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OA1 The TPSFE Estimator

OA1l.1 Key properties of the TPSFE estimator

As highlighted in section 6 of the paper, the fundamental reason for omitted variable and selection
biases to arise is the missing information on key variables. Once the variation of these missing
variables is properly controlled for, both omitted variable and selection biases will disappear. In
large customs databases with four panel dimensions (i.e., firm, product, destination and time),
fixed effects provide a natural tool to control for unobserved confounding variables.

However, due to endogenous market decisions of firms, correctly controlling for the desired
variation of the unobserved variables that vary along multiple panel dimensions is a non-trivial
task. The key difficulty is to design partition matrices that can account for the unbalanced panel
structure and correctly eliminate the variation of unobserved confounding variables. The most
relevant reference to our TPSFE demeaning procedure is Wansbeek and Kapteyn (1989), who
consider an unbalanced panel with two panel dimensions and two fixed effects.

The econometrics contribution of our TPSFE estimator is to (a) improve the partition matrices
proposed by Wansbeek and Kapteyn (1989), (b) generalize it into a four-dimension unbalanced
panel and (c¢) apply the method to the estimation of markup elasticities in a large customs database.
In particular for (c¢), thanks to the simplicity and transparency of our method, our TPSFE approach
makes it easy to understand the underlying variation that is used to identify the markup elasticity
to exchange rates. The approach points to the relevance of including trade patterns of firms’

products to controlling for unobserved confounding variables.

Proposition 1. In an unbalanced panel, our proposed TPSFFE procedure eliminates all confounding

variables that vary along the fidD + fit panel dimensions.

We start by introducing Proposition 1, which states that our TPSFE procedure can address all
omitted variable and selection biases that are driven by variables varying along the fidD+ fit panel
dimensions. For example, the unobserved marginal cost of a firm’s product varies along fit panel
dimension, while the differences in time-invariant demand conditions across markets facing a firm’s
product vary along fid panel dimension. The additional D in fidD further allows for unobserved
firm-product-destination-specific factors that co-move with the trade patterns of the firm-product.
For example, a change in economic fundamentals F; that has firm-product-destination specific
effects and influences the set of destination markets of the firm-product will result in variation
along the fidD panel dimension, which can be controlled by our proposed estimator.

We proceed as follows. Subsections OA1.1.1 to OA1.1.3 discuss the key idea and mechanism be-
hind our estimator and compare it to the partition matrices proposed by Wansbeek and Kapteyn

(1989) in a two-dimensional panel. Subsection OA1.1.4 provides a numerical example to clar-



ify our notation and discussions. Subsection OA1.1.5 generalizes the results to four-dimensional

unbalanced panels.

OA1.1.1 Identifying the markup elasticity in a two-dimensional unbalanced panel

In this subsection, we discuss the identification of the markup elasticity in a two-dimensional
unbalanced panel and introduce two useful lemmas that lay the foundation for the proof of Propo-
sition 1. The idea is that identifying the markup elasticity and controlling for the unobserved
confounding variables in a large customs database with four panel dimensions can be thought of as
a collection of many smaller firm-product level problems that each have two panel dimensions, i.e.,
destination (d) and time (¢). In those more refined two-dimensional problems, Lemma 1 shows the
original partition methods of Wansbeek and Kapteyn (1989) can be decomposed into a two-step
procedure with the second step implicitly applying a trade pattern related partition.

Lemma 1. In a two-dimensional unbalanced panel, factors varying along the d+t panel dimensions
can be eliminated using a two-step procedure by which, in the first step, all variables are demeaned
across observed destinations within each period and, in the second step, destination (d) and trade
pattern (D) fized effects are applied additively, i.e., d + D.

Building on the insights of Lemma 1, Lemma 2 shows a better estimator can be constructed
to deal with more complicated cases, where the unobserved confounding variables vary along the
dD 4+t panel dimensions. The key idea is that, in the second step of the procedure, we can combine

the d and D fixed effects interactively instead of additively.

Lemma 2. In a two-dimensional unbalanced panel, factors varying along the dD + t dimensions
can be eliminated in a two-step procedure in which all variables are demeaned across observed
destinations within each period in the first stage and destination (d) and trade pattern (D) fized
effects are applied multiplicatively, i.e., dD, in the second stage. This procedure also eliminates all

confounding factors that the d +t fized effects can address.

OA1.1.2 Proof of Lemma 1

The proof proceeds with two steps. In the first step, we construct a demeaned fixed effect esti-
mator following Wansbeek and Kapteyn (1989). In the second step, we show that the constructed
estimator implicitly applies trade pattern fixed effects.

Step 1: Let nP (nP < n”) be the number of observed destinations for year t. Let n”” =

>, nf. Let A, be the (nf x n”) matrix obtained from the (n” x n”) identity matrix from which



the rows corresponding to the destinations not observed in year ¢ have been omitted, and consider

7 7 Al AanD
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where ¢, is a vector of ones with length z, e.g., 1,0 is a vector of ones with length n”. The
matrix Z gives the dummy-variable structure for the incomplete-data model. (For complete data,
71 = tyr @ Iyp, Zy = I,v @ t,p.) Define

Py = Lyor — Zy (Z475) " Z)
Z = PQZl.

Wansbeek and Kapteyn (1989) show P is a projection matrix onto the null-space of Z:
P=P—2(22) 2

where ‘" stands for a generalized inverse. It follows that, in an unbalanced panel with unobserved
confounding variables varying along d and ¢ panel dimensions, unbiased and consistent estimates
can be obtained by running an OLS regression with the demeaned data obtained by pre-multiplying
the data matrix (Y, X) by the projection matrix P.

Step 2: We now show the projection matrix P can be decomposed into two projection matrices
with the second projection matrix applying destination and trade pattern fixed effects in additive

terms. We begin by noting that the following relationship holds:
P = P2 — Z(Z/Z)_Z/ = (]nDT — Z(Z/Z)_Z/)Pg = P1P2 (OA1-2>

where P, = I,or — Z(Z'Z)~ 7' and the equality of (OA1-2) uses the fact that P, is idempotent (i.e.,
Py 7| = PyP,Z| = P,Z). Therefore, applying the projection matrix P to the data matrix (Y, X)
is equivalent to first pre-multiplying (Y, X) by the projection matrix P, and then pre-multiplying
(PY, P,X) by the projection matrix P;. The projection P, applied in the first step is essentially
a destination-demean process (the same first step as our TPSFE estimator).! The projection P
applied in the second step is, by definition, a “demeaning” process at the Z level. To see the exact
dummy structure based on which the second “demeaning” process is applied, note that Z can be
rewritten as

7 =PyZy = Zy — Zy(Z42,) " 252, (OA1-3)

1See the numerical example in subsection OA1.1.4.



where Z; is a set of destination dummies as defined in (OA1-1) and Z, (Z42Z,)~" Z}Z, is a set of
trade pattern dummies.

To see that Z, (Z57,) " Z4Z; follows a trade pattern structure, note that Z, (Z57,)~" Zb is a
block diagonal matrix with its diagonal blocks equal to a matrix of ones multiplied by (the inverse

of) the number of destinations in each period, i.e.,

_ 1 1
Zy (Z475) " 7, = diag (—DAlanL;DA’l, s TAannDL;DA;D>

ny n,r
=di L ! ! ! OA1-4
= diag @Ln{nn{a, s @LHDT%ST ( -4)
where the first equality holds by the definition of Z, in (OA1-1) and given the fact that (Z}Z5) " is
a diagonal matrix, with its elements indicating (the inverse of) the number of observed destinations
in each period, i.e.,
_ 1 1 1
ZyZ5)" = diag | —5, —55+ - - | ; OAL-5
Z3)" = ding (o ) (0A1-5)
the second equality in (OA1-3) holds by the definition of the A matrices in (OA1l-1). Pre-
multiplying Z; by Z, (Z47,)"" Z} and using the definition of Z;, we have

1 /
nPLnlDLnlDAl

Zy (Z42) " 282, = : (OA1-6)
nn%TLnfT LI”ST AnD
where ¢/ , A; gives the trade pattern in year ¢ and pre-multiplying it by L,p repeats the same trade
pattern n” times—resulting in the trade pattern matrix for all destinations in period ¢.2
Therefore, the second “demeaning” projection matrix P, = I,or — Z(Z'Z)~Z' is applied on
7 that consists of two additive parts: (a) the destination dummies Z; and (b) the trade pattern
dummies Z, (Z42) " Z4 7.

OA1.1.3 Proof of Lemma 2

A key difference between our proposed TPSFE estimator and a conventional fixed effect estimator
adding destination and time fixed effects lies in the way the trade patterns are applied in the
second step. While the conventional approach applies the destination and trade pattern fixed
effects additively (as can be seen from (OA1-3) and (OA1-6)), our estimator applies the trade
pattern fixed effect multiplicatively.

2See Appendix OA1.1.4 for an numerical example of the matrices.



We start our proof by introducing notation and definitions. Denote the set of exporting desti-

nations in year t as D;.> Let TP be the set of unique trade patterns in all years, i.e.,
TP ={Dy,..., DnT}7é (OA1-7)

and n””7 = |TP| be the number of unique trade patterns. Let TP, denote the x'th element of
TP. We create destination-specific trade patterns by combining the destinations in a trade pattern
with the trade pattern itself, i.e., {(d, TP,) : d € TP,}. Let DT P be the set of destination-specific

trade patterns, i.e.,
DTP={(d,TPy):de€TPy1,...(d, TPyrp):d € TP,77}.

Let nP77 = |DTP| be the number of unique destination-trade pattern pairs observed in the data.

The dummy structure of destination-specific trade patterns is given by the following (n?T x
nPTP) matrix:
By Ky -+ Ky,7P
Zy = : = : : (OA1-8)
B,r K,ry -+ K,r,7p

D

where B, is an nP” x nP7?

matrix indicating the destination-specific trade patterns in period t.
Each B, can be decomposed into n7” block matrices with its y’th block being equal to an identity
matrix if the trade pattern of period ¢, Dy, is the same as the y’th trade pattern, 7P,, and a
matrix of zeros otherwise. That is, Vo € {1,....,nT},y € {1,...,n7 7},

I, if D, = TP
Kpy=4 " / (OA1-9)
002,y I Da# TPy

where I,,p is an identity matrix of size n?; 0,.05nD(y) IS & matrix of zeros of size n? x n2,(y); and
n2s(y) = |{d : d € TP,}| is the number of destinations in the y’th unique trade pattern 7P,,.
Let the projection matrix be P3P, where Py = I,pr — Z3 (Z{,)Z;;)f1 Z4. The first projection Pp
is the same destination-demean process, whereas the second projection P applies demeaning at
the destination-trade pattern level. As discussed in previous sections, the interactive construction
of trade pattern fixed effects enables us to handle interactive error terms and reduce the time

variation of the unobserved confounding variables.

3In a vector form, 1! p Ay indicates the set of destinations in year ¢.
t



To formally prove Lemma 2, we need to show that

PyPy 7y = 0,
P3P2ZQ = 07
PsP7Z, = 0.

We begin by noting that the second relationship holds by definition (of P,):
PsPyZy = [Lyor — Zs (Z473) " Z§|[Lyor — Zo (Z425) " Z4) Zy = 0.

We prove P3sP,Z; = 0 and P3P,Z3 = 0 by relying on two relationships that we state here
and prove later in the text. First, the two projection matrices T3 = Z3 (Zng,)_1 ZL and Ty =
7y (Z525) 7" Z} commute:

15Ty =TT, (OA1-10)
Second, T3 projects Z; to itself:
137, = Z;. (OA1-11)
Given (OA1-10) and (OA1-11), it follows that

PPy 7y = [Lor — T3][Ior — To) Zy
=72 — 132, + 131270 — TaZ4
=T5T57, — Ty 7,
=1T37, — Tz,
=ToZ1 — 17,
=0

where the second equality is due to (OA1-11); the third equality holds due to the commutativity
(OA1-10); the fourth equality applies (OA1-11) one more time. Following the same procedure, it
can be shown that P3P 25 = 0.

We complete our proofs showing that (OA1-10) and (OA1-11) hold.

Proof of (OA1-10):

Proof. We want to prove that the two projection matrices Zs (Z4Zs) ™" Z4 and Zy (Z}Z) " Z} com-
mute. We do so by proving that the product of these two matrices Zs (Z473) " Z4Zy (Z}Z) " Z}



is symmetric.
Zs (Z473)"" Z} can be written as:

By (Z4Zs)"' By -+ Bi(Z4Zs)" Bls
Z3(Z47s) " Zy = : : (OA1-12)
B\ (Z,Z3) ' Bly -+ Bur(Z373)" By

The blocks of Zs (Z4Z5)~" Z} can be further simplified using the following two observations.
First, (Z4Z5)"" is an n?7% x nPTP diagonal matrix with its elements indicating (the reverse of)

the number of repetitions for each destination-trade pattern pair, i.e.,

1
AAREN DY Béﬂs)
t
— -1
Zt KKy - Zt K|, K,r
L Zt KznTKtl T Zt KgnT’P ‘[(tnT73
— —1
Tirpfn%,u)
_ Tl re
. 1 1
= diag W[n%’(l)’ ey m[ngp(nﬂ:) (OA1-13)

where r77 = |{t : D, = T'P.}| is the number of periods that the trade pattern 7P, is observed
for z € {1,..,n7"}. The third equality holds as K}, K;; = 0 Vh # j and K, K;; = I,p Yh = j by
definitions of (OA1-8) and (OA1-9).

Second, the (h, j) block of Zs (Z4Z3)"" Z4, i.e., By (Z4Z3)~" B, is equal to a matrix of zeros if
the trade pattern of period h is different from that of period j and is equal to an identity matrix

multiplied by a scalar if the trade pattern of the two periods is the same:

- 1 +I.0 if D= D;
Bi(Z3Z) ' Bj= Y mpKulp, oK. =" " S (OA1-14)
r TP Jz .
z€{1,..nTP} % O”E an’ if Dy, 7£ Dj

where r? = |{t : D; = D,}| is the number of periods that the trade pattern D, is observed.
Finally, from (OA1-12) and (OA1-4), Zs (Z4Zs)~" Z4 2y (Z}Z5) " Z} can be decomposed into



nT x nT blocks:

T = Z3(Z,23) " 2425 (25 25) " Z)

/ -1 1 / / =1 1 /
By (ZZ3) " Bibstptl o Bi(Z32)™" Blaidtue, i,

! -1 1 / / -1 1 /
Bl (Z3Z3) BnT?Ln?bnlD e BnT (Z3Z3) BnT "nTTLnST LnfT

where block (z,y) of T is given by
T(z,y) = B, (Z32Z3)

From (OA1-14), it is straightforward to see that T'(z,y) = T'(y,x)’. That is, if the trade pattern

of period x is the same as that of period y, then T'(z,y) = T(y,z) = ﬁ%gb;g = W%g%?; if

the trade pattern of period x is different from that of period y, then T'(x,y) = T'(y, )" = 0,0 xnD -
Now, given that Zs (Z473) " 24, Zo (Z42,)~" Z}, and T are all symmetric, it follows that

T = Zs (Z323) " ZL 2y (Z52,) " Z) = T' = Zy (Z425) " 225 (Z575) " ZL.

[l
Proof of (OA1-11):
Proof. From (OA1-12) and the definition of Z; in (OA1-1), we can write 732, as
> Bi(Z37s) " BiA:
132, = :
> Bur (Z373) " BlA;
Using (OA1-14), we have
LA, =%5A, ifD,=D
B, (Z3Z3) ' ByA, =% v ! (OA1-15)

0,050 if D, # D,



With (OA1-15), it follows that

1
Zt:Dt=D1 ?Al Al
T3Z1 - - - Zl-
A
Dy=D o D ApT A
Zt-Dt*DnT TfT n nT

]

OA1.1.4 A numerical example with projection matrices to visualize differences across

estimators

To clarify how the estimator works, we now spell out all the key matrices from the above discussions
and provide a numerical example. For illustrative purposes, we use a much simpler data generating

process:

Pat = Bo + Brear + Bamay
ear = Oe(Mar + Uar)

Mmar = Vg + € + Ya * v
with the following reduced form selection rule:

observed it v9 + yea + yoma <0
Pat = .. .
missing if v +vea +v2ma >0

where vy, €, ¥, vy and ug are simulated from a standard normal distribution. We set o, to be
0.5 such that the bilateral exchange rate shocks are slightly less volatile than the idiosyncratic
marginal cost shocks. We set 1 = o = 1 such that an exchange rate appreciation of the home
currency and a positive marginal cost shock increase the border price denominated in the home
currency. This also implies a positive omitted variable bias. We set 74 = —0.1 and v, = 1 such
that the selection bias is also positive. The magnitude of v, is set to be smaller than that of 7,
to reflect the fact that the aggregate shocks (such as bilateral exchange rates) is less detrimental
for the firm’s entry decisions compared to idiosyncratic factors (such as the unobserved marginal
cost). We reduce the number of destinations to 5 and the number of years to 4 to keep the size
of the matrices tractable. To keep the example clean, we only allow for two distinct values of the
factors affecting the time variation of the unobserved marginal cost (i.e., €, and v;). We set 7q
such that half of the observations (destination-year pairs) are dropped.

Table OA1-1 shows one particular realization of such a data generating process. The firm

exports in all four periods, and its decisions generate two unique trade patterns. In the first two



years, the firm exports to destinations 2, 4 and 5. In the last two years, the firm exports only to

destinations 4 and 5.

Table OA1-1: Simulated Data

Year Destination Trade Pattern

245
245
245
245
245
245
4.5
4.5
4.5
4.5

=R W W N NN
U = O = O = N O = N

Pat

-0.072
0.178
-1.138
0.455
0.636
0.068
-0.313
-0.315
-1.099
-0.747

€dt

0.155
-0.092
-1.252

0.682

0.366
-0.046

0.689

0.071
-0.097
-0.360

mdg

-0.227

0.270
0.114

-0.227

0.270
0.114

-1.002
-0.387
-1.002
-0.387

€t

0.843
0.843
0.843
0.843
0.843
0.843
-0.191
-0.191
-0.191
-0.191

Ut

0.277
0.277
0.277
0.277
0.277
0.277
1.117
1.117
1.117
1.117

Z1 is the matrix that contains the destination dummies. To economize on the matrix size,

we only create dummies for destinations that are observed, i.e., we do not create dummies for

destinations 1 and 3. For example, the first column of Z; reports the observations in which the

firm sells to destination 2. From the matrix, we can see that the firm sells to destination 2 two

times. Z, is the matrix that contains the year dummies. Z3 gives our proposed destination-specific
trade pattern dummies. As defined in (OA1-8) and (OA1-9), it is constructed by interacting

the destination dummies with the trade pattern dummies. For example, the first three columns

represent the dummy structure for the destinations related to the 2_4_5 trade pattern, i.e., 2—2.4_5,

4 —245 and 5 —2.4.5. Similarly, the last two columns represent the dummy structure for the
destinations related to the 4_5 trade pattern, i.e., 4 — 4.5 and 5 — 4.5.

1 0 0]
01 0
0 0 1
1 0 0
01 0
=0y o 1| 27T
01 0
0 0 1
01 0
0 0 1]

'cocoocococoor

O O O O+ =B OO O

O OB H OO OO OO O

10

I»—lb—'OOOOOOOOI

Zs =

' cocoococor oo~

O O O O O = O O = O

O O 0O O~ O O = OO

O R O O O O O O O

= O =, O O O O O © ©

(OA1-16)



From these, we can see clearly that P; is a destination demean process.

[ 0.67
—0.33
—0.33

.
I

O O O O o o o

—0.33

0.67

—0.33

—0.33

—0.33

o O O O O o o

0.67
0

S O O O O O

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0
0.67 —-0.33 —0.33 0 0 0 0
-0.33 0.67 —0.33 0 0 0 0
-0.33 -0.33 0.67 0 0 0 0

0 0 0 0.50 —0.50 0 0

0 0 0 —0.50 0.50 0 0

0 0 0 0 0 0.50 —0.50

0 0 0 0 0 —0.50 0.50

By way of example, for the first observation, 2/3p1; — 1/3pa; — 1/3ps1 = p11 — %(pu + pa1 + ps1)-

As discussed in subsection OA1.1.2, Zy (Z57,)"" Z4Z, follows a trade pattern structure and
7 suggests an additive relationship between the destination dummies Z; and the trade pattern
dummies Z, (Z42,) " Z4 7,

Zo (252571 202 =

As we can see from (OA1-17), the projection P does not follow a particular structure.

0.33

0.33

0.33

0.33

0.33

0.33
0

0
0
0

0.33
0.33
0.33
0.33
0.33
0.33
0.50
0.50
0.50
0.50

0.33
0.33
0.33
0.33
0.33
0.33
0.50
0.50
0.50
0.50

7 =7y — Zo(Z52,) " 287, =

0.67
—0.33
—0.33

0.67
—-0.33
—0.33

0
0
0
0

—0.33
0.67
—0.33
—-0.33
0.67
—-0.33
0.50
—0.50
0.50
—0.50

—0.337]
—0.33
0.67

—0.33
—0.33
0.67

—0.50
0.50

—0.50
0.50 |

Therefore,

our two-step decomposition P = P; P, discussed in subsection OA1.1.2 helps to unveil the key

economic mechanisms behind the statistical projection.

[ 0.46
—0.29
—0.17
—0.21
0.04
0.17
—0.13
0.13
—0.13
| 0.13

—0.29
0.46
—0.17
0.04
—-0.21
0.17
0.13
—-0.13
0.13
—-0.13

—-0.17
—-0.17
0.33
0.17
0.17
-0.33

0

0
0
0

—-0.21  0.04 0.1 -0.13 0.13 —-0.13
0.04 -0.21 0.17 0.13 -0.13 0.13
0.17 0.17 -0.33 0 0 0

0.46 -0.29 -0.17 -0.13 0.13 -0.13
-0.29 046 -0.17 0.13 -0.13 0.13

-0.17 -0.17 0.33 0 0 0
-0.13  0.13 0 0.38 —-0.38 —0.13
0.13 -0.13 0 —-0.38  0.38 0.13
-0.13 0.13 0 -0.13  0.13 0.38
0.13 -0.13 0 0.13 -0.13 -0.38

0.13 ]
—0.13
0
0.13
—0.13
0
0.13
—0.13
—0.38

0.38 |

(OA1-17)

Let Y = [-0.072,0.178, —1.138,0.455,0.636, 0.068, —0.313, —0.315, —1.099, —0.747]) and X =
[0.155, —0.092, —1.252, 0.682, 0.366, —0.046, 0.689, 0.071, —0.097, —0.360]". The OLS estimator is
given by (X'X)™'X'Y, which gives an estimate of 31 = 0.745. The estimator applying d and ¢
fixed effects is given by (X’P'PX)~'X'P'Y, which gives B\l = 1.508. The estimator applying dD

11



and ¢ fixed effects is given by (X'PyPjP3P,X) ' X' PyPjP;P,Y , which gives the calibrated value of
B, = 1.000.

OA1.1.5 Identifying markup elasticities in unbalanced panels: adding firm and prod-

uct dimensions

In this subsection, we introduce firm and product panel dimensions and prove Proposition 1.
The key idea is that the data structure of a more complicated customs dataset with four panel
dimensions can be viewed as a collection of two dimensional problems presented in (OA1-1).

Let nf; denote the total number of export destinations by the firm-product and nf, (nf;, < n%)
be the number of observed destinations in year t. Let nJTe; denote the maximum number of exporting
years and the n?l-T =), n?it be the number of observed transactions by firm-product fi. Let Ay;
be the (nf, x nf)) matrix obtained from the (n%, x n¥) identity matrix from which, for each firm-
product fi, the rows corresponding to the destinations not observed in year ¢t have been omitted.
For each firm-product f7, the destination and time fixed effects of the firm-product can be defined

analogously to (OA1-1) as

AfinT Afmﬁbnj?z

where Zy; 1 is an nJ]?iT X nJ’?Z- matrix that gives the dummy structure for the destination fixed effects
of firm-product fi and Zy;, is an nf" x n}; matrix that gives the dummy structure for the year
fixed effects of firm-product fi. Similarly, the destination-specific trade pattern dummies of the
firm-product, Zy; 3, can be defined as in (OA1-8) and (OA1-9).

Let nfIPT be the total number of (non-missing) observations in the dataset; n? be the total
number of distinct firm-products in the dataset; nf7P = fi njl?i be the sum of distinct destinations
over all firm-products; n'" = 7 ., n}; be the sum of distinct time periods over all firm-products;
and nfTPTP = " 5 n5’" be the sum of distinct destination-specific trade patterns over all firm-
products. The dummy structure for the full dataset including all firm-products can be constructed

as:

Zl,l Zl,2 Zl,3
Zl = T s ZQ = s ZS =

ZTLFI,I ZnFI’2 ZnF173

FIDT

where Z; is an n x nf1P block diagonal matrix representing the dummy structure of

12



FIDT o nFIT plock diagonal matrix representing

firm-product-destination fixed effects; Zs is an n
the dummy structure of firm-product-time fixed effects; and Zs is an nf'PT x nfTPTP block di-
agonal matrix representing the dummy structure of firm-product-destination-trade pattern fixed
effects. The matrices inside Z;, Z5 and Z3 represent the dummy structure of the corresponding
firm-product. For example, the Z;; and Z,r:; inside Z; give the dummy structure of destination
fixed effects for the first and the last firm-product in the dataset respectively. Matrices 71, Z,
and Z3 are block diagonal because all the fixed effects we consider are firm-product specific, under
which the elements of Z¢; 1, Zy;2 and Zy; 3 must be zero for the observations associated with the

firm-products other than fi.

Proof of Proposition 1:

Proof. Define the two demeaning processes of the TPSFE as

Py = Lyrior — Zo (Z525) " 24 (step 1 of TPSFE)
P3 = InFIDT — Zg (ZéZg)i Zé (step 2 of TPSFE)
where I,rior is an nfIPT x pnfIPT jdentity matrix.

We want to show

PsPZ, = 0,
PsPZ; =0,
P3P 7Z3 = 0.

First of all, similar to the two-dimensional case, the second equality holds trivially by the design of
P, (since [I,rior — Zy (Z4Z5) ™" Z) Zs = 0). Secondly, block diagonal matrices have a nice property
that the multiplication of two conformable block diagonal matrices is equal to the multiplication of
the corresponding diagonal blocks of the two matrices. This allows us to apply the key relationships
in the two-dimensional panel case to each of the block matrices in Z;, Z5 and Z3. Specifically, we

have

[ 215 (21 3713) Zy 3714
Zg (ZéZg)_ ZéZl =

! !
Zori (ZnFI’?)ZnFI,g) 2 s 4Dt

ZnFIJ
where the first equality uses the property of block diagonal matrices and the the second equality
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uses the relationship of (OA1-11). Similarly, using the property of block diagonal matrices and
the firm-product level relationship (OA1-10), it is straightforward to show the following equations
hold:*

Z3 (ZLZ3)~ 252y (Z52,) " Zh = Zy (2525 Z 25 (2525)” Z (OA1-19)
Zs (Z4Z3)~ 252y (25 25) " ZZy = 7o (Z425) " Z4 2, (OA1-20)

Using (OA1-18), (OA1-19) and (OA1-20), it follows that

P3Py Zy = [Lyrivr — Zs (Z525)" Z][Lurior — Zo (252:) " 28] 2,
= [Lyrior — Zo (Z525) ™ Z5) 2y — Z3 (Z4Z3)~ Zh[Lurior — Zy (Z425) " 28] 74
— [Lyrior — Zy (25 25) " Z8 2y — [Lyrior — Zy (Z2575) " Z5)Z1 = 0

and

P3Py Zs = [Lrivr — Z3 (Z475)" Z)[Lrior — Zo (Z572:) " 28] 75
= [Lyrior — Z3 (Z425)" 28 Zs — [Lyrior — Z3 (Z473) " Z5) 24 (Z425) ™ 7,74
=0 —[2,(Z,Zy) " Zh 2y — Z5 (Z525) Z4 75 (Z4Z5) " Z575) = O

[]

OA1.2 The TPSFE estimator in view of the control function approach

In this subsection, we discuss how our approach relates to the classical control function approach
(e.g., Heckman (1979)) and the first difference approach pursued by Kyriazidou (1997).> We start
by rewriting the problem addressed by Heckman (1979) in his seminal work on selection in cross-

sectional data. In what follows, think of p; as the price of a product, and as a function of a set of

41t is worth noting that the modification of the projection matrix in an unbalanced panel needs to be done with
extreme caution. A seemingly more general setting can, in lots of cases, result in more (rather than less) bias.
Alternative demeaning or partition methods do not necessarily satisfy (OA1-19) and (OA1-20) and can potentially
result in substantial biases.

50ur estimation approach is related to three strands of the panel data literature. The first strand focuses on
estimating the parameter of interest in a panel data model with selection. Existing discussions are restricted to
selection equations with one dimensional fixed effects or those that can be combined into one dimensional fixed
effects (see recent handbook chapters by Verbeek and Nijman (1996), Honoré et al. (2008) and Matyas (2017)
for a complete literature review). The second strand constructs methods of estimating selection equations with
unobserved heterogeneity along two dimensions (e.g., Ferndndez-Val and Weidner (2016) and Charbonneau (2017)).
Our approach differs from theirs in that we do not need to estimate the selection equation, but instead, we rely
on the realized patterns to formulate a new panel dimension to address the selection problem. A few papers have
examined multi-dimensional fixed effects in unbalanced panels (e.g., Wansbeek and Kapteyn (1989) and Balazsi et
al. (2018)).
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controls @}, observed if the firm decides to enter the market:

pe=x,B + &
=x,0 + E(e|®y, 8¢) + 14
St = ]].{’LU;")’ + Ut}

where s; is an indicator variable that equals one if p; is observed; FE(e|x:, s;) is the selection
bias and vy = [e; — E(e¢|ay, s¢)] is an error term that is uncorrelated with the vector of observed
variables x; and the selection bias. w; is a vector of observed variables in the selection equation
which can overlap with the elements in x;. As is well known, selection bias is a problem if
E(et|xy, s¢) # 0. The solution of Heckman (1979) is to estimate the function of E(e;|xy, s;) under
some parametric assumptions and then add the predicted value E(Ja;st) as a control variable
in the main estimating equation. The essence of this approach is to estimate the parameter of
interest conditional on the probability of an observation being observed.

Closer to our problem, where the firm chooses among potential export destination markets,

Kyriazidou (1997) studies selection in a two dimensional panel with one fixed effect:

Par = TyB + M+ ea (OA1-21)
= xyB + Ma+ E(Malea, sar) + E(car|Tar, Sar) + var
sar = H{wyy +Wa + ar} (OA1-22)

where M, and W, are unobserved variables varying along the destination d dimension (i.e. des-
tination fixed effects). E(Mgy|@a, sq) and E(eq|@a, sa) represent the selection biases caused
by the unobserved destination-specific heterogeneity and other omitted variables, respectively.
Vit = [eat — E(eat|Tar, Sat) — E(Mg|xas, sqt)] is an error term that is uncorrelated with the observed
explanatory variables and the selection biases. pg denotes the price and sy is an indicator vari-
able that takes a value of one if the firm exports to destination d in period ¢ and zero otherwise.5
Kyriazidou (1997) notes that E(Mg|xa, sq) and E(eg|xar, sq) no longer vary along the time

dimension when w/;vy = w7, i.e., under the following conditional exchangeability condition:
F(5d17 Ed2, Ud1, ud2"l9d) = F(5d2, €d1, Ug2, Udl ‘ﬁd) (OA1—23)

where ¥y = (Tq1, Ta2, Wa1, Wao, Wy, M) is a destination specific vector containing information

on observed and unobserved variables. Condition (OA1-23) states that (£41, €42, U1, ug2) and

6Kyriazidou (1997) discusses a case in which the number of time periods is small (n? = 2). Therefore, a Heckman
(1979) style estimator cannot be applied as it will suffer from the incidental parameters problem due to the limited
time dimension.
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(€42, €41, Uge, Ug1) are identically distributed conditional on ¥4. As noted by Kyriazidou (1997), the
main term causing the selection bias, F(ea|®at, Sa), is no longer time-varying when w/,v = w7y
under condition (OA1-23):

E(earlsa = 1, sag = 1/04a)
= E(ear|uar < wipy + Wa, ttae < Whey + Wa, 94q)
= E(ea1|ua < Wy + Wi, tga < wipy + Wy, 94) (OA1-24)
= E(ca|tua < Wy + W, ugr < Wiy + Wy, 94q) (OA1-25)
= Fea|sa = 1,541 = 1|194)

where the first equality (OA1-24) holds because w/;y = w!,7y and the second equality (OA1-25)
holds because of the conditional exchangeability condition (OA1-23). Since the selection bias is
no longer time varying, i.e., E(eg|sq1 = 1,8a2 = 1|¥q) = E(ea2|saz = 1,541 = 1]9,), it can be
absorbed by destination fixed effects. Kyriazidou (1997) proposes a two-step estimator: the first
step consistently estimates 4 and the second step differences out the fixed effect and the selection
terms conditional on destinations for which w/,,y = w/,7.

Our problem can be specified in (OA1-26) and (OA1-27) as follows:

Priat = B + Myia + Criv + € fian (OA1-26)
Stiat = H{wyy + Wreia + Qit + Uriar } (OA1-27)

This problem differs from Kyriazidou (1997)’s in two crucial respects. On the one hand, our
problem adds unobserved firm-product-time-varying variables Cy;; to equation (OA1-21) and Qg
to equation (OA1-22). In the presence of these time-varying unobserved factors, the conditional
exchangeablitiy condition no longer holds. On the other hand, many aggregate-level economic
indicators of interest in our study—e.g., exchange rates—vary along the destination and time
dimensions, but not at the firm or product dimensions. This is actually helpful. As discussed
below, the fact that key variables vary along dimensions that are a subset of the dimensions of the
dependent variable facilitates the control of selection biases.

While the method we propose to address the above problem is conceptually close to Kyriazidou
(1997), the approach we take is fundamentally different. Specifically, if we were to follow Kyriazidou
(1997)’s approach, we would require all variables driving Qy; to be observed and controlled for.
For our purposes, however, this condition cannot be satisfied—if only because the marginal cost is
unobserved and cannot be generally estimated at product-firm level. Rather, we need to rely on a
method that avoids direct estimation of the selection equation and works in a multi-dimensional

panel where more than one fixed effect is present in both the structural equation and the selection
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equation. Our main innovation is to use the realized selection pattern in a panel dimension, instead
of the observed variables in the selection equation, to control for selection biases.

Before analyzing how our method addresses the general problem characterized in equations
(OA1-26) and (OA1-27), we find it useful to provide insight by focusing on a two-dimensional panel,

tracking the choices of a single firm selling one product across a set of endogenous destinations.

OA1.2.1 A two dimensional panel case

Consider the following for a firms’ destination choices with two panel dimensions, destination d

and time ¢:

Par = Ty B+ Ma+Ci + car (OA1-28)
sar = 1{uar} (OA1-29)

where M, and C; are unobserved destination and time specific factors, respectively, which are
potentially correlated with the explanatory variables contained in the vector 4. The price pg is
observed only if s4 equals one or equivalently, if ug > 0.

The first two steps in our approach involve transforming the variables in (OA1-28) to eliminate
the unobserved destination and time specific factors. Specifically, in the first step, we demean
variables at the time (¢) dimension. In the second step, we demean variables at the destination-

trade pattern (dD) dimension. After applying these two transformations,

. ./ .
Ddat = wdtﬁ + Ear

where
1
.’.Cdt = T4t — & Z Lt — —— Z L4t + — Z D Z L4t (OA1—30>
ny deDy ndD t€Tup Nap terD " GeD,
édt = Edt — D Z Edt — —F— Z Edt + — Z D Z Edty (OAl—gl)
My deD; dD teTup D teTyp i deD,
D; is the set of destinations the firm serves at time ¢; and n” = |D;| the number of export

destinations at time ¢. Similarly, T,;p denotes the set of time periods in which a destination-specific
trade pattern dD is observed, and nl;, represents the corresponding number of time periods in

which the destination-specific trade pattern emerges. For our proposed approach to work in a two

17



dimensional panel, we need”

F(e?dm, €dD2, UdD1, udD2"'9dD) = F(é‘dm, €dD1, UdD2, UdD1|'l9dD)a (OA1-33)

where we use €4p1 to indicate the first error within the destination-specific trade pattern dD. Given
(OA1-33), it is straightforward to see that the selection bias can be differenced out over two time

periods within a destination-specific trade pattern dD, since the following relationship holds:
E (eapt|uapr > 0,ugp2 > 0,94p) = E (€ap-|uapr > 0,uqp2 > 0,94p) V7 € Tup (OA1-34)

Condition (OA1-33) can be viewed as the analog of the conditional exchangeability assumption
imposed by Kyriazidou (1997). Instead of controlling for the relationship among the observed
variables in the selection process (i.e., w/;v = w/y7y), we control for the realised patterns of
selection in a panel dimension (i.e., the pattern of d conditional on ). That is, as long as the
distribution of errors is the same for all time periods satisfying a destination-specific trade pattern

dD, our approach produces unbiased and consistent estimates.®

OA1.2.2 General setting

We now discuss the general multi-dimensional setting specified in (OA1-26) and (OA1-27). With

an additional dimension,” we can write the condition for identification as follows:
E | E (¢ fiapt|sfiap, O fiap) ’dt] =F [E (€ fiapr|Sfidp, O fidp) ‘dt] V1 € Triap (OA1-35)

where Sfiap = (WY +Wria + Qif1 + Ugiap1 > 0, . dnf Y+ Wria + Qifn + UfidpnT,,, > 0),
O tiap = (Tapi, --- s ®apnT,,» WaD1s -+ WapnT,, s szd,Mf@d) and E(.|dt) means takmg the expecta-
tion over the firm (f) and product (i) panel dimensions while keeping the destination and time

panel dimensions fixed.

"Note that Kyriazidou (1997)’s original conditions (and proofs) only cover the case when the number of time
periods is equal to two. For a more general case with more than two time periods, we impose a condition:

FE (5th|udD1 > 0,. uan >0 ﬁdD) =F (EdDT|UdD1 >0, ...,’LLanz;D > OaﬁdD) V1 € Typ (OA1—32)

As will be discussed later, our estimator works under a much weaker condition than (OA1-32) if another panel
dimension is available.
8The condltlon for cons1stency, ie, E(sqt@aéqr) = 0, is satisfied under (OA1 32). First, note that
ZdeD, Edt — T ZferD e ZdeD eqt = 0. This is because the expression D ZdeD €4+ is moving at the
dD dimension only As there is no variation left after conditioning on the dD dlmenﬁlon the demeaning process
naturally gives zero. Second, demeaning conditional on the same trade pattern is zero under assumption (OA1-32),

. 1 _
Le., E <5dt T nT, ZterD €dt|SdD1, SdD2; SdD3; -~-ﬂ9dD) =0.
9Tn the following discussions, we consider firm and product as one combined panel dimension fi.
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As can be seen from (OA1-35), we no longer need the error to be zero conditional on the observed
pattern (E (€ fiapt — € fianr|Sfiap, O riap) = 0) as in the two dimensional case. Instead, it is sufficient
to have the expectation of E (¢ fiapt — € fiaps|Sfiap, O riap) be zero, once it is aggregated at the firm
and product dimension. For example, if E (€ fiapt — € fiapr|Sfiap, ¥ fiap) consists of random errors
for each firm and product, the mean of these random errors converges to zero when the number of
firm-product pairs increases.

We now show that our proposed approach gives unbiased estimates under condition (OA1-35).
Let vfigr = Mypig + Crit + €ige. The underlying independent variables and the error term under

our estimation approach can be written as

T figt = Tag — LD Tgp — Tl Tqp + Tl LD Tyt (OA1-36)
n

fit deDfit fidD tETfidD fidD tETfidD fit deDfit
. 1 1 1 1
Vfidt = Vfidt — D E Vfidt — T E Vfidt + T E o E Vfidt- (OA1-37)
fit deDfit fidD teTfidD fidD teTfidD fit dEDfit

The independent variable of interest now varies along four dimensions because it embodies selection
that varies across firms and products, even if the variable is specified for only two dimensions, i.e.,
Tq O €gy.

Note that the exchange rate depends on the firm and product dimensions only through trade
and time patterns. To see this, it is useful to rewrite the variables in expressions (OA1-36) and

(OA1-37) in terms of their corresponding variability:

T igt = Tar — Tpt — Tar + Tpr
Vfidt = Vfidt — VfiDt — VfidT + VfiDT
= E€fidt — EfiDt — EfidT T EfiDT

= Efidt-

Rearranging these expressions, we can show that our main variables of interest & (including ex-

change rates) in the following expression no longer depend on firm and product dimensions:

1 . 1
nFIDT Z € fidt fidt = nFIDT Z(‘gﬁdﬁ — Efipt — EfidT + EfiDT)Tat (OA1-38)
fidt fidt
1
= nFIDT Z(gfidt - 5fidT)wdt- (OA1—39)

fidt
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As a result, the identification condition, E'(€ g fiarSiar) = 0, can be rewritten as

E (€ piat piar$ ide)
=FE [(gfidt - 5fidT>wdt5fidt]
E {wth [E (fiat — € fidr|Sgiap, VfidD) ‘dt} }
1

=Eqzals | E | €fiapt — - > efiaprlsgiap, D piap | |dt

TETf'LdD

=0 (OA1-40)

where the first equality follows from using (OA1-39) under our proposed “within transformation”;
the second equality from applying the law of iterated expectations; and the last equality from
using condition (OA1-35).

Two remarks are in order to clarify the implications of our identification condition and place
our approach in the literature. First, note that the condition (OA1-35) is trivially satisfied if
e is always zero. For example, if goods sold to different destinations by the same firm under
the same product category are identical, the marginal cost is only firm-product-time specific and
therefore absorbed by Cy;, leaving no additional residual term. It is worth stressing that the
maintained assumption that marginal costs are non-destination-specific is implicit in studies aimed
at estimating productivity (as these do not try to distinguish the marginal cost at the destination
level)—see, e.g., Olley and Pakes (1996), Levinsohn and Petrin (2003), Wooldridge (2009) and
De Loecker et al. (2016).

Second, an important instance in which condition (OA1-35) is satisfied is when the distribution
of the destination-specific component does not change over time, e.g., when the composition of
shipments is such that high quality varieties of a product are consistently sold to high-income
destinations. From this perspective, the condition clarifies that the existence of destination-specific

marginal cost components in € does not automatically lead to a violation of identification.

OA1.3 The TPSFE estimator relative to De Loecker et al. (2016)

In this subsection, we extend the framework of De Loecker et al. (2016) to add a destination di-
mension, and discuss the structural assumptions that would be required for our main identification

condition (OA1-35) to be satisfied in this new framework.

OA1.3.1 Structural interpretation of assumptions required by our estimator

We start by writing the production function as follows:
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Qriar = Fri(Viiar, Kgiar) Qi ia (OA1-41)

where @) fiq: represents the quantity of exports for product 7 from firm f to destination d at time ¢;

Vyiar denotes a vector of variable inputs, {V,4, Vg, - Viiai}; Kriar denotes a vector of dynamic

inputs; a firm-product pair make decisions on allocating its dynamic inputs across destinations in

each time period, {K 4, K74, - ];idt}' We stress that the above function allows for destination-

specific inputs { Vyiar, K yiar } as well as destination-specific productivity differences, ¥4, at the firm

and product level. In addition, we allow for the production function and Hicks-neutral productivity

to be firm-product specific.

Specifically, we posit the following:

1.

The production technology is firm-product-specific.

Fyi(.) is continuous and twice differentiable w.r.t. at least one element of Vy;4, and this
element of Viq4 is a static (i.e., freely adjustable or variable) input in the production of

product i.

F;(.) is constant return to scale.

. Hicks-neutral productivity y; is log-additive.

The destination specific technology advantage ¥4 takes a log-additive form and is not time

varying.
Input prices Wy;; are firm-product-time specific.

The state variables of the firm are
Spit = {Dyit, Krit, Ui, Ofia, G piy T piar } (OA1-42)

where G; includes variables indicating firm and product properties, e.g., firm registration
types, product differentiation indicators. 7y collects other observables including variables
that track the destination market conditions, such as the bilateral exchange rate and desti-
nation CPL.

Firms minimize short-run costs taking output quantity, @ fa:, and input prices, Wy;, at time

t as given.

The assumptions 1, 2, 4, 8 are standard in the literature. De Loecker et al. (2016) also posit

them, but in our version we allow the production function to be firm specific and the Hicks-
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neutral productivity to be product-specific. Compared to the conditions assumed in the litera-
ture, assumption 5 is a relaxation: it allows for the possibility that (log-additive) productivity be
destination-specific.

Assumptions 6 and 7 allow prices of inputs to be firm and product specific. These two conditions
indicate that firms source inputs at the product level, and then allocate these inputs into production
for different destinations. Note that the firm can arrange different quantities of inputs and have
different marginal costs across destinations for the same product.

The assumption that is crucial to our identification is that the production technology is constant
returns to scale (condition 3). This condition implies that the marginal cost at the firm-product-
destination level does not depend on the quantity produced. If changes in relative demand and
exports across destinations were systematically associated to changes in relative marginal costs,
condition (OA1-35) would be violated. As discussed in the next subsection, looking at the solution
to the firms’ cost minimization problem, condition 3 ensures that the difference in the marginal

costs across destinations only reflects technology differences varying at the destination dimension.

OA1.3.2 The cost minimization problem by firm-product pair
Write the cost function

Vv K
£<Vfidta Kyiat, )‘fidt) = Z W}]it Z V;}idt + Z Rf‘it Z K]"Cidt - K]’fit
v=1

dGDfit k=1 dGDfit

+ Z A piat|Q riar — FrilViiar, K riae) Q pin? fid)

dGDfit

wnere 1S € accumulated cCapiltal 1Inpu mn € previous period,; -, Stands 10r € corre-
here K7, is th lated capital input & in the previous period; K}, stands for th

sponding allocation for destination d; R}, is the implied cost of capital."”

The F.O.C.s of the cost minimization problem are

OL it OFyi(.)

S R O W e 1A YA OA1-43
OV, T T gy ( )
8£fit k 9 fl()
rie _pr \ Qg i) OA1-44
aF(];idt fit fider @ fitV fid aP(}cht ( )

Conditions (OA1-43) and (OA1-44) need to hold across inputs and across destinations, which

implies the following:

10The assumption that the production function Fp;(.) is firm-product-specific ensures the implied cost of capital
R’jpit is not destination-specific.
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OFy;(.) OFy;(.) OFy;(.)

Wi VL VL VL
f’Lt _ filt fi2t . fidt _ . )
We = 90 W0~ = R W= bV de D, (OA1-45)
fit SR Vi o
e OFy;(.) OFy;(.) OFy;(.)
fit 6va,i,1,t o 8vai2t . - 8vaidt .
o= el = oy = = ary 70k d€Dp (OA1-46)
Fit 9Ky, 0K OKE,,

Note that the production function is assumed to be firm-product specific and constant return
to scale. Together with equations (OA1-45) and (OA1-46), these assumptions imply that the

allocation of variable inputs is inversely proportional to the ratio of the productivity deflated

outputs across destinations, i.e.,

Q fidr .. Q fidre
Q0 fia Qi iar

— CVf;’dt = ‘/ft'd’t and CK}kidt = K;id’t' (OA1-47)

Utilizing the relationship of (OA1-47) and the assumption that F;(.) is constant return to scale,
it is straightforward to see

aFfi(Vﬁdta K;idt) _ aFfi(c‘/f;dt?CK;idt) o aFfz‘(Vﬁd/ta K;id’t)

- " = - (OA1-48)
avfidt 6(0sz‘dt) avfid’t
Rearranging (OA1-43) and (OA1-48) yields:
1
Mot = Qi ia OF 1i( Vi KGiar)
idt — v v
Wi OV
* * -1
_ sz’tffid aFfi(‘/fid;t’ K1) ' (OA1-49)
Wi Vi

Therefore, the relative marginal cost across destinations is static, depending on the relative pro-

ductivity difference across destinations, i.e.,

Apide  giar

— OA1-50
Niat  Vgid ( )

Although the marginal cost is firm-product-destination specific and time-varying, the relative

marginal cost is not. Therefore, condition (OA1-35) is satisfied.

23



OA1.3.3 An alternative approach

An alternative approach to reconcile our work with De Loecker et al. (2016) consists of directly
redefining what a product variety is in their model. Namely, if one redefines a product-destination
pair as a variety, i.e., j = {7, d}, then the original setting and assumptions will go through without
any change.

We argue that this approach is not very useful, for two reasons. The first one is practical.
De Loecker et al. (2016) define a product variety as a two-digit industry. The need to define
a product at the industry level is mainly due to data limitations. If one adopts a more refined
product definition, for instance, the estimator by De Loecker et al. (2016) would suffer from a
small sample problem—there would not be enough power to estimate. The small sample problem
will be much more severe if one defines a product-destination pair as a variety. This is due not
only to the smaller number of observations in each cell, but also to the frequent changes in the set
of destinations a firm exports a product to.

The second reason is related to conceptual assumptions regarding production functions. De Loecker
et al. (2016) rely on the assumption that the production function is the same for single- and multi-
product firms. When redefining a product-destination pair as a variety, the identification condition
would require the production function to be product-destination specific and invariant along the
firm dimension. In the context of our problem, controlling for firm-product level marginal cost
is the primary concern. We think that keeping the flexibility of the production function at the

product level is extremely valuable.

OA2 Supplementary Model and Simulation Results

In this appendix, we examine markup elasticities estimated using data generated from an alter-
native model developed by Corsetti and Dedola (2005) and used in Berman et al. (2012), where
variable markups arise due to the existence of local production or distribution costs. Compared to
the model with Kimball (1995) preference, the key advantage of the Corsetti and Dedola (2005) set-
ting is that it allows us to derive analytical solutions and thus make a more transparent statement
about the variables that affect firms’ markup and exporting decisions.

The firm’s problem is given as follows:

max briar [(Priar — MCiar) Vi(Qgiar, Pria, Ear) — G

Ptiae,d5ia€{0,1}

P ; —Pi
Vi(ofiar, Priat, Eat) = Ofiar ( gdt + Xi)
dt
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where y; > 0 is the local distribution cost denominated in the destination country’s currencys;
p; > 1 is the elasticity of substitution across varieties of product i; ¢ria € {0,1} is an indicator
that equals one if firm f decides to export its product 7 to destination d at time ¢; Pp;q is the
border price denominated in the exporter’s currency; MC ;4 denotes the marginal cost; afiq is a
markup-irrelevant demand shifter; £y is the bilateral exchange rate with an increase in £z meaning
a depreciation of the exporting country’s currency; and 1);(.) gives the demand facing firm f selling
product ¢ in destination d in time t.

The firm’s optimal price denominated in the exporter’s currency is given by:

Phigy = £ (Mcfidt + —5dt> (OA2-1)
pi—1 pi

Defining the markup as pyia = Pjy JMC fiqt, the optimal markup adjustment can be written
as a function of changes in the exchange rate £y and the marginal cost MC s (up to a first-order
approximation):

Liiae = T riae (gdt - MC fidt) (OA2-2)
with the markup elasticity to exchange rates given by:

Xiat
PiMC figr + XiEar

Upiar = (0A2-3)
Equations (OA2-2) and (OA2-3) highlight the two key theoretical predictions of the model: (a)
the markup elasticity to the exchange rate is decreasing in p;, suggesting high differentiation goods
tend to have higher markup adjustments relative to low differentiation goods; and (b) the markup
elasticity is increasing in the retail cost ratio, suggesting that more productive firms—with lower
marginal costs and larger market shares—tend to make higher markup adjustments.
The entry and exit decisions of a firm’s product depend crucially on the changes in the opera-
tional profit of the firm-product in a destination market:
pi — 1 > & pi—1 —

—— MCy; 0OA2-4
1+ Wridt fidt ( )

Tfiat = Qpige + (1+ Oy
Fidt

where wrigr = Xi€at/MC figr > 0 is the retail cost ratio defined as the distribution cost expressed
in the producer’s currency divided by the marginal cost.

Direction of potential biases. As we discussed in section 6 of the paper, the direction of the
selection bias depends on how the variable of interest (i.e., &) and the unobserved variable (e.g.,
MC i) enter the pricing and the selection equations. First of all, equations (OA2-1) and (OA2-4)
show that the exchange rate &y has positive impacts on the optimal price P}, and the operational

profit 74 Second, we can see from these two equations that a higher marginal cost increases the
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optimal price of the firm but reduces the operating profit, making the firm less likely to enter a
market. These relationships suggest that the unobserved marginal cost will result in an upward
selection bias in the estimated markup elasticity to exchange rates. Intuitively, this is because
when the exchange rate is unfavourable (i.e., when £y is low), the marginal cost MC ;4 needs
to be sufficiently low for a firm to find it optimal to export its product to a market. Therefore,
selection makes us more likely to observe low (high) marginal cost firms when the exchange rate
is low (high), which leads to a positive correlation between the unobserved marginal cost and the
exchange rate in the observed transactions and thus results in an upward selection bias.

We have focused on the selection bias in the above discussions. In general, the total bias caused
by the unobserved marginal cost will also depend on the correlation between the marginal cost
and the exchange rate in the absence of any selection effects. For example, if the marginal cost
is positively correlated with exchange rates (e.g., due to a higher cost of imported inputs), then
there will be an upward omitted variable bias even if we could observe the optimal price for all
firms (including those that do not find it optimal to export). In this case, the omitted variable
bias and the selection bias will reinforce each other and result in a significantly larger bias.

Finally, we note that, since preference shocks ay;q do not affect the optimal price of the firm
(see equation (OA2-1)), omitting them in the estimation of the markup elasticity to exchange rates
will not result in any selection or omitted variable bias. By the same token, since the entry cost
(; does not affect the optimal price, changes in the entry cost will not cause any bias.

Simulation setup. We follow the same exchange rate data-generating process as in the paper:
In (gdt) = 0¢ (Ud * E + udt) (OA2-5>

where changes in &y are driven by (i) economic fundamentals of the origin country captured by
Fi, which can have differential effects in each destination market vy, and (ii) a noise term ug; that
captures exchange rate changes due to financial market fluctuations, for example. og controls for
the relative size of exchange rate shocks.

The marginal cost MC fjge = Myiar/Ay; is comprised of two terms, where My, denotes shocks
to the firm’s marginal costs due to firm-specific or macro reasons, and Ay; is the productivity of
the firm-product drawn from a Pareto distribution. In contrast to the simulation setting in our

paper, we now allow for firm-product-destination specific cost components and shocks:

on(vpi x Fi + uyir) in panel (a)
In (Myiar) = ¢ onr(vgi * Fi + ugie) + 0pspia in panel (b) (OA2-6)
or (Vg * Fy + upie) + 0pSpia(Fr + Wpiae) in panel (c)

As we discussed in the paper, the oy (vy; * Fy + uyp) term in In (My;q) captures time-varying
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firm-product marginal costs that are positively correlated with exchange rates. The setting in
panel (b) allows for a firm-product-destination-specific cost component ¢4, whereas the setting
in panel (c) permits the firm-product-destination-specific cost component to be time-varying and
correlated with the shocks to the economic fundamentals F;.

Factors Ji, ua, usiy and uypiq are independently drawn from a standard normal distribution.
Firm, product and destination specific effects vy;, vq and ¢fiq are drawn from a standard uniform
distribution. We set o¢ = 0.02, oy = 0.05 and op = 0.075 and give more weight to firm-
product specific shocks so that most of the changes in the firms’ trade patterns are driven by these
unobserved shocks rather than by the observed bilateral exchange rate changes. We set the local
distribution cost x; = 0.5 so that the median distribution margin is around 40-50%, roughly in
line with the recent empirical estimates (see, e.g., Berger et al. (2012)). We set the fixed cost of
entry (; so that about 20% of firms selling each product export.

Simulation results. Tables OA2-1 and OA2-2 show the estimates under three different
marginal cost processes described in (OA2-6) for the Corsetti and Dedola (2005) model discussed
above and the Kimball (1995) model in section 6 of the paper, respectively.!!

We compare the performance of our TPSFE estimator (column 7) along with six alternative
approaches (columns 1-6) and the benchmark estimates from an infeasible estimator (column 8).
Specifically, column (1) shows the OLS estimates from regressing In(Pr;q4) on In(&y). Column (2)
shows the estimates that would have been obtained from productivity and marginal cost estimation
approaches, where we add the mean marginal cost of a firm’s product in a period (i.e., MCyy =
ﬁ Y e py MCriat) as an additional control variable to the OLS specification in column (1).
Column (3) shows the estimates from the original Knetter (1989) approach. Column (4) shows
results from the “S-difference” specification of Gopinath et al. (2010). Columns (5) and (6) report
estimates using firm-product-destination + time and firm-product-time + destination fixed effects,
respectively. Column (7) reports the estimates from our TPSFE estimator. Finally, in the last
column (8), we report the benchmark estimates from an infeasible estimator by running an OLS
regression which includes all the unobserved variables (e.g., the true marginal cost MC ;) in the
specification. This regression gives the best linear relationship that an econometrician could get
without specifying the underlying theoretical model.

The key takeaways in panel (a) of the two tables are the same as those we discussed in section
6 of the paper: the marginal cost estimation approach (2) and the fixed effect approaches (6) and
(7) give estimates that are very close to the benchmark best linear estimates. Panel (b) of both

tables show that, similar to the case of adding firm-product-destination-specific demand conditions

H1Since demand shocks do not result in any bias in the estimation of markup elasticities in Corsetti and Dedola
(2005), we also shut down the markup-relevant demand shocks in the simulations of the Kimball model (by setting
In(Dyiqr) = 0) to make the simulation results of the two models more comparable. We allow for firm-product-
destination-specific markup-irrelevant demand shifters a ;4 in both models.
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Table OA2-1: Comparison of Estimators — Corsetti and Dedola (2005)

(1) (2) (3) (4) () (6) (7) (8)

OLS . .
Sample OLS  with d+tFE saf J94+t Jit+td ppepp  Best
— FE FE Linear
MC py
Panel (a): firm-product-time cost shocks
All 1.30 0.15 1.48 0.31 0.31 0.12 0.12 0.15
(0.02) (0.00) (0.03) (0.00) (0.00) (0.00) (0.00) (0.00)
HD (p =4) 1.45 0.20 1.45 0.38 0.38 0.17 0.20 0.20
(0.03) (0.00) (0.03) (0.01) (0.01) (0.00) (0.00) (0.00)
LD (p=12) 1.14 0.08 1.14 0.24 0.24 0.07 0.07 0.08

(0.02)  (0.00)  (0.03)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)

Panel (b): firm-product-time cost shocks + firm-product-destination specific cost component

All 1.29 0.16 1.47 0.31 0.30 0.15 0.12 0.14
(0.02)  (0.00)  (0.03)  (0.00)  (0.00)  (0.00)  (0.00)  (0.00)
HD (p = 4) 1.44 0.21 1.44 0.38 0.37 0.19 0.19 0.20
(0.03)  (0.00)  (0.03)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)
LD (p=12) 1.14 0.11 1.14 0.24 0.24 0.10 0.07 0.08

(0.02)  (0.00)  (0.03)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)

Panel (c¢): firm-product-destination-time cost shocks

All 1.29 0.23 1.46 0.83 0.38 0.23 0.15 0.15
(0.02)  (0.00)  (0.03)  (0.01)  (0.01)  (0.00)  (0.01)  (0.00)
HD (p=4)  1.44 0.27 1.42 0.89 0.46 0.26 0.27 0.21
(0.03)  (0.01)  (0.03)  (0.01)  (0.01)  (0.01)  (0.01)  (0.00)
LD (p=12) 1.14 0.19 1.14 0.77 0.31 0.21 0.10 0.08

(0.02)  (0.01)  (0.03)  (0.01)  (0.01)  (0.01)  (0.01)  (0.00)

Note: Estimates and standard errors are calculated based on the average of 10 simulations of each setting.
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Table OA2-2: Comparison of Estimators — Kimball (1995)

(1) (2) (3) (4) () (6) (7) (8)

OLS . .
Sample OLS  with d+tFE saf J94+t Jit+td ppepp  Best
— FE FE Linear
MC it
Panel (a): firm-product-time cost shocks
All 1.36 0.17 1.50 0.36 0.35 0.17 0.15 0.17
(0.02) (0.00) (0.02) (0.00) (0.00) (0.00) (0.00) (0.00)
HD (p =4) 1.51 0.27 1.51 0.46 0.45 0.26 0.27 0.27
(0.02) (0.00) (0.02) (0.01) (0.01) (0.00) (0.00) (0.00)
LD (p=12) 1.21 0.09 1.21 0.26 0.26 0.09 0.09 0.09

(0.02)  (0.00)  (0.03)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)

Panel (b): firm-product-time cost shocks + firm-product-destination specific cost component

All 1.34 0.20 1.48 0.35 0.35 0.21 0.16 0.17
(0.02)  (0.00)  (0.02)  (0.00)  (0.00)  (0.00)  (0.00)  (0.00)
HD (p = 4) 1.49 0.29 1.49 0.45 0.45 0.29 0.27 0.27
(0.02)  (0.00)  (0.02)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)
LD (p=12)  1.20 0.12 1.21 0.26 0.26 0.13 0.09 0.09

(0.02)  (0.00)  (0.03)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)

Panel (c¢): firm-product-destination-time cost shocks

All 1.35 0.27 1.49 0.86 0.43 0.30 0.17 0.17
(0.02)  (0.00)  (0.02)  (0.01)  (0.01)  (0.00)  (0.01)  (0.00)
HD (p = 4) 1.50 0.35 1.50 0.92 0.53 0.36 0.29 0.27
(0.02)  (0.00)  (0.02)  (0.01)  (0.01)  (0.01)  (0.01)  (0.00)
LD (p=12) 1.1 0.21 1.21 0.79 0.33 0.24 0.10 0.09

(0.02)  (0.01)  (0.03)  (0.01)  (0.01)  (0.01)  (0.01)  (0.00)

Note: Estimates and standard errors are calculated based on the average of 10 simulations of each setting.
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discussed in the paper, allowing for firm-product-destination-specific cost components results in
biased estimates in specifications (2) and (6). However, a key difference is that the presence of
unobserved marginal cost components will result in an upward selection bias (as opposed to a
downward bias in the case of markup-relevant demand shocks). As we can see from panel (b)
of both tables, the estimates of specifications (2) and (6) tend to be larger than the benchmark
estimates in column (8) and the difference in the estimates is larger for low differentiation goods,
reflecting that the goods with a high elasticity of substitution are more sensitive to cost changes.
Finally, in the very challenging case of exchange rates correlated with firm-product-destination-
time cost shocks in panel (c), we see our TPSFE estimator outperforms alternative approaches
and gives estimates closer to the benchmark estimates in column (8). This is particularly true for

the low differentiation goods that are more sensitive to cost changes.
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