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A The set of assumptions

Since βi,C(α) and γj,C(α) change with sample size, the DGP of the structural grav-
ity model forms a triangular array with index C. Whenever it is clear from the
context, we suppress the dependence of mij(α, φC(α),W ) on W and write mij(α).
Further, we abbreviate pij(U) = P (vij = 1|U), µij(α) = E [mij(α)YW |U ], where U
collects all variables (including W ) that determine whether a trade flow is missing
or observed. Note these variables are assumed to be stochastic.

Part I: Consistency

(1) Exogenous selection of missings: P (vit = 1|sij,C , U) = P (vit = 1|U) > 0 for
all U ∈ U , U ⊂ RC2×L. W and U are always observed and U includes W .

(2) The econometric model:

(a) The parameter space of α, Θ ⊂ RK , is compact. α0 is an interior point
of Θ.

(b) The system of multilateral resistances holds under the true model:
D′m(α0)−θC = 0, where θC is given, non-stochastic and of orderO (C−1).

(c) ca/C
2 < mij(α) < (1 − ca)/C2 for some positive constant ca < 0.5 w.p.

1.

(d) YW = Op(C
2) and independent of εij and vij for all i and j so that

cl,W < mij(α)YW < (cu,W ) for some positive constants cl,W and cu,W ,
w.p. 1.

(e) C2εij, ij = 1, ..., C is independently distributed as (0, σ2
ij) with 0 < σ2

< σ2
ij < σ < ∞ and bounded support so that mij(α0) + εij > 0 w.p.

1. One may also write, εij = mij(α0)(ηij − 1) with ηij independently
distributed as (1, σ2

η,ij) and σ2
η ≤ σ2

η,ij ≤ σ2
η.
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(f) Normalization: βCC = 0.

(3) Explanatory variables: Z ∈ Z ⊂ RC2×Kpossesses full column rank K, its
elements are uniformly bounded by some constant cz, i.e., |zij,k| ≤ cz w.p. 1.
All elements of Z vary at the bilateral level.

Part II: Limit distribution of α̂

(1) Let qij,C(α) = YW (mij(α0) + εij) ln (mij(α)YW )−mij(α)YW . qij,C(α) is twice
continuously differentiable at every interior point α ∈ Θ for each εij and zij.

(2) Assumption on moments:

(a) Let sα(α) = Z ′QMDV ε, E
[
‖sα(α)‖2+δ |U

]
= o(1) (Billingsley, 1995,

Theorem 27.3).

(b) BC(α) = Z ′VM(α)
1
2QM1/2D(α)M(α)

1
2Z, B0 = limC→∞BC(α0), B0 is

non-singular.

(c) The limits Υc
0 = limC→∞ SM(α0, Z)−1M(α0, Z

c)[IC2−D (D′M(α0, Z
c)D)−1

∗D′M(α0, Z
c)]Zc and Υ0 = limC→∞ S[IC2−D (D′M(α0, Z)D)−1D′M(α0, Z)]

Z exist, are non-zero and have rank s, where s is the rank of the s×C2

selection matrix and s ≤ K.

B The implicit solution to the system of multi-

lateral resistances

Let α be element of A, an open subset of Θ. The parameters {βi,C(α), γj,C(α)}
are elements of an open set F ⊂ R2C−1and are derived by solving the non-
stochastic system of the multilateral resistance equations with solutions φC(α) =
[βC(α),′ γC(α)′]′. The system can be written as

rC(α, φC(α)) := D′m(α, φC(α))− θC = 0,

where rC(α, φC(α)) is at least twice continuously differentiable on A×F . The
derivative is

∂rC(α, βC , γC)

∂(β′C , γ
′
C)

=

[
χ
C

TC(α)
T ′C(α) ΘC

]
,

where χ
C

= diag(κ1,C , ..., κC−1,C), ΘC = diag(θ1,C , ..., θC,C) and TC(α) is a (C −
1 × C) matrix with typical element mij(α), i = 1, ..., C − 1 and j = 1, ..., C. To
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guarantee the existence of a unique solution (Sydsaeter et al., 2005, p. 102) it has
to hold that∣∣∣∣det

(
∂rC(βC , γC)

∂(β′C , γ
′
C)′

)∣∣∣∣ ≥ ch > 0 and sup
ij

{∣∣∣∣∂rC,ij(βC , γC)

∂βi,C)

∣∣∣∣ , ∣∣∣∣∂rC,ij(βC , γC)

∂γj,C

∣∣∣∣} ≤ ck

for some positive constants ch and ck. With respect to latter observe that 0 < ca
C2 ≤

ezij′α+βi,C(α)+γj,C(α) ≤ 1−ca
C2 < 1. The former holds as ∂rC(βC ,γC)

∂(β′C ,γ
′
C)′

is a strictly diago-

nally dominant matrix with real positive diagonal entries and it is thus positive def-
inite. Hence, one can conclude that for finite C in its normalized form the system
of multilateral resistances possesses a unique solution φC(α) = [βC(α)′, γC(α)′]′,
which is twice continuously differentiable in α at every interior point of A ⊂ Θ.

C The consistency and asymptotic normality of

the constrained PPML estimator

C.1 Consistency α̂

(a) Defining µij(α) = E [mij(α, φC(α))YW |U ] the non-stochastic counterpart to
the likelihood is given as:

Q0,C(α|U) = 1
C2

C∑
j=1

C∑
i=1

pij(U) [µij(α0) ln (µij(α))− µij(α)]

The constraint disappears, because D′m(α)− θC = 0 of all Z ∈ Z and α ⊂ Θ.
(b) Likelihood under true DGP:

QC(α|U) = 1
C2

C∑
j=1

C∑
i=1

νij [(mij(α0) + εij)YW ln (mij(α)YW )−mij(α)YW ]

(c) Identification follows from an argument put forward by Wooldridge (1997, p.
358). For scalars µ0 and µ, the function f(µ) = µ0 ln(µ) − µ is maximized at

µ = µ0 as df(µ)
dµ

= µ0
µ
− 1 and d2f(µ)

dµ2
= −µ0

µ2
< 0. Using qij,C(α) = (mij(α0) +

εij)YW ln (mij(α)YW )−mij(α)YW , it holds that

E [qij,C(α)|U ] = µij(α0) lnµij(α)− µij(α)
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and E [qij,C(α0)|U ] > E [qij,C(α)|U ] for α 6= α0. Q0,C(α|U) is maximized at α0,
since

Q0,C(α0) = 1
C2

C∑
j=1

C∑
i=1

E [vijqij,C(α0, sC ,W )]

= E

[
1
C2

C∑
j=1

C∑
i=1

E [νijqij,C(α0, sC ,W )|U ]

]

= E

[
1
C2

C∑
j=1

C∑
i=1

pij(U)E [qij,C(α0, sC ,W )|U ]

]

> E

[
1
C2

C∑
j=1

C∑
i=1

pij(U)E [qij,C(α, sC ,W )|U ]

]

since E[νij|sC ,W, U ] = E[νij|U ] = pij(U) under Assumption Part I.1 and

E [νijqij,C(α, sC ,W )|U ] = E [E [νijqij,C(α, sC ,W )|sC ,W ] |U ]

= E [E[νij|sC ,W, U ]qij,C(α, sC ,W )]|U ]

= E [pij(U)qij,C(α, sC ,W )|U ]

= pij(U)E [qij,C(α, sC ,W )|U ] .

(see Wooldridge 2002, p.132). Taking expectations over all U ∈ U shows that α0

is a unique maximizer of Q0,C(α).

Note cl,W < mij(α)YW < cu,W w.p. 1 for some constants cl,W and cu,W , α ∈ Θ and
Z ∈ Z by Assumption Part I.2. Consider a summand in QC(α, |U). W.p. 1 we
have

qij,C(α|U) = vij [(mij(α0) + εij)YW ln (mij(α)YW )−mij(α)YW ]

≤ |mij(α0))YW | |ln (mij(α)YW )|+ |mij(α)YW |
+ |εij| |YW | |ln (mij(α))YW )|

≤ cu,W |ln(cu,W )|+ cu,W +
cu,W
cα
C2 |εij| |ln(cu,W )|

so that E[supα∈Θ′ qij,C(α|U)] <∞, since E [|εij|] ≤ E
[
|εij|2

] 1
2 ≤ σ

C2 by Lyaponov’s
inequality and Assumption Part I.2. Thereby, Θ′ is a closed ball around α0 in the
interior of Θ. From the ULLN of Pötscher and Prucha (2003), Theorem 23, it
follows supα∈Θ′ |QC(α) −Q0,C(α)| = op(1) and thus the consistency of α̂. Consis-
tency of α under the unrestricted model with dummies follows, since it also has
Q0,C(α) as non-stochastic counterpart and the same arguments as above apply.
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D Asymptotic Normality of α̂

The proof uses QM(α)D = IC2 −M(α)D (D′M(α)D)−1D′, Z̃ ′(α) = Z ′QM(α)D and
the expansion

0 = Z ′QM̂DV (sC −m(α̂))

= Z ′QM̂DV ε− ( 1
C2Z

′QM̂DV
[
C2M0Q

′
M0D

Z (α̂− α0) + op(‖α̂− α0‖)
]

= Z ′QM̂DV ε− Z
′QM̂DVM0Q

′
M0D

Z (α̂− α0) + op(C
−1),

This results follows, because α̂ is consistent and
∥∥∥ 1
C2Z

′Q
M̂D
V
∥∥∥ = Op(1) (see below

and Davidson and Mackinnon, 1993, p. 157).1 DefiningBC(α̂) = Z ′QM̂DVM0Q
′
M0D

Z,
which is shown to uniformly converge to B0 = p limC→∞

(
Z ′Q′M0D

VM0Q
′
M0D

Z|U
)
,

and

sα(α) = 1
C2

C∑
i=1

C∑
j=1

sα,ij(α) = 1
C2

C∑
i=1

C∑
j=1

C2z̃ij(α)vijεij︸ ︷︷ ︸
AC(α)ε

,

where sα,ij(α) = C2z̃ij(α)vijεij and z̃ij(α) is a typical column of Z̃ ′(α), we have

C(α̂− α0) = −B−1
0 C−1AC(α̂)ε+ op(1).

Claims:

(i) E supα∈Θ′ ‖sα,ij(α)‖ <∞
(ii) E supα∈Θ′ ‖sα,ij(α)sα,ij(α)′‖ <∞
(iii) ‖BC(α)−B0‖ = op(1).

(iv) C(α̂− α0)
d→ N

(
0, B−1

0 A0ΩεA
′
0B
−1
0

)
with A0ΩεA0 = p limC→∞

1
C2AC(α0)εε′AC(α0)′ and B0 = p limC→∞BC(α0).

ad (i) Consider

QM(α)D =
(
IC2 −M(α)D (D′M(α)D)

−1
D′
)

= M(α)1/2
(
IC2 −M(α)1/2D (D′M(α)D)

−1
D′M(α)1/2

)
︸ ︷︷ ︸

Q̃
M(α)1/2D

M(α)−1/2

1This normalization guarantees that the elements of C2M0Q
′
M0D

Z are Op(1) and the deriva-
tive of m(α) is bounded away from zero in the limit.
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and
sα(α) = Z ′M1/2(α)Q̃M(α)1/2DM

−1/2(α)V ε.

Since Q̃M(α)1/2D is a symmetric and idempodent projection matrix it follows that∥∥∥Q̃M(α)1/2Dv
∥∥∥ ≤ ‖v‖ for any vector v. Therefore, we have w.p. 1

∥∥∥Q̃M(α)1/2DM
1/2(α)Z

∥∥∥2

≤
∥∥M1/2(α)Z

∥∥2 ≤
K∑
k=1

C∑
i=1

C∑
j=1

mij(α)z2
ij,k ≤ KC2 1−ca

C2 c
2
z

and

‖sα(α)‖2 =

∥∥∥∥∥ 1
C2

C∑
i=1

C∑
j=1

sα,ij

∥∥∥∥∥
2

=
∥∥∥Z ′M1/2(α)Q̃M(α)1/2DM

−1/2(α)V ε
∥∥∥2

≤
∥∥Z ′M1/2(α)

∥∥2 ∥∥M−1/2(α)
∥∥2 ‖V ε‖2

≤ K(1− ca)c2
z
C2

ca

C∑
i=1

C∑
j=1

‖εij‖2 .

By Assumption Part I.3 E
[
‖εij‖2] = E

[
σ2
ij

C4

]
≤ σ2

C4 and it follows that

E sup
α∈Θ′
‖sα,ij(α)‖2 ≤ Kc2

z
1−ca
ca
σ2 <∞.

(ii) Furthermore observe, that

‖sα,ij(α)sα,ij(α)′‖ = (tr (sα,ij(α)sα,ij(α)′sα,ij(α)sα,ij(α)′))
1
2

= tr (sα,ij(α)′sα,ij(α)sα,ij(α)′sα,ij(α))
1
2

= tr (sα,ij(α)′sα,ij(α))

= ‖sα,ij(α)‖2

so that
E sup

α∈Θ′
[‖sα,ij(α)sα,ij(α)′‖] <∞.
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Hence, Lemma 3.2 of Pötscher and Prucha (1997) implies that

sup
α∈Θ′

∥∥∥∥∥C−2

C∑
i=1

C∑
j=1

(sα,ij(α)− E[sα,ij(α)])

∥∥∥∥∥ P→ 0

sup
α∈Θ′

∥∥∥∥∥C−2

C∑
i=1

C∑
j=1

(sα,ij(α)sα,ij(α)′ − E[sα,ij(α)sα,ij(α)′])

∥∥∥∥∥ P→ 0.

so that Z ′QM̂DV diag(ε̂ε̂′)Q′
M̂D

Z − A0ΩεA
′
0 = op(1).

(iii) Next consider

BC(α̂) = Z ′QM̂DVM0Q
′
M0D

Z = Z ′
(
QM̂D −QM0D

)
VM0Q

′
M0D

Z + Z ′QM0DVM0Q
′
M0D

Z

= Z ′M
1/2
0 M

−1/2
0

(
QM̂D −QM0D

)
M0V Q

′
M0D

Z + Z ′QM0DVM0Q
′
M0D

Z

‖BC(α̂)−BC(α0)‖ ≤
∥∥∥Z ′M1/2

0

∥∥∥2

︸ ︷︷ ︸
Op(1)

∥∥∥M−1/2
0

(
QM̂D −QM0D

)
M

1/2
0

∥∥∥︸ ︷︷ ︸
op(1)

∥∥∥VM1/2
0 Q′M0D

Z
∥∥∥︸ ︷︷ ︸,

Op(1)

since∥∥∥M−1/2
0

(
QM̂D −QM0D

)
M

1/2
0

∥∥∥2

= tr
(
M

1/2
0 (Q′

M̂D
−Q′M0D

)M−1
0 (QM̂D −QM0D)M

1/2
0

)
= tr

(
(Q′

M̂D
−Q′M0D

)M−1
0 (QM̂D −QM0D)M0

)
and
a)

Q′M0D
M−1

0 QM0D =
(
IC2 −D (D′M0D)

−1
D′M0

)
M−1

0

(
IC2 −M0D (D′M0D)

−1
D′
)

= M−1
0 −D (D′M0D)

−1
D′ −D (D′M0D)

−1
D′

+D (D′M0D)
−1
D′M(α0)D (D′M0D)

−1
D′

= M−1
0 −D (D′M0D)

−1
D′

Q′M0D
M−1

0 QM0DM0 = Q′M0D
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b)

Q′
M̂D

M−1
0 QM0D =

(
IC2 −D

(
D′M̂D

)−1

D′M̂

)
M−1

0

(
IC2 −M0D (D′M0D)

−1
D′
)

= M−1
0 −D

(
D′M̂D

)−1

D′M̂M−1
0 −D (D′M0D)

−1
D′

+D
(
D′M̂D

)−1

D′M̂D (D′M0D)
−1
D′

= M−1
0 −D

(
D′M̂D

)−1

D′M̂M−1
0

Q′
M̂D

M−1
0 QM0DM0 = Q′

M̂D

c)
Q′
M̂D

M−1
0 QM̂DM0 = Q′

M̂D

d)

tr
(
(Q′

M̂D
−Q′M0D

)M−1
0 (QM̂D −QM0D)M0

)
= tr

(
Q′M0D

− 2Q′
M̂D

+Q′
M̂D

)
= K −K = 0

e)

∥∥∥VM1/2
0 Q′M0D

Z
∥∥∥ =

∥∥∥∥∥∥VM1/2
0 Q′M0D

M
−1/2
0 M

1/2
0 Z︸ ︷︷ ︸

F

∥∥∥∥∥∥
2

=
K∑
k=1

C∑
i=1

C∑
j=1

vijf
2
ij,k

≤
K∑
k=1

C∑
i=1

C∑
j=1

f 2
ij,k = ‖F‖ =

∥∥∥Q̃M0DZ̃
∥∥∥ ≤ ∥∥∥Z̃∥∥∥ = OP (1)

Therefore, we have that

‖BC(α)−BC(α0)‖ ≤ b(α) w. p. 1 and sup
α∈Θ′
‖BC(α̂)−B0‖ = op(1)

which proves continuity of BC(α). The elements of Z are bounded away from zero

and from above. QM1/2(α)D(α) projects M(α)
1
2Z onto the orthogonal complement

of the hyperplane spanned by D′M(α,Z)
1
2 (in the exporter and importer dimen-

sion), while Z exhibits bilateral variation. Further, the rank of BC(α) is K and it
follows by Theorem 14 of Pötscher and Prucha (2003) that BC(α)−B0 = op(1).

ad (ii) The Lyapunov central limit theorem for triangular arrays (Billingsley, 1995,
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Theorem 27.3) and the Cramer-Wold device can be applied to derive

C(α̂− α0)
d→ N(0, B−1

0 A0ΩεA
′
0B
−1
0 ).

For estimation one uses

BC(α̂)
p→ B0,

1
C2AC(α̂)Ω̂εAC(α̂)

p→ A0ΩεA
′
0.

E The comparison of the unconstrained and the

constrained PPML estimator of α

In order to derive the limit distribution of the unconstrained PPML estimator, we
define G∗∗ = W ′VM∗∗VW with M∗∗ = M(α∗∗, φ∗∗C ), where ϑ∗∗ = (α∗∗, φ∗∗C ) lies
elementwise between ϑ and ϑ0. Applying the mean-value theorem to the score of
the unconstrained likelihood yields

0 = W ′V ε−G∗
[

α− α0

φC(α)− φC(α0)

]
.

Using the formula for the partitioned inverse one obtains

α− α0 = G∗∗11(Z ′ −G∗∗12G
∗∗−1
22 D′)V ε,

with G∗∗11 = (Z ′QM∗∗V DV Z)−1 , G∗∗12 = Z ′VM∗∗D and G∗∗22 = D′VM∗∗D. The
comparison of unconstrained PPML and constrained PPML is straight forward
under fully observed trade flows with V = IC2 . Applying the mean-value theorem
to

W ′V (sC −m(ϑ̂C))− F̂ ′λ̂ = 0

D′m(ϑ̂C)− θC = 0

with F = D′MW, ϑ∗C lying elementwise between ϑ̂C and ϑC,0 and assuming that
the constraint holds at true parameters obtains (see Newey and McFadden, 1994,
p. 2219) yields [

0
0

]
=

[
W ′V ε

0

]
+

[
G∗ F ∗′

F ∗ 0

][
ϑ̂C − ϑC,0
λ̂− 0

]
.
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Applying the formula of the partitioned inverse gives[
ϑ̂C − ϑC,0
λ̂− 0

]
=

[ (
I −G∗−1F ′∗ (F ∗G∗−1F ∗′)

−1
F ∗
)
G∗−1W ′V ε

(F ∗H∗−1F ∗′)
−1
F ∗G∗−1W ′V ε

]
.

It is straight forward to show that

(
FG−1F ′

)−1
=

([
G21 G22

] [ G11 −G11G12G
−1
22

−G−1
22 G21G

11 G22

]
G21

G22

)−1

=

([
G21G

11 −G21G
11, −G21G

11G12G
−1
22 +G22G

22
] G21

G22

)−1

= −
(
G21G

11G12 +G22G
22G22

)−1

and

FG−1W ′ =

([
G21 G22

] [ G11 −G11G12G
−1
22

−G−1
22 G21G

11 G22

] [
Z ′

D′

])
=

[
G21G

11 −G21G
11, −G21G

11G12G
−1
22 +G22G

22
] [ Z ′

D′

]
=

(
−G21G

11G12 +G22G
22G22

)
G−1

22 D
′.

Therefore, the term (FG−1F ′)
−1
FG−1W ′ reduces to G−1

22 D
′. It follows that

F ′
(
FG−1F ′

)−1
FG−1W ′ =

[
G12

G22

]
G−1

22 D
′

(
FG−1F ′

)−1
FG−1 = −

(
G21G

11G12 +G22G
22G22

)−1

∗
[
G21G

11 −G21G
11, (−G21G

11G12 +G22G
22G22)G−1

22

]
=

[
0 G−1

22

]
and [

ϑ̂C − ϑC,0
λ̂− 0

]
=

 G∗−1W ′V ε−G∗−1

[
G∗12

G∗22

]
G∗−1

22 D′V ε[
0 G∗−1

22

]
W ′V ε

 .
Since we have

G∗−1

[
G∗12G

∗−1
22

I

]
=

[
G∗11 −G∗11G∗12G

∗−1
22

−G∗22G∗21G
∗−1
11 G∗22

] [
G∗12G

∗−1
22

I

]
=

[
0

G∗22
(
G∗22 −G∗21G

∗−1
11 G∗12

)
G∗−1

22

]
=

[
0

G∗−1
22

]
,
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and by applying the mean-value theorem to general equilibrium constraint[
α̂− α0

φ(α̂)− φ(α0)

]
=

[
IK

− (D′M∗D)−1D′M∗Z

]
(α̂− α0)

we have that

G∗
[

IK
− (D′M∗D)−1DM∗Z

]
=

[
G∗11 G∗12

G∗21 G∗22

] [
IK

−G∗−1
22 G∗21

]
=

[
G∗11

0

]
and

G∗
(
ϑ̂C − ϑC,0

)
= W ′V ε−

[
G∗12

G∗22

]
G∗−1

22 D′V ε

α̂− α0 = G∗11[IK , 0]

([
Z ′

D′

]
−
[
G∗12G

∗−1
22 D′

G∗22G
∗−1
22 D′

])
ε

= G∗11
(
Z ′ −G∗12G

∗−1
22 D′

)
ε.

Thus the constrained and unconstrained PPML estimators of α have the same
limit distribution in case of fully observed trade flows (V = IC2).

F The delta method

We consider sequences of fixed values of Z and Zc and define the selection matrix
S of rank s ≤ K. SM(α̂, Z)−1m(α̂, Zc) has typical non-zero element

e(z
c
ij−zij)

′
α̂+βci,C(α̂)+γci,C(α̂)−βi,C(α̂)−γj,C(α̂).

Since α̂ is consistent Taylor series expansion leads to (see Pollard, 2002, p. 184)(
SM(α̂, Z)−1m(α̂, Zc)− SM(α0, Z)−1m(α0, Z

c)
)

=

SM(α0, Z)−1M(α0, Z
c)
(
Zc −D ∂φcC

∂α′

)
︸ ︷︷ ︸

ΥC(α0,Zc)

(α̂− α0)

− SM(α0, Z)−1M(α0, Z
c)
(
Z −D ∂φC

∂α′

)
(α̂− α0)︸ ︷︷ ︸

ΥC(α0,Z)

+ op(Op(C
−1))

⇒ CS (ΥC(α0, Z
c)−ΥC(α0, Z)) (α̂− α0) + op (1) ,
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where

Zc −D ∂φcC
∂α′

= I −D(D′M0(Zc)D)−1D′M0(Zc)Zc

= M0(Zc)−1/2Q̃M0(Zc)M0(Zc)1/2Z

Z −D ∂φC
∂α′

=
(
I −D(D′M0(Z)D)−1D′M0(Z)

)
Z

= M0(Z)−1/2Q̃M0(Z)M0(Z)1/2Z

ΥC(α0, Z
c) = SM0(Z)−1M0(Zc)

∗M0(Zc)−1/2Q̃M0(Zc)M0(Zc)1/2Z

ΥC(α0, Z) = SM0(Z)−1M0(Zc)

∗M0(Z)−1/2Q̃M0(Z)M0(Z)1/2Z,

whereM0(Z) = M(α0, Z) and Q̃M0(Z)D = IC2−M0(Z)1/2D (D′M0(Z)D)−1D′M0(Z)1/2.

Claims:
(i) C

ϕ′C(α0)

(
mij(α̂, zij)

−1mij(α̂, z
c
ij)−m0,ij(zij)

−1m0,ij(z
c
ij)
) d→ C (α̂− α0) , where

ϕC(α) = m0,ij(zij)
−1m0,ij(z

c
ij)

ϕ′C(α) = m0,ij(zij)
−1m0,ij(z

c
ij)
[(
zij −mij(α, z

c
ij)
−1/2p̃M(α,Zc)D,ijZ̃

c
)

−
(
zij −mij(α, zij)

−1/2p̃M(α,Z)D,ijZ̃
)]
,

where Z̃ = M(α,Z)1/2Z and p̃M(α,Z)D,ij denotes the ij − th row of P̃M(α,Z)D =

M(α,Z)1/2D (D′M(α,Z)(Z)D)−1D′M(α,Z)1/2.

The elements of SΥc
0 = limC→∞ SΥC(α0, Z

c) and SΥ0 = limC→∞ SΥC(α0, Z)
are finite, non-zero. Υc

0 and Υ0 have rank s.
(ii) p limc

C→∞ SΥc
C(α̂) = Υc

0 and p limc
C→∞ΥC(α̂) = Υ0.

(i) The proof verifies the asymptotically locally relative equity condition of Phillip’s
(2012) Theorem 1, which establishes the extended delta-method to functions that
depend on the sample size, here C.

First note that the elements ΥC(α,Z) and Υ0 are bounded away from zero, since
QM(α,Z)D projects Z onto the orthogonal complement of the hyperplane spanned
in the exporter and importer dimension by D′M(α,Z), while Z exhibits bilateral
variation.

We concentrate on the case where S picks out a single element.2 Let ϕC(α) =

2The extension multivariate case is straight forward, see Phillips (2012), p. 426f.
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mij(α, zij)
−1m0,ij(α, z

c
ij). Note ϕC(α) is twice continuously differentiable in α at

every interior point of Θ as shown in Section B. Observe that∥∥∥mij(α, zij)
−1/2p̃M(α,Z)D,ijZ̃

∥∥∥ ≤ C

c
1/2
a

O(C−1) = O(1),

since 0 ≤ p̃M(α,Z)D,ij,ij ≤ 1 and∥∥∥p̃M(α,Z)D,ijZ̃
∥∥∥2

= tr(p̃M(α,Z)D,ijZ̃Z̃
′p̃′M(α,Z)D,ij) = tr(Z̃Z̃ ′p̃′M(α,Z)D,ij p̃M(α,Z)D,ij)

=
C∑
k=1

C∑
i=1

C∑
j=1

p̃2
M(α,Z)D,ij,ijz

2
ij,kmij(α, zij)

≤ KC2c2
z

1−ca
C2 = O(1),

since 0 ≤ p̃2
M(α,Z)D,ij,ij ≤ 1. Further, mij(α, zij)

−1mij(α, z
c
ij) ≤ 1−ca

ca
, so ϕ′C(α0) =

O(1) and 0 < cϕ,l ≤ ϕ′C(α0) ≤ cϕ,u for some constants cϕ,l and cϕ,u. Thus
ϕ′C(α) = O(1) and the elements of SΥc

0 = limC→∞ SΥC(α0, Z
c) and SΥ0 =

limC→∞ SΥC(α0, Z) are finite and non-zero. To very verify the sufficient condi-
tion of Theorem 1 in Phillips (2012), one has to show that at given δ there exists
a sequence rn →∞ such that rn/C → 0 as C →∞ and

sup
|rn(α−α0)|<δ

∣∣∣∣ϕ′C(α)− ϕ′C(α0)

ϕ′C(α0)

∣∣∣∣→ 0

Note ∣∣∣∣ϕ′C(α)− ϕ′C(α0)

ϕ′C(α0)

∣∣∣∣ ≤ cϕ,l |ϕ′C(α)− ϕ′C(α0)| .

Observing that ϕC(α) is twice continuously differentiable (see Section B) and ap-
plying the mean value theorem, we have

|ϕ′C(α)− ϕ′C(α0)| = |ϕ′′C(α∗)(α− α0)| ≤ K |(α− α0| ≤ δ
rn
→ 0.

for some constant K with α∗ indicating a point on between α and α0. It remains
to be shown that |ϕ′′C(α∗)| = O(1), where

ϕ′′C(α) =
∂

∂α
m0,ij(zij)

−1m0,ij(zij)
(
zij −mij(α, zij)

−1/2p̃M(α,Z)D,ijZ̃
)

= ϕ′C(α)
(
zij −mij(α, zij)

−1/2p̃M(α,Z)D,ijZ̃
)

−ϕC(α)
∂

∂α

(
mij(α, zij)

−1/2p̃M(α,Z)D,ijZ̃
)

13



It is sufficient to show that ∂
∂α

(
mij(α, zij)

−1/2p̃M(α,Z)D,ijZ̃
)

is O(1). Consider

∂

∂αv

(
mij(α)−1/2

C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,klz̃kl,v

)
=

∂

∂αv

(
∂mij(α)−1/2

∂αk

C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,klz̃kl,v

)

+mij(α)−1/2

C∑
k=1

C∑
l=1

∂p̃M(α,Z)D,ij,kl

∂αv
z̃kl,v +mij(α)−1/2

C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,kl
∂z̃kl,v
∂α

Note

∂mij(α)

∂αv
= mij(α)

(
zij,v −mij(α, z

c
ij)
−1/2p̃M(α,Zc)D,ijZ̃

c
v

)
= O(C−2)O(1)

(a) ∣∣∣∣∣ ∂∂αvmij(α)−1/2

C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,klz̃kl,v

∣∣∣∣∣ = O(C)O(C−1) = O(1),

since ∣∣∣∣∂mij(α)−1/2

∂αv

∣∣∣∣ = −
∣∣∣∣12mij(α)−3/2∂mij(α)

∂αv

∣∣∣∣ ≤ C3

c
3/2
a

O(C−2) = O(C).

(b)

∣∣∣∣∣
C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,kl
∂z̃kl,v
∂αv

∣∣∣∣∣ =

∣∣∣∣∣∣∣∣∣
C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,klmkl(α)1/2zkl,vmkl(α)−1︸ ︷︷ ︸
O(C2)

∂mkl(α)

∂αν︸ ︷︷ ︸
O(C−2)

∣∣∣∣∣∣∣∣∣
≤

∣∣∣∣∣
C∑
k=1

C∑
l=1

p̃M(α,Z)D,ij,klmkl(α)1/2zkl,v

∣∣∣∣∣O(C2)O(C−2) = O(1)

(c) ∣∣∣∣∣mij(α)−1/2

C∑
k=1

C∑
l=1

∂p̃M(α,Z)D,ij,kl

∂αv
z̃kl,v

∣∣∣∣∣ ≤ O(1)
C∑
k=1

C∑
l=1

∂p̃M(α,Z)D,ij,kl

∂αv

Let A = M(α)1/2D , P̃ = A(A′A)−1A′ and Av = ∂A(α)
∂αv

= 1
2
M(α)−1/2 ∂M(α)

∂αv
D =

1
2
M(α)−1 ∂M(α)

∂αv
A, v = 1, ..., K. since M(α) and ∂M(α)

∂αv
are diagonal matrices. Zhang
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(2017, p. 561) demonstrates that

∂P̃ (α)

∂αv C2×C2

= (I − P )AvA
+ +

(
(I − P )AvA

+
)′

= (I − P̃ )

M(α)−1∂M(α)

∂αv︸ ︷︷ ︸
Ãν

 P̃ + P̃

M(α)−1∂M(α)

∂αv︸ ︷︷ ︸
Ãν

 (I − P̃ )

= (I − P̃ )ÃvP̃ + PÃv(I − P̃ ) = 2(ÃvP̃ − P̃ ÃvP̃ )

∣∣∣∣∣∣
[
∂P̃ (α)

∂αv

]
ij,kl

∣∣∣∣∣∣ =
∣∣2ãij,k′l′ p̃M(α,Z)D,k′l′,kl

∣∣+ 2
C∑

k′=1

C∑
l′=1

∣∣∣∣∣∣∣ã′ij,k′l′ p̃M(α,Z)D,k′l′,kl︸ ︷︷ ︸
ij,k′l′

p̃M(α,Z)D,k′l′,kl

∣∣∣∣∣∣∣
|ãij,ij| =

∣∣∣∣mij(α)−1∂mij(α)

∂αv

∣∣∣∣ ≤ ∣∣mij(α)−1
∣∣ ∣∣∣∣∂mij(α)

∂αv

∣∣∣∣ ≤ C2

ca
O(C−2) = O(1)[

ÃvP̃
]
ij,kl

= ãij,ij p̃M(α,Z)D,ij,kl = O(1)[
P̃ ÃvP̃

]
ij,kl

=
C∑

k′=1

C∑
l′=1

p̃M(α,Z)D,ij,k′l′ ãl′k′,k′l′ p̃M(α,Z)D,k′l′,kl

= O(1)
C∑

k′=1

C∑
l′=1

p̃M(α,Z)D,ij,k′l′ p̃M(α,Z)D,k′l′,kl (since P̃ is idempotent)

= O(1)p̃M(α,Z)D,ij,kl = O(1)

So one can conclude that∣∣∣∣∣mij(α)−1/2

C∑
k=1

C∑
l=1

∂p̃M(α,Z)D,ij,kl

∂αv
z̃kl,v

∣∣∣∣∣ ≤ C
ca
cz
C
O(1).

Theorem 1 of Phillips (2012), therefore, implies

C
ϕ′C(α0)

(
mij(α̂, zij)

−1mij(α̂, z
c
ij)−m0,ij(zij)

−1m0,ij(z
c
ij)
) d→ C (α̂− α0) .

(ii): The claim follows from the continuity of SM(α̂, Z)−1m(α̂, Zc)−SM(α0, Z)−1m(α0, Z
c),

Theorem 14 and Corollary 5 in Pötscher and Prucha (2003). Therefore, Υ̂c−Υc
0 =

op(1) and Υ̂−Υ0 = op(1).
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G The weighted expected mean squared errors

of counterfactual predictions

The difference between the predictions of constrained PPML and the uncon-
strained PPML is best illustrated when M(α) is evaluated at true values and

using Z̃ = M
1/2
0 Z, D̃ = M

1/2
0 D and W̃ = M

1/2
0 D. Letting PX = X(X ′X)−1X ′ and

QX = IC2 −PX for a matrix X one can easily show that under constrained PPML
predictions are given as (see Davidson and MacKinnon, 1993, p. 157 and p. 163)

C2 (ŝC −m0) = C2M0

(
I −D (D′MoD)

−1
D′Mo

)
Z (α̂− α) + op(C

−1)b

= C2M0Q
′
M0D

Z
(
Z ′QM0DM0Q

′
M0D

Z
)−1

Z ′QM0DV ε+ op(C
−1)b

= C2M
1/2
0 M

1/2
0 Q′M0D

M
−1/2
0 Z̃

∗
(
Z ′M

1/2
0 M

−1/2
0 QM0DM0Q

′
M0D

M
−1/2
0 M

1/2
0 Z

)−1

∗ Z ′M
1/2
0 M

−1/2
0 QM0DM

1/2
0 M

−1/2
0 ε+ op(C

−1)b

= C2M
1/2
0 QD̃Z̃

(
Z̃ ′QD̃Z̃

)−1

Z̃ ′QD̃M
−1/2
0 ε+ op(C

−1)b

C2 (ŝC −m0)M
−1/2
0 = PQ

D̃
Z̃M

−1/2
0 ε+ op(C

−2)b.

using M
−1/2
0 = Op(C

−1), QD̃ = M
1/2
0 Q′M0D

M
−1/2
0 and some random vector b,

which is Op(1). Hence, the weighted expected mean squared prediction errors can
be written as

C2 (ŝC −m0)′M−1
0 (ŝC −m0) = C2ε′M

−1/2
0 PQ

D̃
Z̃M

−1/2
0 ε

+ 2op(C
−3)b′PQ

D̃
Z̃M

−1/2
0 ε+ op(C

−4)b′b

= C2ε′M
−1/2
0 PQ

D̃
Z̃M

−1/2
0 ε+ op(C

−2),

since
∥∥∥bPQ

D̃
Z̃M

−1/2
0 ε

∥∥∥ ≤ ‖b‖∥∥∥M−1/2
0 ε

∥∥∥ = Op(1)Op(C).

In contrast, unconstrained PPML uses PW̃ = W̃
(
W̃ ′W̃

)−1

W̃ . Since I − PW̃
can be factored as I − PW̃ =

(
IC2 − PQ

D̃
Z̃

) (
IC2 − PD̃

)
= IC2 − PQ

D̃
Z̃ − PD̃ and
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PQ
D̃
Z̃PD̃ = 0, one can write

C2(sC −m0) = M0W (α− α) + op(C
−1)b

= C2M
1/2
0 W̃ (W̃ ′W̃ )−1W̃ ′M

−1/2
0 ε+ op(C

−1)b

C2 (sC −m0)M
−1/2
0 = PW̃M

−1/2
0 ε+ op(C

−2)b

=
(
PQ

D̃
Z̃ + PD̃

)
M
−1/2
0 ε+ op(C

−2)b.

To order C−2 the proportional difference of the weighted expected mean squared
prediction errors between constrained and unconstrained PPML estimation can be
bounded as

E[(sC −m0)′M−1
0 (sC −m0)]

E[(ŝC −m0)′M−1
0 (ŝC −m0)]

= 1 +
tr(PD̃M

−1/2
0 ΩεM

−1/2
0 )

tr(PQ
D̃
Z̃M

−1/2
0 ΩεM

−1/2
0 )

≥ 1 +
σ2

1−ca (2C−1)

σ2

ca
(K)

= 1 + σ2ca
σ2(1−ca)

2C−1
K

using

tr
(
PD̃M

−1/2
0 ΩεM

−1/2
0

)
=

C∑
i=1

C∑
j=1

p̃D̃,ij
σ2
ij

C2m0,ij
≥ σ2C2

(1−ca)

C∑
i=1

C∑
j=1

p̃D̃,ij

= σ2

(1−ca)
(2C − 1) = O(C).

tr
(
PQ

D̃
Z̃M

−1/2
0 ΩεM

−1/2
0

)
≤ σ2

ca
K.

The same approach can be applied to the residuals. Specifically, Pfaffermayr (2019)
demonstrates that the proportionate bias of the estimated variance matrix of ᾱ

defined as E

[
v′(V̄α−Vα)v

v′Vαv

]
for some vector v is of order O(C−1). Applying the same

approach to the constrained PPMl estimator reveals a proportionate bias of order
O(K−1).

H Iterative two-step estimation and the stata

code

To simplify notation the index C indicating the triangular array is skipped. Define
Mr = diag(mij(α̂r, φ̂r+1)), Z̃r = M

1/2
r Z, D̃r = M

1/2
r D and assume φ̂r+1 solves the

system of multilateral resistances, D′m(α̂r, φ̂r+1) = θ (step 1). Consider the linear
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regression

Z̃rα̂r + VM−1/2
r

(
s−m(α̂r, φ̂r+1)

)
= Z̃rαr+1 + D̃φr+1 + ur+1.

Applying the formula for the partitioned inverse, the OLS estimator is given by

[
α̂r+1

φ̂r+1

]
=


(
Z̃ ′rQ̃rZ̃r

)−1

−
(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′rD̃r

(
D̃′rD̃r

)−1

−
(
D̃′rD̃r

)−1

D̃′rZ̃r

(
Z̃ ′rQ̃rZ̃r

)−1
(
D̃′r

(
I − Z̃r

(
Z̃ ′rZ̃r

)−1

Z̃ ′
)
D̃r

)−1


∗

[
Z̃ ′r
D̃′r

](
Z̃rα̂r +M−1/2

r

(
s−m(ϑ̂r)

))
,

where

Q̃r = I − D̃r

(
D̃′rD̃r

)−1

D̃′r = I −M1/2
r D(DMrD)−1D′M1/2

r .

Collecting terms yields

α̂r+1 =
(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′r

(
Z̃rα̂r + VM−1/2

r

(
s−m(ϑ̂r)

))
−
(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′rD̃r

(
D̃′rD̃r

)−1

D̃′r

(
Z̃rα̂r + VM−1/2

r

(
s−m(ϑ̂r)

))
=

(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′r

∗
(
Z̃rα̂r + VM−1/2

r

(
s−m(ϑ̂r)

)
− D̃r

(
D̃′rD̃r

)−1

D̃′r

(
Z̃rα̂r + VM−1/2

r

(
s−m(ϑ̂r)

)))
=

(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′r

(
I − D̃r

(
D̃′rD̃r

)−1

D̃′r

)
Z̃rα̂r

+
(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′r

(
I − D̃r

(
D̃′rD̃r

)−1

D̃′r

)
VM−1/2

r

(
s−m(ϑ̂r)

)
= α̂r +

(
Z̃ ′rQ̃rZ̃r

)−1

Z̃ ′rQ̃rVM
−1/2
r

(
s−m(ϑ̂r)

)
.

This mimics a Netwon step that solves the moment condition given in (12) in the

text, i.e., Z ′rQMrDV
(
s−m(ϑ̂r)

)
= 0 at α̂r+1 = α̂r. Note

Z̃ ′Q̃rM
−1/2
r = Z ′

(
M1/2

r −MrD(DMrD
−1)D′M1/2

r

)
M−1/2

r

= Z ′
(
I −MrD(DMrD

−1)D′
)

= Z ′rQMrD.
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stata_cppml - Printed on 30.10.2019 19:53:49

Page 1

1   cd C:\Projekte\A_Gravity_delta\simulation_gmm
2   
3   ********************************************************************************
4   clear all
5   matrix drop _all
6   clear mata
7   capture log close
8   capture set matsize 8000
9   capture set more off

10   program drop _all
11   sca drop _all
12   ********************************************************************************
13   
14   ********************************************************************************
15   log using stata_cppml, replace
16   use stata_cppml_data, clear /* use data from a Monte Carlo run */
17   ********************************************************************************
18   
19   ********************************************************************************
20   *** Variables
21   ********************************************************************************
22   label var ex "exporter"
23   label var im "importer"
24   label var y "observed trade flow"
25   label var yi "gross production share"
26   label var yj "expediture share"
27   label var V "missingess indicator"
28   label var x1 "border dummy 1 if ex ~=im"
29   label var x2 "log distance"
30   label var V "missingness indicator"
31   ********************************************************************************
32   
33   ********************************************************************************
34   *** Counterfactual *** 
35   ********************************************************************************
36   gen x1c= 0 /* no borders */
37   label var x1c "counterfactual no border"
38   
39   ********************************************************************************
40   *** Globals *** 
41   ********************************************************************************
42   global K=2
43   global b=20
44   global groups=2 /* country groups for counterfactuals */
45   global sig=5 /*elasticity of substitution*/
46   global re = "x1  x2"
47   global recf= "x1c x2"
48   global dum= "d1 d2 d3 d4 d5 d6" /* Dummies for breakdown of trade flows*/
49   global row_dmpcf="dom-small dom-large small-small large-large small-large 

large-small"
50   global row_dw="dom-small dom-large"
51   ********************************************************************************
52   
53   ********************************************************************************
54   *** Unconstrained PPML ***
55   ********************************************************************************
56   ***ppmlhdfe y $re if V==1 , absorb(ex im) d  nocons
57   glm y $re ibn.im ib$b.ex if V==1, nocons ///
58   irls robust family(poisson) // Plain unconstraine PPML  ib$b.ex   ibn.im
59   predict ypu
60   
61   /*
62   *** check addendum (i)
63   gen yppu=y if V==1
64   replace yppu=ypu if V==0
65   glm yppu $re ibn.im ib$b.ex, nocons   ///
66    irls  robust  family(poisson)  // Plain unconstraine PPML  ib$b.ex   ibn.im
67   */
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68   
69   mat b0=e(b)
70   mat bppml=b0'
71   mat Vppml=e(V)
72   mat Vppml=Vppml[1..2,1..2]
73   mat Sppml=diag(vecdiag(Vppml))
74   mat Sppml=cholesky(Sppml)
75   mat bppml=bppml[1..2,.]
76   mat tppml=inv(Sppml)*bppml
77   mat Sppml=vecdiag(Sppml)'
78   mat out_ppml=(bppml, Sppml, tppml)
79   ********************************************************************************
80   
81   ********************************************************************************
82   *** Initialize loop *** 
83   ********************************************************************************
84   sca tol=0.000000000001 /*tolerance for convergence*/
85   sca itol=10000
86   sca iter=1
87   
88   gen double thxm=yi*yj /*dependent variable for solver */
89   gen double sf=0
90   gen double za=0
91   gen double r=0
92   
93   qui foreach re of global re {
94   replace za=za+_b[`re']*`re'
95   }
96   ********************************************************************************
97   
98   ********************************************************************************
99   *** Loop starting for CPPML estimator *** 

100   ********************************************************************************
101   qui while itol > tol & iter < 200 {
102   capture drop m
103   
104   *** Inner loop starting solve for equilibrium *** 
105   *** glm thxm  ibn.im ib$b.ex , nocons offset(za) irls   family(poisson)
106   ppmlhdfe thxm , absorb(ex im) offset(za) d nocons
107   
108   predict double m
109   replace r=(y-m)/m
110   replace sf=za+(y-m)/m
111   replace sf=za if V==0
112   
113   *** Iteration step in outer loop *** 
114   *** qui reg sf $re ibn.im ib$b.ex [aweight=m], nocons robust 
115   reghdfe sf $re [aweight=m], vce(robust) absorb(ex im) nocons
116   
117   replace za=0, nopromote
118   foreach re of global re {
119   replace za=za+_b[`re']*`re' /*update trade costs za*/
120   }
121   
122   *** Prepare for next iteration step ***
123   qui {
124   sca iter=iter+1
125   mat b=e(b)
126   mat diff= mreldif(b,b0)
127   sca itol=diff[1,1]
128   mat b0=b /*update b */
129   }
130   if 10*int(iter/10)==iter {
131   di as red iter " " itol
132   }
133   }
134   ********************************************************************************
135   
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136   ********************************************************************************
137   *** z'alpha, base and counterfactual
138   ********************************************************************************
139   gen zacf=0
140   gen temp=x1
141   drop x1
142   ren x1c x1
143   foreach re of global re {
144   replace zacf=zacf+_b[`re']*`re'
145   }
146   ren x1 x1c
147   ren temp x1
148   ren za zaba
149   
150   label var m "prediced trade flow"
151   label var x1 "border"
152   label var x1c "counterfactual no border"
153   ********************************************************************************
154   
155   ********************************************************************************
156   *** Calculate standard errors of CPPML estimates
157   ********************************************************************************
158   qui mata
159   bcppml=st_matrix("b")'
160   y=st_data(., "y")
161   m=st_data(., "m")
162   V=st_data(., "V")
163   Z=st_data(., "$re")
164   Dm=st_data(., "ibn.im")
165   Dx=st_data(., "ibn.ex")
166   Dx=Dx[., 1..$b-1]
167   D=(Dm,Dx)
168   M=diag(m)
169   V=diag(V)
170   
171   Q=I(rows(Z))-M*D*luinv(D'*M*D)*D'
172   nob=J($b^2,1,1)'*V*J($b^2,1,1)
173   GIZZ=invsym(Z'*Q*V*M*V*Q'*Z)
174   Vcppml=(nob/(nob-1))*GIZZ*Z'*Q*V*(diag((y-m):*(y-m)))*V*Q'*Z*GIZZ'
175   
176   Scppml=diagonal(Vcppml):^0.5
177   tcppml =bcppml[1..$K,.]:/ Scppml[1..$K,.]
178   out_cppml=(bcppml[1..$K,.], Scppml[1..$K,.], tcppml[1..$K,.] )
179   st_matrix("out_cppml", out_cppml)
180   end
181   ********************************************************************************
182   
183   ********************************************************************************
184   *** Country-pair groups, large is fourth quartile
185   ********************************************************************************
186   qui {
187   xtile sizex=yi, nq(4)
188   xtile sizem=yj, nq(4)
189   
190   replace sizex=1 if sizex<4
191   replace sizex=2 if sizex==4
192   replace sizem=1 if sizem<4
193   replace sizem=2 if sizem==4
194   
195   gen co = 1 if sizem==1 & ex==im
196   replace co = 2 if sizem==2 & ex==im
197   replace co = 3 if sizex==1 & sizem==1 & ex~=im
198   replace co = 4 if sizex==2 & sizem==2 & ex~=im
199   replace co = 5 if sizex==1 & sizem==2 & ex~=im
200   replace co = 6 if sizex==2 & sizem==1 & ex~=im
201   
202   label define lco 1 "dom-small", add
203   label define lco 2 "dom-large", add
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204   label define lco 3 "small-small", add
205   label define lco 4 "large-large", add
206   label define lco 5 "small-large", add
207   label define lco 6 "large-small", add
208   
209   label values co lco
210   label var co "country-pair groups"
211   }
212   ********************************************************************************
213   
214   ********************************************************************************
215   *** Dummies for groups of bilateral flows to form S 
216   ********************************************************************************
217   qui tab co , gen(d)
218   qui forvalues i = 1(1)6 {
219   qui sum d`i'
220   qui replace d`i' = d`i'/r(sum)
221   }
222   ********************************************************************************
223   
224   ********************************************************************************
225   *** Solve for counterfactual
226   ********************************************************************************
227   qui glm thxm ibn.im ib$b.ex , nocons offset(zacf) irls family(poisson)
228   predict double phicf, xb
229   replace phicf= phicf-zacf
230   ********************************************************************************
231   
232   ********************************************************************************
233   *** Delta method for counterfactual changes
234   ********************************************************************************
235   qui mata
236   printf("begin vcppmlcf \n")
237   Zcf=st_data(., "$recf")
238   S=st_data(., "$dum")
239   S=S'
240   zaba=st_data(., "zaba")
241   zacf=st_data(., "zacf")
242   phicf=st_data(., "phicf")
243   mcf=exp(zacf+phicf)
244   
245   M=diag(m)
246   Mcf=diag(mcf)
247   dmpcf =S*diagonal( Mcf*luinv(M)-I($b^2) )
248   printf("end dmpcf  \n")
249   
250   MI=luinv(M)
251   MIcf=luinv(Mcf)
252   Gacf=(Mcf-Mcf*D*luinv(D'*Mcf*D)*D'*Mcf)*Zcf
253   Ga=(M-M*D*(luinv(D'*M*D))*D'*M)*Z
254   Gacf=MIcf*Gacf
255   Ga=MI*Ga
256   printf("end some matrices \n")
257   
258   Vdmpcf=S*MI*Mcf*(Gacf-Ga)*Vcppml*(Gacf-Ga)'*Mcf*MI*S'
259   Sdmpcf=diagonal(Vdmpcf:^0.5)
260   tdmpcf=dmpcf:/Sdmpcf
261   printf("done Vdmpcf \n")
262   
263   dw=diagonal(MI*Mcf)
264   ddw=diag( (1/(1-$sig)) *( dw :^ (1/(1-$sig)) ) )
265   dw=dw:^(1/(1-$sig))
266   printf("done dw ddw  \n")
267   Vdw=S*ddw*(Gacf-Ga)*Vcppml*(Gacf-Ga)'*ddw*S'
268   printf("done Vdw  \n")
269   
270   dw=S*dw
271   dw=dw[1..$groups,.]
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272   Vdw=Vdw[1..$groups,1..$groups]
273   Sdw=diagonal(Vdw:^0.5)
274   dw=dw- J(rows(dw),1,1)
275   tdw=dw:/Sdw
276   
277   st_matrix("dw", dw)
278   st_matrix("Sdw", Sdw)
279   st_matrix("tdw", tdw)
280   st_matrix("dmpcf", dmpcf)
281   st_matrix("Vdmpcf", Vdmpcf)
282   st_matrix("Sdmpcf", Sdmpcf)
283   st_matrix("tdmpcf", tdmpcf)
284   
285   printf("done vcppmlcf  \n")
286   end
287   drop zaba zacf sf
288   ********************************************************************************
289   
290   ********************************************************************************
291   *** Collect results in matrices
292   ********************************************************************************
293   qui {
294   mat dmpcf=100*dmpcf
295   mat dmpcf_u= dmpcf-100*1.96*Sdmpcf
296   mat dmpcf_o= dmpcf+100*1.96*Sdmpcf
297   mat dw= 100*dw
298   mat dw_u= dw-100*1.96*Sdw
299   mat dw_o= dw+100*1.96*Sdw
300   
301   mat out_dmp=(dmpcf, tdmpcf, dmpcf_u, dmpcf_o)
302   mat out_dw=(dw, tdw, dw_u , dw_o)
303   
304   mat colnames out_dmp = dmp t dmp_u dmp_o
305   mat colnames out_dw= dw t dw_u dw_o
306   mat rownames out_dmp = $row_dmpcf
307   mat rownames out_dw = $row_dw
308   mat rownames out_ppml = $re
309   mat colnames out_ppml = b s t
310   mat rownames out_cppml = $re
311   mat colnames out_cppml = b s t
312   }
313   ********************************************************************************
314   
315   ********************************************************************************
316   *** Display results
317   ********************************************************************************
318   
319   *** Observed (y) and predicted (m) trade flows by country-pair group ***
320   label var ypu "predicted unconstrained PPML"
321   label var m "predicted constrained PPML"
322   
323   table ex, c(sum V sum y sum ypu sum m m yi) row format(%6.3f) stubwidth(15)
324   table im, c(sum V sum y sum ypu sum m m yj) row format(%6.3f) stubwidth(15)
325   table co, c(sum y sum ypu sum m) row format(%6.3f) stubwidth(15)
326   
327   *** Estimation results ***
328   estout matrix(out_ppml, fmt(3)),title("Unconstrained PPML estimation results")
329   estout matrix(out_cppml, fmt(3)),title("CPPML estimation results")
330   estout matrix(out_dmp, fmt(2)), title("Counterfactual effects on trade flows in 

percent")
331   estout matrix(out_dw, fmt(2)), title("Counterfactual welfare effects in percent"

)
332   



References

Berry, St., O.B. Linton and A. Pakes (2007), Limit Theorems for Estimating the
Parameters of Differentiated Product Demand Systems, Review of Economic
Studies 71 (3), 613–654.

Billingsley, P. (1995), Probability and Measure, Wiley-Interscience Publication,
John Wiley & Sons, New York.

Davidson, Russell, and James G. MacKinnon (1993), Estimation and Inference
in Econometrics, Oxford University Press, Oxford.

Phillips, P. C. (2012), Folklore Theorems, Implicit Maps, and Indirect Inference,
Econometrica 80(1), 425–454.

Pollard, D. (2002), A User’s Guide to Measure Theoretic Probability (Cambridge
Series in Statistical and Probabilistic Mathematics, Cambridge University
Press, Cambridge UK.

Pötscher, B.M. and I.R Prucha (1997), Dynamic Nonlinear Econometric Models:
Asymptotic Theory, Springer, Berlin Heidelberg.

Pötscher, B.M. and I.R Prucha (2003), Basic Elements of Asymptotic Theory in
Baltagi, B. ed. (2003), A Companion to Theoretical Econometrics. Black-
well, Malden, Mass. and Oxford.

Wooldridge, J. (1997), Quasi-Likelihood Methods for Count Data, in Pesaran
H. and P. Schmidt (eds.), Handbook of Applied Econometrics Volume II:
Microeconomics, Blackwell, Oxford UK.

Wooldridge, J. M. (2002), Inverse Probability Weighted M-estimators for Sample
Selection, Attrition, and Stratification, Portuguese Economic Journal 1(2),
117–139.

Wooldridge, J. M. (2007), Inverse Probability Weighted Estimation for General
Missing Data Problems, Journal of Econometrics 141(2), 1281–1301.

Zhang, X. D. (2017), Matrix Analysis and Applications, Cambridge University
Press, Cambridge UK.

24


