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Abstract

Using a matching approach, we compare the prodtyctiajectories of future exporters

and matched and unmatched non-exporters. Futurertexp have higher productivity

than do unmatched non-exporters before entry imoetxport market, which indicates
self-selection into exports. More interestingly, atso find a productivity increase

among future exporters relative to matched non-ggp® 1-2 years before export entry.
However, the productivity gap between future expartand matched non-exporters
does not continue to grow after export entry. Quautts suggest that learning-to-export
occurs but that learning-by-exporting does not.cbmtrast to previous studies on
Swedish manufacturing, we focus particularly on lsmad medium-sized enterprises
(SMEs).
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1. Introduction

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

explain such export productivity premia: self-séitmt 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; petiglity for future exporters is higher

ex-ante. Most previous empirical studies have fasunaport 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 knowledngesfifrom international buyers and
competitors and to more intense competition inrmadonal markets, which lead to
larger opportunities and incentives to improve picitbity than firms that sell only on
the domestic market experience. Moreover, the égpion 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 enspirievidence for any

positive post-entry effects of exports and for héxag-by-exporting are mixedl.

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

investments involve pre-entry improvements in padgity among future export

! Seminal articles are Bernard and Jensen (199%)19@e literature has been surveyed by Greenaway
and Kneller (2007) and Wagner (2007).

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

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



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

effects are neither inevitable nor automatic.

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

data allows us to use modern econometric matcl@ogniques, which means that we
can solve potential endogeneity problems and etaltize casual effect of export

activities on firm performance.

According to the learning-by-exporting hypothesise 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 wideningdyectvity gap between export
entrants and continuing non-exporters. In a stahdetching approach, like the one we
carry out at first, the post-entry productivityex{port entrants and that of non-exporters
with similar pre-export productivity histories armsimilar values for other pre-export
covariates are compared. Such an approach doedlawtfor learning-to-export, which
implies that preceding the entry into the exporrkef productivity increases for new
export entrants relative non-exporters. To testéhening-to-export hypothesis requires
a different matching strategy where the baselinesifmilar pre-export productivity (and
other covariates) instead is set several yearsrédfee period of export entry, thus
permitting the effect on productivity of exportitng appear even before the new export

entrants enter international markets.

Matching methods have been employed with Swedisa Hafore. Greenaway et al.
(2005) use a panel of manufacturing firms spanaimgost 20 years from 1980-1997.
However, their data include only firms with 50 eoy®es or more’ Export

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

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

* In addition, Hansson and Lundin (2004) use a pah8wedish manufacturing firms with 50 employees
or more, but for the period from 1990 to 1999. Wihieey employ a matching approach, they find no
impact of exporting on productivity in export entta after export entry.



growth of exporters on entry doast 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 smalleand 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 fimfss occasionally presented as a motive for int@iéxport

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

To preview our findings, we observe an instantasgaoductivity increase at export
entry among the entering firms relative to non-gnte firms and that thereafter, in
subsequent periods, the productivity gap is comst#nwe allow for different

productivity trajectories before export entry fatdre export entrants and for firms not
entering the export market, we notice a significaraductivity differential between

them even before export entry. Our results areelgrdriven by the smaller firms and
are consistent with the learning-to-export hypothdsit to 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 descriloes econometric strategy. Section 4

reports the results of the analysis. Section 5 lcdes.

® 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 on firms’ export of goods comes from Sta Sweden. It provides
information on which types of products, and to whicountries, a given firm was
exporting during the period 1997 to 2006. For eipdo EU countries, there is a
threshold value for the registration of exports,leviall transactions are registered by
Swedish Customs for exports to countries outsideEd. The threshold value has risen
over the studied period; before 1998, the yearlyesaf exports to EU countries had to
be larger than 0.9 million SEK; between 1998 an@®42(he requirement was 1.5
million SEK or more; and after 2004, it was 4.5 lmmit SEK or more. Due to this
threshold for the registration of goods exportedtd, and to avoid considering firms
with very limited sales outside the EU during aginyear as exporters, we define a

firm as an exporter if it has an export value lathan 1.5 million SEK.

From Statistics Sweden’s compilation of figuresnirahe financial accounts of
enterprises, we obtain balance sheet informatiocth sas sales, value added and
employment. We link the data on the export of goaidirm level to the balance sheet
information for firms with at least one employee emiing 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 dstingroducer, an export entrant, a
continuing exporter, or a firm that has quit expwt Capital stocks are book values
from the balance sheets. Value added is deflatéldl Suwvedish producer price indices

(PPI) on industry level.

We have chosen to use labor productivity as oudymstivity indicator rather than a
theoretically more well-founded TFP measure, fatance, by employing the newly
developed estimation methods proposed by OlleyRaikes (1996) and Levisohn and

Petrin (2003). The reason is that the balance shéaimation for smaller firms (1-9



employees) — especially for capital stocks, investts and material costs — is of

somewhat dubious quality.

Sweden is a small export-dependent economy. Theeggte export intensity (the share
of exports in sales) for manufacturing was 64 parae 2006. Nevertheless, there are
large variations in export participation rates angort intensities between firms of
different sizes. Table 1 shows that the share pbegrs is considerably larger among
the medium-sized and large firms (those with 50 leyges 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 fppodaxntensity, the number of export
destination countries and the number of export yetg] larger firms tend to have

higher export intensity and to export more prodtetsiore destination countries.

Table 1. Share of exporters, export intensity, and numbgkrexport 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 80.7 325 19.3 10.0
(50-0 employees)

All firms 15.2 5.9 2.4 1.3
(1-00 employees)

Notes: Exporters are firms that have a value of expogdathan 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<ls
exporting to.

How important are firms with less than 50 employeeterms 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 tB&nemployees represent a quarter of
the employment in the Swedish manufacturing semtor 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 export§irfos of different sizes in
2006.

Firm size class Employment Value added Export

Micro 8.6 54 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-exportérs. évident from Table 3 that our
study is no exception. Including industry dummiesd &rm controls, as in specification
(3), substantially reduces the exporter produgtivipremia in comparison to
specifications (1) and (2). However, the premiastdl 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 ca$ehe micro firms, the larger the
firms’ export intensity, the higher the firms’ practivity.®

" We obtain the exporter productivity premia by sfmming the estimate orB; in Table 3,

10dexp(3;)-1), which is the percentage differential in produityibetween 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 tfjplata.



Table 3. Exporter productivity premia, 1997-2006.

Regressors Number of employees
1-00 1-9 10-49 50-00
(1) £33 (2)*** (3)*** (4) d (5)*** (6)
EX; =1if firm j 0.281 0.27¢ 0.10¢ 0.420 0.10Z 0.011

is exporter at (0.005) (0.047) (0.049 (0.018)  (0.006 (0.010)

Export intensity 0.166 0.15¢7 0.1127  -0.134"  0.03C 0.117"

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

Firm controls no ne 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 0.17z2 0.24¢

Observations 221,06t 221,06t 221,06l 152,53 50,38: 18,151

Notes: A firm is an exporter if the value of exports ioma than 1.5 million SEK. We estimate the
following model:

I T
INLPj; = Bo + BLEX j¢ + BoEXSjt + BcFirmje + > D + >y Dy + &5
i=1 t=1
LP;; is labor productivity, value added per employee firm j at timet. Firm;; 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; andMNE is a dummy variable that

equals one if a firm is part of a multinational emprise. Industry dummies are defined at 2-digitQ¥A
level (21 industries). Standard errors in parenshést, ** 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 fieductivity trajectories of firms that
start exporting before and after they enter theoexmarket and compare them with the
trajectories of firms not entering the export markéoward this end, we use the
unbalanced panel of manufacturing sector firms \attleast one employee to construct
a balanced panel of export entrant and non-exmoraet firms observed for every year
during a seven-year time window. The seven-yeae twmndow 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 texported in year but did not
export in the years-3 to t —1, whereas non-entrants are defined as firms tliahdi
export in any of the yearts— 3 to t. Given that our data cover the period from 1997 to

2006, the first year of potential export entry 80@ (where export data for the period



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

With these conditions, we end up with a balancatepaf 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.hin 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 wae 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 uniquesfi With the seven-year time
window and the conditions applied, there is no fmilgty 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-engraepresent unique firms. The
reason is that if a firm is identified as a nonrant 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-3 to t but also in the years+1 to t +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 evdhtuenter international markets or
continue not to export. Table 4 presents some iiser 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 enjoy higheitalmtensity (physical as well as
human capital intensity) than do non-entrants tbarybefore potential export entry.
This holds true for micro and small firms, i.enig 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 mtitina enterprises (MNES).



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

All firms (1-0 employees)

Micro firms (1-9 employees)

Small firms (10-49 employees)

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
(K/L) 4 298 204 95" 306 196 111 298 229 69 271 256 15
(H/L) 4 0.15 0.11 0.04” 0.20 0.12 0.08" 0.12 0.10 0.0z 0.13 0.17 -0.04
EMP,; 32.1 8.6 235" 5.3 38 157 21.8 18.0 3.7 186.6 113.7 7297
MNE, 0.12 0.02 0.09” 0.04 0.01 0.03" 0.12 0.06 0.07" 0.38 027 011
LP.5 483 416 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.y 502 429 737 567 423 144" 467 445 277 449 478 -28
LP, 531 432 997 603 424 1797 495 454 417 455 528 -73
LP.4 541 427 1147 628 418 210~ 496 454 437 462 529 -68
LPw 541 428 1137 620 417 202" 499 458 417 479 538 -59
LPys 539 430 109”7 607 420 1877 503 463 407 483 495 -12
Obs 724 44,120 268 34,264 384 9,097 72 759

Notes: ***, ** and * indicate significance at the 1, e 10 percent levels, respectively is labor productivityK/L is physical capital per employdeiL is share of
employees with post-secondary educatlEMP is employment anMNE is a dummy variable that equals one if a firmast pf a multinational enterprisex andt+x
refer to years before and after the year of paiéskport entryi.

1C



Regarding our outcome variable, labor productiviigble 4 indicates that export-
entrants have higher productivity than do non-engr@ven three years prior to potential
export entry, which implies that more productivents appear to become exporters
(self-selection). Moreover, the productivity gamde to widen during the seven-year
time window. In other words, export-entrants armdiired to improve their performance
relative to non-entrants in connection with theipert entry. However, if we divide the
firms into different size classes, these patterasvalid 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-entramms aon-entrants, especially for firms
with fewer than 50 employees. Nevertheless, toiohtmre direct and reliable evidence
regarding the relationship between export entry famna 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 focgson this question has been dominated
by different types of regression-based methb&ecently, some papers have been
published that employ matching methd@sVvhile regression and matching approaches
are both based on conditional independence for idgawasual inference, there are a
few differences between the approaches that are mam 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 observaCurrent econometric research
suggests that avoiding functional form assumptiand imposing a common support
condition can be important for reducing selecticashn studies based on observational

data'’ In this section, we give a brief sketch of how chittg solves the evaluation

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

10 See e.g. Girma et al. (2004) and De Locker (2007).

1 Heckman, Ichimura and Todd (1997), Heckman, Icham®&mith and Todd (1998), Dehejia and Wahba
(1999, 2002) and Smith and Todd (2005).
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problem and discuss some specific features wherlemgmting matching in our

particular context?

To begin, lett™ andt* indicate time periods before and after a periodootential
export entryt®. Furthermore, leD,, =1 denote that a firm starts to export in pert8d
and D, = Oindicate that a firm do not start to export inipdrt® (starting to export is
equivalent to receiving “treatment” in the typieafaluation terminology). Moreover, let
P,. be the potential labor productivity in periotfor 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 average nreait effect on the treatedTT,

which can be defined as:

ATT = E(LR,. -LP,.|D

=1)=E(LP.|D

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

In this specific contextATT corresponds to the average effect on labor prodtycbf

export entry for firms that actually start to exppdrhe fundamental evaluation problem

is that we only observeP,. or LF,. for each firm, but never botHE(LP,.|D,

=1) can
be estimated directly from the observed data. M@gss the information required to

estimateE(LP.

v |De =1), referred to as the counterfactual outcome. Ifoeixpntry is

w+|Dp =1) for the observable

- =0) when estimatingATT, we end up with selection bias equal to

E(LP

=1)- E(LP

Ot* Ot* O)

2 For a more detailed and technical presentatiomatthing methods, see e.g. Heckman, Ichimura and
Todd (1998), Imbens (2004) and Smith and Todd (2005

12



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 proldg assuming that, conditional on

X,-, LR,. is independent oD, :

LP

% 0 Dyl X, )
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 essdatitire of a randomized

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

export entry as an approximation of the counted@cdoutcome (the productivity firms
making export entry would have experienced had tiwystarted 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,,D, =1) = E(LP,

X Dp =0) 3)
The type of cross-sectional matching estimator mlesd above assumes that

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

However, if there are unobserved characteristiésctihg treatment assignment and
outcomes, this will violate the identification cotiohs 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 eliat@d by using a conditional difference-
in-differences (DID) matching estimatdt.The conditional DID matching strategy

requires that:

E('—Rn* - LR)t’|Xt’v Dy = D= E(LFBv — LRy | X2 Do = 0) (4)

3 Heckman, Ichimura and Todd (1997) and Heckmarimaha, Smith and Todd (1998).
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Whereas the cross-sectional matching estimatornmassuhat conditioning on the

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

conditional DID matching strategy extends the coiemal matching method because
it does not require that selection bias is elimédaby conditioning on the observed

covariates, only that the bias is the same in theand post-treatment perid.

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

support or overlap condition that f8f T can be formally stated a3:
Pr(De =1X,) <1 (5)

This condition prevent,. from being a perfect predictor of treatment statosour
context, this ensures that for evexy , there are firms choosing to start to export and
firms choosing not to start to export, which metired for everyX,., we will be able to
construct the counterfactual outcome. Wh¥p has high dimension (i.e. includes
continuous variables or discrete variables with ynaalues), it becomes difficult to find
comparables observations along all dimension¥0of 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 matchimdplpm by allowing us to match on a

scalar function of the covariates rather than titeecovariate space.

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

In a regression context, LaLonde (1986) referfiéolatter approach (including pre-treatment outcoase
right-hand-side variables) as an unrestricted Ddiingator.

15 For the DID approach, this condition must holdath the pre- and the post-treatment period.

14



All matching estimators are weighting estimatorshie sense that they take a weighted
average of the outcomes of the untreated obsengtim 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=— X |:LPlt*i - 2w J)L%t*i:l’ (6)
My i0{D, =1} j0{D; =0}
1 o
ATTop == X {(LPM —LP) - > Wi, J)(LRI)I*j - LPOtj):l (7)
My i0{D, =1} 10{D,; =0}

wheren, is the number of treated observations afd j) is the weight placed on the
jth comparison observation in constructing the ocedacttual for theith treated
observation. The primary difference between alté&veamatching estimators is how
they construct the weight, which typically involves trade-off between bias and
variance. For instance, in single nearest neightmiching, each treated observatias
matched to the in terms of the propensity scorgast@omparison observatignwith
the weight given byw(i, j) J{1,0} . Single nearest neighbor matching trades reduced
bias for increased variance (using additional rneegk would raise bias due to
increasingly poorer matches but decrease variaacause more information would be
used to construct the counterfactual for eachdrkabservation). In the empirical work,
we will consider two alternative weighting regimesgle nearest neighbor matching
and kernel matching based on the Epanechnikov kefoe the latter, we will employ
different bandwidths covering a fairly wide intekvancreasing the bandwidth will
generally increase bias and reduce variance betmaséer weight will be put on more
distant observations when constructing the coumtéwtl 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 considem implementing matching in our

particular context. The first is related to therafaentioned two principal explanations

15



for why export firms enjoy higher productivity. Aaaing to the learning-by-exporting
hypothesis, the effect of exporting on productivityould occur once the firms enter
international markets, not before. To test thisdifgpsis, we either compare post-export
productivity for export-entrants and non-entranighvsimilar pre-export productivity
histories and similar values for other pre-exponariates (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). This approach is
rather typical from an evaluation perspective ia #fense that the causal effect of the

treatment appears after the treatment.

The alternative learning-to-export hypothesis ismewhat unorthodox from an
evaluation viewpoint because the effect of expgriom productivity can occur before
firms actually enter international markets — ilee tausal effect, in fact, may precede
the treatment. The argument for the alternativenieg-to-export hypothesis is that
firms make a deliberate effort to increase theadpictivity by investing, for instance, in
human and physical capital and new production teldyies and products with the
explicit intention of becoming exporters. Here,tiali productivity is not treated as
exogenous (as in the typical self-selection hypgif)e instead, it is regarded as
endogenous with respect to the decision to enterrational markets. A test of the
learning-to-export hypothesis requires a matchingtegy where the base line for pre-
export productivity (and other covariates) is smnhe time before the period of export
entry. With this approach, the effect of exportiog productivity may appear even

before firms actually enter the export market.

Consequently, in our empirical work, we will considnodel specifications where (i)
export is allowed to affect productivity at the &rof firms’ export entry and thereafter
and (ii) export is permitted to influence produtyv even before firms enter

international markets.
A second circumstance that warrants special attertitas 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
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the non-entrants will continue not to export (neeetrants), while others will
eventually enter international markets (not-yet@mis). In the empirical section, we

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

Although the analysis of different types of subwge is uncomplicated as such, it is
important to recognize how the construction of tlagious samples may change the
interpretation of the results from an econometrerspective. For instance, if we
anticipate a positive effect of export entry andade to narrow the treatment group to
entrant-stayers (instead of using all export-et$sancluding entrant-stoppers) this will
induce an upward bias in the estimated treatmdattefAll firms that for one reason or
another fail to endure as exporters will be disrdgd, even though export failure
should be viewed as part of the overall causalcefd® 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 dadst 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 upivaias in the estimated treatment
effect. The problem here is that we try to transfowhat is actually a process of
dynamic treatment assignment (where some firms sthdo 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 ortoagnter).

In both cases above, the definition of the treatmar comparison group involves
conditioning on the future and therefore producespes that are selective in terms of
the outcome of interest. It is beyond the scopehef paper to present any formal
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.

6 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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4. Empirical results

We begin the presentation of our results in sedfidnand discuss the estimates of the
propensity scores used in the following matchinglgses. Among other things, these
estimates indicate whether firms self-select ih®éxport-market. Then, in sections 4.2
and 4.3, we report estimates of the causal effettexport entry on firm labor
productivity. In section 4.2, we use specificatitimat restrict productivity to be affected
at the time of export entry and thereafter, where@assection 4.3, we employ
specifications that allow productivity to be infheed even before export entry takes
place. Finally, in section 4.4, we show the outcashsome robustness checks where

we refine the export-entrant and non-entrant groups
4.1 Propensity scoresand self-selection

In this section, we present estimates of the prsiperscores (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 standardabbes suggested by theory and
previous empirical literature to affect both expentry and future productivity. These
include physical capital per employ@é/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 yegoodéntial export entry. In addition,
the propensity scores for the cross-sectional Spatons include pre-export labor
productivity LP). For the conditional DID specifications, laboroguctivity prior to
potential export entry is not included as a covarie the propensity scores but is

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

The specification of the propensity scores furtdéfers for the matching models
focusing on the learning-by-exporting and learniogexport hypotheses. In the former
case, we are seeking to find export entrants aneerport entrants 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
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export entry { —3 to t —1), while the other covariates refer to the yeaopio potential
export entry { —1). In the specifications focusing on the learniagekport hypothesis,
all covariates refer to the third year prior toguital export entry t(- 3).}’ The latter
specifications thus allow for export entrants ar@h-export entrants to experience
divergent development in terms of labor productinand other firm attributes during

the years up to potential export entry (i.e. duing2 andt — J).

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

linear terms for the most important variables amdhier restrict the presentation to the

cross-sectional specificatioffs.

Table 5 presents estimates of the propensity sqoeesining to the cross-sectional
learning-by-exporting specification. Beginning witte first column, which gives the
results for all firms irrespective of size, we fitlgat the probability of becoming an
export entrant seems to increase with pre-expbdrlaroductivity. However, this result
only holds int-1. Due to high correlation between productivity e tdifferent years,

it is difficult to obtain precise estimates for bagear. To avoid the problem of
multicollinearity, we have experimented with a dfieation that instead includes

average labor productivity over the years3 tot —1. The result (not reported in the
table) indicates a highly significant and positeféect of pre-export labor productivity

on the probability of export entry. These resutes thus in line with the self-selection
hypothesis: that more productive firms enter irg¢éional markets. Furthermore, the
results show that more capital-intensive firmstémms of physical capital as well as
human capital) tend to become exporters, and btlegasame applies to larger firms and

firms that are part of multinational enterprises.

"In the conditional DID specifications, pre-explator productivity is used to calculate the befafter
potential export entry differences. For the leagry-exporting case, this means that before retiers
LP,_; while before for the learning-to-export case referLP,_5 .

18 A complete list of estimated propensity scoresalbmatching models applied is available on regues
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Table 5. Estimated propensity scores for the cross-sectitesining-by-exporting

specification.

Number of employees

100 1-9 10-49 50-00
In(LP).3 0.05¢ 0.00¢ 0.077 0.554
(0.053 (0.067 (0.089) (0.427)
IN(LP)2 -0.02¢ -0.09¢ 0.116 0.444
(0.060 (0.073 (0.109) (0.374)
IN(LP).1 0.237" 0.49C" -0.099 -0.821"
(0.061 (0.077 (0.104) (0.314)
IN(K/L) 1 0.08:" 0.04¢” 0.122" 0.238"
(0.015 (0.020 (0.025) (0.086)
(H/L) 1 0.56€ 0.607" 0.813" -0.040
(0.099 (0.114 (0.245) (0.709)
IN(EMP).1 0.39¢" 0.45¢" 0.4717 0.270°
(0.017 (0.045 (0.059) (0.129)
MNE;., 0.19:" 0.29( 0.252" 0.230
(0.069 (0.161 (0.090) (0.166)
Observations 42,63( 32,60: 9,150 775
Pseudd®? 0.15¢ 0.11¢ 0.080 0.182

Notes: The propensity scores are estimated using a probiel, 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 offdifent sizes, the positive effect of pre-
export labor productivity on the probability of lm#ging an exporter appears to be valid

only for micro firms (firms with less than 10 empées).

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 oé-pxport labor productivity on the

probability of export entry also seems to hold $onall firms (firms with 10 to 49

employees).
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Table 6. Estimated propensity scores for the cross-sectidaalning-to-export
specification.

Number of employees

1-00 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 0.08¢" 0.06€" 0.106" 0.321"
(0.015 (0.019 (0.026) (0.095)
(H/L)e3 0.55%" 0.611" 0.483 -0.551
(0.094 (0.102 (0.272) (0.761)

IN(EMP).3 0.36% 0.347" 0.455" 0.265
(0.017 (0.039 (0.061) (0.126)

MNE:;3 0.15¢" 0.214 0.207 0.184
(0.075 (0.174 (0.099) (0.187)
Observations 42,60: 33,13: 8,669 719
Pseudd?® 0.13¢ 0.08¢ 0.079 0.198

Notes: The propensity scores are estimated using a prmebdel, 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 firmgeethe export market — primarily
applies to micro firms and to some extent to srfiats, but not to medium-sized and

large firms.

4.2 Learning-by-exporting

In this section, we continue by presenting the pngity score matching estimates of
the causal effect of export entry on labor prodiisti The estimates are obtained using
both cross-sectional (see equation (6)) and camditi difference-in-differences (DID)
matching (see equation (7)). In both cases, we lmgied two different weighting
regimes: single nearest neighbor matching and kematching based on the
Epanechnikov kernel. For the latter, we have usaddWwidths in the interval

[0.001, 0.01]. For brevity, we will only report tdts based on the Epanechnikov kernel
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using a bandwidth of 0.008.Details regarding the specification of the projgns

scores are provided in the previous section.

To begin, we focus on model specifications pertajnio the learning-by-exporting
hypothesis. The estimates are thus based on espwents and non-entrants with
similar pre-export entry firm attributes up to yearl, and which we follow during the
yearst to t + 3. Table 7 presents the differences in log labordpctivity between
export-entrants and matched non-entrants. Thesmatss can be interpreted as the

approximate percentage effects of export entryabot productivity.

In Table 7, we can see that firms that become egpmoincrease 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). Interedyinthe effect is fairly stable over
time and is about the same at year . \\Bhen 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 firmsufhermore, the estimates based on

cross-sectional matching tend to be larger thaset@sed on DID matching.

Table 7 also report some aggregate balancing itwtkahat give a sense of how
successful the matching has been in terms of balgrdifferences in the covariates
between export-entrants and non-entrants. Theiéirdie mean standardized bias over
all covariates used in the propensity scores, wiadietween 12 and 18 percent before
matching and between 1 and 5 percent after matcfli@m average, the matching
generates a reduction in mean bias by roughly @rfad ten. The other indicator is the
pseudoR? before and after matching. This statistic indisatew well the variables in
the propensity score explain the probability ofeigng treatment. After matching, the

pseudaR? should be fairly low because there should be mtesyatic differences in the

91n general, the results show little sensitivitypeading on the exact weighting regime. Estimategtha
on single nearest neighbor matching and differamidividths for the Epanechnikov kernel are available
on request.

% The standardized bias of a covariate is definethaglifference of the sample means in the treatmen
and the comparison group as a percentage of theresgoot of the average of the sample varianclen t
two groups. See Rosenbaum and Rubin (1985).
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Table 7. Matching estimates of the effect of export entrylaivor productivity. Learning-by-exporting specé#tmon.

Number of employees

1-00 1-9 10-49 500
Effect at time: CS DID CS DID CS DID CS DID
t 0.054" 0.042" 0.13¢" 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" 0.053" 0.13¢" 0.062 0.033 0.052" 0.01¢ 0.033
(0.018) (0.017) (0.037) (0.035) (0.018) (0.019) (0.045) (0.047)
t+2 0.042 0.027 0.10€¢” 0.02: 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" 0.042" 0.13:” 0.04¢ 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.¢€ 15.2 12.6 12.4 17.5 184
Mean bias after 1.1 1.2 1.8 1.2 1.3 1.1 4.¢ 3.7
Pseudd?® before 0.155 0.151 0.11¢ 0.09¢ 0.080 0.079 0.182 0.171
Pseudd? after 0.001 0.001 0.00: 0.00: 0.001 0.001 0.017 0.007
Untreated on support 41,944 42,092 32,361 32,489 8,781 8,800 704 705
Treated on support 684 685 244 248 367 369 63 64
Observations 42,628 42,777 32,605 32,737 9,148 9,169 767 769

Notes: The estimated parameters are based on crossrs®di®S) and conditional difference-in-differen¢B8D) propensity score matching using an Epaneainnik
kernel with a bandwidth of 0.005. For details oe #pecification of the propensity scores, see@eetil. Approximate standard errors in parenthésis**, and *
indicate significance at the 1, 5 and 10 percerglte respectively.
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distribution of covariates between the treatmerd #me comparison group. Before
matching, this statistic is between 0.08 and OAlféer matching, it drops to virtually
zero. In sum, the balancing indicators suggest that matching has been fairly
successful in terms of balancing differences indtnariates between the treatment and
the comparison group. In fact, after matching, éhemain no statistically significant
differences in the means for the pre-export firtnitaites of export-entrants and non-

entrants.

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 Tab#él@d data marker indicates effect significant at
the 10 percent level or lower.

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 employea$ 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 insignificangufe 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 tihe post-export period is rather

short (three years), there does not seem to beesitience of continuous learning
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through export. For this, we would have expectedsée a widening productivity

differential over time. The fairly stable gap migiistead indicate more of a static
productivity effect due to increased potential émonomies of scale following export
entry. Finally, looking at the pre-export produdtndifferentials, they tend to be close
to zero and are statistically insignificant for &im sizes. This can be regarded as
additional support for that we are actually compgrcomparable export-entrant and

non-entrant firms.

4.3 Learning-to-export

So far we have presented results that compare e&ptrants at with non-entrants &t
with similar pre-export entry firm attributes up tte-1. As we pointed out before, this
approach is primarily designed to test the hypasthe$ learning-by-exporting. By
definition, such a strategy preclude any impaabaforting on productivity taking place
before firms enter international markets; any paihity differences prior to export
entry between future exporters and firms not emdetine export market are balanced in
the matching. Export may only affect productivitytle time of export entry or after it
has taken place. To test the hypothesis of leasturexport, we have to allow for
export-entrants and non-entrants to experiencagive development in terms of labor
productivity and other firm attributes even beftine time of potential export entry. In
this section, we present estimates based on egptdnts and non-entrants tathat
have similar labor productivity and other firm dittes att —3 but for which the

trajectories of these attributes may differ theteaf

Table 8 reveals that there is a significant proditgt differential already att —1
between export-entrants and non-entrantsveith similar productivity and other firm
attributes at — 3. Moreover, the productivity gap continues to grow8.8 percent (CS)
or 5.7 percent (DID) at+ ,2and thereafter, the gap is basically constanteMAve
focus on the results for different firm sizes, wgaia find that the rising productivity
differential is driven by the smallest firms, thasih less than 10 employees. Looking

at the balancing indicators, we also find thatretching has been quite successful in
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Table 8. Matching estimates of the effect of export entryladyor productivity. Learning-to-export specificati

Number of employees

1-00 1-9 10-49 500
Effect at time: CS DID CS DID CS DID CS DID
t—2 0.019 —-0.005 0.05: -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" 0.012 0.11€" 0.04¢ —-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" 0.11:" 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" 0.18:" 0.10€¢” 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" 0.044 0.15¢” 0.08¢" 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" 0.055" 0.17€¢” 0.09¢” 0.042° 0.018 -0.0B8 —-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 13.3 13.¢€ 13.2 12.9 12.7 17.¢ 18.t
Mean bias after 1.1 1.1 1.C 1.C 1.0 0.7 7.C 7.C
Pseudd? before 0.135 0.131 0.08¢t 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 41,915 32,848 32,848 8,331 8,331 654 654
Treated on support 686 686 284 284 337 335 55 54
Observations 42,601 42,601 33,132 33,132 8,668 8,666 709 708

Notes: The estimated parameters are based on crossrs®di®S) and conditional difference-in-differen¢B8D) propensity score matching using an Epaneainnik
kernel with a bandwidth of 0.005. For details oa #ipecification of the propensity scores, see@eetil. Approximate standard errors in parenthé&sis**, and *
indicate significance at the 1, 5 and 10 percerglte respectively.
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terms of balancing differences in the covariatesvben export-entrants and non-

entrants.

Figure 2 visualizes the estimates from the crostis®l matching for different firm
sizes in Table 8. Clearly, there is a considerdddb®r productivity differential before
export entry between small export-entrants and Ismah-entrants, and the gap
continues to widen unttl This is a phenomenon that we are not able torebssemong
the firms in the other size classes. Our interpiceteof the pattern shown in Figure 2
(and of the findings in Table 8) is that smallemis, at least, appear to prepare
themselves for entering the export market by imprvtheir productivity before
entrance. In other words, they seem to learn toeXpHowever, one caveat is that the
fairly high threshold value for the registration efports (see section 2.1) means that
some of the smaller entering firms in particulatualy might have been exporters

already int -2 andt —1.

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 Talfi@l8d data marker indicates effect significant at
the 10 percent level or lower.

2L Alvarez and Lopez (2005) also provide some eviddoc the learning-to-export hypothesis (conscious
self-selection). They show that an increase instment before entry raises the probability of ekpgr
while controlling for other factors that might atfehe probability of entry on the export market.
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4.4 Robustnessto dynamicsin export status

In this section, we will continue by examining hosbust our results are with regard to
changes in firms’ export status. Remember that efned export-entrants (treated
firms) as firms that exported in yearbut did not export in the yeats-3 tot-1,
whereas non-entrants (untreated firms) were defagefirms that did not export in any
of the years —3 to 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, e mixing non-entrants that continue
not to export with those that eventually enternméional markets. In this section, we
proceed by estimating productivity effects of expentry using a more detailed

classification of firms’ export statds.

We divide our treated firms into two subgroups: @xqntrants that continue to export
throughout the periotl+1 to t + 3 (entrant-stayers) and export-entrants that lebee 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: rerirants 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 duringgéeodt +1 to t + 3 (not-yet-entrants).

Table 9 presents statistics on the export stausstyor 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 desgavith firm size. Two-thirds of the

entrants in the micro firm category (1-9 employestep 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 @masily less dynamics going on, in
particular in the smaller firm size classes. Only percent of the non-entrants in the
micro firm class eventually enter the export mar88.5 percent belong to the never-
entrants category) compared to 19 percent of tmeemdrants in the medium-sized and
large firm class (81 percent belong to the nevéraes category). Note that due to the

earlier mentioned threshold value for the regigiraof exports (see section 2.1), we are

22 Similar divisions can be found in e.g. Bernard detisen (1999), Hansson and Lundin (2004) and
Alvarez and Lépez (2005).
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not able to assess to what extent the changesprtestatus type are a result of major
swings in firms’ export values or a consequencesrofiller fluctuations around the
threshold.

Table 9. Export status types by firm size.

Number of employees

Type leo 1-9 10-49 500

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. Inngsesethe former comparison is the most

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

Before turning to the results, we would like todfly recapitulate that the conditioning
on the future used when constructing the differautb-samples implies that we are
estimating a new set of treatment parameters thataatually biased in different
respects. The entrant-stayers/never-entrants casopaexcludes export failures and
future entrants, which will result in an upward dia the estimated treatment effect.
Similarly, the entrant-stoppers/non-entrants comspardisregards export successes but
includes future entrants, which will induce a dovemg bias 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.

With these reservations in mind, Figure 3 illustgathe results based on cross-sectional
matching for the two combinations in questfSiNote that the specifications of the

propensity scores are the same as in section 4e2 tfie learning-by-exporting

2 Complete results can be found in Table Al in tippéndix.
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specification) and accordingly, the results shdagddcompared to those in Figure 1 and
Table 7.

Figure 3. Cross-sectional matching estimates of the effecexgiort entry on labor
productivity for different export status combinat® Learning-by-exporting
specification.
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Note: Based on the cross-sectional estimates in Tabld-#l&d data marker indicates effect significant a
the 10 percent level or lower.

In Figure 3, we observe that the effect of expmtryefor entrants-stayers relative to
never-entrants in the micro firm category is coasably larger than the effect for
entrants-stoppers relative to non-entrants in dreesponding 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 statisycsiljnificant. 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 todbdifferences 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 peadity effect of export entry among
micro firms becomes larger. Furthermore, we mayetis a small increase in the

productivity gap between export-entrants and ndnaeits subsequent to entry.
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5. Conclusions

The exporter productivity premia in Swedish mantfeng is larger in smaller firms,
and while the export participation rate in genésdiigh, it is still fairly low among the
smaller firms. This means that policymakers mighplrticularly interested in whether,
above all, smaller firms that enter the export reaitend to improve their productivity

performance relative to non-entering firms, i.eetter they learn by exporting.

Using propensity score matching techniques, we dotnat there is an instantaneous
productivity increase at the time of entry, espécitor smaller firms, but that the
productivity gap between entrants and non-entrappears 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 l@iclusively at smaller successful
exporters — i.e. smaller firms that enter the ekpwarket and, after entrance, continue to
be exporters — and compare their productivity tiaey after entry with that of firms
that never enter the export market, we may seadetey toward an increase in the

productivity gap.

Ex ante (before export entry) labor productivitysignificantly higher for smaller future
exporters than for firms that do not enter the eixpwarket, which indicates that those
firms self-select into export. Furthermore, if imromatching analysis we allow for
different productivity trajectories before expomtwy, we observe that there is a
significant productivity differential, at least femaller firms, between export-entrants
and matched non-entrants even before export aMeyinterpret this as an indication of

the fact that learning-to-export may exist.
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Table Al. Cross-sectional matching estimates of the effe@xpbrt entry on labor productivity for differemport status combinations.
Learning-by-exporting specification.

Number of employees

1-00 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 0.078" 0.107" 0.228" 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" 0.076" 0.11C 0.21£" 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 0.089” 0.05¢ 0.25¢" -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 0.102" 0.107" 0.267" 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.¢ 22.C 13.2 15.1 16.¢ 31.Z
Mean bias after 1.2 2.4 2.1 3.8 0.9 2.8 54 7.S
Pseudd? before 0.121 0.205 0.10¢ 0.16¢ 0.070 0.110 0.137 0.329
Pseudd? after 0.001 0.006 0.00¢ 0.021 0.000 0.004 0.028 0.134
Untreated on support 41,913 40,570 32,361 31,897 8,758 8,017 688 541
Treated on support 393 286 167 79 195 173 3C 28
Observations 42,306 40,856 32,528 31,976 8,953 8,190 718 569

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