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Abstract

Using a matching approach, we compare the prodtyctnajectories of future export-

entrants and matched non-entrants. Future expdmters higher productivity than do
non-entrants before entry into international magkethich indicates self-selection into
exports. More interestingly, we also observe a pectidity increase among export-
entrants relative to non-entrants before expomyeithis might be explained by higher
investments in physical capital prior to exportrgnWe find no evidence that the
productivity gap between export-entrants and ndraets continues to grow after
export entry. Our results suggest that learning®¥pert occurs but that learning-by-
exporting does not. In contrast to previous studie$Swedish manufacturing, we focus
particularly on small and medium-sized enterpr{SMESs).
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1. Introduction

Numerous studies have documented that exportecy dngher productivity than do
non-exporters within the same industry, controlliogobserved factors that may affect
productivity! In the literature, two non-exclusive explanatibase been put forward to

explain such export productivity premia: self-sét@t and learning-by-exporting.

Self-selection means that only the more produdiives can afford the higher cost of
exporting. This implies that future exporters haignificantly higher productivity than
do non-exporters before they start exporting; petigity for future exporters is higher
ex-ante. Most previous empirical studies have fosungport for self-selection.

Learning-by-exporting, on the other hand, shouldulte in superior post-entry
productivity performance in new export entrantsatige to non-entrants. The reason
might be that exporters are exposed to knowledgesfifrom international buyers and
competitors and to more intense competition inrmgdonal markets, which lead to
larger opportunities and incentives to improve piavity than firms that sell only on
the domestic market experience. Moreover, the égplon of economies of scale and
improved capacity utilization in connection withpext entry could also be manifested
in better post-entry productivity performance inwnexport entrants than in non-
exporters® However, in contrast to self-selection, the encpirievidence for any

positive post-entry effects of exports and for héag-by-exporting are mixed.

An interesting possible explanation for the selésgon pattern identified by most
previous empirical studies has been proposed bgraand Lopez (2005). They argue
that firms consciously increase their productivity investing in physical and human
capital and new technology with the explicit puosf becoming exporters. The

investments involve pre-entry improvements in piittity among future export

! Seminal articles are Bernard and Jensen (1998)139e literature has been surveyed by Greenaway
and Kneller (2007) and Wagner (2007).

% See e.g. Van Biesebroeck (2005) and Damijan arsieo (2006).

% The surveys by both Greenaway and Kneller (208@)\&agner (2007) arrive at that conclusion.



entrants; they learn to export rather than learrbggexporting, and those learning

effects are neither inevitable nor automatic.

Distinguishing between learning-by-exporting anarteng-to-export among new export
entrants is an important aim of this paper. Towdwat end, we exploit a large-scale
panel dataset including all Swedish manufacturings with one employee or more
during the period between 1997 and 2006. Accesietailed longitudinal firm-level

data allows us to use modern econometric matclaagniques, which means that we
can solve potential endogeneity problems and etaltlze casual effect of export

activities on firm performance.

According to the learning-by-exporting hypothesisg would expect that the effect of
exporting on productivity should occur at the timéen firms enter international
markets and should then give rise to a wideningdyctvity gap between export
entrants and continuing non-exporters. In a stahdetching approach, like the one we
carry out at first, the post-entry productivitye{port entrants and that of non-exporters
with similar pre-export productivity histories arstimilar values for other pre-export
covariates are compared. Such an approach doedlawtfor learning-to-export, which
implies that preceding the entry into the exportkag productivity increases for new
export entrants relative non-exporters. To testéhening-to-export hypothesis requires
a different matching strategy where the baselimesifoilar pre-export productivity (and
other covariates) instead is set several yearsrédfe period of export entry, thus
permitting the effect on productivity of exporting appear even before the new export

entrants enter international markets.

Matching methods have been employed with Swedish dafore. Greenaway et al.
(2005) use a panel of manufacturing firms spanmingost 20 years from 1980-1997.
However, their data include only firms with 50 ewy#es or more® Export

participation among such firms is quite high in 8iga manufacturing (more than 80

percent). Therefore, it is not surprising that theynd that “in Sweden productivity

* In addition, Hansson and Lundin (2004) use a pah8Wwedish manufacturing firms with 50 employees
or more, but for the period from 1990 to 1999. Witeey employ a matching approach, they find no
impact of exporting on productivity in export emtts after export entry.



growth of exporters on entry domest appear to differ significantly from non-exporters
either in the periods leading up to or after efit(§areenaway et al. 2005, p. 578). We
obtain similar result for this group of firms forraore recent period. However, the
outcome appears to differ considerably for smaHlend from a policy perspective —
perhaps more interesting, firmisThe fact that the export participation rate is
significantly lower in smaller firms and that pradivity is higher in exporting firms

than in non-exporting firnfds occasionally presented as a motive for intéthiéxport

promotion, particularly in small and medium-sizedegprises (SMES).

To preview our findings, we observe an instantasgaoductivity increase at export
entry among the entering firms relative to non-gntg firms and that thereafter, in
subsequent periods, the productivity gap is comst#nwe allow for different
productivity trajectories before export entry foitidre export entrants and for firms not
entering the export market, we notice a significaraductivity differential between
them even before export entry. We also find tharaased investments in physical
capital precede entry into export markets, and ity explain the higher productivity
among future export entrants. Our results are hardigven by the smaller firms and are
consistent with the learning-to-export hypothesistb a lesser extent with the learning-
by-exporting hypothesis.

The remainder of the paper is organized as foll@extion 2 presents our dataset and
gives some descriptive facts and preliminary eweerregarding exports and
productivity by Swedish firms. Section 3 descrilo&s econometric strategy. Section 4

reports the results of the analysis. Section 5 lcoles.

® Export promotion of SMEs and, in general, the tjoasof how to support the internationalization of
SMEs are subjects that seem to attract signifipality interest on the national as well as on thel&vel.
See e.g. SOU (2008) and EC (2007).

® See Tables 1 and 3 in section 2.1.



2. Dataand description

2.1 Exporting and exportersin Swedish manufacturing

The data for this study comes from Statistics Swedérm-level data on export of
goods and financial accourit§he data on firms’ export of goods provides infation
on which types of products, and to which countrgegjven firm was exporting during
the period 1997 to 2006. For exports to EU cousttilkere is a threshold value for the
registration of exports, while all transactions aegistered by Swedish Customs for
exports to countries outside the EU. The threshalldie has risen over the studied
period; before 1998, the yearly value of export&td countries had to be larger than
0.9 million SEK; between 1998 and 2004, the requeéet was 1.5 million SEK or
more; and after 2004, it was 4.5 million SEK or mobue to this threshold for the
registration of goods exported to EU, and to avamdsidering firms with very limited
sales outside the EU during a single year as exymnive define a firm as an exporter if

it has an export value larger than 1.5 million SEK.

From Statistics Sweden’s compilation of figuresnirahe financial accounts of
enterprises, we obtain balance sheet informatioth sas sales, value added and
employment. We link the data on the export of goaidrm level to the balance sheet
information for firms with at least one employee emgiing in the Swedish
manufacturing sector (NACE 15-36). This gives arbalanced panel of firms that
contains information on the included firms’ expetatus at every point in time. This
means that we can identify whether a firm is a dstrogoroducer, an export entrant, a
continuing exporter, or a firm that has quit expat Capital stocks are book values
from the balance sheets. Value added is deflatéldl Suvedish producer price indices

(PPI) on industry level. As our productivity indicawe use labor productivity.

Sweden is a small export-dependent economy. Theegatg export intensity (the share

of exports in sales) for manufacturing was 64 paroe 2006. Nevertheless, there are

" Swedish firm-level data are protected by secregjslation and are not publicly available. However,
is possible for researchers to apply for accessith data for use in specified research projecisiiore
information about data accessibility, $g&://www.scb.se/Pages/List 39370.aspx




large variations in export participation rates axgort intensities between firms of
different sizes. Table 1 shows that the share pbdgrs is considerably larger among
the medium-sized and large firms (those with 50 leyg®es or more, among which
more than 80 percent of the firms are exporterah tamong small and micro firms.
This is one reason why we focus our analysis obexentry on firms that have less
than 50 employees. A similar pattern appears fpoexntensity, the number of export
destination countries and the number of export yetg] larger firms tend to have

higher export intensity and to export more prodteisiore destination countries.

Table 1. Share of exporters, export intensity, and numbkrexport destination
countries and export products among micro, smalkdiom-sized and large
manufacturing firms in 2006.

Firm size class Share of Export Number of export Number of export
exporters intensity destinations products
Micro 3.2 14 0.2 0.1

(1-9 employees)

Small 31.2 11.3 3.6 1.9
(10-49 employees)

Medium-sized and large 80.7 32.5 19.3 10.0
(50-0 employees)

All firms 15.2 5.9 2.4 1.3
(10 employees)

Notes. Exporters are firms that have a value of expagdathan 1.5 million SEK. Export intensity is the
average share of export in sales for the firms iwitach size class. Number of export destinations
(export products) is the average number of destinatountries (products) the firms in each sizes<la
exporting to.

How important are firms with less than 50 employieeerms of employment and value
added in Swedish manufacturing, and what is themtrdoution to the goods export?
From Table 2, it appears that firms with fewer tl@nemployees represent a quarter of
the employment in the Swedish manufacturing seatakr less than a fifth of the value
added, while their share of goods export is sigaiitly lower — not even 7 percent.
Micro and small firms employ a fair share of thagerking in manufacturing, while

their share of exports is quite low.



Table 2. Share of employment, value added and exportirfos of different sizes in
2006.

Firm size class Employment Value added Export

Micro 8.6 5.4 0.5
(1-9 employees)

Small 16.5 12.3 6.1
(10-49 employees)

Medium-sized and large 74.9 82.3 93.3
(50-0 employees)

As pointed out in the introduction, a very robussult from most of the previous
analyses of the relationship between export andlymtivity at firm level is that

exporters are more productive than non-exporténs. ¢évident from Table 3 that our
study is no exception. Including industry dummiad &rm controls, as in specification
(3), substantially reduces the exporter produgtivifremia in comparison to
specifications (1) and (2). However, the premiastidl larger than 10 percent and
strongly significant If, as in specifications (4) to (6), we estimate tpremia for

different firm size classes, the value is highestfirms with fewer than 10 employees
(micro firms) and lowest, and actually insignifitafor firms with 50 employees or
more. In addition, we find that, except in the cae¢he micro firms, the larger the

firms’ export intensity, the higher the firms’ practivity.®

® We obtain the exporter productivity premia by sfamming the estimate on, in Table 3,

10C(exd,6’1)—1), which is the percentage differential in produityiloetween exporters and non-exporters

(Halvorsen and Palmqvist 1980).
° Andersson et al. (2008) and ISGEP (2008) haventicestimated similar labor productivity export
premia for Swedish manufacturing using the same tffdata.



Table 3. Exporter productivity premia, 1997-2006.

Regressors Number of employees
1-00 1-9 10-49 50-00
(1)_ (2) (3)_ (4) B (8
EX, =1liffirmj  0.281 0.279 0.105 0.420 0.102 0.011

is exporterat ~ (0.005)  (0.047)  (0.049)  (0.018)  (0.006) (0.010)

Export intensity 0.166 0.154" 0.112"  -0.134"  0.030 0.117"

EXS (0.011) (0.010) (0.010) (0.036) (0.016) (0.014)

Firm controls no no yes yes yes yes
Industry dummies no yes yes yes yes yes
Time dummies yes yes yes yes yes yes
R 0.051 0.067 0.157 0.125 0.172 0.249

Observations 221,066 221,066 221,066 152,533 50,38218,151

Notes: A firm is an exporter if the value of exports isoma than 1.5 million SEK. We estimate the
following model:
[ T
INLPj = By + BLEX j¢ + BoEXSj + BcFirmy + > D + > Dy +¢j.
i=1 t=1
LPj¢ is labor productivity, value added per employee,firm j at timet. Firmj; are firm control

variables:ln(K/L), where K /L is physical capital per employeét /L is share of employees with
post-secondary educatiom(EMP), whereEMP is employment; andNE is a dummy variable that

equals one if a firm is part of a multinational enprise. Industry dummies are defined at 2-digitQ¥A
level (21 industries). Standard errors in parerghés*, **, and * indicate significance at the 5,and 10
percent levels, respectively.

2.2 Thedata set of analysisand descriptive statistics

An important aim of the study is to investigate geductivity trajectories of firms that
start exporting before and after they enter theoexmarket and compare them with the
trajectories of firms not entering the export markeoward this end, we use the
unbalanced panel of manufacturing sector firms attleast one employee to construct
a balanced panel of export entrant and non-exparamt firms observed for every year
during a seven-year time window. The seven-yeae tmndow is used because we
want to be able to examine all firms three yearf®reeand three years after potential
export entry. We define export-entrants as firmat tixported in year but did not
export in the years—3 to t — 1, whereas non-entrants are defined as firms tliahoi
export in any of the yeats— t® t. Given that our data cover the period from 1997 to

2006, the first year of potential export entry 302 (where export data for the period



1997 to 2000 are used to classify firms). The yastr of potential export entry is 2003
(which allows for a three-year follow-up period ohgr 2004 to 2006).

With these conditions, we end up with a balancetepaf firms made up of four cross-
sections with potential export entry in 2000, 20@D02 and 2003 and with time
windows of seven years for each cross-section.hi dnalysis, we compare firms
entering the export market (treated firms) in aegiwear with firms not entering the
export market (untreated firms) in the same yead, we follow the firms during the
seven-year time window. In our panel, the total hamof observations of export-
entrants is 724, and the total number of obsemata non-entrants is 44,120. The 724
observations of export-entrants represent uniguasfi With the seven-year time
window and the conditions applied, there is no fgy that a firm classified as an
export-entrant in, for example, 2000 will subsedlyereappear as an export-entrant.
Only 14,483 of the 44,120 observations of non-emsraepresent unique firms. The
reason is that if a firm is identified as a nonrent in 2000, it might once again be
classified as a non-entrant in 2001, and so osedtion 4.4, we refine the classification
of export-entrants and non-entrants depending effitims’ export status not only in the
yearst— 3tot but also in the years+ tbt+ 3. This will enable us to study the
importance of whether export-entrants’ continueexport or later on leave the export
market and, similarly, whether non-entrants evdhtuanter international markets or
continue not to export. Table 4 presents some e statistics for our dataset,
where we divide the firms into different size clesand classify them as either export-

entrants or non-entrants.

Table 4 shows that export-entrants have highertalapitensity (physical as well as
human capital intensity) than do non-entrants tear\before potential export entry.
This holds true for micro and small firms, i.enis with fewer than 50 employees, but
not for medium-sized and large firms. Furthermagport-entrants are larger, have

more employees, and are more often parts of mtiltimal enterprises (MNES).



Table 4. Sample means for export-entrants and non-entramigferent firm size classes.

All firms (1-0 employees)

Micro firms (1-9 employees)

Small firms (10-49 doyees)

Medium-sized and large firms

(50-0 employees)

Variable Entrants Non- Diff. Entrants Non- Diff. Entrants Non- Diff. Entrants Non- Diff.
entrants entrants entrants entrants
(KIL) 11 298 204 95 306 196 111 298 229 69 271 256 15
(H/L) 1 0.15 0.11 0.04" 0.20 0.12 0.08" 0.12 0.10 0.027 0.13 0.17 -0.04
EMP,, 32.1 8.6 235" 5.3 38 157 21.8 180 3.87 186.6 113.7 7297
MNE, 0.12 0.02 0.09™ 0.04 0.01 0.03" 0.12 0.06 0.07" 0.38 027 0.11
LP.s 483 416 67 510 407 103" 466 444 21 470 484 -15
LP., 488 427 627 513 419 94”7 475 448 27" 465 486 21
LP., 502 429 737 567 423 144" 467 445 27 449 478 -28
LP, 531 432 997 603 424 1797 495 454 41" 455 528 -73
LPyy 541 427 1147 628 418 2107 496 454 43" 462 529 -68
LP,., 541 428 1137 620 417 202" 499 458 41" 479 538 -59
LPys 539 430 109~ 607 420 187" 503 463 40 483 495 -12
Obs 724 44,120 268 34,264 384 9,097 72 759

Notes. *** ** and * indicate significance at the 1, 5d 10 percent levels, respectively is labor productivityK/L is physical capital per employeg/L is share of
employees with post-secondary educatlEMP is employment an¥NE is a dummy variable that equals one if a firmastf a multinational enterprisex andt+x
refer to years before and after the year of patéatiport entry.
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Regarding our outcome variable, labor productivitgble 4 indicates that export-
entrants have higher productivity than do non-emngr@ven three years prior to potential
export entry, which implies that more productivenis appear to become exporters
(self-selection). Moreover, the productivity gamds to widen during the seven-year
time window. In other words, export-entrants ardiimed to improve their performance
relative to non-entrants in connection with theipert entry. However, if we divide the
firms into different size classes, these patteresvalid only for micro and small firms,
not for medium-sized and large firms. Hence, thecdptive statistics in Table 4
produce some interesting distinctions in terms obdpctivity differentials and
productivity trajectories between export-entramsd aon-entrants, especially for firms
with fewer than 50 employees. Nevertheless, toinlmtere direct and reliable evidence
regarding the relationship between export entry famad productivity requires a careful

econometric analysis.

3. Econometric strategy

One main purpose of this paper is to estimate #usal effect on firm productivity of
starting to export. The majority of studies focigson this question has been dominated
by different types of regression-based meth@dRecently, some papers have been
published that employ matching methdd$Vhile regression and matching approaches
are both based on conditional independence for idgawasual inference, there are a
few differences between the approaches that are m@an cosmetic. First, matching
does not rely on the type of functional form asstioms that regression typically does.
Second, matching is more explicit in assessing drebr not comparable untreated
observations are available for each treated obBenvaCurrent econometric research
suggests that avoiding functional form assumptiand imposing a common support
condition can be important for reducing selectieasbn studies based on observational

datal® In this section, we give a brief sketch of how chirig solves the evaluation

19 See the surveys of this literature by Greenawalykareller (2007) and Wagner (2007).

1 See e.g. Wagner (2002), Girma et al. (2004) antidd&er (2007).

2 Heckman, Ichimura and Todd (1997), Heckman, Icham8mith and Todd (1998), Dehejia and Wahba
(1999, 2002) and Smith and Todd (2005).
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problem and discuss some specific features wherlemmgnting matching in our

particular context?

To begin, lett™ andt* indicate time periods before and after a periodpofential

export entryt®. Furthermore, leD,, = Henote that a firm starts to export in pertéd
and D,, = Oindicate that a firm do not start to export inipdrt® (starting to export is

equivalent to receiving “treatment” in the typieadaluation terminology). Moreover, let

LP,. be the potential labor productivity in periddfor firms that start to export in
periodt® and LR,. be the potential labor productivity in peridtfor firms that do not
start to export in periot®. Finally, let X - denote a set of observed covariates affecting

both export entry and productivity.

The main parameter of interest is the averageneatt effect on the treated\TT,

which can be defined as:

ATT = E(LP,. - LP,.|D, =1) = E(LP,.

D, =1)- E(LP,

D, =1) (2)

t+
In this specific contextATT corresponds to the average effect on labor prodtycof
export entry for firms that actually start to exppdrhe fundamental evaluation problem

is that we only observePR,. or LP,. for each firm, but never bothe(LP,.|D,, =1) can

be estimated directly from the observed data. Mgs$s the information required to

estimateE(LP,.|D, =1), referred to as the counterfactual outcome. Ifoexpntry is
non-random and we substitute the unobserszHIle()t+|Dto =1) for the observable
E(LPOt+|Dto:O) when estimatingATT, we end up with selection bias equal to

E(LP,.|De =1) - E(LP,.|D, =0).

3 For a more detailed and technical presentatiomatthing methods, see e.g. Heckman, Ichimura and
Todd (1998), Imbens (2004) and Smith and Todd (2005
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In experimental studies, randomization in a senakes the counterfactual a factual. In
observational studies, some assumptions must be moadliminate the selection bias.
The method of matching solves the evaluation prolidg assuming that, conditional on

X, LP,. is independent oD, :

LP,. O DX, 2)

This is referred to as the conditional independeassumption (CIA). The intuition
behind this crucial assumption is that it makeattreent assignment random conditional

on X._, which in a sense ex post reproduces the essdatitlre of a randomized

-
experiment. When CIA holds, we can therefore useptioductivity of firms not making

export entry as an approximation of the counteu@coutcome (the productivity firms
making export entry would have experienced had tiaystarted to export). Heckman,
Ichimura and Todd (1998) show that for an unbiasstimation ofATT, it is only

necessary to assume mean conditional independence:

E(LP,.

X, Do =1) = E(LR,.|X,, D,, =0) 3)

The type of cross-sectional matching estimator mlesd above assumes that

conditioning on the set of observed covaria¥s is sufficient to remove selection bias.

However, if there are unobserved characteristiéscahg treatment assignment and
outcomes, this will violate the identification cotmoins that justify cross-sectional
matching. It has been shown that under these cstamoes, the time invariant portion
of the remaining selection bias can still be elia@d by using a conditional difference-
in-differences (DID) matching estimatdt.The conditional DID matching strategy

requires that:

E(LR,. - Lth_\xt_, D, =1) =E(LR, - LR, |X,.,D, =0) (4)

* Heckman, Ichimura and Todd (1997) and Heckmarimioha, Smith and Todd (1998).
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Whereas the cross-sectional matching estimatornmessuhat conditioning on the

observed covariates is sufficient to remove biasthe post-treatment period, the
conditional DID matching estimator assumes the saross-sectional bias in the pre-
and post-treatment period, so that by differentiegbefore-after differences for export
entrants and non-export entrants, the time-invarialas will be removed. The

conditional DID matching strategy extends the com®mal matching method because
it does not require that selection bias is elimadaby conditioning on the observed

covariates, only that the bias is the same in teegnd post-treatment peribd.

Furthermore, both the conventional and the DID imatr method rely on a common

support or overlap condition that f&f T can be formally stated a8:
Pr(D, =1X, ) <1 (5)

This condition prevent(,. from being a perfect predictor of treatment statasour
context, this ensures that for evexy., there are firms choosing to start to export and
firms choosing not to start to export, which meta for everyX,-, we will be able to
construct the counterfactual outcome. Wh¥n has high dimension (i.e. includes
continuous variables or discrete variables with ynaalues), it becomes difficult to find
comparables observations along all dimensionX,0f Rosenbaum and Rubin (1983)
have shown that if matching oX, is valid, so is matching on the conditional

probability of receiving treatment, referred tothe propensity score. The propensity
score reduces the dimensionality of the matchimgplpm by allowing us to match on a

scalar function of the covariates rather than titeéeecovariate space.

15 Although the cross-sectional and the conditiond Bhatching estimator are presented as quite distin
their similarity becomes apparent when considehiony pre-treatment outcomes can be employed in both
approaches. In the conditional DID case, pre-treatnoutcomes are used in calculating the befoes-aft
differences, whereas in the cross-sectional versimy are used as right-hand-side conditioningaiées.

In a regression context, LaLonde (1986) refersi¢olatter approach (including pre-treatment outcoatse
right-hand-side variables) as an unrestricted Ddfingator.

' For the DID approach, this condition must holdath the pre- and the post-treatment period.
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All matching estimators are weighting estimatorshie sense that they take a weighted
average of the outcomes of the untreated obsenstm construct an estimate of the
unobserved counterfactual for each treated obsernvaFor ATT, the cross-sectional

(CS) and the DID version can be written in the form

1 -
ATTes =— > l:LPlt*i - 2w J)L%t*j:l’ (6)
My i0{D,q, =1} j0{Dyo; =0}
1 -
ATTop =— 3. {(Lﬁﬁ “LR) - 2w, j)(LRy - LPOI-j)} (")
M, i0{D,g, =1} J0{Dy; =0}

wheren, is the number of treated observations &fq j) is the weight placed on the

jth comparison observation in constructing the ocedattual for theith treated
observation. The primary difference between altéraatatching estimators is how
they construct the weight, which typically involves trade-off between bias and
variance. For instance, in single nearest neighimiching, each treated observatios
matched to the in terms of the propensity scorease@omparison observatipnwith
the weight given by, j) {10} . Single nearest neighbor matching trades reduced
bias for increased variance (using additional neagk would raise bias due to
increasingly poorer matches but decrease variaacause more information would be
used to construct the counterfactual for eachdceabservation). In the empirical work,
we will consider two alternative weighting regimasngle nearest neighbor matching
and kernel matching based on the Epanechnikov kdfoe the latter, we will employ
different bandwidths covering a fairly wide intekvdncreasing the bandwidth will
generally increase bias and reduce variance beteasger weight will be put on more
distant observations when constructing the couaténtil for each treated observation
(i.e. the effect of increasing the bandwidth is iEmto that of using additional

neighbors in nearest neighbor matching).

There are a few specific circumstances to considhem implementing matching in our

particular context. The first is related to therafoentioned two principal explanations
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for why export firms enjoy higher productivity. Amaling to the learning-by-exporting
hypothesis, the effect of exporting on productistyould occur once the firms enter
international markets, not before. To test thisdifipsis, we either compare post-export
productivity for export-entrants and non-entranighvsimilar pre-export productivity
histories and similar values for other pre-expontariates (the cross-sectional case) or
compare the before-after differences in produgtifor export-entrants and non-entrants

conditional on other pre-export covariates (theditoonal DID case).

Under the alternative learning-to-export hypothetie effect of exporting on
productivity may occur before firms actually enisternational markets. The argument
is that firms make a deliberate effort to incre#tseir productivity by investing, for
instance, in human and physical capital and newlymrion technologies and products
with the explicit intention of becoming exportehs.this case, pre-export productivity is
not treated as exogenous (as in the typical skdt:sen hypothesis); instead, it is
regarded as endogenous with respect to the dedsienter international markets. Here,
the “treatment” in focus should be a firm’s consodecision to try to become an
exporter rather than the actual realization of eipales (as in the case of learning-by-
exporting). However, the former is unobservablef@opractical reasons we are left
with the observable cases where the intent to becam exporter is successfully
accomplished! We test the learning-to-export hypothesis by examgi the evolution
of productivity and capital accumulation beforergnito international markets. In this
case, we use a matching approach were we onlyreethat future export-entrants and
non-entrants have similar productivity and othénlaites in a specific initial pre-export
reference period. This approach allows export-atérand non-entrants to experience
divergent development in terms of productivity artder firm attributes after the initial

period.

" This will most likely induce an upward bias in tastimated treatment effect because some of thmes fir
that have the intention to start exporting and ma&eessary investments yet fail to enter the export
market. This export failure should, had it beenevtaable, be regarded as part of the causal effeitieo
decision to try to become an exporter. Note als ith the comparison group of firms that do noteent
export markets during the observable time periodwest likely have firms that have started to prepar
themselves for export entry but where export sade® not yet begun. This source of unobservabilitly

tend to induce downward bias in the estimated rmeat effect. Since both phenomena are unobservable
we have no possibility to assess their relativedrtgnce.
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Consequently, in our empirical work, we will corsidnodel specifications where (i)
export is allowed to affect productivity at the &@rof firms’ export entry and thereafter
and (ii) export is permitted to influence capitaicamulation and productivity even

before firms enter international markets.

A second circumstance that warrants special attertas to do with dynamics in firms’
export status. Some of the firms that enter theogxmarket will continue to export
(entrant-stayers), while others will cease to ekfemtrant-stoppers). Similarly, some of
the non-entrants will continue not to export (negetrants), while others will

eventually enter international markets (not-yet-@mis). In the empirical section, we

will examine how robust our results are with reg@r@éhanges in firm export status.

Although the analysis of different types of subtgye is uncomplicated as such, it is
important to recognize how the construction of #agious samples may change the
interpretation of the results from an econometrerspective. For instance, if we
anticipate a positive effect of export entry anda$e to narrow the treatment group to
entrant-stayers (instead of using all export-enssancluding entrant-stoppers) this will
induce an upward bias in the estimated treatméecttefAll firms that for one reason or
another fail to endure as exporters will be disrégd, even though export failure
should be viewed as part of the overall causalcetd export entry rather than being
considered as exogenous with regard to the treatn®milarly, if we refine the

comparison group to consist of never-entrants acbt of using all non-entrants,
including not-yet-entrants) and continue to expacpositive effect of entering the
export market, we will once again end up with upvaias in the estimated treatment
effect. The problem here is that we try to transfovhat is actually a process of
dynamic treatment assignment (where some firms s#hdo enter the export market
early, others decide to go in later, and some prefenever enter) into a static one

(where firms once and for all decide whether ortoanter).
In both cases above, the definition of the treatn@@m comparison group involves

conditioning on the future and therefore produ@ses that are selective in terms of

the outcome of interest. It is beyond the scopehaf paper to present any formal
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methodological solutions to these problefhg/e merely want to emphasize that the
conditioning in the sub-sample analysis introdubéss with regard to the typical
treatment parameter in question and actually leagesith a set of different treatment

parameters with slightly different interpretations.

4. Empirical results

We begin the presentation of our results in sedcfidnand discuss the estimates of the
propensity scores used in the following matchinglgses. Among other things, these
estimates indicate whether firms self-select iht® éxport-market. Then, in sections 4.2
and 4.3, we report estimates of the causal effe€texport entry on firm labor
productivity. In section 4.2, we use specificatioimat restrict productivity to be affected
at the time of export entry and thereafter. Inisectt.3, we employ specifications that
allow productivity and also capital accumulationtie influenced even before export
entry takes place. The latter gives us an indioatiether the temporal pattern of
investments can help explain pre-entry developroéproductivity. Finally, in section
4.4, we show the outcome of some robustness chéudie we refine the export-entrant

and non-entrant groups in different ways.
4.1 Propensity scoresand self-selection

In this section, we present estimates of the praiperscores (i.e. the probability of
starting to export) that will be used in the matchanalyses to follow. The covariates
included in the propensity scores are standardabkes suggested by theory and
previous empirical literature to affect both expentry and future productivity. These
include physical capital per employ@e/L), share of employees with post-secondary
education K/L), size in terms of employmenENIP), a dummy variable indicating
whether a firm is part of a multinational enterpri®NE), 2-digit NACE industry

dummies (21 industries) and dummies for the yegoténtial export entry. In addition,

8 For a discussion of the methodological implicasiaf dynamic treatment assignment and suggested
solutions, see Fredriksson and Johansson (2008 mbn et al. (2009).
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the propensity scores for the cross-sectional fipatons include pre-export labor
productivity LP). For the conditional DID specifications, laboroguctivity prior to
potential export entry is not included as a covari@ the propensity scores but is

instead used to construct the before-after potieexjaort entry differences.

The specification of the propensity scores furtddfers for the matching models
focusing on the learning-by-exporting and learniogexport hypotheses. In the former
case, we are seeking to find export-entrants andemérants that are as similar as
possible all the way up to the period of potergigbort entry. These sets of propensity
scores therefore include labor productivity forhaee-year period prior to potential
export entry {— 3to t — 1), while the other covariates refer to the yeaompio potential
export entry { — ). In the specifications focusing on the learniagekport hypothesis,
all covariates refer to the third year prior to gmital export entryt(— R'° The latter
specifications thus allow for export-entrants amsh-entrants to experience divergent
development in terms of labor productivity and otfien attributes during the years up

to potential export entry (i.e. durintg- @hdt — 1).%°

In all cases, we use a probit model to estimatgthpensity scores. To the extent that
interactions and higher orders of the covariatggraved the balancing between export-
entrants and non-entrants, they were included.bFeyity, we will focus on the linear

terms for the most important variables and furttestrict the presentation to the cross-

sectional specifications.

Table 5 presents estimates of the propensity squeesining to the cross-sectional
learning-by-exporting specification. Beginning wittie first column, which gives the
results for all firms irrespective of size, we fitlsat the probability of becoming an
export entrant seems to increase with pre-expbdrlproductivity. However, this result

only holds int — 1 Due to high correlation between productivity e tdifferent years,

¥1n the conditional DID specifications, pre-exptathor productivity is used to calculate the befafeer
potential export entry differences. For the leagriry-exporting case, this means that before refers
LR_; while before for the learning-to-export case referLP, _3 .

2|t is admittedly arbitrary to assume that threarges a suitable pre-entry baseline for all firimst the
limited longitudinal dimension in the data leavesiith few options.

2L A complete list of estimated propensity scoresafbmatching models applied is available on regues
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it is difficult to obtain precise estimates for bagear. To avoid the problem of
multicollinearity, we have experimented with a dpeation that instead includes
average labor productivity over the years to3 — 1. The result (not reported in the
table) indicates a highly significant and positaféect of pre-export labor productivity
on the probability of export entry. These resuls thus in line with the self-selection
hypothesis: that more productive firms enter inadional markets. Furthermore, the
results show that more capital-intensive firmstémrms of physical capital as well as
human capital) tend to become exporters, and bieasame applies to larger firms and

firms that are part of multinational enterprises.

Table 5. Estimated propensity scores for the cross-sectiteaining-by-exporting
specification.

Number of employees

1-00 1-9 10-49 500
IN(LP)..3 0.055 0.003 0.077 0.554
(0.053) (0.067) (0.089) (0.427)
IN(LP).. -0.024 -0.096 0.116 0.444
(0.060) (0.073) (0.109) (0.374)
IN(LP).1 0.237" 0.490" -0.099 -0.8217
(0.061) (0.077) (0.104) (0.314)
IN(K/L) 1 0.082” 0.049 0.122" 0.238"
(0.015) (0.020) (0.025) (0.086)
(H/L) 1 0.566 0.607" 0.813" -0.040
(0.099) (0.114) (0.245) (0.709)
IN(EMP)., 0.398" 0.458" 0.471" 0.270°
(0.017) (0.045) (0.059) (0.129)
MNE¢.1 0.192" 0.290 0.252" 0.230
(0.069) (0.161) (0.090) (0.166)
Observations 42,630 32,607 9,150 775
Pseudd? 0.155 0.118 0.080 0.182

Notes. The propensity scores are estimated using a pnobitel, and all specifications include 2-digit
NACE industry dummies and dummies for the year ofeptial export entry. Standard errors in
parentheses. *** ** and * indicate significancethe 1, 5 and 10 percent levels, respectively.

However, if we look at the results for firms offéifent sizes, the positive effect of pre-
export labor productivity on the probability of lmeaing an exporter appears to be valid

only for micro firms (firms with less than 10 empées).
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Turning to Table 6, which shows estimates of theppnsity scores for the cross-
sectional learning-to-export specification, we fintbre or less similar results. One
notable difference is that the positive effect o-pxport labor productivity on the
probability of export entry also seems to hold éonall firms (firms with 10 to 49

employees).

Table 6. Estimated propensity scores for the cross-sectidealning-to-export
specification.

Number of employees

1-co 1-9 10-49 50-00
IN(LP)..3 0.207" 0.251" 0.164 1.355
(0.044) (0.052) (0.084) (4.388)
In(K/L) 1.3 0.086" 0.066 0.106" 0.3217
(0.015) (0.019) (0.026) (0.095)
(H/L)+.3 0.553" 0.611" 0.483 -0.551
(0.094) (0.102) (0.272) (0.761)
IN(EMP).3 0.3637 0.347" 0.455" 0.265
(0.017) (0.039) (0.061) (0.126)
MNE¢3 0.155 0.214 0.207 0.184
(0.075) (0.174) (0.099) (0.187)
Observations 42,602 33,132 8,669 719
Pseudd? 0.135 0.085 0.079 0.198

Notes: The propensity scores are estimated using a pnobitel, and all specifications include 2-digit
NACE industry dummies and dummies for the year ofeptial export entry. Standard errors in
parentheses. *** ** and * indicate significancethe 1, 5 and 10 percent levels, respectively.

In sum, our estimates of the propensity scoresales@me interesting patterns in terms
of self-selection of firms into international matkeOur results indicate that the self-
selection hypothesis — that more productive firmteethe export market — primarily
applies to micro firms and to some extent to srfiatls, but not to medium-sized and

large firms.

4.2 Learning-by-exporting

In this section, we continue by presenting the pngjity score matching estimates of
the causal effect of export entry on labor produtsti The estimates are obtained using

both cross-sectional (see equation (6)) and canitidifference-in-differences (DID)

matching (see equation (7)). In both cases, we lagptied two different weighting
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regimes: single nearest neighbor matching and kematching based on the
Epanechnikov kernel. For the latter, we have useddWwidths in the interval
[0.001, 0.01* For brevity, we will only report results based tive Epanechnikov
kernel using a bandwidth of 0.005.Details regarding the specification of the

propensity scores are provided in the previous@ect

To begin, we focus on model specifications pertegnio the learning-by-exporting
hypothesis. The estimates are thus based on eapwdants and non-entrants with
similar pre-export entry firm attributes up to yeatrl, and which we follow during the
yearst to t + 3. Table 7 presents the differences in log labordpetivity between
export-entrants and matched non-entrants. Thesmatss can be interpreted as the
approximate percentage effects of export entry aod productivity. Approximate
standard errors are reported in parentheses belowestimaté*

In Table 7, we can see that firms that become ¢&moincrease their productivity by
the time of export entry relative to matched firms that do not enter asoebgps att.
The percentage effect on labor productivity of exgmtry is 5.4 percent or 4.2 percent
depending on the estimator (CS or DID). Interesyinthe effect is fairly stable over
time and is about the same at year . VlBhen we look at the results for different firm
sizes, it becomes apparent that the productivifgcefof export entry is larger and
statistically more significant for smaller firmsuifthermore, the estimates based on
cross-sectional matching tend to be larger thasetimsed on DID matching.

22 All matching estimates are based on PSMATCH2 fBABA, by E. Leuven and B. Sianesi. Stata do-
files used to compute the empirical results areél@va from the authors on request.

23 |n general, the results show little sensitivitypedading on the exact weighting regime. Estimateeta
on single nearest neighbor matching and differamdiwidths for the Epanechnikov kernel are available
on request.

? The standard errors are calculated assuming imdiemé observations, fixed weights and that the
variance of the outcome variable is the same withéntreatment and within the comparison groups and
does not depend on the estimated propensity s@tie.exact formula can be found in Appendix B in
Lechner (2001). Bootstrapping is a widely usedraitdve to calculate standard errors of matching
estimators. One practical drawback with bootstragps that it tends to be quite expensive in teofns
computation time. More importantly, Abadie and Imbg2006, 2008) have shown that bootstrapping is
generally not valid for matching methods due to tlom-smooth nature of commonly used matching
estimators (e.g. nearest neighbor matching).
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Table 7. Matching estimates of the effect of export entrylayor productivity. Learning-by-exporting specéitmon.

Number of employees

1-00 1-9 10-49 50-00
Effect at time: CS DID CS DID CS DID CS DID
t 0.054" 0.04:" 0.138" 0.072” 0.028 0.035 0.050 0.048
(0.017) (0.016 (0.032) (0.028) (0.021) (0.021) (0.042) (0.037)
t+1 0.062" 0.05:™ 0.139" 0.062 0.033 0.052" 0.019 0.033
(0.018) (0.017 (0.037) (0.035) (0.018) (0.019) (0.045) (0.047)
t+2 0.042 0.027 0.106™ 0.022 0.013 0.029 0.026 0.066
(0.020) (0.020 (0.040) (0.040) (0.024) (0.024) (0.043) (0.047)
t+3 0.059" 0.04<" 0.132" 0.049 0.018 0.034 0.056 0.069
(0.018) (0.018 (0.036) (0.039) (0.020) (0.020) (0.047) (0.048)

Balancing indicators
Mean bias before 16.1 14.1 17.6 15.2 12.6 12.4 17.5 18.4
Mean bias after 1.1 1.2 1.8 1.2 1.3 1.1 4.9 3.7
Pseudd?® before 0.155 0.15: 0.118 0.098 0.080 0.079 0.182 0.171
Pseudd? after 0.001 0.00? 0.003 0.002 0.001 0.001 0.017 0.007
Untreated on support 41,944  42,09. 32,361 32,489 8,781 8,800 704 705
Treated on support 684 68t 244 248 367 369 63 64
Observations 42,628 42,77 32,605 32,737 9,148 9,169 767 769

Notes. The estimated parameters are based on crossradi{eS) and conditional difference-in-differen¢B8D) propensity score matching using an Epaneahnik
kernel with a bandwidth of 0.005. For details oa $ipecification of the propensity scores, see@eail. Approximate standard errors in parenthésis**, and *
indicate significance at the 1, 5 and 10 percergl$e respectively.
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Table 7 also report some aggregate balancing itmtgahat give a sense of how
successful the matching has been in terms of balgrdifferences in the covariates
between export-entrants and non-entrants. Theifirdte mean standardized bias over
all covariates used in the propensity scores, whidietween 12 and 18 percent before
matching and between 1 and 5 percent after matéRiGm average, the matching
generates a reduction in mean bias by roughly tafa¢ ten. The other indicator is the
pseudoR? before and after matching. This statistic indisadtew well the variables in
the propensity score explain the probability ofeiemg treatment. After matching, the
pseudoR? should be fairly low because there should be stesyatic differences in the
distribution of covariates between the treatmend #me comparison group. Before
matching, this statistic is between 0.08 and OAf8er matching, it drops to virtually
zero. In sum, the balancing indicators suggest that matching has been fairly
successful in terms of balancing differences indbeariates between the treatment and
the comparison group. In fact, after matching, éhesmain no statistically significant
differences in the means for the pre-export firtnitaites of export-entrants and non-

entrants.

Figure 1 illustrates the results of the cross-seeti matching estimates for different
firm sizes in Table 7. Here, we notice the instaatais productivity increase at export
entryt for export-entrants with less than 10 employeas the constant 10-15 percent
productivity gap in the subsequent years relativéhe matched firms that do not enter
international markets &t For the larger firms, the productivity increaseriuch smaller
and, in most cases, statistically insignificanguUfe 1 (and Table 7) indicates that there
is a positive impact on productivity at the timeesftry among smaller firms entering
the export market. However, with the reservatioat titne post-export period is rather
short (three years), there does not seem to beewitence of continuous learning
through export. For this, we would have expectedsée a widening productivity
differential over time. The fairly stable gap migitstead indicate more of a static
productivity effect due to increased potential émonomies of scale following export

entry. Finally, looking at the pre-export produdiwdifferentials, they tend to be close

% The standardized bias of a covariate is definethaglifference of the sample means in the treatmen
and the comparison group as a percentage of treresgoot of the average of the sample varianchen t
two groups. See Rosenbaum and Rubin (1985).
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to zero and are statistically insignificant for &im sizes. This can be regarded as
additional support for that we are actually compgqrcomparable export-entrant and

non-entrant firms.

Figure 1. Cross-sectional matching estimates of the effecexgfort entry on labor
productivity. Learning-by-exporting specification.
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Notes. Based on the cross-sectional estimates in Tali#fdl@d data marker indicates effect significant at
the 10 percent level or lower.

4.3 Learning-to-export

So far we have presented results that compare egptyants at with non-entrants &t
with similar pre-export entry firm attributes up te-1. As we pointed out before, this
approach is primarily designed to test the hypashes learning-by-exporting. By
definition, such a strategy preclude any impaatgforting on productivity taking place
before firms enter international markets; any puotigity differences prior to export
entry between future exporters and firms not engetihe export market are balanced in
the matching. Export may only affect productivitytiae time of export entry or after it
has taken place. To test the hypothesis of leafturexport, we have to allow for
export-entrants and non-entrants to experiencagiwve development in terms of labor
productivity and other firm attributes even beftre time of potential export entry.
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In this section, we present estimates based onregptrants and non-entrantstahat
have similar labor productivity and other firm ditrtes att — 3but for which the
trajectories of these attributes may differ theierafin addition, we report results from a
similar analysis but where the focus is on cagtalumulation instead of productivity.
This will provide some insights on whether the depment of investments possible

can help explain the pre-entry path of productivity

Table 8 reveals that there is a significant prodiygt differential already att - 1
between export-entrants and non-entrantsveith similar productivity and other firm
attributes at — 3Moreover, the productivity gap continues to grov8.8 percent (CS)
or 5.7 percent (DID) at+ ,land thereafter, the gap is basically constantemMAve
focus on the results for different firm sizes, wgaia find that the rising productivity
differential is driven by the smallest firms, thosih less than 10 employees. Looking
at the balancing indicators, we also find thatietching has been quite successful in
terms of balancing differences in the covariatetvben export-entrants and non-

entrants.

Figure 2 visualizes the estimates from the crostieseal matching for different firm

sizes in Table 8. In the initial peridd- tBe productivity differentials are close to zero
and statistically insignificant for all firm size3his indicates a successful matching.
After the initial period, but still prior to actuaxport entry, we observe a growing
productivity gap between small export-entrants asghall non-entrants. This

development continues until export entry takes @aldc the post-entry period, the gap
remains essentially constant. We are not able serle any similar pattern among the

firms in the other size classes.
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Table 8. Matching estimates of the effect of export entrylayor productivity. Learning-to-export specifiaati

Number of employees

100 1-9 10-49 500
Effect at time: CS DID CS DID CS DID CS DID
t—2 0.019 —0.00¢ 0.053 —-0.007 0.003 -0.011 -0.020 —0.009
(0.017) (0.017 (0.033) (0.034) (0.018) (0.018) (0.063) (0.051)
t—1 0.037 0.01: 0.118" 0.049 —-0.005 -0.024 -0.023 -0.019
(0.017) (0.018 (0.032) (0.031) (0.020) (0.023) (0.067) (0.056)
t 0.079" 0.057" 0.187" 0.113" 0.036 0.015 0.046 -0.003
(0.017) (0.020 (0.029) (0.034) (0.023) (0.025) (0.046) (0.045)
t+1 0.088" 0.057" 0.183" 0.106" 0.041" 0.021 0.006 —0.006
(0.018) (0.021 (0.033) (0.041) (0.020) (0.023) (0.050) (0.051)
t+2 0.074" 0.04< 0.158" 0.084" 0.029 0.009 0.004 -0.034
(0.020) (0.023 (0.034) (0.042) (0.026) (0.028) (0.052) (0.047)
t+3 0.086" 0.05¢" 0.176" 0.098" 0.042" 0.018 -0.028 —0.040
(0.018) (0.021 (0.033) (0.041) (0.020) (0.023) (0.053) (0.049)

Balancing indicators
Mean bias before 14.0 13.7 13.9 13.2 12.9 12.7 17.8 18.5
Mean bias after 1.1 1.1 1.0 1.0 1.0 0.7 7.0 7.9
Pseudd??before 0.135 0.131 0.085 0.077 0.079 0.078 0.198 0.197
Pseudd? after 0.001 0.001 0.001 0.001 0.001 0.000 0.024 0.014
Untreated on support 41,915  41,91f 32,848 32,848 8,331 8,331 654 654
Treated on support 686 68¢ 284 284 337 335 55 54
Observations 42,601 42,60: 33,132 33,132 8,668 8,666 709 708

Notes. The estimated parameters are based on crossredi{eS) and conditional difference-in-differen¢B8D) propensity score matching using an Epaneahnik
kernel with a bandwidth of 0.005. For details oa $ipecification of the propensity scores, see@eail. Approximate standard errors in parenthésis**, and *
indicate significance at the 1, 5 and 10 percergl$e respectively.
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Figure 2. Cross-sectional matching estimates of the effecexgfort entry on labor
productivity. Learning-to-export specification.
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Notes. Based on the cross-sectional estimates in Talf#dl8d data marker indicates effect significant at
the 10 percent level or lower.

According to the learning-to-export hypothesis friprepare to become exporters by
making different types of investments. If this hilpesis is correct, we should be able to
observe that firms who enter international marlketsumulate more capital before entry
than do firms that produce exclusively for the dstitemarket. Figure 3 present cross-
sectional matching estimates of the effect of ekpemtry on physical capital
accumulatiorf® In the baseline periotl- fliture export entrants and non-entrants have
almost identical amounts of physical capital pepkyee. Immediately after the initial
period, we observe a rapidly increasing gap in dhpital intensity between future
export-entrants and non-entrants. This especiallgshfor micro firms. After a short
halt around the time of export entry the gap cargsto widen throughout the period.
Also for small firms we find a steadily growing féifence in capital intensity between
export-entrants and non-entrants, although theigaply statistically significant during

the post-entry phase. For the larger firms, we findlifferences in capital intensity.

%6 Complete results can be found in Table Al in tip@éndix.
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Figure 3. Cross-sectional matching estimates of the effeaxgpiort entry on physical
capital per employee. Learning-to-export speciiarat
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Notes. Based on the cross-sectional estimates in Table=#&d data marker indicates effect significant
at the 10 percent level or lower.

Our interpretation of the pattern shown in Figur@n® 3 (and of the findings in Table 8
and Al) is that smaller firms, at least, appeaprepare themselves for entering the
export market. The results suggest that increasegsiments in physical capital precede
entry into export markets, and these investmentg explain the higher productivity
among future exporters before they enter internationarkets. In other words, firms
seem to learn to expdttHowever, one caveat is that the fairly high thoégtvalue for
the registration of exports (see section 2.1) meahat some of the smaller entering

firms in particular actually might have been expwmstalready it — 2andt - 1 Since

%" previous studies that have provided evidence Herleéarning-to-export hypothesis (conscious self-
selection) are Alvarez and Lopez (2005), Belloneakt(2008), and Lopez (2009). Using Chilean
manufacturing plant data, Alvarez and Lopez (208w that an increase in investment before export
entry raises the probability of exporting while tofling for other factors that might affect the
probability of entry on the export market. Loped(@Q) finds that productivity and investment inceeas
before plants begin to export. Bellone et al. (90@ue that due to the investments carried owir o

the benefits of sales in foreign markets exportragitt may experience a (temporary) decrease in
productivity before entry. They reveal a U-shapeadpctivity path among French manufacturing firms
prior to export entry. The declining TFP of futuegporters before entry appears to be caused by an
increase in capital stocks. However, when theylaler productivity instead of TFP they observe that
productivity increases throughout the pre-entryquer
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the timing of the export entry play such an impotteole in our analysis we have to
acknowledge that this might be a potential problem.

4.4 Robustnessto dynamicsin export status

In this section, we will continue by examining hoobust our results are with regard to
changes in firms’ export status. Remember that e®ned export-entrants (treated
firms) as firms that exported in yearbut did not export in the yeats- t81t-1,
whereas non-entrants (untreated firms) were defasefirms that did not export in any
of the years — 3o t. With this approach, we are most likely mixing expentrants
that continue to export, often referred to as expoccesses, with those firms that cease
to export, so called export failures. Similarly, & mixing non-entrants that continue
not to export with those that eventually enterrinégional markets. In this section, we
proceed by estimating productivity effects of expentry using a more detailed

classification of firms’ export statJg.

We divide our treated firms into two subgroups: @xyentrants that continue to export
throughout the perioti+ fot+ 3 (entrant-stayers) and export-entrants that lehee t
export market during at least one of the ydars to i+ 3 (entrant-stoppers). We also
split our untreated firms into two sub-groups: remtrants that continue to stay out of
the export market throughout the perioél tolt + 3 (never-entrants) and non-entrants

that eventually enter the export market duringgeeodt + 1to t + 3 (not-yet-entrants).

Table 9 presents statistics on the export staosstyor the different firm size classes.
The majority of our export-entrants exit the expararket during at least one of the
years following entry. The share of stoppers desgeavith firm size. Two-thirds of the

entrants in the micro firm category (1-9 employestsp exporting, whereas four out of
ten entrants stop in the medium-sized and largedBiployees) firm category. Looking

at the non-entrants group, there seems to be @abily less dynamics going on, in
particular in the smaller firm size classes. Only frercent of the non-entrants in the

%8 Similar divisions can be found in e.g. Bernard dethisen (1999), Hansson and Lundin (2004) and
Alvarez and Lopez (2005).
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micro firm class eventually enter the export man@&.5 percent belong to the never-
entrants category) compared to 19 percent of timeembrants in the medium-sized and
large firm class (81 percent belong to the nevéramis category). Note that due to the
earlier mentioned threshold value for the regigirabf exports (see section 2.1), we are
not able to assess to what extent the changesportestatus type are a result of major

swings in firms’ export values or a consequencesrofller fluctuations around the
threshold.

Table 9. Export status types by firm size.
Number of employees

Type 1eo 1-9 10-49 50-0
Export-entrants 724 268 384 72
Entrant-stayers 310 88 182 40
Entrant-stoppers 414 180 202 32
Non-entrants 44,120 34,264 9,097 759
Never-entrants 42,667 33,753 8,299 615
Not-yet-entrants 1,453 511 798 144

In this section, we are particularly intereste@@mparing the estimated effect of export
entry on labor productivity for entrant-stayersatele to never-entrants to that of
entrants-stoppers relative to non-entrants. Innaesethe former comparison is the most

distinct classification of treated/untreated firmfereas the latter is less clear-cut.

Before turning to the results, we would like todfiy recapitulate that the conditioning
on the future used when constructing the differguit-samples implies that we are
estimating a new set of treatment parameters thataatually biased in different
respects. The entrant-stayers/never-entrants caopaexcludes export failures and
future entrants, which will result in an upward ia the estimated treatment effect.
Similarly, the entrant-stoppers/non-entrants comspardisregards export successes but
includes future entrants, which will induce a dovamevbias in the estimated treatment
effect. In both cases, the bias is a result of tmming on future export status and

therefore implicitly on future outcomes.
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With these reservations in mind, Figure 4 illustsathe results based on cross-sectional
matching for the two combinations in questidmMote that the specifications of the
propensity scores are the same as in section 4e2 tfie learning-by-exporting
specification) and accordingly, the results shdaddcompared to those in Figure 1 and
Table 7.

Figure 4. Cross-sectional matching estimates of the effecexgiort entry on labor
productivity for different export status combinaiso Learning-by-exporting
specification.

Entrant-stayers/Never-entrants Entrant-stoppers#drants

0.30 4

0.25 4

0.20 4

0.15 4

0.10 4

0.05 4

0.00

-0.05 T T T T T T T
t3 t-2 t1 t t+1 t+2 t+3 t-3 t-2 t1 t t+1 t+2 t+3

Notes. Based on the cross-sectional estimates in Tablé-#H&d data marker indicates effect significant
at the 10 percent level or lower.

In Figure 4, we observe that the effect of exportryefor entrants-stayers relative to
never-entrants in the micro firm category is coesably larger than the effect for
entrants-stoppers relative to non-entrants in treesponding class. For the former, the
effect on labor productivity of export entry is Wween 22 and 26 percent and has a
slight tendency to increase over time. For theetathe productivity effect is between 6
and 11 percent but is not consistently statisycsilfjnificant. The corresponding results
from Table 7, in which we compare export-entrantadn-entrants, are between 11 and
14 percent. For the larger firms, there seem taddifferences in the estimated effects

depending on the applied definitions of exportustat

In sum, we conclude that when we refine the expottants into entrant-stayers and the

non-entrants into never-entrants, the positive pectdity effect of export entry among

29 Complete results can be found in Table A2 in tiéndix.
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micro firms becomes larger. Furthermore, we mayetis a small increase in the

productivity gap between export-entrants and ndnaets subsequent to entry.

5. Conclusions

The exporter productivity premia in Swedish mantuidng is larger in smaller firms,

and while the export participation rate in genésaiigh, it is still fairly low among the

smaller firms. This means that policymakers mighphrticularly interested in whether,
above all, smaller firms that enter the export reaitkend to improve their productivity
performance relative to non-entering firms, i.eetter they learn by exporting.

Using propensity score matching techniques, we fimat there is an instantaneous
productivity increase at the time of entry, espiécigor smaller firms, but that the
productivity gap between entrants and non-entrappgears to be constant in the periods
subsequent to entry. If the firms had learnt byoetipg, we would have expected to see
a widening productivity gap. However, when we laiclusively at smaller successful
exporters — i.e. smaller firms that enter the ekpwarket and, after entrance, continue to
be exporters — and compare their productivity ttajy after entry with that of firms
that never enter the export market, we may seed@etey toward an increase in the

productivity gap.

Pre-entry labor productivity is significantly highfor smaller future exporters than for
firms that do not enter the export market, whictlicates that those firms self-select
into export. Furthermore, if in our matching an@ywse allow for different productivity
trajectories before export entry, we observe thatre is a significant productivity
differential, at least for smaller firms, betweeqpert-entrants and matched non-entrants
even before export entry. We also find that incedamvestments in physical capital
precede entry into export markets, and this maya@xphe higher productivity prior to
export entry among future export entrants. We prerthese results as an indication of

that learning-to-export may indeed exist. Althougte, can provide evidence that both
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self-selection and learning-to-export may prevad, are not able to say anything about

their relative importance.
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Table Al. Cross-sectional matching estimates of the effe@xgbrt entry on physical
capital per employee. Learning-to-export specifarat

Number of employees

Effect at time: 1-c0 1-9 ] 10-49 50-00
t=2 0.073 0.145 0.044 -0.091
(0.048) (0.082) (0.062) (0.140)
t—1 0.101 0.172° 0.068 -0.029
(0.048) (0.082) (0.063) (0.145)
t 0.100° 0.145 0.103 -0.072
(0.049) (0.083) (0.065) (0.153)
t+1 0.118 0.154 0.126 -0.075
(0.050) (0.084) (0.067) (0.157)
t+2 0.143"" 0.222° 0.113 -0.068
(0.051) (0.087) (0.067) (0.161)
t+3 0.169" 0.235 " 0.149" -0.108
(0.052) (0.090) (0.068) (0.176)
Balancing indicators
Mean bias before 13.7 13.8 12.2 17.9
Mean bias after 1.1 1.2 0.6 5.6
Pseudd?’before 0.128 0.081 0.077 0.201
Pseudd? after 0.001 0.002 0.000 0.010
Untreated on support 40,687 31,529 8,222 656
Treated on support 689 290 335 57
Observations 41,156 31,819 8,557 713

Notes. The estimated parameters are based on crossfadcpioopensity score matching using an
Epanechnikov kernel with a bandwidth of 0.005. Bpecification of the propensity scores are the same
as for the learning-to-export specification in sati4.1. Approximate standard errors in parenthésts

** and * indicate significance at the 1, 5 andfdd¥cent levels, respectively.
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Table A2. Cross-sectional matching estimates of the effeexpbrt entry on labor productivity for differemtport status combinations.
Learning-by-exporting specification.

Number of employees

1-c0 1-9 10-49 500
Entrants- Entrants- Entrants- Entrants-
Entrants- stayers/ Entrants- stayers/ Entrants- stayers/ Entrants- stayers/
stoppers/ Never- stoppers/ Never- stoppers/ Never- stoppers/ Never-
Effect at time: Non-entrants entrants Non-entrants entrants Non-entrants entrants Non-entrants entrants
t 0.058" 0.07¢” 0.101" 0.225" 0.034 0.032 -0.018 0.043
(0.023) (0.026 (0.037) (0.063) (0.032) (0.029) (0.061) (0.056)
t+1 0.068" 0.07¢” 0.110° 0.215" 0.040 0.031 0.003 -0.041
(0.024) (0.025 (0.046) (0.062) (0.025) (0.028) (0.066) (0.064)
t+2 0.020 0.08¢™ 0.059 0.253" —-0.008 0.049 -0.016 -0.016
(0.030) (0.025 (0.051) (0.060) (0.040) (0.026) (0.056) (0.062)
t+3 0.047 0.10z" 0.101 0.261" 0.014 0.040 0.055 0.009
(0.023) (0.026 (0.042) (0.066) (0.027) (0.029) (0.062) (0.065)
Balancing indicators
Mean bias before 16.7 18.7 17.9 22.0 13.2 15.1 16.4 31.3
Mean bias after 1.2 2.4 2.1 3.8 0.9 2.8 5.4 7.9
Pseudd?® before 0.121 0.20¢ 0.108 0.169 0.070 0.110 0.137 0.329
Pseudd? after 0.001 0.00¢ 0.006 0.021 0.000 0.004 0.028 0.134
Untreated on support 41,913 40,57( 32,361 31,897 8,758 8,017 688 541
Treated on support 393 28¢ 167 79 195 173 30 28
Observations 42,306 40,85¢ 32,528 31,976 8,953 8,190 718 569

Notes. The estimated parameters are based on crossregqiimpensity score matching using an Epanechrikornel with a bandwidth of 0.005. For details ba t
specification of the propensity scores, see sedtidnApproximate standard errors in parenthests.**, and * indicate significance at the 1, 5 ad@ percent levels,
respectively.
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