Pre-testing for Unobserved Cluster Effects and
Inference in Panel Data Sets*

Ercio Mufioz! Wim Vijverbergt

This draft: December 23, 2020

Abstract

This paper addresses the question of how to estimate the standard errors in panel
data when unobserved cluster effects are potentially present. We analyze the perfor-
mance of statistical inference regarding the parameters of a panel data model when it is
first subjected to a pretest for the presence of individual and/or time unobserved clus-
ter effects. Using Monte Carlo simulations we compare the performance of six proposed
diagnostics that make use of statistical tests available in the literature such as Lagrange
multiplier, Likelihood ratios, and F tests. We find that these six pretest estimators
are a viable alternative to estimate panel data models with unobserved cluster effects,
in the sense that they achieve empirical sizes very close to the ones obtained using an
estimator of the variance as if we knew the true data generating process. These results
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regressor. We provide several empirical examples to illustrate the importance of our
findings.
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1 Introduction

Moulton (1990) shows the consequences of ignoring cluster structures or cluster hetero-
geneities: inefficient parameter estimates, incorrect standard errors, and erroneous statistical
inference.

Petersen| (2009)), considering typical finance panel data sets of firms over time, provide
intuition as to why the different approaches to compute standard errors sometimes give
different answers, and gives researchers guidance for their use. He provides a description
of the different approaches used in papers in finance published in top journals between
2001-2004. These methods include Fama-MacBeth, which was developed to account for
the correlation between observations on different firms in the same year, not to account
for the correlation between observations on the same firm in different years. |[Newey and
West| (1987))’s estimator, designed to account for a serial correlation of unknown form in
the residuals within cluster. |White| (1980)" standard errors robust to heteroskedasticity.
Standard errors clustered either for firm, year (see |Arellano| (1987); Liang and Zeger| (1986));
Rogers| (1993); [White| (1984)) or both following the method proposed by Thompson, (2011),
which is unbiased as long as there are enough number of firms and years.

Adjusting the standard errors either for firm or time is not valid when the disturbances
are correlated across both firms and time. On the other hand, Thompson| (2011) shows
that when sample sizes are small, the more robust standard errors lead us to find statistical
significance even when it does not exist. He argues that double-clustering is likely to be
most helpful in data sets with the following characteristics: the regression errors include
significant time and firm components, the regressors themselves include significant firm and
time components, and the number of firms and time is not too different. In cases where N
or T is small, double-clustering may cause more harm than good because the variance of
the estimated standard error increases, and we reject the null hypothesis using a t-test more
often.

In this paper we analyze the performance of statistical inference regarding the parameters



of a panel data model when this is first subjected to a diagnostic for the presence of individual
and/or time unobserved cluster effects. Using simulations we compare the performance of
six different proposed pretests that are based on combinations of simple Lagrange multiplier,
Likelihood ratio, and F tests for each or both unobserved cluster effects. Our results sug-
gest that pre-testing for the presence of unobserved cluster effects is a viable alternative to
estimate panel data models when the true model is unknown, in the sense that they achieve
empirical sizes very close to the ones obtained using an estimator of the variance as if we
knew the true data generating process. We do not find significant differences between the
alternatives, which suggests that researchers could pick the simplest diagnostic in terms of
computation. As robustness check, we find that these results hold when the cluster effects
are temporary instead of fixed, when the disturbance is non-normally distributed, and when
the regressor is non-normally distributed.

This paper adds to the literature of pretesting in econometrics. Previous studies that
have evaluated pretest estimators in the context of panel data include [Ziemer and Wetzstein
(1983) on the pooling problem, Baltagi and Li| (1997)) on the estimation of error component
models with autocorrelated disturbances, [Baltagi, Bresson, and Pirotte, (2003b) on a pos-
sibly misspecified two-way error component model and |Guggenberger| (2010) together with
Kabaila, Mainzer, and Farchione, (2015]) on the Hausman test used as a pretest of the random
effects specification. In this literature, the paper that it is most closely related to ours is
Baltagi, Bresson, and Pirotte, (2003a), which evaluates a pretest estimator in terms of MSE
performance with a focus on model misspecification.

In addition, it adds to the recent literature about how and when to cluster standard errors
in economics. Examples of recent surveys are |Cameron and Miller| (2015)) and Mackinnon
(2018). Bertrand, Duflo, and Mullainathan (2004) show how inference with difference in
difference estimators is affected by serial correlation of the outcomes influencing importantly
the practice of statistical inference in this context. More recently, |Abadie, Athey, Imbens,

and Wooldridge (2017) argue that clustering is a sampling design issue (e.g. the sample



follows a two-stage sampling process where we randomly draw a subset of clusters from
a population of clusters and then we randomly select units from those previously selected
clusters) or an experimental design issue (e.g. treatment assignment is correlated within
clusters). In contrast, Mackinnon and Webb (2019) argue that the previous conclusions
depend critically on the assumption that the sample is large relative to a finite population
in which the researcher is interested. However, under a meta-population framework, i.e. a
view where researchers are interested not in the actual population but in a meta-population
from which they imagine the former was drawn, the finite-population arguments of |Abadie
et al. (2017) do not apply and cluster-robust inference can be done in the usual way. Our
paper fits within the meta-population setting, in the sense that we assume that the potential
clusters were drawn from a meta-population of clusters.

We also add to the finance literature by taking one step further in the analysis of |[Petersen
(2009) by suggesting a pretest estimator to compute the standard errors and showing that it
is feasible to do inference without distorting the size. This paper also relates to [Thompson
(2011)), who provided a formula to compute two-way clustered standard errors in finance
panel data sets.

This paper is organized as follows. Section 2 describes the approaches to estimate the
standard errors in finance panel data sets. Section 3 describes the pretest estimator, the
hypothesis to be tested, and a brief description of the diagnostic tests considered. Section 4
describes the Monte Carlo set up and reports the simulation results. Section 5 provides an
empirical example to show the relevance of our results. Some final remarks are then provided

in Section 6.

2 Estimating the Variance

Consider the standard regression for a balanced panel data set:

Vit = XS + €t 1=1,...N t=1,..,T (1)
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where there are observations on entities ¢ across years t. Stacking the y;;, X;; and €; over

the NT observations then yields the model:
y=XpB+e (2)

The NT x K matrix X and the NT-dimensional vector € are assumed to be independent of
each other, and to have a zero mean and finite variance.

The OLS estimator for the K-dimensional vector f is:
B=(X'X)"' X'y = B+ (X'X) ' X'e (3)
In general, the variance matrix conditional on X is:
VA = (X'X) ' B(X'X)™! (4)

with
B = X'V]e|X]X (5)

Under the assumption of homoskedasticity and zero correlation of any kind (over time or

across entities) in the disturbances (V[e|X] = o*Iyr) we have:
B=oX'X (6)

and the variance can be estimated using:

N ee

VBl = m(X,X)_l (7)

where e =y — X B . This is the standard OLS formula that is correct when the disturbances

are independent and identically distributed (Greene| (2012)).



Relaxing the homoskedasticity assumption, allowing instead V[e|X] = o2Q where Q) is a

diagonal NT' x NT matrix, we have that B becomes:
B =0o*X'QX

which can be estimated using the White heteroskedasticity consistent estimator:

Vi) = —(—

N T
— 1 1
N ) (G 2o D X X (X X)

NT < NT
=1 t=1

2.1 Cluster robust variance estimator (One-Way clustering)

By relaxing the assumption of independent disturbances, we can first assume that the data

have an unobserved cluster effect by entity that is fixed. We can stack all observations in

the it" cluster and Model [1] can be written as:

(10)

where y; and €; are N; x 1 vectors, X; is an N; x K matrix, and there are IN; observations in

cluster 7. Further stacking y;, X; and ¢; over the N clusters then yields the model:
y=XpB+e
The OLS estimator now is:
X N N
f=XX)"X"y= (Z X X;)™! ZXz{yi
i=1 i=1
The variance matrix conditional on X is:

V[ = (X'X) ' B(X'X)™!

(11)

(12)

(13)



with

B = X'V]¢|X]X (14)

Given the error independence across clusters, V[e|X] has a block-diagonal structure, and

this equation simplifies to:
N

Ber =Y X|Elei€;| Xi] X; (15)

i=1
The cluster-robust estimator of the variance matrix (CRVE) of the OLS estimator is the

sandwich estimator:

Vor, 6] = (X'X) ™' Bog, (X'X) ™! (16)
where
N
Bep, =Y _ Xjei}X; (17)
=1

where X; and e; are T stacked observations of X;; and e; in the i*" cluster. This accounts
for arbitrary forms of serial correlation for each entity over timell]
Similarly, if we assume that the data have an unobserved cluster effect by time, the cluster-

robust variance estimator becomes:

T
Ver (8] = (X'X) 7' (Y Xfee Xo) (X'X) ! (18)
t=1
where X, and e; are N stacked observations of X;; and e;; in the t*" cluster. This accounts
for arbitrary forms of correlation among the entities at any given point in time.

Finite sample modifications of Equation and are typically used to reduce

downward bias of the estimator due to a finite numbers of clusters (Cameron and Miller|

(2015))). In this paper, we use the finite-sample adjustment &~ NI=1

o1 NT—I¢» Where we substitute

G by N or T respectively in the case of clustered by entity or clustered by time.
Inference can be done on the basis of critical values drawn from a standard normal

or alternatively a t distribution with G-I degrees of freedom as first suggested by

| 'This formula is attributed to [White (1984), Liang and Zeger| (1986)), and |Arellano| (1987). |
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Conley, and Hansen| (2011, which is the approach we follow.

In addition, we could use the Fama-MacBeth approach (see Fama and Macbeth| (1973)))
for the case of arbitrary correlation across entities and the Newey-West approach for the case
of autocorrelation over time. Both methods are also used in Finance literature as reported
in |Petersen| (2009). However, we choose to focus on the already described approaches to save

space and because they are the methods more heavily used in the recent literature.

2.2 Cluster robust variance estimator (Two-Way clustering)

Cameron, Gelbach, and Miller| (2011) and Thompson| (2011) provide a variance estimator
that enables cluster-robust inference when there is two-way or multi-way clustering that is

non nested:

Vera B = Ver (B8] + Vor,[8) — Veri, 1] (19)

where each variance component is adjusted with the finite-sample factor previously men-
tioned 2

In this case, inference could be based on the OLS slope coefficient with critical values
based on a standard normal distribution as in Petersen| (2009) or alternatively we can use

L0.025:min(N,T)—1 critical value. We follow the latter approach.

3 Pretest of Unobserved Cluster Effects

3.1 Pretest estimator of the variance

Suppose we have the following model:

Vit = T8+ €t i=1,..,.N t=1,...,T (20)

2 Alternatively, we can substitute G by Min(N,T) and use the same factor in the three components
(Cameron et al.| [2011)).



where

€t = Vi + 0 + N (21)

and

Tip = i + G + Vit (22)

2

where the components v;, d;, ; and ¢; are mean zero random variables with variances o7,

03, o, and o¢, respectively.

A pretest estimator for the variance of § is given by:

~

th[B] = DIVHC[B] + DH‘A/CRZ- [B] + DIHVCRt [B] + DIVVCRit [B] (23)

where VHC, VCR“ VCR“ and VCR” corresponds to the variance estimators defined in the
previous section; and D; is an indicator variable equal to 1 when the outcome of a particular
diagnostic favors the estimation of the variance according to case i, with the cases defined
as Case I: 03 =0 and ¢? = 0; Case II: ag =0 and o} > 0; Case III: 03 > 0 and ¢} = 0; and

Case IV: 02 > 0 and o3 > 0.

3.2 Pretesting for the presence of the unobserved cluster effects

To decide between the four cases, we evaluate six pretest alternatives, which can be repre-
sented with a decision tree as it is done in Figures[l] [2, and [3] They consist of a sequential
set of statistical tests, in which each test focuses on a particular component with different

assumptions regarding the remaining component. At each node of the pretest we evaluate

7=0|6>0
H,

the existence of a particular cluster effect or both, denote as a shorthand nota-

tion of the null hypothesis Hy : 02 = 0 (allowing 0§ > 0); ngolé:o for the null hypothesis

Hy : 02 = 0 (assuming o3 = 0); H™""2% for the null hypothesis Hy : 02 = 0 (allowing
o2 > 0); Hg:om:o for the null hypothesis Hy : 05 = 0 (assuming o2 = 0); and HYZ%=0 for

the null hypothesis Hy : 0f = 0 and 02 = 0. In the next subsection we describe the tests



applied for each node, which corresponds to particular forms of the Lagrange multiplier,
Likelihood ratio, and F tests.

These six pretests can be classified into three groups In the first two alternatives (Fig-
ure (1)), we start testing one component assuming the absence of the remaining component
and then continue testing one by one assuming the outcome of the test in the previous node.
In the second group (Figure [2) we start assuming the existence of both errors components
and then continue testing one by one assuming the outcome according to the test done in the
previous node. Finally, in the third group (Figure [3| option e) starts assuming the existence
of the error components but it does not impose the outcome of the previous node into the
next one, which makes the initial cluster being tested irrelevant (i.e. whether you first test
firm cluster effects or time cluster effects). In the case of option f, we start with a test with
the null hypothesis of both effects being non-existent as done in Baltagi et al.| (2003a)).

To test the null hypothesis that corresponds to each node in the diagrams, we use a set
of tests available in the literature that we describe in the next subsections. They are part of

three different types of tests: the Lagrange multiplier, Likelihood ratio, and F tests.

3.2.1 Lagrange multiplier tests

For the null hypotheses H, =0P=0" and ngoh:o we use a Standarized Lagrange Multiplier
test given by:

(d— Eld)

SLM = (24)

where d = 320 | (S0 dg:)?/ S0 SO0 62, Eld] = tr(D'MD)/n, D = diag(i,), t is a col-
umn of ones of length Ny, M = I —W(W'W)'W', W = (XZ) with X and Z matrices that
stack all observations, n = N—K,— K, Var(d) = 2{ntr(D’M D)?*—[tr(D'M D)]*} /n?*(n+2),
and G the number of clusters of the component being tested. Under the null hypothesis, the

limiting distribution of SLM is standard normal. This test is based on the work of [Honda
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Hg:omzo is a test for the null Hy :

Hg:oh:o is a test for the null Hy : 0§ = 0 (assuming o2 = 0)
R denotes rejection of the null hypothesis and F' denotes fail to reject
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Figure 1: Diagram of the pre-test procedure, specific to general.
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R denotes rejection of the null hypothesis and F' denotes fail to reject

Figure 2: Diagram of the pre-test procedure, general to specific.

(1985) and Moulton and Randolph| (1989), and has been shown to dominate the Lagrange

Multiplier test (proposed by |Breusch and Pagan| (1980) and modified for unbalanced clusters

by Baltagi and Li (1990))) in |Ma and Vijverberg (2010)).

For the null hypotheses Hj =01920 and Hg:0|~/207 we use the conditional LM test proposed
by Baltagi, Chang, and Li (1992). They propose testing the individual effects conditional on

the time-specific effects. The corresponding LM test for testing H, =0=0-,

02 > 0) is given by:

2
v
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ot
R denotes rejection of the null hypothesis and F' denotes fail to reject.

Figure 3: Diagram of the pre-test procedure.

26257 )
LM, = V2045 D,
JT(T =)ot + (N = 1)5]
where
- T, 1 @ (Jy®Jr)a (N —1) @(Ex ® Jr)a
D, =—{—]— -7 _ 1
! 2{53[ a3 I+ G2 | (N —1)52

(25)

(26)

with 63 = @/ (Jy®@I7)u/T, 62 = @/ (Ex®Ip)a/T(N—1), Jy is a N x N matrix of ones divided

by N and Ey is defined as Iy — Jy. This test statistic LM, is asymptotically distributed

N(0,1) under Hy =020 The estimated disturbances i represent the one-way GLS residuals

using the MLEs &7 and &3.
On the other hand, the LM statistic for testing Hp "= : o2

given by:

13
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LM; = ! Ds (27)

where
(T 1)

2
0-"7

o' (Jy ® BEr)i

with 67 = @/(Iy ® Jr)a/N and 62 = @' (Iy ® Ep)a/N(T —1). This test statistic LM; is

asymptotically distributed as N(0,1) under Hy =",

3.2.2 Likelihood Ratio test

An one-sided likelihood ratio (LR) test has the form:
LR = —2(InL(res) — InL(unres)) (29)

where InL(res) denotes log of the restricted maximum likelihood value (under the null hy-
pothesis) and InL(unres) denotes log of the unrestricted maximum likelihood value. Under
the null H]="°= and H)=""=°, the restricted model corresponds to a pooled OLS, while the
unrestricted model corresponds to a one-way individual random effects and one-way time ran-
dom effects respectively, and LR ~ (3)x*(0) + (3)x*(1). Under the null hypotheses H)7o=0
and Hg:OWZO, the unrestricted model corresponds to a two-way random effects model, and
the restricted is a one-way entity random effects model and a one-way time random effects
model respectively, and LR ~ (3)x?(0) + (3)x?(1) in both cases (Baltagi (2013)).

In contrast to the Lagrange multiplier tests, as can be inferred from equation the
Likelihood ratio test requires the estimation of both the model under the null hypothesis
and the model under the alternative hypothesis. For some particular null hypothesis, this

translates to the estimation of a two-way random effects model and a one-way random effects

model using maximum likelihood.
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3.2.3 F test

As described in |Greene| (2012), an F statistic for the two-way error component model has

the general form:
(R* —RY)/J

S 3y oy g

(30)

Under the null hypothesis, this statistic has a central F' distribution with J (number of
restrictions) and n-K degrees of freedom (number of observations minus number of param-
eters). For H3=0|6=0: J=N-1,n—K = NT — N — 1, R? is computed estimating a
model with entity fixed effects, and R? computed with pooled OLS model. For ngoh:oz
J=T—-1,n—K =NT—T —1, R? is computed estimating a model with time fixed effects,
and R? computed with pooled OLS model. For ngo"sz": J=N—-1,n—-K=NT—-N-T,
R? is computed estimating a two-way fixed effects model, and R? computed with only time
effects. For ngohz(): J=T—-1,n—K = NT— N —T, R? is computed estimating a
two-way fixed effects model, and R? computed with only fixed effects.

Similar to the case of the Likelihood ratio, the F test requires the estimation of two
models. However, the required least square estimator is usually simpler than the equivalent

maximum likelihood estimator.

3.2.4 Gourieroux, Holly, and Monfort Test

Following (Gourieroux, Holly, and Monfort (1982), from now on GHM, |Baltagi et al. (1992)

proposed the following test for the null hypothesis H| =040=0,

2, ={A*+B* if A>0,B>0
={A? if A>0,B<0
= {B* if A<0,B>0

—{0 if A<0,B<0
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where 2, denotes the mixed x? distribution. Under the null hypothesis, we have that:
X2, ~ .25%%(0) + .5x%(1) + .25x%(2) (32)

where x?(0) equals zero with probability one.

4 Monte Carlo Study

In this section we perform an extensive set of Monte Carlo experiments. The objectives of
these experiments are to evaluate the performance in terms of empirical size of doing statis-
tical inference with panel data after applying the previously discussed pretests. We compare
rejection rates of a true null hypothesis obtained with a variance estimator decided ex-ante
(i.e. White heteroskedasticity robust, allowing clustering by entity, allowing clustering by
time, and allowing two-way clustering) against the ones obtained by using a variance esti-
mator dictated by a data-driven diagnostic (i.e. a pretest). We first present a set of baseline
simulations, which addresses the possibility of having a data generating process with distur-
bances that are correlated across one dimension (either entity or time), correlation across
both dimensions, and finally disturbances without any within cluster correlation. We then
also analyze several different robustness checks, in which we vary particular aspects of the

baseline set up.

4.1 Baseline Monte Carlo design

We simulate a panel data set similar to what it is used in Petersen| (2009), pretest for entity
(denoted by i and assumed to be a firm component) and/or time (denoted by ¢ and assumed
to be a year component) unobserved cluster effects, estimate the slope coefficient and its
standard error according to the result of the pretest, and finally we perform a t-test on the
slope B of the model with the null hypothesis of § equal to the true value set in the data

generating process. We consider three cases derived from the following model (described
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previously in section 3) with just one exogenous regressor:

Yit = P + €it (33)

where:

€t = Vi + 0 + N

and

Tip = i + G + Vit

First, we consider the case where there are cluster effects only in one dimension. We
consider a data set with 250 firms and 10 years. Given that our panel data set has a relatively
small dimension (7') and a large one (N), we consider two scenarios: i) we generate a data
set with a firm component and no time component (i.e. 02 > 0, 07, > 0, 05 = 0, and o¢ = 0),
which corresponds to having clusters by the largest dimension in terms of the number of
clusters; and ii) we simulate a panel data set with a time component and no firm component
(ie. 02 =0, 0, =0, 05 >0, and 0 > 0), which corresponds to having clusters by the
smallest dimension in regards to the number of clustersﬂ Across simulations, the true slope
[ is equal to 1, the standard deviation of the independent variable x;; and the disturbance €;
are both assumed to be constant at 1 and 2, respectively. We run different sets of simulations
where we modify the fraction of the variance in the independent variable, and separately,
in the disturbance that is due to the clusters. This fraction ranges from 0% to 75% in 25%
increments, although we omit 0% in the disturbance as we analyze the case without cluster
effects separately.

Second, a panel data set with both firm and time components (ie. o2 > 0, o7 > 0,

02 > 0, and 0? > 0). We vary the number of firms N from 5 to 500 (5, 10, 20, 50, 125,

250, 500) keeping the total number of observations constant at NT = 2,500. We assume

3If we were to use a panel data set with equal number of entities and time periods, then the results of
having clusters in either of those dimensions would be symmetrical.
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that one-third of the variability of the disturbance and the independent variable is due to
the firm effect and one-third of the variability is due to the time effect.
Third, a panel data similar to the previous one in terms of size, in which we assume that

there are no firm or year effects (i.e. 0§ =0, 07 =0, 02 =0, and 0}, = 0).

4.2 Results

Figure [da] reports the percentage of rejections of the null hypothesis Hy : 5 = 1 over 5,000
simulations using the different approaches when the data generating process (DGP) con-
tains only unobserved clusters by firm (the dimension with largest number of clusters)ﬁ The
marker labeled CR-F (the circle) corresponds to standard errors computed allowing cluster-
ing by firm in every simulation, which in this case corresponds to the right approach if the
DGP were known and delivers rejection rates close to the nominal size of the test (one per-
cent). Using standard errors that allow two-way clustering (CR-F'Y") results in under and
over rejection of the null hypothesis depending of the exercise although never too severe.
Specifically, the empirical size shows over rejection when the variance explained by the firm
clusters in the regressor is smaller relative to the variance explained by the firm clusters in
the disturbance and under rejection when the opposite happens. Clustering by year (CR-Y")
gives results similar to the right model when there is no cluster effect in the regressor X (see
the bottom rows that start with zero in Figure . However, when there is a cluster effect
in the regressor, it over rejects the null hypothesis with percentages that increase when the
share of variance in the disturbance explained by the cluster effects increase and reaches
almost fourty percent in the last row, which contain the highest shares. Similarly, using
White robust standard errors (Rob) give results that also remain similar to the right model
when there is no cluster effect in the regressor but over rejects the null hypothesis when both
the regressor and the disturbance contain cluster effects by firm. In the case of the pretest

estimators, most of them are able to perform as well as the estimator that allows clustering

4Table [2 in the Appendix reports these results with more detail.
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by the right dimension according to the true data generating process. The level of deviation
is never more than 0.06 percentage points relative to the benchmark (CR-F).

To get some insights about the different performance between the pretest estimators,
Table [6] in the Appendix reports the distribution of chosen models by each pretest in the
different simulation set ups. Despite similar performance in terms of empirical size, the
three different diagnostic tests (diagnostic that uses Lagrange multiplier tests, Likelihood
ratio tests, or F tests) do not always choose models in the same proportions. For example,
the pretest that uses Likelihood ratios tend to choose model 3 (model with an unobserved
firm cluster) slightly more often than the alternatives.

Figure reports the percentage of rejections over 5,000 simulations using different ap-
proaches when the data generating process contains only unobserved clusters by yearﬁ Given
the small number of clusters (10 years), even clustering by year (see CR-Y in Figure
produces over rejection of the null hypothesis that in one case goes even slightly above four
percent. Two-way clustering by both firm and year performs very close to the case where we
compute standard errors always clustering by year. Clustering standard errors by the wrong
dimension (see CR-F') or using only heteroskedasticity-robust standard errors (see Rob) in-
creases severely the percentage of over rejection, with some cases going even above eighty
percent. The pretest estimators perform as well as clustering by year or both dimensions,
reaching similar empirical sizes.

Table [7] in the Appendix reports the distribution of chosen models by each alternative
pretest in the different simulation set ups. PT-2 (which uses LR diagnostics) chooses the
right model slightly more often than the alternatives PT-1 and PT-3 even though they
achieve similar rates of rejection. This is because they tend to choose model 4 (clusters by
time and entity) when they do not pick model 2 (the correct model according to the DGP),
which does not severely distorts inference as we saw above (two-way clustering does not

perform significantly worst than clustering by time).

5Table [3| in the Appendix reports these results with more detail.
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Figure 4: Empirical size at a = 0.01, by fraction of variance explained by the cluster
effects

(a) Panel data with cluster effects by firm (N=250)
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(b) Panel data with cluster effects by time (T=10)
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The graph shows the percentage of rejections of Hy : f = 1 at a nominal significance level (alpha) of 1%
out of 5,000 simulations.

All the simulations are done with N=250 and T=10.

The y axis contains contains the fraction of the variance in z;; and €;; that is due to v; and y; in panel [da]
and d; and ¢; in panel

CI-FY uses standard errors (s.e.) clustered by firm and year, CI-F uses s.e. clustered by firm, CI-Y uses
s.e. clustered by year, and Rob uses heteroskedascity-robust s.e.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests, PT-2 using LR tests, and PT-3 using F
tests.

To avoid cluttering the legend and considering that they provide very similar results, the six different
implementations described in Figure [I] Figure 2] and Figure [3] are all plotted with a marker and color
according to whether they use PT-1, PT-2, or PT-3.
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Figure |5| reports the percentage of rejections over 5,000 simulations using the different
approaches when the DGP contains both entity and time unobserved cluster effectsﬁ Using
White robust standard error (Rob) or clustering by just one of the dimensions (either CI-F or
Cl-Y') produces an over rejection of the null hypothesis higher than using two-way clustered
standard errors (CI-F'Y) in all the cases, although smaller when clustering by the smallest
dimension in cases with just 5 or 10 clusters (i.e. clustering by firm with just 5 or 10 firms
or clustering by year with just 5 or 10 years). The pre-test estimators perform as well as the
two-way clustered standard errors in all the cases.

Table [§ in the Appendix reports the distribution of chosen models by each alternative
pretest in the different set ups. In this case, the pretest always identify the right model with
the exception of the simulation with 500 firms where Likelihood ratios identified the right
model in 99.9% of the time.

Finally, Figure [6] reports the percentage of rejections over 5,000 simulations using the
different approaches when the model does not contain any unobserved cluster effects.ﬂ In
this case, clustering standard errors by both dimensions (CI-F'Y’) leads to over rejection
in most of the cases but especially when one dimension is relatively small (see rows 5, 10,
250, 500). When the dimensions are more symmetric, then multi-way clustering leads to
under rejection of the null hypothesis (see row 50) and rates of rejection slightly smaller
than White robust standard errors (Rob). The pretest estimator performs as well as the
White robust estimator in general with some deviations in the case of the pretest that uses
Lagrange Multiplier tests (see PT-1). Clustering only by one dimension over/under rejects
the null hypothesis depending on the number of clusters.

Table [9] in the Appendix reports the distribution of the models chosen by each pretest
in the different cases. In general, the pretest estimators that use likelihood ratio diagnostics

chooses the right model more often while the lagrange multiplier fails in favor of model 2

STable 4| in the Appendix reports these results with more detail.
"Table [5|in the Appendix reports these results with more detail.
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Figure 5: Empirical size at a = 0.01, by number of firms with a DGP using two-way
cluster effects
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The graph shows the percentage of rejections of Hy : § = 1 at a nominal significance level (alpha) of 1%
out of 5,000 simulations.

The y axis contains the number of firms (keeping N*T'=2500).

CI-FY uses standard errors (s.e.) clustered by firm and year, CI-F uses s.e. clustered by firm, CI-Y uses
s.e. clustered by year, and Rob uses heteroskedascity-robust s.e.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests, PT-2 using LR tests, and PT-8 using F
tests.

To avoid cluttering the legend and considering that they provided very similar results, the six different
implementations described in Figure [l Figure [2| and Figure 3| are all plotted with a marker and color
according to whether they use PT-1, PT-2, or PT-5.

and 3 more often.

To sum up, the baseline simulations allow us to state the following results: i) In the
presence of any cluster effect, the use of White heteroskedasticity robust standard errors
leads to severe over rejection of the null hypothesis, ii) In the presence of cluster effects
in one dimension, the use of standard errors clustered by the wrong dimension can lead
to substantial over rejection of the null hypothesis when the regressor also contain cluster
effects, iii) When the DGP contain two-way clustering of disturbances, standard errors that
do not accomodate this correlation tend to over reject the null hypothesis, iv) If the DGP

does not have any kind of within cluster disturbances correlation, allowing for clustering of
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Figure 6: Empirical size at o = 0.01, by number of firms
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The graph shows the percentage of rejections of Hy : f = 1 at a nominal significance level (alpha) of 1%
out of 5,000 simulations.

The y axis contains the number of firms (keeping N*T=2500).

CI-FY uses standard errors (s.e.) clustered by firm and year, CI-F uses s.e. clustered by firm, CI-Y uses
s.e. clustered by year, and Rob uses heteroskedascity-robust s.e.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests, PT-2 using LR tests, and PT-3 using F
tests.

To avoid cluttering the legend and considering that they provided very similar results, the six different
implementations described in Figure [1} Figure |2} and Figure |3 are all plotted with a marker and color
according to whether they use PT-1, PT-2, or PT-3.

any type distorts the rejection rates although not severely, v) Standard errors that allow
for two-way clustering tend to perform relatively well in this baseline set up, vi) Standard
errors that follow a pretesting procedure tend to perform as well as the preferred method if
we knew the true DGP, and vii) All the options of pretest give similar results, although the

use of Likelihood ratio tend to choose the right model slightly more often.

4.3 Robustness checks

In this section we consider alternative scenarios in the Monte Carlo design to assess the

robustness of our results.
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4.3.1 Non-normal disturbances

Our results are robust to non-normality of the disturbance. We run our main simulations
(except for the experiment without cluster effects) assuming that the cluster effects are drawn
from a chi-square distribution while the remainder component is normally distributed. For
this exercise we keep the size of the standard deviation for the regressor and disturbance in 1
and 2 respectively, as it is done in our main simulations. Figure [7] reports the percentage of
rejections of the null hypothesis over 5,000 simulations using different approaches when the
GDP contains only unobserved clusters by firm in , and only clusters by time in E| We
find qualitatively similar results, in general the pretest estimators achieve similar empirical
size than using a cluster-robust variance estimator according to the true data generating
process. However, relative to our baseline set up with the existence of cluster effects by firm
(see Figure , the deviation in the rejection rate when using two-way clustered standard
errors is more pronounced, and the pretesting approach closely matches the rejection rate

achieved by the benchmark around 1%.

4.3.2 Non-normal regressor

Our results are also robust to the use of an exogenous regressor X that is distributed log-
normal. We run the same set of simulations as in our main exercises using the exponential
of the exogenous regressor X. However, we set the variance of the regressor to be 0.5 when
there is one cluster component and 0.48 when there are clusters in both dimensions. This
set up is similar to a set of simulations done in Mackinnon, Nielsen, and Webb| (2019) in the
context of estimation of standard errors using Wild cluster bootstrap.

The results are reported in the Appendix (see Table , , and . We find qual-
itatively similar results, the pretest estimators achieve similar empirical size than using a

cluster-robust variance estimator according to the true data generating process.

8Detailed tables are reported in the Appendix (see Table and
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Figure 7: Empirical size at a = 0.01, by fraction of variance explained by the cluster

effects

(a) Panel data with cluster effects by firm (N=250)
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(b) Panel data with cluster effects by time (T=10)
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The graph shows the percentage of rejections of Hy : f = 1 at a nominal significance level (alpha) of 1%
out of 5,000 simulations.
All the simulations are done with N=250 and T=10.
The y axis contains contains the fraction of the variance in z;; and €;; that is due to v; and y; in panel [7a]
and d; and ¢; in panel [Th}
CI-FY uses standard errors (s.e.) clustered by firm and year, CI-F uses s.e. clustered by firm, CI-Y uses
s.e. clustered by year, and Rob uses heteroskedascity-robust s.e.
PT-1 refers to pre-test estimator using Lagrange Multiplier tests, PT-2 using LR tests, and PT-3 using F

tests.

To avoid cluttering the legend and considering that they provide very similar results, the six different
implementations described in Figure [I] Figure 2] and Figure [3] are all plotted with a marker and color
according to whether they use PT-1, PT-2, or PT-3.
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Similar to the case of non-normal disturbances reviewed in the previous subsection, we
find a more pronounced deviation in the rejection rate (relative to the baseline set up) when

there are cluster effects by firm (see Figure @

4.3.3 The case of temporary firm effects

The pretest performance depends on the capacity of the individual tests to identify the
unobserved cluster effects. This may be more difficult when the error components are not
fixed and they vanish over time. In this set of simulations, we explore the performance of
the pretest estimator in this context.

We follow the data structure of [Petersen| (2009) with a simulation that include both a
permanent component (a fixed firm effect) and a temporary component (nonfixed firm effect)
that is assumed to be a first-order autoregressive process. We construct the nonfirm effect

share of the disturbance (1;;) as:

e =& if t=1

= i1+ V1= if t>1

(34)

where ¢ is the first-order auto correlation between 7n;; and n;_1, and the correlation between
Ny and 7y, is Qbk

We construct the independent variable with the same logic using:

Vi =tk 1f t=1

=y +1—@?ky if t>1

(35)

where &; and k;; are both uncorrelated.
We generate a panel data set with 250 firms and 10 years in which we try 3 different
combinations of ¢, and the share of the variance of ¢; and z;; explained by the fixed firm

component.
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Figure 8: Empirical size at @ = 0.01, by fraction of variance explained by the cluster
effects

(a) Panel data with cluster effects by firm (N=250)

75-75 = AN
75:50: - O g A<> @ & o
50-754  [] i Qg o Cl-FY

%

50-50 - = ,@ o CI-F

0
%50—25- ] A<> A ClY
£ 25-751 [] i JANG & Rob
®
25-50 1 O A<> *  PT1
257251 U * ANRS % PT2
0-751
o504 0 *x PT3
0-251
03 05 1 15 2 3 5 10 20 30 40

Rejection rate
(b) Panel data with cluster effects by time (T=10)
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The graph shows the percentage of rejections of Hy : f = 1 at a nominal significance level (alpha) of 1%
out of 5,000 simulations.

All the simulations are done with N=250 and T=10.

The y axis contains contains the fraction of the variance in x;; and €;; that is due to ; and u; in panel
and d; and ¢; in panel

CI-FY uses standard errors (s.e.) clustered by firm and year, CI-F uses s.e. clustered by firm, CI-Y uses
s.e. clustered by year, and Rob uses heteroskedascity-robust s.e.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests, PT-2 using LR tests, and PT-3 using F
tests.

To avoid cluttering the legend and considering that they provide very similar results, the six different
implementations described in Figure [I] Figure 2] and Figure [3] are all plotted with a marker and color
according to whether they use PT-1, PT-2, or PT-3.
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Figure [9] reports the results of the simulations ] We find that our results are still valid in
the case of a temporary firm effect.

Applying two-way clustered standard errors when there is only a temporary cluster effect
by firm produces under rejection the null hypothesis. On the contrary, clustering by year or
using White robust standard errors generates rejection rates that can go close to 40% in one
of the set ups. However, the pretest estimators achieves rejection rates that in some cases
are even closer to the nominal size than when we compute the standard errors clustering by
firm.

When we consider a time cluster effect plus a temporary cluster effect by firm, we get
some under rejection of the null hypothesis with the two-way clustered standard errors, which
is followed by the pretest alternatives. With all the other approaches we get important over

rejection.

5 An Empirical Application in Finance

In this section we analyze an empirical example of the impact of different approaches to
compute the standard errors and the pretest application. We replicate a panel data regression
that has been studied in Moskowitz, Ooi, and Pedersen| (2012), and recently revisited in
Huang, Li, Wang, and Zhou (2020).@ The latter paper assesses the existence of “time series
momentum” (i.e. whether past returns predict future returns) in equity index, currency,
commodity, and bond futures using 55 liquid instruments for a sample period from January
1985 to December 2015. Its empirical analysis uses univariate time series regression, and

pooled regression, which it is the approach we follow.

9Table [21| and in the Appendix contain detailed results of the simulations.
0The data is available at http://jfe.rochester.edu/Huang Li_Wang_Zhou_data.zip.
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Figure 9: Empirical size at a = 0.01, by fraction of variance explained by the cluster
effects

(a) DGP with temporary cluster effects by firm
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The graph shows the percentage of rejections of Hy : § = 1 at a nominal significance level (alpha) of 1%
out of 5,000 simulations.

All the simulations are done with N=250 and T=10.

The y axis contains the values of ¢ and the share of the variance of ¢;; and x;; explained by the cluster
components.

CI-FY uses standard errors (s.e.) clustered by firm and year, CI-F uses s.e. clustered by firm, CI-Y uses
s.e. clustered by year, and Rob uses heteroskedascity-robust s.e.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests, PT-2 using LR tests, and PT-3 using F
tests.

To avoid cluttering the legend and considering that they provide very similar results, the six different
implementations described in Figure [l Figure 2| and Figure |3| are all plotted with a marker and color
according to whether they use PT-1, PT-2, or PT-3.
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We estimate the following specification]]
rifof = ad Pt p /ol 6 (36)

where 77 is the excess return for instrument s in month ¢, 4 is the lag considered (h=1,..,12),

and o;_; defined as ex ante volatility:

(07)? =261 ) (1 —0)d'(ri_y; —7)° (37)

1=0

where the scalar 261 scales the variance to be annual, the weights (1 — §)d% add up to one,
and 7} is the exponentially weighted average return computed similarly.

Figure 10| reports 95% confidence intervals for the twelve lags considered using different
assumptions regarding the disturbances. There are important differences across variance
estimators, especially between the White robust estimator or clustering by stock versus
clustering by month or two-way clustered standard errors. Computing the standard errors
using two-way clustering in this example, does not significantly increase the size of the
confidence interval relative to the use of standard errors clustered by month.

Table|l|reports the pretest using F' tests. We find that it favors the use of two-way cluster
standard errors over the one-way clustered by time as done in Moskowitz et al.| (2012)) and
Huang et al.| (2020). Nonetheless, for this particular application both alternatives make little
difference regarding the rejection of the null as previously pointed out.

The similarity of the confidence intervals obtained using standard errors clustered by
time relative to those using two-way clustering is not a general result, as evidenced in the
Monte Carlo simulations and the additional economic applications that we include in the

Appendix.

' We restrict the beginning of the sample period to January 1993, so the panel becomes balanced. The
results are qualitatively similar to the original length.
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Figure 10: 95% Confidence intervals
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6 Final Remarks

This paper analyzes the statistical inference regarding the parameters of a panel data model
when it is first subjected to a pretest for the presence of individual and/or time unobserved
cluster effects. Using simulations we compare the performance of six proposed diagnostics
that use statistical tests available in the literature: Lagrange Multiplier, Likelihood ratios,
and F tests. We find that these pretest estimators are a viable alternative to estimate panel
data models with unobserved cluster effects. The empirical size of the t-test after pretesting
remains close to the size of the test using a correction for the standard errors in line with
true data generating process. These results are robust to the presence of temporary clusters

effects, and non-normality of the disturbance, as well as non-normality of the regressor.
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Table 1: Pretesting using F tests

Fy  p-value F; p-value

h=1 487 0.00 187 0.00
h=2 488 0.00 194 0.00
h=3 480 0.00 1.83 0.00
h=4 488 0.00 195 0.00
h=5 487 0.00 2.00 0.00
h=6 485 0.00 184 0.00
h=7 487 0.00 198 0.00
h=8 488 0.00 1.8 0.00
h=9 489 0.00 1.84 0.00
h=10 486 0.00 1.77  0.00
h=11 487 0.00 1.72  0.00
h=12 482 0.00 202 0.00

Notes: I} corresponds to a F statistic for the null hypothesis that all month fixed effects are zero, the
associated p-values are reported next to them, and F5 corresponds to a F statistic for the null hypothesis
that all asset fixed effects are zero, the associated p-values are reported next to them.
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Appendix

Table 2: Empirical size at o = 0.01, by fraction of firm component

Shares CLFY CLF CLY Rob PT.la PT.1b PT.lc PT.1d PT.le PT.1f PT.2a PT.2b PT.2c PT.2d PT.2e PT.2f PT.3a PT.3b PT.3c PT.3d PT.3e PT.3f

0-25 0.96 0.88 0.86 0.90 0.90 0.90 0.90 0.90 0.90  0.90 0.88 0.88 0.88 0.88 0.88  0.88 0.88 0.88 0.88 0.88 0.88 0.88
0-50 132 1.04 1.00 0.98 1.08 1.08 1.08 1.08 1.08  1.08 1.06 1.06 1.06 1.06 1.06  1.06 1.06 1.06 1.06 1.06 1.06  1.06
0-75 1.30 1.00 0.96 0.96 1.02 1.02 1.02 1.02 1.02  1.02 1.00 1.00 1.00 1.00 1.00  1.00 1.00 1.00 1.00 1.00 1.00  1.00

25-25 046 1.26 342 4.68 1.26 1.26 1.26 1.26 126 1.26 1.26 1.26 1.26 1.26 126 1.26 1.26 1.26 1.26 1.26 126 1.26
25-50 034 120 720 9.10 1.18 1.18 1.18 1.18 1.18  1.18 1.18 1.18 1.18 1.18 118 1.18 1.18 1.18 1.18 1.18 118 1.18
25-75 0.38 1.38 11.36 13.04 1.38 1.38 1.38 1.38 138  1.38 1.38 1.38 1.38 1.38 1.38  1.38 1.38 1.38 1.38 1.38 1.38  1.38
50-25 038 154 724 8.56 1.48 1.48 1.48 1.48 148 148 1.50 1.50 1.50 1.50 1.50  1.50 1.48 1.48 1.48 1.48 148 148
50-50 0.32 1.54 16.02 16.50 1.52 1.52 1.52 1.52 1.52 1.52 1.54 1.54 1.54 1.54 1.54  1.54 1.52 1.52 1.52 1.52 152 1.52
50-75 0.32 146 2580 23.72 1.44 1.44 1.44 1.44 144 144 1.46 1.46 1.46 1.46 146  1.46 1.44 1.44 1.44 1.44 144 144
75-25 0.34 1.60 11.62 12.46 1.56 1.56 1.56 1.56 1.56  1.56 1.58 1.58 1.58 1.58 1.58  1.58 1.56 1.56 1.56 1.56 1.56  1.56
75-50 0.28 1.58 26.00 23.30 1.54 1.54 1.54 1.54 1.54 1.54 1.56 1.56 1.56 1.56 1.56  1.56 1.54 1.54 1.54 1.54 154 1.54
75-75 0.34 1.54 39.86 30.30 1.50 1.50 1.50 1.50 1.50  1.50 1.52 1.52 1.52 1.52 152 1.52 1.50 1.50 1.50 1.50 1.50  1.50

Notes:

Cells denote the percentage of rejections of Hy : § =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
All the simulations are done with N=250 and T=10.

The first column contains the fraction of the variance in x;; and €;; that is due to 7; and u; respectively.
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[I] ¢ and d to Figure [2] and e and f to Figure
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Table 3: Empirical size at a = 0.01, by fraction of time component

Shares CLFY CLF CLY Rob PT.la PT.1lb PT.lc PT.1d PT.le PT.1f PT.2a PT.2b PT.2c PT.2d PT.2e PT2f PT.3a PT.3b PT.3¢c PT.3d PT.3e PT.3f
0-25 122 096 1.10 0.88 110 110 110 110 110 110 110 110 1.10 110 110 1.10 110 110 1.10 110 110 1.10
0-50 1.14 1.06 1.00 1.06 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0-75 110 1.08 088 112 0.8 0.8 0.8 0.8 0.8 0.88 088 08 08 08 08 0.8 088 088 088 083 083 0.88
25-25 144 50.82 136 5028 1.38 1.38 138 138 138 138 1.38  1.38  1.38 138 138 138  1.38  1.38  1.38  1.38  1.38  1.38
25-50 1.32 64.62 1.32 63.30 132 132 132 132 132 132 132 132 132 132 132 132 132 132 132 132 132 1.32
25-75 1.40 72.06 1.36 70.66 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36 1.36
50-25 258 64.84 254 6358 254 254 254 254 254 254 254 254 254 254 254 254 254 254 254 254 254 254
50-50 2.58 75.92 2.60 74.44 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60 2.60
50-75 264 8236 2.64 7976 264 264 264 264 264 264 264 264 264 264 264 264 264 264 264 264 264 264
75-25 406 7254 4.08 7082 4.08 408 4.08 408 4.08 408 408 408 408 408 408 4.08 408 408 408 408 408 4.08
75-50 3.92 8242 390 79.94 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90
75-75 3.94 88.20 3.90 84.14 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90 3.90
Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
All the simulations are done with N=250 and T=10.
The first column contains the fraction of the variance in z;; and ¢;; that is due to §; and (; respectively.
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.
Cl-Y uses standard errors clustered by year.
Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.
PT-2 refers to pre-test estimator using LR tests.
PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[I] ¢ and d to Figure 2] and e and f to Figure 3]
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Table 4: Empirical size at a = 0.01, by number of firms

CI-FY Cl-F Cl-Y Rob PT-la PT-1b PT-1¢ PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f
3.80 9.04 56.08 69.28 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80 3.80
1.38 548 39.06 61.40 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38
0.56 3.60 17.54 52.32 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56 0.56
0.42 8.30 3.32 45.26 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42
0.48 28.10 1.18 52.12 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48
1.42 49.58 2.20 62.70 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42
4.12 64.56 4.72  69.04 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10 4.10

Notes:

Cells denote the percentage of rejections of Hy : § =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
The first column contains the number of firms (keeping N*T=2500).
CI-FY uses standard errors clustered by firm and year.
CI-F uses standard errors clustered by firm.
Cl-Y uses standard errors clustered by year.
Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.
PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[1] ¢ and d to Figure [2] and e and f to Figure
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Table 5: Empirical size at a = 0.01, by number of firms when there are no clusters

CI-FY CI-F Cl-Y Rob PT-la PT-1b PT-l¢ PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2¢e PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f
3.42 6.10 0.06 0.84 1.02 0.98 0.98 1.02 0.88 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.86 0.86 0.86 0.86 0.84 0.84
1.44 344 0.26 1.00 1.02 1.00 1.00 1.02 1.02 1.02 1.00 1.00 1.00 1.00 1.00 1.00 1.02 1.02 1.02 1.02 1.04 1.02
0.74 234 0.20 1.00 0.88 0.84 0.84 0.88 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.44 1.02 0.18 0.86 0.78 0.76 0.76 0.78 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86
0.74 1.14 0.54 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96
1.38 1.04 1.06 0.92 0.84 0.84 0.84 0.84 0.92 0.92 0.94 0.94 0.94 0.94 0.94 0.94 0.92 0.92 0.92 0.92 0.92 0.92
3.80 0.82 3.58 0.98 1.06 1.08 1.08 1.06 1.02 1.00 0.98 0.98 0.98 0.98 0.98 0.98 1.02 1.02 1.02 1.02 1.00 1.00

Notes:

Cells denote the percentage of rejections of Hy : § =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
The first column contains the number of firms (keeping N*T=2500).
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.
Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.
PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[1] ¢ and d to Figure [2] and e to Figure



A.1 Selected models

Table 6: Simulation with a firm effect - Selected models

Variance Model PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2c PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3c PT-3d PT-3e PT-3f

1 00 1 T2 772 TTT2 U772 9752 985 987 98.7 98.7 98.7 98.7 99.04  98.1 98.1 98.1 98.1 98.04  98.54
2 00 2 9.44 10.3 10.3 9.44 1.56 102 0.52 0.52 0.52 0.52 0.52 0.52 106 1.06 1.06 1.06 11 1
3 3 1284 11.98 11.98 12.84 0.92 048  0.78 0.78 0.78 0.78 0.78 044 0.84 0.84 0.84 0.84 0.86 0.46
4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 98.54 9854 98.54 9854 9854 9854 99.5 99.5 99.5 99.5 99.5 99.5  99.18 99.18 99.18 99.18 99.18 99.18
8 1.46 1.46 1.46 1.46 1.46 146 0.5 0.5 0.5 0.5 0.5 0.5 0.82 0.82 0.82 0.82 0.82 0.82
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

98.56  98.56 98.56 98.56 98.56 98.56 99.48 99.48 9948 99.48 9948 99.48 99.18 99.18 99.18 99.18  99.18  99.18
1.44 1.44 1.44 1.44 1.44 144 052 0.52 0.52 0.52 0.52 052 0.82 0.82 0.82 0.82 0.82 0.82
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
98.56  98.56 98.56 98.56 98.56 98.56 99.46 99.46  99.46 99.46  99.46 99.46 99.18 99.18 99.18 99.18  99.18  99.18
1.44 1.44 1.44 1.44 1.44 144 054 0.54 0.54 0.54 0.54 0.54  0.82 0.82 0.82 0.82 0.82 0.82
7728 7728 7728 7728 97.74 98.74 9892 9892 9892 9892 9884 992 9828 98.28 98.28 98.28 98.26 98.82
10.3 11.42 1142 103 1.36 0.8 0.32 0.32 0.32 0.32 0.36 036  0.78 0.78 0.78 0.78 0.82 0.72
12.4 11.28  11.28 124 0.88 0.44  0.76 0.76 0.76 0.76 0.8 044  0.94 0.94 0.94 0.94 0.92 0.46

0.02 0.02 0.02 0.02 0.02 0.02 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

98.56  98.56  98.56 98.56  98.56 98.56 99.4 99.4 99.4 99.4 99.4 99.4  99.08 99.08 99.08 99.08 99.08 99.08
1.44 1.44 1.44 1.44 1.44 144 06 0.6 0.6 0.6 0.6 0.6 0.92 0.92 0.92 0.92 0.92 0.92
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
98.56 98.56 98.56 98.56 98.56 98.56 99.36 99.36 99.36 99.36 99.36 99.36 99.08 99.08 99.08 99.08  99.08  99.08
1.44 1.44 1.44 1.44 1.44 144 0.64 0.64 0.64 0.64 0.64 0.64  0.92 0.92 0.92 0.92 0.92 0.92
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
98.56  98.56 98.56 98.56 98.56 98.56 99.36  99.36  99.36  99.36  99.36  99.36 99.08 99.08 99.08 99.08 99.08 99.08

OO o O DD s GO RO e O RO s OO DD e O RO s OO DD

4 1.44 1.44 1.44 1.44 1.44 144 0.64 0.64 0.64 0.64 0.64 0.64  0.92 0.92 0.92 0.92 0.92 0.92

1 TT42 7742 7742 7742 977 98.76 98.88 98.88 98.88 98.83 98.82 99.22 98.32 98.32 9832 9832 983 98.86

2 1032 1142 1142 1032 14 0.8 0.32 0.32 0.32 0.32 0.36 036 08 0.8 0.8 0.8 0.82 0.7

3 1224 11.14  11.14 1224  0.88 042 0.8 0.8 0.8 0.8 0.82 042 088 0.88 0.88 0.88 0.88 0.44

4 0.02 0.02 0.02 0.02 0.02 0.02 0 0 0 0 0 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

3 98.56 98.56 98.56 98.56 98.56 98.56 99.4 99.4 99.4 99.4 99.4 99.4  99.08 99.08 99.08 99.08 99.08 99.08

4 1.44 1.44 1.44 1.44 1.44 144 06 0.6 0.6 0.6 0.6 0.6 0.92 0.92 0.92 0.92 0.92 0.92

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

3 98.56  98.56 98.56 98.56 98.56 98.56 99.38 99.38  99.38  99.38  99.38  99.38 99.08 99.08 99.08 99.08 99.08 99.08

4 1.44 1.44 1.44 1.44 1.44 144 0.62 0.62 0.62 0.62 0.62 0.62  0.92 0.92 0.92 0.92 0.92 0.92

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

3 98.56  98.56 98.56 98.56 98.56 98.56 99.36 99.36 99.36 99.36 99.36 99.36 99.08 99.08 99.08 99.08  99.08  99.08

4 1.44 1.44 1.44 1.44 1.44 144 0.64 0.64 0.64 0.64 0.64 0.64  0.92 0.92 0.92 0.92 0.92 0.92

1 7.6 77.6 77.6 77.6 97.72 9878 9892 9892 9892 9892 9886 992 983 98.3 98.3 98.3 98.3 98.86

2 10.36  11.5 11.5 10.36 1.4 0.78  0.32 0.32 0.32 0.32 0.36 0.36  0.82 0.82 0.82 0.82 0.82 0.7

3 12.02 1088 10.88 12.02 0.86 042 0.76 0.76 0.76 0.76 0.78 044 088 0.88 0.88 0.88 0.88 0.44

4 0.02 0.02 0.02 0.02 0.02 002 0 0 0 0 0 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

3 98.56  98.56 98.56 98.56  98.56 98.56 99.4 99.4 99.4 99.4 99.4 99.4  99.08 99.08 99.08 99.08 99.08  99.08

4 1.44 1.44 1.44 1.44 1.44 144 06 0.6 0.6 0.6 0.6 0.6 0.92 0.92 0.92 0.92 0.92 0.92

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

3 98.56  98.56 98.56 98.56 98.56 98.56 99.38 99.38  99.38  99.38  99.38  99.38 99.08 99.08 99.08 99.08 99.08 99.08

4 1.44 1.44 1.44 1.44 1.44 144 0.62 0.62 0.62 0.62 0.62 0.62  0.92 0.92 0.92 0.92 0.92 0.92

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

3 98.56  98.56 98.56 98.56 98.56 98.56 99.36  99.36  99.36 99.36  99.36  99.36 99.08 99.08 99.08 99.08 99.08 99.08
64 75-75 4 1.44 1.44 1.44 1.44 1.44 1.44  0.64 0.64 0.64 0.64 0.64 0.64  0.92 0.92 0.92 0.92 0.92 0.92

The chosen model corresponds to Case 1: 0,2y =0 and o} = 0; Case 2: 0,2y =0 and o} > 0; Case 3: 03 >0

and Ug = 0; and Case 4: O',QY > 0 and 0‘? > 0.
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Table 7: Simulation with a time effect - Selected models

Variance Model PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2c PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3¢ PT-3f
1 00 1 T2 772 TTT2 7772 9752 985 987 98.7 98.7 98.7 98.7 99.04  98.1 98.1 98.1 98.1 98.04  98.54

0.92 0.92 0.92 0.92 0.92 092  0.72 0.72 0.72 0.72 0.72 0.72  0.76 0.76 0.76 0.76 0.76 0.76
7826 7826 7826 7826 9816 99.06 99.1 99.1 99.1 99.1 99.08 99.4 9842 9842 9842 9842 985 99.1
8.7 9.72 9.72 8.7 0.86 052  0.18 0.18 0.18 0.18 0.18 018 0.72 0.72 0.72 0.72 0.66 0.48
13 11.98  11.98 13 0.94 038 07 0.7 0.7 0.7 0.72 0.4 0.82 0.82 0.82 0.82 0.8 0.38
0.04 0.04 0.04 0.04 0.04 0.04  0.02 0.02 0.02 0.02 0.02 0.02  0.04 0.04 0.04 0.04 0.04 0.04

2 00 2 9.44 10.3 10.3 9.44 1.56 1.02 052 0.52 0.52 0.52 0.52 0.52 106 1.06 1.06 1.06 11 1
3 00 3 12.84 1198 1198 1284 0.92 048  0.78 0.78 0.78 0.78 0.78 044 084 0.84 0.84 0.84 0.86 0.46
4 00 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 0-25 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
6 0-25 2 98.98 98.98 98.98 98.98 9898 98.98 9924 99.24 99.24 9924 9924 9924 99.2 99.2 99.2 99.2 99.2 99.2
7 025 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
8 0-25 4 1.02 1.02 1.02 1.02 1.02 1.02  0.76 0.76 0.76 0.76 0.76 0.76 08 0.8 0.8 0.8 0.8 0.8
9 0-50 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
10 0-50 2 98.98 98.98 98.98 98.98 98.98 98.98 9924 99.24 99.24 99.24  99.24  99.24  99.2 99.2 99.2 99.2 99.2 99.2
11 0-50 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
12 0-50 4 1.02 1.02 1.02 1.02 1.02 1.02  0.76 0.76 0.76 0.76 0.76 0.76 08 0.8 0.8 0.8 0.8 0.8
13 0-75 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
14 0-75 2 98.98 98.98 98.98 98.98 98.98 98.98 9924 99.24 99.24 99.24  99.24  99.24  99.2 99.2 99.2 99.2 99.2 99.2
15 0-75 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
16 0-75 4 1.02 1.02 1.02 1.02 1.02 1.02  0.76 0.76 0.76 0.76 0.76 0.76 08 0.8 0.8 0.8 0.8 0.8
17250 1 7758 77.58  77.58  77.58  97.94  98.96 99.1 99.1 99.1 99.1 99.06  99.38 98.36 98.36 98.36 98.36 98.42 99
18 25-0 2 9.4 10.56  10.56 9.4 112 0.62  0.18 0.18 0.18 0.18 0.2 0.2 0.8 0.8 0.8 0.8 0.74 0.58
19 25-0 3 1298 11.82 11.82 1298 09 038 0.7 0.7 0.7 0.7 0.72 0.4 0.82 0.82 0.82 0.82 0.82 0.4
20 25-0 4 0.04 0.04 0.04 0.04 0.04 0.04  0.02 0.02 0.02 0.02 0.02 0.02  0.02 0.02 0.02 0.02 0.02 0.02
21 25-25 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
22 25-25 2 99.08  99.08  99.08 99.08  99.08 99.08 9924 99.24  99.24  99.24  99.24  99.24  99.24  99.24  99.24 99.24  99.24  99.24
23 25-25 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
24 25-25 4 0.92 0.92 0.92 0.92 0.92 092 0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.76 0.76 0.76 0.76 0.76
25 25-50 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
26 25-50 2 99.08 99.08 99.08 99.08 99.08 99.08 9926 99.26 99.26 99.26 9926 9926 99.24 99.24  99.24 99.24  99.24  99.24
27 25-50 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
28 25-50 4 0.92 0.92 0.92 0.92 0.92 092  0.74 0.74 0.74 0.74 0.74 0.74  0.76 0.76 0.76 0.76 0.76 0.76
29 25-75 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
30 25-75 2 99.08  99.08  99.08 99.08 99.08 99.08 99.28 99.28  99.28  99.28  99.28  99.28 99.24  99.24  99.24  99.24  99.24  99.24
31 25-75 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

4

1

2

3

4

1

2

3

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
99.08  99.08  99.08 99.08 99.08 99.08 9924 99.24  99.24  99.24  99.24  99.24  99.24  99.24  99.24  99.24  99.24  99.24
39 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
40 4 0.92 0.92 0.92 0.92 0.92 092  0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.76 0.76 0.76 0.76 0.76
41 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
42 2 99.08  99.08  99.08 99.08 99.08 99.08 99.24 99.24  99.24  99.24  99.24  99.24 9924  99.24  99.24  99.24  99.24  99.24
43 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
44 4 0.92 0.92 0.92 0.92 0.92 092  0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.76 0.76 0.76 0.76 0.76
45 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
46 2 99.08  99.08 99.08 99.08 99.08 99.08 9926 99.26 99.26 99.26 9926 9926 99.24 99.24  99.24 99.24  99.24  99.24
47 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
48 4 0.92 0.92 0.92 0.92 0.92 092  0.74 0.74 0.74 0.74 0.74 0.74  0.76 0.76 0.76 0.76 0.76 0.76
49 1 8.8 78.8 78.8 78.8 98.28  99.1 99.1 99.1 99.1 99.1 99.08 994 9836 9836 9836 98.36 98.36 99.12
50 2 8.12 9.12 9.12 8.12 0.74 048 0.18 0.18 0.18 0.18 0.18 0.18  0.76 0.76 0.76 0.76 0.8 0.46
51 3 13.04  12.04 12.04 13.04 0.94 038 0.7 0.7 0.7 0.7 0.72 0.4 0.84 0.84 0.84 0.84 0.8 0.38
52 4 0.04 0.04 0.04 0.04 0.04 0.04  0.02 0.02 0.02 0.02 0.02 0.02  0.04 0.04 0.04 0.04 0.04 0.04
53 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
54 75-25 2 99.08  99.08 99.08 99.08 99.08 99.08 99.24 99.24 99.24 9924 9924 9924 9924 99.24 99.24 99.24  99.24  99.24
55 75-25 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
56 75-25 4 0.92 0.92 0.92 0.92 0.92 092  0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.76 0.76 0.76 0.76 0.76
57 75-50 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
58 75-50 2 99.08  99.08  99.08 99.08 99.08 99.08 9924 99.24  99.24  99.24  99.24  99.24 9924  99.24  99.24  99.24  99.24  99.24
59 75-50 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
60 75-50 4 0.92 0.92 0.92 0.92 0.92 092  0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.76 0.76 0.76 0.76 0.76
61 75-75 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
62 75-75 2 99.08 99.08 99.08 99.08 99.08 99.08 9924 99.24 99.24 9924 9924 9924 9924 99.24 99.24 99.24  99.24  99.24
63 75-75 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
64 75-75 4 0.92 0.92 0.92 0.92 0.92 092  0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.76 0.76 0.76 0.76 0.76

=0 and o3 > 0; Case 3: 02 >0

2N

The chosen model corresponds to Case 1: 03 =0 and 0% = 0; Case 2: o
and o3 = 0; and Case 4: 02 > 0 and o} > 0.
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Table 8: Simulation with both firm and time effect - Selected models

Firms Model PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2c PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f

15 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

2 5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

35 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

45 4 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

5 10 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

6 10 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

7 10 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

8 10 4 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

9 20 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
10 20 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 20 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
1220 4 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
13 50 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
1450 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
15 50 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
16 50 4 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
17 125 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
18 125 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
19 125 3 0 0 0 0 0 0 0 0 0 0 0 0 0
20 125 4 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
21 250 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
22 250 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
23 250 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
24 250 4 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
25 500 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
26 500 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
27 500 3 0.02 0.02 0.02 0.02 0.02 0.02  0.04 0.04 0.04 0.04 0.04 0.04  0.02 0.02 0.02 0.02 0.02 0.02
28 500 4 99.98  99.98 99.98 99.98 99.98 99.98 99.96 99.96 99.96 99.96 99.96 99.96 99.98 99.98 99.98 99.98 99.98 99.98

The chosen model corresponds to Case 1: 02 =0 and o = 0; Case 2: 02 = 0 and o3 > 0; Case 3: 02 > 0
and 0% = 0; and Case 4: 0'27 > 0 and o2 > 0.
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Table 9: Simulation without firm or time effect - Selected models

Firms Model PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2c PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f
15 1 7896 7896 7896 7896 98.48 99.12 99.22 99.22 99.22 99.22 992 99.44 9852 9852 98.52 98.52 98.6 99.2
2 5 2 1192 1292 1292 11.92 0.58 0.4 0.62 0.62 0.62 0.62 0.64 0.4 0.74 0.74 0.74 0.74 0.76 0.4
35 3 9.1 8.1 8.1 9.1 0.92 0.46  0.16 0.16 0.16 0.16 0.16 0.16  0.72 0.72 0.72 0.72 0.62 0.38
4 5 4 0.02 0.02 0.02 0.02 0.02 0.02 0 0 0 0 0 0 0.02 0.02 0.02 0.02 0.02 0.02
5 10 1 78.64 7864 78.64 7864 9818 99.02 99.16 99.16 99.16 99.16 99.14 99.44 98.28 98.28 98.28 9828 98.24 99.1
6 10 2 11.28 123 12.3 11.28  0.78 0.38  0.66 0.66 0.66 0.66 0.68 0.38  0.82 0.82 0.82 0.82 0.82 0.38
7 10 3 10.08  9.06 9.06 10.08  1.04 0.6 0.18 0.18 0.18 0.18 0.18 0.18 0.9 0.9 0.9 0.9 0.94 0.52
8 10 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
9 20 1 T4 7774 7774 7774 97.58 0 984 98.74 9874 98.74  98.74  98.68 98.78 97.76 97.76 97.76 97.76 97.78  98.42

10 20 2 11.4 1234 1234 114 1.24 0.8 0.82 0.82 0.82 0.82 0.84 0.74 118 1.18 118 1.18 1.16 0.78
11 20 3 10.86  9.92 9.92 10.86  1.18 0.8 0.44 0.44 0.44 0.44 0.48 0.48 1.06 1.06 1.06 1.06 1.06 0.8
1220 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

13 50 1 76.76  76.76  76.76 76.76  97.98 98.88 98.9 98.9 98.9 98.9 98.88  98.94 98.2 98.2 98.2 98.2 98.32  98.9
1450 2 10.9 11.94 1194 109 112 052 0.5 0.5 0.5 0.5 0.5 0.46  0.88 0.88 0.88 0.88 0.82 0.5
15 50 3 1234 113 11.3 1234 0.9 0.6 0.6 0.6 0.6 0.6 0.62 0.6 0.92 0.92 0.92 0.92 0.86 0.6
16 50 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

17 125 1 76.86 76.86 76.86 76.86 97.38 98.64 98.76 98.76 98.76 98.76 98.74 99.02 97.92 9792 97.92 97.92 97.8 98.68
18 125 2 10.34  11.58 11.58 10.34 1.3 0.76  0.44 0.44 0.44 0.44 0.46 0.46 1.02 1.02 1.02 1.02 1.04 0.76
19 125 3 1276 1152 11.52  12.76 1.28 0.56  0.78 0.78 0.78 0.78 0.78 0.5 1.04 1.04 1.04 1.04 1.14 0.54
20 125 4 0.04 0.04 0.04 0.04 0.04 0.04  0.02 0.02 0.02 0.02 0.02 0.02  0.02 0.02 0.02 0.02 0.02 0.02
21 250 1 8.5 78.5 78.5 78.5 97.78 98.66 98.72 98.72 98.72 98.72 98.7 99.08 97.98 97.98 97.98 9798 98 98.74
22250 2 8.68 9.56 9.56 8.68 1.16 0.78 0.4 0.4 0.4 0.4 0.42 0.42 1 1 1 1 1 0.7
23 250 3 12.8 1192 1192 128 1.04 0.54  0.88 0.88 0.88 0.88 0.88 0.5 1 1 1 1 0.98 0.54
24 250 4 0.02 0.02 0.02 0.02 0.02 002 0 0 0 0 0 0 0.02 0.02 0.02 0.02 0.02 0.02
25 500 1 79.08 79.08 79.08 79.08 97.92 98.76 98.82 98.82 98.82 98.82 9874 99.32 97.74 97.74 97.74 97.74 97.98 98.82
26 500 2 7.82 8.62 8.62 7.82 1.04 072 0.18 0.18 0.18 0.18 0.18 0.18 112 112 1.12 112 0.86 0.66
27 500 3 13.08 1228 1228 13.08 1.02 0.5 1 1 1 1 1.08 0.5 1.12 1.12 1.12 1.12 1.14 0.5
28 500 4 0.02 0.02 0.02 0.02 0.02 0.02 0 0 0 0 0 0 0.02 0.02 0.02 0.02 0.02 0.02

The chosen model corresponds to Case 1: 02 = 0 and o = 0; Case 2:
and 0% = 0; and Case 4: 0'27 > 0 and o2 > 0.
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A.2 Rejection rates of individual tests

Table 10: Simulation with a firm effect - rejection rates for individual tests

\ LM LR F [ GHM
Hu,fU\Jf[J Hgf(]\'yfﬂ H370\5>0 H370|')>U Hgfﬂ\éfﬂ Hgfohfo H870|5>U Hgf(]\'y>(] H370\570 Hgf[th[J H370\5>U Hgfoh>0 H[),'f[]_,&f[]

0-25 100.00 2.28 100.00 1.46 100.00 0.04 100.00 0.50 100.00 0.04 100.00 0.82 100.00
0-50 100.00 0.06 100.00 1.44 100.00 0.00 100.00 0.52 100.00 0.00 100.00 0.82 100.00
0-75 100.00 0.00 100.00 1.44 100.00 0.00 100.00 0.54 100.00 0.00 100.00 0.82 100.00
25-25 100.00 2.44 100.00 1.44 100.00 0.00 100.00 0.60 100.00 0.02 100.00 0.92 100.00
25-50 100.00 0.04 100.00 1.44 100.00 0.00 100.00 0.64 100.00 0.00 100.00 0.92 100.00
25-75 100.00 0.00 100.00 1.44 100.00 0.00 100.00 0.64 100.00 0.00 100.00 0.92 100.00
50-25 100.00 2.42 100.00 1.44 100.00 0.00 100.00 0.60 100.00 0.02 100.00 0.92 100.00
50-50 100.00 0.04 100.00 1.44 100.00 0.00 100.00 0.62 100.00 0.00 100.00 0.92 100.00
50-75 100.00 0.00 100.00 1.44 100.00 0.00 100.00 0.64 100.00 0.00 100.00 0.92 100.00
75-25 100.00 2.42 100.00 1.44 100.00 0.00 100.00 0.60 100.00 0.02 100.00 0.92 100.00
75-50 100.00 0.04 100.00 1.44 100.00 0.00 100.00 0.62 100.00 0.00 100.00 0.92 100.00
75-75 100.00 0.00 100.00 1.44 100.00 0.00 100.00 0.64 100.00 0.00 100.00 0.92 100.00

Notes:

Cells denote the percentage of rejections of Hp : # =1 at a nominal significance level (alpha) of 1% out of
5,000 simulations.

All the simulations are done with N=250 and T=10.

The first column contains the fraction of the variance in x;; and €;; that is due to ; and u; respectively.
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Table 11: Simulation with a time effect - rejection rates for individual tests

\ LM LR F [ GHM
Hg:ﬂ\ﬁ:ﬂ Hg:o\q:o Hg:0\5>0 H8:0|7>0 Hg:ﬂ\é:ﬂ Hg:O\'y:O Hg:0|0>0 Hg:(]h'>0 H'[\)/:O\&:O Hg:Uh:U Hg:0\6>0 Hg:0\7>0 Ha«:U,é:U

0-25 018 100.00 102 100.00 0.00  100.00 0.76 100.00 000 100.00 080  100.00  100.00
0-50 0.00  100.00 102 100.00 0.00  100.00 076 100.00 0.00  100.00 0.80  100.00  100.00
0-75 0.00  100.00 102 100.00 0.00  100.00 076 100.00 0.0 100.00 0.80  100.00  100.00
25-25 014 100.00 0.92  100.00 0.00  100.00 076 100.00 0.00  100.00 076 100.00  100.00
25-50 0.00  100.00 0.92  100.00 0.00  100.00 074 100.00 0.0 100.00 0.76  100.00  100.00
25-75 0.00  100.00 0.92  100.00 0.00  100.00 072 100.00 0.00  100.00 0.76  100.00  100.00
50-25 016 100.00 0.92  100.00 0.00  100.00 076 100.00 0.0 100.00 0.76  100.00  100.00
50-50 0.00  100.00 0.92  100.00 0.00  100.00 076 100.00 0.00  100.00 0.76  100.00  100.00
50-75 0.00  100.00 0.92  100.00 0.00  100.00 0.74  100.00 0.00  100.00 0.76  100.00  100.00
75-25 0.18  100.00 0.92  100.00 0.00  100.00 076 100.00 0.00  100.00 0.76  100.00  100.00
75-50 0.00  100.00 0.92  100.00 0.00  100.00 076 100.00 0.0 100.00 0.76  100.00  100.00
75-75 0.00  100.00 0.92  100.00 0.00  100.00 076 100.00 0.0 100.00 076 100.00  100.00

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of
5,000 simulations.

All the simulations are done with N=250 and T=10.

The first column contains the fraction of the variance in z;; and €;; that is due to §; and (; respectively.
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Table 12: Simulation with both firm and time effects - individual tests

\ LM LR F [ GHM

=0[6=0 8=0[y=0 =0[6>0 6=0]y>0 =0[6=0 6=0[y=0 y=0[6>0 6=0[y>0 =0[6=0 6=0[y=0 ~=0[6>0 6=0[y>0 =0,0=0
Hg | H() & Hg | HU [y Ha | H0 &% Ha | HO &2 HE)/ | HU [y HO{ | H() & Hg A

5 100.00 99.96 100.00 100.00 99.98 99.84 100.00 100.00 99.98 99.86 100.00 100.00 100.00
10 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
20 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
50 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

125 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
250 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
500 99.94 99.98 100.00 99.98 99.84 99.88 100.00 99.96 99.86 99.92 100.00 99.98 100.00

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of
5,000 simulations.

The first column contains the number of firms (keeping N*T=2500).
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Table 13: Simulation without both firm and time effects - rejection rates for individual

tests
LM LR F [ GHM
Hg:()\&:n Hg:o\n,:n Hg:[)\zb() Hg:n\wo Ha:o\zs:n Hg:o\w,:n H3:0\5>0 Hg:o|~,>0 Hg:n\(i:o Hg:nh:n Hg:0\5>n Hg:o\wo ngo,ﬁzo
5 9.28 13.00 0.94 0.60 0.16 0.62 0.16 0.64 0.74 0.76 0.64 0.78 0.88
10 10.12 12.46 1.04 0.78 0.18 0.66 0.18 0.68 0.90 0.82 0.94 0.82 1.10
20 11.00 12.50 1.18 1.24 0.44 0.82 0.48 0.84 1.08 1.18 1.06 1.16 1.62
50 12.46 12.00 0.90 1.12 0.60 0.50 0.62 0.50 0.92 0.88 0.86 0.82 1.16
125 12.98 11.72 1.32 1.34 0.80 0.44 0.80 0.48 1.06 1.04 1.16 1.06 1.46
250 12.92 9.72 1.06 1.18 0.88 0.40 0.88 0.42 1.02 1.02 1.00 1.02 1.34
500 13.24 8.74 1.04 1.06 1.00 0.18 1.08 0.18 1.12 1.14 1.16 0.88 1.24

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of
5,000 simulations.
The first column contains the number of firms (keeping N*T=2500).
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Ly

A.2 Simulation with non-normality of the disturbance

Table 14: Simulation with a firm cluster effect - non-normal disturbances

Shares CLFY CLF ClLY Rob PT.la PT.1lb PT.lc PT.1d PT.le PT.1f PT.2a PT.2b PT.2¢c PT.2d PTZ2e PT.2f PT.3a PT.3b PT.3¢c PT.3d PT.3e PT.3f
0-25 1.22 1.10 0.96 1.18 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10
0-50 1.18 1.00 0.92 0.94 1.02 1.02 1.02 1.02 1.02 1.02 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0-75 1.76  0.86 1.00 1.00 0.88 0.88 0.88 0.88 0.88 0.88 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86
25-25 0.64 1.22 4.02 4.10 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22
25-50 0.34 0.88 6.86 7.62 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88
25-75 0.20 0.92 11.58 12.20 0.90 0.90 0.90 0.90 0.90 0.90 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92
50-25 028 1.14 6.76 7.74 1.10 1.10 1.10 1.10 1.10 1.10 1.12 1.12 1.12 1.12 1.12 1.12 1.10 1.10 1.10 1.10 1.10 1.10
50-50 0.22 0.88 16.00 15.12 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88
50-75 0.12 0.88 25.14 21.92 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88
75-25 0.28 0.96 10.82 11.64 0.92 0.92 0.92 0.92 0.92 0.92 0.94 0.94 0.94 0.94 0.94 0.94 0.92 0.92 0.92 0.92 0.92 0.92
75-50 0.18 0.94 25.52 21.90 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94
75-75 0.14 0.92 40.56 30.20 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92
Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
All the simulations are done with N=250 and T=10.
The first column contains the fraction of the variance in z; and €;; that is due to v; and p,; respectively.
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.
PT-2 refers to pre-test estimator using LR tests.
PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[l| ¢ and d to Figure [2| and e and f to Figure
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Table 15: Simulation with a time cluster effect - non-normal disturbances

Shares CLFY CLF CLY Rob PT.la PT.1b PT.lc PT.1d PT.le PT.1f PT.2a PT2b PT2c PT.2d PT.2e PT.2f PT.3a PT.3b PT.3c PT.3d PT.3e PT.3f

0-25 140 080 1.10 0.96 1.08 1.08 1.08 1.08 1.10 1.10 1.08 1.08 1.08 1.08 1.08  1.08 1.10 1.10 1.10 1.10 1.10  1.10
0-50 112 112 096 1.20 0.96 0.96 0.96 0.96 0.96  0.96 0.96 0.96 0.96 0.96 0.96  0.96 0.96 0.96 0.96 0.96 0.96  0.96
0-75 1.14  1.08 080 1.12 0.80 0.80 0.80 0.80 0.80  0.80 0.80 0.80 0.80 0.80 0.80  0.80 0.80 0.80 0.80 0.80 0.80  0.80

25-25 0.70 38.08 0.72 37.98 0.76 0.76 0.76 0.76 0.74  0.76 0.76 0.76 0.76 0.76 0.76  0.76 0.74 0.74 0.74 0.74 0.76  0.76
25-50 0.74 59.26 0.74 58.76 0.72 0.72 0.72 0.72 0.70  0.70 0.70 0.70 0.70 0.70 0.70  0.70 0.70 0.70 0.70 0.70 0.70  0.70
25-75 0.98 69.14 0.98 67.86 0.98 0.98 0.98 0.98 098  0.98 0.98 0.98 0.98 0.98 0.98  0.98 0.98 0.98 0.98 0.98 098  0.98
50-25 1.30 49.48 1.26 49.16 1.36 1.34 1.34 1.36 1.50 1.54 1.58 1.58 1.58 1.58 1.58  1.60 1.52 1.52 1.52 1.52 1.50 1.54
50-50 1.20 69.86 1.20 68.48 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20 1.20  1.20
50-75 1.94 80.44 194 77.96 1.94 1.94 1.94 1.94 1.94 194 1.94 1.94 1.94 1.94 1.94 194 1.94 1.94 1.94 1.94 194 194
75-25 1.34 5828 1.34 57.12 1.36 1.34 1.34 1.36 1.56  1.62 1.70 1.70 1.70 1.70 1.70  1.70 1.50 1.50 1.50 1.50 1.50  1.62
75-50 2.06 77.06 2.10 75.30 2.10 2.10 2.10 2.10 2.10  2.10 2.10 2.10 2.10 2.10 2.10  2.10 2.10 2.10 2.10 2.10 210 2.10
75-75 3.00 86.16 2.98 83.08 2.98 2.98 2.98 2.98 298 298 2.98 2.98 2.98 2.98 298 298 2.98 2.98 2.98 2.98 298 298

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
All the simulations are done with N=250 and T=10.

The first column contains the fraction of the variance in x;; and €;; that is due to ~; and p; respectively.
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[I] ¢ and d to Figure 2] and e and f to Figure 3]
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Table 16: Simulation with firm and time effects - non-normal disturbances

N CLFY CLF CLY Rob PT.la PT.1b PT.lc PT.1d PT.le PT.1f PT.2a PT.2b PT.2c PT.2d PT.2¢ PT.2f PT.3a PT.3b PT.3¢c PT.3d PT.3e PT.3f
5.00 2.64 848 39.92 53.50 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52 2.52
10.00 0.62 394 30.98 53.84 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62 0.62
20.00 0.18 440 17.68 48.32 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18
50.00 0.14 10.64 5.00 44.78 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14
125.00 0.24 26.40 1.68 48.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24 0.24
250.00 0.58 41.02 1.92 54.00 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58
500.00 2.74 4758 4.76 53.82 2.70 2.70 2.70 2.70 2.70 2.70 2.72 2.72 2.72 2.72 2.72 2.72 2.70 2.70 2.70 2.70 2.70 2.70
Notes:

Cells denote the percentage of rejections of Hp : # =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
The first column contains the number of firms (keeping N*T=2500).
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.
Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.
PT-1 refers to pre-test estimator using Lagrange Multiplier tests.
PT-2 refers to pre-test estimator using LR tests.
PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[I] ¢ and d to Figure 2] and e and f to Figure 3]
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A.3 Simulation with non-normality of the exogenous regressor

Table 17: Simulation with a firm cluster effect - non-normal regressor

Shares CI-FY CIF ClY Rob PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f

0-25 1.22 132 128 1.2 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32 1.32
0-50 1.54 1.16 1.3 124 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18
0-75 1.26 1.18 124 116 1.16 1.16 1.16 1.16 1.16 1.16 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18
25-25  0.66 1.38 314 422 1.34 1.34 1.34 1.34 1.34 1.34 1.38 1.38 1.38 1.38 1.38 1.38 1.36 1.36 1.36 1.36 1.36 1.36
25-50  0.38 1.16 534 6.56 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16
25-75 0.3 1.16 814 9.78 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16
50-25  0.42 126 6.14 744 1.24 1.24 1.24 1.24 1.24 1.24 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26
50-50  0.38 1.22 1324 13.64 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22 1.22
50-75  0.32 1.28 20.88 193 1.24 1.24 1.24 1.24 1.24 1.24 1.28 1.28 1.28 1.28 1.28 1.28 1.26 1.26 1.26 1.26 1.26 1.26
75-25  0.44 1.38 9.3 10.76  1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38 1.38
75-50  0.52 1.44 2254 20.68 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42 1.42
75-75  0.38 1.52 36.86 28.68 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
All the simulations are done with N=250 and T=10.

The first column contains the fraction of the variance in x;; and ¢;; that is due to ; and u; respectively.
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[l| ¢ and d to Figure [2| and e and f to Figure
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Table 18: Simulation with a time cluster effect - non-normal regressor

Shares CI-FY CI-F ClY Rob PT-la PT-1b PT-l¢ PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f
0-25 1.3 114 11 124 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1
0-50 1.3 1.12 1.06 1.14 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06
0-75 1.04 1.1 0.86 1.24 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88 0.88
25-25 1.32 44.12 1.28 43.98 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28 1.28
2550 1.64  60.52 1.62 59.7 1.62 1.62 1.62 162 162 162 1.62 1.62 1.62 1.62 162 162 1.62 1.62 1.62 162 162 162
25-75 1.78 68.92 1.76 67.48 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76 1.76
50-25 3.3 61.56 3.3 60.82 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3 3.3
50-50 3.5 73.56 3.5 719 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5
50-75  3.38 81.2 3.38 79.16 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38 3.38
75-25 5.14 69 5.08 67.8 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08 5.08
75-50  4.88 82.2 488 79.8 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88 4.88
75-75  4.62 87.08 4.58 84.24 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58
Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
All the simulations are done with N=250 and T=10.
The first column contains the fraction of the variance in x;; and €;; that is due to v; and p; respectively.
CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.
a and b refers to the implementation according to Figure[l| ¢ and d to Figure [2] and e and f to Figure
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Table 19: Simulation with firm and time effects - non-normal regressor

N CIFY CIF ClY Rob PT-la PT-1b PT-l1c PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2¢ PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f
5 4.56 10.46 52.34 66.08 4.56 4.56 4.56 4.56 4.56 4.56  4.58 4.58 4.58 4.58 4.58 458  4.56 4.56 4.56 4.56 4.56 4.56
10 2.04 714 373 589 2.04 2.04 2.04 2.04 2.04 2.04  2.04 2.04 2.04 2.04 2.04 2.04  2.04 2.04 2.04 2.04 2.04 2.04
20 0.86 548 17.06 48.72 0.86 0.86 0.86 0.86 0.86 0.86  0.86 0.86 0.86 0.86 0.86 0.86  0.86 0.86 0.86 0.86 0.86 0.86
50  0.54 924 39 41.86 0.54 0.54 0.54 0.54 0.54 0.54  0.54 0.54 0.54 0.54 0.54 0.54  0.54 0.54 0.54 0.54 0.54 0.54
125 0.92 26.36 2.2 487 0.92 0.92 0.92 0.92 0.92 092 092 0.92 0.92 0.92 0.92 092  0.92 0.92 0.92 0.92 0.92 0.92
250 2.06 46.44 276 58.46 2.06 2.06 2.06 2.06 2.06 2.06  2.06 2.06 2.06 2.06 2.06 2.06  2.06 2.06 2.06 2.06 2.06 2.06
500 4.5 59.56 5.32 65.18 4.5 4.5 4.5 4.5 4.5 4.5 4.54 4.54 4.54 4.54 4.54 454 45 4.5 4.5 4.5 4.5 4.5

Notes:

Cells denote the percentage of rejections of Hy : § =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.

The first column contains the number of firms (keeping N*T=2500).

CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.
PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure|[l| ¢ and d to Figure |2] and e and f to Figure
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Table 20: Simulation without cluster effects - non-normal regressor

N CIFY CIF ClY Rob PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2e PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f
5 5.28 8.78 0.2 1.28 1.84 1.74 1.74 1.84 1.34 1.34 1.3 1.3 1.3 1.3 1.3 1.3 1.32 1.32 1.32 1.32 1.32 1.32
10 2.64 4.62 0.1 0.74 0.96 0.9 0.9 0.96 0.78 0.78  0.78 0.78 0.78 0.78 0.78 0.78  0.78 0.78 0.78 0.78 0.78 0.78
20 15 3.1 028 128 1.26 1.22 1.22 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26 1.26
50 1 204 034 116 1.12 1.06 1.06 1.12 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16 1.16
125 1.5 122 0.7 094 0.82 0.8 0.8 0.82 0.94 094 094 0.94 0.94 0.94 0.94 094 094 0.94 0.94 0.94 0.94 0.94
250 2.32 1.02 1.84 094 094 0.94 0.94 0.94 0.94 094 094 0.94 0.94 0.94 0.94 094 094 0.94 0.94 0.94 0.94 0.94
500 5.04 1.32 452 124 1.32 1.34 1.34 1.32 1.26 1.26 1.24 1.24 1.24 1.24 1.24 1.24 1.26 1.26 1.26 1.26 1.26 1.26

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.
The first column contains the number of firms (keeping N*T=2500).

CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.
Cl-Y uses standard errors clustered by year.
Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.
a and b refers to the implementation according to Figure[l| ¢ and d to Figure [2| and e and f to Figure
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A.4 Simulation with temporary firm cluster effect

Table 21: Simulation with a temporary firm effect

C-FY CI-F Cl-Y Rob PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2e PT-2f PT-3a PT-3b PT-3¢ PT-3d PT-3e PT-3f

0/0,.5/.5 0.28 1.10 1546 14.76 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10 1.10
.9/.9,0/0 0.30 1.08 38.56 27.38 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04
.75/.75,.25/.25 0.22 1.12 23.28 20.18 1.04 1.04 1.04 1.04 1.04 1.04 1.08 1.08 1.08 1.08 1.08 1.08 1.08 1.08 1.08 1.08 1.08 1.08

Notes:

Cells denote the percentage of rejections of Hy : § =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.

All the simulations are done with N=250 and T=10.

The first column contains the values of ¢ and the share of the variance of €;; and z;; explained by the fixed firm component.

CI-FY uses standard errors clustered by firm and year.

CI-F uses standard errors clustered by firm.

Cl-Y uses standard errors clustered by year.

Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure[l| ¢ and d to Figure [2| and e and f to Figure
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Table 22: Simulation with a time effect and a temporary firm effect

CI-FY CIF ClY Rob PT-la PT-1b PT-lc PT-1d PT-le PT-1f PT-2a PT-2b PT-2¢ PT-2d PT-2e¢ PT-2f PT-3a PT-3b PT-3¢c PT-3d PT-3e PT-3f

0/0,.5/.5 0.40 814 3.68 45.64 0.40 0.40 0.40 0.40 0.40  0.40 0.48 0.48 0.48 0.48 048  0.48 0.40 0.40 0.40 0.40 0.40  0.40
.9/.9,.5/.5 0.40 5.70 6.96 54.22 0.40 0.40 0.40 0.40 0.40  0.40 0.40 0.40 0.40 0.40 0.40  0.40 0.40 0.40 0.40 0.40 0.40  0.40
.75/.75,.5/.5 042 6.94 4.72 4714 0.42 0.42 0.42 0.42 042 042 0.42 0.42 0.42 0.42 042 042 0.42 0.42 0.42 0.42 042 042

Notes:

Cells denote the percentage of rejections of Hp : 8 =1 at a nominal significance level (alpha) of 1% out of 5,000 simulations.

All the simulations are done with N=250 and T=10.

The first column contains the values of ¢ and the share of the variance of €¢;; and x;; explained by the fixed firm component.
All the simulations are done with N=50 and T=50.
CI-FY uses standard errors clustered by firm and year.
CI-F uses standard errors clustered by firm.
Cl-Y uses standard errors clustered by year.
Rob uses heteroskedascity-robust standard errors.

PT-1 refers to pre-test estimator using Lagrange Multiplier tests.

PT-2 refers to pre-test estimator using LR tests.

PT-3 refers to pre-test estimator using F tests.

a and b refers to the implementation according to Figure|[l| ¢ and d to Figure |2] and e and f to Figure



7 Applications in economics

7.1 Application 1

Gourio, Messer, and Siemer| (2016)) estimates impulse responses to entry shocks on an annual
panel of US states over the period 1982-2014 using local projections (see 7). We successfully

replicate the main table of the paper (see Table E

Table 23: Effect of a shock to entry of firms four years later

1 2 3 4 5
GDP 23 (4.78) 21 (3.92) .16 (2.56) .3 (6.31) .12 (3.52)
TFP 09 (3.12) .09 (3.31) .05 (1.74) .21 (5.04) .06 (2.45)
Population 07 (3.77) .07 (3.26) .06 (2.52) .11 (4.6) -
NFP 06 (24) .07 (2.4) .04 (1.46) .09 (3.86) .01 (.68)
Number of Firms 2 (3.61) .18 (3.52) .17 (3.35) .28 (3.93) .09 (2.34)
Number of Firms age 1 .52 (5.33) .44 (4.52) .4 (3.29) .67 (6.23) .31 (4.6)
Number of exiting firms .33 (4.77) .31 (4.43) .19 (1.71) .51 (3.42) .23 (5.28)

Specification: y; +14 = o + ¢ + ys5¢ + x;tﬁ + €t

where y; 144 is the log of the outcome variable specified on the left of the table, «; is a state fixed effect, &,
is a time fixed effect, s;; is the log change in the number of startups in state ¢ between ¢-1 and ¢, and xg,t a
vector of controls (which always includes y; ¢, yit—1, and y; t—2).

The table report estimates of v for different outcome variables and different specifications: column 1 is
baseline with data over the period 1982-2014, column 2 sample without the Great Recession, column 3
including pre-1982 data, column 4 only lagged dependent variable as a control, and column 5 includes
future population growth as a control. Standard errors are two-way clustered and t-stats are reported in
parenthesis.

We compute confidence intervals for each coefficient reported in the baseline estimate of
Table 23] according to different assumptions regarding the disturbances[”| Figure [11] reports
the results. We find important variation across methods but in general with confidence
intervals computed using two-way clustering being wider than the competing approaches.

We conduct our pretest strategy using F tests with this data set according to the strategy

lined out in Figure|3|as option e) and find that it supports the approach taken by the authors

12The data is publicly available at https://www.openicpsr.org/openicpsr/project /113458 /version / V1 /view.

13We compute the confidence interval that allows for two-way clustering using the Stata command reghdfe,
which uses a finite-sample adjustment according to the smallest number of clusters (in this case, years) while
Gourio et al.| (2016 uses cluster2 with different finite-sample adjustment, so our standard errors differ slightly.
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Figure 11: Confidence intervals for baseline estimates in Gourio et al.| (2016))
Notes: (), (r), (i), (t), (i,t) denotes respectively standard errors computed assuming iid disturbances, using
heteroskedasticity robust s.e., clustering by state, clustering by year, and two-way clustering. The red line
marks the value of the estimated coefficient.

in the original paper, i.e. two-way clustering by state and year (See Table [24]).

Table 24: Pretesting using F tests and option e)

Fy,  p-value F, p-value Result
GDP 10.65 0.00 17.24 0.00 Two-way
TFP 9.05 0.00 9.66 0.00  Two-way
Population 33.66  0.00 15.31 0.00  Two-way
Non-farm employment  16.13  0.00 34.82  0.00 Two-way
Number of firms 15.86  0.00 27.13 0.00 Two-way
Number of firms age 1 17.79  0.00 53.21  0.00 Two-way
Number of exiting firms 31.20 0.00 25.18 0.00 Two-way

Notes: I corresponds to a F statistic for the null hypothesis that all state fixed effects are zero, the
associated p-values are reported next to them, and F» corresponds to a F statistic for the null hypothesis
that all year fixed effects are zero, the associated p-values are reported next to them.
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7.2 Application 2

Acemoglu, Johnson, Robinson, and Yared (2008) study the relationship between income
per capita and democracy arguing that the strong cross-country correlation disappears after
controlling for factors that simultaneously affect both variables. We replicate a regression
provided as robustness to their main results, which has also been used in Kim and Wang
(2019), and Bonhomme and Manresal (2015) to illustrate novel econometric techniques[]

We estimate a fixed effects OLS regression with balanced panel data that uses 5-year
averaged data from 1970 to 2000 for 90 countries with the following simple econometric
specification:

dit = o1 + YYir—1 + pe + 0; + €3 (38)

where d;; is the democracy score of country 7 in period ¢, y;;_1 the lagged value of log income
per capita, p; are time fixed effects, and d; country fixed effects.

Figure reports the estimated v together with confidence intervals computed with
different assumptions.

Table [25] reports our pretest approach using F tests, which favors two-way clustering of
the standard errors. This contrasts with clustering by country as done in the paper but the

results remain consistent in the sense that the coefficient is not statistically significant.

Table 25: Pretesting using F tests and option e)

Fy p-value F, p-value Result
Statistics 10.27  0.00 2.32  0.00 Two-way

Notes: Fi corresponds to a F statistic for the null hypothesis that all country fixed effects are zero, the
associated p-values are reported next to them, and F» corresponds to a F statistic for the null hypothesis
that all year fixed effects are zero, the associated p-values are reported next to them.

14The data is available online at http://qed.econ.queensu.ca/jae/2019-v34.6 /kim-le/.
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Figure 12: Confidence intervals for estimates for lagged gdp
Notes: (), (r), (i), (t), (i,t) denotes respectively standard errors computed assuming iid disturbances, using
heteroskedasticity robust s.e., clustering by state, clustering by year, and two-way clustering. The red line
marks the value of the estimated coefficient.

7.3 Application 3

We use the data set from the Ph.D. dissertation of Y. Grunfeld (Univ. of Chicago, 1958),
which has been used to illustrate the empirical use of panel data methods among others
by Stata user manual, |Greene (2012), and Baltagi (2013)[F] We estimate the following
specification:

Yit = o+ Srvg + Bokir + €t (39)

where y;; corresponds to investment by firm 7 in year ¢, v; the real value of the firm, k;
the real value of firm’s capital stock. The data set spans 10 firms and 20 years. Figure

reports the confidence intervals constructed according to different methods.

5Data available at http://www.stata-press.com/data/r13/grunfeld.
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We run our pretest strategy using F' tests with this data set according to the strategy
lined out in Figure 3| as option e) and find that it supports standard errors clustered by firm
(See Table [26]).

Real value of the firm Real value of the firm's capital stock
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Figure 13: Confidence intervals for estimates in Grunfeld data set
Notes: (), (r), (i), (t), (i,t) denotes respectively standard errors computed assuming iid disturbances, using
heteroskedasticity robust s.e., clustering by state, clustering by year, and two-way clustering. The red line
marks the value of the estimated coefficient.

Table 26: Pretesting using F tests and option e)

Fy p-value F,  p-value Result
Statistics 1.40  0.13  52.36  0.00  Cluster by firm

Notes: F} corresponds to a F statistic for the null hypothesis that all firm fixed effects are zero, the
associated p-values are reported next to them, and F5 corresponds to a F statistic for the null hypothesis
that all year fixed effects are zero, the associated p-values are reported next to them.
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7.4 Application 4

Our paper have focused on the use of panel data, however we may also have to decide how
to computer standard errors in the context of cross-sectional datall| Here we ilustrate the
use of our pretest approach with the F test on a cross section. We use a data set that comes
from a women sample of the National Longitudinal Survey, which has been used to illustrate
econometrics methods for example in Roodman, MacKinnon, Nielsen, and Webb| (2019). We

estimate the following specification:

Yi = o+ Brxy; + Poto; + Baxsi + Pata; + Bsxsi + € (40)

where y; corresponds to wage, x1; number of hours worked, zo; total work experience, x3; a
dummy variable about black race , x4 is a dummy variable indicating graduate status, and
finally x5, a dummy variable indicating whether lives in South. We pretest the model to
decide how to cluster using industry and occupation.

Figure [14] reports the confidence intervals for the coefficients associated with these five
regressors. Table[27 reports our pretest strategy, which favors two-way clustering by industry

and occupation.

Table 27: Pretesting using F tests and option e)

Fy p-value F, p-value Result
Statistics 12.47  0.00 8.67  0.00 Two-way

6Data available at http://www.stata-press.com/data/r8/nlsw88.dta.
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Figure 14: Confidence intervals for estimates in nlsw88 data set
Notes: (), (1), (i), (t), (i,t) denotes respectively standard errors computed assuming iid disturbances, using
heteroskedasticity robust s.e., clustering by state, clustering by year, and two-way clustering. The red line
marks the value of the estimated coefficient.
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