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This paper

What we know
Misleading inference in D-D because of serial correlation in the
errors

What has been proposed
Cluster-robust standard errors can deal with error correlation
Not possible with small number of groups

What they propose
Combination of feasible GLS with cluster-robust inference solve
this problem even with small number of groups
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Presentation

Inference problem in D-D: Bertrand et al. (2004)
Cluster-based solutions: Cameron and Miller (2015)
Brewer et al. (2018) solution
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Previously on
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Bertrand et al. (2004)

Standard D-D model

yi g t =αg +δt +βTg t +γwi g t + vi g t (1)

Standard errors might be inconsistent (even if estimator unbiased)
vi g t may not be iid within group: vi g t = εg t +ui g t

...because of serial correlation
DD estimation usually relies on fairly long time-series
Most commonly used dependent variables in DD are serially
correlated
Treatment variable changes itself very little within a state over time

...and cross sectional correlation
Use micro-data but estimate effect treatment which varies only at
group level
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Bertrand et al. (2004)

Wrong inference in terms of both size and power
Size: type I error

Probability to reject null hypothesis when the null hypothesis is true
Probability to assert something that is absent

Power: type II error
Probability to not reject null hypothesis when the null hypothesis is
false
Ability of a test to detect an effect, if the effect actually exist
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To solve cross-sectional variation

First-stage aggregation
Regress using micro data yi g t on wi g t and take the mean residual
within each group-time cell (Ŷg t )
Regress Ŷi g t on fixed effects and treatment

We still have a problem of serial correlation
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Regress Ŷi g t on fixed effects and treatment

We still have a problem of serial correlation

Brewer, Crossley and Joyce Inference D-D Applied Reading Group 7 / 28



Bertrand et al. (2004)

Assess the extent of serial correlation problem in DD
Examine how DD performs on placebo laws: treated states and
year of passage are chosen at random
Since law are fictitious a significant effect at the 5 percent level
should be found roughly 5 percent of the time
Use Monte Carlo simulations
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Assess magnitude of serial correlation problem

Use women’s wages from Current Population Survey
Years 1979-1999
Women between 25 and 50 with positive earnings
50*21 state-years couples (1050)

Randomly generate laws that affect some states and not other
Draw a year at random from a uniform distribution between 85-95
Select half the states at random
Create treatment dummy

Estimate wi g t =αg +δt +βTg t +γwi g t + vi g t

Generate estimate β̂ and standard error
Repeat this exercise large number of times each time drawing
new laws at random
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Bertrand et al.

200 independent draws of placebo laws
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Bertrand et al.

Reject null of no effect 67.5 percent of the time
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Bertrand et al.

Power: reject null of no effect against alternative of 2 percent 66 times
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Presentation

Inference problem in D-D: Bertrand et al. (2004)
Cluster-based solutions: Cameron and Miller (2015)
Brewer et al. (2018) solution
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Cameron and Miller (2015)

Cluster-robust standard errors can deal with error correlation
Cluster-Robust Standard Error (CRSE):
Vclu

[
β̂
]= (

X ′X
)−1

(∑G
g=1 Xg vg v ′

g X ′
g

)(
X ′X

)−1

Consistent and Wald statistics based on it asymptotical normal, as
G →∞

Wald t-statistics
w = β̂−β0

sβ̂

If G →∞, then w ∼ N (0,1) under H0 :β=β0

Finite G: unknown distribution of w. Common to use w ∼ T (G −1)
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Cameron and Miller (2015)

Problem with Few Clusters
Despite reasonable precision in estimating β, V̂clu

(
β̂
)

can be
downwards-biased

"Overfitting": estimated residuals smaller than true errors
Small-G bias larger when distribution of regressors is skewed
(Mackinnon and Webb, 2017)

Imbalance between number of treated and control
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Cameron and Miller (2015)

Solution 1: Bias-Corrected CRSE
ṽg =

√
G(N−1)

(G−1)(N−K ) v̂g

Reduce but not eliminate over-rejection when there are few
clusters

Solution 2: Wild Cluster Bootstrap
Idea

Estimate main model imposing null hypothesis that you wish to test
to give estimate of β̃H0

Example: test statistical significance of one OLS regressor.
Regress yi g on all components of xi g except regressor with
coefficient 0
Obtain residuals ṽi g = yi g −x ′

i g β̃H0

Less trivial to implement and computationally more intensive
Montecarlo
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Brewer et al. (2018)

Solution: Combination of feasible GLS with cluster-robust inference

Tests of correct size can be obtained with standard statistical
software

vce(cluster clustervar )
Even with few groups

Real problem is power
Gains in power can be achieved using feasible GLS even with small
groups

Combination feasible GLS and cluster-robust inference can also
control test size
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Structure of the paper

Replicate Monte Carlo simulations of Bertrand et al. (2004)
CRSE and wild-bootstrap have low size distortion
CRSE and wild-bootstrap have low power to detect the real effects
Increasing Power with Feasible GLS
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Rejection rates when the Null is True
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Rejection rates when the Null is True

Assuming iid errors, reject more than 40 %
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Rejection rates when the Null is True

Cluster-robust SE solve serial correlation with big G
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Rejection rates when the Null is True

Problem cluster-robust SE with small G
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Rejection rates when the Null is True

Bias-correction of cluster-robust SE have low size distortion, even with
small number of groups
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Rejection rates when the Null is True

Similar for wild cluster bootstrap
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Rejection rates when the Null is True

Results robust
Binary dependent variable
Wide range of error process

Bias-corrected CRSE not robust
Large imbalance between treatment and control groups
Different from bootstrap
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Power to detect the real effects

MDE
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Power to detect the real effects

Low power for both methods: 2 % effect detected only 40 % times

MDE
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Power to detect the real effects

Higher power with higher effect

MDE
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Power to detect the real effects

Problem of power higher with lower groups

MDE
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Power to detect the real effects

Problem of power higher with lower groups even for large true effects

MDE
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Feasible GLS

Way to increase efficiency by exploiting knowledge of serial
correlation

y = Xβ+ v , Cov [v |X ] =Ω, β̂GLS = (
X ′ΩX

)−1 X ′Ωy

Assume AR(k) process for group-time shocks
Estimate model
Estimate k parameters using OLS residuals
Apply GLS transformation
Estimate model on transformed variables
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Feasible GLS

Problems
Estimate k lag parameters inconsistent: Hansen’s bias correction
may not work for small G
Misspecification of the error process

Not affect consistency and (likely) more efficient than OLS estimator,
but affect test size

Possible to use cluster-robust inference to improve test size
Plug FGLS residuals into the CRSE formula
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Increasing power with Feasible GLS

MDE
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Increasing power with Feasible GLS

FGLS improves power wrt OLS, even with small G

MDE
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Increasing power with Feasible GLS

FGLS combined with bias-corrected CRSE improves size, even with
small G

MDE
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Increasing power with Feasible GLS

Results not robust
Parametric assumption about serial correlation (power advantage
FGLS if process is not MA)
Number of time periods (power advantage FGLS with high T)
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What we learn from this paper

Over-rejection null of no effect not a problem
Both with simple bias-correction CRSE and bootstrap
Even with small groups
Bias-correction CRSE: vce(cluster clustervar )
We know it already from Cameron and Miller (2015)

Bias-correction CRSE not robust in case of imbalances
treatment-control and reduce (but not eliminate) over-rejection

⇓
Bootstrap
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What we learn from this paper

Problem to detect real effect
Combining FGLS and CRSE possible to solve power with correct
test size
Even with small groups

FGLS+CRSE not robust in case to small T periods and parametric
assumption of serial correlation + improve but not solve power

problem
⇓

Bootstrap
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Solution 2: Wild Cluster Bootstrap, cont’d

Implementation
1 Obtain bth resample

1 Obtain ũi g = yi g −x ′
i g β̃H0

2 Randomly assign cluster g the weight dg =
{
−1 w.p. 0.5

1 w.p. 0.5
3 Generate new pseudo-residuals u∗

i g = dg × ũi g and new outcome
variables y∗

i g = x ′
i g β̃H0 +u∗

i g

2 Compute OLS estimate β̂∗
b

3 Calculate the Wald test statistics w∗
b = β̂∗

b−β̂
sβ̂∗

b

Essentially
Replacing yg in each resample with y∗

g = X β̃H0 + ũg or
y∗

g = X β̃H0 − ũg

Obtain 2G unique values of w∗
1 , ..., w∗

B

Back to Solutions
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Cameron and Miller (2015): Montecarlo

Back to Solutions Back to Conclusion
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Size robustness to error specification

Simulate state-time shocks, changing degree of serial correlation and
non-normality. Assume AR(1) process

εg t = ρεg t−1 +
√

0.004
(
1−0.42

)
(d −2)

d
wg t (2)

εg 1 =
√

0.004d

d −1
wg 1 (3)

Back to Robustness
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Size robustness to error specification

Back to Robustness
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Size robustness to imbalance groups

Back to Robustness
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Power MDE

Minimum Detectable Effects (MDE)
Smallest effect that would lead to a rejection of the null hypothesis
of no effect with given probabilities

MDE

 x︸︷︷︸
Power

= ŝeclu
(
β̂
)
 cu︸︷︷︸

Upper critical
value tG−1

− p t
1−x︸ ︷︷ ︸

(1-x)th percentile of tG−1
under null of no effect

 (4)

Back to Power
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Power MDE

Back to Power
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Power MDE with FGLS

Back to Power FGLS
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Power robustness to error specification

Back to Robustness
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Power robustness to number of time periods

Back to Robustness
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