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1 The PPML Estimator

The set of regularity assumptions are similar to those summarized in Pfaffermayr
(2020) and include

1.

. Mij, 1,7 = 1,...,C is independently distributed with E|n;;|z;] and 0 < o

The parameter space of o, © C R¥ | is compact. oy is an interior point of

©.

The system of multilateral resistances holds under the true model:
D'm(ag) —[r',0'] = 0, where D includes the exporter and importer dummies
and [k, 0']" is given, non-stochastic and of order O (C).

Cm < mjj(a) < (1 — ¢p,) for some positive constant ¢, < 0.5 w.p. 1.

Yw = 0,(C?) and independent of €;;, p1; and v; for all i and j.

2
n

2 —
<07 <Ty<o0

. p; and v, 4,5 = 1,...,C is independently distributed with E[u;|z;;] = 0 and

0 < g, <o, <7, < oo and similarly for v. In addition, E[n;;u|2;] =

Elnijvjlzi;] = 0 and Elppy] = 0 and Efv;v,] = 0 for i # i' and j # j'.

Bounded support of €;; = n;; + p; + v; so that m;;(a) + myj(a)e;; > 0 for
a €0, wp. 1.

Explanatory variables: 7 € Z C RO <K possesses full column rank K, its
elements are uniformly bounded by some constant c,, i.e., |z, < c, w.p. 1.
All elements of Z vary at the bilateral level.

In order to derive the limit distribution of the PPML estimator for «, we define
W = [Z,D], G* = W'VM*VW with M* = diag(e“”") and 9* = (o, ¢*')’ with

¢ =

~

(B8, ~*), which lies elementwise between ¥} and . For missing values one

may define the selection matrix V' that is derived from the identity matrix by
setting the ones in the main diagonal to zero if the corresponding observation
is missing. Note the typical element of the upper left block of G is bounded.
Sloul < &0 chzl |2ij k| vigmij (@) |2i5.]
< &C?E(1 —¢p) = O(1).

Applying the mean-value theorem to the PPML-score yields

/ * a_ao
0=WVe-G"| ~ .
{¢—¢0}



~ ~ ~ s~ N1 o
Defining Z* = M'3Z, D* = M*iD, Q5. = I — VD* (D*’VD*) D*V and
using the blocks of the partitioned inverse yields

~ ~ \ —1
G*ll — <Z/*VQV5*VZ*)
~ ~ \ -1 ~ ~ ~ ~ \ —1
G*12 — _G*llGTQG;Q—l — <Z/*VQV5*V2*> ZI*VD* <D*/VD*> ,
Thus, one can write

o(@—a) = GMNIGCHZ'V - GL,Gy ' D'V)e
~ ~ ~ ~ ~ -1 -
_ G*ll%CQ(Z/*M*_l/QV _ Z/*VDI* (D/*VD*) D/*M*_l/QV)g

~ ~ \ —1 ~
C2(Z'VQupVZ')  HZ'VQup M = Bla) ' AW,

where B(a*) = é?’*vcyvﬁ*vé and A(a*) = Z’*VQVE*M*_%. Further, By =
2 2
plime_,o B(a*) is assumed to exist and to be invertible, %A’OQEAO = plime_ o %*
A(a*) e’ A(a*). 7¢ is a normalization factor to be determined below.
We allow for two-way clustering of the disturbances in the exporter country

and importer country dimension following Cameron, Gelbach and Miller (2011).
Qe =FEee' ©(Sy + S — Sa)]

S, =D,D! S, =D,D, and S; = I are selector matrices for the corresponding
exporter country, importer country and the country pairs. ® denotes Hadarmards
elementwise product. Plugging in the estimated residuals €, one can use

V., = B(@) ' A(@) diag (5? © (%SI + oG, - nglsd)) A(@)B@)™!
for inference in finite samples. The correction factors are the commonly used as
small sample correction.

Proposition 3.2 of Tabord-Meehan (2019) can be applied to establish the limit
distribution of 7¢ (@ — o) = Z% By ' Age when properly normalized by an appropri-
ate factor 7¢. Note this limit distribution will be the same as that B(a*) "' 7% A(a*)’
In the notation of Tabord-Meehan (2019) this proposition comprises the following
assumptions. For simplicity, we first consider a single regressor and a single clus-
ter (Q. = E'[ee’ © S,]). In the notation of Tabord-Mechan (2019) the following
conditions are imposed:

R

1. AF2: MY =cMH ¢ =1and M = (C in the present notation, i.e., cluster
size increases in sample size.



( Q/C)%

2. Condition 2.1: For [ > 3, — 0 as ' — 0. Considering a single re-

c
gressor we have oo = Var [Zizl ijl aijsij} so that A = [a11, ...acc]ixc2-

This condition allows applying the limit theorem of Janson (1988) for random
graphs.

3. Condition 2.6:

C c Cc Cc cC
Q = 611_{20 CHTV@T Zzaijgij :C}E{; C2+r ZZZZCL”CL”/E eijiy ]
i=1 j=1 i=1 j=14i=1"5=1
< Jim P 001 — o),

since |ayja;j B0 ]| < co = O(1) for some positive constant ¢,. Thereby
r € [0,1] and 2 is assumed be positive definite. At r = 1 we have

ZZ%%] < (2-CHo(1) =0(1)

i=1 j=1

lim —Var
C—)oo

Assuming F [g;;e5 ] = 0 if both ¢ # ¢ and j # j', there are C* — C?*(2C' —1)
uncorrelated country pairs or C?(2C — 1) are correlated ones. Hence, this
condition holds at 7 = 1 (see Assumption 2.5 in Tabord-Meehan, 2019 and
the corresponding remarks).

4. Assumption 3.1: The distribution of {(a,;, mi;(a)e;;)}
port.

ii=1 has bounded sup-

With these assumptions Condition 2.1 (here we have My = C') can be rewrit-
ten as

Lo = <%2>1/l0 _ <%2>1/ZC*( 1 Var

0L/2 24r 2+
¢ ¢ i=1 j=1
R ~~ -
1 R

R2:O()byCondition26andR1—g://; Ntel—gz ’”’<O<:>rl>20r

r > Z. Since [ > 3 is assumed, at r = 1 it follows that Ry — 0
Under these assumptions Proposition 3.2 implies for scalar o that at r = 1

1
the normalization is given by 7¢ = <g1> = C2 and Cz (4 — ) 4N (0, Vi),
V, = &By AgQAY By Y, where By = plime e 22"V Q, 5.V Z and AQ A, =



1

plime_,o grA(a*)ee’ A(a*). For the general case define X' = Z’)VQVEOMO_§ SO
that Z5A(a)e = 75 Zlczl zjc:l x;;€, where x;; is the ¢j—th column of X'. Now
we apply Jansons’s Theorem combined with the Cramer-Wold device.

Another DGP for the disturbance has been considered in MacKinnon, Nielsen
and Webb (2021), who in turn use the results of Davezies, D’Haultfceuille and
Guyonvarch (2021). They assume that the disturbances are separately exhangeable
random variables. E.g., the random effects model fulfils this assumption. Define

: 1 !/ /
'y = Clgréo @AO (Elee'] © S,) Ao
: ]' / /
FM = Clgl;o EAO (E [55] © Sm> AO
1
Iy = lim —Aj(F[ee] © Sq) Ao

C—oo C?

V, = By'I'xBy!
Vin = By'TuB;!

If their Assumptions 1-6 as well as condition 16 hold true, V, +V, > 0 and setting
their R to C
C(a—ag) 2 N0,V + Vy)

Note the last matrix V; = By 'T'/B;' in Cameron, Gelbach and Miller (2011)
disappears and V, 4+ V,,, is always positive definite.

2 The the PPML-residuals

The bias of the standard errors of the PPML estimator for & is best illustrated for
the case of fully observed trade flows, setting V' = I¢2. To simplify the illustration
of the bias of V,,, we insert the true parameters into the matrices A(«) and B(«),
but use the residuals 2. Moreover, W is treated as as a non-stochastic matrix,
whose elements are assumed to be uniformly bounded. To simplify notation we
skip the index 0 indicating the true parameters in My, Ag and By. The residuals
under of the PPML estimator using dummies are based on :

a— o= B_lngﬁM_l/Qe .= B7'A’e, ignoring the remainder



) » o
B = 7/(1-M"D(D'MD)" D'M'?) Z = 7'Qp2
= 7/(1— M"2D(D'MD)" D'MY?) M~Y2 = Z'Qp 0

Taylor series expansion of the residuals yields (see Davidson and MacKinnon, 1993,
162-167):

Eij = Eij —mij,ongG(ﬁo)’1W’€+op H(@— 190)H = <M3/2QWM(;1/2€>i,+OP(1)?
——— J

Op(1)

where G(9,) = W'W. Note H&- 190‘ = [|C?G(90) " HWe|| < [C2G(00) | || W e|| =
O(1)O,(1). To see this observe that

HC‘QG(é’)H2 = C *trace <(§’Z)2 +7Z'DD'Z+D'ZZ'D + (15’13)2> =0(1).
Note all four terms are positive definite and (Abadir and Magnus, 2005, p. 329)
S N2
C~*race ((Z’Z)z) < O *trace (Z’Z) < CK*(C*)r = 0(1)

C~*trace (Z'ﬁ5/2> = C Yrace (ﬁ'??ﬁ) = C *trace (ZZ’ZBZ?)

IN

C~*trace (ZZ’) trace (515')
= O (KC?Z)(2C-1)C =0(1)
C ™ Ytrace ((5'5)2> < O *trace (ﬁ'ﬁ)z = C*((20 - 1)C))* = 0(1)

Further,

K+2C-1

+ c ¢ Cc cC
HC_QW,a?HQ = % Z ZZZ Zwimwkl,hsijskl = Op(l)

2
h=1 =1 j=1 k=1 I=1

Note |E [g;je]| < ¢ is assumed and E'[g;5e,,] = 0if i # k and j # [. Let w;; be
the K +2C' — 1 x1 vector including the ij-th column of W’. Markov’s inequality



implies

P(lcwe|* > k) <

Elle?We] =

El|C2We|?] < 2:(K +20 1) P, — L (K 420 — 1) CPe,ct

L (K420 —1) (2C° — C?) ¢oc,

_ (K-"—QC;CI’%(QC—I) CO-C?U _ 0(1)

D=

This uses [Jw;;|| = (K +2C — 1)2 ¢, for some constant ¢,,. It follows that
E= MY2Qu M2 + +0,(1)b

for some vector b whose elements are O,(1) (see Davidson and MacKinnon, 1993,
p. 166).

3 The bias of the variance estimator

Consider the case of a single cluster, e.g., exporter country cluster, at true M

skipping the index 0. Let Z' = Z’QE = [Z{,,Z’C], Z = (Z’Qf))lK o [l =
VK X



1,...,C. Remember

o 1
a—ap = (Z’Z) 2 M2

g = M'72QuM "% + +o,(1)b
-1

Va

(22) zm-ron2z (7'2)

- (#2) (Zzz M ”%) (22)".

where Eleig]] = Qoxe, 2 = diag[€Y] is a block diagonal matrix. M, is a C x C
diagonal matrix extracted from M = diag(M,).

—-1/2

Now consider the vector of residuals referring to cluster [ given as g, = M, 11/ QQW (M~ %e.

QWJ is comprised of the C' rows of Qg referring to exporter cluster [. Ignoring
the remainder, we have

E[gg:l] — Ml/QQWMfl/ZQM71/2QWM1/2

~ w1 1

E [va,x} = (Z’Z) Z'M\PE[FE® S, )M2Z (Z’Z)
.1 o a1

_ <Z’Z> S [1/2 [(Ml/QQWMfl/ZQMfl/QQWMl/Q) o Smj| MoV25 (Z’Z)
—1

AN | ¢ .. .. o
- (22) (Zz;QWJMl/mM”?@’le) (22)
=1

where 5, selects the appropriate blocs of {2 referring to the exporter clusters. The
bias of V, , thus emerges because the elements of the sum over the exporter blocs
deviate form their counterparts in V3

ZiQe MTVPOMTVPQ 2 # ZiM, MRV,

4 The Jackknife variance estimator ‘7@‘] K

The illustration of the Jackknife estimator follows Bell and McCaffrey (2002) con-
sidering clustering by exporter countries only. We assume fully observed data
(V = I) and plug in the true parameters into M. Again we skip the index 0



indicating true parameters. The Jackknife variance matrix is defined as

c
K_Cl _ Y
—CE:O‘U O‘ ajy O‘)v

=1

where a;) is the JK-estimate that leaves out cluster . Some authors replace &
by (_1;210:1 apy. However, as Bell and McCaffrey (2002) argue, in simulations both
methods provide similar results (see also Hansen, 2019, p. 326 for the linear model).
We can write

& — ag (Z’Z) e
_ (Z’Z) 7'QsM V2%
_ (Z’Z) Vi

where we define Z = Q[)Z, Z = [Zl, e ZC] and ¢ = QEM_l/Qe. ap) — ayp is given
by
N .
Gy -oo=(22-2%) (2%~ Zz),

Z, comprises the rows of Z referring to exporter country /. Following Cook and
Weisberg (1982 | p. 136) and using the updating formula in their Appendix A.2
one has

o a1 .1 RN N e Nt . |
<Z’Z—Z{Zl> - (Z’Z) - (Z’Z) A (1—21 (Z’Z) Z{) Z (Z’Z)
= (22) —(22) BU-Pu) " a(22)
- l Z l

NN _
Thereby, we define P, = Z, <Z’Z> Z] and assume that ([ — PZ”) " exists.

Ui
(22 ) v (22) 21— r) " 2 (22) ) (22~ 28)

Z
1 o~

Z’Z> VG

—_—

a—ap

Il I
TR Q)



PR N S 1 e .o\ 1 . 1 . U i S
_<Zfz> 2l -(1-Py) " 2 (Z’Z) 25+ |1+ (-Py) " 7, <Z’Z> A

(&

-~
(I_PZ,ZZ)71

.o\ 1. _ .. .o\ 1 .
— G- (Z7) Z(1-Pz)”" (a -4 (22) Z’é’) .
. R e S _
Note I + (I — PZ’U)_l Zy (Z/Z> Zy = (I — PZ,u) 1, since

1

I+ (]_Pz,u)_ PZ,u - (I_PZ,ZZ)_l =1+ (]_PZ,H)_l (PZ,ll _I) =0.

Davis (2002) shows that one can decompose the symmetric projection matrix Pg;
as

~ o~ ~ ~ N B
Py = Pp+ Py z=DWDD)'D+2(22) 7
Qp = (U-Fy ) -Pp)=1-F, 73— P+ P, zPp
= 1-Py ;- P;

SN
since PQ52P5 = Q37 (Z’Q5Z> Z'Qp Py = 0. It follows that

(z ~7(22)" z) - - (z ~7(22)" z) QM2 = Qu M~V/2%
a5 (22) 2F = QM Pe= (M),

where Q7 , denotes the C' rows of Qg that correspond to cluster [. Hence,

ap — o = — <Z/Z> -1 V (I B PZ,”)A (M—1/2é\)l

Inserting yields

— C _
it = S (22) X (71 ppa) ! (), (e (1= 1) 2) (22)



Comparing V. and XA/WC and using M1/?¢ = QWM*UZ& illustrates that the bias
originates from the difference

E [Z’M’égg’M’%Z] -F Z’QWM’1/2£5’M’%QWZ

M1/2g

Following Niccodemi and Wansbeek (2022, p. 3) and Bell and McCaffrey (2002)
assume that Z2'Z = CZ]Z, and Varle] = 0>M, setting 02 = 1 for without loss
generality. It follows that

(1)
C
/
& (g -a) (ap - a)
=1
¢ IRV U N R
N2 (1 - Pyy) (q—Zl (22) Z’e) *
l

- S (22) |2
(g,_zl (72) 12@) (1-Pyy) 121} (22)".

!/

l

<gl ~a(z22)" ng) .
l

-1

0,..,1c,..,0] — Z (Z’Z) VA QEM—Wg - (Qf),l_Zl (Z’Z) Z’) M2,

10



since Z’QD = 7. Tt follows that
A N B
E KEl -y (Z’Z) Z’) QM2 M~12Q 5 (El -y (Z’Z) Z’) }

(ri-2(22) " #) @5 (-2 (22) ' 7)
- BQuE -4 (72) 7QpE - BQyZ(22) 4
v24(22) 2apz (22) 4
= 1o~ %(22) - D(DD) D},
(iii) Consider

1

_ N B
(Io— Pyy) " (IC ~4(22) 7 - Dl(DD)lDO (I—Py) "

Note

(Io—Pya) ™ = Io+4 (Z’Z _ Z{Z{) A

.. o N1

Z = Qp,Z
ZiD = 7'Q5 Dy
= Z/|E - D(D'D)"'D}| | Dico
C2xC

~ 2/[EDi- B(D'D)" Dib]

11



D cxe

k1

= [ Ocx1

bl,C><1 0 blbl—el Zmlj

EE—E@D)le

Ocxc D, 07" 0
) 5l ) 5l N -
ol 5]
Ocxc ] [ D1 | 00
- | b |-| DB 1
Ocwe ]| Dy |,
Ocxe | [ Dioxe | 00
- | b |-| B
oewe || B |
0 0
lN)k,CxC 11,
0 Jexe
0 0
= [ Ocxa br,cx1 0 ] Ly,

12

0"

0 0
CxC

0 CxC

= Ocxc



= [Ocx1 - bioxi ... 0] 1y

= |: OCXI bl}Cxl 0 ] - El,CxC

It follows that .
E,D,— D(D'D)"'D,D; =0
and s .
2D =27 [El' D - D(D’D)*ngDl] = Opxc.
(iv) Therefore, we have

o oL\ ~ o~~~ oo\~ o~ o
(Ic +&54(42) Z{) Dy(DD)~' D, (fc + 4 (44) Z{) = D(DD)™' D,
observing that Zl/lN?l = Ogxc, and
R T B
(Ie = Pay) ™ (IC —Z (Z'Z) Zj — Dz(DD)_1D§> (I=Py)"
. Lo N1 ~ o~ ~ ~
_ (10+ =0 (42) z;) ~ DUDD) Dy
using

~ o~ o~ ~ ~ . e N1 L~~~ ~
(Ic — Py,) ' D(DD)™'D] = DyDD)'D+ #+2 <Z§Zz’> ZDy(DD)~'D;

= Dy(DD)"'D.
(v) Since
.. .. TN B ..
% (to+ 20 (22) " 2) 2
= 42, (%H) = 24 (%)
and

C
> ZD(DD)'D;Z, =0

=1
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it follows that

ooy —1
%(z’z) B

(22)"

¢ .. .. o1 ~ o~ ~ ~ .
4 ((10 + 7 (Z{Z{) Z;) - Dl(DD)‘lD{> Z
=1

oo\ L ¢ L oo\ L oo\ L
= CH(77) Y44 (27) = (727)
=1

Hence, under the restrictive assumptions that (i) Var[e] = 0>M and 2'Z = CZ|Z,
the jackknife-estimator is free of bias, resembling Theorem 2 of Bell and McCaffrey
(2002) for the linear regression case. The results is also related to Theorem 2 of
Pustejovsky and Tipton (2018).

4.1 The bias correction of Bell and McAffrey (2002)

Bell and McAffrey (2002) correct the PPML-residuals with a matrix F' = diag([})
so that.

~ ..\ —1 . . .o\ —1
pBEM (Z'Z) ZFM™V2 (28 © S,) M~V2F' 2/ (Z’Z)
E[‘/}aBM] = VOé

Remember M~'/%2 = QM ~'/%c. The correction matrix F = diag(F;) has to
fulfil the following equation to guarantee unbiasedness under the working variance
assumption:

E[AM_1/2 (é:g/ ® Sx) M—l/QF/] — F (QWM_I/QQM_I/QQW) F/ _ M—l/QQM—l/Q
This expression can be rewritten as
F‘lQAWJJM_l/zQM_lﬂQ/’W"JF}/ _ lel/ZQllel/Q

Under Q2 = diag(r;M;) as considered by Bell and McAffrey (2002) this condition
reduces to

/ JR—
EQWJ[F} = IC
where QW,ll = QW,ZQIW - However, in this case clustering is not necessary and the

correction reduces to that commonly used for heteroskedastic standard errors.
A solution exists, if Qg ,, is invertible.

—-1/2
FiQ yFl = I or FiQ  F/Fi = F — Qw,gz '

14



Consider the eigenvalue decomposition Q , = PIA P so that F; = PA; Y 2P’

FiQFl = PIb PP PAF[BA™V?F] = BF] = I

Hence, if Qg ,, is invertible we have

i{>BM __ 1/2 1/2/\4 1/2 H—1/2
Va _( ) <ZZZ My Wl Zl)

(see Imbens and Kolesar, 2016, p. 709 and Pustejovsky and Tipton 2018, p. 675).
However, there is evidence of cases where Q~ is singular. In the gravity context,
this will be the case if variables with unllateral variation such as the exporter and

importer country dummies are included.
5 Bias correction and the BRL criterion

Following Pustejovsky and Tipton (2018), we want to find matrices F; such that

i) = (22)" (St o o Py 1) (22) " =i
So for each exporter [, Fj solves
E|Zim (M 0 8,) R (1)
= ZiRQuy M (20 S,) M’l/QQ’WJF/ZZ
= ZIM7 VPP
Theorem 1 Pustejovsky and Tipton (2018) shows that
F, =T, (G) " 1] with Gy = T Qwi0Q}y,/ Ty

solves (1). @, = T;T] is the Cholesky factorization with 7; a lower triangular
matrix. The proof uses the eigenvalue decomposition G; = ViA;V/ and Glﬂ/ 2 =

VlAll/ V.V is the matrix of eigenvectors with those eigenvectors skipped that refer
to zero eigenvalues. A; is the diagonal matrix with the corresponding eigenvalues.

15



It follows that

ZiFQy M~ POM P Ql 2,

_ Zl/ﬂ (G?_)I/Q E/QW,ZM_1/2QM_1/2QLM7JE (G;r)l/Q ]}/Zl

¢
= ZTVi\V/T/Z,
Their Theorem 1 shows that
Z'TVVIT, Z = Z}M; P VP 2,

since Z'T} is in the column space of Q3 , that is spanned by the eigenvectors V.
Thus we have

slrz] - (22)" (San (e e s) ma) (22)”

=1
() (S (77)”

The procedure needs a working variance matrix {2; that is unknown making this
correction infeasible . However, as second best solution one can choose a feasible
one that reduces the bias as discussed in the main text. If G is invertlble the bias
correction reduces to that of Bell and McCaffrey (2002) setting F; = Q P ” , since

Qw = QpQz-

6 Stata code for projected robust bias corrected stan-
dard error

16



stata_example.do - Printed on 27.02.2023 10:50:14

1 clear all

2 matrix drop _all

3 macro drop _all

4 program drop _all
5 sca drop _all

6 timer clear

7 clear mata

8 set matastrict on
9

10 capture log close

11 capture set more off
12 version 16

14  cd "C:\seadrive_root\Michael\My Libraries\PPML_cluster\Second revision OBES\stata"
15 **cd "C:\seadrive_root\Michael 1\My Libraries\PPML_cluster\Second revision OBES\stata"

17 /*********************************************

18  *** |og file
19 **********************************************/

20 log using stata_example, replace

22 /*********************************************
23 *** Data

24 **********************************************/
25  use stata_example, clear
26

27  /* Note data must be balanced and missings are set to
28 zero. The dummy variable V takes the value of 1
29 if data of a country pair are observed and zero else */

30

31

32 /*********************************************

33 *** Globals

34 **********************************************/

35 global re= " border distw contig comlang_off colony rta " /* explanatory variables*/

36 global b=63 /*numer of countries*/
37 global ka=@ /* working variance assumption */

40 /*********************************************

41  *** Qutliers

42 **********************************************/
43 replace V=0 if (ex==61 & im==61)

44  replace V=0 if (ex==62 & im==62)

45 replace V=0 if (ex==63 & im==63)

46 **replace V=0 if s <=0

47

48 /*

49 exname | 61 62 63 | Total
50 ------e---- B e e e e
51 DEU | 63 0 0 | 63
52 IPN | 0 63 0 | 63
53 USA | 0 0 63 | 63
54 ------e---- et L L L R il
55 Total | 63 63 63 | 189
56 */

57 **********************************************/

58

59 /*********************************************

60 *** Mata procdure for Pustejovsky and

61  *** Tipton corrected standard errors

62 **********************************************/

63 qui mata

64  function pt_avcr(real matrix QsZs, real matrix Hs, real matrix WOMs, real matrix WOMCs, ///

65 real matrix WOM, real matrix S, real matrix Mhi, real matrix OM, ///
66 real scalar cc )
67 {

68 real scalar K

Page 1



stata_example.do - Printed on 27.02.2023 10:50:14

69 real matrix B, Br, Sr, Sri, U, F, AVCR, Vt, s
70

71  B=WOMCs'*((Hs*WOMs*Hs") :*S)*WOMCs
72 svd(B, U, s, Vt)

73  Sr=diag(s)

74  K=rows(Hs)-cc

75  U=U[.,1..K]

76 Sr=Sr[1..K,1..K]

77  Sri=sqrt(invsym(Sr))

78

79 F=WOMCs*U*Sri*U"'*WOMCs"'

80  Br=(Mhi*OM*Mhi):*S

81 AVCR=QsZs "' *F*Br*F'*QsZs

82 return(AVCR)

83

84  printf("function pt \n")
85 }

86

87  function pt (real vector b)
88 {

89 real scalar cl

99 real vector y, yp, f, ec

91 real matrix Dx, Dfx, Dm, D,Ds, S, Z, Zs, ZSS, QsZs

92 real matrix W, Ws, Q, Qs, H, Hs, GIZZ, PhizZ, Vpoipt, Spoipt
93  real matrix s, U, V, Vt,W, M, Mh, Mhi, OM , WOM, WOMC, WOMCs, WOMs
94 real matrix AVCRx, AVCRm, AVCRxm

95

96 printf("Data \n")

97  st_view(y,., "s")

98  st_view(Dm,., "ibn.im")

99 st _view(Dx,., "ibn.ex")

100  st_view(Dfx,., "ibn.ex")

101  st_view(Z,., "$re")

102 st _view(V, ., "V")

103  Dx=Dx[., 1..%$b-1]

104  D=(Dm,Dx)

105  W=(z,D)

166  VW=diag(V)

107
108  printf("y yp, and M \n")
109  y=V:i*y

110  yp=exp(W*b)

111 M=diag(yp)

112 Mh=diag(V:*(yp:~(0.5)) )
113  Mhi=diag(V:*(yp:~(-0.5)) )
114  yp=V:*yp

115
116  printf("OM \n")
117 U=.

118  s=.

119 Vt=.

120 OM= (y-yp)*(y-yp)'
121

122 printf("Tilde transformations \n")

123 Zs=Mh*Z

124 Ds=Mh*D

125 Ws=Mh*W

126

127  printf("GIZZ\n")

128  Q=I(rows(Z))-VV*D*luinv(D'*VV*M*D)*D'*VV*M
129 ZSS=VV*Q*Z

130 GIZZ=1luinv(quadcross(ZSS,yp,ZSS))

131

132 printf("Qs Hs\n")

133 Qs=I(rows(Z))-VV*Ds*luinv(Ds'*VV*Ds)*Ds"'*VV
134  Hs=I(rows(Ws))-VV*¥Ws*luinv(Ws'*VV*Ws)*Ws'*VV
135  QsZs=Qs*Zs

136
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137  printf("start x cluster \n")

138 WOM=M* (I(rows(M))+Dfx*Dfx' )*M

139 WOMs=Mh1i*WOM*Mhi

140  WOMC=cholesky (WOM)

141 WOMCs=Mh1i*WOMC

142 S=Dfx*Dfx'

143  cl=cols(Dfx) /*number of clusters for singularity*/
144

145  printf("start pt_avcr \n")

146  AVCRx=pt_avcr(QsZs,Hs,WOMs, WOMCs, WOM,S,Mhi,OM,cl)
147  printf("end pt_avcr \n")

148  printf("done x cluster \n")

149

150  printf("start m cluster \n")

151  WOM=M* (I(rows(M))+ Dm*Dm') *M

152 WOMs=Mhi*WOM*Mhi

153  WOMC=cholesky (WOM)

154 WOMCs=Mh1i*WOMC

155 S=Dm*Dm'"

156 cl=cols(Dm) /*number of clusters for singularity*/
157

158  printf("start pt_avcr \n")

159  AVCRm=pt_avcr(QsZs,Hs,WOMs, WOMCs, WOM,S,Mhi,OM,cl)
160  printf("end pt_avcr \n")

161  printf("done m cluster \n")

162

163  printf("start xm cluster \n")

164 WOM=M*M

165 WOMs=Mh1i*WOM*Mhi

166  WOMC=cholesky (WOM)

167 WOMCs=Mh1i*WOMC

168  S=I(rows(M))

169 cl=0 /*number of clusters for singularity*/

170  printf("start pt_avcr \n")

171 AVCRxm=pt_avcr(QsZs,Hs,WOMs, WOMCs, WOM,S,Mhi,OM,cl)
172 printf("end pt_avcr \n")

173  printf("done xn cluster \n")

174

175  printf("VC matrix \n")

176  Vpoipt=GIZZ*(AVCRx+AVCRm-AVCRxm)*GIZZ'

177  Spoipt=diagonal(Vpoipt):~@.5

178  return(Spoipt)

179 }
180 end
181

183 *** Mata procdure for projected standard errors
184 stk sk ok ok stk ok skok ko ok skt sk sk ok stk ok sk skok ok skl sk skt sk stk skok ok /

185 mata
186  function pr (real vector b)
187 {

188 real vector y, yp, f, ec, V, c
189 real matrix Dx, Dfx, Dm, D,Ds, Z, Zs, W, Ws, Q,H, GIZZ, Phizz, Vpoihc, Spoihc
190 real matrix VV, M, Mh, Mhi, OMc
191

192  printf("Data \n")

193 st _view(y,., "s")

194  st_view(Dm,., "ibn.im")

195 st _view(Dx,., "ibn.ex")

196  st_view(Dfx,., "ibn.ex")

197  st_view(Z,., "$re")

198 st _view(V, ., "V")

199  Dx=Dx[., 1..$b-1]

200  D=(Dm,Dx)

201 W=(Z,D)

202
203  printf("y, yp and M \n")
204 y=V:i*y
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205  yp=exp(W*b)

206

207  M=diag(yp)

208  Mh=diag(V:*(yp:~(0.5)) )

209  Mhi=diag(V:*(yp:~(-0.5)) )

210 yp=V:*yp

211

212 printf("Tilde transformations \n")

213 Ws=Mh*W

214 Zs=Mh*Z

215 Ds=Mh*D

216

217  printf("Projection matrices \n")

218 Q=(diag(V)-Ds*cholinv(quadcross(Ds,Ds))*Ds")
219  H=(diag(V)-Ws*cholinv(quadcross(Ws,Ws))*Ws")
220

221 printf("Within transformation of Z \n")

222 Zs=Q*Zs

223

224 printf("Correction factor of the PPMl-residuals \n")
225  f=(diagonal(H'*( diag(yp:~(1+$ka)) )*H))+0.00001*(J(rows(y),1,1)-V)
226  /*0.00001 avoids missings, multiplication by V eliminates this*/
227

228  c=sqrt((yp:~(1+$ka)):/f)

229  ec=(V:*(H*Mhi*(V:*(y-yp)) ):*c)

230

231  st_store(.,"cstata",c)

232 st _store(.,"fstata",f)

233 st_store(.,"ecstata",ec)

234

235  printf("VC matrix \n")

236  OMc=diag(ec*ec')

237  GIZZ=cholinv(quadcross(Zs,Zs))

238 PhizZz=Zs'*OMc*Zs

239  PhiZZ=quadcross(Zs,diagonal(OMc),Zs)

240 Vpoihc=GIZZ*PhiZZ*GIZZ"'

241  Spoihc=diagonal(Vpoihc):70.5

242 return(Spoihc)

243}

244 end

245 **********************************************/
246

247 /*********************************************

248 *** Mata procedure jacknife

249 **********************************************/
250  qui mata

251 function jk (real vector b)

252 {

253

254 real vector y, yp, f, ec

255 real matrix Dx,Dfx, Dm, D,Ds, Z, Zs, ZS, W, Ws, Q, QZs, H, GIZZ, PhiZZ, Vpoijk, Spoijk
256 real matrix V, M, Mh, Mhi, OMc, OMx, OMm, OMxm
257 real matrix 1iZssZs, PZppx, iPZppx, PhiZZx, PZppm, iPZppm, PhiZZm, PZppxm
258 real matrix 1iPZppxm , PhiZZxm

259

260  printf("Data \n")

261 st _view(y,., "s")

262 st_view(Dm,., "ibn.im")

263  st_view(Dfx,., "ibn.ex")

264 st _view(Z,., "$re")

265  st_view(V, ., "V")

266 Dx=Dfx[., 1..%$b-1]

267  D=(Dm,Dx)

268  W=(Z,D)

269
270  printf("y, yp and M \n")
271 y=V:i*y

272 yp=exp(W*b)
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273  M=diag(yp)

274  Mh=diag(V:*(yp:~(0.5)) )

275  Mhi=diag(V:*(yp:~(-0.5)) )

276  yp=V:*yp

277

278  printf("Tilde transformations \n")

279 Ws=Mh*W

280 Zs=Mh*Z

281 Ds=Mh*D

282

283  printf("start Jk\n")

284  OMx=( Mhi*(y-yp)*(y-yp)' *Mhi):*( Dfx*Dfx')
285  OMm=( Mhi*(y-yp)*(y-yp)' *Mhi):*( Dm*Dm")
286  OMxm=(Mhi*(y-yp)*(y-yp)"' *Mhi):*( I(rows(D)) )
287

288  V=diag(V)

289  Q=I(rows(Z))-V*D*luinv(D'*V*M*D)*D"'*V*M
290 ZS=V*Q*Z

291  GIZZ=1luinv(quadcross(ZS,yp,ZS))

292

293 Zs=Mh*V*Q*Z

294  iZssZs=luinv(Zs'*Zs)

295 iZssZs

296  QZs=(I(rows(Z))-Zs*iZssZs*Zs')

297  PZppx=QZs:*(Dfx*Dfx")

298  iPZppx=luinv(PZppx)

299  PhiZZx=Zs'*iPZppx*V*OMx*V*iPZppx'*Zs

300

301  PZppm=QZs:*(Dm*Dm")

302  iPZppm=1luinv(PZppm)

303 PhizZzZm=Zs'*iPZppm*V*OMm*V*iPZppm'*Zs

304

305  PZppxm=QZs:*( I(rows(D)) )

306  iPZppxm=luinv(PZppxm)

307  PhiZZxm=Zs'*iPZppxm*V*OMxm*V*iPZppxm'*Zs
308

309  printf("VC matrix \n")

310  Vpoijk=GIZz*(PhiZZx+PhiZZxm+PhiZZxm)*GIZZ"
311 Spoijk=diagonal(Vpoijk):~@.5

312  printf("done Jk\n")

313 return(Spoijk)

314}

315 end

316 **********************************************/
317

318 /*********************************************

319 *** PPML under heteroskedasticity

320 sk ko K R Sk Sk ok SR Sk R Sk R KRR RS R SRR KK SRR Sk S oK SR Sk ok sk kK Rk ok
321 qui glm s $re ibn.im ib$b.ex if v==1, nocons ///
322 irls family(poisson) robust

323

324  predict sp

325 gen r=s-sp

326 sum r,d

327 list ex im s sp r if r < -0.005, clean

328

329 sca Kall = e(k)

330 sca K=Kall-2*$b

331 di Kall " " K

332

333 /*********************************************
334 *** Residual check

335 **********************************************/
336 qui {

337 mat bpoi=e(b)’

338 mat bpoi=bpoi[l..Kall-1,1]
339 mata

340  st_addvar("double", "cstata")
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341  st_addvar("double", "fstata")
342  st_addvar("double", "ecstata")
343  bpoi=st_matrix("bpoi")

344  Spoihc=pr(bpoi)

345 end
346}
347

348 list ex im s sp r if r < -0.005, clean
349 list ex im s sp r *stata if cstata > 10, clean
350

351 /*********************************************

352 *¥** Save est. robust parameters and standard errors
353 **********************************************/
354 qui {

355 mat bpoi=e(b)’

356  mat Vpoi=e(V)

357 mat bpoi=bpoi[l..Kall-1,1]

358 mat Vpoi=Vpoi[l..K,1..K]

359 mat Spoi=vecdiag(Vpoi)'

360 mat Spoi=cholesky( diag(Spoi))

361 mat Spoi=vecdiag(Spoi)"

362 mat out=(bpoi[l..K,1],Spoi)

363}

364

365 KR sk sk sk ok sk ok sk skok sk ok ok sk ok skl ok sk ok ok skok sk ok ok skl sk sk ok sk ok sk ok sk ok ok

366 *** PPML under two-way clustering

367 **********************************************/

368 qui vcemway glm s $re  ibn.im ib$b.ex if V==1, nocons ///
369 irls family(poisson) cluster(ex im)

370

371 /*********************************************

372 *¥** Save est. cluster-robust

373 *** parameters and standard errors

374 **********************************************/
375  qui {

376  mat Vc=e(V)

377 mat Vcl=e(V_raw) /*used in Vppml procedure*/
378 mat Vc2=e(V_modelbased)

379  mat Vc=Vc[1l..K,1..K]

380 mat Vcl=Vcl[1l..K,1..K]

381  mat Vc2=Vc2[1l..K,1..K]

382

383 mat Sc=vecdiag(Vc)'

384  mat Sc=cholesky( diag(Sc))

385 mat Sc=vecdiag(Sc)'

386  mat out=(out,Sc)

387 mata: Sc=st_matrix("Sc")

388 }
389
39@ /*********************************************

391 *¥** Run mata for bias corrected

392 *** standard errors

393 **********************************************/
394  qui mata

395  bpoi=st_matrix("bpoi")

396  Spoipt=pt(bpoi) /*Pustejovsky and Tipton */

397  Spoihc=pr(bpoi) /*projected*/

398  Spoijk=jk(bpoi) /*jackknife*/

399 end

400

4@1 /*********************************************
402 *** Results table

4@3 **********************************************/
404  qui {

405 mata st_matrix("outm", Spoipt)
406  mat out=(out,outm)
407 mata st_matrix("outm", Spoijk)
408 mat out=(out,outm)
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409 mata st_matrix("outm", Spoihc)
410  mat PPML_results=(out,outm)
411}

412

413 local names ="b sc pt jk pr
414  matrix colnames PPML_results =b het cl pt jk pr
415  estout matrix(PPML_results, fmt( %4.2f) )
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