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Abstract

This paper proposes a within estimator for three-level data, such as time-variant bilateral
trade flows. The estimator helps to address the computational difficulties in estimating, for
instance, the gravity model of bilateral trade that needs to control for unobserved country-pair
and country-time heterogeneity using fixed effects. Unlike the traditional within transforma-
tion that removes cross-sectional heterogeneity, the proposed transformation method removes
all three types of heterogeneity, each of which varies in two dimensions of three-level data.
We demonstrate the properties of the estimator using empirical examples and Monte Carlo
simulations. Simulation results show that the proposed estimators with the adjusted standard
errors consistently estimate coefficient parameters and perform correct inference when no data
are missing or the missing data are random. When missing data are not random, the proposed
within transformation can reduce bias to various degrees, depending on the order of demean-
ing and sources of bias. As an empirical application, we investigate the WTO effect puzzle by
applying the proposed estimator to show that WTO membership has a definite positive effect

on bilateral trade flows.
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1 Introduction

The fixed effects (FEs) model is one of the most commonly used models in panel data analysis.
While FEs models, in theory, can be estimated using the conventional Least Squared Dummy Vari-
able (LSDV) estimator, in practice they are often estimated using a within estimator that removes
cross-sectional heterogeneity through a within transformation. An advantage of the within estima-
tor over the LSDV one is that it can handle large data-sets and thus a large amount of unobserved
heterogeneity. The equivalence of the two estimators for two-level panel data (e.g. i xt) can
be shown using the theorem by Frisch and Waugh (1933) and Lovell (1963) (the FWL theorem
hereafter), and is well documented in standard econometric texts.!

To the best of our knowledge, at least two types of within estimator have been introduced
to extend the within estimator to three-level panel data (e.g. i x j xt). Egger and Pfaffermayr
(2004), Cheng and Wall (2005), and Serlenga and Shin (2007), in handling bilateral trade data,
treat the i X j dimension as a cross-sectional country-pair dimension p =i X j, effectively trans-
forming three-level data into two-level data (p x ¢). On the other hand, Matyas (1997) considers
unobserved heterogeneity for each of the three dimensions, but assumes heterogeneity across dif-
ferent dimensions to be uncorrelated. Both approaches, therefore, cannot account for unobserved
country-time heterogeneity.

To fill this gap, this paper develops a number of within estimators for three-level panel data
that give equivalent estimates to the LSDV estimator. It focuses on the most common time-variant
bilateral trade data, but the proposed estimator can be easily extended to other types of three-level
data including any bilateral flows panel data such as migration, foreign direct investment, interna-
tional aid and remittance. Moreover, our proposed within estimator can be applied to higher-level
data. One of our estimators is equivalent to the within estimator suggested by Matyas and Balazsi
(2012).2 However, our paper provides the adjustment of standard error under large n and fixed T
for both balanced and unbalanced panel data, as well as much more extensive sensitive analyses
for the coefficient estimates for unbalanced panel data. For balanced panel data,? the proposed
estimators remain algebraically equivalent to the LSDV estimator. However, for unbalanced data
they are biased and the magnitude of bias depends on the order of demeaning. In this paper we
(1) provide the conditions for the within estimator to be unbiased, (ii) quantify the potential bias

of the proposed estimators, (ii1) compare the magnitude of bias to other alternative estimators for

ISee, for instance, Wooldridge (2010, Sec 10.5.3), Hsiao (2003, Chapter 3), Cameron and Trivedi (2005, Chapter
21), and Davidson and MacKinnon (1993, Section 1.4).

>They focus on the bias of the within estimator’s coefficient in unbalanced panel and dynamic autoregressive
models.

3There should be no missing data for all i = 1,2,...,n, j=1,2,....n, and t = 1,2,...,T for three-level data to be
balanced.



unbalanced panel data, (iv) identify the within estimator with the smallest bias, and (v) provide a
simple adjustment of the standard error.

An application of our proposed within estimator is the estimation of the gravity model for
bilateral trade flows. The recent literature on such a gravity model emphasizes the importance of
accounting for both unobserved country-pair heterogeneity (CPH) and unobserved country-time
heterogeneity (CTH).* However, it is computationally challenging to estimate the gravity model
with both CPH and CTH using the LSDV estimator, since the number of dummy variables is
typically large. For instance, for the data-set used by Magee (2008) that has 133 countries and
19 periods, the LSDV estimator entails 22,610 dummies in total. In response, previous studies
in this literature either limit the period of the data-set (e.g. Magee, 2008), use the LSDV with
five-year data (e.g. Baier and Bergstrand, 2007; Subramanian and Wei, 2007b; Eicher and Henn,
2011), do not control for unobserved CPH (e.g. Subramanian and Wei, 2007b; Roy, 2011), or
do not control for unobserved CTH (e.g. Serlenga and Shin, 2007; Liu, 2009).> Our proposed
within estimator can address this problem, allowing researchers to control for both CPH and CTH.
As an illustration, we re-examine the World Trade Organization (WTO) membership effect on
trade flows. Previous literature tends to conclude the absence of any discernible WTO effect,
running against the theoretical prediction. As the proposed within estimator allows us to overcome
a computational obstacle in accounting for both CPH and CTH when using large data-sets, we can
obtain precise estimates for the WTO membership effect on trade flows. Our results indicate a
definite positive effect of WTO membership on trade flows.

The rest of the paper is organized as follows. Section 2 describes the within estimator we
propose for balanced panel data. Section 3 examines robustness properties of the within estimator

for unbalanced panel data. Section 4 provides an application and the last section concludes.

2 The within estimator for balanced three-level data

2.1 The theory

For time-variant bilateral data, any observation has a unique identifier ijz, where i = 1,2,...m
and j = 1,2,...n are import-country and export-country identifiers respectively, and t = 1,2,...T

is the time identifier. We also assume data are balanced, i.e. there are no missing observations

4Studies that emphasize CPH include Baldwin and Taglioni (2006); Baier and Bergstrand (2007); Magee (2008);
Eicher, Henn, and Papageorgiou (2012); Cheong, Kwak, and Tang (2012), and studies that emphasize CTH include
Anderson and van Wincoop (2003); Magee (2008); Subramanian and Wei (2007a); Eicher, Henn, and Papageorgiou
(2012); Cheong, Kwak, and Tang (2012).

Those studies do not control for unobserved CTH but account for CPH using the method in Egger and Pfaffermayr
(2004), Cheng and Wall (2005), and Serlenga and Shin (2007).
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for any variables. We use the following notations for projections: For any matrix A, let Po be
the projection onto the column space of A, thus Py = A(A’A)~'A’ is of full column rank. Let
QA = I—P4 be the projection onto the space orthogonal to A.

2.1.1 Models with country-pair heterogeneity

We first consider a model with CPH only:

viie = Xijp®+2zyY1+2Z;Y+ @+ Eijr 2.1)

where y is a bilateral and time variant dependent variable; X and z’s are covariates; @ is the CPH
term; and € is an idiosyncratic error. Any time invariant variables are absorbed into ;.

We rewrite (2.1) by stacking observations over time:

yij = Xija +z1 + 2%+ @i - ir + & (2.2)
— / _ !/ / /
WherCYij—(yijh)’ijZa S Yijes o Yigr)s Xij = ( i f2s s Xijrs s Xijr)'s
/ !/ / /
zi = (21,2, -, 2y, Zig) s 2j = (,1’ 2 2y, Zir)',
* /
17 = (1,1,..., ) and Sijz (8,']’1,8,]2,...,81],,...,8,]7) .

The projection onto the space orthogonal to @;; transforms (2.2) into:

QoYij = QuXija+QuzY1 + Quz;jPr + Qué&ij (2.3)

We start with a review of the equivalence of the LSDV estimator to the within estimator in
two-level panel data. The LSDV estimator applied to (2.1) is equivalent to the conventional within
estimator where ij is cross-section and 7 is time as in (2.3). The LSDV estimator for (2.1) can be

applied with a two-stage procedure. In the first stage, we run regressions of each of the variables

in (vije, Xije,Zir,2j:) on @;; and obtain residuals (y};, X}, 2}, 2}); in the second stage, we run a
regression of y;;, on (Xfﬂ7 i -,) . Using the FWL theorem, it can be shown that the residuals

from the first stage regressions are:

_ = 1
y;ka = Yijr — Yij, Yij = T Z Yijt (2.4)
=1

and, similarly, Xfﬂ = Xjr — X;i j» Z;; = Ziy — Z;, and z_’;t = Zj; — Z;. Thus, these residuals are alge-
braically the same as the transformed variables since, for any matrix A;, QpA; = A; — %Z,T:1 A,

Therefore, we can establish the following Proposition 1.
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Proposition 1: The LS estimator on the transformed model (2.3) is algebraically equivalent to the
LSDV estimator on the model with CPH (2.1).

2.1.2 Models with country-time heterogeneity

We now consider a model with CTH only:

Yijr = Xijt 0+ 2;j3 + g +vji + €iji (2.5

Any country-time variant variables are absorbed into the CTH terms, u;; and v;;. We obtain the
within estimator with CTH by the following sequential projection procedure.

First, we rewrite (2.5) by stacking over the j-dimension as follows:

Yie = Xy O +2; Y3 + jg iy +V, + & (2.6)
/ / /! / / / / ! \/
where Yi: = (yilt7 - Yijts -"7yint) s Xit - (Xilp-“7Xijt; "7Xim) s Zj = (Zila -"'7Zij7"7zin) s
O / / /
1, = (1, 1, ceey 1) , Vi = (vlt,...,vjt,...,vm) and &; = (8i1t7----agijt7~--78int) .

We obtain (2.7) after the projection onto the space orthogonal to u;;. Let U=u;; - i,.

Quyit = QuXita + Quzi73 + qut + ngit (27)

where Q, =1, - U(U'U)~!U.
We further obtain (2.8) by denoting Q,A=A for any matrix A.

A

Yi = Xita +2i5+ Vi + & (2.8)

Second, we rewrite the projection onto the space orthogonal to the u;,-transformed (2.8) in the

non-stacked form of (2.9).

Vijr = Xijta+2ij}’3 + 0+ E&ijr (2.9)

We now consider the projection onto the space orthogonal to ¥, and obtain (2.10) after the

projection for the equation that stacked (2.9) over the i-dimension.

Qi¥jr = QuXji o+ Q5215 + Qi (2.10)
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where §j = ($1jes -oos Bijes s Imje)s Xt = Koo ooen Ko X))o 2 = (2o B, 02,
im:(1717 71)/ and éjt:(éljta éijt» gm]t) .
We further obtain (2.11) by denoting Q;A= A for any matrix A.
Vi=Xpa+zm+E 2.11)

Finally, we can rewrite (2.11) in the non-stacked form of (2.12).

Yijr = Xijot + ;7 + € (2.12)

The LSDV estimator applied to (2.5) can be implemented with a two-stage procedure. In the

first stage, we run regressions of each of the variables in (y;;r,X;js,2;;) on (u;,vj); in the second

stage, we run a regression of yfj, on (ij t, ) where y* it ij ; and zf are residuals from the first
stage regressions. Applying the FWL theorem, it can be shown that yl- ", and Xfﬂ are equal to:
# ¢
Vije = Yije =S = Y (vije = i) (2.13)
i=1
# % ¢ %
X = Xije — Xir — . Y (Xij —Xi) (2.14)
i=1
# ¢
Zij:Zij_ii_;Z(Zij_ii) (215)

1 1 1
where Y = - ZJ 1)7Ut,th— ZJ 1let and Z; = ZJ 1let
It is shown in the appendix that

1 n

Yijt = Yijt — Vit — p Y i —¥i) (2.16)
i=1
, . 1 & .
Xijr = Xijr — Xir — . Y (X —Xir) (2.17)
i1
n
Zij=1;;— % — Z zij— %) (2.18)

Once again, we show that the residuals, (2.13), (2.14) and (2.15), are algebraically identical to
the transformed variables, (2.16) , (2.17) and (2.18), respectively, and, therefore, can establish the

following Proposition 2.

Proposition 2: The LS estimator on the transformed model (2.12) is algebraically equivalent to

the LSDV estimator on the model with CTH (2.5).
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If we switch the order of projections by starting with the projection onto the space orthogonal to
u;; first and then to v, we will obtain the same within transformation for balanced data. However,
the order of projections leads to different within transformations for unbalanced data. This issue is

discussed in Section 3.

2.1.3 Models with country-pair and country-time heterogeneity

‘We now consider a model with both CPH and CTH:

Yiie® = X0 +uj+vj+ o+ Ej (2.19)

We obtain the model for the within estimator by the following sequential projection procedure:
first onto the space orthogonal to ®;;, then to v;; (more precisely its transformed version), and
lastly to u; (also transformed). The order of projections does not matter for balanced panel data.

First, we rewrite (2.19) by stacking over the 7-dimension as follows:

Yij = Xij0 + i+ + 0jir +&; (2.20)

/ / / / ! /
where Yij = ()’ijly-“yyijt;---ayijT) . Xl', = (Xijl7""Xijt7"7XijT) , U = (uil,...,ui,,..,uiT) .

V= (le, c Vit ..,VJ'T)/, ir = (1, 1,.., 1)/ and &j= <8ij17---~78ijt7 "'78ijT)/'
The projection onto the space orthogonal to @;; transforms (2.20) into:

QuwYij = QuX;ja+Quu; +QuV;+ Qu&;j (2.21)

We can rewrite (2.21) with the notation of Q,A=A* for any matrix A as (2.22) and as (2.23)

by stacking over the i-dimension.

Vip = Xipotuy+vi+e]y (2.22)

Vi = Xjo+u+viin+e) (2.23)

Next the projection onto the space orthogonal to vjt transforms (2.23) into:

Qv*yz = QV*X;’;O‘ + Qv*u;k + Qv*g;ft (2.24)
7



where Qi = L, = V(V'V) "'V and V =7, -iip.
We can rewrite (2.24) with the notation of Q,,A=A** for any matrix A and the unstacked form
as (2.25):

o= Xa+ul+ef (2.25)
Finally, the projection onto the space orthogonal to u # transforms (2.25) into:
Quinyyy' = Quin X &+ Quanely” (2.26)

where Q,u = I, — U(U'U)U’ and U =u¥ - i,,.
We can rewrite (2.26) with the notation of Qu##A:K for any matrix A and the unstacked form
as (2.27).

Vijt = XijiO+ €ijr (2.27)

where y;j; can be elaborated as:

1 m
~ % %
Yijt = Yijt — Eyzjt’yljt )’ijt_an)’ijt
i=1

or

_ | ]
Vi = Vi = Y Vi Y Vi Z Z Vi (2.28)
i=1 =1

==

In (2.28), unobserved heterogeneity (u;;, vj;, @;;) is eliminated through a covariance transfor-
mation to time demeaned variables (Hsiao, 2003, Chapter 3). Demeaning over time eliminates @
and a covariance transformation of (2.28) eliminates u;; and v j;.

In (2.19), we can apply the LSDV estimator in three steps. First, it can be observed that
(2.19) is a special case of (2.1) in that z; = u;; and zj; = v ;. Therefore, by Proposition 1, we can
establish that applying the LSDV estimator to (2.19) is equivalent to applying the LS estimator to

the following transformed model:

y;'kjt = X ta+utl+v +81 (229)

where y;kjt, X

it u}, and v}ft are residuals from the first stage regressions in which each of the
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variables are regressed against @;.

Second, it can be observed that (2.29) is also a special case of (2.5) because u, and vj, are of
the forms of country-time dummies. Therefore, by Proposition 2, we can establish that applying
the LSDV estimator to (2.29) is equivalent to applying the LS estimator to the transformed model
(2.27). This is because, by applying the FWL theorem, it can be shown that residuals of y?jt and

X¥  from the regressions on dummy variables for u;;, v, and @;; are

ijt
$ * 1 & * 1 1 & *
yijt:yijt_a;)’ijz Z}’Uﬂr Z}mziylﬁ (2.30)
= j 1
$ no1m
Xt]t _X:kjt ZXUZ ZXI_][ Z] m le;kjt (231)
J

From (2.28) and (2.30), we obtain that the residuals of y?ﬁ and X?] , are equivalent to the
transformed variables, y;;; and ii jt » respectively, in (2.27). Here we can establish the following

Proposition 3.

Proposition 3: The LS estimator on the transformed model (2.27) is algebraically equivalent to
the LSDV estimator on the model with CPH and CTH (2.19).

A more elaborated proof of Proposition 3 is given in the appendix. In conclusion, our proposed

within estimator can control for endogeneity problems due to unobserved CPH and CTH.

2.2 Inference and degrees of freedom adjustment

Since the incidential parameters problem causes the standard erorr of the within estimator to be
biased (Neyman and Scott, 1948; Lancaster, 2000, among others), the degrees of freedom have
to be adjusted. We suggest a simple adjustment that extends the standard error adjustment for
two-level panel data and is easily implementable using the regression result output from standard
statistical packages, such as Stata and SAS. We verify the validity of our proposed adjustment for
the standard error estimate by Monte Carlo analysis.

If we run a simple OLS regression of y;;; on X; jt» certain statistical packages may incorrectly

estimate the standard error 67 as:

r =
62— ?:1 ZT:] thlgijt

= 2.32
€ nmT —k ( )

instead of the correct one:



52— 1 Lie (X 18111
8_(11—1)( —1)(T—1)—k

where we lose one degree of freedom for each dimension since we use demeaned variables and

(2.33)

g,- jr are the residuals from the OLS regression.

Without degrees of freedom adjustment the standard error estimates will be underestimated so
that the inference will tend to over-reject the null hypothesis.

The degrees of freedom adjustment for a simple #-test of a univariate case where the null is
Hp : o = 0 can be easily done. The statistic that is used for inference after OLS regression of

Yijr on X,- 1 18 (2.34), but we should instead use (2.35). We can obtain #** simply by multiplying
\/(nfl)(mfl)(Tfl)fk to 1.

nmT —k
Ay 15— 0
1= Lol (2.34)
V&*%¥%ﬁ%XX>
&1 1 —0
1 = S (2.35)

24:1)::‘11):?:13 jt sty
\/(njl)(ml)(Tl)jk (XX)
where (X'X), is the (1,1) element of (X X).

For the unbalanced data case where the number of missing observations is a; and the proportion

of missing observations is 1 —a», certain statistical packages may incorrectly estimate the standard

error Gg as:
T Q
o Lt Xt Xt Eije (2.36)
€ (nmT —a; —k) '
instead of the correct one:
n m T =
n ':12':12:18”1
62 = e (2.37)

az-[(n— 1) (m—1)(T—1)—A

Thus, the degrees of freedom adjustment for a simple ¢-test of a univariate case requires to mul-

tiply \/ az|( - mT al T D=H {6 obtain valid test statistics. Similarly, the degrees of freedom ad-

an a1 —k
D) (m—1)(T—1)—k]"

justment for a standard error requires to multiply the OLS ¢ statistics with \/
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3 Fixed effects transformation for unbalanced three-level data

3.1 Intrinsic and extrinsic missing data

For most bilateral data, a country does not interact with itself by nature, e.g. a country does not
give foreign aid to itself, or cannot be a colony of itself. In such cases, y;; and Xj;; are undefined or
‘missing’. We label them as intrinsic missing data. In addition, there can be genuine missing data
for any country pair ij (i # j) for any time ¢ due to data reporting errors or collection problems.
We label them as extrinsic missing data.

For extrinsic missing data, if data is missing completely at random (MCAR), the LSDV esti-
mator is consistent while the within estimator is inconsistent. For intrinsic missing data, although
it is not random, we can still obtain a consistent estimate from the within estimator® because the
‘missing’ observations are indeed true observations, thus no imputation is plausible. Therefore, if
data is missing completely at random, intrinsic and extrinsic missing data raise the same issue as
far as the within transformations are concerned.

With missing data, we can rewrite our benchmark model as follows:

SijeYije = 8ijeXijr O+ Sijrlhic + SijVjr + 8ijr O;j + 8ijeEije (3.1)

where s;j; 1s a sample indicator which has value 1 if we observe both y;; and X;;; and O otherwise.

For each of the response (y;j;) and explanatory (X;j;) variables, we calculate the mean only
using the observations with balanced data. For instance, in the time demeaning process y;; is
redefined as y;; = %, Zthl Yiji» Where T;; = Zthl s;ijr> in the export-country demeaning process, Vi
is defined as y;; = Nl” leyzl Yiji» where Njy = leyzl s;jr; and in the import-country demeaning process,
Vjr 18 defined as yj; = ﬁ):fyzly,-jt, where Nj; = YN | 51

For balanced panel data, the demeaning orders over dimensions i, j, t have no effect on the
finite sample estimates. However, for unbalanced panel data, depending upon the order of de-
meaning, each within estimator of a different demeaning order provides distinct estimates in finite
samples. There are potentially six distinct within estimators depending upon the order of demean-
ing. The six distinct orders over three dimensions i, j, tare i — j—t,i—t—j, j—i—t, j—t—I,

t—i—j,andt—j—i.

3.2 The effect of missing data to the within estimator

When can missing data be ignored? In this section, we provide conditions for the within estimator

under which we can ignore the fact that certain variables have missing observations. As an exam-

%As the number of countries increases, the effects from intrinsic missing data go to zero.
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ple, we focus on the transformations with the demeaning sequences of t — i — j. The conditions for

the other five within estimators can be derived in similar ways.

3.2.1 Unobserved heterogeneity after the within transformation

For unbalanced data due to missing observations, t — i — j sequential demeaning cannot elim-
inate u; and vj completely, but can eliminate ®;; completely. The first order demeaning can
eliminate unobserved heterogeneity completely. More specifically, the i-dimensional demeaning
eliminates jz-variant unobserved heterogeneity, the j-dimensional demeaning eliminates iz-variant
unobserved heterogeneity, and the 7-dimensional demeaning eliminates i j-variant unobserved het-

erogeneity, as follows:

1
T
SijtOij — Ly Sije Oij = Sije@ij — ——Tijsij0ij =0
T;; Ti;
where the last inequality holds since s;j; = s;;, as the sample indicator for ®;; does not depend on

L.

1
— N iy = siitty — — Nigsiuy =0
—19ijtit ijttit irdit it

Ny Nis

where, similarly, the last inequality holds since s;;; = s, as the sample indicator for u;; does not

SijtUit —

depend on j. And finally, we have

1
N
SijiVji — ]Tzizlsijtvit = SijeVje = 3 NieSjevje = 0
jt jt

where, similarly, the last inequality holds since s;;; = s, as the sample indicator for v, does not
depend on i.

On the other hand, the second and third order demeaning can only partially eliminate unob-
served heterogeneity. Incomplete elimination of u; and v; occurs because non-first order sum-
mations over i, j, t provide distinct values according to the order of summation when there are
missing observations in the i and j dimensions. Equations (3.2), (3.3), and (3.4) provide demeaned
values for unobserved heterogeneity for ®;;, u; and vj, respectively, after the ¢ —i — j within

transformation.
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1 1 1

T N N N T

(Dij = Sijt(x)ij——z lsij,co,-j Ej 1S,‘jt(1)ij—N—Z,: lsij,a),-jJr — Z 1S,J,(D,J
1 jt

T  Ni Ny = 1T
1 v 17 1y 1oy 1 1 1 .
— N 3 s+ 2 — 2N s — 2 — 2N 3l s03.2
B A e e e A e b e ke e R
1y 1 _y 1
= SO = Sy S0 ]ijizlsz'jwij TN S E 1810
+izf.v_1si-a),-~+ Lov = ! — 3N s — Lov | EN sy
Nj =121 N = N J ) N = N J )

=0

1 .. .
where, for the second equality in (3.2), we use T; thls, 10 = T 71} - 5ij@;j, and for ij-variant

variables s;j,, N and T do not depend on ¢ (i.e. s;j; = 5;;,Nit = Ni, Njy = N;).

_ 1 1 1 oy 1y 1
Vit = Sijivji— sz'tzlsijtvﬂ TN S ]\,—ﬂzizlsz'jrvj‘r MRS szt—lsijrvﬂ
1 N 1 T 1 N 1 N 1 N 1 T
+N—jlzz’:1Tisz 1SutV1t+N = N, Zi:lsiﬁvﬂ_]Vilzj:IN_lei:Iijtzlsiﬂvﬂ
1 1
= Sijtht_szszlsijtht_]Vitzljyzlsijtvjt Sljtvjl+N 2] IT L sijvie
1w 1 or 1 1w 1oy 1og
+m2i=1Tier 1Sut"1t+N =Y sijevje — Ntzj lN]tZz 1lezz:1Sijtht (3.3)
1 1 1 1 1 1 1 1
= (—=2 sivi+ =2V =2 sivi)—(——2N T by N, —xI
( T; zflthVJH'Nt ]—lTj 1=15jtVjr) = ( N = lT 1= 1SJtht+N j= let i= ITJ 1=15jVjt)

where, for the second equality in (3.3), we make use of the facts that va 1SijtVjr = 1\}th it
Sijtvjt = SijtVjr, and that for jz-variant variables s;j;, N and T do not depend on i (i.e. sijr = Sj,
Ni =N, Tij = TJ) In the last line in (3.3), the first term is not equal to zero if there are missing
observations in the j dimension and the second term is not equal to zero if there are missing

observations in the i and j dimensions.
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1

Uy = sijtui,—szthlsijtui,—NiﬁZ?]ls,'j,uit—N—j[valsijtu,-t+]\ztzN]T ZT _18ijeUir
+Niﬁ 5\’17}”2? 1Szjt”zt+]¢ =Y 1]\} T Sijettis — ]\}}7 1]\;2?/1;1]2? 15ijtUit
= s,-]-tui,—%jztilsiﬂui,—s,'jtu,', Nllel ls,ﬂu,ﬁ—]\}lzj 1T Zthlsijtui,
+Niﬂzl thjo ls,ﬂu,ﬁu}\}”z ‘11\} TN Sijetti — 1\},-,2 _l;JthVl]}UZT_lsijtui, (3.4)
= (_% tT—lsil”it+]%Z§\’=1%ZzT—lsil”it)+( 1\1]21 1stt“zt+]\} e 1NZ§V:15it“it)
+(A} 2 1;2T21s,~,uﬁ A} 2 1]\1[271;2215,,%,)
= (- ;Zt ls,,u,t—l—]\llzl I;ZtT_lsi,u,-t)—(—Niﬁzy_l%ElT_lsitui,—l—A]] szv 1]\1@2, 171,ZtT | SitUir )

where, for the second equality in (3.4), we make use of the facts that - 1 ZJJV 15ijtlis = 1\}” Nig - sijruir =
sijsuir, and that for iz-variant variables s;j;, N and T do not depend on j (i.e. s;;; = sit, Njy = Ny,
T;j = T;). In the last line in (3.4), the first term is not equal to zero if there are missing observations
in the i dimension and the second term is not equal to zero if there are missing observations in the
i and j dimensions.

Equations (3.2), (3.4), and (3.3) show that the # —i — j demeaning eliminates ®;; completely

but vj; and u;; remain sources of biases. For the one parameter model case, the bias of the within
cov (X, i) + cov(Xg,V)

var(xy) var(xy)
can eliminate only v, completely and transformed ®;; and u;; remain sources of biases, while

estimator is

. It can be also shown that i — j —¢ and i — ¢t — j transformations

J—i—tand j—t—i transformations can eliminate u; completely but transformed ®;; and v,
remain sources of biases. The biases for the other five within estimators can be derived in similar
ways.

Our primary concern is how much bias is left after transformations. Therefore, next we quantify

the bias of our within estimators and compare its magnitude to those of alternative estimators.

3.2.2 Bias due to incomplete elimination after the within transformation

For the 7 — i — j transformation, the bias for the coefficient on x; due to unobserved heterogeneity

can be expressed as:
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@ ~ @ @
. cov(x; , u+v cov(x,u) cov(x;,v
var(x,”) var(x,”) var(x;”)

bias due to incomplete elimination

where x& = Mx,M=1— W(W'W)'W W=X_,, andX_; include all X}, X2, ... , Xgim(X) €Xcept
cov(x® V)
ar(x;)

i-dimensional demeamng, and

Xr. We denote as vy since it is bias due to v, that is not eliminated after the second order

ov(x,? u)
ar(xk )

the third order j-dimensional demeaning and v;.

as u3 since it is bias due to u; that is not eliminated after

Similarly, for t — j —i within transformation, the bias for the coefficient on x; due to unobserved
heterogeneity @j;, u;; and v, can be expressed by:
@2 “ @2
cov(xk i+ V) cov(x, 2,it)  cov(x, ?,V)

plim&2k = 0+ = + 3.6)
var(xk@ ) var(xk@z) var(xk@2)

bias due to incomplete elimination

@2 o @
@ v cov 71 cov(x, <V

where x, > = Mx, and we denote % as up and % as vi.
var(x, %) var(x, %)

The bias arises because the transformed variables have distinct values according to the order of

summations. This is shown in (3.7) and (3.8), where the only difference between u and ii is due to

1 1 1 1 1
. —x N ™, Tz _ Siltiy # z, N = szTzlsi,ui, (3.7)
t it
and the difference between v and v is due to
1 1 l 1 1 1
J

3.3 Monte Carlo simulation

The objective of this section is to quantify how much of the initial bias mv(+(+)u+v) of the pooled

OLS estimator is reduced by each of the six within transformations using Monte Carlo (MC)
simulation. As our focus is unbalanced panel data, our data generating process (DGP) also includes

a missing observations generating process.
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3.3.1 Monte Carlo design

The model we use for all simulations in this section is:
Vijt = 0X1ijt + Bztis + Y22t 4 i + Vv jr + @i + & (3.9)

where x| is an endogenous variable as it is highly correlated with u;, v, and @;;; wi~ iidN(0, 1);
vji ~ iidN(0,1); @;; ~ iidN(0,1); idiosyncratic error &;j; ~ iidN(0,1); and the number of obser-
vations is 2,000 with i =1,...,20, j =1,...,20 and r =1,...,5 .

Our DGP is:

N(0,1 N(0,1
1), 1y =y MOD

N(0,1
( );Zlit:d'uit+

1
x”j,:—[a~u,-t+b~vjt—i—c-co,-j]+T T

1 (3.10)

We consider the following nine sets of values for (a, b, c, d, e): (i) (0,0,1,0,0), (ii) (1,0,0,0,0),
(iii) (0,1,0,0,0), (iv) (1,0,1,0,0), (v) (1,1,0,0,0), (vi) (0,1,1,0,0), (vii) (%,%,1,0,0), (viii) (1,% ,}1 ,0,0),
and (ix) (%,l,i ,0,0). For (i), (i1) and (iii), the bias of within estimators can only be caused by
one type of unobserved heterogeneity. For (iv), (v) and (vi), the bias is caused by two types of
unobserved heterogeneity with equal magnitude. Finally, for (vii), (viii), (ix), the bias is caused
by all three types of unobserved heterogeneity with different magnitudes. The last three processes
are to examine how the bias of different within estimators changes with the relative importance of
different types of unobserved heterogeneity. ’

Thus, given xy;j; , Z1ir » 221 » Wir » Vjr » @;j and &j;, and with true parameter values for ¢ =1,
B =—.5,and y= .2, we obtain y;;, in (3.9). We are interested in consistently estimating o with
the proposed within estimators.

Pooled OLS estimator for ¢ is given by:

cov(xj,uy)  cov(x(,vy) o cov(xy, @)

var(x}) var(x}) var(x})

plimé = a + (3.11)

bias due to u;; bias due tov;; bias due to @j;

where x] is a residual from the regression of xj on zj; and zj;, and we can similarly define uj,
*

jt
22t Our primary focus is to quantify how the within transformation increases/reduces the bias in

v, and a);;- as residuals from the generated data using the regressions of these variables on z;; and

(3.11) and to identify which within estimator causes the smallest bias.

For the t — i — j within transformation, the within estimator for ¢ is given by:

7We also consider DGPs which allow z;;; and z» jr to be correlated with unobserved heterogeneity and the xy;;, but
the qualitative implications are the same as the results in Table 1 and 2.
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cov(®, Ty +77)

plimé = a+ =o+vy+u3 (3.12)

var(x})

bias after transformation
where v; is bias due to v;; which is not eliminated completely after the second order i-dimensional
demeaning and u3 is bias due to u; which is not eliminated completely after the third order j-
dimensional demeaning. We can obtain ¢ for the other five within estimators in similar ways.
In the first MC simulation, missing observations are assigned randomly to y, x, z; and z; using
the following process. We randomly assign a number g from 1 to 2000 for each observation and

then randomly draw 500 missing observations (i.e. 25% missing) from a uniform distribution:

di*x = uniform(0, 1) x 2000+ 1 (3.13)

dk: [d;:];sq:()ifdk:q

where k = 1,2,...,500 and [x] is the largest integer not greater than x.

In the second MC simulation, we increase the proportion of missing data to 40%.

3.3.2 Results

Table 1 reports the finite sample behavior of the within estimators for a. On the left hand side of
the table are sources of biases, on the right hand side are the remaining biases after each of the
transformations. For instance, in the first row where the 198% bias is entirely due to u;, the bias
is reduced to 30.5% after the r — i — j transformation, and 25.8% after the t — j — i transformation,
and so forth. The following implications can be drawn from Table 1:

(i) As long as the direction of bias due to uj, vj; and @;; is the same, all six within estimators
reduce the bias significantly. Even in the worst case (the fifth row), a within estimator reduces the
bias by four-fifths, from 264% to 53.2%.

(i1) The extent of bias reduction varies amongst the six estimators. For instance, in the first row,
the bias is reduced to as low as 0% or as high as 30.5%.

(111) It is possible to completely eliminate a single-sourced bias if an appropriate estimator is
used. For instance, in the first row where the bias is entirely due to u;;, doing the j-dimensional
demeaning first can reduce the bias to 0%, while doing it last will reduce the bias least (with 30.5%
bias left).

(iv) When there are two or more sources of bias, no demeaning sequence can completely elim-

inate the bias.
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(v) Whenever the bias due to @;; does not dominate those due to either u;; or vj, doing the
t-dimensional demeaning later will lead to larger bias reduction. For instance, except for the third
row in which the only source of bias is ®;;, the bias reduction by the i — j —t demeaning sequence
tends to be larger than i — ¢ — j, which in turn tends to be larger than r — i — j etc.

(vi) A corollary of (v) is that, if biases caused by u;;, v, and @;; are of comparable magnitudes,
as at the seventh row in Table 1, doing the 7-dimensional demeaning last is more effective in
reducing bias.

Table 2 shows the same results for the data with 40% missing proportion. As missing propor-
tion increases, the remaining bias after within transformations also increases regardless of the order
of demeaning dimension. However, the relationship between relative importance of biases due to
ujr, vjr and @;; and the order of transformation remains the same as the data with 25% missing
proportion in Table 1.

In Tables 1 and 2, biases due to u;;, vj; and @;; are in the same direction and thus will not
cancel each other. In this scenario, the within estimators estimate & with substantially reduced
bias compared to the pooled OLS estimator. However, this is not the case when biases caused
by different source of unobserved heterogeneity cancel each other as shown in Table 3. In the
table, the sum of absolute biases is 90%, but the total is either approximately 0% or +30%. If
biases cancel each other out, we should observe &iipin,p > Qpooieaors for some transformation p
and Ohyishin,g < Apootedors for some other transformation g with p # ¢. For instance, in all nine
rows of the table, some within estimators have upward biases while other within estimators have
downward biases. In some DGPs and some within estimators, the bias of within estimators can be
greater than the bias of pooled OLS estimator since biases cancel out each other for OLS estimator.

Table 4 provides R? statistics for six within estimators with 25% missing proportion. R? statis-
tics could be useful for choosing among the estimators. Specifically, against the normal rule of
thumb that a model with a larger R? value is preferable, here it is the opposite. It is obvious from
Table 4 that, with one exception, the within estimator with smallest R? is the one with smallest
bias. The intuition behind this result is that when a within transformation eliminates most bad
variation’ of x that is correlated with unobserved heterogeneity, it is also highly likely to eliminate
most ’good variation” of x that is uncorrelated with unobserved heterogeneity. However, this is
also a rule of thumb based on simulation analysis and therefore does not necessarily hold true in
every single case. For instance, in the third row in which @j; is the sole source of bias, the j —1 —i
transformation gives the smallest R> but the second smallest remaining bias. However, even in this
case, the reduction of bias is still very substantial. Furthermore, choosing the within estimator that
gives the smallest R? value should not cause concern because, with a large sample, R? statistics

matter less as the within estimator is precise enough.
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<Insert Table 1,2,3,4 here>

3.3.3 Inference accuracy

Table 5 provides inference consistency of the 7-test under the null hypothesis that the within es-
timator is consistent. For the pooled OLS estimator, the bias due to unobserved heterogeneity is
provided in the first column of Table 5 and is about .80, as the mean of estimate for ¢ is 1.80
while its true value is one. We examine a consistent within estimator for balanced panel data in
the second column and two consistent within estimators for unbalanced panel data with 25% of
missing data in third and fourth columns. The mean value of the rejection probability for z-test
of Hy : a =1 is reported in the fourth row and its coverage values are reported in the fifth row.
The results show that if a within estimator completely eliminates unobserved heterogeneity, the
within estimator is consistent and a usual 7-test with appropriate degrees of freedom adjustment in
section 2.2 provides a valid inference. The estimated mean value of the rejection probability for a
t-test of Hy : o« = 1 is very close to .05 and its coverage always contains true type-I error .05.These
simulation results confirm that our proposed adjustment properly corrects the bias of standard error

estimates.

<Insert Table 5 here>

4 An application: The WTO effect on bilateral trade flows

4.1 The modeling framework

In this section, we apply the proposed within estimator to investigate the effects of GATT/WTO
membership (denoted as WTO membership hereafter) on bilateral trade flows.

The members of the WTO and its predecessor the General Agreements on Tariffs and Trade
(GATT) are required to liberalize their trade regimes toward other members, although exception
clauses are allowed in some cases, especially in relation to developing countries. Accordingly, it
is anticipated WTO membership would increase trade flows. Surprisingly, Rose (2004), the first
empirical study investigating the WTO effects, finds little evidence to support such a proposition.
However, several papers point out that the results in Rose (2004) could be tainted by omission
of important variables (Subramanian and Wei, 2007b; Liu, 2009; Eicher and Henn, 2011; Roy,
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2011).8 Firstly, Rose (2004) did not account for the multilateral resistance terms introduced in
Anderson and van Wincoop (2003), which capture the effects of trade barriers having a larger im-
pact on relatively small countries. Secondly, both trade and WTO membership may be dependent
upon country-time specific conditions for which reliable measures are hard to obtain. For exam-
ple, China was an initial member of GATT in 1948, but then resigned in 1950 in the aftermath
of the civil war, and joined the WTO in 2001. The membership status of China seems to be in-
fluenced by political factors as well as economic factors over the years, and so were its bilateral
trade flows with other countries. Ignoring unobserved bilateral heterogeneity such as cultural and
political ties of pair countries can be another source of potential omitted variable bias (Baldwin
and Taglioni, 2006). To account for these omitted but unobserved variables, we incorporate both
CPH (Magee, 2003; Baldwin and Taglioni, 2006; Baier and Bergstrand, 2007) and CTH terms
(Anderson and van Wincoop, 2003; Subramanian and Wei, 2007a; Magee, 2008; Eicher, Henn,
and Papageorgiou, 2012) in the gravity model as in (4.1).

The WTO membership effect on bilateral trade flows is estimated as follows:

ln(Tij,) = o+ alnYy + (leant + ozlny; + OC4lnyj,
+XijtB +YWTOije + W + 03 + wir +vjs + €ijs 4.1

where the WT O;j; dummy is equal to one if both importer i and exporter j were WTO members in
year t; Y is real GDP measured in purchasing power parity (PPP) terms; y is real per capita GDP;
X is a vector of other determinants, such as regional trade agreement (RTA;j;), currency unions
(CUijy), general system of preferences (GSF;j; and GSPj;), hostility, alliance, distance, area, border,
landlock, island, common language, common religion, colony, colonizer, current colony, current
colonizer, common colony, and remoteness;’ L, represents any unobserved global trend in trade
and aggregate shocks in each year; @j; is country-pair heterogeneity; u;, and v, are importer-time
and exporter-time heterogeneity, respectively; and &;j; is an idiosyncratic error term. Some of the
terms, such as L, u;; and v;; will not be included in the same estimation due to multicollinearity.
Our data-set is obtained from Liu (2009). The data-set covers 216 countries from 1948 to 2003;

8Data and model specification may also contribute to Rose (2004)’s unexpected results. Subramanian and Wei
(2007b) point out the existence of heterogeneity in the GATT/WTO system, e.g. developing countries vs. developed
countries; less liberalized sectors vs. more liberalized sectors; old GATT members vs. new members, and find uneven
impact of the WTO memberships on trade flows. Furthermore, Tomz, Goldstein, and Rivers (2007) re-define the
WTO membership using actual participation rather than formal membership and find the evidence of the positive
WTO effect. More recently, literature also argues that omission of zero observations causes sample selection bias and
shows that inclusion of zero bilateral trade flows results in the postive WTO effect (Liu, 2009; Konya, Matyas, and
Harris, 2011).

9The detailed definitions of the explanatory variables are provided in the appendix.
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deployment of the LSDV estimator to control for both CPH and CTH will require 46,440 country-
pair indicators and 24,192 import-time and export-time indicators as additional regressors.!® To
the best of our knowledge, no previous studies using such large data-sets have controlled for both
CPH and CTH. To circumvent the computational challenges in handling such a large number of

dummy variables, we use the proposed within estimator.

4.2 The equivalence of the LSDV and within estimators

In this section we demonstrate the validity of our within estimator using the LSDV estimation as
the benchmark.

First, we consider a sub-sample with intrinsic missing data only. The sub-sample covers
22 OECD countries from 1951 to 1970.!! TIf the data-set were balanced, there would be 9,680
(=22x22x20) observations. In reality, 4.5% of the observations are (intrinsically) missing, reduc-
ing the sample size to 9,240. With this reduced data-set, it is computationally feasible to estimate
(4.1) using the LSDV estimator as it involves only 650 country-pair and 1,040 country-time dummy
variables. This allows us to compare the results from the two estimators.

The results are reported in Table 6. Besides that of WT' O, we also report the results for a
number of institutional variables for comparison. In columns (1) to (3), we only control for, re-
spectively, time, country-pair, and country-time FEs, while in column (4) we control for all three
types of FEs. The purpose of including different FEs is to demonstrate the importance of control-
ling for both CPH and CTH. As we control for more unobserved heterogeneity, the effect of WTO
membership decreases from 0.67 with time FEs only in column (1) to -.78 with both country-time
and country pair FEs in column (4). Overall, the estimates for the effect of WTO membership and
other institutional variables are very imprecise due to large standard errors.

Columns (5) to (12) report the results from the within estimator. In columns (5) and (6), CPH
is not controlled for, and they are different in terms of the demeaning order. From columns (7)
to (12), both CPH and CTH are controlled for, and again each of them is different in terms of the
demeaning order. The estimates in columns (3), (5) and (6) are comparable to one another as they
all have controlled for CTH, and likewise for the estimates in columns (4), (7) to (12), which all
have controlled for both CPH and CTH. Our results show that the estimates of both LSDV and
the two within estimators are almost identical, and the order of demeaning makes little difference.

These results are not surprising given the small proportion of intrinsic missing data.

10The maximum number of variables that can be defined in Stata 12.0 is 32,767 and the maximum size of a matrix
is 11,000. Containing 70,569 dummy variables in the model inevitably leads to computational problems.

"1Out of 24 OECD countries in 1975, our sample includes only 22 OECD countries. Belgium and Luxembourg are
dropped because they have extrinsic missing observations.
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Next we consider another sub-sample with both intrinsic and extrinsic missing observations.
The second sub-sample consists of 24 non-OECD countries from 1961 to 1980.!> We randomly
select sample countries from non-OECD countries that have about 30% to 40% missing data. A
completely balanced panel would have 11,520 (=24 x24x20) observations, but the actual sample
has 36.5% of the data missing, leaving only 7,308 observations.

The results are reported in Table 7. The GSP variables drop out as no such arrangements
exist amongst the sample countries. Regardless of how we control for unobserved heterogeneity,
we do not find any significant effect of WTO membership on bilateral trade flows. Overall, the
estimates for the effect of WTO membership on bilateral trade flows are very imprecise due to
large standard errors. Though the differences between the LSDV and the two within estimators
are small in general, the discrepancies amongst them are more noticeable than in Table 6. This is
probably because the proportion of missing observations is much more substantial in this second
sub-sample.

For the coefficient on WTO, the comparison between the estimates in (1) and (2) implies that
Cov(x*,0*)
Var(x*)

we can infer that

has a negative sign so that, from the comparison of estimates between (2) and (7)-(12),
Cov(x* u*+v*)
Var(x*)
each other. Using the “smallest R? means smallest bias” rule of thumb, the within estimators in (7)

is positive. This implies that biases due to CPH and CTH cancel out

and (8) are likely to eliminate most biases in absolute value. However, we cannot determine which

of the two estimates is closer to the true parameter value.

<Insert Table 6,7 here>

4.3 Full sample estimation

The estimation results for the within estimator to the full sample of 216 countries from 1948 to
2003 are reported in Table 8. The LSDV estimator is used to produce columns (1) and (2) and
the within estimator is used for columns (3) to (8), as the LSDV is not implementable here due to
the large number of indicators. Fifty-four per cent of the data are missing, leaving us 1,184,525
observations. To keep the discussion focused, for the within estimator, only the estimates that
account for both CPH and CTH are reported.

Unlike in Table 6 and Table 7, the coefficient estimates of WT O in this full sample are sta-
tistically significant at the 1% level and the standard errors are much smaller than those in the

previous reduced samples. This is because with a much larger sample there is sufficient variation

2Non-OECD sample countries include Nicaragua, Bahamas, Bermuda, Belize, Surinam, Qatar, Myanmar, Laos,
Vietnam, Angola, Central African Rep., Guinea, Malawi, Mauritania, Rwanda, Seychelles, Sierra Leone, Burkina
Faso, Zambia, Fiji, Papua New Guinea, Albania, Bulgaria, and Cuba.

22



across countries and/or over time to identify the effect of WTO membership. Controlling for CPH
reduces bias substantially, but the demeaning order has little influence on the estimation results.
Our results clearly show that WTO membership leads to a statistically significant increase in trade
flows between two countries even after accounting for both CPH and CTH.

Based on the “smallest R%” rule of thumb, the results suggest that column (6) gives the least
biased estimates. Despite the fact that the within transformation has removed a substantial portion
of variation in the variables, due to the large number of observations, the estimation is still precise
enough to have small standard errors. According to column (6), if two trading countries have
WTO membership, it will increase their bilateral trade flows by as much as 74%, compared to the
baseline that none or one of them are WTO members. In summary, using the proposed within
estimators, we show that the WTO effect on bilateral trade is not only statistically significant, but

also economically large.

<Insert Table 8 here>

5 Conclusion

This paper proposes a within estimator for three-level data. We show that the proposed within esti-
mator is valid with balanced data. We prove the algebraic equivalence between the proposed within
estimator and the widely used LSDV estimator, and also examine whether the former can replace
the latter specifically for analysis with large data-sets where the latter is not implementable. For
unbalanced panel data, we quantify the potential bias of the proposed six distinct within estimators
and show that the bias is much smaller than those of other popular alternative estimators. In simu-
lation, the proposed within estimator reduces the bias of pooled OLS by more than four-fifths, even
in the worst case. We also provide a method to select a within estimator with the smallest bias using
R?. As an illustration, we apply the proposed within estimator to estimate the WTO membership
effect on bilateral flows. Our results indicate that WTO membership has a statistically significant
and economically large positive effect on bilateral trade flows, which is consistent with the theory
but in contrast to many previous empirical findings that produce little evidence of the WTO effect.
We show that the imprecise estimation in previous studies are probably due to small samples and
improper control of unobserved heterogeneity. The WTO membership effect application indicates
that the within estimator is especially useful when proper account of unobserved heterogeneity is

important while the data-set is too large to apply the LSDV estimator.
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Table 1: Tracing source biases- 25% random missing

Source of bias The order of demean-dimension for within estimators
Ujg +Vijr + 0 Ujs Vit @ tij tji ja itj ijt Jit
(ui,0,0) 198% 198% 0% 0% 30.5% 25.8% 0% 30.5% 5.5% 0%
0,v:,0) 197% 0% 197% 0% 25.7% 30.4% 30.6% 0% 0% 5.6%
(0,0,0;) 200% 0% 0% 200% 0% 0% 59% 59% 11.6% 11.6%
(uir,0,0; ) 265% 131% 0% 134% 30.9% 262% 6.0% 360% 17.1% 11.5%
(uir,v1,0) 264 % 132% 132% 0% 532% 532% 312% 312% 6.1% 6.1%
O,vjr, ;) 265% 0% 131% 134% 262% 309% 36.0% 6.0% 11.6% 17.0%
(uj,v ,t,a)lj) 299% 9% 9% 101% 529% 529% 359% 359% 17.0% 17.0%
(u lt’vét , ”) 300% 170% 86% 44% 42.8% 40.7% 179% 322% 8.7% 5.9%
(u,t,v/’ céj 300% 170% 43% 87% 369% 33.5% 11.3% 33.4% 11.6% 7.3%
(”2” Vit 4’) 300% 86% 170% 44% 40.7% 42.8% 323% 179% 59% 8.7%
(”2” vf ,a),j) 300% 85% 43% 173% 23.0% 21.7% 14.1% 219% 144% 12.9%
(”” Vit zf) 301% 43% 170% 88% 33.6% 369% 33.6% 11.3% 7.4% 11.6%
(”if v{,wij) 301% 43% 85% 173% 21.8% 23.1% 22.1% 142% 13.0% 14.4%

Note: The number of replications is 2,000. (-,-,-) represent common element in unobserved heterogeneity and en-
dogenous x. The first element is u,,, the second element is v, and the third element is @,. u;, vj;, and ®;; are sources
of bias as in equation (3.11).

Table 2: Tracing source biases- 40% random missing

Source of bias The order of demean-dimension for within estimators
Uit +vjr + O Ujs Vit ; tij tji jti itj ijt jit
(1,0,0) 197% 197% 0% 0% 495% 425% 0% 494% 9.8% 0%
0,v:,0) 197% 0% 197% 0% 42.7% 49.7% 49.7% 0% 0% 9.8%
0,0,;) 200% 0% 0% 200% 0% 0% 102% 102% 19.5% 19.5%
(ur,0,0;5) 265% 131% 0% 134% 49.7% 42.8% 102% 57.6% 284% 19.5%
(uir,v jr,0) 264% 133% 132% 0% 82.8% 828% 49.7% 49.8% 9.9% 9.9%
0 jr,0;) 265% 0% 131% 135% 427% 49.7% 57.6% 102% 19.5% 28.4%
(Uit jr, 04 f) 299% 9% 101% 100% 82.8% 82.8% 57.6% 57.6% 284% 28.4%

(u,t,vf’ w”) 300% 170% 86% 44% 682% 653% 29.5% 512% 142%  9.7%
(ult,vf’ w”) 301% 170% 43% 87% 59.8% 55.0% 19.0% 539% 193% 123%

(% ,v],,ajf-’) 301% &% 1711% 44% 66.0% 689% 52.0% 299% 9.9% 14.7%
(”é’,vi’,wu) 301% 8% 43% 173% 387% 36.7% 23.7% 364% 23.8% 21.6%
(F ,v],, 55) 301% 43% 171% 87% 55.0% 59.8% 54.1% 19.0% 12.4% 19.4%
(&, Vé’,a),]) 301% 2% 85% 173% 36.7% 38.7% 36.6% 23.6% 21.5% 23.9%

Note: The number of replications is 2,000. (-,-,-) represent common element in unobserved heterogeneity and en-
dogenous x. The first element is u,, the second element is v, and the third element is @,. u;, vj;, and @;; are sources
of bias as in equation (3.11).
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Table 3: Tracing source biases- 40% of random missing

Source of bias The order of demean-dimension for within estimators
Ui +Vvj + Ojj Uit Vit @ tij tji jti itj ijt jit

(u;r,0,-0; ) -1%" 4% 0% -45% 36.0% 322% -9.6% 27.5% -19% -16.9%
(-uir,0,0;) 1%"* “44% 0%  45% -36.1% -323% 95% -27.7% T7.9% 17.1%
(uir,-vj1,0) 0%"* 4% -44% 0% 4.4% -44% -36.1% 359% 9.0% -9.3%
(-uit,vj1,0) 0%"* -44% 44% 0% -4.6% 41% 358% -36.1% -9.2% 9.0%
0,vjr,-a;j) -1%"* 0% 44% -45% 32.1% 36.0% 27.5% -9.5% -171% -8.0%
0,-vjr, ;) 1%"* 0% -44% 45% -322% -36.0% -27.6% 9.4% 17.0%  8.0%
(Wit jr - @) 30% 30% 30% -31% 509% 509% 27.6% 27.6% -79% -7.9%
(Wit v jr,-0; ) -31% 30% -30% -31% 4.4% -43% -40.0% 27.6% -79% -23.3%
Wir,~V jr, @) 31% 30% -30% 31% 4.4% 43% -27.6% 40.1% 23.4% 8.0%

Note: bias due to # and v, @ and v, and  and u exactly cancel out each other. The number of replications is 2,000.
(+,-,-) represent common element in unobserved heterogeneity and endogenous x. The first element is u,, the second
element is v, and the third element is @,. u;, vj;, and @;; are sources of bias as in equation (3.11).

Table 4: R? and source of biases- 25% random missing

Source of bias The order of demean-dimension for within estimators

Uit +Vjr + O Ui Vit Wj; tij tji jt itj ijt jit

(ui,0,0) 198% 198% 0% 0% 305% 258% 0% 305% 5.5% 0%
(.112) (.103) (.059) (.114) (.068) (.059)
0,v:,0) 197% 0% 197% 0% 25.7% 304% 30.6% 0% 0% 5.6%
(.105) (.110) (.101) (.072) (.061) (.066)
(0,0,0;) 200% 0% 0% 200% 0% 0% 59% 59% 11.6% 11.6%
(.073) (.070) (.065) (.080) (.076) (.073)
(ui1,0,0; ) 265% 131% 0% 134% 309% 262% 60% 36.0% 17.1% 11.5%
(.112) (.103) (.065) (.122) (.084) (.073)
(uir,vj1,0) 264% 132% 132% 0% 532% 532% 312% 312% 6.1% 6.1%
(.149) (.147) (.101) (.114) (.068)  (.066)
0, ;) 265% 0% 131% 134% 262% 309% 36.0% 6.0% 11.6% 17.0%
(.105) (.110) (.109) (.079) (.076)  (.081)
(Wit v e, @; ) 299% 9% 99% 101% 529% 529% 359% 359% 17.0% 17.0%

(.149) (.147) (.101) (.114) (.068)  (.066)

Note: The number of replications is 2,000. R? is provided in parentheses. (-,-,-) represent common element in
unobserved heterogeneity and endogenous x. The first element is u;, the second element is v, and the third element is
;j. i, vjs, and @;; are sources of bias as in equation (3.11).

25



Table 5: Inference accuracy

bias balanced  unbalanced-jit unbalanced-jti
(u3,0,0), mean of bias .79 .00 .00 .00
(u3,0,0), SD (.043) (.053) (.062) (.063)
(ui£,0,0), coverage of coefficient (.997,1.001) (.997,1.002) (.997,1.002)
(u£,0,0), rejection% mean .051 .056 .050
(u4,0,0), rejection% coverage (.042,.061) (.046,.066) (.040,.059)

bias balanced  unbalanced-ijt unbalanced-itj
(0,vj+,0), mean of bias .79 .00 .00 .00
0,v}:,0), SD (.044) (.054) (.065) (.065)
(0,v:,0), coverage of coefficient (.998,1.003) (.998,1.003) (.998,1.003)
(0,v};,0), rejection% mean .049 .052 057
(0,v,0), rejection% coverage (.039,.059) (.041,.062) (.046,.067)

bias balanced  unbalanced-tij unbalanced-tji
(0,0,@;;), mean of bias .80 .00 .00 .00
(0,0,0;), SD (.040) (.053) (.063) (.063)
(0,0,;), coverage of coefficient (.998,1.002) (.997,1.003) (.997,1.003)
(0,0,0;), rejection% mean .056 .046 .045
(0,0,@;), rejection% coverage (.046,.066) (.037,.055) (.036,.054)

Note: The number of replications is 2,000. (-,-,-) represent common element in unobserved heterogeneity and en-
dogenous x. The first element is u;;, the second element is v, and the third element is ¢;;. Balanced column represents
the estimates of the within estimator for balanced panel data.
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Table 8: The WTO effect on trade flows

LSDV estimator Within estimator
)] 2) 3) “) ) (6) (7 (8)
WTO 1.30%#*  1.Q7*%* | JO**k  Qukx - JwEEk  GLwEwEk o JSEEkw JHRwE
(.04) (.04) (.06) (.06) (.06) (.06) (.06) (.06)
RTA 1.27%%%  @TH*% | Q1F*k  GwEE  G4wEE QIR p4ukE G4HkE
(.07) (.07) .07) .07) (.07) (.07) (.07) (.07)
CcU 1.58%#% 3 53%wk | D OFHF* D TTHRHE D OTHEH QTR D 62 HkK D O2H*KE
(.15) (.28) (.25) (.25) (.24) (.24) (.24) (.24)
GSP, 2.88%#* ] 25%%% | ] 68F**F  [TIHEE ] 83HkE ] .60%F**F .80k ] TH**
(.07) (.08) (.10) (.10) (.11 (.10) (.11) (.11)
GSP; 3 03HkE ].Q0%H* | ] 73HHkE ] J4HEE ] SeFEE 1 TOFRE ].64%FF ] .68%F*
(.06) (.08) (.10) (.10) (.10) (.10) (.10) (.10)
R? 507 - .034 .035 .020 017 018 .020
Time FEs yes yes yes yes yes yes yes yes
Country-pair FEs no yes yes yes yes yes yes yes
Country-time FEs no no yes yes yes yes yes yes
Demean order no no tij tji jti itj ijt jit
Num of Obs 1,184,525

Note: Cluster (country-pairs) robust standard errors are reported in parentheses. Please refer to the footnote in Table 5
for the details of controls. ***, ** and * mean that the estimated coefficient is statistically significant at the 1%, 5%,
and 10% level, respectively. For the within estimates, cluster-robust standard errors are reported with the degrees of
freedom adjustment in section 2.2. The column (2) is implemented with the within estimator in two-level data index.
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A Data descriptions

Data on nominal bilateral trade flows are drawn from the IMF’s Direction of Trade Statistics, data
on nominal GDP and GDP per capita are drawn from the Penn World Table (PWT) 7.0, and data on
GDP deflator are drawn from the U.S. Department of Commerce’s Bureau of Economic Analysis.
PTA data are constructed from the Regional Trade Agreements Information System (RTA-IS) of
the WTO and data on the GATT/WTO membership are also drawn from the WTO website. Our
measure of PTAs include customs unions and free trade agreements. Data on distance, shared

border, common language, common colony, and common legal origin are from CEPII.
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Table 9: Description of variables used in gravity regressions

variables description

Tij is the c.i.f. import of i from j in year ¢

InYy log real GDP for import-country i

Distance;; is the great-circle distance between i and j

Area is the geographic area of a country

Borderi; dummy equals one if i and j share a land border

Landlock; is the number of landlocked countries for a pair (0, 1, or 2)

Island; is the number of island countries for a pair (0, 1, or 2)

ComLang;; dummy equals one if i and j share a common language

ComRelig;; dummy equals one if i and j share a common religion

Colony;; dummy equals one if i has ever been a colony of j

Colonizer;; dummy equals one if i has ever been a colonizer of j

CurColony;j, dummy equals one if i was currently a colony of j in year ¢

CurColonizer;j; ~dummy equals one if i was currently a colonizer of j in year ¢

ComColony;; dummy equals one if i and j have ever been colonized by the same
colonizer

Remote;j; is the distance of a country pair to the rest of the world

weighted by all the other countries GDPs in year ¢
GSP,;j; (GSPj;)* dummy equals one if i (j) offered GSP to j (i) in year ¢

Hostility; ;" is the military conflict intensity between i and j

Alliance;j;** dummy equals one if i and j were in a formal alliance in year ¢
WTO;j dummy equals one if both i and j were GATT/WTO members in year ¢
OneWTQO;j dummy equals one if either i or j was a GATT/WTO member in year ¢
CUijt dummy equals one if i and j used the same currency in year ¢

RTA;j; dummy equals one if i and j belonged to the same regional trade

agreement in year ¢

(Note) *: The Generalized System of Preferences (GSP) was adopted at UNCTAD II in New Delhi, India, in 1968.
Its objective is to allow developing and least-developed countries to increase their export earnings, promote their
industrialization, and accelerate their rates of economic growth through reduced or zero tariff rates over MFN rates
in more developed countries. **: The Militarized Interstate Dispute Dataset (Ghosn and Palmer, 2003) provides
information on conflicts in which one or more states threatened, displayed, or used force against one or more other
states. They assign an ordinal number to each conflict, with higher numbers representing higher hostility. ***: The
Formal Alliance data-set (Gibler and Sarkees, 2004) seeks to identify each formal alliance between at least two states
that fall into the classes of defense pact, neutrality or non-aggression treaty, or entente agreement.
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B A proof of Proposition 3
We consider the following equation for transformation:
Yijt = Xijt O+ uir +vj + 0;j + &jr

where i =1,2,...nand j = 1,2,...m are country identifiers and t = 1,2,...T the time identifier.

In matrix format, we can rewrite:

y=Xoa+u+v+Dyo+e (B.1)

Where Y = (Y111,Y1125 s YIIT Y1215 - V12T Y131y Y1mly o YImT Y2115 -+, V21T s Y221 -3 Yuml s -3 YT )
isam xnxT by 1 vector. In matrix format, we stack over ¢ first, then over j and, finally, over i.

Qw =Ir— DW(D;VDW)ilD;V

IT iT
Ir ir
Qw = X -
Ir ir
I . -1 I
o/ . o
/ . /
1s o
IT TlTlT
1s o
IT TlTlT
Qw = -
1s o
IT TlTlT
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1s o

IT — TlTlT
1s o
IT — TITIT

Qw:

1s o
IT_TlTlT
whereir isa T x 1 column vector of 1, Qyisam xnxXT bymxn x T matrix and DyisamxnxT
by m X n matrix.

Therefore, we obtain:

1
1s o

Iy — Firip yi2

1e o

IT — TlTlT

Qwy = R Yim

Y21

1s o
IT — TlTlT

ynm

where y11 = (V111,)112, ---,y117) and, similarly, Yam = Vumls Yam2s -5 YT )’ -

= I
Yyt =Y =1

- J— £ 3
Y112 =11 = V112

Qwy = | Yimr —Vim = YimT
Y211 — Vo1 EYEH

- %
YomT — Ymn = YumT

where y;; = %Zthl Vit Yim = %ZL] Yimes and y,,, = %Zthl Ynme- Therefore, pre-multiplying by
Qy demeans variables using the mean over 7.

We can rewrite (B.1), after pre-multiplying it by Qy, as follows:

*

* * * *
Yijr = leta+uit+vjt+8ijt

In matrix format, we can rewrite:

y =X +Dyu* +v* +€* (B.2)
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* * * * * * * * * * * * * *
where y* = (Y711, Y1215 o Y im1: Y1120 -0 Yim2o Y1130 Yim3s s YimT s Ya11s -+ Yom12 Y3125 s Yni T+ - YoumT )
isam xnxT by 1 vector. In matrix format, we stack over j first, then over ¢ and, finally, over i.

Qu = Im - Du(D;Du)_IDL

Im lm
Ly im
Qu = -
Im lm
i . -1 /
i, in i,
I . li
i, in i,
I . i
i, in i,
1e o
L, P 1) B8
1s o
L, Ay,
Qu = -
1s o
L, iy,

where i, isam x 1 column vectorof 1, QuisamxnxT bymxnxT matrixand DyisamxnxT
by n x T matrix.

Therefore, we obtain:

YT
Ly — %lmlgn yTZ
Ly — Ly, :
Quy” = Yir
Y31
Ly — Lipi, :
Yot

/ . . !
where y1; = (V11 1,)1215 - Y1) and, similarly, yiopr = (Vi1 Viors - Yomr) -
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* — — . #
Y11 = Y1 =1
* —*x __ #
Y121 = V11 = V121

* * —  — #
QuY' = | Yiur —Vir =¥inr
* —*x _ #
Ya11 = Y21 = X211

* ok — L #
yan_ynT :yan

where yj, = %ZTZI Yijts ir = #Z?:l V] jr» and Vor = %Z’}’: 1 YnjT- Therefore, pre-multiplying
by Qu demeans variables using the mean over j. We can rewrite (B.2), after pre-multiplying it by

Qu, as follows:
#

# # #
Yije = Xij 00+ Vi + €7

ijt

In matrix format, we can rewrite:
y' =X*a+ Dy +¢* (B.3)
We stack over i first, then over ¢ and, finally, over ;.

Q,=I,—D,(D.D,) D,

1s o
I, =i,i
1s o
I, i,
where i,, isan x 1 column vectorof 1, Qyisam xnxT by mxnxT matrix and DyisamxnxT

by m x T matrix.

Therefore, we obtain:
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#
Y11

1. & #
L, — 2, Y12

va# = . y?T

#
Y21

1s o

#

ymT
# o # # # o\ L 4 # # # v

where yi; = (11,5511, Y1) and, similarly, Yy r = 7,75 Y570 - Yomr) -

# —# —
Y111 — Y11 =Y
# #
Y211 = Y11 = Y211

# o~
Qvy" = y#jle _)—’#iT = YnlT
y#l#Zl _)731 =121

# o
YumT — Ymr = YnmT
Therefore, pre-multiplying by Qy demeans variables using the mean over i. We can rewrite

(B.3), after pre-multiplying it by Qy as follows:

Vije = Xijt 0 + Eji (B.4)

In conclusion, we establish that sequential least square dummy variables approach on (B.1),
(B.2) and (B.3) is equivalent to the within estimator with our proposed transformations of variables
asin (B.4).
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