatment effect on the untreated 
V variance-explained method  

2 Footnote 10 of Mokhtarian & van Herick (2016) points out a number of 
ways in which this idealization is an oversimplification, nevertheless numerous 
studies of RSS have adopted it. 

3 Although each term could be used as a synonym for the other, to facilitate 
expositional clarity in this paper we consistently use the word “approach” to 
refer to the model or procedure by which an outcome is assessed (e.g., statistical 
control, sample selection modeling), and “method” to refer either to the type of 
formula for estimating the BEP from a given model or procedure (e.g. variance 
explained, modular effects, treatment effects; see Section 3.2), or to a particular 
formula devised for the BEP.  

4 Throughout this paper, “true” is in quotation marks to convey the relativity 
of the term, i.e., “after filtering out the RSS effect”. Empirically, we can only 
produce an estimate of the truth. It is also a simplification of reality to char-
acterize the total apparent influence of the built environment as partitioned into 
the “true” influence and that of RSS, although such a partitioning is consistent 
with the conventional sample selection formulas for T̂T and T̂UT , as defined 
later and shown in Table 3. Footnote 3 of Mokhtarian & van Herick, 2016 
points out the similarities and differences between this concept and that of bias 
reduction. The latter is reported in a number of studies (e.g., Rosenbaum & 
Rubin, 1984); we were unable to find instances of the former outside the 
literature on RSS. 

D. van Herick and P.L. Mokhtarian                                                                                                                                                                                                        



Research in Transportation Economics xxx (xxxx) xxx

3

variance-explained, modular effects, and treatment effects, which are 
further described in Sections 3.3.1, 3.3.2, and 3.3.3, respectively. 
Briefly, “variance explained” considers the share of total variability in 
the outcome that can be attributed to the treatment, with and without 
accounting for selection into the treatment, whereas “modular effects” 
and “treatment effects” are both measures of effect size. “Modular ef-
fects” consider the incremental or modular (combined) impact on the 
dependent variable (travel behavior) specifically of the built environ-
ment variables in the model, and “treatment effects” consider how much 
the overall outcome changes because of the treatment, with and without 
accounting for selection. A BEP formula associated with a given method 
can be applied to its native approach or (modified as appropriate) cross- 
applied to other approaches, leading to many different possible values 
for the BEP. Fig. 1 provides a simplified schematic relating these key 
concepts and their main locations in the paper. 

Through application of various BEP formulas in their native context, 
as well as their cross-application across approaches, we identify and 
enumerate 47 potential BEP measures in Section 3, of which 28 were 
found to be theoretically and empirically worthy of further investigation 
(the other 19 were either found to be conceptually flawed in our context, 
or resulted in empirical BEPs outside the valid range of 0–1; see Section 
4). A companion paper (van Herick & Mokhtarian, 2020) reports the 
empirical application of these formulas, and provides a framework for 
choosing the best BEP estimates among them. 

2. Literature review5 

We focus our attention specifically on the three most common ap-
proaches to dealing with RSS, namely statistical control, propensity 
scores, and sample selection. Among those, we focus on the relatively 
small number of studies that have quantified the proportion of the 
apparent total effect of the BE on TB that is due to the BE itself (i.e. the 
built environment proportion, BEP) as opposed to being due to RSS6 (we 
extensively explored the application literature outside the trans-
portation field for each of the approaches of interest, but were unable to 
identify any other studies that quantified the share of apparent total 
effect that is true). Table 1 summarizes 31 models in the 14 studies we 
could identify that explicitly quantified a value between 0% and 100% 
for the share of total BE effect due to each factor (BE and RSS). Given 
that planners and policymakers are more interested in the true influence 
of the built environment than in the portion of the total apparent in-
fluence that is due to self-selection, we focus on the former quantity, the 
BEP, throughout this paper. However, the academic literature tends to 
focus on the residential self-selection effect, 1 – BEP. To be consistent 
with most of the academic literature, we will report results with respect 
to self-selection, and in some cases, both self-selection and the BEP. 
Several of these studies will be discussed in greater detail in Section 3.3; 
here we make some general observations. 

With respect to method of computing the BEP, all analyses but one 
(Cao & Ettema, 2014) computed the numerator of the BEP to be a 
quantity called the average treatment effect (ATE; see Section 3.2 and 
beyond), representing the average change in travel behavior after 

controlling for self-selection (i.e. the true impact of the built environ-
ment). Beyond that, however, there was substantial diversity in how the 
BEP was measured. Measurement of the ATE itself differed slightly 
within the two variations of propensity score analysis and considerably 
between propensity score and sample selection methods. The denomi-
nator of the BEP, representing the total effect of the built environment 
which is the sum of the true effect and the self-selection effect, is 
computed completely differently between propensity score and sample 
selection methods, and in two different ways for sample selection 
methods alone (one of which is sensitive to the choice of which condi-
tion is labeled “treated” versus “untreated”). 

With respect to the results found, they are far from unanimous, with 
estimates of the true influence of the built environment on the various 
travel behavior outcomes running the gamut from 36% to 100% of the 
total apparent influence. Clearly there are a number of factors that could 
account for this range: the studies involve several different samples, 
collected at various locations and times, using different definitions of 
residential location categories, different explanatory variables, and 
different outcome variables of interest, as well as different approaches. 
But we still see considerable diversity even when many of those factors 
are held constant. For example, a single propensity score stratification 
study (Cao, 2010) finds BEPs ranging from 61 to 86%, varying only the 
travel outcome variable within essentially the same data set. Similarly, 
varying only the definition of residential location categories, Cao et al. 
(2010) find BEPs ranging from 48 to 98%. The only evidence available 
that compares approach while holding other factors constant found the 
BEPs to be quite similar for propensity score matching (75%, Cao, 2015), 
stratification (78%, Cao, 2010) and sample selection (76%, Cao, 2009). 
However, more comparisons like these are needed to indicate whether 
this is a trend or a coincidence. 

3. Methodology 

In Section 3.1, we present the standard model specifications and 
properties of three approaches commonly used to control for self- 
selection: statistical controls, propensity scores, and sample selection 
(mover/stayer) models. We assume that the empirical models associated 
with each approach are properly specified, and we assume that each 
approach controls for RSS as fully as possible. In Section 3.2, we discuss 
concepts central to the formation of BEP formulas. In Section 3.3, we 
identify three types of methods – “variance explained”, “modular ef-
fects”, and “treatment effects” – for estimating the BEP. In that section, 
we also discuss the application of each of these methods in their native 
context (i.e. approach), as well as the cross-application of these methods 
to the other two approaches. 

3.1. Three approaches for dealing with self-selection 

The problem of self-selection in general can be viewed from (at least) 
two perspectives (Winship & Morgan, 1999). One is that of an 
omitted-variables, or endogeneity, bias: in contravention to the 
assumption needed for statistically consistent coefficient estimates, 
observed explanatory variables (the built environment) are correlated 
with unobserved variables, in our context because individuals’ selection 
of their residential built environment is partly a function of unobserved 
(omitted) attitudes that may also affect the outcome of interest (travel 
behavior). The second perspective is that of non-random assignment: if 
residents have self-selected into their environment, they have not been 
randomly assigned to be in either the treatment or control groups (i.e. 
traditional and suburban residents), again in contravention of the 
assumption needed for unbiased estimates of the treatment effect. 
Indeed, there is a certain unity between the omitted variables bias and 
non-random assignment perspectives, when unobserved attitudes are 
both a determinant of travel behavior and an influence on whether an 
individual lives in a “treatment” or “control” neighborhood (Kennedy, 
2008, Section 9.1 on endogenous explanatory variables). It is because of 

5 Some parts of this literature review overlap with that of the empirical 
companion paper (van Herick & Mokhtarian, 2020).  

6 One recent study that quantifies the proportion of variance in ln(household 
vehicle-miles traveled) explained by the BE, RSS, and other components is 
Singh et al. (2018). Its complex approach does not fall neatly into one of the 
three most common types addressed by the present study, but it can be 
considered a type of sample selection approach. Singh et al. found that the BE 
explained 12% of the variance in ln(HH VMT), while RSS explained 11% (with 
socio-demographic variables explaining 33% and unobserved variables ac-
counting for the remaining 44%). 
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both roles that included (built environment) variables are correlated 
with omitted (attitudinal) variables when attitudes are not included in a 
travel behavior equation, and it is also because of both roles that an 
imbalance of relevant covariates (attitudes) between treatment and 
control groups exists and matters (if attitudes were irrelevant to travel 
behavior, an imbalance of attitudes between groups would not matter). 

Different approaches for resolving the problem arise from each 
perspective. The statistical control model is designed to address the issue 
of an omitted variables bias, while propensity score and sample selection 
approaches are designed to compensate for non-random assignment. 
Propensity score approaches can only control for non-random assign-
ment associated with observed variables, whereas sample selection 
models can control for selection associated with omitted variables as 
well (Cameron & Trivedi, 2005). 

We will build from a standard regression model that fails to account 
for self-selection at all. In such a case, a typical model of travel behavior 
(in which the influence of the built environment is of interest) would 
take the form: 

Yi = β’SE xSE,i + β’BE xBE,i + εi, (1)   

where Yi is the travel behavior outcome for person i, i = 1, 2, …, N, 
βSE is the vector of coefficients associated with socioeconomic 
variables, 
βBE is the vector of coefficients associated with built environment 
variables, 
xSE,i is the vector of socioeconomic covariates for individual i, 
xBE,i is the vector of built environment covariates for individual i, 
and εi is the disturbance term for individual i, assumed throughout to 
be normally distributed. 

3.1.1. Statistical control 
The statistical control approach is the most straightforward of the 

three. The resolution to an omitted variables bias is simply to incorpo-
rate attitudinal measures into the outcome (travel behavior) model, 
moving them from unobserved (omitted) to observed. Including the 
built environment but not attitudes in a travel behavior model (as in eq. 

(1)) captures the apparent total impact of the BE; incorporating attitudes 
as well (as in eq. (2))7 allows those attitudes to shoulder their fair share 
of explanatory power, revealing the true impact of the BE that remains 
after controlling for attitudinal predispositions: 

Yi = β’SE xSE,i + β’AT xAT,i + β’BE xBE,i + εi, (2)  

where β’AT is the vector of coefficients associated with attitudinal vari-
ables, and xAT,i is the vector of attitudinal covariates for individual i. 

3.1.2. Propensity scores 
At the heart of the second approach is the estimation of a propensity 

score for each case, which in our context is the conditional probability of 
living in a traditional/urban neighborhood, obtained from a binary 
discrete choice model of residential location (referred to as the resi-
dential choice or “RC” equation), where the two alternatives of tradi-
tional/urban and suburban can be viewed as the “treatment” and 
“control” conditions, respectively. 

In propensity score regression (PSR), the propensity score is entered 
as a control variable in the TB equation, similar to entering attitudes in 
the statistical control approach, but with the difference that the pro-
pensity score (a) can combine multiple attitudes (and other variables) 
into a single composite value, and (b) focuses on explaining the pro-
pensity to live in a given environment, not on explaining the TB outcome 
itself. As noted by Cao et al. (2009, pp. 380–381), the difference between 
propensity score regression and statistical control is that: 

"Conceptually, the propensity score method controls for the observed 
characteristics that affect whether an individual is assigned to a treat-
ment group or a control group. The attention is directed to the 
imbalance in the values of covariates between treatment and control 

Fig. 1. Simplified schematic of key concepts.  

7 To keep the notation as simple as possible, we do not distinguish, e.g., the 
βSE of eq. (1) from that of eq. (2), even though in empirical estimation, such 
coefficients will almost inevitably differ in value from one equation to the next. 
The context should make the meaning clear. 
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Table 1 
Studies that quantify residential self-selection.   

Study N Built environment (BE) variable(s) BE categories Travel behavior (TB) outcome % of influence of BE  
on TB due to self-selection  
((1-BEP) × 100%) 

Statistical control Joh, Nguyen, and Boarnet (2012) 2125 Neighborhood characteristics Various physical and social  
neighborhood characteristics 

Number of individual walking trips 0% 

Larco, Steiner, Stockard, and West (2012) 229 Neighborhood characteristics Various physical neighborhood  
characteristics 

(#, %) of trips by walking, biking, driving 0% 

Cao and Ettema (2014) 1303 Perceived neighborhood characteristics Urban, 
Suburban 

Satisfaction with travel 39–45% 

Propensity scores Cao (2010) 
(stratification) 

1553 Neighborhood type Traditional, 
Suburban 

Strolling frequency 14% 
Vehicle-miles driven 22% 
Walking to store frequency 39% 

Cao, Xu, and Fan (2010) 
(matching) 

3376 Neighborhood type Urban, 
Inner-suburban, 
Suburban, 
Exurban 

Vehicle miles driven 15–24% 

Cao & Fan, 2012 (matching) 3480 Density High density, 
Low density 

Person-miles traveled 28% 
Transit duration 49% 
Driving duration 64% 

Lee, Zegras, Ben-Joseph, and Park (2014) 
(matching) 

1422; 
745 

Neighborhood type Urban, 
Suburban 

Automobile commute 1% 
Public transit commute 43% 
Recreational NMT trip 7% 
Utilitarian trip 1% 

Cao, 2015 (matching) 1682 Neighborhood type Traditional, 
Suburban 

Vehicle-miles driven 25% 

de Gruyter, Rose, and Currie (2016) 
(matching) 

116 Site type Case site (w/travel plan), 
Control site (w/o travel plan) 

Work—car driver frequency 24% 
Work—bicycle frequency 10% 
Shopping—walk frequency 16% 
Shopping—car driver frequency 42% 
Shopping—bicycle frequency 24% 

Sample selection  
modeling 

Greenwald (2003) 4235 Neighborhood type Six groups based on various  
land-use, environmental factors 

Various substitution rates (by mode) 0% 

Zhou and Kockelman (2008) 1903 Neighborhood type Urban, 
Rural, 
Suburban 

Vehicle-miles traveled 10–42% 

Cao (2009) 1479 Neighborhood type Traditional, 
Suburban 

Vehicle-miles driven 24% 

Bhat and Eluru (2009) 3696 Neighborhood type Conventional, 
Neo-urbanist 

Vehicle miles traveled 49% 

Bhat, Astroza, Bhat, and Nagel (2016) a 3637 Density/Commute distance High density/short commute, 
Low density/long commute 

Vehicle ownership 58% 
Participation in … 
Personal business 10% 
Shopping 35% 
Recreation 29% 
Dining out 21% 
Social 18% 
Serve passenger 4%  

a This study uses a Generalized Heterogeneous Data Model (GHDM, Bhat, 2015), which allows for discrete and continuous outcomes in the SS model. 
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groups. The statistical control method identifies the determinants of TB 
through incorporating them directly into the behaviour equation, so 
that we can account for all differences between treatment and con-
trol groups that affect the behaviour. The attention is directed to the 
behavioural outcome (Winship & Morgan, 1999; Oakes & Johnson, 
2006). In reality, however, when the propensity score is used as a 
regressor in the outcome equation, it is acting as one type of statis-
tical control, namely a composite of the variables differentiating the 
treatment and control conditions.” 

The propensity score regression model is specified as follows: 

RC*
i = α’wi + ηi

RCi = 1 if RC*
i ≥ 0; 0 otherwise

Pr[RCi = 1] = Φ(α’wi)

Yi = β’ xi + λ Φ(α’wi) + εi

(3)   

where RC*
i is the latent continuous utility or propensity that person i 

has for living in an urban neighborhood; 
RCi is the observed residential location choice, = 0 if person i lives in 
a suburban neighborhood (meaning that RC*

i < 0) and = 1 if in a 
traditional/urban neighborhood (RC*

i ≥ 0); 
α is the vector of propensity score model coefficients, wi is a vector of 
observed covariate values (which can overlap with xi), and ηi is the 
net impact on RC*

i of unobserved characteristics for individual i, 
assumed to be normally distributed with mean 0 and variance 18; 
is the vector of coefficients for the travel behavior equation, xi is the 
vector of observed covariates for the travel behavior equation for 
person i (including SE and BE variables), λ is the coefficient for the 
predicted probability (i.e. propensity score) entered into the travel 
behavior equation as a covariate, Φ is the cumulative distribution 
function of the standard normal distribution, and εi is the error term 
for the travel behavior equation, assumed to be normally distributed 
with mean 0 and variance σ2. 

Traditionally, there is only one outcome equation (applying to the 
entire sample) for a generic statistical control model and for a propensity 
score regression model. However, because our sample selection 
approach has two outcome equations (one for each condition, treatment 
and control, as explained in Section 3.1.3), it has an “unfair advantage” 
in model goodness-of-fit when comparing performances of the BEPs 
across approaches. Accordingly, we also consider two-outcome- 
equation versions of both the statistical control model and propensity 
score regression model, i.e. specifications in which the β coefficients are 
allowed to differ between RC = 0 and RC = 1 cases. 

Two other common propensity score applications are matching and 
stratification, which employ related ideas; the purpose is to mimic a 
quasi-random experiment. By pairing or grouping cases with similar 
propensity scores, we can assume that the propensity to live in a given 
type of environment is similar for each person in such a pair or stratum, 
and that the “assignment” to a particular type of environment is osten-
sibly random, given that propensity. Because the propensity to live in 
the treatment (or control) environment is similar for both cases, but 
their actual choices are different, any difference between the two groups 
with respect to the outcome variable of interest (i.e. travel behavior) is 
putatively capturing the “true” influence and not a difference that arises 
because of self-selection into the treatment or control environment. 

In one common approach to propensity score matching (PSM), an 
individual is randomly selected from the treatment group (RC = 1) and 
matched to the control case (RC = 0) having the closest propensity score 
within a predetermined tolerance (“caliper width”). Once matched, both 
cases are removed from their respective “unmatched” lists and placed 
into respective “matched” lists. This process is repeated until one of the 
unmatched lists runs out of cases to match. Using terms defined in 
Section 3.2, this approach allows estimating the treatment effect on the 
treated; variations on the approach lead to estimates of other treatment 
effects, as shown in Table 2 below. 

For propensity score stratification (PSS), the sample is divided into 
strata based on the propensity score. For example, we choose five strata, 
each comprising approximately 20% of the cases, with individuals in the 
first fifth having the lowest propensity scores and the individuals in the 
final fifth having the highest propensity scores. Within each stratum, the 
difference in average travel behavior for the treatment and control 
groups is computed, and then the size-weighted average of those dif-
ferences across strata is computed. 

3.1.3. Sample selection 
Similar to propensity score approaches, sample selection models are 

heavily used in program evaluation. As mentioned previously, however, 
the propensity score can only be used to control for selection on ob-
servables, because it is computed only with observables. A sample se-
lection model, on the other hand, also controls for selection on 
unobservables. The sample selection model most appropriate to our 
context is the “mover/stayer” model, sometimes referred to as an 
endogenous switching regression, Roy model, or two-outcome version of 
the standard “Heckit” model (Heckman, 1979; Heckman, Tobias, & 
Vytlacil, 2001). Common to both the standard Heckit model and the 
two-outcome version is the existence of an RC selection, or participation, 
equation which, like the propensity score equation, models the proba-
bility of selection into treatment or control states. For the mover/stayer 
model, instead of having one outcome equation, only for treated cases 
(as Heckman’s original formulation does), we have two: one for treated 
cases (i.e. residents of traditional neighborhoods), and one for untreated 
cases (residents of suburban neighborhoods): 

RC*
i = α’wi + ηi;RCi = 1 if RC*

i ≥ 0;RCi = 0 if RC*
i < 0;

Yi = Yi1 = β’
1 xi + εi1 when RCi = 1

Yi = Yi0 = β’
0xi + εi0 when RCi = 0

(4)  

and 

⎛

⎝
εi1
εi0
ηi

⎞

⎠̃N3

⎡

⎢
⎢
⎣

⎛

⎝
0
0
0

⎞

⎠,

⎛

⎜
⎜
⎝

σ2
1 0 ρ1σ1

0 σ2
0 ρ0σ0

ρ1σ1 ρ0σ0 1

⎞

⎟
⎟
⎠

⎤

⎥
⎥
⎦,

where βRCi 
is the vector of outcome equation coefficients, xi is a vector of 

covariate values, and εiRCi is the net impact on Yi of unobserved char-
acteristics, for individual i living in neighborhood type RCi.9 

3.2. Treatment effects concepts 

Measuring the “treatment effect” is a key goal of both PSM and SS 
approaches. For our purposes, four concepts are central to this goal in 
the propensity score matching context. Three of these concepts are also 

8 Of course, ηi could instead be assumed to follow the logistic distribution, 
replacing Φ with the appropriate cumulative distribution function. The probit 
and logistic distributions are extremely similar; we adopt probit for maximum 
consistency with the sample selection model. 

9 Note that the variance-covariance matrix of the error terms allows unob-
served characteristics influencing the selection and the two possible outcomes 
to be correlated (with covariances ρ0σ0 and ρ1σ1), but the correlation of un-
observed characteristics for the subsamples associated with the two possible 
conditions is nonidentifiable (since εi1 and εi0 do not pertain to the same in-
dividuals). That correlation does not enter into the estimation of the model 
parameters, and is accordingly fixed at 0 for convenience (Greene, 2012). 
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central to estimating treatment effects in the sample selection context. 
The definitions and uses of these concepts for PSM and SS differ, as these 
two approaches have evolved somewhat independently of each other. So 
it is important to examine these effects separately for each approach (as 
we do below), but in general, they can be defined as follows:  

• The average treatment effect (ATE) is the expected difference in 
outcomes (after versus before treatment) across the whole popula-
tion, i.e. (in our application) the average change in TB if a randomly- 
selected person moved from a suburban neighborhood to an urban 
one.10  

• The average treatment effect on the treated (TT) is the expected 
difference in outcomes (TB) for those who receive the treatment (in 
our application, for those who now live in an urban location), 
compared to what the outcome would have been if they did not 
receive the treatment (i.e. if they were to live in a suburban location).  

• The average treatment effect on the untreated (TUT) is the expected 
difference in outcomes for those who now live in a suburban loca-
tion, if they were to move to an urban location.  

• The observed influence (Obs. Inf.) is the actual difference, across a 
sample, in average outcomes between urban and suburban residents 

(Cao, 2010). This difference will confound true treatment effects 
with self-selection effects. 

We refer the reader to van Herick (2018, Sections 4.1.2.2 and 
4.1.3.2) for a more detailed discussion of each set of treatment effects 
(PSM vs SS). 

Table 2 compares definitions of the four measures of treatment effect 
estimates between the propensity score matching and the mover/stayer 
model approaches. Note carefully that the terms “TT” and “TUT” 
mean something quite different for PSM than for SS. In the PSM 
formulation, TT and TUT are already purged of self-selection, whereas for 
the SS mover/stayer model, for each measure there is a self-selection term 
((ρ̂1 σ̂1 − ρ̂0 σ̂0) times the inverse Mills ratio, or IMR) added to the unbiased 
term 1

N1

∑

RCi=1
(β̂1 − β̂0)

’xi or 1
N0

∑

RCi=0
(β̂1 − β̂0)

’xi, respectively, so the two 

measures are clearly biased. For both PSM and SS, the “ATE” has 
ostensibly been purged of selection bias, but for PSM the ATE is simply 
the weighted average of the already-purged TT and TUT, whereas for SS, 
that weighted average would still contain the bias terms associated with 
its formulation of TT and TUT. It can be shown, however (Wooldridge, 
2015), that at least when the error terms are assumed to be 
normally-distributed as we have indicated above, the two bias terms will 
cancel out in the weighted average of its TT and TUT, also yielding the 
(SS) ATE. This has the intuitive explanation that the selection bias 
incorporated into the SS formulation of TT is exactly countered by that 
of the TUT in the opposite direction, so that their weighted average 
yields the unbiased ATE. 

It is by far more common, in the PSM and PSS literatures, to focus on 
TT than on ATE, and there are certainly solid reasons for doing so in 
many instances. However, in general TT and TUT are different, so in our 
application context, using only one or the other would change the BEP, 
depending on which location we consider to be the treatment condition. 

Table 2 
Estimated treatment effect measures relevant to estimating BEPs.a  

Treatment effect 
measure 

Propensity score 
matching 

Mover/stayer model (sample selection) 

Treatment effect on the 
treated (T̂T)  

1
Nm1

∑Nm1

i1=1
(Yi1,RC=1 − Yi1,RC=0)m  

1
N1

∑

RCi=1

{

(β̂1 − β̂0)
’xi + (ρ̂1 σ̂1 − ρ̂0 σ̂0)

(
φ(α̂’wi)

Φ(α̂’wi)

)}

Purged of bias due to selection on observables, by virtue of matching  
similar-propensity control cases to each treatment case. 

Decomposes into the true ATE associated with the treated cases,  
plus the IMR term representing the selection bias (Heckman et al., 2001). 

Treatment effect on the 
untreated (T̂UT)  

1
Nm0

∑Nm0

i0=1
(Yi0,RC=1 − Yi0,RC=0)m  

1
N0

∑

RCi=0

{

(β̂1 − β̂0)
’xi + (ρ̂1 σ̂1 − ρ̂0 σ̂0)

(
− φ(α̂’wi)

Φ(− α̂’wi)

)}

Purged of bias due to selection on observables, by virtue of matching similar- 
propensity treatment cases to each control case. 

Decomposes into the true ATE associated with the control cases, plus the IMR 
term representing the selection bias (Heckman et al., 2001).  

Average treatment 
effect (ÂTE)b  

1
N

⎡

⎢
⎢
⎢
⎢
⎢
⎣

N1

Nm1

∑Nm1

i1=1
(Yi1,RC=1 − Yi1,RC=0)m

+
N0

Nm0

∑Nm0

i0=1
(Yi0,RC=1 − Yi0,RC=0)m

⎤

⎥
⎥
⎥
⎥
⎥
⎦

1
N
∑N

i=1
(β̂1 − β̂0)

’xi =
1
N

[N1 T̂T+N0 T̂UT]

Averaged over subsample of matched cases, weighted by shares of  
each group in the overall (before-matching) sample. Purged of bias  
due to selection on observables by virtue of matching. 

Estimates the true ATE across the sample, an unbiased estimate if sample  
proportions of treated and control cases reflect the population proportions. 

Observed influence 1
N1

∑N1

i1=1
Yi1,RC=1 −

1
N0

∑N0

i0=1
Yi0,RC=0  

The raw average difference in outcomes between treated and control cases, representing the true treatment effect combined with the effect due to selection 
bias.  

a N0 and N1 refer to the numbers of cases in the control and treatment groups, respectively, while Nm0 and Nm1 are the numbers of cases in their matched counterparts. 
i0 and i1 index cases in control and treatment groups, respectively. The subscript m outside parentheses refers to the pool of matched cases. 

b In computing the ATE for either approach, it is worth noting that averaging over treated and untreated cases counting each case equally (as in the formulas in the 
table) will provide unbiased estimates only if the shares of treatment and control cases in the sample match their shares in the population as a whole. This will often not 
be the case, since the treatment cases are often rarer and accordingly oversampled. In such instances, the weights in the ATE formulas should reflect the true population 
shares rather than the sample shares. 

10 Strictly speaking, there are two different averages involved (Cameron & 
Trivedi, 2005). The average treatment effect for a person with observed char-
acteristics x, ATE(x), is an average over the distribution of unobserved char-
acteristics. ATE, by contrast, is the average of ATE(x) over the distribution of x 
(observed characteristics). Technically, this might more clearly be labeled the 
average ATE(x), or AATE, but in keeping with convention, we will use “ATE” to 
refer to this double average. 
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In some contexts (such as in the classic, original sample selection model 
of Heckman, 1979), an outcome is only observed for one condition, 
which is necessarily considered the treatment. In our (“mover/stayer”) 
context, however, travel behavior outcomes are observed for both the 
urban and suburban residential conditions, and thus it is somewhat 
arbitrary which one is labeled which (and different studies have made 
opposite choices). Since we argue that the BEP answer should not 
depend on how the labels are assigned, we have designed most of our 
BEP formulas to measure ATE rather than TT (a single exception is 
discussed in Section 3.3.3.2, for consistency with specific studies in the 
literature). 

3.3. Methods for computing the BEP 

Section 3.1 briefly described the three different approaches used to 
account for self-selection. The present section introduces three (cate-
gories of) methods for computing the BEP, arising from long-established 
techniques and measures associated with each approach: “variance 
explained”, “modular effects”, and “treatment effects”. In Section 3.3.1, 
the “variance explained” category considers the share of total variability 
in the outcome that can be attributed to the treatment, with and without 
accounting for selection into the treatment. In Section 3.3.2, the 
“modular effects” category considers the modular (combined) impact on 
travel behavior of the built environment variables in the model: 
assuming attitudes are a form of statistical control, how does this 
modular impact change when attitudes are added to the model? In 
Section 3.3.3, the “treatment effects” category considers how much the 
outcome variable changes because of the treatment, with and without 
accounting for selection. The treatment effects and modular effects 
methods can be considered alternative ways of assessing effect size. 

Given the possible combinations of BEP methods applied to various 
approaches, the naming scheme for the methods is as follows. The first 
two or three letters refer to the native method for which the BEP 
calculation is usually used (SC, PSR, PSM, PSS, SS). If there are both 1- 
equation (full-sample) and 2-equation (separate for RC = 1 and RC = 0) 
variants of the native method, the number of outcome equations may be 
added (1, 2). The next character indicates whether the BEP is based on 
the “variance explained” (V), “modular effects” (M), or “treatment ef-
fects” (T) method. If there is more than one BEP formula with the same 
combination of these three properties (approach, number of equations, 
type of method), then roman letters are appended (A, B, C, etc.). A hy-
phen (“-”) separates the approach to which the formula is native from 
that to which it is being applied. Finally, the type of model (i.e. the 
approach) to which the BEP formula is being applied is appended (SC, 
PSR, PSM, PSS, SS). If it is necessary to differentiate whether the method 
is being applied to a one-outcome-equation or two-outcome-equation 
model, that is indicated (1, 2). A “-C” or a “-P” appended to the 
approach to which the formula is being applied refers to using either the 
conditional (-C) or probability weighted (-P) Ŷ is in the formula for the 
BEP, as explained in the relevant tables. Fig. 2 provides a label schematic 
of all the BEP formulas developed in this study (with additional mark-
ings that are explained in Section 4). In the following subsections, the 
formulas for the native application cells are introduced in the text, 
whereas, for economy of exposition, the cross-application cells are 
expanded in Tables 3–6, respectively corresponding to the four major 
columns of Fig. 2. 

3.3.1. Variance explained 
The statistical control approach has long been used to control for self- 

selection (e.g., Kitamura, Mokhtarian, & Laidet, 1997). To date, we have 
not found any other studies that calculate the BEP – as we define it – 
using a statistical control model.11 However, it is commonplace, in the 
context of linear regression models, to consider the relative contribu-
tions of blocks of variables to the explanatory power of the model, from 
the standpoint of the percent variance in the dependent variable that is 
explained by the model (i.e. the model’s R2). In the psychology and 
educational testing literatures, it is common to add one (or more) var-
iables to a model to assess the “incremental validity” of that variable 
(Sackett & Lievens, 2008). One often-used measure of that incremental 
validity, and the one we use here, is the increase in R2. Although most 
applications appear to involve the addition of a single variable, in our 
context a block of multiple variables may also be of interest. Accord-
ingly, we use the term incremental validity to refer to the additional 
explanatory power provided by one or more variables. 

Note that unless the successive blocks of variables are uncorrelated 
with each other, the order in which they are added matters (Genizi, 
1993). Thus, to operationalize this method in our context, we propose 
the following hierarchical status among the three main blocks of vari-
ables: socioeconomic (SE) first, attitudinal (AT) next, and built envi-
ronment (BE) last. The rationale for SE being first is that socioeconomic 
factors such as income, household size, and employment status of 
household members can override even attitudinal predispositions in 
their influence on travel behavior. This also allows for the combined 
influence of AT and BE to be calculated, if desired. The remaining 
sequence expresses the most common description of RSS, namely that 
attitudes influence the choice of BE, and conservatively puts the "burden 
of proof" on the BE to demonstrate that it has a separate influence after 
attitudes are accounted for. 

With this background, we define R2
b as the R2 for the model con-

taining the block of variables b, where b = SE, AT, BE, or some combi-
nation of those (and always including the constant term). 
Socioeconomic variables are included in all models. Then R2

SE+AT+BE −

R2
SE+AT represents the incremental influence of the BE after accounting 

for SE and AT (i.e. the true influence of the BE), R2
SE+BE − R2

SE represents 
the incremental influence of the BE without the inclusion of AT to 
control for self-selection (i.e. the apparent total influence of the BE), and 
the ratio of the two is the proportion of apparent BE influence that is 

11 Cao and Ettema (2014) use variance explained to compute a bounded in-
terval estimate of the proportion of variance explained by the full model due to 
the built environment variables. The upper bound is the R2 for the model that 
contains only BE (giving BE the maximum amount of explanatory power) 
divided by the R2 for the full model, while the lower bound is the incremental 
increase in the R2 obtained by adding BE to a model already containing SE and 
AT (giving BE the minimum amount of explanatory power), divided by the R2 

for the full model: 1 −
R2

SE+AT
R2

SE+AT+BE
< BE share <

R2
BE

R2
SE+AT+BE

. Note that the numerator of 
our BEP, as presented below, is the same as the numerator of Cao and Ettema’s 
lower bound (turning the “1” into a fraction). So those two quantities differ only 
in the denominator: ours is the “total” contribution of BE after accounting for SE, 
whereas theirs is the total variance explained by the full model. Indeed, for both of 
their bounds, the benchmark is total variance explained, whereas we consider a 
more appropriate benchmark to be a measure of the total apparent contribution 
of the BE, not the total contribution of everything in the model. That is, we are 
trying to partition the total apparent contribution of the BE into the part that is 
due to RSS and the part that is truly due to BE, to see how much the contri-
bution of the BE is exaggerated by failing to take RSS into account. Thus, in our 
particular paradigm, the total contribution of the BE is a more natural de-
nominator. However, we note that their method is more agnostic with respect 
to hierarchy, whereas we had to assume that SE is most fundamental or should 
be accounted for first, and then decide, between BE and AT, which was the 
more natural to consider next in the hierarchy. Their upper bound, on the other 
hand, allows BE to be “first” (and compares the result to when it is “last”, i.e. 
their lower bound). 
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attributed to BE itself 12: 

BEPvar.expl. =
R2

SE+AT+BE − R2
SE+AT

R2
SE+BE − R2

SE
.

Our variance-explained method of estimating the BEP is considered 
native to a single-equation least squares model, the most obvious 
candidate being the statistical control model. We consider it a separate 
formulation (even if involving exactly the same formula) when the 
variance-explained method is applied to different approaches. For the 
statistical control model, the formula and its label are: 

BEP=
R2

SE+AT+BE − R2
SE+AT

R2
SE+BE − R2

SE
. (SCV-SC1) 

Table 3 shows the cross-applications of the variance-explained BEP 
formula (including one- and two- equation versions of each approach), 

including any pertinent details or differences regarding how the formula 
changes when cross-applied. More detailed information about the 
rationale for each cross-application can be found in van Herick (2018). 

3.3.2. Effect of the modular (combined) contribution of built environment 
variables 

Whereas the “variance explained” BEP measure presented in Section 
3.3.1 relies on the concept of explaining variation in the outcome vari-
able, i.e. what amount of the total variability in the outcome can be attributed 
to the treatment, with and without accounting for selection into the treat-
ment?, the ones presented in Sections 3.3.2 and 3.3.3 are rooted in the 
concept of effect size, i.e., how much does the outcome variable change 
because of the treatment, with and without accounting for selection? The 
variance-explained BEP is certainly a reasonable measure, with deep 
roots in the regression literature, but arguably a BEP based on effect size 
is more directly tied to the ultimate metric of interest: units of change in 
the outcome. 

In this section, we consider modular effects, namely, the impact of the 
BE variable(s) on the TB variable of interest, with and without control 
for selection (via AT, the PS, or the IMR, as appropriate). A modular 
effect (ME) is essentially one type of effect size computation. It measures 
a change in outcome due to the true effect of living in a more urban/ 
traditional BE, relative to the change due to the total effect. 

For our purpose, the modular effect can be defined as the combined 
contribution of all BE variables in the equation to the TB outcome, 
before and after accounting for self-selection. Before accounting for self- 
selection, the combined contribution represents the total effect of the BE 
(confounding the true effect with self-selection) and thus constitutes the 
denominator of the BEP. After accounting for self-selection, the com-
bined contribution of BE variables represents the “true” effect of the BE 
and constitutes the numerator of the BEP. We consider this method 
“native” to the single-equation statistical control approach. 

We distinguish three different cases: 

Fig. 2. Labeling scheme for the Methods (columns) of computing the BEP associated with the three Approaches (rows) that control for self-selection. 
Source: van Herick & Mokhtarian (2020). 

12 This method differs from convention in one important detail, namely that 
the model specifications are considered independently of each other. That is, 
variables in the SE + AT, SE + BE, and SE models are not restricted to the set of 
variables chosen for the full (SE + AT + BE) model, nor is any other model 
restricted to the subset of variables from some other model (and thus, we are 
not, strictly speaking, necessarily dealing with a decomposition of the regres-
sion sum of squares of the SE + AT + BE model. When neither of two models is 
a subset of the other, then an F-test for the inclusion of a block of variables will 
also not be appropriate). It is especially important to allow BE to have the 
maximum possible explanatory power in the denominator of the BEP. If we 
limited the BE variables in the SE + BE equation to be only those also present in 
the full model, the inclusion of AT in the full models would have robbed BE of 
much of the explanatory power it would otherwise have had, and may, for 
example, have led us to exclude as insignificant a BE variable which, if included 
without AT, would be strongly significant. The exclusion of such a variable from 
the SE + BE model would improperly undervalue the apparent total influence of 
the BE. 
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First: if only the RC variable is added as the single indicator of the 
built environment, then after controlling for self-selection, it is common 
to view the estimated coefficient of the RC (treatment indicator) variable 
– i.e., the marginal effect of RC – as the estimated effect of treatment 
(Cameron & Trivedi, 2005). Thus, it is natural to view the BEP as the 
ratio of that estimated coefficient in models with and without control-
ling for self-selection. For the SC approach, “controlling for self--
selection” means including attitudinal explanatory variables. 
Accordingly, we have: 

BEP=
β̂RC(TB eq. with AT)

β̂RC(TB eq. without AT)
. (SC1MA-SC1) 

Second: if all other built environment variables are allowed to enter 
the equation instead of RC, we no longer have marginal effects per se, 
but have the average combined contribution of all BE variables, which 
we denote the average modular contribution of the BE, before and after 
accounting for self-selection: 

BEP=

∑N

i=1
β̂

’

BE xi,BE

N (TB eq. with AT)
∑N

i=1
β̂

’

BE xi,BE

N (TB eq. without AT)
=

∑N
i=1 β̂

’
BExi,BE (TB eq. with AT)

∑N
i=1 β̂

’
BExi,BE (TB eq. without AT)

,

(SC1MB-SC1)  

where β̂BEand xi,BE refer to the BE coefficients and associated variables, 
respectively, of the outcome (TB) equation. 

Third: similar to the treatment effects BEPs (see Sections 3.3.3.1 and 
3.3.3.2 for further discussion), we can also separate RC=1 and RC=0 
residents, so that the numerator and denominator of the fraction 
respectively represent the difference in the average modular effect of the 
BE on travel behavior between residents of each type of neighborhood, 
with and without accounting for self-selection: 

BEP=

∑N1
i1=1

β̂
’

BExi1,BE

N1
−

∑N0
i0=1

β̂
’

BE xi0,BE

N0
(TB eq. with AT)

∑N1
i1=1

β̂
’

BExi1,BE

N1
−

∑N0
i0=1

β̂
’

BE xi0,BE

N0
(TB eq. without AT)

. (SC1MC-SC1) 

Table 4 shows the modular-effects BEP formulas cross-applied to 
other approaches. 

3.3.3. Treatment effects 
As is the case for modular effects, treatment effects (TEs) are rooted in 

the concept of effect size, i.e., how much does the outcome variable 
change because of the treatment, with and without accounting for 
selection? 

Recall from Section 3.2 (Table 2) that treatment effects are defined 
differently for propensity score approaches than for the mover/stayer 
model. In the following subsections, we consider two corresponding 

Table 3 
Variance explained - cross-applications.  

BEP formula Label and explanation 

1-equation propensity score regression (PSR) 

BEP =
R2

SE+AT+BE+PS − R2
SE+AT+PS

R2
SE+BE − R2

SE  

SCV-PSR1: Models in the denominator do not include the PS, so that the denominator represents the total contribution of 
BE without controlling for self-selection. The numerator models do include the PS, so that the difference in the numerator 
represents the contribution of the BE after controlling for self-selection. 

2-equation statistical control (SC) 

BEP =
R2

SE+AT+BE − R2
SE+AT

R2
SE+BE − R2

SE  

SCV-SC2A: Same as the 1-eq. SC model, but the R2 is found by taking the (squared) correlation between a stacked Yi (all 
the RC = 1 cases above all the RC = 0 cases, or conversely) and a similarly stacked Ŷi vector.  

BEP =

⎡

⎣
N1(R2

SE+AT+BE, RC=1 − R2
SE+AT, RC=1)

+N0(R2
SE+AT+BE, RC=0 − R2

SE+AT, RC=0)

⎤

⎦

⎡

⎣
N1(R2

SE+BE, RC=1 − R2
SE, RC=1)

+N0(R2
SE+BE, RC=0 − R2

SE, RC=0)

⎤

⎦

SCV-SC2B: Calculated by taking separate R2s for each equation and computing the weighted average of those R2s, block 
by block. Simplifies to the equation shown, representing the weighted average increment of variance explained by BE, 
after (numerator) and before (denominator) controlling for RSS. 

Sample selection (SS) 

BEP =
R2

SE+AT+BE+IMR − R2
SE+AT+IMR

R2
SE+BE − R2

SE 

using conditional Ŷis in numerator and denominator  

SCV-SS-CA: Similar to the 1-eq. PSR BEP, the numerator includes all control for self-selection (so here the IMR is included 
in each model) and the denominator omits all control for self-selection (absence of IMRs in each model). The ̂Yi s used to 
compute the R2 are conditional, i.e. computed using the estimated equation for the group individual i is in (RCi = 1 or RCi 

= 0).  

BEP =

⎡

⎣
N1(R2

SE+AT+BE+IMR, RC=1 − R2
SE+AT+IMR, RC=1)

+N0(R2
SE+AT+BE+IMR, RC=0 − R2

SE+AT+IMR, RC=0)

⎤

⎦

⎡

⎣
N1(R2

SE+BE, RC=1 − R2
SE, RC=1)

+N0(R2
SE+BE, RC=0 − R2

SE, RC=0)

⎤

⎦

SCV-SS-CB: Calculated by taking separate R2s for each equation and computing the weighted average of those R2s, block 
by block. Simplifies to the equation shown, representing the weighted average increment of variance explained by BE, 
after (numerator) and before (denominator) controlling for RSS. IMR included in models in the numerator but not in 
models in the denominator. 

BEP =
R2

SE+AT+BE+IMR − R2
SE+AT+IMR

R2
SE+BE − R2

SE 

using probability-weighted Ŷis in the numerator  

SCV-SS-P: In the numerator only, Ŷi is computed for each i as the probability-weighted average of the predicted outcomes 
from both equations (i.e. Ŷi,RC=1 and Ŷi,RC=0), using the probabilities from the selection equation.  

2-equation propensity score regression (PSR) 

BEP =
R2

SE+AT+BE+PS − R2
SE+AT+PS

R2
SE+BE − R2

SE 

using conditional Ŷis in numerator and denominator  

SCV-PSR2-CA: Same as SCV-SS-CA, but with PS instead of IMR. 

BEP =

⎡

⎣
N1(R2

SE+AT+BE+PS, RC=1 − R2
SE+AT+PS, RC=1)

+N0(R2
SE+AT+BE+PS, RC=0 − R2

SE+AT+PS, RC=0)

⎤

⎦

⎡

⎣
N1(R2

SE+BE, RC=1 − R2
SE, RC=1)

+N0(R2
SE+BE, RC=0 − R2

SE, RC=0)

⎤

⎦

SCV-PSR2-CB: Same as SCV-SS-CB, but with PS instead of IMR. 

BEP =
R2

SE+AT+BE+PS − R2
SE+AT+PS

R2
SE+BE − R2

SE 

using probability-weighted Ŷis in the numerator  

SCV-PSR2-P: Same as SCV-SS-P, but with PS instead of IMR, and the probabilities are obtained from the propensity score 
model.  
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treatment effects sub-methods and their cross-applications: one native to 
propensity score matching, and the other native to the mover/stayer 
model. 

3.3.3.1. Propensity score matching treatment effects sub-method. The 
simplest empirical measure of an effect is just the difference in means 
between the treatment and control cases: 

YRC=1 − YRC=0,

YRC=1 =

∑
RC=1Yi

N1
,YRC=0 =

∑
RC=0Yi

N0
,

where Yi is the TB outcome for person i, and N1 and N0 are the numbers 
of cases in treated and untreated conditions, respectively. This quantity 
is denoted the total observed influence (obs. inf.) of the treatment 
(e.g., Cao et al., 2009), or the observed difference (Angrist & Pischke, 
2009). 

But if self-selection is not controlled for, this measure conflates the 
true causal effect of being treated (moving from a suburban to an urban 
area) with the effect of propensities to live in a certain type of BE.13 In 

this case, YRC=1 − YRC=0 can be an appropriate denominator of the BEP. 
Various estimates of YRC=1 − YRC=0 when self-selection is controlled for 
constitute alternative ways of computing the numerator of the BEP, the 
treatment effect. 

Specifically, for PSM, the treatment effect is the difference in means 
of the outcome behavior of interest between the matched treatment and 
control residents (D’Agostino, 1998; Cameron & Trivedi, 2005), i.e. 
those with similar propensities to live in a given area. Importantly, the 
“treatment effect” in the PSM context is most often the treatment effect 
on the treated (TT), rather than the average treatment effect (across 
untreated as well as treated), ATE (see discussion in Section 2.3 of 
Mokhtarian & van Herick, 2016). 

We consider the following treatment effect sub-method native to 
propensity score matching:14 

BEP=

1
Nm1

∑Nm1
im1=1

(
Yim1,RC=1 − Yim1,RC=0

)

m
1

N1

∑N1
i1=1Yi1,RC=1 −

1
N0

∑N0
i0=1Yi0,RC=0  

=
Ŷ RC=1 − Ŷ RC=0 (matched cases)

YRC=1 − YRC=0 (unmatched cases)
, (PSMTB-PSM) 

Table 4 
Modular effects - cross-applications.  

BEP formula Label and explanation 
2-equation statistical control (SC) 

BEP =

∑N1
i1=1 β̂

’
1,BExi1,BE +

∑N0
i0=1 β̂

’
0,BExi0,BE (TB eqs. with AT)

∑N1
i1=1 β̂

’
1,BExi1,BE +

∑N0
i0=1 β̂

’
0,BExi0,BE (TB eqs. without AT)

SC2MA-SC2: Not separating RC=1 and RC=0 individuals for the BEP computation, 
even though they have separately-estimated outcome equations. Aside from the 
separate outcome equations, this is the same formulation as for the native SC1MB-SC1. 

BEP =

∑N1
i1=1 β̂

’
1,BExi1,BE

N1
−

∑N0
i0=1 β̂

’
0,BExi0,BE

N0
(TB eqs. with AT)

∑N1
i1=1 β̂

’
1,BExi1,BE

N1
−

∑N0
i0=1 β̂

’
0,BExi0,BE

N0
(TB eqs. without AT)

SC2MB-SC2: Separating RC=1 and RC=0 individuals, as with treatment effects BEPs. 
This formula represents the difference in average modular effects between treated and 
untreated individuals, with (numerator) and without (denominator) controlling for 
RSS. Same as the native SC1MC-SC1, except that the coefficients differ between RC = 1 
and RC = 0 cases. 

1-equation propensity score regression (PSR) 

BEP =
β̂RC (PS eq. with AT, TB eq. with AT & PS)

β̂RC (TB eq. without AT or PS)

SC1MA-PSR1: Same as the native SC1MA-SC1, except that the numerator models 
include PS and AT (controls for self-selection). 

BEP =

∑N
i=1 β̂

’
BExi,BE

N
(PS eq. with AT, TB eq. with AT & PS)

∑N
i=1 β̂

’
BExi,BE

N
(TB eq. without AT or PS)

SC1MB-PSR1: Same as the native SC1MB-SC1, except that the numerator models 
include PS and AT. 

BEP =

∑N1
i1=1 β̂

’
BExi1,BE

N1
−

∑N0
i0=1 β̂

’
BExi0,BE

N0
(PS eq. w/AT, TB eq. w/AT & PS)

∑N1
i1=1 β̂

’
BExi1,BE

N1
−

∑N0
i0=1 β̂

’
BExi0,BE

N0
(TB eq. without AT or PS)

SC1MC-PSR1: Same as the native SC1MC-SC1, except that the numerator models 
include PS and AT. 

2-equation propensity score regression (PSR) 

BEP =

∑N1
i1=1 β̂

’
1,BExi1,BE +

∑N0
i0=1 β̂

’
0,BExi0,BE

N
(PS eq. with AT, TB eqs. with AT & PS)

∑N1
i1=1 β̂

’
1,BExi1,BE +

∑N0
i0=1 β̂

’
0,BExi0,BE

N
(TB eqs. without AT or PS)

SC2MA-PSR2: Same as SC2MA-SC2, except that the numerator models include PS and 
AT (controls for self-selection). 

BEP =

∑N1
i1=1 β̂

’
1,BExi1,BE

N1
−

∑N0
i0=1 β̂

’
0,BExi0,BE

N0
(PS eq. with AT, TB eqs. with AT & PS)

∑N1
i1=1 β̂

’
1,BExi1,BE

N1
−

∑N0
i0=1 β̂

’
0,BExi0,BE

N0
(TB eqs. without AT or PS)

SC2MB-PSR2: Same as SC2MB-SC2, except that the numerator models include PS and 
AT. 

Sample selection (SS) 

BEP =

∑N1
i1=1 β̂

’
1,BExi1,BE +

∑N0
i0=1 β̂

’
0,BExi0,BE

N
(Sel. eq. with AT, TB eqs. with AT & IMR)

∑N1
i1=1 β̂

’
1,BExi1,BE +

∑N0
i0=1 β̂

’
0,BExi0,BE

N
(TB eqs. without AT or IMR)

SC2MA-SS: Same as SC2MA-SC2, except that the numerator models include IMR and 
AT (controls for self-selection). 

BEP =

∑N1
i1=1 β̂

’
1,BExi1,BE

N1
−

∑N0
i0=1 β̂

’
0,BExi0,BE

N0
(Sel. eq. with AT, TB eqs. with AT & IMR)

∑N1
i1=1 β̂

’
1,BExi1,BE

N1
−

∑N0
i0=1 β̂

’
0,BExi0,BE

N0
(TB eqs. without AT or IMR)

SC2MB-SS: Same as SC2MB-SC2, except that the numerator models include IMR and 
AT.  

13 Note that this measure also includes the effects of any systematic differences 
in the SE variables between treatment and control cases. 14 There is no PSMTA-PSM BEP. 

D. van Herick and P.L. Mokhtarian                                                                                                                                                                                                        



Research in Transportation Economics xxx (xxxx) xxx

12

where m denotes untreated cases that have been matched to treated 
ones, and treated cases for which an untreated match could be found. As 
mentioned, YRC=1 − YRC=0 is the “observed influence,” representing the 
total effect (combining built environment and self-selection influence) of 
living in an urban/traditional neighborhood compared to living in a 
suburban neighborhood. It is the difference in average behavior between 

unmatched RC = 1 and RC = 0 residents (i.e. the entire sample). ŶRC=1−

ŶRC=0 is the difference between matched RC=1 and RC=0 individuals, 
and represents the “true” effect of living in an urban/traditional envi-

ronment. We use “Ŷ” rather than “Y” in this instance to reflect that 
matching is, in effect, allowing us to predict a value for the difference 
(between treated and untreated cases) that is a more true estimate of the 
treatment effect than the raw difference is. This notation also allows for 
consistency with the formulas when the concept is cross-applied, where 
in lieu of matching, controlling for self-selection is accomplished 

Table 5 
Treatment effects (PSM-Based) - cross-applications.  

BEP formula Label and explanation 

1-equation propensity score regression (PSR) 

BEP =
ŶRC=1 − ŶRC=0 (PS eq. with AT, TB eq. with AT & PS)

YRC=1 − YRC=0 (obs. inf .)

PSMTB-PSR1: The same basic idea of taking the difference in average outcomes is used. 

The numerator is the difference between Ŷs for each group. As with the native 
application of the PSM BEP, the numerator represents the results when control for self- 
selection is present (here, that control is enacted by including the attitudes and the 
propensity score, whereas the act of matching played that role in PSM). The denominator 
is the same as for the native application to PSM.  

BEP =
ŶRC=1 − ŶRC=0 (PS eq. with AT, TB eq. with AT & PS)

ŶRC=1 − ŶRC=0 (TB eq. without AT or PS)

PSMTA-PSR1: The numerator is the same as for PSMTB-PSR1. The denominator, 
however, is the difference in the average predicted outcomes (rather than the observed 

outcomes of PSMTB-PSR1), Ŷ, between RC = 1 and RC = 0 groups, using an equation that 
does not control for self-selection.  

1-equation statistical control (SC) 

BEP =
ŶRC=1 − ŶRC=0 (TB eq. with AT)

ŶRC=1 − ŶRC=0 (TB eq. without AT)

PSMTA-SC1: Same as PSMTA-PSR1 but PS is omitted. 

BEP =
ŶRC=1 − ŶRC=0 (TB eq. with AT)

YRC=1 − YRC=0 (obs. inf.)

PSMTB-SC1: Same as PSMTB-PSR1 but PS is omitted. 

Sample selection (SS) 

BEP =
ŶRC=1 − ŶRC=0 (Sel. eq. with AT, TB eqs. with AT & IMR)

ŶRC=1 − ŶRC=0 (sep. TB eqs. without AT or IMR)
(conditional Ŷis in 

numerator and denominator)  

PSMTA-SS-C: Similar formula as previous PSMTA-** BEPs, but there are two outcome 

equations. The question is how to calculate ŶRC=1and ŶRC=0 (for the numerator only, 
since in that case we have probabilities of being in one group or the other, whereas there 
are no probabilities associated with the denominator equations). In this case, we use the 
conditional Ŷi (Ŷi, RC=1 if RC = 1 and Ŷi, RC=0 if RC = 0).  

BEP =
ŶRC=1 − ŶRC=0 (Sel. eq. with AT,TB eqs. with AT&IMR)

ŶRC=1 − ŶRC=0 (sep. TB eqs. without AT or IMR)
(probability-weighted Ŷis 

in the numerator)  

PSMTA-SS-P: In this case, we use the expected, or probability-weighted, Ŷi (Pr[RC = 1] 
× Ŷi,RC=1 + Pr[RC = 0] × Ŷi,RC=0) in the numerator. Although each Ŷi is the probability- 
weighted average of person i’s outcomes if living in each type of location, respectively, 
the resulting Ŷis are still averaged only across the people actually living in a given 
neighborhood type.  

BEP =
ŶRC=1 − ŶRC=0 (Sel. eq. with AT, TB eqs. with AT & IMR)

YRC=1 − YRC=0 (obs. inf .)
(conditional Ŷis in 

numerator and denominator)  

PSMTB-SS-C: Similar formula as 1-eq. PSMTB-** BEPs, but there are two outcome 
equations. In this case, the conditional Ŷis are used.  

BEP =
ŶRC=1 − ŶRC=0 (Sel. eq. with AT, TB eqs. with AT & IMR)

YRC=1 − YRC=0 (obs. inf .)
(probability-weighted Ŷis 

in the numerator)  

PSMTB-SS-P: Same as PSMTB-SS-C, but probability-weighted Ŷis are used in the 
numerator.  

2-equation statistical control (SC) 

BEP =
ŶRC=1 − ŶRC=0 (sep. TB eqs. with AT)

ŶRC=1 − ŶRC=0 (sep. TB eqs. without AT)

PSMTA-SC2: Same as PSMTA-SS, but in the numerator, only conditional Ŷis can be used 
for SC2 since there are no probabilities involved.  

BEP =
ŶRC=1 − ŶRC=0 (sep. TB eqs. with AT)

YRC=1 − YRC=0 (obs. inf.)
PSMTB-SC2: Same as PSMTB-SS, but in the numerator, only conditional Ŷis can be used 
for SC2 since there are no probabilities involved.  

2-equation propensity score regression (PSR) 

BEP =
ŶRC=1 − ŶRC=0 (PS eq. with AT, sep. TB eqs. with AT & PS)

ŶRC=1 − ŶRC=0 (sep. TB eqs. without AT or PS)
(conditional Ŷis in 

numerator and denominator)  

PSMTA-PSR2-C: Same formula as PSMTA-SS-C, except using PS instead of IMR. 

BEP =
ŶRC=1 − ŶRC=0 (PS eq. with AT, sep. TB eqs. with AT & PS)

YRC=1 − YRC=0 (obs. inf.)
(conditional Ŷis in 

numerator and denominator)  

PSMTB-PSR2-C: Same formula as PSMTB-SS-C, except using PS instead of IMR. 

BEP =
ŶRC=1 − ŶRC=0 (PS eq. with AT, sep. TB eqs. with AT & PS)

ŶRC=1 − ŶRC=0 (sep. TB eqs. without AT or PS)
(probability-weighted 

Ŷis in the numerator)  

PSMTA-PSR2-P: Same as PSMTA-PSR2-C, but using probability-weighted Ŷis in the 
numerator.  

BEP =
ŶRC=1 − ŶRC=0 (PS eq. with AT, sep. TB eqs. with AT & PS)

YRC=1 − YRC=0 (obs. inf.)
(probability-weighted 

Ŷis in the numerator)  

PSMTB-PSR2-P: Same as PSMTB-PSR2-C, but using probability-weighted Ŷis in the 
numerator.   
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through models that yield a predicted “true” difference in outcomes. 
Table 5 shows the cross-applications of the PSM-based treatment- 

effects BEP formula to other approaches. 
We have said little about BEPs based on propensity score stratifica-

tion (PSS), because the nature of PSS is unique compared to the other 
approaches, and the BEP formula is not cross-applicable. However, at 
least one study (Cao, 2010) has conducted a native application, and we 
include the formula here for completeness. If G strata are chosen, then 
each stratum contains approximately (1/G) × 100% of the cases, with 
individuals in the first stratum having the lowest propensity scores and 
the individuals in the Gth stratum having the highest propensity scores. 
The numerator of the BEP is calculated by taking a weighted overall 

average over strata of average treatment effects within each group 
stratum. The denominator, or total effect, is the same as for matching: 
the unstratified difference between the averages of treatment (RC = 1) 
and control (RC = 0) individuals (i.e. the observed influence). Hence, we 
have: 

BEP=

∑G

g=1

[

Ng

(
∑Ng,RC=1

i=1
Yi∈g,RC=1

Ng,RC=1
−

∑Ng,RC=0
i=1

Yi∈g,RC=0
Ng,RC=0

)]

N∑N1
i=1

Yi,RC=1

N1
−

∑N0
i=1

Yi,RC=0

N0  

=

∑G
g=1

[

Ng

(

Yi∈g,RC=1 − Yi∈g,RC=0

)]

N
(

YRC=1 − YRC=0

) , (PSST-PSS)  

where g indexes the gth stratum, g = 1, 2, …, G, and Ng is the number of 
cases in the gth stratum. 

3.3.3.2. Mover/stayer treatment effects sub-method. Two methods of 
estimating a treatment effects BEP have been employed in the context of 
a sample selection model in the literature. Zhou and Kockelman (2008) 
and Cao (2009) estimated the BEP in the context of the mover/stayer 
model, while Bhat and Eluru (2009) used bivariate copulas for the un-
derlying error-covariance structure between each outcome equation and 
the selection equation. We discuss each in turn. 

3.3.3.2.1. Zhou and Kockelman (2008), Cao (2009). For the mov-
er/stayer sample selection model, the BEP measure used by Zhou and 
Kockelman (2008) and Cao (2009) is:  

BEP=
ATE
TT

,

where ATE is the average treatment effect, and TT is the treatment effect 
on the treated. The papers do not make it clear whether the authors use 
the common shortcut of evaluating the TT expression at overall sample 
average values of x and w, nor is it clear whether ATE was averaged over 
the entire sample versus only over treated cases. To compute our cor-
responding BEP measure, we use the formulation in the Limdep 10 
manual (Greene, 2014), in which sample average means are used for 

ATE and for the TT as well. That is, the first component of the TT is 
estimated at the sample average (x), just as it was for the ATE in the 
numerator. The selection bias term is also estimated at the sample 
average (w). Specifically, we use: 

ÂTE =

(

β̂1 − β̂0

)’

x and

T̂T m =

(

β̂1 − β̂0

)’

x +

(

ρ̂1 σ̂1 − ρ̂0 σ̂0

)(
φ(̂α

’
w)

Φ(α̂
’
w)

)

giving   

A concern we have with this version is that it only uses the TT in the 
denominator. We speculate that these authors may have had the more 
common single outcome equation version of the Heckman sample se-
lection model in mind when doing so, in which outcomes are only 
observed for the treated (and hence it is natural to estimate treatment 
effects only for the treated). In our endogenous switching regression 
context (i.e. the mover/stayer model, with two outcome equations), by 
contrast, outcomes are observed for both the treated and the untreated 
(residents of both urban and suburban neighborhoods), and thus it is 
reasonable to consider estimating treatment effects for the untreated as 
well as for the treated. Furthermore, from the standpoint of designing 
policy precisely to influence the untreated to become treated, it is not 
only reasonable but critical to do so. The labeling of “treatment” and 
“control” groups is arbitrary, and choosing one or the other label for a 
given group while only considering the TT as the denominator could 
substantially change the results. 

Note that, in keeping with the substantively different meanings of the 
quantity labeled “treatment effect on the treated” (see Table 2), TT 
constitutes the numerator of the BEP for the PSM approach but the de-
nominator of the BEP for SS in the Zhou and Kockelman (2008) and Cao 
(2009) applications. In both instances the incorporation of TT is 
consistent with the concept of the BEP: in the denominator when (for SS) 
it reflects a “total” effect of the BE, and in the numerator when (for PSM) 
it reflects a “pure” effect. 

3.3.3.2.2. Bhat and Eluru (2009). Bhat and Eluru (2009) take a 
different approach. First, they extend their formulation to multiple 
scenarios using a copula-based approach in which the term used to 
control for selection (in our case, the IMR) varies among different types 
of models. Second, instead of using the TT as the denominator, Bhat and 
Eluru use the TTNT: the weighted average of the treatment effect on the 
treated (TT) and the treatment effect on the untreated (“TNT” in their 
study, which we label TUT). Again, these are evaluated for individuals 
first, and then averaged. Third, both their numerator and denominator 
are evaluated for individuals first, and then averaged across the relevant 
sample. In that case, the ATE numerator remains the same as for our 
formulation based on Zhou and Kockelman (2008) and Cao (2009), since 
(for a linear outcome equation) the average of the ATEi’s is the same as 
the ATE evaluated for the “average individual.” For the denominator, 
however, they further (as we also believe should be the case), estimate 

BEP=

(

β̂1 − β̂0

)’

x (Sel. eq. with AT, sep. TB eqs. with AT&IMR)
(

β̂1 − β̂0

)’

x +

(

ρ̂1 σ̂1 − ρ̂0 σ̂0

)(
φ(α̂

’
w)

Φ(̂α
’
w)

)

(Sel. eq. with AT, sep. TB eqs. with AT&IMR)
. (SST-SS-M1)   
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the TT and TNT only using the individuals in those respective groups (i.e. the 
individual-specific TT is only averaged across treated individuals and 
the individual-specific TNT is averaged across untreated individuals), in 
contrast to Limdep 10, which (as mentioned earlier) takes the average of 
explanatory variables across the entire sample for the TT. 

For completeness, we include both formulas. The following set of 
equations (SST-SS-F) follows the basic approach taken by Bhat and 
Eluru, estimating the treatment effect function, then taking the mean of 
the treatment effects across individuals. 

BEP=
ÂTE
̂TTNTf  

where ̂TTNTf denotes the sample average of the individual-specific 
estimated TT and TUT. 

Finally, we again follow the basic approach used by Bhat and Eluru, 
except estimating the numerator and denominator at the means of the 
covariates instead of averaging the ATE, TT, and TNT functions across 
individuals, in keeping with Limdep 10’s shortcut applied in SST-SS-M1: 

BEP=
ÂTE
̂TTNTm    

where ̂TTNTm denotes the group-size-weighted average of the estimated 
TT and TUT functions that have been evaluated at the sample means of 
their arguments. Note that the numerator is based on TB equations that 
include the IMR – so that the β̂s are consistent estimators of the true βs 
(e.g., Greene, 2012) – but the IMR itself is not included among the x 
variables. The numerator can be viewed as the average difference be-
tween the two conditions (treatment and control), in the portion of 

predicted y that is not associated with selection bias. 
Table 6 shows the SS-based treatment-effects BEP formula cross- 

applied to other approaches. 

4. Findings 

In this paper, we have identified three types of methods for 
computing the built environment proportion (variance explained, 
modular effects, and treatment effects) and initially proposed 47 specific 
formulas for computing the BEP (see Section 3 for details). Through 
conceptual analysis of the BEP formulas as well as empirical experi-
mentation with them, we found that a number of these BEPs turned out 

to be unusable, leading to just 28 potentially usable BEPs for further 
analysis. The patently unusable BEPs are shown in Fig. 2 with an “X” 
across the associated cells, and brief explanations of the reasons. We 
retain them in the presentation because their motivation initially 
seemed reasonable, and to alert future researchers to the problems 
associated with them. We now discuss some of the issues with the “X”ed 
BEPs and certain others. For parsimony in exposition, specific BEPs are 
referred to by their labels, and as such this section is probably best read 
with frequent consultation of Fig. 2. 

One problem arises with the BEP native to the mover/stayer model 
(Bhat & Eluru, 2009): it is essentially identically equal to 1.0. As 
mentioned in Section 3.2, Wooldridge (2015) shows that the bias terms 

in the sample selection (SS) model definitions of TT and TUT sum to 
zero, which means that ATE can be decomposed into the weighted 
average of the TT and TUT. Since the ATE is the numerator of the native 
SS BEPs and the weighted average of TT and TUT is the denominator, the 

=

(

β̂1 − β̂0

)’

x (Sel. eq. with AT, TB eqs. with AT & IMR)

1
N1 + N0

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

N1

⎧
⎪⎪⎨

⎪⎪⎩

(

β̂1 − β̂0

)’

xRCi=1 +

(

ρ̂1 σ̂1 − ρ̂0 σ̂0

)

⎛

⎜
⎜
⎝

φ
(

α̂’wRCi=1

)

Φ
(

α̂’wRCi=1

)

⎞

⎟
⎟
⎠

⎫
⎪⎪⎬

⎪⎪⎭

+N0

⎧
⎪⎪⎨

⎪⎪⎩

(

β̂1 − β̂0

)’

xRCi=0 +

(

ρ̂1 σ̂1 − ρ̂0 σ̂0

)

⎛

⎜
⎜
⎝

− φ
(

α̂’wRCi=0

)

Φ
(

− α̂’wRCi=0

)

⎞

⎟
⎟
⎠

⎫
⎪⎪⎬

⎪⎪⎭

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(Sel. eq. with AT, TB eqs. with AT and IMR)

(SST-SS-M2)   

=

(

β̂1 − β̂0

)’

x (Sel. eq. with AT, TB eqs. with AT& IMR)

1
N1 + N0

⎡

⎢
⎢
⎢
⎢
⎣

∑

RCi=1

{(

β̂1 − β̂0

)’

xi,RCi=1 +

(

ρ̂1 σ̂1 − ρ̂0 σ̂0

)(
φ
(

α̂’wi,RCi=1
)

Φ
(

α̂’wi,RCi=1
)

)}

+
∑

RCi=0

{(

β̂1 − β̂0

)’

xi,RCi=0 +

(

ρ̂1 σ̂1 − ρ̂0 σ̂0

)(
− φ
(

α̂’wi,RCi=0
)

Φ
(
− α̂’wi,RCi=0

)

)}

⎤

⎥
⎥
⎥
⎥
⎦

(Sel. eq. with AT,TB eqs. with AT and IMR)

(SST-SS-F)   
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BEP is exactly 1.0 for SST-SS-F, and in application SST-SS-M2 was also 
very close to 1.0.15 For more details, see van Herick (2018). 

Since SST-SS-F is employed in the native context of the mover/stayer 
model, we must also question the validity of SST-PSR2-F and SST-SC2-F 
(as well as SST-PSR2-M2 and SST-SC2-M2), which are based on it. 
Indeed, they had their own issues beyond the problem that arises from 
SST-SS-F being identically equal to 1.0. SST-PSR2-F was often negative, 
while SST-SC2-F was greater than 1.0 in our empirical application.16 We 
did attempt to modify the SST-SS-F formula so that it was logically and 
mathematically consistent with the mover/stayer model. However, no 
particular BEP was completely satisfying (see van Herick, 2018 for 
further discussion). 

The other BEP native to the mover/stayer approach (SST-SS-M1) was 
not conceptually appealing, given that it only contained the treatment 
effect on the treated (TT) in the denominator. In the context of an 
endogenous switching regression (i.e. the mover/stayer model, with two 
outcome equations), outcomes are observed for both the treated and the 
untreated. Given that in such cases the labeling of “treatment” and 

“control” groups is arbitrary, we believe the BEP formula should be 
label-agnostic. What is certainly true is that choosing one or the other 
label for a given group while only considering the TT as the denominator 
could substantially change the results. 

In short, none of the BEPs based on the SS approach were usable/ 
appropriate, which was unexpected. A priori, we had considered the SS 
approach superior to propensity score (PS) approaches, since the former 
controls for selection on unobservables, while the latter controls only for 
selection on observables. Accordingly, we had expected to prefer the SS- 
based BEPs, on theoretical grounds. 

Systemic problems also appeared when cross-applying the PSM- 
based BEP to two-equation regression-based approaches in which the 
conditional predicted values are used in the formula for the BEP. In these 
cases, the BEP also becomes exactly 1.0. This is a direct result of having 
two outcome equations, since, as a general property of standard least 

squares regression models (e.g., Greene, 2012), YRC=1 = ŶRC=1 and 

YRC=0 = ŶRC=0 and therefore ŶRC=1 − ŶRC=0 (the numerator of the BEP) 
is equal to YRC=1 − YRC=0 (the denominator). This issue affected the six 
BEPs PSMTA-SC2, PSMTB-SC2, PSMTA-PSR2-C, PSMTB-PSR2-C, 
PSMTA-SS-C, and PSMTB-SS-C. 

These considerations, together with the empirical results for some of 
the other PSM-based treatment effects methods of Table 5, led us to 
retroactively question the rationale behind these cross-applications of 
PSM. The original idea was to take the difference in average outcomes 
between treated and untreated cases, where in the denominator that 
difference confounded the influence of the treatment with the selection 
effect, while in the numerator the selection effect was controlled for. In 
its native form (PSMTB-PSM), matching treated and untreated cases 
based on their having similar propensities would indeed control for the 
selection effect, because it narrows the sample to the “propensitorily 
comparable” subset in each treatment group. In essence, matching 

Table 6 
Treatment effects (SS-Based) - cross-applications.  

BEP formula Label and explanation 

2-equation propensity score regression (PSR) 

BEP =
(β̂1 − β̂0)

’x (PS eq. with AT, sep. TB eqs. with AT & PS)

1
N1 + N0

⎡

⎢
⎣

N1{(β̂1 − β̂0)
’xRCi=1 + (ρ̂1 σ̂1 − ρ̂0 σ̂0)(Φ(α̂’wRCi=1))}

+N0{(β̂1 − β̂0)
’xRCi=0 + (ρ̂1 σ̂1 − ρ̂0 σ̂0)(Φ(α̂’wRCi=1))}

⎤

⎥
⎦

(PS eq. with AT, sep. TB eqs. with AT and PS)

SST-PSR2-M2: The controlling mechanism for self-selection in a (two-step)  
mover/stayer model is the inclusion of the IMR terms from the selection  
equation. The controlling mechanism for self-selection in the case of the  
propensity score regression model is the inclusion of the propensity score  
in the regression model. Here, we replace the IMR in SST-SS-M2 with its  
analog (the propensity score) in the BEP. 

BEP =
(β̂1 − β̂0)

’x (PS eq. with AT, sep. TB eqs. with AT & PS)

1
N1 + N0

⎡

⎢
⎣

∑

RCi=1
{(β̂1 − β̂0)

’xi,RCi=1 + (ρ̂1 σ̂1 − ρ̂0 σ̂0)(Φ(α̂’wi,RCi=1))}

+
∑

RCi=0
{(β̂1 − β̂0)

’xi,RCi=0 + (ρ̂1 σ̂1 − ρ̂0 σ̂0)(Φ(α̂’wi,RCi=1))}

⎤

⎥
⎦

(PS eq. with AT, sep. TB eqs. with AT and PS)

SST-PSR2-F: Again, we replace the IMR in SST-SS-F with the PS in the BEP. 

BEP =
(β̂1 − β̂0)

’x (PS eq. with AT, sep. TB eqs. with AT & PS)
(β̂1 − β̂0)

’x + (ρ̂1 σ̂1 − ρ̂0 σ̂0)(Φ(α̂’w))
(PS eq. with AT, sep. TB eqs. with AT and PS)

SST-PSR2-M1: Again, we replace the IMR in SST-SS-M1 with the PS in the BEP. 

2-equation statistical control (SC) 

BEP =
[(β̂1 − β̂0)

’x]SE+BE (TB eqs. with AT)

1
N1 + N0

⎛

⎝N1[(β̂1 − β̂0)
’xRCi=1]SE+BE+AT

+N0 [(β̂1 − β̂0)
’xRCi=0]SE+BE+AT

⎞

⎠ (TB eqs. with AT)

SST-SC2-M2: In SST-SS-M2, self-selection was assumed to be controlled for  
through the IMR. In this BEP (SST-SC2-M2), we make the assumption that  
self-selection is controlled for through attitudes. In the numerator, the attitudinal  
controls are omitted in taking the difference in treatment effects, just as the  
IMR term was omitted from the numerator of SST-SS-M2 (for the present BEP,  
these are no longer true treatment effects, but an analog), though not omitted  
from the estimation of the model. In the denominator, the attitudes are included  
(just as the IMR was in SST-SS-M2). 

BEP =
[(β̂1 − β̂0)

’x]SE+BE (TB eqs. with AT)

1
N1 + N0

⎛

⎝

∑

RCi=1
{[(β̂1 − β̂0)

’xi,RCi=1]SE+BE+AT}

+
∑

RCi=0
{[(β̂1 − β̂0)

’xi,RCi=0]SE+BE+AT}

⎞

⎠ (TB eqs. with AT)

SST-SC2-F: Again, we replace the IMR or PS term with attitudes, as we did for SST-SC2-M2. 

BEP =
[(β̂1 − β̂0)

’x]SE+BE(TB eqs. with AT)
[(β̂1 − β̂0)

’x]SE+BE+AT(TB eqs. with AT)

SST-SC2-M1: Again, we replace the IMR or PS term with attitudes, as we did for SST-SC2-M2.  

15 For Bhat and Eluru’s (2009) more complex assumptions on the distribution 
of the error terms, this classical result apparently does not hold, and thus, these 
BEPs may be suitable in such instances.  
16 As explained in footnote 2 of Mokhtarian & van Herick, 2016, the only 

reason this ratio would not lie between 0 and 1 is if the true BE effect is in the 
opposite direction from the self-selection effect rather than in the same direc-
tion, which would suggest that a majority of people were attitudinally mis-
matched to the neighborhood they live in. Several studies have investigated 
mismatch (e.g., Schwanen & Mokhtarian, 2005), but we are not aware of any 
that have found such an extreme level of mismatch to have occurred. Accord-
ingly, we consider BEP values less than 0 or greater than 1 to be grounds for 
rejection. 
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removes the effect of residential self-selection (RSS) from the outcome. 
By contrast, however, the predicted outcomes in the numerators of the 
cross-applied PSM-based measures (averaged across all cases in each 
treatment group) are based on models that account for RSS, but the 
terms accounting for it (whether AT, PS, or IMR) are still included in the 
predicted outcome. Thus, the numerators of these BEPs do not isolate the 
(true) role of the built environment. 

Empirically, the one-equation PSTMA BEPs (i.e. PSMTA-SC1 and 
PSMTA-PSR1) took on values substantially greater than 1.0. On the 
other hand, the two-equation PSM-based BEPs involving probability- 
weighted Ŷ is in the numerator (PSMTA-SS-P, PSMTB-SS-P, PSMTA- 
PSR2-P, and PSMTB-PSR2-P) displayed plausible values and in general 
were considered to behave well (see van Herick & Mokhtarian, 2020 for 
details); perhaps the PS-based probability weighting performs some-
thing of the same role that matching does for the native application. 

It is also worth noting that, empirically, the treatment-effects BEPs 
related to propensity score matching were quite different than those 
related to sample selection, even though conceptually it may seem as 
though they should be measuring the same thing. Carefully considering 
the formulas in Tables 5 and 6, however, shows that the numerators of 
the SS-based formulas exclude the RSS-associated term (AT, PS, or IMR), 
while (as mentioned above) the numerators of the PSM-based formulas 
include them. Interestingly, in application, the magnitudes of the treat-
ment effects themselves for sample selection models were at least three 
times larger than the treatment effects for the PSM-based BEPs. 

5. Discussion/conclusions 

The motivation for this study was the interest in quantifying the 
share of the total apparent effect of a treatment that could properly be 
attributed to the treatment itself, after accounting for selection bias in 
the assignment of treatment. We approached the study from the context 
of evaluating the causal influence of the built environment on travel 
behavior in the presence of residential self-selection (RSS). While 
numerous studies have accounted for RSS, and a handful have quantified 
it, the overarching aim of this research was to take the first step toward 
answering the following question: Holding empirical context constant to 
the greatest extent possible, how do the approaches (i.e. models) used 
and the methods of (i.e. formulas for) estimating the self-selection effect 
change the answer, i.e. the estimated share of the built environment’s 
apparent total influence that is due to the built environment itself (a 
quantity which we call the “built environment proportion”, or BEP), and 
not due to other confounding influences? 

The specific objective of this paper was to identify, categorize, and 
conceptually analyze several methods (and numerous variations of those 
methods) for estimating the BEP. We selected three approaches 
commonly used to account for/control for self-selection: statistical 
control models (SC), propensity scores (PS), and sample selection (SS) 
models. After comparing the theory behind each of the approaches used 
to control for self-selection (Section 3.1) and useful measures associated 
with each of the approaches (Section 3.2), we then selected methods for 
measuring the BEP (Section 3.3). Variance-explained methods measure 
the share of total variability in the (travel behavior, TB) outcome that can 
be attributed to the (built environment, BE) treatment, with and without 
accounting for self-selection (via attitudes, AT) into the treatment. 
Modular-effects and treatment-effects methods both measure the extent 
to which the outcome variable itself changes because of treatment, with and 
without accounting for self-selection. Modular-effects methods focus on 
the incremental impact of the BE variable(s) on the TB variable of in-
terest, while treatment-effects methods focus on the difference in travel 
behavior between traditional (treated) versus suburban (untreated) 
dwellers. Thus, conceptually, modular effects methods “zoom in” on the 
effect of the built environment (no matter how large or small a part that 
is of the total difference in average outcomes), whereas treatment effects 
methods “zoom out” to the total differences in outcomes (after 

controlling for self-selection). 
The principal contribution of this paper is a methodological frame-

work, offering a number of ways in which the selection-biased effect of a 
collection of variables can be decomposed into the “true” effect plus the 
bias, and the share of the total effect that is “true” can be estimated. The 
approaches used in this study have been applied before, both to control 
for self-selection and to measure its effects. However, a systematic and 
extensive library of ways to quantify the share of interest has not pre-
viously been developed to our knowledge. We initially proposed a total 
of 47 BEPs, of which we eventually considered 28 to be theoretically and 
empirically worthy of further pursuit. 

The companion empirical paper of this study (van Herick & Mokh-
tarian, 2020) applies the BEP formulas identified here to a specific 
context, yielding multiple (and diverse) estimates of the BEP. The paper 
then presents a methodological framework for determining which BEP 
(s) is (are) “best”, both in terms of the fit of the models that produce 
them and the stability of the BEPs across various dimensions. 

The BEP methods developed in the present paper can be applied to 
innumerable contexts beyond our setting of estimating the causal in-
fluence of the built environment on travel behavior in the presence of 
residential self-selection. With appropriate modifications, it could be 
applicable to almost any treatment evaluation context involving a 
continuous outcome variable, two conditions (“treated” and “un-
treated”), and cross-sectional observational data subject to a selection 
bias. 

Several avenues of future research are suggested. With respect to the 
generic evaluation context just described, it would be useful to have tests 
of statistical significance for the proposed BEP measures. To broaden 
applicability even further, it would be desirable to adapt the methods 
identified here to cases involving a binary, multinomial, or ordinal 
outcome variable; to multiple-equation (e.g. structural equation models) 
and longitudinal approaches; to more than two conditions; and to 
continuous treatment measures. Pursuant to the discussion in Section 
3.2, it would also be pertinent, for some applications, to reorient the BEP 
formulas toward properly assessing the treatment effect on the treated, 
rather than the average treatment effect which was the target of our own 
application. It is further of interest to compare the performance of the 
methods involving the propensity score, with and without attitudinal 
variables, to test the value of methods that can only control for observed 
sources of selection bias when the primary sources (attitudes) are 
unobserved. 

Finally, with respect to the application domain of the present paper, 
we hope that by studying multiple scenarios in multiple empirical con-
texts in the future, we and other scholars can eventually identify pat-
terns with respect to the BEP – patterns both context-specific and 
context-independent. 
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