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(b) For the following estimators: (1) pooled OLS, (2) between, (3) within, (4) first
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LINEAR PANEL MODELS: BASICS

differences, (5) random effects GLS, (6) random effects MLE give (i) B (esti-
mated coefficient of Inwg), (ii) default standard error, and (jii) panel bootstrap
standard error with 200 replications.

Are the estimates of g similar?

Is there a systematic difference between default standard errors and panel-
robust standard errors?

Will the pooled OLS estimator in part (b) be consistent for g in a fixed effects
model? Will the pooled OLS estimator be consistent for 8 in a random effects
model?

Perform a Hausman test of the difference between the fixed and random
effects (GLS) estimates of 8 in this model. Do this manually using the earlier
regression output with the default standard errors. What do you conclude
and which model is favored?

Given the preceding evidence, do you believe that the labor supply curve is
upward sloping? Explain.
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LINEAR PANEL MODELS: EXTENSIONS

Less consideration has been given to nonstationary data in short panels. Harris ¢
Tzavalis (1999) consider the unit root tests of Levin and Lin (1992) in short pane
Let ¥ denote the within estimate of ¥ in the AR(1) fixed effects model y; = a;
¥Yiz—1 + &ir, where ;; ~ N[0, o%]. We consider the null hypothesis of a unit root,
y = 1, and no intercept o; = 0, which corresponds to the pure time series case 2
Hamilton (1994, p. 490). Under this null hypothesis the unit root test statistic

VNG —14+3/(T +1)
[3(1772 — 20T + 1)}/[S(T — 1X(T + 1)3]

as N — oo for fixed T. Large negative values of this statistic lead to rejection of the
unit root hypothesis. Levin and Lin (1992) provide additional tests, such as for models
with individual time trends.

Binder, Hsiao, and Pesaran (2003) consider short panel estimation of fixed effect .
dynamic panel models with unit roots and cointegration. With unit roots the Arellano- .
Bond estimator is inconsistent, though the extensions due to Ahn and Schmidt (1995)
and others discussed at the end of Section 22.5.3 yield consistent estimates. Binder

et al. (2003) propose quasi-ML estimators that perform better in finite samples when
unit roots are present.

4 N0, 1]

22.6. Difference-in-Differences Estimator

The evaluation literature presented in Chapter 25 focuses on measuring the treatment
effect, in the simplest case the impact or marginal effect of a single binary regressor
that equals one if treatment occurs and equals zero if treatment does not occur. For
example, interest may lie in measuring the effect on earnings of a policy change (the
binary treatment) that alters tax rates or welfare eligibility or access to training for
some individuals but not for others.

In this section we relate one of the methods of Chapter 25 to panel methods. Specif-
ically the treatment effect can be measured using standard panel data methods if panel
data are available before and after the treatment and if not all individuals receive the
treatment. Then the first-differences estimator for the fixed effects model reduces to
a simple estimator called the differences-in-differences estimator, introduced in Sec-
tion 3.4.2 and also studied in Section 25.5. The latter estimator has the advantage that
it can also be used when repeated cross-section data rather than panel data are avail-
able. However, it does rely on model assumptions that are often not made explicit. The
treatment here follows Blundell and MaCurdy (2000).

22.6.1. Fixed Effects with Binary Treatment

Let the binary regressor of interest be

Dy, = 1if indiv.idual i receives treatment in period ¢, (22.39)
0 otherwise.
Assume a fixed effects model for y;, with
Yir = ¢Di + 8, + i + &, ’ (22.40)

768


hotz
Rectangle


s and
anels.

a; +
wot, SO
e2in

of the
nodels

effect
llano—
(1995)
Binder
i when

llment
gressor

22.6. DIFFERENCE-IN-DIFFERENCES ESTIMATOR

where 8, is a time-specific fixed effect and ; is an individual-specific fixed effect. As
noted in Section 21.2.1 this is equivalent to regression of y;; on D;; and a full set of
time dummies with the complication of individual-specific fixed effects. For simplicity
there are no other regressors. '

The individual effects «; can be eliminated by first differencing. Then

Ayi = ¢ADi + (8 — 8:-1) + Asir. (22.41)
The treatment effect ¢ can be consistently estimated by pooled OLS regression of Ay
on AD;, and a full set of time dummies.

22.6.2. Differences in Differences

Now consider specialization to only two time periods. Furthermore, suppose treatment
occurs only in period 2, so that in period 1 D;; = 0 for all individuals and in period 2
D;; = 1 for the treated and D; = 0 for the nontreated. Then the subscript ¢ can be
dropped from (22.41) and

Ay = ¢D; + 8+ vi, (22.42)
where Dj; is a binary treatment variable indicating whether or not the individual re-
ceived treatment.

The treatment effect can be estimated by OLS regression of Ay onan intercept and
the binary regressor D. Define A7 to denote the sample average of Ay; for the treated
(D; =1)and A y™ to denote the sample average of Ay; for the nontreated (D; = 0).
Then the OLS estimator reduces to i '

= A" — AY™. (22.43)
This estimator is called the differences-in-differences (DID) estimator, since one
estimates the time difference for the treated and untreated groups and then takes the
difference in the time differences. ,

The estimator is appealing for its intuitive simplicity. Additionally, it can be ex-
tended from panel data to the case where separate Cross sections are available in the
two periods. In the second period compute the averages ¥ and y3' for the treated and
untreated groups. Compute similar averages y¥ and y7' in the first pretreatment period.
This assumes that it is possible to identify in the first period whether or not an individ-
ual is eligible for treatment. This is easy if, for example, the treatment applies only to
women and data on gender are available. Then compute

® =G5 -3 -G - (22.44)

As an example, if average annual earnings for the group eligible for treatment equals
10,000 before treatment and 13,000 after treatment then y¥ — T = 3,000. Similarly,
if average annual earnings for the group not eligible for treatment equals 15,000 before
treatment and 17,000 after treatment then yat — 7t = 2,000. The DID estimate of the
treatment effect @ is then 3,000 — 2,000 = 1,000.
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LINEAR PANEL MODELS: EXTENSIONS

22.6.3. Assumptions Underlying Differences in Differences

The preceding formulation of the DID estimator makes explicit the underlying as-
sumptions for consistent estimationof ¢. ,

First, it is assumed that the time effects &, are common across treated and untreated
individuals. For example, time trends may differ by gender, in which case identifying
¢ is problematic if treatment depends on gender. The common trends assumption is
needed if either panel or cross-section data are used.

Second, if cross-section data are used then the composition of the treated and un-
treated groups is assumed to be stable before and after the change. With panel data
differencing eliminates the fixed effects o;. With repeated cross-section data the origi-
nal model (22.40) implies that §;* = ¢ -+ 8 +a¥ + & and =4+ a™ + £}'. Given
that treatment only occurs in the second period it follows that

b=GF -7 - GF -7+ @5 —an -6 - al) +v,

where v = (B — &}) — (% — &1"). Consistency of ¢ in (22.44) occurs if plim@§ —

a¥) =0 and plim(@y* — &) = 0. This will happen if assignment to treatment is ran-
dom. However, often this is not the case.

22.6.4. Richer Models

In practice richer models are used. An obvious extension is to include regressors :
other than the treatment indicator and time dummies. By grouping data the individual- -
specific effects can at least be permitted to differ on average across groups. The general :
procedure is to estimate :

Yigt = ¢Djg + 5 +a;+Ei

where g denotes the gth group.

In a classic example of DID estimation, Card (1990) studied the effect on unemploy:
ment of low-wage workers in Miami of a sudden influx of immigrants from Cuba.
example is also reviewed in Angrist and Krueger (1999). Athey and Imbens (2002
present extension to nonlinear models. o '

22.7. Repeated Cross Sections and Pseudo Panels

The key potential advantages of panel data arise from being able to observe subjects
over time. This makes it possible to control for unobserved individual heterogeneiiy;
differences in initial conditions, and dynamic dependence of outcomes. In many cases,
however, genuine panel data are unavailable.

22.7.1. Repeated Cross Sections

We consider analysis when data are for several repeated cross sections, derived from -
responses to a series of independent sample surveys, where independence means that
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