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1 Introduction

Difference-In-Differences (DID) methods for estimating the effect of policy interventions have
become very popular in economics.! These methods are used in problems with multiple sub-
populations — some subject to a policy intervention or treatment and others not — and outcomes
that are measured in each group before and after the policy intervention (though not necessarily
for the same individuals).? To account for time trends unrelated to the intervention, the change
experienced by the group subject to the intervention (referred to as the treatment group) is
adjusted by the change experienced by the group not subject to treatment (the control group).
Several recent surveys describe other applications and give an overview of the methodology,
including Meyer (1995), Angrist and Krueger (2000), and Blundell and MaCurdy (2000).

For settings where repeated cross-sections of individuals are observed in a treatment group
and a control group, before and after the treatment, this paper analyzes nonparametric identi-
fication, estimation, and inference for the average effect of the treatment. Our approach differs
from the standard DID approach in several ways. We allow the effects of both time and the
treatment? to differ systematically across individuals, as when inequality in the returns to skill
increases over time, or when new medical technology differentially benefits sicker patients. We
propose an estimator for the entire counterfactual distribution of effects of the treatment on
the treatment group as well as the distribution of effects of the treatment on the control group,
where the two distributions may differ from each other in arbitrary ways. We accomodate
the possibility — but do not assume — that the treatment group adopted the policy because it
expected greater benefits than in the control group.* In contrast, standard DID methods give
little guidance about what the effect of a policy intervention would be in the (counterfactual)
event that it were applied to the control group, except in the extreme case where the effect of
the policy is constant across individuals.

We develop our approach in several steps. First, we develop a new model that relates

outcomes to an individual’s group, time, and unobservable characteristics.® The standard DID

n other social sciences such methods are also widely used, often under other labels such as the “untreated
control group design with independent pretest and posttest samples” (e.g. Shadish, Cook, and Campbell, 2002).

2Examples include the evaluation of labor market programs (Ashenfelter and Card, 1985; Blundell, Dias,
Meghir, and Van Reenen, 2001), civil rights (Heckman and Payner, 1989; Donohue, Heckman, and Todd, 2002),
the inflow of immigrants (Card, 1990), the minimum wage (Card and Krueger, 1993), health insurance (Gruber
and Madrian, 1994), 401(k) retirement plans (Poterba, Venti, and Wise, 1995), worker’s compensation (Meyer,
Viscusi, and Durbin, 1995), tax reform (Eissa and Liebman, 1996; Blundell, Duncan, and Meghir, 1998), 911
systems (Athey and Stern, 2002), school construction (Duflo, 2001), information disclosure (Jin and Leslie,
2001), World War II internment camps (Chin, 2002), and speed limits (Ashenfelter and Greenstone, 2001). Time
variation is sometimes replaced by another type of variation, as in Borenstein (1991)’s study of airline pricing.

3Treatment effect heterogeneity has been a focus of the general evaluation literature, e.g., Heckman and Robb
(1984), Manski (1990), Imbens and Angrist (1994), Dehejia (1997), Lechner (1998), Abadie, Angrist and Imbens
(2002), Chernozhukov and Hansen (2001), although it has received less attention in difference-in-differences
settings.

4Besley and Case (2000) discuss this possibility as a concern for standard DID models.

5The proposed model is related to models of wage determination proposed in the literature on wage decom-
position where changes in the wage distribution are decomposed into changes in returns to (unobserved) skills
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model is a special case of our model, which we call the “changes-in-changes” model. In the
standard model, the defining feature of time periods and groups is that, for a particular scaling of
the outcomes, the mean of individual outcomes in the absense of the treatment can vary by group
and by time.% In contrast, in our model, time periods and groups are treated asymmetrically.
The defining feature of a time period is that in the absense of the treatment, within a period
the outcomes for all individuals are determined by a single, monotone “production function”
that maps individual-specific unobservables to outcomes. The defining feature of a group is
that the distribution of individual unobservable characteristics is the same within a group in
both time periods, even though the characteristics of any particular agent can change over time.
Groups can differ in arbitrary ways, and in particular, the treatment group might have more
individuals who experience a high return to the treatment.

Second, we provide conditions under which the model is identified nonparametrically, and
we propose a new estimation strategy based on the identification result. We use the entire
“before” and “after” outcome distributions in the control group to nonparametrically estimate
the change over time that occurred in the control group. Assuming that the distribution of
outcomes in the treatment group would experience the same change in the absence of the
intervention, we estimate the counterfactual distribution for the treatment group in the second
period. We compare this counterfactual distribution to the actual second-period distribution
for the treatment group, yielding an estimate of the distribution of effects of the intervention
for this group. Thus, we can estimate — without changing the assumptions underlying the
estimators — the effect of the intervention on any feature of the distribution. We use a similar
approach to estimate the effect of the treatment on the control group.

A third contribution is to develop the asymptotic properties of our estimator. Estimat-
ing the average and quantile treatment effects involves estimating the inverse of an empirical
distribution function with observations from one group/period, and applying that function to
observations from a second group/period (and averaging it for the average treatment effect).
We establish consistency and asymptotic normality of the estimator for the average treatment
effect and quantile treatment effects. We extend the analysis to incorporate covariates.

In a fourth contribution, we extend the model to allow for discrete outcomes. With discrete
outcomes the standard DID model can lead to predictions outside the allowable range. These
concerns have led researchers to consider nonlinear transformations of an additive single index.
However, the economic justification for the additivity assumptions required for DID may be
tenuous in such cases. Because we do not make functional form assumptions, this problem does
not arise using our approach. However, without additional assumptions, the counterfactual

distribution of outcomes may not be identified when outcomes are discrete. We provide bounds

and changes in relative skill distributions (Juhn, Murphy, and Pierce, 1991; Altonji and Blank, 2000).

5We use the term “standard DID model” to refer to a model that assumes that outcomes are additive in a
time effect, a group effect, and an unobservable that is independent of the time and group (e.g., Meyer, 1995;
Angrist and Krueger, 2000; Blundell and MaCurdy, 2000). The scale-dependent additivity assumptions of this
model have been criticized as unduly restrictive from an economic perspective (e.g. Heckman, 1996).
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(in the spirit of Manski (1990, 1995)) on the counterfactual distribution and show that the
bounds collapse as the outcomes become “more continuous.” We then discuss two alternative
approaches for restoring point identification. The first alternative relies on an additional as-
sumption about the unobservables. It leads to an estimator that differs from the standard DID
estimator even for the simple binary response model without covariates. The second alternative
is based on covariates that are independent of the unobservable. Such covariates can tighten
the bounds or even restore point identification.

Fifth, we consider an alternative approach to constructing the counterfactual distribution
of outcomes in the absence of treatment, the “quantile DID” approach. In the QDID approach
we compute the counterfactual distribution by adding the change over time at the ¢ quantile
of the control group to the ¢'" quantile of the first-period treatment group. Meyer, Viscusi, and
Durbin (1995) and Poterba, Venti, and Wise (1995) apply this approach to specific quantiles.
We propose a nonlinear model for outcomes that justifies the quantile DID approach for every
quantile simultaneously and thus validates construction of the entire counterfactual distribution.
The standard DID model is a special case of this model. Despite the intuitive appeal of the
quantile DID approach, we show that the underlying model has several unattractive features.

We also provide extensions to settings with multiple groups and multiple time periods.

Some of the results developed in this paper can also be applied outside of the DID setting.
For example, our estimator for the average treatment effect for the treated is closely related to
an estimator proposed by Juhn, Murphy, and Pierce (1991) and Altonji and Blank (2000) to
decompose the Black-White wage differential into changes in the returns to skills and changes
in the relative skill distribution.” As we discuss below, our asymptotic results apply to the
Altonji-Blank estimator, and further, our results about discrete data extend their model.

Within the literature on treatment effects, the results in this paper are most closely related
to the literature concerning panel data. In contrast, our approach is tailored for the case of
repeated cross-sections. A few recent papers analyze the theory of DID models, but their focus
differs from ours. Abadie (2001) and Blundell, Dias, Meghir and Van Reenen (2001) discuss
adjusting for exogenous covariates using propensity score methods. Donald and Lang (2001)
and Bertrand, Duflo and Mullainathan (2001) address problems with standard methods for
computing standard errors in DID models; their solutions require multiple groups and periods
and rely heavily on linearity and additivity.

Finally, we note that our approach to nonparametric identification relies heavily on an as-
sumption that in each time period, the “production function” is monotone in an unobservable.
Following Matzkin (1999, 2003) and Altonji and Matzkin (1997, 2001, 2003), a growing lit-
erature exploits monotonicity in the analysis of nonparametric identification of nonseparable
models; we discuss this literature in more detail below.

In supplementary material on the Econometrica website we apply the methods developed

"See also the work by Fortin and Lemieux (1999) on the gender gap in wage distributions.
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in this paper to study the effects of disability insurance on injury durations using data previ-
ously analyzed by Meyer, Viscusi and Durbin (1995). This application shows that the approach
used to estimate the effects of a policy change can lead to results that differ from the standard
DID results in terms of magnitude and significance. Thus, the restrictive assumptions required
for standard DID methods can have significant policy implications. We also present simula-
tions that illustrate the small sample properties of the estimators and highlight the potential

importance of accounting for the discrete nature of the data.

2 Generalizing the Standard DID Model

The standard model for the DID design is as follows. Individual i belongs to a group, G; € {0,1}
(where group 1 is the treatment group), and is observed in time period 7; € {0,1}. For
1 =1,...,N, a random sample from the population, individual i’s group identity and time
period can be treated as random variables. Letting the outcome be Y;, the data are the triple
(Y;, G, T;). Let Y;-N denote the outcome for individual ¢ if that individual does not receive the
treatment, and let Y/ be the outcome for the same individual if he or she does receive the

treatment. Thus, if I; is an indicator for the treatment, the realized outcome for individual ¢ is
Y, =YY - (1-L)+1I- Y

In the DID setting we consider, I, = G; - T;.
In the standard DID model the outcome for individual 7 in the absence of the intervention

satisfies

The second coefficient, 3, represents the time component. The third coefficient, 7, represents a
group-specific, time-invariant component.® The third term, ¢;, represents unobservable charac-
teristics of the individual. This term is assumed to be independent of the group indicator and
have the same distribution over time, i.e. g; L (G;,T;), and is normalized to have mean zero.
The standard DID estimand is

PID = EY;|G; =1,Ti = 1] - E[Yi|G; = 1,T; = 0] (2.2)
- [ElY;|G; =0,T; = 1] — E[Y;|G; =0,T;, =0] ].
In other words, the population average difference over time in the control group (G; = 0) is

subtracted from the population average difference over time in the treatment group (G; = 1)

to remove biases associated with a common time trend unrelated to the intervention.

8In some settings, it is more appropriate to assume a time-invariant individual-specific fixed effect n;, po-
tentially correlated with G;. See, e.g., Angrist and Krueger (2000). This variation of the standard model does
not affect the standard DID estimand, and it will be subsumed as a special case of the model we propose. See
Section 3.4 for more discussion of panel data.
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Note that the full independence assumption ¢; L (G;,T;) (e.g., Blundell and MaCurdy, 2000)
is stronger than necessary for 7P1P to give the average treatment effect. One can generalize
this framework and allow for general forms of heteroskedasticity by group or time by assuming
only mean-independence (e.g. Abadie (2001)), or zero correlation between ¢; and (G;,T;). Our
proposed model will nest the DID model with independence (which for further reference will
be labeled the standard DID model), but not the DID model with mean-independence.’

The interpretation of the standard DID estimand depends on assumptions about how out-
comes are generated in the presence of the intervention. It is often assumed that the treatment
effect is constant across individuals, so that Y — Y = 7. Combining this restriction with the
standard DID model for the outcome without intervention this leads to a model for the realized

outcome
Yi=a+p-Ti+n-Gi+7-1i+e.

More generally, the effect of the intervention might differ across individuals. Then, the standard
DID estimand gives the average effect of the intervention on the treatment group.
We propose to generalize the standard model in several ways. First, we assume that in the

absence of the intervention, the outcomes satisfy

YN = U, T)), (2.3)

)

with h(u,t) increasing in . The random variable U; represents the unobservable characteristics
of individual ¢, and (2.3) incorporates the idea that the outcome of an individual with U; = u
will be the same in a given time period, irrespective of the group membership. The distribution
of U; is allowed to vary across groups, but not over time within groups, so that U; L T; | G;.

The standard DID model in (2.1) embodies three additional assumptions, namely
U =a+n- G;+e¢, (additivity) (2.4)
h(u,t) = ¢p(u+9-1t), (single index model) (2.5)
for a strictly increasing function ¢(-), and

¢(+) is the identity function. (identity transformation) (2.6)

Since the standard DID model assumes ¢; L (G;,T;), (2.4) plus the standard DID model implies
that U; L T; | G;. Hence the proposed model nests the standard DID as a special case. The

9The DID model with mean-independence assumes that, for a given scaling of the outcome, changes across
subpopulations in the mean of Y; have a structural interpretation (5 and 7), and as such are used in predicting
the counterfactual outcome for the second-period treatment group in the absence of the treatment. In contrast,
all differences across subpopulations in the other moments of the distribution of Y; are ignored when making
predictions. In the model we propose, all changes in the distribution of Y; across subpopulations are given a
structural interpretation and used for inference. Neither our model, nor the DID model with mean-independence,
impose any restrictions on the data.
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mean-independence DID model is not nested; rather, the latter model requires that changes
over time in moments of the outcomes other than the mean are not relevant for predicting the
mean of YZ-N . Note also that in contrast to the standard DID model, our assumptions do not
depend on the scaling of the outcome, for example whether outcomes are measured in levels or
logarithms.!®

A natural extension of the standard DID model might have been to maintain assumptions
(2.4) and (2.5) but relax (2.6), to allow ¢(-) to be an unknown function. Doing so would

maintain an additive single index structure within an unknown transformation, so that
YN =platn -Gi+6-T; +e).

However, this specification still imposes substantive restrictions, for example ruling out some
models with mean and variance shifts both across groups and over time.

In the proposed model, the treatment group’s distribution of unobservables may be different
from that of the control group in arbitrary ways. In the absence of treatment, all differences
between the two groups arise through differences in the conditional distribution of U given
G. The model further requires that the changes over time in the distribution of each group’s
outcome (in the absence of treatment) arise from the fact that h(u,0) differs from h(u, 1), that
is, the effect of the unobservable on outcomes changes over time. Like the standard model, our
approach does not rely on tracking individuals over time; each individual has a new draw of Uj,
and though the distribution of that draw is assumed not to change over time within groups, we
do not make any assumptions about whether a particular individual has the same realization
U; in each period. Thus, the estimators we derive for our model will be the same whether we
observe a panel of individuals over time or a repeated cross-section. We discuss alternative
models for panel data in more detail in Section 3.4.

Just as in the standard DID approach, if we only wish to estimate the effect of the interven-
tion on the treatment group, no assumptions are required about how the intervention affects
outcomes. To analyze the counterfactual effect of the intervention on the control group, we

assume that in the presence of the intervention,
v/ =nl(U,,T;)

for some function hf(u,t) that is increasing in u. That is, the effect of the treatment at a
given time is the same for individuals with the same U; = u, irrespective of the group. No
further assumptions are required on the functional form of k!, so the treatment effect, equal to
h!(u,1) — h™V(u, 1) for individuals with unobserved component u, can differ across individuals.
Because the distribution of the unobserved component U can vary across groups, the average

return to the policy intervention can vary across groups as well.

1075 be precise, we say that a model is invariant to the scaling of the outcome if, given the validity of the
model for Y, the same assumptions remain valid for any strictly monotone transformation of the outcome.
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3 Identification in Models with Continuous Outcomes

3.1 The Changes-In-Changes Model

This section considers identification of the CIC model. We modify the notation by dropping the
subscript 4, and treating (Y, G,T,U) as a vector of random variables. To ease the notational

burden, we define the following random variables:
YN LyNG=gT=t, YieY!la=gT=t

Y dY|G=gT=t, U, L U|G=yg.

Recall that Y =YV . (1 —=I)+1-Y! where I = G- T is an indicator for the treatment. The
corresponding distribution functions are Fy~ g, Fyr1 o, Fy g, and Fy g, with supports Yé\; , Yét,
Yg4¢, and Uy respectively.

We analyze sets of assumptions that identify the distribution of the counterfactual second
period outcome for the treatment group, that is, sets of assumptions that allow us to express the
distribution Fy -~ 17 in terms of the joint distribution of the observables (Y,G,T). In practice,
these results allow us to express Fyn~ j; in terms of the three estimable conditional outcome
distributions in the other three subpopulations not subject to the intervention Fy,o, Fy,o1, and

Fy 10. Consider first a model of outcomes in the absence of the intervention.

Assumption 3.1 (MODEL) The outcome of an individual in the absence of intervention sat-
isfies the relationship Y = h(U,T).

The next set of assumptions restricts h and the joint distribution of (U, G, T).

Assumption 3.2 (STRICT MONOTONICITY) The production function h(u,t), where h : U X
{0,1} — R, is strictly increasing in u for t € {0,1}.

Assumption 3.3 (TIME INVARIANCE WITHIN GrRouPS) U L T | G.
Assumption 3.4 (Support) U; C Uy.

Assumptions 3.1-3.3 comprise the changes-in-changes (CIC) model; we will invoke Assump-
tion 5.2 selectively for some of the identification results as needed. Assumption 3.1 requires
that outcomes not depend directly on the group, and further that all relevant unobservables
can be captured in a single index, U. Assumption 3.2 requires that higher unobservables corre-
spond to strictly higher outcomes. Such monotonicity arises naturally when the unobservable
is interpreted as an individual characteristic such as health or ability although the assumption
of a single index is restrictive. It rules out, for example, the presence of classical measurement
error on the outcome. Strict monotonicity is automatically satisfied in additively separable

models, but it allows for a rich set of non-additive structures that arise naturally in economic
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models. The distinction between strict and weak monotonicity is innocuous in models where

' However, in models where there are mass points in the

the outcomes Ygt are continuous.
distribution of YQJX , strict monotonicity is unnecessarily restrictive.!? In Section 4, we focus
specifically on discrete outcomes; the results in this section are intended primarily for models
with continuous outcomes (although they remain valid with discrete outcomes).

Assumption 3.3 requires that the population of agents within a given group does not change
over time. This strong assumption is at the heart of both the DID and CIC approaches. It
requires that any differences between the groups be stable, so that estimating the trend on one
group can assist in eliminating the trend in the other group. This assumption allows for general
dependence of the unobserved component on the group indicator. Under this assumption, any
change over time within a group of the variance of outcomes will be attributed to changes over
time in the production function; in contrast, the standard DID model with full independence
rules out such changes, and the DID model with mean-independence ignores such changes.

When the outcomes are continuous, the assumptions of the CIC model do not restrict the
data, and thus the model is not testable.

Assumption 5.2 implies that Y9 C Yo and Yﬁ C Yo1; below, we relax this assumption in
a corollary of the identification theorem.

Our analysis makes heavy use of inverse distribution functions, which are right-continuous
but not neccessarily strictly increasing. We will use the convention that, for ¢ € [0, 1], and for

a random variable Y with support Y,
Fy'(q) = inf{y € Y : Fy(y) > q}. (3.7)

This implies that Fy (Fy L(q)) > ¢, and Fy L(Fy(y)) < y with equality for these inequalities at
all y for continuous Y, and for discrete Y equality in the second equation at mass points, and
at discontinuity points of Fy 1(q) in the first equation.

Identification for the CIC model is established in the following theorem.

Theorem 3.1 (IDENTIFICATION OF THE CIC MODEL) Suppose that Assumptions 3.1-5.2
hold. Then the distribution of Y1y is identified, and

Fyn 11(y) = Frio(Fy g0 (Fro1(y))). (3.8)

Proof: By Assumption 3.2, h(u,t) is invertible in u; denote the inverse by h=!(y;t). Consider
the distribution Fyn g

Fyn gi(y) = Pr(h(U,t) < y|G = g) = Pr(U < h™'(y;1)|G = g)

"o see this, observe that if Yy, is continuous and h is nondecreasing in u, Yy and U, must be one-to-one,
and so Uy is continuous as well. But then, h must be strictly increasing in u.

12Since Yy = h(Uy,t), strict monotonicity of h implies that each mass point of Yy corresponds to a mass
point of equal size in the distribution of Yj:.



= Pr(U, < h™\(y:1)) = Fug (™ (4:1)). (3.9)

The preceeding equation is central to the proof. Letting (g,¢) = (0,0) and substituting in
Yy = h(u7 0)7

Fy00(h(u,0)) = Fro(h™(h(u,0);0)) = Fyo(u).
Then applying F)Zéo to each quantity, we have for all u € Up,'?

h(u,0) = Fy g0 (Fuo(u)). (3.10)
Second, applying (3.9) with (g,t) = (0, 1), and using the fact that h=!(y;1) € Uy for all y € Y,

h=Hy; 1) = Fyro(Fro(y)) (3.11)
for all y € Yo;. Combining (3.10) and (3.11) yields, for all y € Yoy,

h(h™H(y;1),0) = Fy g0 (Fr,01(y))- (3.12)

Note that h(h~!(y; 1),0) is the period 0 outcome for an individual with the realization of u that
corresponds to outcome y in group 0 and period 1. Equation (3.12) shows that this outcome
can be determined from the observable distributions.

Third, apply (3.9) with (g,¢) = (1,0), and substitute y = h(u,0) to get

Fya(u) = Fyo(h(u,0)). (3.13)

Combining (3.12) and (3.13), and substituting into (3.9) with (g,t) = (1, 1), we obtain for all
y € You,

Fyn11(y) = Fua (b7 (y;:1)) = Fyao(h(h™' (y;1),0)) = FY,lo(Fﬁlo(FY,m(y)))-

By Assumption 5.2, Uy C Uy, it follows that Yﬁ C Yg1. Thus, the directly estimable distribu-
tions Fy’l(], Fy700, and Fy701 determine FYN,ll for all y € Yﬁ. O

Under the assumptions of the CIC model, we can interpret the identification result using a

transformation,

K9 (y) = Fy g (Fyo0(y))- (3.14)

This transformation gives the second period outcome for an individual with an unobserved
component u such that h(u,0) = y. Then, the distribution of Y{) is equal to the distribution

of k%¢(Y1p). This transformation suggests that the average treatment effect can be written as:

T = E[Y]y - Y{i] = E[Y{}] — E[k““(Y10)] = E[Y{}] — E[Fy 5, (Fy,00(Y10))]- (3.15)

3Note that the support restriction is important here, because for wu ¢ Uy, it is not true that
F);,l()(FYaOO (h(u7 O))) = h(u7 0)'
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and an estimator for this effect can be constructed using empirical distributions and sample
averages.

The transformation k¢ is illustrated in Figure 1. Start with a value of y, with associated
quantile ¢ in the distribution of Yjq, as illustrated in the bottom panel of Figure 1. Then find
the quantile for the same value of y in the distribution of Yy, Fy,00(y) = ¢'. Next, compute the
change in y according to k¢, by finding the value for y at that quantile ¢/ in the distribution
of Yy1 to get

AYTC = Fyi(d) = Fygold) = Fy o (Froo(y)) — v,

as illustrated in the top panel of Figure I. Finally, compute a counterfactual value of Y7y equal
to y + A€, so that

K9(y) =y + A% = Fry 1 (Fyao(y) = Fya g (a)-
For the standard DID model the equivalent transformation is
KPP (y) = y + E[Yor] — E[Yool.

Consider now the role of the support restriction, Assumption 5.2. Without it, we can only
estimate the distribution function of Y{) on Yg;. Outside that range, we have no information
about the distribution of Y.

Corollary 3.1 (IDENTIFICATION OF THE CIC MODEL WITHOUT SUPPORT RESTRICTIONS)
Suppose that Assumptions 3.1-3.8 hold. Then we can identify the distribution of Y\ on Yoi.
Fory € Yo1, Fyn 1y is given by (8.8). Outside of Yo1, the distribution of Yljf is not identified.

To see how this result could be used, define

= min Fyao(y), 7= max F 3.16
2= g5, Fraols). 4= g Frios) o

Then, for any ¢ € [g,q], we can calculate the effect of the treatment on quantile ¢ of the
distribution of Fy ¢, according to

ri = Bl (o) — Bk (@) = Byt (@) — By (Froo(Fylo(a)): (3.17)

Thus, even without the support assumption (5.2), for all quantiles of Y7o that lie in this range,
it is possible to deduce the effect of the treatment. Furthermore, for any bounded function
g(y), it will be possible to put bounds on E[g(Y}}) — g(Y{))], following the approach of Manski
(1990, 1995). When g is the identity function and the supports are bounded, this approach
yields bounds on the average treatment effect.

The standard DID approach requires no support assumption to identify the average treat-
ment effect. Corollary 3.1 highlights the fact that the standard DID model identifies the average

[10]



treatment effect only through extrapolation: because the average time trend is assumed to be
the same in both groups, we can apply the time trend estimated on the control group to all
individuals in the initial period treatment group, even those who experience outcomes outside
the support of the initial period control group.

Also, observe that our analysis extends naturally to the case with covariates X; we simply
require all assumptions to hold conditional on X. Then, Theorem 3.1 extends to establish
identification of Y{)|X. Of course, there is no requirement about how the distribution of X
varies across subpopulations; thus, we can relax somewhat our assumption that population
characteristics are stable over time within a group, if all relevant factors that change over time
are observable.

The CIC model treats groups and time periods asymmetrically. Of course, there is nothing
intrinsic about the labels of period and group. In some applications, it might make more
sense to reverse the roles of the two, yielding what we refer to as the reverse CIC (CIC-
r) model. For example, (CIC-r) applies in a setting where, in each period, each member
of a population is randomly assigned to one of two groups, and these groups have different
“production technologies.” The production technology does not change over time in the absence
of the intervention; however, the composition of the population changes over time (e.g., the
underlying health of 60-year-old males participating in a medical study changes year by year),
so that the distribution of U varies with time but not across groups. To uncover the average
effect of the new technology we need to estimate the counterfactual distribution in the second
period treatment group, which combines the treatment group production function with the
second period distribution of unobservables. When the distribution of outcomes is continuous,
neither the CIC nor the CIC-r model has testable restrictions, and so the two models cannot
be distinguished. Yet, these approaches yield different estimates. Thus, it will be important in

practice to justify the choice of which dimension is called the group and which is called time.

3.2 The Counterfactual Effect of the Policy for the Untreated Group

Until now, we have only specified a model for an individual’s outcome in the absence of the
intervention. No model for the outcome in the presence of the intervention is required to draw
inferences about the effect of the policy change on the treatment group, that is, the effect of
“the treatment on the treated” (e.g., Heckman and Robb, 1985); we simply need to compare
the actual outcomes in the treated group with the counterfactual. However, more assumptions
are required to analyze the effect of the treatment on the control group.

Consider augmenting the CIC model with an assumption about the treated outcomes. It
seems natural to specify that these outcomes follow a model analogous to that for untreated
outcomes, so that Y/ = h!(U,T). In words, at a given point in time, the effect of the treatment
is the same across groups for individuals with the same value of the unobservable. However,

outcomes can differ across individuals with different unobservables, and no further functional
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form assumptions are imposed about the incremental returns to treatment, h' (u,t) — h(u,t).t

At first, it might appear that finding the counterfactual distribution of Y, could be qual-
itatively different than finding the counterfactual distribution of Y7Y, since three out of four
subpopulations did not experience the treatment. However, it turns out that the two problems
are symmetric. Since Yy, = hf(Up, 1) and Yo = h(Up,0),

Yh & hT (R (Yoo; 0), 1). (3.18)
Since the distribution of U; does not change with time, for y € supp[Yio],
Fyi 1y (Fyao(y)) = b (A7 (y:0), 1). (3.19)

This is just the transformation k“(y) with the roles of group 0 and group 1 reversed. Following
this logic, to compute the counterfactual distribution of YOII, we simply apply the approach

outlined in Section 3.1, but replace G with 1 — G.' Summarizing:

Theorem 3.2 (IDENTIFICATION OF THE COUNTERFACTUAL EFFECT OF THE POLICY IN THE
CIC MODEL) Suppose that Assumptions 3.1-3.8 hold. In addition, suppose that Y1 = h!(U,T),
where h!(u,t) is strictly increasing in u. Then the distribution of Y(]Il is identified on the re-

stricted support supp[Y{,], and is given by
FYI,Ol(?J) = FY700(F)7,10(FY1,11(?J)))’ (3.20)
If supp[Uo JC supp[U1 ], then supp[Ys JCsupp[Yi, ], and Fy1 o is identified everywhere.

Proof: The proof is analogous to those of Theorem 3.1 and Corollary 3.1. Using (3.19), for
y €supp[Y{],

Fy 1o(Fyr 11(y) = h(h"71(y;1),0).
Using this and (3.18), for y € supp[Y{;],
Pr(h! (K™ (Yo0;0),1) < y) = Pr(Yoo < Fyy9(Fy111(%))) = Fr,0(Fy 10 (Fy111(1)))-

The statement about supports follows from the definition of the model. O

1 Although we require monotonicity of k and A’ in u, we do not require that the value of the unobserved
component is identical in both regimes, merely that the distribution remains the same (that is, U L G|T'). For
example, letting UY and U? denote the unobserved components in the two regimes, we could have a fixed effect
type error structure with UY = e+ v, and U! = &; + v/, where the ¢; is a common component and the v¥ and
vl are idiosyncratic errors with the same distribution in both regimes.

15Tt might also be interesting to consider the effect that the treatment would have had in the first period.

ur assumption tha u,t) can vary wi implies tha an are not identified, since no information
0 ption that h'(u,t) v with ¢ implies that Yo and Yih t identified, si inf ti
is available about h’(u,0). Only if we make a much stronger assumption, such as h’(u,0) = h'(u,1) for all u,

can we identify the distribution of Yg{o. But that assumption would imply that Yg, b Y{ and Y b Y, a fairly
restrictive assumption. Comparably strong assumptions are required to infer the effect of the treatment on the
control group in the CIC-r model, since the roles of group and time are reversed in that model.
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Notice that in this model, not only can the policy change take place in a group with different
distributional characteristics (e.g. “good” or “bad” groups tend to adopt the policy), but
further, the expected benefit of the policy may vary across groups. Because h! (u,t) — h(u,t)
varies with u, if Fyy is different from Fy 1, then the expected incremental benefit to the policy
differs.'® For example, suppose that E[h!(U,1) — h(U,1)|G = 1] > E[r{(U,1) — h(U,1)|G = 0].
Then, if the costs of adopting the policy are the same for each group, we would expect that if
policies are chosen optimally, the policy would be more likely to be adopted in group 1. Using
the method suggested by Theorem 3.2, it is possible to compare the average effect of the policy
in group 1 with the counterfactual estimate of the effect of the policy in group 0 and to verify
whether the group with the highest average benefits is indeed the one that adopted the policy.
It is also possible to describe the range of adoption costs and distributions over unobservables
for which the treatment would be cost-effective or not.

In the remainder of the paper, we focus on identification and estimation of the distribution
of Y{Y. However, the results that follow extend in a natural way to Yoll; simply exchange the

labels of the groups 0 and 1 to calculate the negative of the treatment effect for group 0.

3.3 The Quantile DID Model

A third possible approach, distinct from the DID and CIC models, applies DID to each quantile
rather than to the mean. We refer to this approach as the “Quantile DID” approach, or QDID.
Some of the DID literature has followed this approach for specific quantiles. Poterba, Venti,
and Wise (1995) and Meyer, Viscusi, and Durbin (1995) start from equation (2.1) and assume
that the median of YV conditional on 7' and G is equal to o + 3 -T + 7 - G. Applying this
approach to each quantile, with the coefficients «, 8 and 7 indexed by the quantile, we obtain

the following transformation:

KPP (y) =y + Fy g (Fyao(y) — Frgo(Frao(y)),

with Fy~ 11 (y) = Pr(k9PP(Y19) < y). Asillustrated in Figure 1, for a fixed y, we determine the
quantile ¢ for y in the distribution of Yig, ¢ = Fy10(y). The difference over time in the control
group at that quantile, AQPTP — Fﬁél(q) - Fﬁéo(q), is added to y to get the counterfactual
value, so that k9P (y) = y+ AQPIP  In this method, instead of comparing individuals across
groups according to their outcomes and accross time according to their quantiles, as in the CIC
model, we compare individuals across both groups and time according to their quantile.

The following model justifies the QDID estimator:

YN = wU,a,T) =h%U,G) + 1T (U,T). (3.21)

For example, suppose that the incremental returns to the intervention, h’ (u,1) — h(u, 1), are increasing in
u, so that the policy is more effective for high-u individuals. If Fyi(u) < Fyo(u) for all u (i.e. First-Order
Stochastic Dominance), then expected returns to adopting the intervention are higher in group 1.
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The additional assumptions of the QDID model are: (i) h(u,g,t) is strictly increasing in wu,
and (i) UL(G,T); thus, the standard DID model is a special case of QDID.!” Under the
assumptions of the QDID model, the counterfactual distribution of Yﬁ[ is equal to that of
k@PIP(Yy4). Details of the identification proof are in Athey and Imbens (2002), hereafter Al

Although the estimate of the counterfactual distribution under the QDID model differs from
that under the DID model, under continuity the means of the two counterfactual distributions
are identical: E[kPTP(Y19)] = E[k®PIP(Y1g)).

The QDID model has several disadvantages relative to the CIC model: (i) additive sepa-
rability of A is difficult to justify, and it implies that the assumptions are not invariant to the
scaling of y; (ii) the underlying distribution of unobservables must be identical in all subpop-
ulations, eliminating an important potential source of intrinsic heterogeneity; (iii) the QDID

model places some restrictions on the data.'®

3.4 Panel Data versus Repeated Cross-Sections

The discussion so far has avoided distinguishing between panel data and repeated cross-sections.
In order to discuss these issues it is convenient to introduce additional notation. For individual
1, let Y;; be the outcome in period t, for t = 0,1. We augment the model by allowing the

unobserved component to vary with time:

The monotonicity assumption is the same as before: h(u,t) must be increasing in u. We do
not place any restrictions on the correlation between U,y and U;1, but we modify Assumption
3.3 to require that conditional on G;, the marginal distribution of U;g is equal to the marginal
distribution of U;;. Formally, U;o|G; 4 i1|G;. Note that the CIC model (like the standard DID
model) does not require that individuals maintain their rank over time, that is, it does not
require U;g = U;1. Although U;y = Ujp is an interesting special case, in many contexts, perfect
correlation over time is not reasonable.!? Alternatively one may have Uy = &; + vy, with v an
idiosyncratic error term with the same distribution in both periods.

The estimator proposed in this paper therefore applies to the panel setting as well as the
cross-section setting. In the panel setting it is distinct from the estimand based on the assump-

tion unconfoundedness or “selection on observables” (Barnow, Cain, and Goldberger, 1980;

17 As with the CIC model, the assumptions of this model are unduly restrictive if outcomes are discrete. The
discrete version of QDID allows k to be weakly increasing in u; the main substantive restriction implied by the
QDID model is that the model should not predict outcomes out of bounds. For details on this case, see Athey
and Imbens (2002).

BWithout any restrictions on the distributions of Yoo, Y01, and Yio, the transformation is not necessarily
monotone, as it should be under the assumptions of the QDID model; thus, the model is testable (see Al for
details).

19Tf an individual gains experience or just age over time, her unobserved skill or health is likely to change. See
Heckman, Smith and Clements (1997) for an analysis of various models of the correlation between Uso and Us;.

kQDID
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Rosenbaum and Rubin, 1983; Heckman and Robb, 1984). Under such an assumption individu-
als in the treatment group with an initial period outcome equal to y are matched to individuals
in the control group with an identical first period outcome, and their second period outcomes
are compared. Formally, let Fy01|y00(-\-) be the conditional distribution function of Yy given

Yoo0. Then, for the “selection on observables” model,

Fyn 11(y) = E[Fyy,|vp (¥1Y10)],

which is in general different from the counterfactual distribution for the CIC model, Fy~ 14 (y) =
Fyvlo(Fglo(Fym(y))). The two models are equivalent if and only if U;g = Ujp, that is, if in
the population there is perfect rank correlation between the first and second period unobserved
components.

Several other authors have analyzed semi-parametric models with fixed effects in panel data
settings, including Honore (1992), Kyriazidou (1997), and Altonji and Matzkin (1997, 2001).
Typically these models have an endogenous regressor that may take on a range of values in

each period. In contrast, in the DID setting only one subpopulation receives the treatment.

3.5 Application to Wage Decompositions

A distinct but related problem to that of estimating the effect of interventions in a difference-
in-differences setting is studied in the literature on wage decompositions. In a typical example,
researchers compare wage distributions for two groups, e.g., men and women, or Whites and
Blacks, at two points in time. Juhn, Murphy, and Pierce (1991) and Altonji and Blank (2000)
decompose changes in Black-White wage differentials, after taking out differences in observed
characteristics, into two effects: (i) the effect due to changes over time in the distribution of
unobserved skills among Blacks, and (ii) the effect due to common changes over time in the
market price of unobserved skills.

In their survey of studies of race and gender in the labor market, Altonji and Blank (2000)
formalize a suggestion by Juhn, Murphy and Pierce (1991) to generalize the standard paramet-
ric, additive model for this problem to a nonparametric one, using the following assumptions:
(1) the distribution of White skills does not change over time, whereas the distribution of Black
skills can change in arbitrary ways; (i7) there is a single, strictly increasing function mapping
skills to wages in each period, the market equilibrium pricing function. This pricing function
can change over time, but is the same for both groups within a time period. Under the Altonji-
Blank model, if we let Whites be group W and Blacks be group B, and let Y be the observed
wage, then E[Yp1] — E[Fy, %VI(FKWO(YBO))] is interpreted as the part of the change in Blacks’
average wages due to the change over time in unobserved Black skills. Interestingly, this ex-

pression is the same as the expression we derived for 7¢¢

, even though the interpretation is
very different: in our case the distribution of unobserved components remains the same over
time, and the difference is interpreted as the effect of the intervention. This illustrates a close

connection between the difference-in-differences model and models for wage decompositions.
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Note that to apply an analog of our estimator of the effect of the treatment on the control
group in the wage decomposition setting, we would require additional structure to specify what
it would mean for Whites to experience “the same” change over time in their skill distribution
that Blacks did, since the initial skill distributions are different. More generally, the precise
relationship between estimators depends on the primitive assumptions for each model, since
the CIC, CIC-r, and QDID models all lead to distinct estimators. The appropriateness of the
assumptions of the underlying structural models must be justified in each application, for both
treatment effects and wage decompositions.

Altonji and Blank (2000) do not analyze the asymptotic properties of their estimator. Thus,
the asymptotic theory we provide for the CIC estimator is useful for the wage decomposition
problem as well. In addition, as we show below, the model, estimator, and asymptotic theory
must be modified when data are discrete. Discrete wage data is common, since it arises if
wages are measured in intervals or if there are mass points (such as the minimum wage, round

numbers, or union wages) in the observed wage distribution.

3.6 Relation to Econometric Literature Exploiting Monotonicity

In our approach to non-parametric identification, monotonicity of the production function plays
a central role. Here, we build on Matzkin (1999, 2003), who initiated a line of research inves-
tigating the role of monotonicity in wide range of models, starting with an analysis of the case
with exogenous regressors. In subsequent work (e.g. Das (2000, 2001), Imbens and Newey
(2001), and Chesher (2003)), monotonicity of the relation between the endogenous regressor
and the unobserved component plays a crucial role in settings with endogenous regressors. In
all these cases, as in the current paper, monotonicity in unobserved components implies a di-
rect one-to-one link between the structural function and the distribution of the unobservables,
a link that can be exploited in various ways. All of these papers require strict monotonicity,
typically ruling out settings with discrete endogenous regressors other than in trivial cases. Few
results are available for binary or discrete data,? because typically (as in this paper) discrete
data in combination with weak monotonicity leads to loss of point identification of the usual
estimands, e.g., population average effects. In the current paper, we show below that although
point identification is lost, one can still identify bounds on the population average effect of the
intervention in the DID setting or regain point identification through additional assumptions.
Consider more specifically the relationship of our paper with the recent innovative work of
Altonji and Matzkin (1997, 2001, 2003) (henceforth AM). In both our study and in AM, there
is a central role for analyzing subpopulations that have the same distribution of unobservables.
In our work, we argue that a defining feature of a group in a DID setting should be that the

distribution of unobservables is the same in the group in different time periods. AM focus on

20 An exception is Imbens and Angrist (1994), who use a weak monotonicity assumption and obtain results for

the subpopulation of compliers.
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subsets of realizations of a vector of covariates Z, where for all realizations in a particular subset,
the distribution of unobservables is the same. In one example, Z incorporates an individual’s
history of experiences, and permutations of that history should not affect the distribution of
unobservables. So, an individual who completed first training program A and then program B
would have the same unobservables as an individual who completed program B and then A. In
a cross-sectional application, if in a given family, one sibling was a high-school graduate and
the other a college graduate, both siblings would have the same unobservables. In both our
study and AM, within a subpopulation (induced by covariates) with a common distribution of
unobservables, after normalizing the distribution of unobservables to be uniform, it is possible
to identify a strictly increasing production function as the inverse of the distribution of out-
comes conditional on the covariate. AM focus on estimation and inference for the production
function itself, and as such they use an approach based on kernel methods. In contrast, we are
interested in estimating the average difference of the production function for different subpopu-
lations. We establish uniform convergence of our implicit estimator of the production function,
in order to obtain root-n consistency of our estimator of the average treatment effect for the
treated and control groups as well as for treatment effects at a given quantile. We use the
empirical distribution function as an estimator of the distribution function of outcomes in each
subpopulation, which does not require the choice of smoothing parameters. Furthermore, our
approach generalizes naturally to the case with discrete outcomes (as we argue, a commonly
encountered case), and our continuous-outcome estimator of the average treatment effect can
be interpreted as a bound on the average treatment effect when outcomes are discrete. Thus,
the researcher need not make an a priori choice about whether to use the discrete or continuous
model since we provide bounds that collapse when outcomes are continuous.

The next section develops the discrete model and analyzes identification.

4 Identification in Models with Discrete Outcomes

With discrete outcomes the baseline CIC model as defined by Assumptions 3.1-3.3 implies
unattractive restrictions. We therefore weaken Assumption 3.2 by allowing for weak rather than
strict monotonicity. We show that this model is not identified without additional assumptions,
and calculate bounds on the counterfactual distribution. We also propose two approaches to
tighten the bounds or even restore point identification, one using an additional assumption on
the distribution of unobservables, and one based on the presence of exogenous covariates.
However, we note that there are other possible approaches for tightening the bounds. For
example, one may wish to consider restrictions on how the distribution of the unobserved com-
ponents varies across groups, such as stochastic dominance relations or parametric functional
forms. Alternatively one may wish to put more structure on (the changes over time in) the pro-
duction functions, or restrict the treatment effect as a function of the unobserved component.

We leave these possibilities for future work.
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4.1 Bounds in the Discrete CIC Model

The standard DID model imputes the averge outcome in the second period for the treated
subpopulation in the absence of the treatment to E[YY] = E[Y10]+ [E[Yo1] —E[Y0o]]. With binary
data the imputed average for the second period treatment group outcome is not guaranteed to
lie in the interval [0, 1]. For example, suppose E[Y1g] = .5, E[Ypo] = .8 and E[Y(;1] = .2. In the
control group the probability of success decreases from .8 to .2. However, it is impossible that a
similar percentage point decrease could have occurred in the treated group in the absence of the
treatment, since the implied probability of success would be less than zero.?! The CIC model
is also not very attractive as it severely restricts the joint distribution of the observables.??

We therefore weaken the strict monotonicity condition to:
Assumption 4.1 (WEAK MONOTONICITY) h(u,t) is non-decreasing in u.

This assumption allows, for example, a latent index model h(U,T) = 1{71(U, T) > 0}, for
some h strictly increasing in U. With weak instead of strict monotonicity, we no longer obtain
point identification. Instead, we can derive bounds on the average effect of the treatment in
the spirit of Manski (1990, 1995). To build intuition, consider again an example with binary
outcomes. Without loss of generality we assume that in the control group U has a uniform
distribution on the interval [0,1]. Let u®(t) = sup{u : h(u,t) = 0}. The observables relate to

the primitives of the model according to
E[Y,)] = Pr(Uy > u°(t)). (4.22)

In particular, E[YY] = Pr(U; > «°(1)). All we know about the distribution of U; is that
Pr(U; > u°(0)) = E[Y1q]. Suppose that E[Yy1] > E[Yoo], implying u®(1) < u°(0). Then, there
are two extreme cases for the distribution of U; conditional on U; < u°(0). First, all of the
mass might be concentrated between u°(0) and u°(1). In that case, Pr(U; > u(1)) = 1. Second,
there might be no mass between u’(0) and «°(1), in which case Pr(U; > u°(1)) = Pr(U; >
u%(0)) = E[Yig]. Together, these two cases imply E[Y{)] € [E[Yi0],1]. Analogous arguments
yield bounds on E[Y{)] when E[Yy1] < E[Ygo]. When E[Yy1] = E[Ygo], we conclude that the

production function does not change over time, and so the probability of success does not

21 One approach that has been used to deal with this problem (Blundell, Dias, Meghir and Van Reenen, 2001)
is to specify an additive linear model for a latent index,

Yi=a+8 -Ti+n - Gi+71-Ii +e,

with the observed outcome equal to an indicator that the latent index is positive, Y; = 1{Y;* > 0}. Given a
distributional assumption on ¢; (e.g., logistic), one can estimate the parameters of the latent index model and
derive the implied estimated average effect for the second period treatment group.

%2TFor example, with binary outcomes, strict monotonicity of h(u, t) in u implies that U is binary with 2(0,¢) = 0
and h(1,t) = 1 and thus Pr(Y = U|T =t) =1, or Pr(Y = U) = 1. Independence of U and T then implies
independence of Y and 7', which is very restrictive.



change over time within a group either, implying E[Y})] = E[Y1¢]. Since the average treatment
effect, 7, is defined by 7 = E[Y{}] — E[Y}Y], it follows that

[E[Y}] -1, E[Y{}] —E[Yio]] if E[Yo1] > E[Yo]
TE E[Y{}] — E[Yio] if E[Yo1] = E[Yoo]
[E[Y)] - E[Yio], E[Yi]]  if E[Yor] < E[Yoo)-

In this binary example the sign of the treatment effect is determined if and only if the observed
time trends in the treatment and control groups move in opposite directions.

Now consider the general case, where Y can be mixed discrete and continuous. Our definition
of the inverse distribution function Fy.'(q) = inf{y € Y|Fy (y) > ¢} implies Fy (Fy'(q)) > g

It is useful to have an alternative inverse distribution function. Define
-1
Fy Y (q) = sup{y € YU {—o0} : Fyr(y) < ¢}, (4.23)

where we use the convention Fy(—o0) = 0. For ¢ such that ¢ = Fy (y) for some y € Y, the two
definitions of inverse distribution functions agree and F)(,_l)(q) = F, ! (q). For other values of ¢
Fy(F)(,_l)(q)) < ¢, so that in general, Fy <F3(/_1)(q)) <g<Fy (F;l(q))

Theorem 4.1 (BouNnDs IN THE DISCRETE CIC MODEL) Suppose that Assumptions 3.1, 3.3,

5.2, and 4.1 hold. Suppose that U is continuous. Then we can place bounds on the distribution of
Y. Fory < inf Yoy, F)éﬁ’n(y) = Fgf\?’n(y) =0, for y > inf Yoy, F)%]\?’H(y) = Fgﬁn(y) =1,
while for y € Yo1,

PR () = FY,10(F3(/,_03))(FY,01(Z/))), FR 11 (y) = Frao(Fy g0 (Fro(y)))- (4.24)
These bounds are tight.

Proof: By assumption U; C Uy. Without loss of generality we can normalize Uy to be uniform
on [0,1].23 Then for y € Yy,

Fyoi(y) = Pr(h(Uo,t) < y) = sup{u : h(u,t) = y}. (4.25)
Define

K(y) = sup{y’ € YooU{—o00} : Fy,o0(¥) < Fro(y)}, (4.26)

K(y) = inf{y’ € Yoo : Fr0(¥') > Fro1(y)}- (4.27)

By our definitions of inverse distribution functions, (3.7) and (4.23), we have

K(y) = Fx(/,_oé)(FY,m(y)), K(y) = Fy.g0(Fy,01(y))- (4.28)

23To see that there is no loss of generality, observe that given a real-valued random variable Uy with convex
support, we can construct a nondecreasing function 1 such that Fy,o(u) = Pr(¢(U”*) < u), where Uy is uniform
on [0,1]. Then, h(u,t) = h(1(u),t) is nondecreasing in u since h is, and the distribution of Yo is unchanged.
Since U; C Up, the distribution of Yi; is unchanged as well.
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Using (4.25) and continuity of U, we can express Fyn~ 14(y) as

Fyxy(y) = Pr(Yy) <y)=Pr(h(Us,t) <y) (4.29)
= Pr(Uy <sup{u: h(u,t) =y} ) =Pr (U1 < Fyn (y)) -

Thus, using (4.26), (4.27), and (4.29),
Fy10(K(y)) = Pr (U1 < Fyo0(K(y)) ) < Pr(Ui < Fyoi(y) ) = Fy~ 11(v), (4.30)

Fy10(K(y)) = Pr (U1 < Fyo0(K(y)) ) > Pr(Ur < Frou(y) ) = Fyv 11(y)- (4.31)

Substituting (4.28) into (4.30) and (4.31) yields the desired result.

To see that the bounds are tight, consider a given F =(Fy 00, Fy 01, Fy,10). Normalizing Uy to
be uniform on [0, 1], for u € [0, 1] define h(u,t) = FYOt( u). Observe that this is nondecreasing
and left-continuous, and this A and Fp o are consistent with Fy g9 and Fy,;. Further, using
(4.29), consistency with Fy o is equivalent to

Fu1(Fy00(y) = Fyi0(y) (4.32)

for all y € Yqg. Let Fé? and Fg B be the (pointwise) infimum and supremum of the set of
all probability distributions with support contained in [0, 1] and consistent with (4.32). Then,
applying the definitions of K(y) and K(y), for y € Yoo

FFE (Fron(y) = inf{q € [0,1] : ¢ > Fya0(K(v))} = Frao(K(y)) = FEF 1, (y),

FET (Fyo(y) = sup{q € [0,1] : ¢ < Fy10(K(y))} = Fru0(K(y)) = FYR 11 (1)

Thus, there can be no tighter bounds. O

The proof of Theorem 4.1 is illustrated in Figure 2. The top left panel of the figure summa-
rizes a hypothetical dataset for an example with four possible outcomes, { Ao, A1, A2, Az}. The
top right panel of the figure illustrates the production function in each period, as inferred from
the group 0 data (when Up is normalized to be uniform), where u*(t) is the value of u at which
h(u,t) jumps up to Ag. In the bottom right panel, the diamonds represent the points of the
distribution of Uy that can be inferred from the distribution of Y79. The distribution of of U;
is not identified elsewhere. This panel illustrates the infimum and supremum of the probability
distributions that pass through the given points; these are bounds on Fy7,. The circles indicate
the highest and lowest possible values of Fyxy (y) = Fy, (u¥(t)) for the support points; we will
return to discuss the dotted line in the next section.

Note that if we simply ignore the fact that the outcome is discrete and use the continuous
CIC estimator (3.8) to construct Fyw 11, we will obtain the upper bound from Theorem

4.1. If we calculate E[Y}Y] directly from the distribution FUZ? 11,

YN 11
we will thus obtain the

2With continuous data, k°(Yio) has the distribution given in (3.8), and so (3.15) can be used to calculate
the average treatment effect. As we show below, with discrete data, k“°(Y10) has distribution equal to FYN 1

rather than F 117 and so an estimate based directly on (3.8) yields a different answer than one based on (3.15).
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lower bound for the estimate of E[Yﬁ’ |, which in turn yields the upper bound for the average
treatment effect, E[Y{}] — E[Y{)]. Clearly, confidence intervals will be misleading in that case.

4.2 Point Identification in the Discrete CIC Model Through the Conditional
Independence Assumption

The following assumption restores point identification in the discrete CIC model.
Assumption 4.2 (CONDITIONAL INDEPENDENCE) U L G |Y,T.

In the continuous CIC model, the level of outcomes can be compared across groups, and
the quantile of outcomes can be compared over time. The role of Assumption 4.2 is to preserve
that idea in the discrete model. In other words, to figure out what would have happened to
a treated unit in the first period with outcome y, we look at units in the first period control
group with the same outcome y. Using weak monotonicity, we can derive the distribution of
their second period outcomes, and we use that to derive the counterfactual distribution for the
second period treated in the absence of the intervention. Note that together, Assumptions 4.2
and 4.1 are strictly weaker than the strict monotonicity assumption (3.2).2°

Consider the consequences of Assumption 4.2 for identification. To provide some intuition,
we initially focus on the binary case. Without loss of generality normalize Uy to be uniform on
[0, 1], and recall the definition of u®(¢) = sup{w : h(u,t) = 0}, so that 1—E[K]]X]:Pr(Ug <u0(t)).
Then we have for u < u%(t),

Pr(U; < ul U; < ul(t)) =Pr(U; <u|U; <u°(t), T =0,Y =0)
= Pr(Up < u| Uy <uP(t)) = Pr(Up < u| Uy <u(t),T =0,Y =0) = D
Using the preceeding expression together with an analogous expression for Pr(U, > u| Uy >

u®(t)), and the definitions from the model, it is possible to derive the counterfactual E[Y}Y]:

B[V — SHE[ V1] = E[Yo] + 5} (E[Yio] — E[Yoo])  if E[Yor] < E[Yoo]
H 1 — St (1 - E[Yio)) = E[Yon] + 1=gpye} (E[Yi0] — E[Yool) if E[Yo1] > E[Yoo]

Notice that this formula always yields a prediction between 0 and 1. When the time trend in
the control group is negative, the counterfactual is the probability of successes in the treatment
group initial period, adjusted by the proportional change over time in the probability of success

in the control group. When the time trend is positive, the counterfactual probability of failure is

BIf h(u,t) is strictly increasing in u, then one can write U = h™'(T,Y), so that conditional on 7' and Y the
random variable U is degenerate and hence independent of G. If the outcomes are continuously distributed, the
Assumption 4.2 is automatically satisfied. In that case flat areas of the function h(u,t) are ruled out as they
would induce discreteness of Y, and hence U must be continuous and the correspondence between Y and U must
be one-to-one.
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the probability of failure in the treatment group in the initial period adjusted by the proportional
change over time in the probability of failure in the control group.
This following theorem generalizes this discussion to more than two outcomes; to keep the

notation simple, we assume there are L possible outcomes.

Theorem 4.2 (IDENTIFICATION OF THE DISCRETE CIC MODEL) Suppose that Assumptions
3.1, 8.3, 5.2, 4.1, and 4.2 hold. Suppose that the range of h is a discrete set {\g,...,Ap}. Then
the distribution of Y1 is identified and is given by

Fy,01(y)
Fy~ 11(y) :/0 fu10(u)du, (4.33)
where
L frao()
fuao(w) = 1{Fyo0(M—1) < u < Fyoo(A\)} - taLse (4.34)

=1 Fy00(A) — Fyo0(Mi—1)’

where fy,g:(y) is the probability function of Y conditional on T =t and G = g, and A_1 = —00
and Fygo(—o0) = 0.

Proof: Without loss of generality we assume that in the control group U has a uniform
distribution on the interval [0, 1]. Then, the distribution of U given Y =X\, T =0 and G =1
is uniform on the interval (Fy,00(Ai—1), Fy,00(A;)). Hence we can derive the density of U in
the treatment group as in (4.34). The counterfactual distribution of Y} is then obtained by
integrating the transformation h(u,1) = Fy 51 (u) over this distribution, as in (4.33). O

The proof of Theorem 4.2 is illustrated in Figure 2. The dotted line in the bottom right
panel illustrates the counterfactual distribution Fy, based on the conditional independence
assumption. Given that U|G = 0 is uniform, the conditional independence assumption requires
that the distribution of U|G = 1,Y = X; be uniform for each [, and the point estimate of
Fyn~ 11(y) lies midway between the bounds of Theorem 4.1.

DCI

The average treatment effect, 7 , can be calculated using the distribution (4.33).

4.3 Point Identification in the Discrete CIC Model Through Covariates

In this subsection, we show that introducing observable covariates (X) can tighten the bounds
on Fyn ;; and, with sufficient variation, can even restore point identification in the discrete-
choice model without Assumption 4.2. The covariates are assumed to be independent of U
conditional on the group and the distribution of the covariates can vary with group and time.26

Let us modify the CIC model for the case of discrete outcomes with covariates.

26The assumption that U L X | G is very strong, and should be carefully justified in applications, using similar
standards to those applied to justify instrumental variables. The analog of an “exclusion restriction” here is that
X is excluded from Fy, (-). Although the covariates can be time-varying, such variation can make the conditional
independence of U even more restrictive.
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Assumption 4.3 (DISCRETE MODEL WITH COVARIATES) The outcome of an individual in

the absence of intervention satisfies the relationship
YN = h(U,T, X).

Assumption 4.4 (WEAK MONOTONICITY) h(u,t,x) is nondecreasing in u for t = 0,1 and for
all z € X.

Assumption 4.5 (COVARIATE INDEPENDENCE) U L X | G.

We refer to the model defined by Assumptions 4.3-4.5, together with time invariance (As-
sumption 3.3), as the Discrete CIC Model with Covariates. Note that Assumption 4.5 allows
the distribution of X to vary with group and time. Let X be the support of X, with Xy the
support of X|G = g,T = t. We maintain the assumption that these supports are compact.

To see why variation in X aids in identification, suppose that the range of h is a discrete
set {Ao,..., A}, and define

uF(t,x) = sup{u’ : h(u/,t,2) < A}

Recall that Fy 9/x (-]2) reveals the value of Fy1(u) for u € {u®(t,z),..,u”(t,z)}, as illustrated
in Figure 2. Variation in X allows us to learn the value of Fy(u) for more values of w.
More formally, for each (x,y), define K(y;x) and L(y;z) by
(K(y;2), L(y;2)) = arg sup Fyoo(y/|2');
(wl,yl)EXQOX(YooU{—OO}):
Fy,00(¥'|2")<Fy,01 (y|®)
(K(ys2), L(y;2)) = arg inf Fyo0(y'|2").

(«,y")€Xo00 X Ygo:
Fy,00(y'|2")>Fy,01(y|z)

If either of these is set-valued, take any selection from the set of solutions.

The following result places bounds on the counterfactual distribution of Y3y

Theorem 4.3 (BounDs IN THE DISCRETE CIC MODEL WITH COVARIATES) Suppose that
Assumptions 4.3-4.5 and Assumption 3.8 hold. Suppose that U is continuous and Xo; = Xqg
for t € {0,1}. Then we can place the following bounds on the distribution of Y1y :

FER 1y x l2) = Fyixpo(K(ys2) | Llysz), YR 1y x(le) = Fyixao(K(ys @) | L(y; @)

Proof: As in the proof of Theorem 4.1, without loss of generality normalize Uy to be uniform

on [0,1]. By continuity of U, we can express Fy~ 1,(y) as
Fyn yx(ylz) = Pr(Y{y <y|X =x) =Pr(h(Uy,t,2) <y) (4.35)
= Pr(U; <sup{u:h(u,t,z) =y} )="Pr (Ul < FyN70t|X(y‘Z')> .
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Thus, using definitions and (4.35),

Fyox (K(y;2) | Ly;2)) = Pr(Ur < Fyox (K(y; 2)[L(y; 2)) )
< Pr(Ui < Fyox(yle) ) = Fyw 11x (yle),

Fyaox(K(y;z) | L(y;2)) = Pr(Ur < Fyox (K(y; 2)|L(y; 2)) )
> Pr(Up < Fyoyx(yle) ) = Fyn 11 (yla).

O
When there is no variation in X, the bounds are equivalent to those given in Theorem 4.1.
When there is sufficient variation in X, the bounds collapse and point identification can be

restored.

Theorem 4.4 (IDENTIFICATION OF THE DISCRETE CIC MODEL WITH COVARIATES) Suppose
that Assumptions 4.3-4.5 and Assumption 3.3 hold. Suppose that U is continuous and Xo; = Xy
fort € {0,1}. Normalize Uy to be uniform on [0,1]. Define

Se(y) =A{u: 3z € KXot s.t. u= Fypx(yl7)}. (4.36)
Assume that for all y € Yo1, S1(y) C UyeveSo(y). Then the distribution of Y| X is identified.

Proof: For each z € Xg; and each y € Yo1, let (¢(y; ), x(y;z)) be a selection from the set of
pairs (y',2) € {Yoo, Xoo} that satisty Fyaox (y'|2") = Fy,01/x (y[z). Since S1(y) € UyevyySo(y),
there exists such a 3/ and 2. Then, u?* @ (0, x*(z)) = u¥(1,2). Then,

Fynix11(ylz) = Fua(Fyoux (y|z) = Fua(Fy,e0x (W (v 2)Ix(y5 7)) = Fyix10(@(y; 2)[x(y; 7).

O

5 Inference

In this section we consider inference for the continuous and discrete CIC models.

5.1 Inference in the Continuous CIC Model

In order to guarantee that 79¢ = E[Y11] — E[Fy ¢, (Fy.00(Y10))], in this subsection we maintain
Assumptions 3.1-5.1 (alternatively, we could simply redefine 7¢¢ according to the latter expres-
sion, since those assumptions are not directly used in the analysis of inference.) We make the

following assumptions regarding the sampling process.

Assumption 5.1 (DATA GENERATING PROCESS)
(i) Conditional on T; =t and G; = g, Y; is a random draw from the subpopulation with G; = g
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during period t.
(i1) age = Pr(T; =t,G; = g) > 0 for all t,g € {0,1}.
(111) The four random variables Yy are continuous with densities that are continuously differ-

entiable, bounded, and bounded away from zero with support Yy that is a compact subset of R.

Assumption 5.2 (SUPPORT CONDITION)
Yi9 C Yoo.

We have four random samples, one from each group/period. Let the observations from group
g and time period ¢ be denoted by Yy ;, for i = 1,..., Ny. We use the empirical distribution

as an estimator for the distribution function:

Ngt

. 1 &
Fyge(y) = N, Z WYy <y} (5.37)

gt i=1

As an estimator for the inverse of the distribution function we use

Fy by (q) = min{y : Fya(y) > g}, (5.38)

for 0 < ¢ <1 and Fﬁ;t(O) =Yy where Yy is the lower bound on the support of Yy;. As an
estimator of 7°¢ = E[V1;] — E[Fy ¢, (Fy.00(Y10))] we use

) 1 N1 1 Nio . .
acic _ N—H Z Yll,i — N—l(] Z F)Z(l]l(FY,OO(Ylo,i))' (539)
i=1 i=1

First, define

Py, 2) = . (M < 2} — Froo(2)),

Py (Fy gy (Froo(2)))

1
B fY,01(F£11(FY,00(Z)))

r(y) = Py (Froo®) — E [Fy gy (Froo(in))] -
s(y) =y — E[Yu].

Also define the two U-statistics

q(y,2) (U Fy01(y) < Froo(2)} — Fy00(2)),

Noo N10 NOl NIO

1 1
(i = Y00,i» Y10,5), and ~q:—7§ E Yo1.i, Yio ),
% Noo - N1o ;;p( 00,5 Y10,7) H No1 - Nio po et q(Yo1,4, Y10,5)

and the two averages

1 Nio 1 N11
= ——— > r(Yiou d ot =—3 s(Yi).
i N ;7’( 10,6)5 and ji" =+ ;S( 11,i)



Because jiP is a two-sample U-statistic it can be approximated by the sum of two averages:

N()() 1 NIO

1
ZE YOOHYlO)‘}/OOZ"’_—ZE [p(Yo0, Yio,5)|Yio4] + op(N71/2).

P =
Noo

Since E[p(Yoo, Y10,7)[Yi0,;] = 0, it follows that ji? = i + o,(N~1/2), with

1 Noo
P = Noo ZE[p(Yoo,Z,Ym)\YbO,z]
=1

Similarly 9 = 17 4 0,(N~1/2), with

N
1 01

pd = N - ZE (Yo1,5, Y10)[Yo1,4-

Finally, define the normalized variances of the ji’s:
VP = N()O . Var(ﬂp), V= N()l . Var(/lq),
V= N10 : Var(,[f), and V?® = N11 : Var([f).

Theorem 5.1 (CONSISTENCY AND ASYMPTOTIC NORMALITY) Suppose Assumptions 5.1 and
5.2 hold. Then:

(Z) seie _ pcic Op (N—1/2) 7

and (ii) VN (74 = 7€) 5 N (0, VP fagg + V¥ fagy + V" Jarg + V* o).

The variance of the CIC estimator, 79°, can be equal to the variance of the standard

DID estimator, 74id

Assumption 5.1 holds, (i) Yoo < Y10, and (m) there exists @ € R such that, for each g,

, in some special cases, such as when the following conditions hold: (i)

Y Y + a. More generally, the variance of 79¢ can be larger or smaller than the variance
Of Adld 27

To estimate the asymptotic variance we replace expectations with sample averages, using
empirical distribution functions and their inverses for distribution functions and their inverses,
and by using any uniformly consistent nonparametric estimator for the density functions. To

be specific, let Yy be the support of Yy, and let f/gt be the midpoint of the support, f/gt =

2TTo see this, suppose that Yoo has mean zero, unit variance, and compact support, and that Yoo b Yi0. Now

suppose that Yg]}’ 4 0-Yyo for some o > 0, and thus Yg]}’ has mean zero and variance o for each g. The assumptions
of the both the CIC model and the mean-independence DID model are satisfied, and the probability limits of #%id
and 7%c are identical and equal to E[Y11] — E[Y10] — [E[Yo1] — E[Yoo]]. If Noo and No1 are much larger than N
and Ni1, the variance of the standard DID estimator is essentially equal to Var(Yi1) + Var(Yio). The variance
of the CIC estimator is in this case approximately equal to Var(Y11) + Var(k(Y10)) = Var(Yi1) + o2 - Var(Yio).
Hence with o2 < 1 the CIC estimator is more efficient, and with o2 > 1 the standard DID estimator is more
efficient.
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(max Y, — minY,;)/2. Then we can use the following estimator for fy, g (y):%

Fxgt(y + N_1/3) — FY,gt(y) /N_1/3 if y < ffgta

frae=2 7. A _ _
! FY,gt(y) - FY,gt(y - N_l/s) /N_1/3 if Yy > Ygt-

Given these definitions, we propose the following consistent estimator for the asymptotic vari-
ance, where we let gog, go1, and g19 be the empirical counterparts of ggg, go1, and g1, with 2

and F~! substituted for F and F —1 and sample averages replacing expectations. Then define

A 1 Noo 1 Nio 2 . 1 No1 1 Nio 2
VP = — Y ,Y 5 Vq = Y 7Y ’
Noo 2= N10 Zgoo 00, Y10,5) Not 2 N10 ng 01,i> Y10,5)
. 1 Nio 1 Nio 2 . 1 N11 1 Ni1 2
V= — g10(Y10,i) = — > g10Yo4)| , V= Yii—— ) Y|

and let dg = = Z L\ H{Gi =g, T; =t}

Theorem 5.2 (CONSISTENT ESTIMATION OF THE VARIANCE) Suppose Assumption 5.1 holds
and Y19 C Yoo. Then: g 2 ag for all g,t, VP Lve vae By yr Zoyr vs 2ys and

therefore
Vp/doo + Vq/éé()l + Vr/dlo + ‘75/&11 BN Vp/Oé()Q + Vq/aol + V’"/alo + Vs/all,

Proof: See Appendix. O

For the quantile case we derive the large sample properties of the estimator 7, A(;‘C = F; %l(q) —
F; I 11( ) for TCIC (as given in 3.17) and FY Az 1108 defined by empirical distributions and inverses
as descrlbed above. To establish its asymptotic properties it is useful to define the quantile

equivalent of the functions p(-), ¢(-), r(-) and s(-), denoted by p4(-), gq(+), r4(+) and s4(-):

_ 1 -1 _ —1
pe(y) = Fron Y01(FY00(F37,%0(Q))) (1{y < Fyi(a)} FY,OO(FY,IO(Q))) )
1 _
() = Fro1(Fy 51 (Fy00(Fy 10(q))) <1{Fy’01(y) < Froo(Fy10(4)} - FYOO(FY,%O(Q))) )
-1
re(y) = FroolFy10(@) (H{Evu(y) <at—a),

Fro1(Fy 01 (Fy,00(Fy 10(0))) fr10(Fy 10(a))

and
sq(y) =y — E[Y11].

Define also the corresponding variances: Vg = E [pq(Yg)?] , Vi = E [qq(Yge)?] VI =E [ry(Y 2],
and V= E [s4(Yy)?].

2 Other estimators for fAyy gt(y) can be used as long as they are uniformly consistent, including at the boundary
of the support.
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Theorem 5.3 (CONSISTENCY AND ASYMPTOTIC NORMALITY OF QUANTILE CIC ESTIMA-
TOR) Suppose Assumption 5.1 holds. Then, defining q and q as in (3.16), for all q € (g, ),
(Z) cic LN Fcic
q e
(ZZ) \/N(f'[;lc — T[;lc) — N (0, qu/()éo(] + V;]q/()é(n + Vqr/oqo + Vqs/ozll) .

Proof: See Appendix. O

The variance of the quantile estimators can be estimated analogously to that for the esti-
mator of the average treatment effect. We may also wish to test the null hypothesis that the
treatment has no effect by comparing the distributions of the second period outcome for the
treatment group with and without the treatment — that is, Fy1 1;(y) and Fy~ 11(y), or first or
second order stochastic dominance relations (e.g., Abadie, 2002). One approach for testing the
equality hypothesis is to estimate ﬂ;’ic for a number of quantiles and jointly test their equality.
For example, one may wish to estimate the three quartiles or the nine deciles and test whether
they are the same in both distributions. In Al, we provide details about carrying out such a
test, showing that a X2 test can be used. More generally, it may be possible to construct a
Kolmogorov-Smirnov or Cramer-Von Mises test on the entire distribution. Such tests could be
used to test the assumptions underlying the model if more than two time periods are available.

With covariates one can estimate the average treatment effect for each value of the covariates
by applying the estimator discussed in Theorem 5.1 and taking the average over the distribution
of the covariates. When the covariates take on many values this procedure may be infeasible, and
one may wish to smooth over different values of the covariates. One approach is to estimate the
distribution of each Y conditional on covariates X nonparametrically (using kernel regression
or series estimation) and then again average the average treatment effect at each X over the
appropriate distribution of the covariates.

As an alternative, consider a more parametric approach to adjusting for covariates. Suppose
h(u,t,z) = h(u,t) + '8 and b (u,t,z) = hl(u,t) + 2’8

with U independent of (T, X) given G.?° Because, in this model, the effect of the intervention
does not vary with X, the average treatment effect is still given by 7¢¢. To derive an estimator
for 79, we proceed as follows. First, 3 can be estimated consistently using linear regression
of outcomes on X and the four group-time dummy variables (without an intercept). We can
then apply the CIC estimator to the residuals from an ordinary least squares regression with
the effects of the dummy variables added back in. To be specific, let D be the four-dimensional

vector (1 -T)(1-G), T(1—-G),(1 —T)G, TG) . In the first stage, we estimate the regression

Y; = D5+ X/3 + €.

29 A natural extension would consider a model of the form h(u,t) 4+ m(z); the function m could be estimated
using nonparametric regression techniques, such as series expansion or kernel regression. Alternatively one could
allow the coefficients 3 to depend on the group and or time. The latter extension would be straightforward given
the results in Al
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Then construct the residuals with the group/time effects added back in:
Y: =Y — X|3 = Do +é&.

Finally, apply the CIC estimator to the empirical distributions of the augmented residuals Y.

In AI we show that the covariance-adjusted estimator of 7% is consistent and asymptotically

normal, and we calculate the asymptotic variance.

5.2 Inference in the Discrete CIC Model

In this subsection we discuss inference for the discrete CIC model. If one is willing to make the
conditional independence assumption 4.2, the model is a fully parametric, smooth model, and
inference becomes standard. We therefore focus on the discrete case without Assumption 4.2.
We maintain Assumptions 3.1, 3.3, 5.2, and 4.1 (as in the continuous case, these assumptions
are used only to ensure derive expressions for 77,5 and 7y g, and in particular they are not used

directly in the analysis of inference). We make one additional assumption.
Assumption 5.3 (ABSENCE OF TIES) Y is a finite set, and for all y,y’ € Y,
Fyo1(y) # Fyoo(y')-

For example, if Y = {0,1}, this assumption requires Pr(Yp; = 0) # Pr(Ypo = 0) and

Pr(Yo: = 0),Pr(Yoo = 0) € (0,1). When ties of this sort are not ruled out, the bounds on the

distribution function do not converge to their theoretical values as the sample size increases.?’

Define
Fy 0o(y) = Pr(Yoo < ),

E(y) = Fy 51 (Fy,0(y)), and k(y) = Fy 5 (Froo0(y)),

with estimated counterparts

. 1 Noo
Fyoo(y) = Noo > 1Y <y},
i=1

E(y) = Fy 1 (Fy00(y)), and k’( ) = Fy 5, (Froo(y))-

The functions k(y) and k(y) can be interpreted as the bounds on the transformation k(y)
defined for the continuous case in (3.14). Note that E( ) = k%(y). In the Appendix (Lemma

A.10), we show that k(Y10) L FUB  and k‘(Ylo) ~ FLE

YN 11 YN 11- The bounds on 7 are then

7. = E[Y11] — E[k(Y10)], and v = E[Y11] — E[k(Y10)],

30 An analoguous situation arises in estimating the median of a binary random variable Z with Pr(Z=1)=p
If p # 1/2, the sample median will converge to the true median (equal to 1{p > 1/2}), but if p = 1/2, then in
large samples the estimated median will be equal to 1 with probability 1/2 and equal to 0 with probability 1/2.
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with the corresponding estimators

Nio

1 1 = 1 1 ~
B =~ Yii—w— ) kW), and 7up = — > Yiii— —— ) k(Y10,4)
]\711 ZZ:; )t NlO ZZ:; ( 77/) Nll — )2 Nl(] ZZ:; ( 71)

Theorem 5.4 (ASYMPTOTIC DISTRIBUTION FOR BOUNDS) Suppose Assumption 5.3 holds.
Then:

VN(ivp — 108) —5 N0,V Jan + V' Jag),
and

VN(Frp — 108) — N(0,V® Jan + V° Jan),
where V* = Var(k(Y10)) and V° = Var(k(Y1o)).

Proof: See Appendix. O

Note the difference between the asymptotic variances for the bounds and the variance for the
continuous CIC estimator. In the discrete case, the estimation error from the transformations
k(-) and k(-) (and thus the uncertainty in the sample of Yoo and Yp;) does not affect the variance
of the estimates for the lower and upper bounds. This is because the estimators for k(-) and
k() converge to their probability limits faster than v/N.3!

5.3 Inference With Panel Data

In this section we modify the results to allow for panel data instead of repeated cross-sections.
As the formal proofs are similar to those in the repeated cross-section case we present the
results without proofs. Consider first the continuous case. We make the following assumptions

regarding the sampling process.

Assumption 5.4 (DATA GENERATING PROCESS)

(i) Conditional on G; = g, the pair (Yio,Yi1) is a random draw from the subpopulation with
G; = g during periods 0 and 1.

(i1) ag = Pr(G; = g) > 0 for g € {0,1}.

(111) The four random wvariables Yy are continuous with densities bounded and bounded away

from zero with support Y 4 that is a compact subset of R.

We have now have two random samples, one from each group, with sample sizes. Ny and
Ny respectively, and N = Ny + Nj. (In terms of the previous notation, Ny = Ngg = Ny1, and
N1 = Njg = Nq1. For each individual we observe Y;p and Y;;. This induces some correlation
between components of the estimator. The following theorem formalizes the changes in the

asymptotic distribution.

31 Again a similar situation arises when estimating the median of a discrete distribution. Suppose Z is binary
with Pr(Z = 1) = p. The median is m = 1{p > 1/2}, and the estimator is 7h = 1{F2(0) < 1/2}. If p # 1/2,
then vV N(1n —m) — 0.
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Theorem 5.5 (CONSISTENCY AND ASYMPTOTIC NORMALITY) Suppose Assumption 5.4 holds.
Then:

(i) #9¢ 1

(ii) VN (795 — 7o) —L A7(0,VP/ag + V9 ag + CP1/ag + VT /oy + V¥ ay + CTJay) |

where VP, VI V" and V? are as before, and
CP" = E [E[p(Yoo, Y10)[Y0o] - E[g(Y01, Y10)[Y01]] , and C" =E[(r(Yao) - s(Y11)]]-

The variances VP, V4 V" and V* can be estimated as before. For CP? and C"* we use the

following estimators:

1 No 1 Nio N
pg il 5 ) .
CcP1 = N() ; Nl ;p(}/(]o,u YiO,] EZ: }/01 Z,YmJ ,

and

Z—Z (Yio,6) - s(Y11,0)-

Theorem 5.6 (CONSISTENT ESTIMATION OF THE VARIANCE WITH PANEL DATA) Suppose
Assumption 5.4 holds and Y19 C Yog. Then: cra L, cra gnd Crs 2 s,

Now consider the discrete model.

Theorem 5.7 (ASYMPTOTIC DISTRIBUTION FOR BOUNDS) Suppose Assumptions 5.3 and 5.4
(i) and (ii) hold. Then:

\/N(%UB — TUB) i> N(O, Vs/al +KT/C¥1 +QTS/CY1)7
and
\/N(%LB — TLB) i> N(O, VS/Oél +VT/C¥10 +6m/a1),

where V" = Var(k(Y")), V' = Var(k(Y")), C"* = Covar(k(Y19), Y11), and C'° = Covar(k(Y10), Y11).

6 Multiple Groups and Multiple Time Periods: Identification,
Estimation and Testing

So far we have focused on the simplest setting for DID methods, namely the two group, two

time-period case (from hereon, the 2 x 2 case). In many applications, however, researchers

have data from multiple groups and multiple time periods with different groups receiving the

treatment at different times. In this section we discuss the extension of our proposed methods
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to these cases.?? We provide large sample results based on a fixed number of groups and time
periods. We generalize the assumptions of the CIC model by applying them to all pairs of
groups and pairs of time periods. An important feature of the generalized model is that the
estimands of interest, e.g., the average or quantile effect of the treatment, will differ by group
and time period. One reason is that an intrinsic property of our model is that the production
function h(u,t) is not restricted as a function of time. Hence even holding fixed the group
(the distribution of the unobserved component U), and even if the production function under
treatment h!(u,t) does not vary over time, the average effect of the treatment may vary by
time period. Similarly, because the groups differ in their distribution of unobservables, they
will differ in the average or quantile effects of the intervention.?? Initially we therefore focus on
estimation of the average treatment effects separately by group and time period.

To estimate the average effect of the intervention for group g in time period t we require a
control group ¢’ and a baseline time period #’ < ¢ such that the control group ¢’ is not exposed
to the treatment in either of the time periods ¢ and ¢’ and the treatment group g is not exposed
to the treatment in the initial time period #’. Under the assumptions of the CIC model, any
pair (¢',t") that satisfies these conditions will estimate the same average treatment effect. More
efficient estimators can be obtained by combining estimators from different control groups and
baseline time periods.

The different control groups and different baseline time periods can also be used to test
the maintained assumptions of the CIC model. For example, such tests can be used to assess
the presence of additive group/period effects. The presence of multiple groups and/or multiple
time periods has previously been exploited to construct confidence intervals that are robust to
the presence of additive random group/period effects (e.g., Bertrand, Duflo, and Mullainathan,
2004; Donald and Lang, 2004). Those results rely critically on the linearity of the estimators to
ensure that the presence of such effects does not introduce any bias. As a result, in the current
setting the presence of additive group/period effects would in general lead to bias. Moreover,
outside of fully parametric models with distributional assumptions, inference in such settings

requires large numbers of groups and/or periods even in the linear case.

6.1 Identification in the Multiple Group and Multiple Time-period Case

As before, let G and 7 be the set of group and time indices, where now G = {1,2,..., Ng} and
7 ={1,2,...,Nr}. Let Z be the set of pairs (¢, g) such that units in period ¢ and group g receive

the treatment, with the cardinality of this set equal to Nz.3* For unit ¢ the group indicator is

32To avoid repetition we focus in this section mainly on the average effects of the intervention for the continuous
case for the group that received the treatment in the case of repeated cross-sections. We can deal with quantile

effects, discrete outcomes, effects for the control group and panel data in the same way as in the 2 x 2 case.
33This issue of differential effects by group arose already in the discussion of the average effect of the treatment

on the treated versus the average effect of the treatment on the control group.
341n the 2 x 2 case G = {0,1}, 7 = {0,1}, and Z = {(1,1)} with Nz = 1.
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G; € G and the time indicator is T; € 7. Let I; be a binary indicator for the treatment received,
so that I; = 1 if (T;,G;) € Z. We assume that no group receives the treatment in the initial
period: (1,g) ¢ Z. In addition we assume that after receiving the treatment, a group continues
receiving the treatment in all remaining periods, so that if t,t + 1 € 7 and (¢,g9) € Z, then
(t+1,9) € Z. Let Fy4.(y) be the distribution function of the outcome in group g and time
period ¢, and let oy be the population proportions of each subsample, for g € G and t € 7.
As before, Y = h(U,t) is the production function in the absence of the intervention.
For each “target” pair (g,t) € Z define the average effect of the intervention:

o = E[Y}, - YN = E[Y},] - EInU,0)G = gl

This average treatment effect potentially differs by target group/period (g, t) because we restrict
neither the distribution of Y by group and time, nor the production function h(u,t) beyond
monotonicity in the unobserved component.

In the 2 x 2 case there was a single control group and a single baseline time period. Here chf
can be estimated in a number of different ways, using a range of control groups and baseline
time periods. Formally, we can use any control group gg # g in time period ty < t as long as
(g0,t0), (go,1), (g,t0) ¢ Z. It is therefore useful to introduction a separate notation for these
objects. For each (g,t) defining the target group ¢g and time period ¢ and each control group

and baseline time period (go, o) define
I{go,g,to,t = E[ngt] —-E F)Z;o,t (FYugO’tO (YQ7t0))

As before, the identification question concerns conditions under which E F}Z;o,t (Fy,g0,t0 Yg.00)) | =
E[YgJX], implying kg,,g.t0,t = T;ltc Here we present a generalization of Theorem 3.1. For ease of
exposition we strengthen the support assumption, although this can be relaxed as in the 2 x 2

case.

Assumption 6.1 (SUPPORT IN THE MULTIPLE GROUPS AND MULTIPLE TIME-PERIODS CASE)
The support of U|G = g, denoted by Uy, is the same for all g € G.

Theorem 6.1 (IDENTIFICATION IN THE MULTIPLE GROUP AND TIME-PERIOD CASE)
Suppose Assumption 3.1-3.8 and 6.1 hold. Then for any (g1,t1) with (g1,t1) € Z such that there
is a pair (go, to) satisfying (go,to), (go,t1), (g1,t0) & I the distribution of Yg];[,tl is identified, and

for any such (go,to):

FYN,gl,tl (?J) = FY,gl,to(Fﬁlo,to (FY7907t1 (y))) (6-40)

The proof of Theorem 6.1 is similar to that of Theorem 3.1 and is omitted.
The implication of this theorem is that for all control groups and baseline time periods

(g0, to0) that satisfy the conditions in Theorem 6.1, we have Tgiftl = Kgo,g1,t0,t1-

[33]



6.2 Inference in the Multiple Group and Multiple Time-period Case

The focus of this section is estimation of and inference for 7¢°. As a first step we consider

g;t”
inference for kg, g;.1,1,- For each quadruple (go, g1,%0,t1) we can estimate the corresponding

Kgo,g1,to,t1 &8

1 Ngy.tq 1 Ngy,tg

N o ) ~—1 ~ ]

Kgo,g1,t0,t1 = N E thtm - N E : FY,go,tl(FY,go,to(thto,Z))- (6-41)
gl,tl i=1 glytO i=1

By Theorem 6.1, if tg < t1, (91,t1) € Z and (go,%0),(g0,t1),(91,t0) ¢ Z it follows that
Kgo,g1,to.t1 = Tgftl. Hence we have potentially many consistent estimators for each Tgltc Here we
first analyze the properties of each Ay, g, 1,4, @s an estimator for kg, g4, ¢9,¢,, and then consider
combining the different estimators into a single estimator 7,; for 74 ;.

For inference concerning kg, g, 1,1, We exploit the asymptotic linearity of the estimators
Rgo,g1.to.t1- 10 order to do so it is useful to index the previously defined functions p(-), ¢(-), r(-)

and s(-) by groups and time periods. First, define®

1
Pgo,g1,t0,t1 (yv z) = : (1{y < Z} - FY,goﬂfo (Z)) )

fy.gota (Fﬁ;,lo,tl (FY,go,to (2)))

1
Qgo.gr.to.ts (Y, 2) = -
oA fY,907t1(FY,;0,t1(FY7907t0(Z)))

1
Tg0,91,t0,t1 (Y) = Y.g0,t1 (Fygoto (), and sgg g, 40,6, (4) = y-

: (1{FY7go,t1 (y) < Fy g0.to (2)} — Fy go.to (),

Also define the four averages

1 Ngoyto
~nD _ . .
Fgo.g1,t0,91 — N Z E[pgovglvtovtl(ygo,tomthto)‘ygo,tw]v
go,to i=1
1 Ngo»tl
~d _ . .
Hgo,91,to,91 — — E : E[q§o,gl7to,t1(ygo7t17lvY}]l,to)|Ygo,t1,Z]’
90,91,10,9 N
907t1 i=1
Ng1yto

1
ap _ )
Hgo,91,to,91 — N § : r907917t07t1(Y91,t0,Z)7

917t0 i=1

1 Nglvtl
s - )
Hgo,91,t0,91 — N E : 3907917t07t1(Y917t1,Z)'
gt =1

Define the normalized variances of the {’s:

P _ ) ~P q _ ) ~q
‘/;0,91,t0,t1 = Nyo.to Var('ugo,ghto,gl)’ ’Vtt]o,gl,to,tl = Nyo.t, Var(ugo,g1,to7g1)’

35The function Sgo,91.t0.t1 (¥) is indexed by go, g1, to, and ¢1 only to make it comparable to the others, it does

not actually depend on group or time.
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= Ny, +, - Var( and V7

AT
'Ltg()vglvt()vgl) 90,91,%0,t1

= Ny, 4, - Var(

T AS
Vtt]o ,91,5to,t1 Hgo.,g1,t0,91 )

Finally, define

~ _ ~D ~q AT ~S
Kgo,g1,t0.t1 = Fgo.gusto,tr T Hgo,g1,t0,91 T Fgo,gr,to.gr T Hgo,g1,t0.91 T Fgo,gr.to.gn -
For convenience we strengthen the support condition compared to Assumption 5.2.

Assumption 6.2 (SUPPORT CONDITION WITH MULTIPLE GROUPS AND MULTIPLE TIME
PERIODS) For each t € T there is a Yy C R such that if (g,t) ¢ Z, then Yg = Y.

The last assumption requires that for a given time period the support of Y, ; is identical for all
groups that do not receive the treatment.?¢ This assumption avoids the type of complications
with the support we have discussed in the 2 x 2 case in Corollary 3.1, and can be weakened

analogous to the 2 x 2 case at the expense of additional notation.

Lemma 6.1 (ASYMPTOTIC LINEARITY) Suppose Assumption 5.1 and 6.2 hold. Then Kqq g, to.t:

is asymptotically linear: Rgo.g1.to,tr = Fgo,gito.ts Op(N_l/2)-

The proof of Lemma 6.1 follows directly from that of Theorem 5.1.
The implication of this lemma is that the normalized asymptotic variance of ’%Zgz,ghtovtl is
.(g:t)cvglvt()ytl ’

1 1
p3 - __ _.yP _ - .yve - .yr I
N-Var ('L{govglvtO’tl) T« V907917t07t1 + a Vgo,gl,tmh + a V907917t07t1 + a V907917t07t1'
go,to go,t1 g1,to gi1,t1

equal to the normalized variance of & which is equal to

1 1

In addition to the variance, we also need the normalized large sample covariance between

Rgo,g1,to,tr and A We give the expressions for the case with repeated cross-sections.

govgllvté)?tll.
The case with panel data is similar. There are 25 cases (including the case with gy = g,
g1 = g4, to = t{, and t; = t| where the covariance is equal to the variance). For example, if

90 = 44, 91 = g1, to = ty, and ¢ # t}, then the normalized covariance is

N - Cov (glcm cic > — N . Cov (Rcm i >

90,91,t0,t1° Vgl g7 ,th,t] 90,91,t0,t17 "Vgo,g1,t0,t]

=N-E [ﬂzo,ghtovtl 'ﬂgo,guto,t’l} t+N-E [ﬂ207917t07t1 'ﬂ;07917t07t/1:| ’
The details of the full set of 25 cases is given in the Appendix.
Let J be the set of quadruples (go,g1,t0,t1) such that (go,to),(go,t1), (g1,t0) ¢ Z and
(g1,t1) € Z, and let N7 be the cardinality of this set. Stack all &g, 4, ¢, such that (go, g1,t0,t1) €
J into the N 7-dimensional vector &7, and similarly stack the kg, g, 1,4, into the /N z-dimensional

vector k7. Let V7 be the asymptotic covariance matrix of vV N - R 7.
Theorem 6.2 Suppose Assumptions 5.1 and 6.2 hold. Then

VN(kg - rg) —5 N(0, V7).

36Note that Assumptions 3.1-3.3 and 6.1 combined imply that Assumption 6.2 holds.
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Proof: See Appendix

Next, we wish to combine the different estimates of 7. In order to do so efficiently we need

it
to estimate the covariance matrix of the estimators /%9079917t07t1, V7. As shown in the appendix,
all the covariance terms involve expectations of products of the functions E{pg, 4, 0.6 (¥, Y51.40)],
ElGg0,91,t0,61 U Yg1.40)]s Tg0,91,t0,61 (¥) and Sgg 110,61 (¥), evaluated over the distribution of Y ;.
These expectations can be estimated by averaging over the sample. Let the resulting estimator

for V7 be denoted by VJ. The following Lemma, implied by Theorem 5.2, states its consistency.
Lemma 6.2 Suppose Assumption 5.1 holds. Then Vj 2, V.

It is important to note that the covariance matrix Vs is not necessarily of full rank.?” In

)

that case we denote the (Moore-Penrose) generalized inverse of the matrix V; by V}_ .

We wish to combine the estimators for kg g, .+, into estimators for T;Itc Let 78¢ denote
the vector of length N7 consisting of all Tgff stacked. In addition, let A denote the Ns x Nz

matrix of zero/one indicators such that k7 = A - T%ic. Specifically, if under the assumptions of
Theorem 6.1 the jth element of 7 is equal to the ith element of 75, then then (i, j)th element

of A is equal to one. Then we estimate T}ic as
e — <A’V(_)A)_1 (av§wge).

Theorem 6.3 Suppose Assumptions 3.1-83.3, 5.1 and 6.1 hold. Then
VN - (75 = 759 L N0, (A'VE A)7Y.

Proof: A linear combination of a jointly normal random vector is normally distributed. The
mean and variance then follow directly from those for 4. [

In some cases we may wish to combine these estimates further. For example, suppose we
may wish to estimate a single effect for a particular group, combining estimates for all periods
in which this group was exposed to the intervention. Alternatively, we may be interested in
estimating a single effect for each time period, combining all estimates from groups exposed
to the intervention during that period. We may even wish to combine estimates for different
groups and periods into a single average estimate of the effect of the intervention. In general

we can consider estimands of the form TKiC =N T}ic, where A is a N7 x L matrix of weights.

37To see how this may arise, consider a simple example with four groups (G =1{1,2,3,4}) and two time periods
(T ={1,2}). Suppose only the last two groups (groups 3 and 4) receive the treatment in the second period, so
that (3,2), (4,2) € Z and all other combinations of (g,t) ¢ Z. There are two treatment effects, T§f§ and ijg, and

cic

four comparisons that estimate these two treatment effects, k13,12 and k2 3,1,2 which are both equal to 755 and
K1,4,1,2 and K2 4,1,2 which are both equal to T;ffg. Suppose also that Fy,q+(y) = y for all ¢g,¢. In that case simple
calculations show E[p%»gl»to,tl (¥, You 10 )] = E[qgo,gl,t()»tl (v, Ygl,to)] = Tgo,91.t0,t1 (U) = Sg0,91,t0,t1 (¥) =y — 1/2, s0
that 1,312 = Ya2 — Y31 — Y12 — Y11, R1ia12=Ya2—Ya1—Yio— Y11, k2312 =Y32— Y31 —Yas—Ya1, and
Ro,41,2 = 17472 — 174’1 — 172’2 — 172’1. Then K2,4,1,2 — K2,3,1,2 — R1,4,1,2 + R1,3,1,2 = 0, which shows that the covariance
matrix of the four estimators is asymptotically singular. In general the covariance matrix will have full rank, but

we we need to allow for special cases such as these.
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If we are interested in a single average L = 1, but more generally we may be interested in a
vector of effects, e.g., one for each group or each time period. The weights may be choosen to

ACIC

reflect relative sample sizes, or depend on the variances of the 7. The natural estimator for

T8¢ is 7§I¢ = A7, For fixed A it satisfies

VN - (75— 75) <5 (0, N (A'VST A)71A).
As an example, suppose one wishes to estimate a single average effect, so A is a Nz-vector
and (with some abuse of notation) 7{¢ = Z(g,t)eI Agy- Tglf One natural choice is to weight
by the sample sizes of the group/time-periods, so Ags = Ny ;/ Z(g,t)el' Ng+. Alternatively one
can weight using the variances, leading to A = (¢/ A’IV}_)AL)_lL’ A V}_)A. This latter choice is
particularly appropriate under the (strong) assumption that the treatment effect does not vary

by group or time period, although the above large sample results do not require this.

6.3 Testing

In addition to combining the vector of estimators to obtain a more efficient estimator for 7¢¢,
we can also use it to test the assumptions of the CIC model. Under the maintained assumptions
all estimates of the form Ay, ¢, 1,4, Will estimate TCIC . If the model is mis-specified the separate

estimators may converge to different limiting Values. We can implement this test as follows.
Theorem 6.4 Suppose that Assumptions 3.1-3.3, 5.1 and 6.1 hold. Then
N-(hg — A-78YVVS Ry — A-78¢) -4 X2 (rank(Viy) — Ny).

C

Proof: By joint normality of #7 and the definition of 74¢ it follows that &7 — A - 7€ is jointly
normal with mean zero and covariance matrix with rank rank(Vy) — Nz. O

This test will have power against a number of violations of the assumptions. In particular
it will have power against violations of the assumption that the unobserved component is
independent of the time period conditional on the group, or U L T|G. One form such violations
could take are through additive random group-time effects. In additive linear DID models such
random group-time effects do not introduce bias, although for inference the researcher relies
either on distributional assumptions or on asymptotics based on large numbers of groups or
time periods (e.g., Bertrand, Duflo and Mullainathan, 2003; Donald and Lang, 2003). In
the current setting the presence of such effects can introduce bias because of the nonadditity
and nonlinearity of h(u,t). There appears to be no simple adjustment to remove this bias.
Fortunately, the presence of such effects is testable using Theorem 6.4.

We may wish to further test equality of 7 Clc for different g and t. Such tests can be based on
the same approach as used in Theorem 6.4. As an example, consider testing the null hypothesis
that Tle = 7€ for all (g,t) € Z. In that case we first estimate 7°¢ as #€¢ = A7 with
A= L’A’IV( )AL) ! ’A’V( )A Then the test statistic is N (7gic —peic. ) AL V} )A( Fele _geic.y),
In large samples, N-(79¢—7¢ic.,)/ A V} )A( feic_gpeic.) L x 2(N7z—1) under the null hypothesis

of TCIC = 7°¢ for all groups and time periods.
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7 Conclusion

In this paper, we develop a new approach to differences-in-differences models that highlights
the role of changes in entire distribution functions over time. Using our methods, it is possible
to evaluate a range of economic questions suggested by policy analysis, such as questions about
mean-variance tradeoffs or which parts of the distribution benefit most from a policy, while
maintaining a single, internally consistent economic model of outcomes.

The model we focus on, the “changes-in-changes” model, has several advantages. It is
considerably more general than the standard DID model. Its assumptions are invariant to
monotone transformations of the outcome. It allows the distribution of unobservables to vary
across groups in arbitrary ways. For example, it allows that the distribution of outcomes in
the absence of the policy intervention would change over time in both mean and variance. Our
method could evaluate the effects of a policy intervention on the mean and variance of the
treatment group’s distribution relative to the underlying time trend in these moments.

An application presented in the working paper version of this paper (Athey and Imbens,
2002) illustrates that the approach used to estimate the effects of a policy change can lead
to results that differ from one another, in magnitude, significance, and even in sign. Thus,
the restrictive assumptions required for standard DID methods can have significant policy
implications. Even when one applies the more general classes of models proposed in this paper,
however, it will be important to justify such assumptions carefully.

A number of issues concerning DID methods have been debated in the literature. One
common concern (e.g., Besley and Case, 2000) is that the effects identified by DID may not be
representative if the policy change occurred in a jurisdiction that derives unusual benefits from
the policy change. That is, the treatment group may differ from the control group not just in
terms of the distribution of outcomes in the absence of the treatment but also in the effects of
the treatment. Our approach allows for both of these types of differences across groups because
we allow the effect of the treatment to vary by unobservable characteristics of an individual, and
the distribution of those unobservables varies across groups. So long as there are no differences
across groups in the underlying treatment and non-treatment “production functions” that map
unobservables to outcomes at a point in time, our approach can provide consistent estimates of

the effect of the policy on both the treatment and control group.



APPENDIX A

Before presenting a proof of Theorem 5.1 we give a couple of preliminary results. These results will be
used in constructing an asymptotically linear representation of 7. The technical issues involve checking
that the asymptotic linearization of F; (l)l(FY,OO(Z)) is uniform in z at the appropriate rate, since 7¢i¢
involves the average (1/Nig) >, F; L (Fy.00(Y10,4)). This in turn will hinge on an asymptotically linear
representation of F;(llt(q) that is uniform in ¢ € [0,1] at the appropriate rate (Lemma A.5). The key
result uses a result by Stute (1982), restated here as Lemma A.3, that bounds the supremum of the
difference in empirical distributions functions evaluated at points close together.

For (g,t) € {(0,0),(0,1),(1,0)}, let Ygz1,..., Yy n,, be iid with common density fy,4:(y). We maintain
the following assumptions.

Assumption 7.1 (DISTRIBUTION OF Y,)
(i) The support of Yy, is equal to Yq = [Qgt’ Ggt]-

(13) The density fv,qg¢(y) is bounded and bounded away from zero by 79t and igt respectively.
(t43) The density fy.q:(y) is continuously differentiable on Yg;.

Let N = Noo+Noi+N1o, and let Nyt /N — ag¢, with gy positive. Hence any term that is OP(N(;‘S) is also
O,(N~?), and similarly terms that are 0]0(]\7‘(;5‘S
following discussion the subscript gt when the results are valid for Yy, for all (g,t) € {(0,0),(0,1),(1,0)}.

As an estimator for the distribution function we use the empirical distribution function:

) are 0,(N~?). For notational convenience we drop in the

N N
. 1 1
Frly) = DU <} = Frly) + 5 D0 (Vi <y} — Fe(w)),
i=1 i=1
and as an estimator of its inverse we use
Fy'(q) = Yn.q) = min{y € R: Fy (y) > q}, (A1)

for ¢ € (0, 1], where Yy, is the kth order statistic of Y7,..., Yy, [a] is the smallest integer greater than
or equal to a, and Fy,'(0) = y. Note that Fy '(g) is defined for ¢ € [0,1] and that

¢ < Py (Fy (@) < g+ 1/N, (A-2)
with Fy (Fy ' (q)) = ¢ if ¢ = j/N for some integer j € {0,1,..., N}. Also

y —max(Yey) — Vi) < Iy (Fy () <,

where Y() = y, with F;l(ﬁy (y)) = y at all sample values.
First we state a general result regarding the uniform convergence of the empirical distribution function.

Lemma A.1 For any 6 < 1/2,
sup N° - |Fy (y) — Fy (y)] & 0.

yeY

Proof: Billingsley (1968) and Shorack and Wellner (1986) show that with X3, X, ... iid and uniform on
[0, 1], supg< <1 N'2.|Fx(z)—x| = O,(1). Hence for all § < 1/2, we have SUPg< <y NO- |Ex (z)—a| 2 0.
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Consider the one-to-one transformation, from X to Y, Y = Fy,*(X) so that the distribution function for
Y is Fy(y). Then:

sup N° - |Fy (y) — Fy (y)| = sup N°-|Fy(Fy'(2)) — Fy(Fy'(2))| = sup N°-|Fx(x)—z| %0,
yeY 0<z<1 0<z<1

because Fx (¢) = (1/N) $ 1{Fy (V) < o} = (1/N) © 1{Y; < Fy ' (0)} = By (Fy ' (a)). O

Next, we show uniform convergence of the inverse of the empirical distribution at the same rate:
Lemma A.2 For any § < 1/2,

sup N°-|Fy'(q) — Fy ' (q)| & 0.
q€[0,1]

This result follows from a more general result given below (Lemma A.5).

Next we state a result concerning uniform convergence of the difference between the difference of the
empirical distribution function and its population counterpart and the same difference at a nearby point.
The following lemma is for uniform distributions on [0, 1].

Lemma A.3 (STUTE, 1982) Let

w(a) = sup N2 A By (y+a) — Fy(z) — (Fy (y+7) — Fy ()|

a 0<y<1,0<z<a,0<z+y<1
Suppose that (i) any — 0, (i) N -ay — oo, (i) log(1/an)/loglog N — oo, and (iv) log(1/an)/(N -
any) — 0. Then:

w(an)

N—oo /2anlog(1/an)

=1wp.l.

Proof: See Stute (1982), Theorem 0.2, or Shorack and Wellner (1986), Chapter 14.2, Theorem 1.

Using the same argument as in Lemma A.1l, one can show that the rate at which w(a) converges to
zero as a function of a does not change if one relaxes the uniform distribution assumption to allow for
a distribution with compact support and continuous density bounded and bounded away from zero. We

state this result without proof.

Lemma A.4 (UNIFORM CONVERGENCE) Suppose Assumption 8.1 holds. Then, for 0 < n < 3/4, and
0<6<1/2,0>2np—1, and 26 > n,

sup N |Fy(y+x) — By(y) —a fy(y)| 2= 0.
y,z<N—9

(Here we only take the supremum over y and z such that y € Y and y + z € Y.)
Next we state a result regarding asymptotic linearity of quantile estimators, and a rate on the error of

this approximation.

Lemma A.5 For all0 <n < 3/4,

1

m (FY(Fx;l(Q)) - Q)

sup N" - | Fy ' (q) — Fy ' (q) +
q




Proof: By the triangle inequality,

N 1
N7 B (0) = B (0) + s (P (05 0) —a) (A3)
I T N T P | 1 - _ 1
< Sl;PN Fy (g — Fy (Fy (Fy ' (9)) + ) (Fy (Fy " (q)) — Fy (Fy, ((ﬂ))} (A4)
. 1 N 1 o .
+81;pN : m(FY(Fyl(Q)) —q) — m(FY(FYI(Q)) - FY(Fyl(Q)))‘ (A.5)
o N7 BB (B @) - B (@ (A6)
First, consider (A.4):
1 —1/f -1 1 A1 1
sgpN" By (q) = By (Fy (Fy(9)) + m(FY(FY (9)) — Fy (Fy (Q)))‘
<supN”- |y Fy ' (Fy (y)) + f%(y)(ﬁy(y) - Fy(y))‘
Expanding F;l(ﬁ'y(y)) around Fy (y) we have, for some ¢ in the support of Y,
o 1 - L Ofy .\ ¢ 2
B ) =+ o () = F ) = s ) e ()~ )

By Lemma A.1 we have that for all § < 1/2, N° - sup,, |Ey (y) — Fy(y)] = 0, and implying that for

n < 1 we have N - sup, |Fy (y) — Fy(y)|> =% 0. This in combination with that fact that both the

derivative of density is bounded and the density is bounded away from zero, we have

8lnfy ~ A 2
0

o (O(Fr(v) - W) £

_>0,

sup N7 - [F7 (B (9) v - f%(y)@y(y) - Fe(y)] = sup N7

which proves that (A.4) converges to zero in probability.

Second, consider (A.5). By the triangle inequality,

o
Fy(Fy ' (a))

1
fr(Fy(q))

st;pN"- (FY(FQI(Q))_Q)_

(Fy (FyH(9) — Fy(Fyl(q)))‘

1
fr(Fy ' (9)

1
fr (£ Y(9)

1

<supN".
q

(Fy (Fy'(q)) — q) — (Fy (Fy'' (@) — q)

1

— ; _1 — —
W E @) (Fy (Fy (9)) —a)

+sup N7 -
q

1 1
@) A(Fy )

< sup NT/2.
q




Since sup,, N2\ FyY (q)—Fy ' (g)] converges to zero by Lemma A.2, it follows that sup, N"/2| 1/ fy (Fy ()~
1/ fy(Fy '(q))| converges to zero. By Lemma A.1 sup, N"/2|Fy (Fy: ' (q)) —q| < sup, N"/2|Fy (y)— Fy (y)|
converges to zero. Hence (A.7) converges to zero. Next, consider (A.8). By the triangle inequality

sup N | (B (B (@) = ) = (Fy (B @) = By (7 @)

<sw N B (F7 (@) = By (Fy (B (7 (@) (A.9)
Fup N A (7 (@) - q (A.10)
sup N7 |(By (Fy M (By (B (@) = By (B @) = (B (B Ha) = Fe (B @) (A1)

q
The second term, (A.10), converges to zero because of (A.2). For (A.9):

sup N+ |y (Fy ! 0)) = By (B (Fy (B @)] < sup N7 [ By (@) = Fy (B (0 4+ 1/3)|

< sup N7 By (Fy (@) = By (Fy ' (a) + 1/(EN)))

< sup N By (Fy H(a) = By (Fy () + 1/(FN) = (Fy (Fy ' (a) — Fy (Fy ' (a) + 1/(1N))))‘

+sup N" - |Fy (Fy ' (q)) — Fy (Fy (q) + 1/(fN)))]

< Sl;p N |\Fy(y) — Fy (y+ 1/(fN)) — (Fy (y) — Fy (y + 1/(iN))))} (A.12)
+51;pN"' |Fy (y) — Fy (y + 1/(fN)))| (A.13)

The first term (A.12) converges to zero using the same argument as in (??). The second term (A.12)
converges because |Fy (y) — Fy(y + 1/(fN)))| < f/(fN). This demonstrates that (A.9) converges to
Zero.

For (A.11), note that

sup N ’(Fy(Fs?l(Fy(Fs?l(q)))) - By (Fy ' (9)) — (Fy (Fy ' (a) — Fy (Fy ' (a))

< s N7 By (B (Fy () = By ) = (Fr ) = Fr () | (A.14)

Note that we can write the expression inside the absolute value signs as

Fy(y+2) = By () = (Fy(y +2) - Fr ()]

for x = Fy, 'Fy (y) —y. The probability that (A.14) exceeds € can be bounded by sum of the conditional
probability that it exceeds e conditional on sup, N S|Fy (y) — Fy(y)| < 1/ f and the probability that
sup,, NO|Fy (y) — Fy (y)| > 1/f. By choosing § = 7/2 and N sufficiently large we can make the second
probability arbitrarily small by Lemma A.1, and by (??) we can choose N sufficiently large that the
first probability is arbitrarily small. Thus (A.11) converges to zero. Combined with the convergence of
(A.9) and (A.10) this implies that (A.8) converges to zero. This in turn combined with the convergence
of (A.7) implies that (A.5) converges to zero.

Third, consider (A.6). Because |Fy (Ey ' (¢)) — g| < 1/N for all ¢, this term converges to zero uniformly

in g. Hence all three terms (A.4)-(A.6) converge to zero, and therefore (A.3) converges to zero. O
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Lemma A.6 (CONSISTENCY AND ASYMPTOTIC LINEARITY) Suppose Assumption 7.1 holds. Then:

(1)
1 Nio
g - ZFym (Fy.00(Y10,4)) == E[Fy gy (Fy,00(Y10))],
and (ii):
1 Nio

o 2 b (Broo(io,)) = EIFz g, (Fyoo(Yio))] = i = it = i = 0, (N7/2).
=1

Proof: (i) Because Fyo(z) converges to Fy go(z) uniformly in z, and F;)él (q) converges to F}Zél(q)
uniformly in ¢, it follows that F;él (Fygo( )) converges to Fy 0 (Fy,0(2)) uniformly in 2. Hence
Nm ZN“’ FY 01(FY,00(Y10,i)) converges to w— ZN“’ Fy o1(Fy,00(Y10,:)) which by a law of large numbers
converges to E[F;Z(ln(FY,oo(Ylo))], which proves the first statement.

(%) The first step is to show that

N10 Nl()
1 . 1 - )
N1/2 <—N10 > Fy o1 (Fr00(Yio,0)) — Nig > Fy o1 (Fyio0(Yios)) — #q> = 0. (A.15)
i=1 =1

To see this, note that

1 Nio N 1 Nio L
N2 Nio > oy (Fyo0(Yio) — Moo > Fygy (Fyo0(Yio4)) — i
i=1 i1
N10 1 Nl()
< NV — ZFym (Fy,00(Y10,:)) — —ZFYOI (Fv.00(Y10,)) (A.16)

Nio No1

1 1 1
N N 2

i=1 j=1 vaol(F)Z(ln(FY,oo(YIOJ)))

(1{FY,01(Y01,3‘) < Fy00(Yi0.4)} — FY,oo(Ylo,z'))

Nio Now £ {1 fron(Fy g (Fyoo(Yio,)))

The first term in (A.16) can be bounded by

(1{FY,01(Y01,3‘) < Fy00(Yi0.4)} — Fy,oo(Yw,i)) —p.

No1
. 1 1
NY2sup [Fy (@) — Fydi(q) — —) —————— (1{Fy.01(Yo1,;) < ¢} — q)
q Y,01 Y,01 NOl J; fYOl(F}Zél (q)) ) 5J
= N2 sup (1) (q) — F;(ln(Q) - ;,1 (FY,Ol(F;(l)l(q)) - Q)
q ' fY,Ol(FY701(Q)) 7

which converges to zero in probability by Lemma A.5. The convergence of the second term in (A.16)
follows by an argument similar to that of the convergence of (A.5).
Second,

1 Nio ) 1 Nig
N2 (N_w ; Fy 61(Fy,00(Y10.6)) — N ; Fy 61(Fy,00(Y10,)) — /lp)

[43]



Noo

Fgll(ﬁy,oo(y)) - Fg(l)l(Fy,oo(y)) e (F I(FYOO(y))) Nioo Z (1{Y00,: <y} — Fy,00(y))|-
01y 01 ) i=1

§N1/2sup
Yy

Convergence of this expression to zero is by Lemma A.1, which implies that N1/2 sup,, |Fy (y) — Fy (y)|?

converges to zero. Hence

Nio
1 [— n ~ ~ AT
Nio > By g (Fyoo(Yios)) = A% + P + ju
=1
1 Nio L 1 Nio s
|\ Ny ; Ey o1 (Fy,00(Yi0,4)) — Mo ; Fy 01 (Fy00(Y10,:)) — (A.17)
1 Nio R 1 Nio
+ <N—10 > Fy o1 (Fyo0(Yi0,4)) — N > Fy gy (Fyo0(Yios)) — ﬂ”) (A.18)
i1 i=1

The last two terms, (A.17), and (A.17) are o,(N~'/2), implying the second result in the Lemma. O
Lemma A.7 (AsYMPTOTIC NORMALITY) Suppose Assumption 7.1 holds. Then:
Nio

1 o
VN <N—1o > By (Fyoo(Yio) — E[F}Z(IJI(FY,OO(YN))]> ~L N(0,V? oo + VI [aor + V" Jao).
=1

Proof: Because of Lemma A.6 it is sufficient to show that
VN (@ + 9+ ")~ N(0,V? Jago + V9 /apy + V" Jaug),

Consider the three components separately. " is a sample average so that vV N - i, N (0,V"/ang)
by a central limit theorem. [P is a two-sample U-statistic. By standard results on U-statistics, and

boundedness of p(y, z) it follows that

1 Noo 1 Nio
7 Yo0.) — —— Yios) = (N—1/2).
1% Noo ;pl( 00, ) Nio ;292( 10, ) Op

Since p2(z) = E[p(Yoo, 2)] = 0, it follows that

1 Noo
oo = g 211 0) = op (V7).

This implies that P and p" are asymptotically independent, and also v/ N - uP N (0,VP/agg). The
same argument shows that v/ N - 14 4N (0,V7/ag1), and implies asymptotic independence of 1P, 4,
and ur. ([
Proof of Theorem 5.1: Apply Lemmas A.6 and A.7. That gives us the asymptotic distribution of
> F)Zé1 (FY,OO(Yloi))/Nlo- We are interested in the large sample behavior of > Y11, /N11— 13';61 (FY,OO(Ylm))/Nw,
which leads to the extra variance term V1, with the normalizations by N = Ngg + No1 + N1g + N11. O

Before proving Theorem 5.2 we state without proof two preliminary lemmas.

Lemma A.8 Suppose that for hi,hy : Y1 & R, and ho ho : Yo B R, SUpP, ey, ﬁl(y) —hy)| =0,

sup, ey, [h2(y) — hz(y)’ — 0, sup,cy, |h1(y)| < h1 < 00, and sup,cy, [ha(y)| < ha < co. Then

sup | ha(y1)ha(y2) — hl(yl)hz(yz)‘ — 0.

Yy1€Y1,y2€Y2

[44]



Lemma A.9 Suppose that for hq, hi:Y, — Yy CR, hy: Yy — R, SUp, ey, hq (y) — h1(y) 2.0, and
suppose that ha(y) is continuously differentiable with its derivative bounded in absolute value by h_’2 < 00.

Then (i):

sup
yeY;

ha(hn(y) = ha(ha ()| = 0. (A.19)

If also for hy : Yy — R, we have SUp, ey, ho(y) — ha(y)| == 0, then (id):

sup
yEeY:

ha(ha () = ha(h (y))| -0, (A.20)

Proof of Theorem 5.2: Let f = infy g fyv,g:(y), f = sup, 4.+ fy,g¢t(y), and let fr= sup,, 4 6%’29‘ (y).

Also let p = sup,,, .. P(Y00,Y10), T = SUD,, 4., 4(Y01,Y10), T = sup,, 7(y10), and let C' = max(p,q, 7).
By assumption f > 0, f < oo, f’ < o0, and C' < oo.
It suffices to show Ayt £, agt for all g,t =0,1 and ve 2, ve,ve 2oy yr 2 yroand Vs L, ys,

Consistency of &4 and V¢ is immediate. Next consider consistency of VP. The proof is broken up

into three steps: the first step is to prove uniformly consistency of fyyoo(y), the second step is to prove

uniformly consistency of p(yoo,y10), and the third step is consistency of 1% given uniform consistency

of H(Yoo, Y10)-
For uniform consistency of fy,00(y) first note that for all 0 < § < 1/2 we have by Lemmas A.1 and A.2

sup Ngt NPy gi(y) — Fygt(y)] 20, and sup Ngt . |F;;t(q) - F}Z;t(qﬂ 2.
yEY gt q€(0,1]

Now consider first the case with y < Yy

Fy,gt(y + N-1/3) — FY,gt(y)

sup [ Frge(0) ~ Franlo)| = sup N = fralt)
y<Ygi Y<Yg¢
< sup FY,gt(y + N71/3) — FY,gt(y) _ Fygu(y + N7V — Fy.gt(y)
_y<{/gt N—1/3 N71/3
Fyg(y+ N3 — Fy u(y
¢ [l )
y<Yg¢
< sup |Prat@E N7 = Froly £ N7 Frin®) = Fra)| | s %@)]
< sy N-1/3 N-1/3 dy
y<Yg¢
1/3 ; —1/3 Ofvgt S
<IN'V3 sup | By gi(y) — Fyg(y)| + N sup | = (y)| = 0,
yEYqe ey Y

where gy is some value in the support Y4. The same argument shows that

sup | Frege(y) = fran(y)| 20,
Y>Ygt

which, combined with the earlier part, shows that

sup |fy.ge(y) — fy,gt(y)’ -5 0.

yGYgt



The second step is to show uniform consistency of H(yoo,y10). By boundedness of the derivative of
Fgél(q), uniform convergence of 13'; o1(q) and Fy00(y), Lemma A.9(ii) implies uniform convergence
of Fﬁél(ﬁy,oo(y)) to F;y(ln(Fy_roo(y)). This in turn, combined with uniform convergence of fy o1 (y)
and another application of Lemma A.9(ii) implies uniform convergence of fy. o (Fﬁ(l)l(py,oo(ylo))) to
fron (Fﬁél(FY,oo(ylo)))- Applying Lemma A.9(i), using the fact that fy,01(y) is bounded away from
zero, implies uniform convergence of 1/fy701(}%£61 (Fy.00(110))) to 1/ fy.01( YOl(Fygo(ylo))). Finally,
using Lemma A.8 then gives uniform convergence of p(yoo,y10) to p(Yoo, y10), completing the second
step of the proof.

The third step is to show consistency of %2 given uniform convergence of p(yoo, y10). For any € > 0,
let n = min(y/e/2,e/(4C)). Then for N large enough so that SUP, o o 1P(Y00, Y10) — P(Yoo, Y10)| < 71, it
follows that

Nl() N10 NlO
1 R
sup | Zp(yoo,yw,j)) Nig ZP Yoo, Y10,5))| < sup — Ny 4 Z p(y00, Y10,5)) — P(yoo, Y10,5))| <,
j=1

Yoo Yoo

and thus, using A2 — B? = (A — B)?> + 2B(A — B),

1 Nio 2 Nio 2

sup | | v— Zﬁ(ym, Yio )| — |~ Zp(yom Yio )| | <n*+20n<e.
Yoo NlO - NlO 4

: Jj=1 Jj=1

Hence
2 2
1 Noo 1 Nio 1 Noo 1 Nio
— Yo0.i, Y - — (Yo0.1, Y7 <e.
Noo Z N1o ZP 00, Y10,5) Nog 4 N1o ZP 00,i5 Y10,5) €
=1 i=1

Thus it remains to prove that

1 Noo 1 Nio 2 »
| g — (Yoo.i, Y1 0,
Noo ; Nio ZP 00,i» Y10,5) | —

By boundedness of p(yoo0,y10) it follows that w— Z;V“{ p(y, Yi0.;) — E[p(y, Y10)] == 0, uniformly in y.

Hence

1 Noo 1 Nio 2 . Noo 2

Noo 2 | Wog 2P0 Yios) | = o 3 (Bl (Yoo, Yio) Yoo.l]” =0,

NOOZ; Nio ;p( 00.i: Y10,7) Noo;[ [p(Yo0,s, Y10)|Y00,:]]” —
Finally, by a law of large numbers

1 Noo ) )

Noo Z [E[p(Yoo,:; Y10)[Yo0,:]]” = VP — 0,

i=1

which completes the proof of consistency of %3

Consistency of V4 and V" follows the same pattern first establishing uniform consistency of ¢(yo1, y10)
and 7(y) followed by using a law of large numbers, and the proofs are therefore omitted. O
Proof of Theorem 5.3: We will prove that

N()() N01 N10 1 Nll
q NOO qu S/OOZ ZQq Yblz qu YVIOZ qu(i/'ll,i)+0p(N71/2)7
i=1

[46]



and thus has an asymptotically linear representation Then the result follows directly from the fact that

1 Noo No1 Nio 1 N1 :
oo 2t Pg(Yo0,i)5 N01 > i1 9q(Yo1.i), Nm > izt Tg(Y0,0), and 5= 37;7 s4(Y11,;) all have expectation
zero, variances equal to VP, VI, V", and V' respectively and zero covariances. To prove this assertion
is sufficient to show that

Py 31 (Fyo0(Fy 10(0) = Fy g1 (Fy.o0(Fy 10(a)))

1 N()() NOl 1 NlO
+—qu S/OOZ ZQq Yblz qu(yvlo,i)‘f'op(N_l/z)-
No =
This can be shown by direct extension of the arguments in Lemma A.5. O

Next we establish an alternative representation of the bounds on the distribution function, as well as an

analytic representation of bounds on the average treatment effect.

Lemma A.10 (BOUNDS ON AVERAGE TREATMENT EFFECTS) Suppose Assumptions 3.1, 3.3, 5.2, 4.1,
4.3, and 5.8 hold. Suppose that the support of Y is a finite set. Then:

() FEE |, (y) = Pr(R(Yio) < y) and FYE, (y) = Pr(k(Yio) < y), and

(i1) the average treatment effect, T, satisfies

re [E[VA] —E[Frd (Froo(Vo)] . E[¥ih] - E [Frdy (Byao(Yi0))] ]

Proof: Let Yoo = {\1,..., Az} and Yo = {71,...,7a} be the support of Yyo and Yp; respectively.3®
By Assumption 5.2 the supports of Yjo and Y;) are subsets of these.

Fix y. Let I(y) = max{l = 1,...,L : k(\) < y}. Consider two cases: (i) I(y) < L, and (ii) I(y) = L.
Start with case (i). Then, k(X;y)41) > y. Also, since k(y) is non-decreasing in y,

FZ 11 (y) = Pr(k(Ya) < y) = Pr(Yio < \iy) = Fraao(Niy))-

Define v(y) = k(Ni(y)), and v/ (y) = E(Ni(y)+1) so that y(y) <y < +/(y). Alsodefine for j € {1,.., L}, q; =
Fy,, (Aj) and note that by definition of Fy g9, Fy o(\j) = gj—1. Define p(y) = Fy,01(y). Because y >
k(Niy)) = Fy 01(Ey.00(Mi(y))) (the inequality follows from the definition of I(y), and the equality follows
from the definition of k(y)), applying the nondecreasing function Fy ¢1(-) to both sides of the inequality
yields p(y) = Fy,01(y) > FY,Ol(F;,& (Fy 00(Ai(y))))- By the definition of the inverse distribution function
Fy (Fy'(q)) > g, so that p(y) > Fy g0(Ni(y)) = qi(y)—1- Since I(y) < L, Assumption 5.3 rules out equality
of Fy01(vm) and Fy,o0(X;), and therefore p(y) > gy)—1. Also, F;(ln(p(y)) = Fgél(Fym(y)) <y<
~'(y), and substituting in definitions, 7'(y) = F;)él (Ey.00(Niy)+1)) = F;)él (qi(y))- Putting the latter
two conclusions together, we conclude that F}T(l)l(p(y)) < F;}él (@i(y)), which implies p(y) < q(,). Since
we have now established ¢;,)—1 < p(y) < qu(y), it follows by the definition of the inverse function that
Fg(l)o(p(y)) = Aj(y)- Hence

F{,Jl]?(y) = FY,10(F§7,(1)0(FY,01(ZJ))) = FY,10(F§7,(1)0(p(y))) = Fy10(Aiy)) = F{,Jl]?(y)

This proves the first part of the Lemma for the upper bound for case (7).

In case (ii), k(A\r) < y, implying that F}[,]]VBH( ) = Pr(k(Yi0) < y) = Pr(Yio < Ar) = 1. Applying the

same argument as before one can show that p(y) = Fy,01(y) > Ey go(Ar), implying Fiéo(l’(y» = AL,
and hence F/{ |, (y) = Fyi0(A\r) = 1= F}(/]}g 1Y)

38These supports can be the same.
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The result for the lower bound follows the same pattern and is omitted here. The second part of
the Lemma follows since we have established that k(Y10) has distribution FUZ . (-) and k(Y10) has

YN 11
distribution FEF | (). O
Before proving Theorem 5.4 we need some definitions and a preliminary result. Define
A NDO ~
Fyoo(y) = Zl{YOOZ <y}, k(y) = Fy'(Eg(y), and k( ) = Foi' (Foo(y))-

Lemma A.11 Foralll=1,...,L,

VN(E(N) — k) 20 and VN(E() = F() &

Proof: Define v = ming ,,.min(1,m)<r [Foo(M) — Fo1(Am)|. By assumption 5.3 and the finite support
assumption, ¥ > 0. By uniform convergence of the empirical distribution function there is for all € > 0
an N, , such that for N > N, , we have

Pr <51;P }Foo(y) - Foo(y)’ > V/3> <e/4, and Pr (Sgp ’Fm(y) - F01(y)’ > V/3) <e/4
and
Pr (sup|Eno) ~ Eoo)] > v/3) <e/a,  and Pr(sup|Euy(s) ~ ()] > v/3) <2/

Now consider the case where

() = Fooly)| < v/3,

() — For(w)| < v/3,

Foo(y) = Eoa(v)| < v/3, and sup | Fos(y) ~ Eor )| < v/3. (A.21)

By the above argument the probability of (A.21) is larger than 1 — ¢ for N > N, ,. Hence it can be
made arbitrarily close to one by choosing N large enough.

Let A\, = 0_11(%0,1)- By Assumption 5.3 it follows that Fp1(Am—1) < goo; = Foo(N) < For(Am),
with Fo1(Am) — goos > v and qoo, — Fo1(Am—1) > v by the definition of v. Conditional on (A.21) we
therefore have Foy (Am_1) < Foo(A1) < Fo1(Am). This implies Fy;* (Foo(M)) = Am = Fo;' (Foo(\r)), and
thus E(Al) = k(\). Hence, for any n,e > 0, for N > N, ,,, we have

Pr(‘\/_ﬁ (Al))‘>n)<1—Pr(‘\/_E (M) — E()\l))‘zo)gl—(l—s)zs,

which can be choosen arbitrarily small. The same argument applies to N (z()\l — k(X\))), and it is
therefore omitted. O

Proof of Theorem 5.4: We only prove the first assertion. The second follows the same argument.

N11 Nl()

R 1
VN(tup — TuB) = Nz . ; (Y11, — E[Y11]) — m Z ( (Yi0,:) — E[E(Ylo)])

N1 Nig Nio
1 N
E Y i — Y E k(Y10,:) — E[E(Y; _—. E k(Yio.: k(Y]
Vai Ny = t R My vy o 10N = 10 k(o)) + a10N10 i—l( (Vo) = k( 10))



By a central limit theorem, and independence of Y11 and E(l_/lo) we have

N1 Nio

Vai Ny, Z Yivi — Ef)) - m Z (Yio,q) [k(ylo)])i>N(O=VS/0411+KT/0410)-

Hence all we need to prove is that \/— ZN” (E(Ylo,i) — E(Ylo)> 2, 0. This expression can be

a10N1
bounded in absolute value by v/N - maxj=1,...r ‘E ) — E()\l)‘ . Since V/N - ‘E()\l) — k(\;)| converges to
zero for each [ by Lemma A.11, this converges to zero. 0.
Proof of Theorem 6.2: The result in Corollary 6.1 implies that it is sufficient to show that v/N (&7 —
K7) Y (0, V7). To show joint normality, we need to show that for any arbitrary linear combinations
of the v/ N-(Fg.g1.t0.t1 — Fgo.g1.to.t,) are normally distributed. This follows from the asymptotic normality
and independence of the ﬂ_’q’)t, ﬂ;t, ftg.+> and fig ,, combined with their independence across groups and
time periods. O
APPENDIX B

Here we list for all combinations of (go, g1, to, t1) and (g, g1, to, t1) the covariance of vV N &gy, g; t,¢; and v/ Ny g1 111,

Note that t; > to and ] > t;. To avoid duplication we also only consider the cases with g1 > go and g] > g5.

L. go = g0, 91 = g1, to = Lo, and t1 = 1}:
C=N-E [(ﬂgo,gl»toytl)z] +N-E [(ﬂgoyglyto,tl)z] +N-E [(p’go,gl,to»tl)z] +N-E [(ﬂZnglvtO;tl)z] :

2. go = g(l)7 g1 = gl17 to = t67 and 1 75 tl1: C=N-E [ﬂsg,gl,tg,tl (YQOJO) : ﬂzo’glyto’tﬁ (Ygo)to)] /ag())t() +N-

~p AT
E |:p’90vglvt0;t1 .M90vglvt0)t,1:| :

8. g0 =gy g1 = ghito # thoand s =t C = NE [, oy o iy JHNE 0000 By gt ] -

Logo = ghy g = gyt £ th bt £t and t =t C = N B[ g0 A0 ] N
E [ﬂzo»gl»toytl 'ﬂ;o,gl,tlyt’l] :
5.go = gby g = gyt # th b £t and to =t C = N-E [l g0 il ] N

~p ~s
E [/‘go,gbto,tl 'p’go,gl,t{),to] :

6. go = g0, g1 # g1, to =tp,and t1 =t:  C=N-E [ﬂ’éo,gl,to,tl it ]+N'E [“q

90,97 :t05t1

go,gi,to,t’l] :

7. 90 =90, 91 # g1, to =to, and th #t;:  C=N-E [ﬂ’g’o,gl,to,tl fg
8. go = g0, g1 # g1, to # ti, and t1 = t}: C=N-E [ﬂgo,glyto,tl 'ﬂgo,g{,t(),tl} .
9. go = g0, g1 # 91, to # to, t1 # t1, and £, = ta: C=N-E [‘&govghto’tl 'ﬂgo,gi)tlvti} '
10. go = go, g1 # g, to # ty, t1 # th, and to = t}: C=N-E [ﬂzg)o,glyto»h "&Zo,gi,t(ﬁto] .

11. go # 9o, g1 = g1, to = to, and t1 = t]: C =NE [ﬂgo,gl,to,tl . ﬂ;(f),ghto’tl]ﬂ-N'E [ﬂf}o,gl,to,tl 'ﬂz[/),gl,to,tl
12. go # g6, g1 = g4, to = t(, and t1 # ti: C=N-E [ﬂ;o,gl,to,tl 'ﬂ;(),gl,to,t'l] .

13. go # g6, g1 = g4, to # tg, and t1 = t}: C=N-E [ﬂ;o,gl,to,tl 'ﬂ;(),gl,t(),tl] .

14. go # 9o, 91 = g1, to # to, t1 # th, and t( = t1: C=N-E [ﬂ;o,gl,to,tl 'ﬂ;[’),gl,tl,t&} .

15. go # 9o, g1 = gi, to # ty, t1 # th, and to = t}: C=N-E [ﬂ;o,gl,to,tl 'ﬂ;(),gl,t(),to] .

16. go # g0, o1 # 91, 90 = g1, to = to, and t = t;:  C = N- E[ﬂgo,gl,to,tl By g o] T

s ~q
E [1“90»91»%,751 'ugl,giyto,tl
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na
Fgo.g1,t0,t1 ‘ugo,g{yto;tl] ’

’.



17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

go # 90, 1 # 91, 9o = g1, to =1, and t1 £ t1:  C=N-E [ﬂgo,gl,to,tl 'ﬂzl,g;,to,tg] ‘

9o # 9o, 91 # 91, 9o = g1, to # to, and t1 =t1:  C=N-E [ﬂfm,gl,to,tl 'ﬂzl,gl,tg,tl] :

9o # 9o, 91 # 91, 9o = g1, to £ to, t1 #t1,and tog =t1:  C=N-E [ﬂfm,gl,to,tl 'ﬂzl,g;,tl,t;] .
go # 9o, 91 # 91, 9o = g1, to # to, t1 #t1,and to =t3:  C=N-E [ﬂgo,gl,to,tl('ﬂgl,g;,tg,to] :
G0 # gb 91 # b g0 = g to = th, and b =t C = N B[ 0] N
E [ﬂg(hglvto:tl 'ﬂ;{,,go,to,tl

go # 90, 91 # 91, 9o =g1, to=ty,and t1 #t;: C=N-E [ﬂgo,gl,to,tl 'ﬂZg,go,to,tg] .

9o # 9o, 91 # 91, 9o = g1, to # to, and t1 =t1:  C=N-E [ﬂgo,gl,to,tl 'ﬂ;g),go,tg,tl] .

9o # 9o, 91 # 91, 9o = g1, to # to, t1 #t1, and tg =t1: C=N-E [ﬂgo,gl,to,tl 'ﬂ;(’),gg,tl,t’l] .

go # 90, 91 # 91, go = g1, to # to, t1 # t1, and to = t}: C=N-E [ﬂgo,ghto,tl .ﬂZ(’)vgo,fB»to] :

go # 90, 91 # g1, go # g1, and gg # g1: C = 0.
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Figure 1: Illustration of Transformations
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