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|. Structural and treatment effect approaches

e The classic approach to quantitative policy evaluation in economics is the structural
approach.

e |ts goals are to specify a class of theory-based models of individua choice, choose
the one within the class that best fits the data, and use it for ex-post or ex-ante policy
simulation.

e During the last two decades the treatment effect approach has established itself as
a formidable competitor that has introduced a different language, different priorities,
techniques and practices in applied work.

e Not only that, it has also changed the perception of evidence-based economics among
economists, public opinion, and policy makers.

e Theambition inastructural exerciseisto use datafrom aparticular context to identify,
with the hel p of theory, deep rulesof behavior that can be extrapol ated to other contexts.



e A treatment effect (TE) exerciseiscontext-specific and addresses|essambitious policy
guestions.

e The goal isto evaluate the impact of an existing policy by comparing the distribution
of a chosen outcome variable for individuals affected by the policy (treatment group)
with the distribution of unaffected individuals (control group).

e Theam isto choose the control and treatment groups in such away that membership
of one or the other, either results from randomization or can beregarded asif they were
the result of randomization.

e In thisway one hopes to achieve the standards of empirical credibility on causal evi-
dence that are typical of experimental biomedical studies.



e The TE literature has expressed dissatisfaction with the existing structural approach
along several dimensions:

(a) Between theory, data, and estimable structural models there is a host of untestable
functional form assumptions that undermine the force of structura evidence by:

(i) Having unknown implications for results.
(i1) Giving researchers too much discretion.
(il1) Complexity affects transparency and replicability.
(b) By being too ambitious on the policy questions we get very little credible evidence

from data. Too much emphasis on “external validity” at the expense of the more
basic “internal validity”.
e TheTE literature seestherole of empirical findingsas one of providing bitsand pieces
of hard evidence that can help the assessment of future policiesin an informal way.

e Main gains in empirical research are not expected to come from the use of formal
theory or sophisticated econometrics, but from understanding the sources of variation
In data with the objective of identifying policy parameters.



e Many policy interventions at the micro level have been eval uated.
(@) training programs
(b) welfare programs (e.g. unemployment insurance, worker’'s sickness compensation)
(c) wage subsidies and minimum wage laws
(d) tax-credit programs
(e) effects of taxes on labor supply and investment
(f) effects of Medicaid on health

e | will review the following contexts or research designs of evaluation:
(@) socia experiments
(b) matching
(c) instrumental variables
(d) regression discontinuity
(e) differencesin differences

e | pay specia attention to instrumental-variable methods and their connections with
econometric models.



Descriptive analysisvs. causal inference

e It is useful to distinguish between descriptive analysis and causal inference as two
types of micro empirical research.

e Their boundariesoverlap, but there are good examples clearly placed in each category.

e Their difference is not in the sophistication of the statistical techniques employed.
Sometimes the term “ descriptive’ Is associated with tables of means or correlations,
whereas terms like “econometric” or “rigorous’ are reserved for regression coeffi-
cients or more complex statistics of the same style.

e A simple comparison of means can be causal, whereas complex statistical analyses
(like semiparametric censored quantile regression) can be descriptive.

e Perhaps the greatest successes of econometrics are descriptive analyses.

e Recent examples include trends in inequality and wage mobility, productivity mea-
surement, or quality-adjusted inflation hedonic indices.

e A useful description is not a mechanical exercise. It is a valuable research activity,
often associated with innovative ideas. Theideas haveto do with the choice of aspects
to describe, the way of doing it, and their interpretation.



|I. Potential outcomes and causality

e Association and causation have always been known to be different, but amathematical
framework for an unambiguous characterization of statistical causal effects issurpris-
Ingly recent (Rubin, 1974, despite precedents in statistics and economics, Neyman,
1923; Roy, 1951).

e Think of a population of individuals that are susceptible of treatment. Let Y; be the
outcome for an individual if exposed to treatment and let Y|, be the outcome for the
same individual if not exposed. The treatment effect for that individual isY; — Y.

e In general, individuals differ in how much they gain from treatment, so that we can
Imagine a distribution of gains over the population with mean

asrp = E (Y1 —Y).

e The average treatment effect so defined is a standard measure of the causal effect of
treatment 1 relative to treatment 0 on the chosen outcome.

e Suppose that treatment has been administered to a fraction of the population, and we
observe whether an individual has been treated or not (D = 1 or 0) and the person’s
outcome Y. Thus, we are observing Y; for the treated and Y|, for the rest:

Y = (1—D)Y, + DY)



e Because Y; and Y, can never be observed for the same individual, the distribution
of gains lacks empirical entity. It isjust a conceptual device that can be related to
observables.

e Thisnotion of causality is statistical because it is not interested in finding out causal
effects for specific individuals. Causality is defined in an average sense.

Connection with regression
e A standard measure of association between Y and D is.
B=EY |D=1)—-FE((Y |D=0)
=EV-Y|D=1)+{EY|D=1)—-E(Y|D=0)}
e The second expression makes it clear that in general 3 differs from the average gain
for the treated (another standard measure of causality, that we call a7).

e Thereason is that treated and nontreated units may have different average outcomes
In the absence of treatment.

e For example, thiswill bethecaseif treatment statusistheresult of individual decisions,
and those with low Y, choose treatment more freguently than those with high Y5.



e From a structural model of D and Y one could obtain the implied average treatment
effects, but here a 4 or apr have been directly defined with respect to the distribu-
tion of potential outcomes, so that relative to a structure they are reduced form causal
effects.

e Econometrics has conventionally distinguished between reduced form effects (unin-
terpretable but useful for prediction) and structural effects (associated with rules of
behavior).

e The TE literature emphasizes “reduced form causal effects” as an intermediate cate-
gory between predictive and structural effects.

Social feedback

e The potential outcome representation is predicated on the assumption that the effect
of treatment is independent of how many individuals receive treatment, so that the
possibility of different outcomes depending on the treatment received by other unitsis
ruled out.

e Thisexcludes general equilibrium or feedback effects, aswell as strategic interactions
among agents.

e S0 the framework is not well suited to the evaluation of system-wide reforms which
are intended to have substantial equilibrium effects.
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[11. Social experiments

e Inthe TE approach, arandomized field trial is regarded as the ideal research design.

e Observational studies seen as “more speculative” attempts to generate the force of
evidence of experiments.

e |n a controlled experiment, treatment status is randomly assigned by the researcher,
which by construction ensures:

(Yo,Y1) L D
Insuchacase, F (Y1 | D=1)=F (Yy)and F' (Y | D =0) = F (Y;)). Theimplica-
tion iSOzATE = QT = ﬁ
e Analysis of datatakes asimple form: An unbiased estimate of o 475 isthe difference
between the average outcomes for treatments and controls:
asre=Yr—Y¢
e |narandomized setting, thereisno need to “ control” for covariates, rendering multiple
regression unnecessary, except if interested in effects for specific groups.



Experimental testing of welfare programsinthe US

e Long history of randomized field trials in social welfare in the US, beginning in the
1960s.

e Moffitt (2003) provides alucid assessment.

e Early experiments had many flaws dueto lack of experiencein designing experiments
and in data analysis.

e During the 1980s the US federal government started to encourage states to use exper-
Imentation, eventually becoming almost mandatory.

e Theanalysis of the 1980s experimental data consisted of simple treatment-control dif-
ferences. The force of the results had a major influence on the 1988 legidlation.

e |n spite of these developments, randomization encountered resistance from many US
states on ethical grounds.

e Even more so in other countries, where treatment groups have often been formed by
selecting areas for treatment instead of individuals.

e Randomization is not appropriate for evaluating reforms with major spillovers from
which the control group cannot be isolated.

e But it is an effective means of testing incremental reforms and searching for policy
designs “that reveal what works and for whom.” (Moffitt).
10



Example 1. Employment effect of a subsidized job program.

e The NSW program was designed in the US in the mid 70’s to provide training and job
opportunities to disadvantaged workers, as part of an experimental demonstration.

e Ham and Lal onde (1996) |ooked at the effects of the NSW on women that volunteered
for training.

e NSW guaranteed to treated participants 12 months of subsidized employment (astrainees)
In jobs with gradual increase in work standards.

e Eligibility requirements. To be unemployed, a long-term AFDC recipient, and have
no preschool children.

e Participants were randomly assigned to treatment & control groups in 1976-77. Ex-
periment took placein 7 cities.

e Ham-L al ondedata: 275 women in treatment group and 266 controls. All volunteered
In 1976. Averages. Age 34, 10 years of schooling, 70% H.S. dropout, 2 children, 65%
married, 85% black.

e Thanksto randomization, asimple comparison between the employment rates of treat-
ments and controls gives an unbiased estimate of the effect of the program.

e Figure 1 taken from Ham—L al onde shows the effects.
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FIGURE 1.—Employment rates of AFDC women in the NSW Demonstration.

experimental evaluation shows that at least in the short run, NSW substantially
improved the employment prospects of AFDC participants.

The NSW demonstration achieved these employment gains by helping trainees
to hold on to their jobs longer and /or to find jobs faster, thereby increasing the
length of their employment spells and /or reducing the length of their unem-
ployment spells. To begin our analysis of these effects of training, we examine
the Kaplan-Meier survivor functions for the treatments’ and controls’ employ-
ment and unemployment spells in Table 1.° The first two columns of the table
indicate that 65 percent of the trainees’ employment spells lasted six or more
months compared with only 57.3 percent of the controls’ spells. When we follow
standard practice and compare the experience of treatments and controls in
fresh unemployment spells in columns three and five of Table I, we see that 73
percent of the treatments are still in an unemployment spell after a duration of
6 months compared to only 61.3 percent of the controls. Thus training appears
to be a mixed blessing since it increases the length of both employment and
unemployment spells.

Unfortunately, as previously noted, such a simple analysis of the treatments’
and controls’ employment histories may be misleading First, the possibility that
the treatments and controls faced different demand conditions is particularly

% In practice many of the employment and unemployment spells are not completed during the
sample period (i.e., they are right censored). Therefore, we cannot simply compare their mean
durations, especially because the treatments spend on average half the sampling frame in training.



e Thegrowth inthe employment rates of the controlsisjust areflection of the program’s
eligibility criteria.
e The conclusion from the experimental evaluation is that, at least in the short run, the

NSW substantially improved the employment prospects of participants (a difference
of 9 percentage points in employment rates).

Covariates and job histories

e At admission time, information collected on age, education, high-school dropout sta-
tus, children, marital status, race, and labor history for the previous two years.

e Job histories following entry into the program: Treatments and controls were inter-
viewed at 9 month intervals, collecting information on employment status. In this
way employment and unemployment spells were constructed for more than two years
following the baseline (26 months).
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The Ham—Lalonde critique of experimental data
A) Effects on wages

e A direct comparison of mean wagesfor treatments and controls gives abiased estimate
of the effect of the program on wages. This will happen as long as training has an
Impact on the employment rates of the treated.

o Let IV =wages, let Y = 1 if employedand Y = 0 if unemployed, n = 1 if high skill

and n = 0 otherwise.

e Suppose that treatment increases the employment rates of high and low skill workers:
Pr(Y=1|D=1,n=0) >Pr(Y=1|D=0,n=0)
Pr(Y=1|D=1n=1) > Pr(Y=1|D=0,n=1)

e but the effect is of lessintensity for the high skill group:

Pr(Y=1|D=1,7=0) - Pr(Y=1|D=1,n=1)
Pr(Y=1|D=0,np=0)" Pr(Y=1|D=0,n=1)
e Thisimplies that the frequency of low skill will be greater in the group of employed
treatments than in the employed controls:
Prin=0|Y=1,D=1)>Pr(n=0|Y =1,D=0),
I.e. n Isnot independent of D given Y = 1, although unconditionally n L D.
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e For thisreason, adirect comparison of average wages between treatments and controls
will tend to underestimate the effect of treatment on wages.

Ar=FEW|Y=1,D=1)—-EW|Y=1,D=0),
whereas the effects of interest of D on W are:
*  For low skill individuals:
ANy =FEW|Y=1,D=1,n=0)
—EW|Y=1,D=0,n=0),
* for high skill:
Al =FEWI|Y=1,D=1,n=1)
—EW|Y=1,D=0,n=1)
* and the overdl effect:
Ag =0 Pr(n=0)+2APr(n=1).

e In general, we shall havethat A, < A,.

e It may not be possible to construct an experiment to measure the effect of training the
unemployed on subseguent wages. i.e. it does not seem possible to experimentally
undo the conditional correlation between D and 7.
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B) Effects on durations

e Effects on employment duration: similar to wages, the experimental comparison of
exit rates from employment may be misleading. Let 7. be the duration of an employ-
ment spell. An experimental comparison is

Pr(T,=t|T,>t,D=1)—Pr (T, =t |T. >t,D =0)
but we are interested in
Pr(To=t|T.,>t,D=1,n)—Pr(T,=t|T.>t,D=0,n).

e D is correlated with n given 1. > t for various reasons. e.g. If treatment espe-
cialy helpsto find ajob those with n = 0, the frequency of n = 0’s in the group
{T, > t,D = 1} will incresserelativeto {1, > t, D = 0}.

e Similar problems arise with unemployment durations. Ham and Lalonde’s solution is
to use an econometric model of labor histories with unobserved heterogeneity.

e The problem with wages and spells is one of censoring. It could be argued that the
causal question is not well posed in these examples.

e Suppose that we wait until every individual completes an employment spell, and we
consider the causal effect of treatment on the duration of such spell. Thisgeneratesthe
problem that if the spells of controls and treatments tend to occur at different pointsin
time, the economic environment is not held constant by the experimental design.

15



V. Matching

e There are many Situations where experiments are too expensive, unfeasible, or uneth-
ical. A classical example isthe analysis of the effects of smoking on mortality rates.

e EXxperiments guarantee the independence condition
(Y1,Yp) L D
but with observational datait is not very plausible.

e A less demanding condition for nonexperimental datais:
(Y1,Y)) L D| X.

e Conditional independence implies
EFEWM|X)=EW|D=1,X)=FE(Y|D=1X)
EW|X)=EYW|D=0,X)=E(Y|D=0X).

Therefore, for o 47 we can calculate (and similarly for apr):

asre = B(Yi—¥i) = [ B(Yi~ Y| X)dF (X)

_ /[E(Y|D:1,X>—E(Y\D=0,X)]dF(X)-

e Thefollowing isamatching expression for apr = E (Y1 — Yy | D = 1):
EY -EX|D=1,X)|D=1=FE[Y —pu(X)|D=1]

where uy (X)=E (Y | D =0, X) isusleg as an imputation for Yj.



Relation with multiple regression

o If wespecify £ (Y | D, X ) asalinear regressonon D, X and D x X we have
E(Y |D X)=pD+~vX +06DX
and
EY|D=1,X)—EY |D=0,X)=0+6X.
asrp = B+ 0E(X)
oy = ﬂ—FéE(X‘D:l),

which can be easily estimated using linear regression.
e Alternatively, wecantreat £ (Y | D =1, X)and E (Y | D = 0, X') asnonparametric

functions of X.

e The last approach is closer in spirit to the matching literature, which has emphasized
direct comparisons, free from functional form assumptions and extrapolation.
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| mputing missing outcomes
e Suppose that X is discrete and takes on J values {gj};.]:l and we have a sample

(X}, Let
N’ = number of observationsin cell j.
Nj = number of observationsin cell j with D = /.

Y", = mean outcomein cell j for D = /.

e Thus, (7]1 — 7‘6) is the sample counterpart of

E(Y|D=1,X=¢)-E(Y|D=0,X=¢)),

which can be used to get the estimates
J J

s =S (P72, G- 3 (V-7 M
ATFE p N ’ T ~— 1 0 Nl
e Theformulafor a7 can aso be written in the form
- 1 i (D)
S Y, - Y )
where j (i) isthe cell of X;. Thus, arr matcheﬁthe outcome of each treated unit with
the mean of the nontreated units in the same cell.

e If X iscontinuous but low dimensional, the idea can be extended by matching obser-

vations with ssimilar or discretized values of X.
18



Methods based on the propensity score

e Rosenbaum and Rubin called “ propensity score” to
m(X)=Pr(D=1]|X)
and proved that if (Y7,Y;) L D | X then
(Y1,Yo) L D [ 7 (X)
provided 0 < 7 (X) < 1 foral X.

e The result tells us that we can match units with very different values of X aslong as
they have similar values of 7 (X).

e Theseresultssuggest two-step proceduresin whichwe begin by estimating the propen-
Sity score.

The common support condition

e X cantake very different values for treatments & controls.

e Heckman et al. (1997) found that violation of the common support condition for the
matching variables (“ comparing the incomparable”) is an important source of bias.

e Restricting matching to regions of common support S, we have:
EYi—-Y | X)dF (X | D=1
fS dF (X | D =1)
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Differences between matching and OLS

e Matching avoids functional form assumptions and emphasi zes the common support
condition.

e Matching focuses on a single parameter at atime, which is obtained through explicit
aggregation.

The requirement of random variation in outcomes

e Matching works on the presumption that for X = x there is random variationin D,
so that we can observe both Y; and Yy. It fallsif D isadeterministic function of X .

e There is atension between the thought that if X is good enough then there may not
be within-cell variation in D, and the suspicion that seeing enough variation in D for
given X isan indication that exogeneity is at fault.
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Example 2: Monetary incentives and schooling in the UK

e The pilot of the Education Maintenance Allowance (EMA) program started in Sept.
1999. EMA paid youths aged 16-18 that continued in full time education (after 11
compulsory grades) aweekly stipend of £ 30 to 40, plusfinal bonuses for good results
up to £140.

e Eligibility (and amounts paid) depends on household characteristics. Eligible for full
payments if annual income under £13000. Those above £30000, not eligible.

e Dearden, Emmerson, Frayne & Meghir (2002) participated in the design of the pilot
and did the evaluation.

e No experimental design for political reasons, but one defining treatment and control
areas, both rural and urban.

e Basic question asked is whether more education results from this policy. Theworry is
that families fall to decide optimally due to liquidity constraints or misinformation.

e They use propensity scores. Probit estimates of 7 (X') with family, local, and school
characteristics. For each treated observation they construct a counterfactual mean us-
Ing kernel regression and bootstrap standard errors.

e EMA increased participation in year 12 by 5.9% for eligible individuals, and by 3.7%
for the whole population. Only significant results for full-payment recipients.
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V. Instrumental variables
1. Instrumental variable assumptions

e Suppose we have non-experimental data with covariates, but cannot assume condi-
tional independence as in matching:
(Y1,Yo) LD [ X.

e Suppose, however, that we have avariable Z that isan “ exogenous source of variation
In D” in the sense that it satisfies the independence assumption:
(Y1,Y0) LZ | X
and the relevance assumption:
Z¥ D|X.

e Matching can beregarded asa specia caseof IV inwhich Z = D, i.e. dl variationin
D 1sexogenous given X.
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2. Instrumental-variable examples

Example 1. Non-compliancein randomized trials

e In aclassic example, Z indicates assignment to treatment in an experimental design.
Therefore, (Y7, Y)) L Z.

e However, “actua treatment” D differs from Z because some individuals in the treat-
ment group decide not to treat (non-compliers). Z and D will be correlated in general.

e Assignment to treatment is not a valid instrument in the presence of externalities that
benefit members of the treatment group even if they are not treated themselves. In
such case the exclusion restriction fails to hold.

e An example of this situation arises in a study of the effect of deworming on school
participation in Kenyausing school-level randomization (Miguel and Kremer, Econo-
metrica, 2004).
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Example 2. Ethnic enclaves and immigrant outcomes

e Interest in the effect of leaving in a highly concentrated ethnic area on labor success.
In Sweden 11% of the population was born abroad. Of those, more than 40% live in
an ethnic enclave (Edin, Fredriksson and Aslund, QJE, 2003).

e The causal effect isambiguous. Residential segregation lowers the acquisition rate of
local skills, preventing accessto good jobs. But enclaves act as opportunity-increasing
networks by disseminating information to new immigrants.

e Immigrants in ethnic enclaves have 5% lower earnings, after controlling for age, edu-
cation, gender, family background, country of origin, and year of immigration.

e But this association may not be causal if the decision to live in an enclave depends on
expected opportunities.

e Swedish governments of 1985-1991assigned initial areas of residence to refugee im-
migrants. Motivated by the belief that dispersing immigrants promotes integration.

e Let Z indicate initial assignment (8 years before measuring ethnic enclave indicator
D). Edin et a. assumed that Z isindependent of potential earnings Y, and Y.

e |V estimates implied a 13% gain for low-skill immigrants associated with one std.
deviation increase in ethnic concentration. For high-skill immigrants there was no
effect.
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Example 3: Vietham veterans and civilian ear nings
e Did military service in Vietham have a negative effect on earnings? (Angrist, 1990).
e Here we have;

— Instrumental variable: draft lottery eligibility.

— Treatment variable: \eteran status.

— Outcome variable: Log earnings.

— Data N = 11637 white men born 1950-1953.

— March Population Surveys of 1979 and 1981-1985.

e Thislottery was conducted annually during 1970-1974. It assigned numbers (from 1
to 365) to dates of birth in the cohorts being drafted. Men with lowest numbers were
called to serve up to a ceiling determined every year by the Department of Defense.

e Abadie (2002) uses as instrument an indicator for lottery numberslower than 100.

e Thefact that draft eigibility affected the probability of enrollment along with its ran-
dom nature makes this variable a good candidate to instrument “ veteran status”.

e There was a strong selection process in the military during the Vietnam period. Some
volunteered, while others avoided enrollment using student or job deferments.

e Presumably, enrollment was influenced by future potential earnings.
25



3. Identification of causal effectsin IV settings

e The question is whether the availability of an instrumental variable identifies causal
effects. To answer it, | consider abinary Z, and abstract from conditioning.
Homogeneous effects

e |f the causal effect isthe same for every individua
Yii— Yy =«
the availability of an IV alows us to identify .. This is the traditional situation in
econometric models with endogenous explanatory variables.

¢ |n the homogeneous case
Y, = Yo+ (Y1, — Yoi) D = Yo + aD;.
e Also, taking into account that Yy, L Z;
E(Yi|Z=1) = E(Yu)+aE(D;| Z =1)
EY,|Z,=0) = EYy) +aE(D;| Z;=0).
e Subtracting both equations we obtain
CE(Yi|Zi=1)-E(Y|Z=0
“TEMD [Z=1)_FE(D ]| Z=0)
which determines o aslong as
E(D; | Z=1)#E(D;| Z; =0).

e Get theeffect of D onY through the effeé:é of Z because Z only affects Y through D.




Heterogeneous effects
ummary

¢ |n the heterogeneous case the availability of 1Vsis not sufficient to identify a causal
effect.

e An additional assumption that helps identification of causal effects is the following
“monotonicity” condition: Any person that waswilling to treat if assigned to the con-
trol group, would also be prepared to treat if assigned to the treatment group.

e The plausibility of this assumption depends on the context of application.

e Under monotonicity, the IV coefficient coincides with the average treatment effect for
those whose value of D would change when changing the value of Z (local average
treatment effect or LATE).
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Indicator of potential treatment status
e In preparation for the discussion below let us introduce the following notation:

[ DyifZ=0
D‘{mﬁzz1

e Given dataon (Y, D) there are 4 observable groups but 8 underlying groups, which
can be classified as never-takers, compliers, defiers, and always-takers.
Example

e Consider two levels of schooling (D = 0, 1, high school and college) with associated
potential wages (Y, Y7), sothat individual returnsareY; — Yj. Also consider an exoge-
nous determinant of schooling Z with associated potential schooling levels (D, D-).
ThelV Z isexogenousin the sensethat it isindependent of (Yg, Y1, Dy, D).

e Anexample of Z is proximity to college:
— Z = 0 college far away
— Z =1 college nearby
— Defierwith D =1, Z = 0 (ie. D1 = 0): Person who goesto college when isfar but
would not go if it was near.
— Defier with D = 0, Z =1 (ie. Dy = 1): Person does not go to college when it is
near but would go if it wasfar.
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Table 1
Observable and Latent Types

Z D Dy D

0 TypelA Never-taker
Typel 0 0 0 TypelB  Complier

1
0 Type2A Defier
1

Typez 0 1 1 Type2B Always-taker

0 Type3A Never-taker
Type3 1 0 1 0 Fress  Defier
Typed 1 1 0 1 Type 4A Complier

—_

TypedB Always-taker
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Availability of 1V isnot sufficient by itself to identify causal effects

e Notethat since

1)

= (Yo)
(Y| Z=0)

(¥o)

E )+ E (Y1 —Y) D]
I + E (Y1 = Yy) Dy

we have
EY|[Z=1)-EY|Z=0)=E[Y1—-Y) (D1 — Do)
= FEY1—Yy | Di—Dy=1)Pr(D;— Dy=1)
—FEY1—-Yy| D1 —Dy=—-1)Pr(D; — Dy = —1)
e (Y| Z=1)—FE(Y | Z=0)couldbenegative and yet the causal effect be positive
for everyone, as long as the probability of defiersis sufficiently large.
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Additional assumption: Eligibility rules

e An additional assumption that helps to identify aprp isan eigibility rule of the form:
Pr(D=1|Z2=0)=0
l.e. individuals with Z = 0 are denied treatment.
e In thissituation:
E(Y|Z=1) = E(Yy)+E|[Yi-Y)D|Z=1]
YO9+tEM—Yy | D=1,Z=1)E(D|Z=1)
andsince £ (D | Z=0)=0
EY|Z=0=EXM)+EN-Y|D=1,Z=0E(D|Z=0)=EY)

e Therefore,
EY|Z=1)—-FE(Y|Z=0)
= =FEY,-Yy | D=1Z=1).
Wald parameter EDZ=1 (Y1 =Y | : )
e Moreover,

arr=E(Y,-Y,|D=1)=EMXV-Yy|D=1,Z=1).
ThisissobecausePr (Z =1| D =1)=1. Thatis,
EMi-Yy|D=1) = E(Yi—Y, | D=1,Z=1)Pr(Z=1|D=1)
+EYV—-Yy | D=1,Z=0)[1-Pr(Z=1|D=1)].
e Thus,if Pr(D =1|Z =0) = 0 thelV coefficient coincides with the average tresat-

ment effect on the treated.
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4. Local average treatment effects (LATE)
Monotonicity and LATES

e If weruleout defiersi.e. Pr(Dy — Dy = —1) = 0, we have
EY|Z=1)—-EY |Z=0=EY1—-Yy| D1—Dy=1)Pr(D;—Dy=1)
and

ED|Z=1)—-FED|Z=0)=FE(D1)—FE(Dy) =Pr(D;—Dyg=1).

e Therefore,

EY |Z=1)—E(Y |Z=0

ED|Z=1)—-FE(D|Z=0)
e Imbens and Angrist called this parameter “local average treatment effects’ (LATE).

e Different 1V’s lead to different parameters, even under instrument validity, which is
counter to standard GMM thinking.

e Policy relevance of a LATE parameter depends on the subpopulation of compliers
defined by the instrument. Most relevant LATE'’s are those based on instruments that
are policy variables (eg college fee policies or college creation).

e What happens if there are no compliers? In the absence of defiers, the probability of
compliers satisfies
Pr(Dy—Dy=1)=FE(D|Z=1)—E(D|Z=0).
S0, lack of compliers implieslack of instrument relevance, hence underidentification.
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Distributions of potential wagesfor compliers

e Imbens and Rubin (1997) showed that under monotonicity not only the average treat-

ment effect for compliersis identified but also the entire marginal distributions of Y/
and Y; for compliers.

e Abadie (2002) givesasimple proof that suggests aWald calculation. For any function
h(.) let us consider
Wy=h(Yy) ifD=1

‘V:MHD:{mFﬂﬁpzo

Because (W1, Wy, D1, D) are independent of Z, we can apply the LATE formulato
W and get

EW,—Wy| D1 —Dy=1)=
or substituting
EMhM)| Dy —Dy=1) =

EW|Z=1)-EW]|Z=0)
ED|Z=1)-ED]|Z=0)"

EMnRY)D|Z=1)—-EMh(Y)D|Z=0)
ED|Z=1)—-FE(D|Z=0)
e If wechooseh (Y) =1 (Y < r), the previous formula gives as an expression for the
cdf of Y; for the compliers.
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e Similarly, if we consider
Vi=h(Yy ifl—D=1
Vthﬂ“*”z{%:o%%_D:o
then

EWV|Z=1)-E((V|Z=0
B~ Vo| Dy~ Dy=1) = 2= V=PIV [ Z20)

E(l-D|Z=1)—-E(1-D|Z=0)
ELhY)Q1-D)[Z2=1)-E(AY)Q1-D)[Z=0

or

E(h(Yp) | D1 — Do =1) = E(1-D|Z=1-E(1-D]|Z=0)

fromwhichwecan get thecdf of Y{ for thecompliers, againsettingh (Y) = 1 (Y < r).

e ToO see the intuition, suppose that D is exogenous (i.e. Z = D), then the cdf of
Y | D = 0 coincides with the cdf of Y, andthecdf of Y | D = 1 coincideswith the
cdf of Y;.

o If weregressh (Y) D on D, the OLS regression coefficient is
EhY)D[D=1-EhY)D|D=0=E[h})
whichfor h (V) =1 (Y <r) givesusthe cdf of Y.
e Similarly, if weregressh (Y) (1 — D) on (1 — D), the regression coefficient is
EhY)1-=D)[1-D=1=FEh(Y)1-D)[1-D=0]=Eh(Y)
e In the IV case, we are running similar 1V (instead of OLS) regressions using £ as
instrument and getting expected A (Y;) and h (Y;) for compliers.
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Conditional estimation with instrumental variables

e S0 far we abstracted from the fact that the validity of the instrument may only be
conditional on X: It may bethat (Y, Y;) L Z does not hold, but the following does:

(Yo,Y1) L Z| X (conditional independence)
Z ¥ D] X (conditiona relevance)

e For example, inthe analysis of returnsto college where Z isan indicator of proximity
to college. The problemisthat Z isnot randomly assigned but chosen by parents, and
this choice may depend on characteristics that subsequently affect wages. Thevalidity
of Z may be more credible given family background variables X .

e In alinear version of the problem:
— Hirst stage: Regress D on Z and X — get D.
— Second stage: Regress Y on D and X.

e In general we now have conditional LATE given X:
¥(X)=E(Y1 Yy | Dy # Do, X).

e On the other hand, we have conditiona 1V estimands:
FY|Z=1,X)—E(Y |Z=0X
s = Z0 | ) —E(Y )

(D[ Z=1,X)—E(D][Z=0,X)
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e What isthe relevant aggregate effect? If the treatment effect ishomogeneous given X

:/ﬁ(X)dF(X

e However, in the case of heterogeneous effects, it makes sense to consider an average
treatment effect for the overall subpopulation of compliers:

Be = /ﬁ(X) dF (X | compliers).

e Calculating (-~ appears problematic because F' (X | compliers) isunobservable, but

Pr (compliers | X)
= dF (X
be = /6 Pr (compliers) X)

then a parameter of interest is:

1
Pr (compliers)

/ V| Z=1.X)—E(Y|Z=0,X) dF (X)

where
Pr (compliers) — / E(D|Z=1,X)—E(D|Z=0,X)dF (X).

e Therefore,
g JEYVIZ=1X) =B |Z=0X)dF(X)
CTTIED|Z=1X)—E(D|Z=0,X)dF (X)
which can be estimated as a ratio of matching estimators (Frolich, 2003).
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5. Relating LATE to parametric models of the potential outcomes
5.1 The endogenous dummy explanatory variable probit mode

e The model as usually written in terms of observablesis
Y =1(a+p8D+U >0)
D =1(my+mZ+V >0)

(v)17~4 ()]

e Inthismodel D isan endogenous explanatory variable aslong as p # 0. D isexoge-
nousif p = 0.

e |n this moded there are only two potential outcomes:
Yi=1a+6+U >0)
Yo =1(a+U >0)
e The average probability effect of interest (ATE) is given by
0=EM —Yy)=2(a+f)—P(a).

e Inless parametric specifications E (Y7 — Y{) may not be point identified, but we may
still be able to estimate LATE.
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Monotonicity is equivalent to the index model assumption for D

e The equivalence between monotonicity and index models provides a link with eco-
nomic assumptions.

e Consider the case where Z is a scalar O-1 instrument, so that there are only two po-
tential values of D:
Dy =1(mg+m+V >0)
DO — ].(7T()—|—VZO>
e Suppose without lack of generality that 71 > 0. Then we can distinguish three sub-
populations depending on an individual’s value of V':

e Never-takers. UnitswithV < —mg— m1. They have D1 = 0 and Dy = 0. Their mass
iIS1— ®(mp+ 7).

e Compliers: UnitswithV > —myg—m but V < —my. They have D; = 1and Dy = 0.
Their massis® (my + m1) — P ().

e Always-takers. Unitswith V' > —m. They have D1 = 1 and Dy = 1. Their massis
P (7’(’0).
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LATE under joint probit assumptions

e L et us obtain the average treatment effect for the subpopulation of compliers:
Orare=EY1 =Yy | Di—Dy=1)=EY1 =Yy | —mo—m <V < —m).
e \\e have
EWVi|—-mg—-m <V <—m)=Pr(a+64+U>0|—-m—m <V < —m)
1_Pr(U§—a—ﬁ,V§—7ro)—Pr(U§—oz—ﬁ,VS—7T0—7r1)
Pr(V < —mg) = Pr(V < —mp —m)

and similarly
EYy|—-m—m <V <—m)=Pr(a+U>0|—-m—m <V < —m)
1_Pr(Ug —a,V < —m) —Pr(U < —a,V < —mp — m1)

Pr(V < —my) = Pr(V < —mp —m)

e Finally,
1

0 = Dy (—a, —mg; p) — Oo (—av, —mg — 71;
LATE (I)<_7TO) _(I)<_7TO_7T1>[ 2( Qa, 7T0,,0) 2( Qa, —T0 7T1;,0)
—®y (—a — B, —mo; p) + Po (—a — B, —mg — 71; p)] -
where &, (1, s;p) = Pr (U < r,V < s) isastandard normal bivariate probability.
e Thenicething about 0, 47 isthat it isidentified from the Wald formulain the absence
of joint normality.

e Infact, it does not even require monotonicity in the relationship between Y and D.
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5.2 Modelswith additive errors. switching regressions
The switching regression model with endogenous switch

e The modd isasfollows:
Yi=a+8,D;+ U
Di=1(vy+7%Zi+& >0) (1)
e The potential outcomes are
Yii=a+0,+U = pu + Vi
Yoi = a+Ui = po+ Vo
so that the treatment effect 5, = Y7, — Y, is heterogeneous.

e Traditional models assume that 3, is constant or that it varies only with observable
characteristics. In these models D may be exogenous (independent of U/) or endoge-
nous (correlated with U) but in elither case Y; — Y| is constant, at |east given controls.

e 3, may depend on unobservables and D; may be correlated with both U; and ;.

e e assume the exclusion restriction holds in the sense that (14, Vi, €;) or (U;, B, €i)
are independent of Z;.

e Interms of the alternative notation (letting oo = py and U; = Vy;):
Yi = po+ (Yii = Yoi) Di + Vi = po + (1 — o) Di + [Voi + (Vi — Vi) D] -

o Letuswritethe ATEas 3 = ju; — ppand &, = Vi; — Vi sothat 3, = B + &,
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Example: Rosen and Willis (1979)

e Consider the effect of education on earnings and the decision to become educated. \We
are interested in the decision of college education (D = 1) vs. high school (D = 0).

e The model consists of potential earnings with or without college education (Y7, Yp)
and a schooling decision rule:

D=1Y1-Y,>C).

e There are determinants of costs (C') like distance to college, tuition fees, availability
of scholarships, opportunity costs or borrowing constraints, which are potential instru-
ments. Y7 — Yj isthereturn to college education for a particular individual. Equation
(1) can be regarded as a reduced form version of the schooling decision rule.

e Inthe Rosen & Willismodel Y; — Y, may also depend on unobservables because they
think of multiple abilities and comparative advantage. Moreover, the model suggests
that D; may be correlated with both U; and 3,.
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Endogeneity and self-selection

o Write
E(Y;| Zi) = po+ (1 — o) E(Di | Z)) + E(Vii = Vo | Di=1,Z) E(D; | Z3).
e If 3. iIsmean independent of D,
B E(Y; | Zi) = po+ (p1 — o) E(Di | Z3).
sothat 3 = Cov (Z,Y) /Cov (Z, D).
e Otherwise, 3 does not coincide with the IV estimand. A special case of mean inde-
pendence of 3, with respect to D, occurs when (3, is constant.

e The fallure of IV can be seen as the result of a missing variable. The model can be
written as
Yi=a+ 8D+ ¢ (Z;) D; + ¢,

e Whenwedo ordinary IV estimationweare not taking into account thevariablep (Z;) D;.

e i (2) isthe average excess return for college-educated people with Z; = z. Inthe
distance to college example (Z = 1 if college near), we would expect ¢ (1) < ¢ (0).

e The average treatment effect on the treated and the LATE are, respectively,
arr =E (Y, =Yy [ Di=1)=0+E(Vi, — Vo | Di=1),
arare = £ (Yii — Yo | Dii— Do =1) = B+E (Vi — Voi | =70 — 71 <& < =) -
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The Gaussian model

e The model is completed with the assumption

9 -
Vi 0] 010 O1c
2
‘/Oz' |Zz NN 0, 0'0 O (e
E; 1

e |n this case we have a parametric likelihood model that can be estimated by ML.

e \\ke can also consider a variety of two-step methods. Note that
EWViy—=Voi | Di=1,2;) = (01 — 00c) Ay +7144)
so that wecan do IV estimation in
Y = a+ 8D+ (01. — o0:) ND; + ¢,
or OL S estimation in:
Y; = a+ B + (01, — 00.) ¢ + (.
| dentification without parametric distributional assumptions

e The current model can be regarded as the combination of two generalized selection
models. So the identification result for that model applies.

e Namely, with acontinuousexclusionrestriction £ (Yy; | X;) and E' (Yp; | X;) areiden-
tified up to a constant (JX; denotes controls that so far we omitted for simplicity).

e However, the constants are important because they determine the average treatment
effect of D on Y. Unfortunately, they require an identification at infinity argument.
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6. Marginal treatment effects
| ntroduction

e \When the support of Z is not binary, there isamultiplicity of causal effects.
e What causal effects are relevant for evaluating a given policy?

e The natural experiment literature has been satisfied with identifying “ causal effects”,
without paying much attention to their relevance.

e If Z iscontinuous we can define a different LATE parameter for every pair (z, 2'):
W E(XY|Z=2—-E(Y|Z=2%)
aLare (% 2) = p o B (D Z=2)
The multiplicity is even higher when there is more than one instrument.
|V assumptions and monotonicity

e For ageneral instrument vector Z, there are as many potential treatment status indica-
tors D, as possible values z of the instrument. The IV assumptions become:

— Independence: (Y1, Yy, D,) 1 Z.
—Relevance: Pr (D =1 | Z = z) = P (z) isanontrivia function of z.
e The monotonicity assumption for general Z can be expressed asfollows. For any pair
of values (z, 2’) either
Dzz' Z Dz’i or Dzi S Dz’i

for all unitsin the population. a4



L atent index representation

e Alternatively we can postulate an index model for D.,:
D,=1(u(2)—U>0) andU L Z,
which can be auseful way of organizing different LATES (Heckman & Vytlacil, 2005).

e Notethat theobserved D isD = D.
e Monotonicity and index model assumptions are equivalent (Vytlacil, 2002).
e Thisresult connects LATE thinking with econometric selection models.

e Without lossof generality wecanset i1 (2) = P (z) andtake U asuniformly distributed
inthe (0, 1) interval. To see this note that

L (2) > U) = {Fy[u(2)] > Fu (U)} =1 (P () > O)
where U is uniformly distributed.

e To connect withtheearlier discussion, if Z isa0-1 scalar instrument thereare only two
values of the propensity score P (0) and P (1). Supposethat P (0) < P (1). Always-
takershave U < P (0), compliers have a value of U between P (0) and P (1), and
never-takershave U > P (1). A similar argument can be made for any pair (z, 2') in
the case of ageneral Z.

e S0 under monotonicity we can aways invoke and index equation and imagine each

member of the population as having a particular value of the unobserved variable U'.
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Marginal Treatment Effect

e Using the propensity score P (Z) = 1 | Z) asinstrument, LATE becomes
P P(2)) —EY | P(Z2)=P(<))

e (P(2), P () = S A= =T

e If Z isbinary thisisequivalent to what we had in thefirst place, but if Z iscontinuous,
taking limitsas z — 2/, we get alimitgg {;rr|n Igf(;?TE ;r(l;/;‘)l’E:
MTE (P(2)) = 9P (2} :
e arare (P(2), P (%)) givesthe ATE for individualswho would change schooling sta-
tus from changing P (Z) from P (2') to P (z):
arare (P (2),P(Z)=EY1-Y, | P(2) <U < P (z2)]
e Similarly MTE (P (z)) gives the ATE for individuals who would change schooling

status following a margina change in P (z) or, in other words, who are indifferent
between schooling choicesat P (Z) = P (z).

e Using the error term in the index model, we can say that
MTE(P(2))=EMY —Yy | U= P(2))

Pr(D =
£) =
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e Integrating MTE (P (z)) over different ranges of U we can get other ATE measures.
For example,

[ MTE (u) du

P(z
P(z)— P (%)

arare (P (Z>7P(Z/>) —
e Moreover,

1
ATE = / MTE (u)du,
0

which makesit clear that to beabletoidentify o475 weneedidentificationof MTE (u)
over the entire (0, 1) range.

Policy-relevant treatment effects

e Constructing suitably integrated M T E (u) s it may be possible to identify policy rel-
evant treatment effects.

e LATE givesthe per capitaeffect of the policy in those induced to change by the policy
when the instrument is precisaly an indicator of the policy change.

e For example, policiesthat change college fees or distance to school, under the assump-
tion that the policy change affectsthe probability of participation but not the gain itself.
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Estimation: Local 1V method

e Heckman and Wytlacil suggest to estimate MTE by estimating the derivative of the

conditional mean
E(Y|P(Z)=P(2),X =)
using kernel-based local linear regression techniques.

e Note that in this context the propensity score plays avery different role to matching.

e Testing for homogeneity (or absence of self-selection) : A test of linearity on the propen-
sity score (conditional on X) isatest of homogeneity of treatment effects.

e ToseethisuseY = Y[ + (Y7 — Yy) D and write
EY|P(Z) = EX|P(2)+E(Y1-Y)D|P(2))
— E(Yy)+EY Yy | D=1,P(2)P(Z)
e The quantity £ |Y; — Yy | D =1, P (Z)] is constant under homogeneity, so that the
conditional mean £ (Y | P (Z)) islinearin P (Z).
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Remarks about unobserved heterogeneity in IV settings
e How important isit?

— The balance between observed and unobserved heterogeneity depends on how de-
tailed information on agentsis available (an empirical issue).

— The worry for 1V-based identification of treatment effects is not heterogeneity per
se, but the fact that heterogeneous gains may affect program participation.

e \\arnings.

— In the absence of an economic model or a clear notional experiment, it is often dif-
ficult to interpret what 1V estimates estimate.

— Knowing that IV estimates can be interpreted as averages of heterogeneous effectsis
not very useful if understanding the heterogeneity itself isfirst order (Deaton, 2009).

e Heterogeneity of gainsvs. heterogeneity of treatments

— Heterogeneity of treatments may be more important. For example, the literature has
found significant differences in returns to different college majors.

— A problem of aggregating educational categoriesisthat returns are less meaningful.

— Sometimes education outcomes are aggregated into just two categories because some
techniques are only well developed for binary explanatory variables.

— A methodol ogical emphasismay offer new opportunities but al so impose constraints.
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VI. Regression discontinuity methods
1. Introduction and examples

¢ |n the matching context we make the conditional exogeneity assumption
(V1,Yo) LD | X
whereasin the IV context we assume
(Y1,Yy) L Z | X (independence)
D ¥ Z|X (reevance).
The relevance condition can also be expressed as saying that for some z =# 2/
Pr(D=1|Z=2)#Pr(D=1|Z=2).

e |Nn regression discontinuity we consider a situation where there is a continuous vari-

able Z that is not necessarily a valid instrument (it does not satisfy the exogeneity
assumption), but such that treatment assignment is a discontinuous function of Z.

e The basic asymmetry on which identification rests is discontinuity in the dependence
of D on Z but continuity in the dependence of (Y7, Yj) on Z.

e RD methods have much potential in economic applications because geographic bound-
aries or program rules often create usable discontinuities.
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Examples

e Effect of classsizeontest scores(*“Maimonides rule” inlsragl, Angrist & Lavy, 1999):
Y, . averagescoreat class: in school s
D,;s : dzeof class: (not binary)
Zs . beginning of year enrollment in school s
Maimonides' rule allows enrollment cohorts of 1-40 to be grouped in a single class,
but enrollment groups of 41-80 are split into two classes of average size 20.5-40,

enrollment groups of 81-120 are split into three classes of average size 2740, etc. In
practice, the rule was not exact: class size predicted by the rule differed from actual

size.
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Examples (continued)

e Effect of financial aid offers on students' enrollment decisions (van der Klaauw, 2002)
Y, :  decision of student ¢ to enroll in college “X” (binary)
D; : amount of financial aid offer to student 2
Z;  Index that aggregates SAT score and high school GFA

Applicants for aid were divided into four groups on the basis of the interval the index
Z fdl into. Average aid offers as afunction of Z contained jumps at the cutoff points
for the different ranks, with those scoring just below a cutoff point receiving much less
on average than those who scored just above the cutoff.

e Do parties matter for economic outcomes? (Petterson-Lidbom, 2006; Arellano & Ben-
tolila, in progress):

Y, :  economic outcomein areas

D, . party control indicator in local government ¢
Z; . voteshare
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2. Thefundamental RD assumption

e \\e can now state the basic RD assumption more formally. Namely, discontinuity in
treatment assignment but continuity in potential outcomes. There is at least a known
value z = z; such that

im Pr(D=1[Z=%) # lm Pr(D=1]|2=2) (2)
im Pr(Y;<r|Z=z2) = ImPr(Y;<r[Z=2%2) (j=0,1) (3)

Implicit regularity conditions are: (i) the existence of the limits, and (i) that Z has
positive density in a neighborhood of z;.

e \\e abstract from conditioning covariates for the time being for smplicity.

Sharp and fuzzy designs

e Theearly RD literaturein psychology (Cook & Campbell 1979) distinguisned between
“sharp” and “fuzzy” designs. Intheformer, D isadeterministic function of Z:

D=1 (Z Z Zo>
whereas in the latter 1s not.

e The sharp design can be regarded as a special case of the fuzzy design, but one that

has different implications for identification of treatment effects. In the sharp design
im E(D|Z=z)=1, lm E(D|Z=z2)=0.

=2 Z—2y
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3. Homogeneous treatment effects

e LikeinthelV setting, the case of homogeneous treatment effects is useful to present
the basic RD estimand. Suppose that o = Y7 — Y| is constant, so that

Yi=aD;+ Yy

e Taking conditional expectations given Z = z and left- and right-side limits:;
im E(Y |Z=2) = alm E(D|Z=2)+ lim E(Y, | Z = z)

im E(Y | Z=2) =alm ED|Z=2)+1lm EY,|Z=2z).
e The RD assumption then leads to consideration of the following RD parameter
lim, - (Y | Z=2)—lim,_, -FE(Y |Z=z2)
" lm, E(D|Z=2) —hmH E(D|Z=2)

which is determined provided the “relevance part” (2) of the RD assumption is satis-
fied, and equals o provided the “ independence part” (3) of the RD assumption holds.



e In the case of a sharp design, the denominator is unity so that
y=Ilm EY |Z=2)—1lm E(Y |Z=z2), (4)

Z—2 =z

which can be regarded as a matching-type situation, in the same way that the generd
case can be regarded as an |V -type situation.

e Sothebasicideaisto obtain atreatment effect by comparing the average outcome | eft
of the discontinuity with the average outcome to the right of discontinuity, relative to
the difference between the left and right propensity scores.

e Intuitively, considering units within a small interval around the cutoff point is ssmilar
to a randomized experiment at the cutoff point.

55



4. Heterogeneous treatment effects

e Now suppose that
Yi = a;D; + Yy
e Inthe sharp design since D; = 1 (Z > z;) we have
EY|Z=2=FE((a|Z=2)1(z>z2)+FE Y| Z==2).
e Therefore, the situation is one of selection on observables. That is, letting
k(z)=FEY | Z=2)+F(a|Z=2)—FE(a|Z=2)]1(z> 2)
we have
E(Y|Z=2))=FE(a|Z=2)1(z>2)+k(z2)
where k (z) iscontinuous at z = 2.
e Therefore, the OL S population coefficient on D in the equation
Y=9D+k(z)+w (5)
coincides with v, whichinturnequals F (o | Z = z).

e The control function k (z) is nonparametrically identified. To see this, first note that
v is identified from (4). Then k (z) is identifiable as the nonparametric regression
E(Y —+vD | Z = z). Notethat if thetreatment effect ishomogeneous (z) coincides
with £ (Yy | Z = z), but not in general.

56



o lf u(z) = E(Yy| Z = z) was known (e.g. using data from a setting in which no
program was present) then we could consider aregression of Y on D and p (z). It
turns out that the coefficient on D in such aregressionis £ (a | z > z).

e In the fuzzy design, D not only dependson 1 (Z > z;) but also on other unobserved
variables. Thus, D is an endogenous variable in equation (5). However, we can still

use 1 (Z > zy) as aninstrument for D in such equation to identify ~, at least in the
homogeneous case.

e The connection between the fuzzy design and the instrumental variables perspective
was first made explicit in van der Klaauw (2002).

e Next, we discuss the interpretation of v in the fuzzy design with heterogeneous treat-
ment effects, under two different assumptions.
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Conditional independence near z

e Let usfirst consider the weak conditional independence assumption
D1 (YoN)|Z==
for z near z, i.e. for z = zy & e where e > 0 denotes an arbitrarily small number, or
Pr(Y;<r|D=1,Z=z+xe)=Pr(Y;<r|Z=z=xe) (j=0,1).
e That is, we are assuming that treatment assignment is exogenous in a neighborhood of
zo. Animplication is
EaD|Z=z+e)=FE(a|Z=2t+e)E(D|Z=2*e€).

e Proceeding as before, we have
im E(Y[Z=%2) = lm E(a|D=12Z=z)lmPr(D=1|2Z=2z)

o Z:?im+ EG | Z=2)
lim E(Y | Z=2) = lirzrjzlo?(a | D=1,Z=2)lim Pr(D=1]|7 = z)
o i:Zﬁm E(Yy| Z==2) o

and o

im E(Y | Z=2) = E(a|Z=2)lm Pr(D=1|Z=2)+ lm E(Y | Z =z

_|_

im BE(Y |Z=2) = F(a|Z=%)limPr(D=1|Z=2)+1lm E(Yy | Z==2).
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e Subtracting
lim+E(Y | Z=2)— lim E(Y | Z =2)

=2 2=z

= |Im Pr(D=1[Z=2)—lmPr(D=1|Z=2)| E(x|Z=2).

e Thus, it emerges that
y=EY -Y|Z=2x).
That is, the RD parameter can be interpreted as the average treatment effect at 2.
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Monotonicity near z

e Hahn, Todd, and van der Klaauw (2001) also consider an alternative LATE-type of
assumption. Let D, be the potential assignment indicator associated with Z = z,
and for somez > 0 and any pair (29 — €, 29 + ) with 0 < e < g suppose the loca
monotonicity assumption

D,.+. > D, _. foral unitsin the population.

e An example is a population of cities where Z denotes voting share and D, isan in-
dicator of party control when Z = z. In this case the local conditional independence
assumption could be problematic but the monotonicity assumption is not.

e In such caseg, it can be shown that ~ identifies the local average treatment effect at
Z = 2.
'7 — 11I61+E<3/1 _}/b ‘ D20+8 T DZQ—8 — 1)
I.e. the ATE for the units for whom treatment changes discontinuoudly at z.
e |f the policy isasmall change in the threshold for program entry, the LATE parameter
delivers the treatment effect for the subpopulation affected by the change, so that in
that case it would be the parameter of policy interest.
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5. Estimation strategies

e There are parametric and semiparametric strategies.
A nonparametric Wald estimator

e Hahn-Todd-van der Klaauw suggested the following local Wald estimator. Let S; =
1(z0—h < Z; < 29+ h) where h > 0 denotes the bandwidth, and consider the sub-
sample such that .S; = 1.

e Theproposed estimator isthelV regressionof Y;on D, usingW,; = 1(zy < Z; < 29+ h)
as an instrument, applied to the subsamplewith S; = 1.

EY,|W,=1,8=1)—EY;|W;=0,5=1)

( | Wi=1,8=1)— ( |W—OS—1)

e This estimator has nevertheless a poor boundary performance. An alternative sug-
gested by HTV isalocal linear regression method.

v =
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Parametric and semiparametric alter natives

e Suppose
ED|Z)=g(Z)+61(Z > z)
and
E(Y,| Z)=k(Z).
e A control function regression-based approach is based in the control function aug-
mented equation that replaces D by the propensity score £ (D | Z):
Y=q9ED|Z)+k(Z)+w

e |n a parametric approach, we assume functional formsfor g (7) and k£ (7). van der
Klaauw (2002) considered a semiparametric approach using a power series approxi-
mation for k (7).

o If g(Z) =k (Z), then we can do 2SL S using as instrumental variables

{1(Z = 2),9(2)},
whereg (Z) isthe“included” instrumentand 1 (Z > z) isthe*excluded” instrument.

e These methods of estimation, which are not local to data points near the threshold, are
implicitly predicated on the assumption of homogeneous treatment effects.
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6. Distributional effects

e For some function £ (.), consider the outcome

B (Wi=h(W) D=1
W_h(yw_{wo:o if D=0

e Usng h (Y) = 1(Y < r), the RD parameter for the outcome W (r) = 1 (Y <r)D
delivers

lim, .+ E(W(r)|Z=2)—lim,_,, - E(W(r)| Z==2
PT<Y71§7"‘Z=ZO)= 0 ( (>| ) 0 ( ()| )

lim, .« (D | Z=z2)—lim,_ - E(D|Z=z2)
under the local conditional independence assumption.

e A similar strategy can be followed to obtain Pr (Y, < r | Z = 2). In that case we

consider
Vi=h(Yy) ifl—D=1

Vo=0 if1—D=0

e The RD parameter for the outcome V' (r) = 1 (Y < r) (1 — D) délivers

hmz—»zarE(V (T) | 4 = Z) o hmz—>z0_ b (V (T) | 4 = Z)
lim, .+ E(D|Z =z)—lim,_ - E(D|Z =2

V:h(Y)(l—D):{

Pr(Yo<r|Z=z)=
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7. Conditioning on covariates

e Evenif the RD assumptionissatisfied unconditionally, conditioning on covariates may
mitigate the heterogeneity in treatment effects, hence contributing to the relevance of
RD estimated parameters.

e Covariates may also makethelocal conditional exogeneity assumption more credible.

e Thiswould also be true of within-group estimation in apanel data context (see Hoxby,
QJE, 2000, 12391285, for an application).
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VII. Differencesin differences
Example: minimum wages and employment

e In March 1992 the state of New Jersey increased the legal minimum wage by 19%,
whereas the bordering state of Pennsylvania kept it constant.

e Card and Krueger (1994) eval uated the effect of this change on the employment of low
wage workers. In a competitive model the result of increasing the minimum wage is

to reduce employment.
e They conducted a survey to some 400 fast food restaurants from the two states just
before the NJ reform, and a second survey to the same outlets 7-8 months after.
e Characteristics of fast food restaurants:
(@) A large source of employment for low-wage workers.
(b) They comply with minimum wage regulations (especially franchised restaurants).

(c) Fairly homogeneous job, so good measures of employment and wages can be
obtained.
(d) Easy to get a sample frame of franchised restaurants (yellow pages) with high
response rates.
(e) Response rates 87% and 73% (less in Penn, because the interviewer was less
persistent).
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e The DID coefficient is
B=EY:|D=1)-EY[D=1)
~[E(Y2| D=0)~E(Y; | D =0).
where Y; and Y5 denote employment before and after the reform, D = 1 denotes a
store in NJ (treatment group) and D = 0 in Penn (control group).

e (7 measures the difference between the average employment change in NJ and the
average employment change in Penn.

e The key assumption in giving acausal interpretation to 5 isthat the temporal effect in
the two states is the same in the absence of intervention.

e But it ispossibleto generalizethe comparison in several ways, for example controlling
for other variables.

e Card and Krueger found that rising the minimum wage increased employment in some
of thelr comparisons but in no case caused an employment reduction.

e Thisarticle originated much economic and political debate.

e DID estimation has become a very popular method of obtaining causal effects, espe-
cialy intheUS, wherethefederal structure providescrossstatevariationinlegislation.
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The context of difference in difference comparisons

e |f we observe outcomes before and after treatment, we could use the treated before
treatment as controls for the treated after treatment.

e The problem of this comparison is that it can be contaminated by the effect of events
other than the treatment that occurred between the two periods.

e Supposethat only a fraction of the population is exposed to treatment. In such acase,
we can use the group that never recelves treatment to identify the temporal variation
In outcomes that is not due to exposure to treatment. Thisisthe basic idea of the DID
method.

e Two-period potential outcomes with treatment int = 2:
i=Y(1)
Yy = (1-D)Y,(2) + DY; (2)
¢ Thefundamental identifying assumption isthat the average changes in the two groups
are the same in the absence of treatment:

E(Yy(2) - Y ()| D=1)=E(Y;(2) ~ Yo(1)| D=0).
e Y; (1) isaways observed but Y} (2) is counterfactua for unitswith D = 1.

e Under such identification assumption, the DID coefficient coincides with the average
treatment effect for the treated.
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e To seethis note that the DID parameter in general is equal to:
B=EY:|D=1)-EM|D=1)]-|EY;|D=0)—-EY1|D=0)
—EM@Q)|D=1)-EX Q)| D=1)-EX;(2)|D=0)-E(Y(1)]D=0)

e Now, adding and subtracting F (Y, (2) | D = 1):
B=EN(?2-Y%2|D=1
+H{EYo(2) - Yo (1) | D=1-E[Y;(2) - Y, (1) | D=0]},
which as long as the last term vanishes it equals
B=E[Yi(2)-Y(2)|D=1].
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Comments and problems

e (3 can be obtained as the coefficient of the interaction term in aregression of outcomes
on treatment and time dummies.

e To obtain the DID parameter we do not need panel data (except if e.g. we regard the
Card—Krueger data as an aggregate panel with two units and two periods), just cross-

sectional datafor at least two periods.

e With panel data, we can estimate (5 from aregression of outcome changes on the treat-
ment dummy. This is convenient for accounting for dependence between the two pe-

riods.

e Differencesinthe composition of the cross-sectional populationsover time (especially
problematic if not using panel data).

e Thefundamental assumption might be satisfied conditionally given certain covariates,
but identification vanishes if some of them are unobservable.
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VIII. Concluding remarks
Empirical work and empirical content

e Empirical papers have become more central to economics than they used to. This
reflects the new possibilities afforded by technical change in research and isasign of
scientific maturity of economics.

e |nan empirical paper the econometric strategy is often paramount, i.e. what aspects of
datato look at and how to interpret them. Thistypically requires agood understanding
of both relevant theory and sources of variation in data. Once this is done there is
usually a more or less obvious estimation method available and ways of assessing
statistical error.

e Statistical issues like quality of large sample approximations or measurement error
may or may not matter much in a particular problem, but a characteristic of a good
empirical paper isthe ability to focus on the econometric problems that matter for the
guestion at hand.

e The quasi-experimental approach is also having a contribution to reshaping structural
econometric practice.

e Itisincreasingly becoming standard fare areporting stylethat distinguishesclearly the
roles of theory and datain getting the results.
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Quasi-experimental approachesin policy evaluation

e Experimental and quasi-experimental approaches have an important but limited role
to play in policy evaluation.

e There are relevant quantitative policy questions that cannot be answered without the
help of economic theory.

e |n applied microeconomicsthere has been alot of excitement in recent yearsin empir-
Ically establishing causal impacts of interventions (from field and natural experiments
and the like). This is understandable because in principle causal impacts are more
useful for policy than correlations.

e However, there is an increasing awareness of the limitations due to heterogeneity of
responses and interactions and dynamic feedback. Addressing these matters require
more theory. A good thing of the treatment effect literature is that it has substantially
raised the empirical credibility hurdle.

e A challenge for the coming years isto have more theory-based or structural empirical
models that are structural not just because the author has written down the model as
derived from an utility function but because he/she has been able to establish empiri-
cally invariance to a particular class of interventions, which therefore lends credibility
to the model for ex ante policy evaluation within this class.
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