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Abstract

This report surveys the contents of the lectures given by Guido Imbens at the 29th
NAKE workshop which took place in Maastricht from December 11-15, 2000. Imbens gave
five inspiring lectures about how treatment effects can be measured in a non-experimental
environment, which is the typical case in economics. This report provides a review of these
lectures. In Section 1 the notational apparatus is introduced; Section 2 briefly reviews the
techniques used to assess treatment effects in classical experiments; Section 3 discusses how
treatment effects can be measured in a non-experimental setting when the assumption of
unconfoundedness is made. The plausibility of this assumption is discussed in Section 4.
Section 5 concludes with some deviations from the unconfoundedness assumption.

1 Some notation

The population contains N units, and elements of the population are usually indexed by ¢ =
1

market training: 7; € {training, no training}. Y;(t), Vi =1,..., N, t € T; denotes the potential

,---,N. The set of treatments is denoted by T; € T, e.g. in case of a program of receiving a labor

outcome for individual ¢, conditioned on receiving treatment ¢. The covariates or pure treatment
variables are assigned the variable x;,¢ =1 ..., N. Our aim is to estimate the causal effect which
is measured by comparison of the potential outcomes. Basically, the absolute difference between
treatments (measuring y;(t) — yi(t")) as well as the relative difference (measuring y;(t)/v:(t'))
can be compared. In this lectures, the focus will be on absolute differences. However, this does
not affect the generality of the results.

The variables that can be observed are x;,T; and y;(T;) for each unit ¢ = 1,..., N. This has
the important implication that one observes only one potential outcome per unit i. For example,
for someone who went to the university, you can never observe the potential earnings he would

have earned had he not gone to the university. Central in this course is the question how the
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causal effect can still be measured in this instance and which assumptions have to be imposed
to this purpose.

New in the treatment is the notation in potential outcomes. Till the mid of the 80s, notation
was done in observable variables'.

One must be aware that causal effects can never be observed at the unit level, and so the
focus is on average causal effects:

1 X

TN [y:(1) — »:(0)]. (1)
=1

2 Randomized experiments

Although the focus in this course is on non-experimental studies, this section briefly reviews the
assumptions underlying the measurement of treatment effects in classical randomized experi-
ments. This will prove to be a useful starting point.

A classical randomized experiment in case of a binary treatment is defined by the following
assumptions on the assignment mechanism. P(T’; z,y(0),y(1)) is the probability of the assign-
ment vector T' as a function of x and potential outcomes for which we have the following:

1. 0< P(T3) <1 Vi
2. P(T;|x,y(0),y(1)) does not depend on x;,y;(0),y;(1) Vj # i

3. P(T;z,y(0),y(1)) = P(T; z,y(0),y()) if v;(T;) = y;(T;)’, which means that assignment

does not depend on unobserved potential outcomes;

4. P(-) is known.
Examples of randomized experiments

e An example of a completely randomized experiment is to choose randomly M out of N
units to receive a certain treatment. For this assignment mechanism P(7T|x,y(0),y(1)) =
i
1/ i L Ti= M,

e The Bernoulli trial. Flip for each unit a coin with P(heads) = p. If heads occurs, the
subject receives the treatment, otherwise it is assigned to the control group.

Tmplicit in all that follows is the no interference assumption: the treatment of unit i does not affect the
outcome for unit j. An example of a situation in which this assumption is violated is when in a country all people
would go to university. In that case the effect on earnings of joining university is different for the first and the

last person who join.



Workshop Report: Adriaan Soetevent on Guido Imbens 6

Fisher exact tests

Fischer employed the following null hypothesis:

Hy : yi(0) = wi(1) Vi
H,: 4;0)#y;(1) forsome ¢

Note that these hypotheses do not read as:

P
P[yi(l) —4:(0)]=0
[¥:(1) — 4 (0)] # 0

Hp :

1
N
o1
H,: +

Neyman thought that the second hypothesis was the more interesting one. Under Fisher’s Hp,
all potential outcomes are known.

P

P
Lets fix a statistic S = S(y, T, z), for example S = ':’ygz - ':y(zl(l TT)) = y1 — Yo, which

denotes the average difference between the treatment and control group. In a randomized

experiment, the distribution of .S is known given Fisher’s Hg. Thus, a vector T can be drawn, ¥
can be recalculated and with these, S = S(y, T, x) can be calculated. The p-value of S can be
calculated and if this value is below a certain critical value «, Hyp is rejected.

Neyman instead focuses on estimation and inference and tries to estimate 7 (see Neyman (1990)).
The estimate 7 of 7 for the completely randomized experiment for example, looks like,

1 X

T=—  wli—

7 yi(l = To). (2)

i=1 N-M,_,

This estimate is unbiased for 7, since E(T;) = M/N and?

1 X 1 X N-Mm

E@) = i . yi(1 )N N1 . yi(0) N T (3)
s2 S2 52 .
The variance of T is calculated as ﬁ + Ml —K’% with

2 = L 600y

0o - N_1 . Yi Y

g = L - 1oy

1 = N1 o Yi Y

2 1 X 2
S = = (@) —y(0)—1)

N-1 i=1

2Note that the only random element here is the assignment mechanism.
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It is the last term that causes problems in practice since not both y;(1) and y;(0) are observed.
For this reason, S3; is not estimable.

Opposed to experimental studies, observational studies in economics normally have a non-
random character. Therefore, the next section deals with this type of non-experimental studies.
It is shown that inferences can still be made if an additional assumption is invoked: the assump-
tion of unconfoundedness, which ensures that there is enough detail in the covariates.

3 Non-experimental studies

In this section will be shown how data from observational studies can be rearranged such that
techniques for analyzing randomized experiments can also be applied in this instance. In order
to compare outcomes with similar values of the covariates x, strata have to be defined. The
central problem is thus answering the question how strata should be defined.

In the previous section, randomized experiments with a sharply defined null hypothesis were
considered. Under this Hy, all of the potential outcomes could be filled in and exact distributions
and p-values could be calculated. However, in this section non-experimental studies will be
treated. In a non-experimental setting, it is usually not possible to control for the covariates.
Whereas in experimental situations one can obtain a control and treatment group which are
homogenous with respect to the observable characteristics = 2, this is not possible in non-
experimental studies since it is likely that the decision to be assigned to a treatment is in this
case not independent from the observable characteristics. To give an example, in a study which
evaluates the effect of a labor training program, all individuals which are given the treatment
will have suffered a period of unemployment, whereas this does not have to be the case for the
individuals in the control group.

To be able to estimate the causal effects of a treatment from data of observational studies
an additional assumption has to be made. This assumption is called the unconfoundedness
assumption, which says that the probability of assignment to a treatment does not depend on

the potential outcomes conditional on observed covariates?:
P(T;2,y(0),y(1)) = P(T;z) or T' L y(0), y(1)|z.
Combined with the independence of different units, the unconfoundedness assumption implies

m(x) = E@Q)-y)|z) = EQ)[T =1,z) - EYO)T =0,z)
= E(y‘T = 1,ZI‘) - E(y‘T = O,ZI‘),

3With random assignment, homogeneity of the control and treatment group with respect to the unobservable

characteristics is also guaranteed if the size of the groups is sufficiently large.
“Note that this can be a very bad assumption, e.g. in the case when the functionary, who has to decide whether

or not an unemployed person will receive a job training program, has a lot more information about the potential

earnings y(7;) than is contained in the covariates.
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which can be estimated. The second equality is due to unconfoundedness. It follows then that

= B(r(x)) (4)

can be estimated by averaging 7(z) over the distribution of x.

The unconfoundedness assumption has no testable implications; you can never test whether
fly)|T = 1,x) is equal to f(y(1)|T = 0,x) since the data contain no information over the
value of the latter function. Therefore, any method for estimating y(1) — y(0) must compare
units with 7" = 1 with units for which 7" = 0. Unconfoundedness validates comparisions between
different units with identical values for z. Any alternative compares units having T =1, X =z
to units having T'=1, X = 2’ # z. A reason for this might be, that you want to remove a bias
caused by unobservable differences by means of a difference in the observable characteristics.
An example of this is the method of instrumental variables, studied in Section 5.1.

3.1 Inference and estimation for a single covariate

Four different methods for estimating the average causal effect 7 can be discerned, when the

units are characterized by a single observable covariate = € R%:

blocking The sample is divided k& subsamples on basis of . As in the random experiment,
within each subsample Tk is estimated as Tp = y1x — yor and subsequently 7 is estimated

matching For each treated unit (an i with 7; = 1, z; = z), the closest control unit (j with
=0, min;{|z; — x;|}) is located. The E)stimation made is T; = y; — y;. This is done for

all treated and control units and 7 = J%, f\;l Ti

weighting This method blows up the control variables if there are relatively few controls. If
the probability of receiving a treatment Iglvenr{he covariate is ¢dgnoted as P(x) = E(T|z) =

Pr(T = 1|z), 7 is estimated by T = 1_1 ﬁzfl) lf(;(ng 5,

curve fitting With this method a curve is modelled for both the treatment and the control
group. For example: E(y(1)|x) = By + B,z and E(y(O)]:B)P ap + a1z, Then o and 3 are
estimated by least squares and 7 is estimated by 7 = % = 1(50 + 51:1?@ ap — a11;) =

% fil U1i — Yoi- A danger of this method is that it may rely too much on extrapolation.

In empirical work, the researcher has to feel uncomfortable if one of these methods would
give very different results than the others. Further on, blocking, matching and curve fitting
all have a counterpart in non-parametric analysis: step functions, nearest neighbors and series
estimators respectively. All four methods focus on the relation between the exogenous variables

T and =x.
®Note that E(P(z |zi) = E(}’,I(Sl))lﬂ,xi) - Pr(T; = 1lz:) = E(:i(D)|Ts,2:) = E(yi(1)|x;). The last equality

follows from unconfoundedness. Similarly we have E(%wl) = E(yi(0)|xs).
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3.2 Inference and estimation for the multiple covariate case

When z is a vector instead of a scalar, the problem becomes intrincate and what is needed is
a tool to reduce the dimensionality of the problem. Such a tool is provided by Rosenbaum and
Rubins (1983) propensity score: P(x) = Pr(T = 1l|x), which is the conditional probability of
receiving the treatment of interest. This score is useful because of the implication that if

T 1 y(0), y(1)|z,
it is also true that
T 1 y(0), y(D|P(x).
Proof:
Pr(T = 1|P(x))

E(T|P(2)) = E(E(Tz, P(2))|P(2))
B(P(2)|P()) = P(x), and (5)

Pr(T = 1|y(0),y(1), z, P(z))
= E[E(Ty(0),y(1),z, P(x))|y(0),y(1), P(x)]
= E(P@)|y(0),y(1), P(x)) = P(x). (6)

Therefore L T|P(x) and matching on P(z) implies matching stochastically on x. The strategy
to be followed is to estimate the average causal effect 7 using the methods of blocking etc., with

the subsamples constructed with use of the propensity score.
The Dehejia and Wahba study, 1999

The practical usefulness of the propensity score is nicely illustrated in the Dehejia and
Wahba (1999) study in which the results of Lalonde (1986) are further investigated. Lalonde
compares earnings of males who participated in a labor market training program with both the
earnings of males in an experimental control group and with a number of other comparison
groups. Whereas the comparison to the experimental control group leads to credible estimates
of the training effect, comparison to the other constructed comparison groups leads to ridiculous
estimates. In view of this result, Lalonde’s conclusion is that in order to get reliable estimates,
experimental data are indispensable.

Dehejia and Wahba however point out that there are large differences in the values of the
covariates in Lalonde’s treatment group and those of the non-experimental comparison groups.
Subsequently they show that the earning differences between the treatment and various compar-
ison groups become much more credible when implementation methods based on the propensity
score are used. The estimates of the average effect of the training program are now comparable
with Lalonde’s estimates using an experimental control group. Moreover, the variation between

the different implementation methods decreases, such that the results are more robust.
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Table 1: Comparison of observables in the PSID and CPS control groups.

PSID CPS

black 0.25 0.07
married 0.87 0.71
earnings '74 19,000 14,000

4 Plausibility of the unconfoundedness assumption

Hitherto, the obtained results were based on the validity of the unconfoundedness assumption.
In this section the focus is on the validity of this assumption. Further, the sensitivity of the
results to violations of the assumptions is assessed by means of sensitivity analysis. An extreme

version of this analysis is the bounds approach.

4.1 Bounds

The bounds approach follows from the observation that

r o= By - y(0) = Ey(1) - Ey(0))
= E@(O)|T = )P = 1) + EQ)|T = 0)P(T' = 0)
~E@(O)|T = )P(T = 1) - EQO)|T = 0)P(T =0), (7)

and noting that the only terms that are not estimable are E(y(1)|T = 0) and E(y(0)|T" = 1).
With the other terms, bounds can be constructed. Suppose for example that y(0), y(1) € {0,1}.
Then the bounds

T > E@WT=1)P(T=1)-PT=1)—EW|T=0PT =0)=r1;
7 < BT =10)PT=1)+P( =0)— Ey|T =0)P(I =0)=r,

are obtained. Note that in this way, never an interval narrower than one is obtained, since
7 —1 = 1. The bounds always include zero, such that the sign of the effect cannot be obtained.
This result may not be very useful, but the advantage is that the unconfoundedness assump-

tion is completely avoided.

4.2 Multiple control groups

When multiple control groups are available, these can be used to assess the validity of the
unconfoundedness assumption. For example, in the Lalonde/Dehejia-Wahba study, the PSID
and CPS control groups are available of which some observable characteristics are listed in Table
1.
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The table shows that these control groups are very different in observable characteristics. So
possibly, they are also very different in the unobservables. If this is likely, but the results are
similar, credibility is added to the results.

It is therefore advisable to choose alternative control groups with plausibly different biases.
For a training program one could for example choose controls from the same local labor market
and controls from a different local labor market; or controls observed in the same time period

and a historical control group.

4.3 Sensitivity to inclusion of observables

Another legitimate question is to ask whether the results are sensitive to the inclusion of (sets
of) covariates. In the example of the training program, the question is whether lagged earnings
matter, or the time interval (yearly, quarterly) over which earnings are reported. The Dehejia
and Wahba article for example brings about that two years of earnings are needed to measure
the training effect adequately. Card and Sullivann (1988) show in another study, that the labor
market history of individuals has to be taken into account to measure the effect of a training

program properly.

5 Deviations from unconfoundedness

In this last section, the unconfoundedness assumption is relaxed. In the first subsection, the
technique of instrumental variables is considered as an alternative to assuming unconfounded-
ness. In the second subsection, attention is paid to treatments which can on more than two

values.

5.1 Instrumental variables

The instrumental variables approach is used when the topic of interest concerns the effect of x
on y but z is determined endogenously. In that case x is correlated with the disturbances and
the way to circumvent the associated problems is to look for an instrument z, which has no direct
effect on y, but only an indirect effect through x. Well known examples of this approach are e.g.
Angrist (1990) and Angrist and Krueger (1991). The first study explores the influence of having
served in the military on earnings and mortality later. The problem is that having served or
not is likely to be dependent on unobservable characteristics of an individual, like e.g. physical
condition. The notation used here is the following: The instrument is binary, z € {0,1}, as is
the treatment variable x, « € {0,1}. The outcome is denoted by y. z(z) denotes the potential
outcome for the treatment: x(0) is the potential outcome of serving if one is not drafted and
x(1) is the potential outcome of serving if one is drafted. y(z, x) denotes the potential outcome
of the earnings where (0, 0) is the outcome if one is not drafted and did not serve; y(1,0) is the

potential outcome if one is drafted but did not serve, etc. The assumptions made are



Workshop Report: Adriaan Soetevent on Guido Imbens 12

1. There is random assignment of the instruments,
z 1 4(0,0),4(0,1),...,y(1,1),2(0), z(1);

2. x is monotone: z(1) > x(0), which means that there are no defiers, i.e. people who serve
when they are not drafted, but who do not serve when they are;

3. The exclusion restriction: there is no direct effect of z on y. Therefore, y(x) = y(0,z) =
y(1, 2).

The main result is that the average difference in covariates = between individuals who are
drafted and individuals who are not, equals the fraction of people that complies, i.e. people who
do not serve when not drafted, but serve when drafted:

E(z|z = 1) — E(x|z = 0) = Pr(compl)

A second result is that the average difference in potential earnings between individuals who are
drafted and individuals who are not, equals the average difference in earnings between people
who served and those who did not conditional of being a complier times the probability of being

a complier:
E(y|lz =1) — E(y|z = 0) = E(y(1) — y(0)|compl) - Pr(compl)

It then follows that
E(ylz=1) — E(ylz=0)
E(x|z =1) — E(z|z =0)

= E(y(1) — y(0)|compl), (8)

so the I'V-approach measures the average effect on compliers.

Returning to the assumptions and to the example of being drafted for the military, we see
that the exclusion restriction is critical. The first assumption is likely to be fulfilled. However,
getting drafted, z = 1, may prompt other questions:"Do I stay in school or will I leave for
Canada?" a decision which will affect potential earnings and for this reason violates assumption
39,

5.2 Multivalued treatments

In this section is dealt with two aspects of multivalued treatments, i.e. treatments which can take
on more than two values. First, instrumental variable models are discussed and next methods
for unconfounded assignment.

In the binary case, (8) showed how — under some assumptions — the IV-approach could be
used to estimate the average effect for compliers. How can these ideas be applied when the

endogenous regressor is continuous?

%Note that in the common application of IV, assumptions 1 and 3 are combined in the statement that the

residuals of y and x are uncorrelated with z.
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To explore this problem, the example of the Fulton fish market in New York is taken, as
described in Angrist, Graddy and Imbens (2000). The quantity of whiting traded is denoted by
q and the price per pound is denoted by p; p® is the equilibrium price. The weather conditions
at sea as described by wave height and wind speed, are the instrumental variables z. These

affect the supply but not the demand of whiting. The assumptions made are:

1. The weather is independent of the demand and supply functions,z; L ¢”(p, 2), ¢’ (0, 2t).
This implies that z; L pf(z), and this can be interpreted as that weather is as good as

randomly assigned.
2. gP(p, 2) is assumed independent of z, the exclusion restriction’.

3. ¢P(p) is non-decreasing in p for all z;
¢’ (p, 2) is non-decreasing in p for all z;

q7 (p, ) is monotone in z for all p.

If there are two possible weather conditions, good or bad: z € {0,1}, (8) estimates the
demand elasticity with y replaced by ¢ and x by z.

Now assume that there are three weather conditions: z € { fair, mized,
storm}. Moreover, let pf(f) = 1 Vt, pf(m) Vt and Pr(pi(s) = z) = Pr(pf(s) =3) = 1/2. The
interest is in 8* = ¢”(3) — ¢”(2). Which information is in the data about 5*? With the data,
the following two pieces of information can be estimated:

ym _ Elglz=m) —E(qlz=f) _ B el N —
plim = FGli=m) EGE= - ElgP () — a7 (Q)[pi(m) = 2] (9)
/s = BAz=9) 2Bl =m) _ pronay b (o))pem) = 3] (10)

~ E(plz = 5) — E(plz =m)

So there is choice in which equation to estimate. However, (9) gives the right averages but works
with wrong prices, and (10) gives the wrong average, whilst using the right prices. There is no
way out of this dilemma since z is the only instrument you have and the data are not going to
tell which values of the instruments should be used.

In summary, the IV-approach gets much more complicated in case of continuous treatments.
In the remainder, attention is paid to the case with unconfoundedness and more than two
treatments.

Assume that t € {1,..., K} and denote the potential outcome by y(t). In Section 3.2, it was
shown how the propensity score could be used to reduce the dimension of the problem when
there are multiple covariates. The question is if there exists a function h(x) analogous to the

propensity score, such that:

T L{y®}ilX = T L {y(®)}iZ1|h()

"Note that this assumption is not valid if the weather on the sea is highly correlated with the weather on the

shore.
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Unfortunately, it turns out that it is not possible to find a scalar valued solution for h(z).
If h is allowed to be vector valued, a solution can be found: let h(t,z) = Pr(T = t|z), then
T L {y®)}E,|{h(t, ) }[<,. This solution however gives not much dimension reduction if dim(K)
is large relative to dim(x).

What can be done to solve this problem, is to weaken the unconfoundedness assumption: no
full independence on the potential outcomes is needed. Specify D(t) = 1{T = t}, then

D(t) Ly@®)|z = D(t) L y@®)|h(t, z).

In this assumption, only on potential outcome is considered at a time and the independence is
on D(t), not on T.
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