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Abstract

This paper resolves a longstanding debate about the reliability of matching and regression
methods of causal inference in nonexperimental settings. Following Lalonde (1986), data from
a randomized experiment is used to establish benchmark estimates of average and quantile
effects of job training. Then, to create the kind of observational setting and dataset typically
encountered within the social sciences, data from the experimental control group is replaced
by data from national surveys. The goal is to determine which statistical methods, if any, are
able to use the observational data to recover results obtained from the randomized experiment.
Quantile effects are shown to be an important and interesting quantity of interest unable, in
many cases, to be reliably calculated via quantile regression. A new matching method called
genetic matching is shown to be more robust across datasets than quantile regression and useful
for reliably calculating average and quantile effects. Genetic matching results demonstrate that
contrary to claims by both Dehejia and Wahba (1999, 2002) and Smith and Todd (2003a, c),
it is possible to make reliable causal inferences across a range of models and datasets, even
when two years of pretreatment earnings are unavailable.

Introduction

Econometricians intend their empirical studies to reproduce the results of experiments

that use random assignment. . . One way, then, to evaluate econometric methods is to

compare them against experimentally determined results. Lalonde (1986)

This paper evaluates the ability of quantile regression and matching estimators to recover average

and quantile treatment effects in nonexperimental settings. Following in the footsteps of Lalonde

(1986) and Dehejia and Wahba (1999, 2002) (hereafter, “DW”), data from a nationwide job train-

ing program are used to test the accuracy and precision of these econometric techniques. This

job training program was conducted as a field experiment. Participants were randomly selected

from the pool of applicants, and therefore the experimentally determined causal effects are easily
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estimable. To test the different econometric estimators as they are typically used by practitioners

in the field (as tools for causal inference in nonexperimental settings), statistical analyses are run

with survey data substituted for the experimental control sample.

Although this dataset has been examined many times (Smith and Todd 2003a, c; Heckman

and Hotz 1989; Firpo 2004) and has been widely distributed to serve as a teaching tool for use

with matching software (Abadie and Imbens 2003; Ho et al. 2004b; Sekhon 2005c), there are three

reasons that this paper is able to extract new information and reach new conclusions. First and

most importantly, a new technique called genetic matching is shown to significantly boost the

degree of balance achieved via full multivariate matching. Without genetic matching it is difficult

(if not impossible) to achieve a high degree of balance with this dataset, even though achieving

balance is precisely what the theorems require and conventional matching methods are designed

(and purport) to do. Secondly, this paper represents the only detailed study of median and quantile

treatment effects across all percentiles, across different model-and-data combinations discussed

in the literature, and across full matching, propensity score matching, and quantile regression

methods.1 By performing so many tests, with variation across models, data sets, and estimands,

the reliability and accuracy of the matching and regression methods under consideration are able

to be rigorously investigated. DW and others have focused on a single estimand, the average

treatment effect, which leaves open the possibility that their method works only for this particular

causal question in conjunction with this data set.

This paper’s third major design innovation is the way it estimates the experimentally determined

causal effects that serve as benchmarks against which matching and regression are judged. All

prior work has taken the experimentally determined causal effect as a fixed-point target. This

paper bootstraps confidence intervals for the experimentally-determined causal effects, estimating

the uncertainty associated with the true estimate. The magnitude of this underlying uncertainty

puts matching and regression-generated results in proper perspective. For example, a matching

estimate of median treatment effect that is $500 away from the original experimental estimate

is not problematic if the average bootstrapped experimental estimate is also $500 away from the

original experimental estimate.2

This research design is able to shed new light on a longstanding and important debate in

the econometrics literature and reveal inaccuracies in claims by both sides. Contrary to claims

by Smith and Todd (2003a, c), it is possible to use matching methodologies to reliably estimate

1Firpo (2004) very thoroughly explores the statistical properties of propensity-weighted quantile treatment effect
estimation methods. His paper includes a cursory examination of a single model and treatment/control group
combination for this data.

2The bootstrap, a simple resampling procedure, allows for inference about what would have happened had the
original experiment been repeated with new individuals drawn from the same population.
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average and quantile treatment effects. Contrary to claims by Dehejia and Wahba (1999, 2002), it is

possible to produce reliable, robust results without including two years of pre-intervention earnings

in one’s model of treatment assignment.3 Moreover, my results show that conventional approaches

to quantile regression are conspicuously vulnerable to data contamination and misspecification

bias, and are less reliable than intuitive matching estimators.

This paper deals with a single data set, and the generalizability of these results has yet to be

determined. Nevertheless, this is the canonical data set in the causal inference econometrics litera-

ture, and this job training program was chosen by Lalonde and DW and continues to provoke debate

because it is representative of a simple, common, and important type of causal inferential problem.

A scientist setting out to make causal inference from observational or imperfectly-randomized data

faces a daunting array of methodological choices. The goal of this paper is to point the way toward

a strategy for making good decisions on the road to reliable causal inference.

The following section presents a brief summary of Lalonde’s research design and explains how his

article sparked the present debate over Dehejia and Wahba’s results. Section 2 introduces the Rubin

model of causal inference—the theoretical framework upon which this entire enterprise rests—and

then goes on to define quantile regression, matching estimators, and associated diagnostic tests.

Section 3 discusses the data. Section 4 describes the analysis and section 5 interprets the results.

Section 6 concludes and suggests paths for future research.

1 Background

Lalonde (1986) drew upon data from a nationwide randomized job training experiment (the Na-

tional Supported Work Demonstration, or“NSW”) to illustrate the shortcomings of econometric

techniques that were sophisticated at the time and remain widely in use today. He obtained the

experimental treatment effect of training on earnings by subtracting the average outcome in the

control group from the average outcome among the treated. Then he simply compared this esti-

mate to the results of various statistical analyses that would have been reported by econometricians

evaluating the treatment effect without the benefit of a randomized control group. Lalonde’s work

revealed that standard econometric procedures (ordinary least squares and instrumental variable

regression) were unable to replicate the experimental results, and that conventional statistical di-

agnostics and specification tests were of little value. An investigator with no knowledge of the

true experimental outcomes would have no way of knowing which models, techniques, and non-

experimental control groups were able to produce accurate estimates of average treatment effects.
3Both sets of claims were made in the context of average treatment effects, but the authors’ statements give

every indication of expressing broader truth within the wider context of causal inference.
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Lalonde’s paper was one of several at the time (Hendry 1980; Leamer 1983) to openly challenge

the efficacy of widely-accepted methods and fuel the debate over causal inference in observational

settings.

More than a decade later, Dehejia and Wahba (1999) reconstructed Lalonde’s NSW data and

adopted his research design, claiming that methods based on matching were able to successfully re-

cover the average treatment effect for the treatment group “when the range of estimated propensity

scores of the treatment and comparison groups overlap, and when the variables determining assign-

ment to treatment are observed” (p. 1053). To many (though perhaps not to DW themselves)4,

propensity score matching addressed Lalonde’s challenge; their results were widely interpreted as

evidence that there was a reliable way to estimate average causal effects in nonexperimental settings

under certain testable conditions.

But not everyone was convinced. Jeffrey Smith and Petra Todd replicated DW’s results and

published a series of papers arguing that

Except in the special case of DW’s sample and their propensity score specification,

the matching estimators applied to the NSW data often exhibit substantial biases.

This finding is consistent with the fact that the NSW data combined with Lalonde’s

nonexperimental comparison groups do not place nonparticipants in the same local

labor markets as participants, do not measure the dependent variable (earnings) in the

same way across samples, and do not include a particularly rich set of covariates for

matching (Smith and Todd 2003b, p. 113).

These criticisms sparked a vigorous intellectual debate that continues to the present day. De-

hejia (2005) addresses some of the criticisms, but fails to adequately engage the question of how

the DW subsample of treated units was chosen. Even if one accepts DW’s argument for their

sample—that including and controlling for two years of pretreatment earnings is essential for one’s

model of treatment assignment—this seems inadequate justification for the subsample that DW

actually selected: “Why were individuals with zero earnings in months 13 to 24 before random

assignment who were randomly assigned after April 1976 included, while individuals with non-zero

earnings in months 13 to 24 before random assignment who were randomly assigned after April

1976 excluded?” (Smith and Todd 2003a)

Following ST’s criticisms, Dehejia (2005) became more explicit in his claims about robustness

4Contrary to the way some have interpreted their paper, Dehejia and Wahba (1999) did not claim that matching
estimators provide a magic bullet method for evaluating social experiments: “The methods we suggest are not
relevant in all situations. There may be important unobservable covariates. . . However, rather than giving up, or
relying on assumptions about the unobserved variables, there is substantial reward in exploring first the information
contained in the variables that are observed. In this regard, propensity score methods can offer both a diagnostic
on the quality of the comparison group and a means to estimate the treatment impact” (p. 1062).
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to model misspecification: “There is no reason to believe that. . . specifications selected specifically

for DW’s samples will balance the covariates in alternative samples” (p. 4). Smith and Todd

(2003a), in their rejoinder, “. . . in general agree that different applications will require different

propensity score specifications, it seems to us worrisome that small changes, such as restricting the

dates of random assignment in the treated sample or including and excluding some observations

with zero earnings, should require major changes in the propensity score” (p. 3).

The literature spawned by this debate identifies several different models of treatment assign-

ment for use with propensity score matching estimators, each model customized to work with a

particular experimental treatment group and a particular nonexperimental control group.5 These

specifications define very similar collections of pre-intervention characteristics that differ only by

their higher-order and interaction terms; none of these models are definitively focal.6 Nevertheless,

since these are the models suggested by the literature they are the first models to be assessed (and

roundly rejected) in section 4.

2 Methodology

2.1 The Rubin Model of Causal Inference

Rubin’s Causal Model (Holland 1986; Rubin 1974, 1977, 1978), the prevailing framework for causal

inference throughout the sciences, prompts three simple questions: (1) What are the units under

consideration? (2) What is the treatment and how is it assigned? (3) What are the outcomes of

interest? Under the Rubin Model, causal inference is defined in terms of the difference between

two sets of potential outcomes: potential outcomes under treatment and potential outcomes under

control. The fundamental problem of causal inference is that for each unit (be it an individual

person, a country-year, a DNA sequence, etc.), only one of these potential outcomes is actually

observed. A unit cannot be in both the treatment group and the control group (King and Zeng

2004). In the applied statistics community, causal inference is frequently likened to a missing data

problem, and the solution is to make appropriate inferences about missing potential outcomes.

To more formally characterize the Rubin model, I draw upon the notation and discussion

in Imbens (2003). Consider N units, indexed by i = 1, . . . , N , randomly drawn from a large

population. Let Yi(1) denote the potential outcome for individual i following treatment, and Yi(0)

denote the potential outcome for that individual in the absence of treatment. Let W be a treatment
5Experimental treatment groups include: (1) the full Lalonde group selected for treatment in the randomized

job training experiment, (2) DW’s group limited to those with two years of pre-treatment income data, and (3) a
third group constructed by ST to address their problems with DW’s chosen treatment group. This third group is
not utilized in this paper.

6A focal model is one that independent analyses would be expected to converge upon.
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indicator: 1 when i is in the treatment regime and 0 otherwise. SUTVA (Rubin 1978)—the stable

unit treatment value assumption, frequently referred to as noninterference among units—is assumed

to hold, assuring that each unit’s potential outcomes are independent of any other unit’s assignment

status, and that treatment is identically defined for all units (Imbens N.d). The observed outcome

for observation i is then

Yi = WiYi(1) + (1−Wi)Yi(0), (1)

and the effect of treatment for unit i may be defined as Yi(1) − Yi(0). The population average

treatment effect (ATE)7 is

τµ = E[Y (1)− Y (0)], (2)

and the population average treatment effect for the treated (ATT) is defined as

τµ
T = E[Y (1)− Y (0)|W = 1]. (3)

ATE is the average difference between the means of the two distributions of potential outcomes,

Y (1) and Y (0). ATT is this difference for the potential outcome distributions associated with

the treated units.8 Of the two estimands, ATT is frequently considered the more important be-

cause analysts and policymakers tend to care about the effect of treatment on those receiving the

treatment.

Quantile treatment effects are defined in an analagous fashion. The population quantile treat-

ment effect (QTE), at a quantile θ, is defined as

τθ = Qθ[(Y (1)]−Qθ[(Y (0)], (4)

and the population quantile treatment effect for the treated (QTET) is defined as

τθ
T = Qθ[(Y (1|W = 1)]−Qθ[(Y (0|W = 1)]. (5)

QTE is the difference between the θ quantile of the Y (1) and Y (0) distributions. QTET is

this difference for the treated units, and it is the quantity of interest for all of the analysis in this

paper. Quantile treatment effects have conventionally been estimated via quantile regression, and
7There are sample analogues for these population estimands. For example, the sample average treatment effect

for the treated is defined as 1
NT

P
i:W=1[Yi(1)− Yi(0)]. See Imbens (2003), pages 4-5, for an excellent discussion.

8Note that in a perfectly randomized experiment, τµ = τµ
T .
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this paper is among the first to comprehensively explore matching-based alternatives.

If treatment is assumed to have a homogenous effect, ATE may be interpreted as the effect of

the treatment on a single unit. In general, however, ATE is often interpreted as the typical effect

on a typical unit, even though this estimand may never actually be experienced by any unit, even

when estimated correctly. After all, the average of -2, -3, ,-4, -1, and 10 is zero, but zero neither

a good approximation of the central tendency, nor is it a quantity that is actually observed. In

this example the median, −2, is probably more informative than the mean, and is also a quantity

that is present within the data itself. The median (the 0.5th quantile) is also far less vulnerable

than the mean to influence by outliers at the tail of a distribution. Substitute 10,000 for 10 in the

distribution above and the mean skyrockets while the median remains constant.

ATE, ATT, QTE, and QTET are all relatively easy to estimate with data from a randomized

experiment because randomization eliminates all problems of selection bias. Given randomization,

there is no systematic difference between control and treated units prior to treatment. SATE and

ATE are equal and equivalent to E[Y (1)] − E[Y (0)], and the analogous equivalence obtains for

QTE and QTET. In nonexperimental settings, selection is nonrandom and these equivalences may

no longer be assumed. Let Xi denote a vector of unit-level characteristics (covariates) that are

assumed to be unaffected by the treatment.9

The two key assumptions that allow for causal inference in nonexperimental settings are:

Assumption 1 (Unconfoundedness)
(

Y (1), Y (0)
)
⊥⊥ W |X

Assumption 2 (Overlap) 0 < Pr(W = 1|X) < 1.

Unconfoundedness (Rosenbaum and Rubin 1983a) and overlap allow for identification of full mar-

ginal distributions of Y (1) and Y (0), and therefore causal effects may be estimated at any moment

or quantile. For estimation of ATT and QTET, a weaker unconfoundedness assumption is sufficient:

Y (0) ⊥⊥ W |X (6)

This assumption is sufficient because the effects under treatment for the treated units are observed:

it is their unobserved potential outcomes under control that must be assumed conditionally inde-

pendent of treatment assignment.

Rosenbaum and Rubin (1983a) showed that directly conditioning on all covariates is not nec-

essary if it is possible to accurately estimate a propensity score, defined as
9In practice, the validity of this assumption is often ensured by only including covariates measured prior to

treatment. Imbens (2003) notes that these covariates can include lagged outcomes.
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e(X) ≡ Pr(W = 1|X = x) = E[W |X = x]. (7)

Conditioning on the true propensity score eliminates all biases due to observable covariates. In

practice, propensity scores are typically estimated via logit, probit, or nonparametric regression.

2.2 Quantile Regression

Ordinary least squares regression (OLS) is the most commonly used method of causal inference,

even though the mantra of every introductory econometrics course is that regression results suggest

correlation, not causation. Still, regression may be used for causal inference when treatment

assignment is conditionally independent of outcomes, given X. In the absence of this assumption,

regression is simply a device for descriptive inference and prediction: it expresses the expected

value of the dependent variable as a function of observed covariates. For example, regression is

well-suited to answering questions like “What is the expected income for an unmarried 26-year old

college-educated black male living in a rented apartment in Cambridge, MA?” Another perfectly

reasonable OLS-type question is “What is the expected difference in weight after the first year of

life for a baby born after nine months versus a baby born after six months?”

One might be tempted to characterize the latter question in a causal way, as the causal effect

of an extra three months of gestation on weight. Rubin’s framework suggests that it would be

premature to make the leap to causal inference without first carefully considering the units, the

treatment assignment, and the potential outcomes. Were one to define treatment as an additional

three months in the uterus, valid causal inference would require achieving the conditional indepen-

dence of treatment assignment and outcomes—ie., balance across relevant unit-level pretreatment

characteristics. In this context the causal thought experiment may fail because the choice of unit

is not self-evident—is it a fetus, a mother, or some construct that combines the two? Or, the

thought experiment may fail because there is something fundamentally different about six-month

fetuses born prematurely and six-month fetuses born after an additional three months of gestation.

It may be interesting and important to estimate the difference in weights after one year of life for

premature versus non-premature fetuses, but it may be difficult (and intellectually incoherent) to

consider this question in the context of causal inference.

In quantile regression (QR) the expected value of conditional quantiles of the dependent vari-

able is expressed as a function of observed covariates. QR is well-suited for questions like, “Among

unmarried, college-educated black males in Cambridge, what are the expected earnings for individ-

uals at the 95th conditional percentile of income? And how does this upper-tail of the conditional
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distribution change if we look at individuals similar in every way, except that they are married?”

Another good QR question is “What is the expected difference in weights between the median

premature baby and the median regular baby? What about the difference in weights between the

babies in each group who are at the bottom 5% of their group’s weight distribution?”

Just as OLS defines the sample mean to be the solution to the problem of minimizing the

sum of the squared residuals, so too can the median be defined as the solution to the problem of

minimizing the sum of the absolute value of the residuals. Quantiles other than the median are

calculated by minimizing the sum of asymmetrically weighted absolute residuals, giving positive

residuals a different weight from negative residuals (Koenker and Hallock 2001). Let ρτ denote the

weighted absolute value function that yields the τ th sample quantile. This sample quantile is then

identified by solving

min
ξ∈<

∑
ρτ (yi − ξ). (8)

The formulas for quantile regression are very similar to those of OLS. Consider a dataset (y1, y2, . . . , yn).

Following the notation in Koenker and Hallock (2001), OLS solves

min
µ∈<

n∑

i=1

(yi − µ)2, (9)

producing the sample mean, an estimate of the unconditional population mean. Replacing the

scalar µ by a parametric function µ(xi, β) and solving

min
β∈<

n∑

i=1

(
yi − µ(xi, β)

)2

(10)

provides an estimate of the conditional expectation function E(Y |x). In quantile regression, an

estimate of the conditional quantile function at quantile τ is obtained by replacing ξ in the first

equation by the parametric function ξ(xi, β) and solving

min
β∈<

∑
ρτ

(
yi − ξ(xi, β)

)
. (11)

2.3 Matching

Matching, an increasingly popular method of estimating treatment effects, involves constructing an

artificial matched data set by matching units that share the same (or at least similar) pretreatment

characteristics. Units that do not get matched are typically discarded; the intuition here is that

these observations cannot support causal inferences about missing potential outcomes. To the
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degree that one believes that treatment assignment is ignorable and the appropriate matches have

been made, one may proceed to use the artificially constructed data set as though it were the

result of a matched-sample randomized experiment. Note that matching methodologies make

no assumption about the data-generating process; instead, all identification restrictions relate to

treatment assignment. This section describes the four matching methodologies used in this paper:

full matching, propensity score matching, robust propensity score matching (hereafter referred to

as robust matching), and full matching in concert with a genetic algorithm (hereafter referred to

as genetic matching).

2.3.1 Full Matching

An intuitive and nonparametric way to condition on Xi is to attempt exact matching on the

covariates. If the dimensionality of Xi is large, this approach becomes difficult (if not impossible).

Abadie and Imbens (2004) explore the properties of these estimators and show that if a fixed number

of matches is used, exact matching is inefficient, falling short of the semi-parametric efficiency bound

for treatment effects. Another problem with this technique is that the full matching estimator will

produce biases that do not disappear asymptotically under the standard
√

N normalization, and

therefore a bias-correction adjustment is typically performed in these cases.10 These limitations

aside, full matching offers the benefits of an approach that makes no functional form assumptions.

It is also the only matching methodology for which confidence intervals and standard errors can

be reliably calculated at the present time (Abadie and Imbens 2004).

2.3.2 Propensity Score Matching

An alternative way to condition on Xi is to match on the propensity score, the probability of being

assigned to treatment (Rosenbaum and Rubin 1983a). Instead of trying to match each treated unit

to a control unit along multiple dimensions (age, income, blood pressure, etc.), one matches along

a single number between zero and one. Observations with the same propensity score have the same

probability of assignment to treatment, and therefore the covariates are independent of treatment

assignment conditional on the propensity score. Propensity score matching has long been a popular

method of causal inference in the biomedical sciences and program evaluation literature and is now

beginning to make inroads into political science (Epstein et al. 2004; Imai 2004; Sekhon 2005a, b;

Wand 2004).

In nonexperimental settings, p(Xi) is almost always unknown and must be estimated, typically

by a regression-based technique like logit or probit. In this paper, I use logit to perform propensity
10Bias correction was used for results presented herein.
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score matching, and I also use a new robust logit estimator Sekhon (2005d) designed to perform

reliably despite data contamination and model misspecification. Sekhon’s estimator downweights

y-misclassification outliers using a conditionally-unbiased bounded-influence approach (Kunsch,

Stefanski and Carroll 1989).11

Within the robust estimation literature, the influence function is defined as a measure of the

effect of an infinitesimal data contamination at x, y, standardized by the mass of the contamination.

The influence, therefore, of a particular observation, is an approximation of the effect of including

or deleting that observation. The main idea of bounded-influence estimation is to impose a bound

on the influence function, and then to find the most efficient estimator subject to the chosen bound

(Kunsch, Stefanski and Carroll 1989). Sekhon’s estimator downweights observations according to

their leverage and outlyingness, and thus should be less affected than classical estimators by the

inclusion or deletion of a few observations. The tradeoff here is that when classical assumptions

are met, classical estimators are going to be more efficient. Of course, when classical assumptions

are not met, classical estimates will be incorrect, and robust estimators are in general much more

likely to produce results in the neighborhood of the correct answer.

One of the most appealing aspects of propensity score matching is that even though regression

is typically utilized to estimate propensity scores, the values of the coefficients are of no interest.

All that matters is that the propensity score is an unbiased estimate of the probability of receiving

treatment. Of course, as is usually the case in empirical work, this critical condition is untestable.

2.3.3 Genetic Matching

As noted above, full matching makes no functional form assumptions, allows for reliable standard

errors and confidence intervals, and is highly intuitive. The problem with full matching is that it

is very difficult to find good matches when there are multiple pretreatment covariates, especially

when some of these covariates are continuous. In practice, analysts attempt to match units as

closely as possible. But what does it mean for two units to be similar? Consider the task of finding

a match for a black male with a college education, age 30. Which of the following is the better

match: a white male with a college education, age 30, or a black male with a college education,

age 35? The answer depends on the relative weight given to discrepancies in race versus age.

There are several variants on full matching and all require the specification of relative weights,

even though this part of the process is typically hidden from and forgotten by the data analyst.

Here are the steps associated with the simplest variant of one-to-one nearest-neighbor matching:

1. Selected covariates are normalized to mean zero, unit variance
11Sekhon’s estimator is also capable of downweighting x-outliers. I do not use this feature in the present analysis.
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2. Each of these normalized covariates are given a weight of one

3. One by one, each treated unit is matched to its most similar control unit, the control unit

with the smallest sum of squared discrepancies across all covariates.

The math behind the multidimensional weighting is very simple. Following Abadie, Drukker

and Herr (2001), let ‖x‖V =
√

x′V x be the vector norm with positive definite weight matrix V , and

‖z − x‖V be defined as the distance between vectors x and z. The full matching algorithm takes

each (normalized) treated unit vt, a k × 1 vector, and identifies the corresponding (normalized)

control unit12 vc that minimizes ‖vt− vc‖V . For each treated unit, the most similar control unit is

defined as the one closest in multidimensional covariate space.

The key insight of genetic matching (GM) is that the weighting scheme determines this closeness

in space, which in turn determines which units are matched and the consequent degree of balance

achieved. Some weighting schemes are strictly better than others, in that they lead to matches that

create better balance for all variables. GM gets its name from the genetic algorithm (GA) used

to search over the space of weighting schemes and identify those that improve ultimate balance.13

GAs are widely considered to be best-in-class for difficult problems of this type, where the search

space is large, complex, and poorly understood (Mebane and Sekhon 2004; Sekhon and Mebane

1998).

The GA works by mimicking natural evolutionary problem-solving processes whereby the fittest

individuals in a population produce offspring, generation after generation, that manifest their own

genetic legacy and some degree of random variation. The population evolves over time and when

fitness ceases to improve, the fittest individual represents the solution to the evolutionary problem.

In the context of genetic matching the GA evolves weight matrices V , potential solutions to the

search problem. Fitness is defined as a precise measure of balance achieved in the matched dataset

resulting from a given weighting scheme.

The set of covariates for which balance is required is not necessarily equivalent to the set of

covariates for which weights are assigned. For example, consider the NSW dataset, which contains

seven basic covariates (age, education, marital status, etc.). A strict test for balance (Sekhon 2005f)

would require it for each variable, each variable squared, and all their two-way interactions (35

covariates in all). Should the GA be sent searching for an optimal set of 35 weights? Probably not.

All else equal, fewer weights translate into a smaller search space and a simpler, quicker search.
12There may be more than one control unit matched to a treated unit, depending on the tolerance specified for

ties.
13The genetic algorithm used is available in Sekhon’s Rgenoud package developed for R (Sekhon 2005e), and is

also now built into his Matching package.
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The trade-off is that a smaller search space may exclude a solution producing matches that achieve

satisfactory balance.

The particular way that one defines balance should inform one’s choice of fitness measure;

the fitness measure is merely a tool, a means to the end of creating satisfactory balance. The

balance measures used in this project are the p-values associated with the paired t-test and the

Kolmogorov-Smirnov test. Section 2.5 discusses these tests in greater detail. Given that balance

is measured by looking at p-values, and that all else equal, higher p-values are associated with

higher balance, this project defined the fitness of a set of weights as the lowest p-value (after

full matching) of any covariate for which balance was required.14 More research is necessary to

ascertain the generalizability of this fitness measure and its appropriateness for use with other

datasets.

2.4 Using Matching to Estimate Mean and Quantile Effects

Assuming that some form of matching has successfully taken place, one’s matched treated and

control units now resemble the observable results of a well-executed randomized experiment: the

distribution of characteristics in the treated group should not be significantly different from the

distribution of characteristics in the control group. To recover the mean treatment effect, one

may simply subtract the mean outcome in the control group from the mean outcome among the

treated. For the median treatment effect, subtract the median outcome in the control group from

the median outcome among the treated. The same basic procedure is performed if a quantile other

than the median is desired.

Alternatively, one could match and then perform OLS or quantile regression on the artificial

data set. This two-stage regression-adjusted approach has the advantage of allowing the analyst to

potentially control for key covariates, reduce estimation uncertainty, and recover standard errors in

the usual fashion15 (Ho et al. 2004a). If one has matched effectively in the first-stage and achieved

a high degree of balance, the matching estimate should not change significantly when the regression

is applied in the second stage.

2.5 Testing for Balance

Balance across treated and control groups is an essential prerequisite for inference within the Ru-

bin Causal framework, and achieving balance is a primary objective of all matching estimators.
14I am very grateful to Alberto Abadie for suggesting this fitness criterion.
15Note that these standard errors do not reflect the estimation uncertainty associated with the first-stage matching

procedure.
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Unfortunately, perfect balance is almost always an impossible goal. In nonexperimental settings,

covariates selected by the analyst are mere approximations to the true forces that determine treat-

ment and outcomes. Even if one’s covariates really do matter, and are correctly chosen, it is

impossible to be certain that all necessary covariates have been identified.16 Precisely which co-

variates should be tested is an open question. The most common and least rigorous approach is to

test a small group of key covariates, or the collection of covariates included in the model of treat-

ment assignment. Sekhon has called for the adoption of much stricter standards, requiring balance

across all key covariates, these covariates squared, and two-way interactions of these covariates

(Sekhon 2005f).

Given that balance is so important, it is essential to be able to obtain some sense of the degree

to which balance has been achieved. There are several ways to proceed. The most common

approach is to use paired t-tests, covariate-by-covariate, to assess whether the means of variables

differ significantly across treatment and control groups. Higher t-statistics are associated with

lower p-values and greater imbalance across treated and control groups.

The Kolmogorov-Smirnov (KS) test is designed to detect differences across the entire distrib-

utions of two samples. It is sensitive to differences in the means and differences across all higher

moments as well. Applying the KS-test produces a D-statistic, and, as with the t-statistic, higher

D-statistics are associated with lower p-values and greater imbalance. A special feature of the KS

test is that it requires no distributional assumptions for the samples being tested, except that the

distributions be continuous. In practice, this continuity requirement has been frequently ignored

because alternative tests have been unavailable. Sekhon’s Matching package includes a new variant

of the KS-test that bootstraps to obtain correct coverage even when distributions are not continu-

ous (Abadie 2002). This paper applies Sekhon’s bootstrapped KS-test on a covariate-by-covariate

basis. Sekhon (2005f) also proposes a new multivariate bootstrap KS-test that assesses balance

across the estimated probabilities of treatment across matched treated and control groups. The

multivariate test requires an estimation step (a logit regression to estimate the probabilities of re-

ceiving treatment), as well as an additional sampling step at the end to deal with problems caused

by the logit’s nuisance parameters. This paper applies Sekhon’s multivariate KS-test as well.

As mentioned above, Sekhon’s test requires balance across the key variables as well as their

higher-order terms and interactions. Balance is assessed by all the tests above. All p-values are

required to be insignificant at conventional levels: the higher, the better. As a rule-of-thumb,

balance is considered to have been confidently achieved when all p-values are greater than 0.15
16There are methods of checking the sensitivity of matching results to threats from confoundedness (omitted

variables bias (Rosenbaum and Rubin 1983b).
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(Sekhon 2005f).

3 Data

The NSW Demonstration was a federally and privately funded program implemented in the mid-

1970s to provide work experience for 6–18 months to individuals facing economic and social dis-

advantages. Those randomly selected to join the program participated in various types of work.

Information on pre-intervention variables (pre-intervention earnings, as well as education, age, eth-

nicity, and marital status) was obtained from initial surveys and Social Security Administration

records. In this paper, as in all papers following the Dehejia and Wahba research design, only male

participants are included in the analysis.

Candidates eligible for the NSW were randomized into the program between March 1975 and

July 1977. According to Dehejia and Wahba (1999) one consequence of randomization over a

2–year period was that individuals who joined early in the program had different characteristics

than those who entered later. DW also note another consequence: that data from the NSW are

delineated in terms of experimental time. Lalonde (1986) annualized the experimental earnings

data because his nonexperimental comparison groups were delineated in calendar time. By limiting

himself to those assigned to treatment after December 1975, Lalonde ensured that retrospective

earnings information from the experiment included calendar 1975 earnings, a covariate which he

very sensibly included in his models. By likewise limiting himself to those who were no longer

participating in the program by January 1978, he ensured that the post-intervention data included

calendar 1978 earnings, his outcome of interest. The 1975 pre-intervention earnings and 1978 post-

interventions earnings data were available for both nonexperimental comparison groups, and the

size of the resulting sample was 297 treated observations and 425 control observations.

When they reviewed Lalonde’s work, Dehejia and Wahba (1999) cited theoretical and empirical

labor economics literature to support the claim that more than one year of pre-intervention earnings

were a necessary prerequisite for causal inference. Thus, DW limited themselves to the subset of

Lalonde’s NSW data for which 1974 earnings could be obtained: those individuals who joined the

program early enough for the retrospective earnings information to include 1974, as well as those

individuals who joined later but were known to have been unemployed prior to randomization.

It is the selection of this subset that provoked considerable criticism from ST17 ST’s objections

aside, DW’s subset of the randomized treated and control units retains a key property of the full

experimental data: treatment and control groups have essentially identical distributions of pre-
17See page 4 above.
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intervention variables, though this distribution differs from the distribution of covariates for the

larger sample. A difference in means for the relatively small DW sample remains an unbiased

estimator of the average treatment effect for this sample. This DW subset of the original Lalonde

experimental sample contains 185 treated and 260 control observations.

Table 1 replicates table 1 in Dehejia and Wahba (1999). The smaller DW subset differs from

Lalonde’s original sample, especially in terms of 1975 earnings. Nevertheless, the distributions of

pre-intervention variables within each sample are very similar across the treatment and control

groups; none of the differences is significantly different from zero at a 5% level of significance, with

the exception of the indicator for whether the individual graduated high school (“no degree”).

Lalonde’s nonexperimental estimates of the treatment effect were based on two different com-

parison groups: the Panel Study of Income Dynamics (PSID-1) and Westat’s Matched Current

Population Survey-Social Security Administration file (CPS-1). Table 1 shows these groups’ pre-

intervention characteristics as well. Both PSID-1 and CPS-1 differ nontrivially from the NSW

experimental treatment group in terms of age, marital status, ethnicity, and pre-intervention earn-

ings; all mean differences across treated and control groups are significantly different from 0 at

any conventional significance level, except the indicator for “Hispanic”. To bridge the gap between

treatment and comparison groups in terms of pre-intervention characteristics, Lalonde extracted

subsets from PSID-1 and CPS-1 (denoted PSID-2 and -3, and CPS-2 and -3) that were similar to

the treatment group in terms of single pre-intervention characteristics (such as age or employment

status. PSID-2 selects from the PSID-1 group all men who were not working when surveyed in

spring of 1976; PSID-3 selects from the PSID-1 group all men who were not working when surveyed

in either spring of 1975 or 1976; CPS-2 selects from CPS-1 all males who were not working when

surveyed in March 1976; CPS-3 selects from the CPS-1 unemployment males in 1976 whose income

in 1975 was below the poverty level. CPS-1 has 15,992 observations, CPS-2 has 2,369 observations,

and CPS-3 has 429 observations; PSID-1 has 2,490 observations, PSID-2 has 253 observations, and

PSID-3 has 128 observations.

According to Lalonde, these smaller comparison groups were composed of individuals whose

characteristics were similar to the eligibility criteria used to admit applicants into the NSW pro-

gram, although this table clearly shows that the subsets remain substantially different from the

control group, and indeed from each other.18 Because Lalonde’s study and the NSW experiment

took place so many decades ago, it is impossible to know precisely how and why the CPS- and

PSID-2, and -3 subsets were constructed. Given the 2 different treatment groups and the six
18Lalonde’s paper reports that he experimented with matching the comparison groups even more closely to the

pre-training characteristics of the experimental sample, but found these closely matched comparison groups were
extremely small.
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different control groups, there are a total of 12 different data combinations in all.

4 Analysis

There is wide agreement in the literature that regression-based methods are unable to reliably

estimate average treatment effect of the NSW, but the reliability of quantile regression remains

untested. Prior work with this dataset has taken the experimentally-determined causal effect to

be a fixed point—i.e., the true ATT for Lalonde’s sample is $886 and the true ATT for DW’s

sample is $1794. This paper bootstraps confidence intervals for the experimentally-determined

causal effects, estimating the uncertainty associated with the true estimate. The magnitude of

this underlying uncertainty puts matching and regression-generated results in proper perspective.

Bootstrapped confidence intervals for the original experiment results (the ATT and the 10th, 50th,

and 90th quantile effects) are provided in table 2.

Quantile regressions were performed using each of the six models identified by (Dehejia 2005),

on each of 12 different treated/control group combinations, for a total of 72 separate analyses.19

The quantity and variety of regressions run is a reflection of the fact that none of these models are

definitively focal. There is no particularly compelling reason for an analyst to choose one model

over another when the only difference between them is the inclusion of a single interaction or higher-

order term. Evaluating so many different models and datasets allows for a rigorous examination of

the results’ robustness to model misspecification. Estimates of treatment effects at the 10th, 50th,

and 90th quantiles are shown in table 3. Figures 1 and 2 show quantile regression estimates across

all quantiles for CPS-2 and CPS-3.20

The theorems that support matching methods require balance across treatment and control

groups; it makes no sense to use matching to estimate causal effects if balance has not been

achieved. Yet Dehejia’s models do not achieve adequate balance, even when judged by the most

lenient standards.21 Consider the data combination that should be most favorable to Dehejia’s
19Four of Dehejia’s six models (models 2, 3, 5, and 6) involve 1974 earnings (RE74), a covariate that is missing for

more than half of Lalonde’s experimental treated sample and available for all nonexperimental comparison groups.
Matching on missingness here would not work because none of the control groups have missing data, so balance
could never be achieved. In the four models that incorporate RE74, I simply leave it out when using Lalonde’s
experimental sample (eg., in model 5, the interaction term “No Degree*RE74=0” becomes simply “No Degree”).
Results in the following section show that these models performed very reliably even when used on the Lalonde
sample for which they were never intended. A list of all six models follow: (1) RE75, married, black, hispanic, age,
education, married*unemployed1975, nodegree*RE75, age2; (2) RE74, RE75, married, black, hispanic, education,
age, black*age; (3) constant, RE74, married, black, hispanic, education, age, nodegree*(RE75=0), RE742; (4)
RE75, married, black, hispanic, age, education, black*education, hispanic*RE75, nodegree*education; (5) RE74,
RE75, married, black, hispanic, education, age, married*(RE75=0), nodegree*(RE74=0); (6) RE74, RE75, married,
black, hispanic, education, age, hispanic*education, RE742. All models include a constant term, and the components
of interaction terms are not included on their own unless explicitly specified as covariates in their own right.

20Results for CPS-1 were not shown because quantile regression’s poor performance in this case is clear enough
from table 3.

21For this observation I am grateful to Jasjeet Sekhon.
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position, the DW treated subset combined with the largest control group, CPS-1. He purports to

have a particular propensity score model that achieves balance for these data. Yet, after using his

model to create a matched dataset, a simple paired t-test performed covariate-by-covariate across

treated and control groups shows a p-value for the variable ’no degree’ of 0.01, signaling significant

imbalance. The p-value for ’age’ is 0.09, significant at the 10% level. Many interaction terms

(eg., age*nodegree) that show a significant difference at the 1% level. Moreover, when bootstrap

KS-tests are performed covariate-by-covariate, nearly all variables show very significant differences.

These results, and corresponding results for the PSID data and the original Lalonde treated group

are provided in table 4.

In fact, Dehejia’s customized models do not achieve a high degree of balance for any of the

dataset combinations, even those combinations for which they were specifically designed. After

an exhaustive search for balance performing full, propensity score, and robust propensity score

matching methods across the six models and 12 data combinations, none of the resulting 216 cases

satisfied Sekhon’s strict balance test (Sekhon 2005f). When the standard for balance was lowered—

requiring t-test p-values greater than 0.05 for only the variables included in the model of treatment

assignment—eight cases passed muster. Five were cases of propensity score matching, two were

robust matching, and one was full matching. Seven involved the DW subsample; only one utilized

the original Lalonde treatment group. Estimates of these models’ mean and median treatment

effects are provided in table 5, and are clearly unreliable.

Genetic matching was also performed on the Lalonde and DW treated groups in combination

with CPS-1 and PSID-1 control groups. CPS-2, CPS-3, PSID-2, and PSID-3 were excluded because

in a real analysis, they would never be constructed or used by anyone doing genetic matching; the

larger and more diverse the control group, the easier it is to make good matches. GM requires

specification of a weight vector and a fitness measure. To test the sensitivity to particular specifi-

cations, analyses were rerun several times with different sets of weight vectors. The fitness measure

was defined as the smallest p-value obtained from paired t-tests and KS-tests across all the covari-

ates, their quadratic terms, and all two-way interactions. Only cases that passed Sekhon’s strict

test were included in the analysis, which eliminated all attempts with PSID-1. Estimates of mean

and median treatment effects are provided in table 6, showing results from the first ten cases that

met the strict test. Figure 3 shows how the GM-estimated quantile treatment effects compare to

the experimental results at every quantile. These results are reliable for nearly all quantiles, across

all models, even when using the Lalonde sample that includes only a single year of pretreatment

earnings.
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5 Discussion

Experimental results in table 2 suggest that quantile effects are increasing across the quantiles

for both the Lalonde and DW samples, and the effects in DW’s sample are considerably larger.

The black circles and dotted lines in figures 1, 2, and 3 tell the same story in greater detail,

showing no effects whatsoever until about the 25th quantile, followed by a slow, steady rise to the

80th quantile. Above this level, quantile effects peak very sharply but also reflect much greater

estimation uncertainty.

These results demonstrate that the NSW had no effect on the lower tail of the earnings dis-

tribution. Note that this is not the same as saying that it had no effect on the individuals at

the lower tail of the distribution—inference is at the level of the distribution, not at the level of

individual trainees. The typical person in a world with training would earn somewhat more than

the typical person in the counterfactual setting. Compare this to the effect at the 90th quantile,

where the treatment effect is more than $3000 and the upper bound on its 95% confidence interval

is more than $6000. These large estimates at the upper tail are the reason that the average effects

are so much larger than the median effects: average effects are nothing more than an average of

the quantile effects across the quantiles. Only by looking across the quantiles can we see that the

average treatment effect is, in a sense, misleading. Most of the effects—for most individuals across

the distribution—are much smaller than the average effect that is so commonly reported.

5.1 Quantile Regression

Table 3 shows quantile regression estimates varying widely across the different datasets and model

combinations, but the unreliability of quantile regression is not surprising. Regression is notoriously

vulnerable to model misspecification and data contamination, and the data from participants is

intrinsically different from that of non-participants (Smith and Todd 2003a).

In the case of the Lalonde data matched with CPS-1 and PSID-1, none of the 36 different

estimates quantile treatment effects are within the 95% intervals of the experimental results. Esti-

mates do improve for CPS-2 and PSID-2, though many are still outside the intervals. Even the best

results, with CPS-3 and PSID-3, show serious heterogenity and inaccuracy across different models

for estimates of effects at the 90th quantile, and two of the PSID-3 median-effect estimates are out-

side the intervals. When considering these results, one should recall that the Lalonde data does not

include two years of pre-treatment earnings, information that some have claimed to be a necessary

prerequisite for reliable causal inference in the context of job-training program evaluation.

Results from the control datasets combined with Dehejia-Wahba treated units show more accu-
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racy but results are mixed, even though this dataset controls for an additional year of pre-treatment

earnings. CPS-1 and PSID-1 perform miserably, but there are a few pockets of good results. PSID-

2 does well with the median and 90th quantile; CPS-2, CPS-3, and PSID-3 do well with the 10th

quantile and the median.

For both the Lalonde and DW datasets, estimates at the 90th quantile seem to be particularly

unreliable, a problem largely due to the fact that the very wealthiest in the non-experimental

control groups are very different from (and far wealthier than) the wealthiest NSW trainees. This

problem tends to drag down the estimates of upper-tail quantile effects,22 and in turn contributes to

a second source of difficulty: there are not very many observations nearby to inform the regression

estimate at the 90th quantile, and those that are nearby show great heterogeneity. 23 Note that

both factors would be visible to a data analyst exploring the NSW data in an observational setting,

and an astute analyst would be wary of making inferences about the effects on the upper tails.

Though the Dehejia-Wahba results do vary widely, the CPS-3 and PSID-3 estimates of 10th

quantile and median treatment effects are relatively stable and accurate. This is probably due to

the fact that the CPS-3 and PSID-3 subsets are more similar to the trainees than the other subsets,

and therefore the regression is relying less upon extrapolating outside the support of the data. A

quick look at figure 2 confirms the accuracy of inferences conducted with the DW sample and

CPS-2, and with both samples combined with CPS-3. Of course, if one’s goal is to make treated

and control units more similar, it is difficult to understand why one would form ad-hoc subsets

like CPS-2 and CPS-3 in the first place. Selecting controls that look like the treated is the raison

d’etre of matching, which affords a coherent, systematic strategy for achieving this objective.

Theory dictates that the median treatment effect is, in general, a more robust estimand than

the average treatment effect. Table 3 shows that quantile regression is able to provide reliable and

accurate median estimates in only certain cases, with certain datasets. It should be noted, however,

that this performance is an improvement from that of OLS and its estimand, which Lalonde showed

to completely unreliable.

5.2 Matching

One look at table 4 is enough to ascertain that the propensity score models of Dehejia (2005) and

Dehejia and Wahba (2002) do not obtain balance. The models in table 5 do obtain a higher degree

of balance and even pass the most commonly utilitized (weak) balance test (see page 18, above), but

22This problem does not plague estimates at the lower tail, because dependent variables for both treated and
control units are truncated from below at zero.

23Note that the neighborhood of the 90th quantile is truncated only ten centiles away. Though the 10th quantile
treatment effect is also truncated 10 centiles away, the homogeneity and similarity of treated and control lower tails
allow for far more reliable estimates.
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their estimates are also completely unreliable for estimation of both average and quantile effects.

Unlike these conventional matching methods, genetic matching produces a very high degree of

balance. Results in table 6 come from matched datasets for which the lowest p-values of covariate-

by-covariate paired t-tests and KS-tests (across all variables, interactions, and quadratic terms)

exceed 0.15. All the estimates for average, 10th quantile and median estimates are within the 95%

interval of the experimental results. Figure 3 tells a similar story, showing how the quantile effects

at all quantiles track the experimental results for the vast majority of the quantiles. Note that the

genetic matching estimator performs well in both the DW and the Lalonde datasets, across a wide

variety of models and specifications, countering claims that two years of pre-treatment income are

essential for reliable causal inference in this context.

The only problem encountered by the genetic matching estimator, in some cases, relates to

effects at the upper tail of the distribution. Here, the estimator faces the same obstacles faced by

quantile regression. Unlike the quantile regression results, however, genetic matching estimates do

not uniformly underreport the quantile effects across all quantiles.

6 Conclusion

Prior empirical analysis of the NSW data has stopped at the identification of the average effects

of training on earnings, omitting many potentially useful and interesting inferences about the

effect of training on the entire distribution of earnings. For example, it might be useful to know if

training improved outcomes for all those who received it, or how training affected the percentage of

participants living in poverty. One might want to know the effect of training on income inequality.

Or, one might wonder if the typical individual (or the wealthiest individuals) in a world with

training would differ significantly from their counterparts in an alternative world where training

did not exist. These questions require estimation of quantile treatment effects.

Nearly all prior work with this estimand has been performed by econometricians using quan-

tile regression techniques, but to my knowledge, this is the first paper to evaluate this method’s

reliability with real data from a social experiment. Lalonde (1986) showed the poor performance

of regression-based methods of estimating average treatment effects in observational settings. This

paper shows that quantile regression can be an accurate and reliable approach in certain limited

cases (such as the DW sample combined with CPS-3) when control groups are culled to ensure

that they are similar to program participants. But even this modest performance in culled sub-

samples is not necessarily a victory for quantile regression: the culling was really nothing more

than a rudimentary matching method, because Lalonde selected his subsamples on the basis of
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a true model of treatment eligibility. Indeed, Lalonde was able to cull quite successfully without

a formal matching procedure because he knew the precise eligibility requirements of the NSW

training program. Most analysts estimating causal effects in observational studies do not have the

luxury of published selection and eligibility criteria. In the absence of such information, culling

would become ad-hoc matching, and there is no evidence to suggest that quantile regression would

produce reliable results.

This paper is the first to estimate quantile effects using full matching estimators, and it is also

the first to demonstrate that these methods are reliable when strict balance has been achieved. In

the Dehejia-Wahba versus Smith-Todd debate, each side was partially right. Smith and Todd were

right to argue that the matching estimators, as they were applied, were completely unreliable. But

Dehejia and Wahba were on the right track—the matching theorems are useful in practice, as long

as the appropriate identification assumptions are satisified. The problem for Dehejia and Wahba

was that in the NSW dataset, and in many other applications more generally, it is prohibitively

difficult (if not impossible) to achieve conditional independence of treatment and outcomes by

propensity score or conventional full matching. Genetic matching offers the promise of being able

to balance observable characteristics much better than conventional methods, and with this degree

of balance comes much greater reliability, robustness, and the possibility of easily and intuitively

estimating quantile as well as mean treatment effects.

Two few caveats are in order. First, the generalizability of these results remains to be tested.

There have been several large-scale social experiments in addition to the NSW, and it would be

fruitful to attempt a similar project with a similar—but different—dataset. Second, one of the

features distinctive to genetic matching is that there are likely to be many different solutions

(weighting schemes) that produce excellent balance. Only time and future replication will tell if

there are weighting schemes that produce a high degree of balance but do not give good results.

Such a discovery would be a serious blow to the claims in this paper, and to matching methods

more generally.
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Figure 1: Quantile Regression, CPS-2: The black circles show the point estimates of quantile
treatment effects at each quantile; the black dotted lines above and below are 95% bootstrap
confidence intervals of this experimental result. The gray dashed lines show quantile regression-
estimated quantile treatment effects (using CPS-2 controls). See table 3 for particular quantities
of interest.
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Figure 2: Quantile Regression, CPS-3: The black circles show the point estimates of quantile
treatment effects at each quantile; the black dotted lines above and below are 95% bootstrap
confidence intervals of this experimental result. The gray dashed lines show quantile regression-
estimated quantile treatment effects (using CPS-3 controls). See table 3 for particular quantities
of interest.
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Figure 3: Genetic Matching, CPS-1: The black circles show the point estimates of quantile treat-
ment effects at each quantile; the black dotted lines above and below are 95% bootstrap confidence
intervals of this experimental result. The gray dashed lines show genetic matching-estimated quan-
tile treatment effects (using CPS-1 controls). See table 6 for particular quantities of interest.
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Lalonde Sample
Estimate from Bootstrapped 95% Intervals

Estimand Randomized Experiment lower bound upper bound
Mean $886.30 −$54.61 $1863.61
Median $485.61 −$727.96 $1731.05
10th quantile $0.00 $0.00 $0.00
90th quantile $1070.51 −$937.34 $3560.87

Dehejia-Wahba Subample
Estimate from Bootstrapped 95% Intervals

Estimand Randomized Experiment lower bound upper bound
Mean $1794.32 $511.51 $3145.88
Median $1093.51 −$453.13 $3008.3
10th quantile $0.00 $0.00 $0.00
90th quantile $3197.80 $25.21 $6793.98

Table 2: Point estimates of mean and quantile treatment effects from the randomized exper-
iment were calculated by simply differencing mean and quantile outcomes across treatment and
control groups. Intervals were calculated for each estimand by performing a bootstrap procedure—
resampling with replacement from the treated group and from the control group 1 million times,
and differencing outcomes as described above.
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