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Abstract

Expanding access to foreign markets is central to economic development, and gov-
ernments widely use trade promotion organizations (TPOs) to help firms overcome
export-market frictions. Yet less is known about which TPO services promote exports
and the mechanisms through which they operate. Using newly digitized historical data
from South Korea’s trade promotion agency, KOTRA, we study a core intervention:
the public dissemination of foreign buyer information. We exploit plausibly exogenous
variation in the timing and intensity of buyer information provision and find that
access to foreign buyer information significantly and persistently increases exports
to targeted destination-industries. We interpret these effects through a search-and-
matching model in which exporters differ in productivity and endogenously search
for overseas buyers. In the model, publicly provided buyer registries reduce foreign
buyer search costs, with especially large predicted gains for information-constrained
smaller exporters. Consistent with this mechanism, the aggregate export response is
significantly weaker in industries where exports are concentrated among a few large
firms. Our results highlight the quantitative importance of buyer-search frictions and
suggest that public information provision can support export promotion in economies
where foreign market access is central to growth.
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1. Introduction

Expanding firms’ participation in export markets is a central objective for developing
economies. With decades of trade liberalization having eroded traditional tariff protections,
non-tariff barriers have emerged as the critical impediments to cross-border commerce.
Among these, informational frictions—firms’ limited knowledge about foreign demand,
regulations, networks, and prospective buyers—pose a particularly significant hurdle
(Anderson and Van Wincoop 2004; Head and Mayer 2013). In response, governments
worldwide have established trade promotion organizations (TPOs) to offer a suite of
services, including market intelligence and trade-show coordination, that aim to bridge
these informational gaps. While a growing literature finds that TPO support can be a cost-
effective tool to boost export volumes (e.g.,Volpe Martincus and Carballo 2008; Munch and
Schaur 2018; Buus, Munch, Rodrigue and Schaur 2025), most studies treat this assistance as
a single “black-box” intervention, leaving the underlying mechanisms unclear and raising
the question of which specific TPO activities alleviate particular barriers.

In this paper, we fill this gap by investigating one of the most binding non-tariff
barriers—buyer search frictions—and the corresponding TPO intervention: the public
dissemination of foreign buyer contacts. These frictions are especially acute for small
and medium-sized enterprises (SMEs), which typically lack the internal resources and
international networks of larger firms (Leonidou 2004; Secretariat 2016). By isolating the
task of buyer identification, we move from broad assessments of “any TPO support” to
a granular evaluation of how targeted information provision drives export performance.
Our approach complements—and refines—the few existing studies that disaggregate TPO
activities into broader categories like counseling, trade agendas, or fairs.1

Our empirical setting is South Korea (hereafter Korea) around its export-led devel-
opment period, when access to foreign demand was central to growth and pre-internet
information frictions made overseas buyer discovery costly for many firms. We study a
unique historical archive from the Korea Trade-Investment Promotion Agency (KOTRA), a
central institution in this strategy. From its founding in 1962 until 2001, KOTRA published
the Daily KOTRA Overseas Market, which systematically compiled and distributed contact
information for foreign buyers. The archive provides unusually detailed visibility into the
timing and content of a large-scale public information policy before the internet reshaped
global commerce. Linking these buyer listings to destination-industry export flows allows

1For instance, Volpe Martincus and Carballo (2010a) offer a valuable disaggregation of services, but their
’trade agenda’ category bundles direct buyer-matching with other commercial assistance. Our focus on the
raw provision of buyer contacts allows for a cleaner identification of the pure information channel.
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us to study how public information provision promotes exports in a developing-country
context.

We digitize and analyze a representative sample of this publication covering 1977–1990,
resulting in 43,239 importer listings at the destination-industry-year level. Descriptive
evidence from a heterogeneous difference-in-differences design shows that the provision of
buyer information is followed by a significant and persistent increase in Korean exports to
the corresponding destination-industry pairs. Specifically, we estimate average treatment
effects on the treated (ATET) by event time, defined relative to the first year of buyer
information provision. Treated pairs experience an export increase of approximately 40
percent relative to untreated pairs.

To illuminate the underlying mechanisms, we extend a canonical search-and-matching
trade model (e.g., Arkolakis 2010; Antràs and Costinot 2011; Allen 2014; Benguria 2021;
Eaton, Jinkins, Tybout and Xu 2022) by explicitly incorporating the role of TPO-provided
public information. This theoretical framework helps to understand how firms of varying
sizes might differentially benefit from such information. While all firms face search
frictions in accessing foreign buyers, more productive (i.e., larger) firms can afford to exert
greater search effort due to higher profits per match. Publicly provided buyer information
helps alleviate these frictions by expanding firms’ access to potential importers. The model
predicts that although all firms benefit from such information, the gains are proportionately
larger for smaller exporters. As a result, the export-promoting effects of TPO-provided
information are expected to be stronger in industries with low export concentration, that
is, industries not dominated by a small number of large firms.

A key challenge in identifying the causal effect of (public) information on exports
is the potential for reverse causality. As emphasized in the literature on information
frictions and trade, information flows are often endogenous to trade activity, responding
to changes in the trade environment (e.g., Steinwender 2018). In our context, destinations
with rising trade volumes may receive increased attention from KOTRA, making local
buyers more likely to be featured in its publications. Consequently, the estimated effect
of public information may capture this underlying correlation, rather than a true causal
influence on export outcomes.

To address this concern, we first demonstrate that a substantial share of the variation
in the timing and intensity of information provision is not systematically correlated with
destination-specific market conditions. This pattern reflects the discretionary and decen-
tralized nature of KOTRA’s operations: buyer information was collected by local office
staff, typically general administrative personnel rather than trained market analysts, as
part of their routine responsibilities (KOTRA 2012). Variation in staff capacity, experience,
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and judgment likely introduced considerable noise into both the quantity and quality of
information flows.2 Moreover, geopolitical considerations, such as Korea’s foreign policy
priorities, also shaped the allocation of search effort.3

We use this idiosyncratic variation to estimate plausibly causal effects on Korean
exports. The identifying assumption is that, conditional on controls and fixed effects,
residual variation in KOTRA’s information provision is uncorrelated with unobserved
export-demand shocks. We implement this strategy by extending the standard gravity
framework to include KOTRA’s provision of buyer information at the destination-industry-
year level and estimate the model using Poisson pseudo-maximum likelihood (PPML).
Our empirical strategy aims to reduce the scope for confounding by systematic trade
determinants through detailed bilateral and time-varying fixed effects, along with controls
for import demand. To further address concerns about reverse causality, we complement
the baseline analysis with an event-study design based on the local projection difference-in-
differences (LP-DiD) method of Dube, Girardi and Taylor (2023). This approach enables us
to assess the dynamic export response to buyer information and examine whether treated
and comparison cells exhibit differential pre-period export changes conditional on controls.
In addition, it mitigates bias from heterogeneous treatment effects across destinations and
industries over time.

Our empirical results yield two main findings that align closely with the theoretical
framework. First, we find that the provision of new buyer information by KOTRA is
followed by significant and persistent growth in Korean exports at the destination-industry-
year level. Specifically, a doubling of buyer listings in the KOTRA magazine is associated
with a roughly 10% increase in exports in the following year and an 8.2% increase over a
five-year horizon. These effects underscore the importance of search frictions in shaping
trade outcomes: if firms already had perfect information about potential buyers, the
provision of public information would have no effect on exports.

Second, we document substantial heterogeneity in the effectiveness of public infor-
mation across industries. Consistent with the model, the export response is significantly
weaker in industries with high export concentration, where exports are dominated by
large firms, than in industries with a greater presence of smaller exporters. This pat-
tern suggests that public information plays a more prominent role for smaller, more
information-constrained firms. Larger firms, by contrast, are likely to be less reliant

2Barteska and Lee (2026) document that the quality of KOTRA’s market reports varied substantially with
the professional background and prior overseas experience of individual Korean bureaucrats.

3For example, in 1981, KOTRA devoted more coverage to Ghana and Nigeria than to the considerably
larger U.S. market, reflecting South Korea’s diplomatic engagement with oil-producing countries in West
Africa amid strategic competition with North Korea.
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on publicly provided information because they are more productive and have better-
developed information networks. This interpretation is consistent with prior research
on endogenous information acquisition and buyer search. For instance, Dickstein and
Morales (2018) show that larger firms invest more in gathering overseas market informa-
tion, while Blum, Claro and Horstmann (2010) and Bernard, Moxnes and Ulltveit-Moe
(2018) document that larger exporters engage with a broader set of foreign buyers. This
result complements findings from the related literature on export promotion programs.
Volpe Martincus and Carballo (2010b) and Munch and Schaur (2018) find size-dependent
impacts of such programs, with larger effects observed for SMEs.

These findings are robust to a range of empirical checks. A remaining concern is that
our extended gravity specification may not fully capture Korea-specific shocks, such as
bilateral tariffs or destination-specific demand fluctuations for Korean goods, which are not
directly observed. To address this, we incorporate lagged Korean exports and introduce
more granular fixed effects that absorb persistent bilateral trade conditions and correlated
industry-level shocks. We further conduct placebo tests using export data from Japan
and Taiwan—two economies with export structures broadly comparable to Korea’s. If
unobserved destination-level trade shocks were driving our results, we would expect to
find similar export responses to buyer information in these countries; however, no such
effects are observed. This supports the interpretation that the estimates are not driven
solely by common destination-industry demand shocks. Finally, our event-study analysis
using the LP-DiD framework reveals a significant increase in exports following the receipt
of buyer information, with no evidence of differential pre-period export changes after
conditioning on controls. This further mitigates concerns about reverse causality.

The paper first contributes to the development literature on export-led growth by iden-
tifying a concrete institutional mechanism through which public policy can expand firms’
access to foreign demand. Exports are especially important for developing economies with
limited domestic markets, where foreign demand can support scale expansion, learning
from buyers, and upgrading in tradable sectors (Hausmann, Hwang and Rodrik 2007;
Atkin, Khandelwal and Osman 2017). Korea provides a useful setting for studying this
process because its industrialization was closely tied to export-oriented policy and public
TPOs, including KOTRA (Amsden 1989; Westphal 1990; KOTRA 2012). We show that one
concrete service provided by such institutions, disseminating foreign buyer contacts, is
associated with persistent export growth in targeted destination-industries.

Second, the paper contributes to the literature on export promotion programs by isolat-
ing a specific service within the broader bundle of TPO activities. Existing studies show
that export promotion agencies and related support programs can increase exports (Volpe
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Martincus and Carballo 2008, 2010b; Lederman, Olarreaga and Payton 2010; Van Biese-
broeck, Yu and Chen 2015; Munch and Schaur 2018; Buus et al. 2025), but many evaluations
combine multiple services such as counseling, trade fairs, and buyer matching. Closest to
our institutional setting, Barteska and Lee (2026) show that the effectiveness of Korea’s
overseas export-promotion offices depended strongly on bureaucrat ability, consistent
with market-information transmission as a central channel. We contribute to this literature
by measuring the buyer contacts disseminated by KOTRA and estimating how this specific
information service affected destination-industry exports.

Third, the paper contributes to the empirical literature on information and search
frictions in trade, which has often grappled with the unobservable and endogenous nature
of information. Prior studies have typically relied on proxies for information flows, such
as ethnic networks (Rauch and Trindade 2002), the adoption of mobile phone services
(Sreekumar 2011; Allen 2014), or internet penetration (Kneller and Timmis 2016; Akerman,
Leuven and Mogstad 2022).4 This paper leverages a more direct measure: a digitized
archive of international buyer contacts systematically collected and published by a TPO.
This unique dataset allows us to provide more direct evidence on how public information
provision shapes export activities across a wide range of industries.

The remainder of this paper is organized as follows: Section 2 describes the historical
context, data construction, and preliminary descriptive analysis. Section 3 presents our
theoretical model. Section 4 discusses empirical specification issues and identification
challenges. Section 5 documents the benchmark regression results. Section 6 introduces an
alternative event-study specification and discusses its results. The final section concludes.

2. Institutional Context and Data

The Korean government established the Korea Trade-Investment Promotion Agency (KO-
TRA) to support its export-led growth strategy. A central component of KOTRA’s activities
was identifying and providing overseas buyer information to domestic exporters. But did
this effort actually succeed in promoting exports? This section introduces the institutional
and historical context of KOTRA’s information provision efforts, focusing on the period
covered by our empirical analysis. We then describe how we construct our measure of
buyer information and present descriptive patterns that illustrate its relationship with
Korea’s export dynamics.

4While some recent studies, such as Steinwender (2018) and Juhász and Steinwender (2018), analyze
observable information flows, their focus is often on a single industry (e.g., textiles) to establish plausible
exogenous information shocks. Our study broadens this scope by examining variations across multiple
industries.
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2.1. Institutional and Historical Context

Established in 1962, KOTRA was tasked with supporting Korea’s export-oriented develop-
ment by providing essential export-related services to domestic firms. A key function of
the agency was to mitigate information frictions between Korean producers and foreign
markets. Specifically, KOTRA dedicated substantial resources to improving access to
international buyers, thereby addressing a common challenge for firms in developing
economies: the difficulty of identifying and connecting with potential trading partners
(Secretariat 2016).

To achieve this, KOTRA built an extensive network of overseas offices responsible for
gathering and disseminating buyer and market intelligence. By 2000, KOTRA operated
138 offices across 87 countries, many located in emerging markets. Local staff regularly
engaged with firms in host countries to gauge their interest in importing Korean products.
The information gathered—including firm names, product interests, and contact details—
was published in the Daily KOTRA Overseas Market, a publicly accessible magazine. This
publication enabled Korean firms, especially small and medium-sized enterprises (SMEs)
lacking the resources for independent overseas market research, to identify and approach
potential buyers.

Our empirical analysis focuses on the 1980s to assess the impact of publicly provided
buyer information on exports. This period is chosen for two primary reasons. First, during
the pre-internet era, the costs associated with acquiring foreign market information were
exceptionally high, particularly for SMEs. Expenses for international phone calls, telexes,
and business travel were significant (see Figure A.4), rendering KOTRA’s publicly available
buyer information particularly valuable. Second, the institutional and policy landscape
of the 1980s facilitates credible identification. Domestically, Korea was transitioning
from a state-led industrial policy under authoritarian rule towards a more liberalized,
market-oriented economy, concurrent with its democratic reforms. This shift diminished
direct government intervention in targeting specific industries and fostered more balanced
economic development across sectors and firms (Kim 1991; Lee 2013). Concurrently, global
trade policy remained relatively stable. The major wave of multilateral tariff reductions,
often termed the "Great Liberalization," predominantly occurred in the 1990s, after our
sample period (Coelli, Moxnes and Ulltveit-Moe 2022).5 Consequently, the 1980s provide a
comparatively stable policy environment for examining the effects of buyer information
on export performance.

5The 1990s saw widespread trade liberalization in both developed and developing nations. While this
liberalization is a frequent subject of empirical trade studies, the associated policy shocks would confound
efforts to isolate the specific impact of information provision.
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2.2. Measurement of Variables

New Buyer information. Our primary measure of public information is NewBuyerInfokj,t.
This variable quantifies the number of new buyer contacts listed in KOTRA’s magazine for
a specific SITC 4-digit industry k, destination country j, and year t. Each instance where
KOTRA’s magazine features information about a buyer interested in products from a
particular SITC 4-digit industry in a given year is counted as one unit of buyer information
for that industry-country-year triplet.

KOTRA’s magazine dedicated a section to foreign buyer information. We randomly
selected one issue per week from the period 1977 to 1990, resulting in 52 issues per year.
The section included inquiries collected by KOTRA from various sources. These inquiries
detailed the buyer’s country (column 2), contact information (column 3), and a list of
desired products (column 4) (see Figure A.1). For each inquiry, we extracted and matched
this information to country codes and SITC 2nd revision codes at the 4-digit level.

Digitizing buyer information presented two main hurdles. Firstly, table structure recog-
nition using computer vision methods proved error-prone for these tables, so we manually
labeled table regions in all sampled magazines. Secondly, matching inquired items to SITC
codes required text similarity calculations. We employed two steps: [Step 1] Normalizing
inquired item text (removing stop words, correcting typos, lemmatization). [Step 2] Cal-
culating text similarity between items and SITC code descriptions using keyword search
with TF-IDF weighting and word embedding for tie-breaking. See Appendix A for more
details. This process resulted in a dataset containing 12,141 inquiries on 43,239 items from
125 countries between 1977 and 1990.

Instances where KOTRA reported no buyer information for a specific country-industry
pair in a given year lead to zero values for NewBuyerInfokj,t. As the logarithmic transforma-
tion is undefined for zero, we employ the inverse hyperbolic sine (IHS) transformation:
asinh(x) ≡ ln(x+

√
1 + x2).

Korea’s exports and destination market sizes. Our SITC 4-digit bilateral trade data come
from NBER-United Nations Trade Data (Feenstra, Lipsey, Deng, Ma and Mo 2005), with a
minimum value of $100,000. Our primary dependent variable, destination-industry level
exports from Korea, is denoted as EXkj,t ≡ EXkj,t(Korea).

We also construct a measure of market size for each industry-destination pair, defined
as the sum of log imports from the rest of the world (excluding Korea):

ImportSizekj,t ≡ 0.01×
∑

i ̸=Korea

asinh
(
EXkj,t(i)

)
, (1)
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where EXkj,t(i) represents exports from origin country i to destination country j in industry
k for year t. Multiplying the sum by 0.01 ensures the estimated coefficients have values
with up to three decimal places.

Other variables. For gravity variables, we utilize nominal GDP and GDP deflator data
from the World Bank. Distance from Korea is calculated using a weighted distance measure
that considers within-country spatial distribution of activity, provided by CEPII (Mayer
and Zignago 2011). The official language of each country is also obtained from the same
dataset. Furthermore, we classify each 4-digit industry into homogeneous goods, reference-
priced goods, and differentiated goods based on the SITC 4-digit classification system from
Rauch (1999). Details on the data merge process can be found in Appendix A.

2.3. Descriptive Analysis: Buyer Information and Exports

To explore the impact of KOTRA’s buyer information provision on export promotion,
we employ a heterogeneous difference-in-differences (DiD) framework. This approach
compares industry-destination pairs that received buyer information from KOTRA (treated
group) with those that did not (control group). Our treatment variable is defined as an
indicator for whether an industry-destination pair has ever received buyer information up
to a given year:

Treatmentkj,t = 1{∑t
l=t0

NewBuyerInfokj,l>0} (2)

where t0 = 1977 represents the initial period of our sample.
In this staggered adoption setup, different industry-destination pairs (treatment co-

horts) begin receiving buyer information in different years, and once treated, they remain
exposed to the treatment. Untreated industry-destination pairs are those that never receive
buyer information from KOTRA during the sample period. We acknowledge that treat-
ment effects (Average Treatment Effect on the Treated, ATET) may vary over time since
treatment and across different treatment cohorts. To address this, we implement the doubly
robust DiD estimators for longitudinal data developed by Sant’Anna and Zhao (2020),
specifically the augmented inverse-probability weighting estimators, into a balanced panel
(175,080 observations).

Figure 1 plots the estimated ATETs against years relative to the initial provision of
KOTRA buyer information (event time). The horizontal axis denotes event time, where
year 0 is the year KOTRA first provided buyer information for a specific industry k in
destination j. The vertical axis measures the ATET in terms of the IHS transformed export
volume, asinh(EXkj,t). The estimates indicate no significant pre-treatment differential trends
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Figure 1: Impact of KOTRA Information Provision on Exports

Notes: This figure presents the estimated average treatment effects on the treated (ATETs) using the doubly
robust heterogeneous difference-in-differences (DiD) estimator with staggered adoption (Sant’Anna and
Zhao 2020). The analysis is based on a balanced panel of 175,080 observations at the industry-country-year
level. An industry-country pair is defined as treated if it has received any KOTRA buyer information by
year t (i.e., 1{∑t

l=t0
NewBuyerInfokj,l>0}). The x-axis represents years relative to the first year KOTRA provided

buyer information for a given industry-destination pair (year=0). The y-axis shows the ATET on the IHS
transformed Korean export volume, asinh(EXkj,t). The shaded area represents 95% confidence intervals,
calculated using standard errors robust to arbitrary correlation within country and industry.

in export volumes between the subsequently treated and control groups, lending credibility
to the common trends assumption underlying the DiD design.

Following the initial provision of buyer information (year 0), Korean exports to the
treated industry-destination pairs exhibit a marked and sustained increase relative to
untreated pairs. Overall ATET is 0.33, with treated group exports being over 39%(≈
100 × [exp(0.33) − 1] ) higher. The impact appears to grow over time. For instance, five
years after the initial information provision, exports to the treated industry-destinations
are approximately 32% higher (ATET 0.28). After ten years, this effect grows substantially.
The point estimate suggests that exports are over 90% higher (ATET 0.64) compared to
what they would have been without the KOTRA information. The widening confidence
intervals at longer horizons reflect the decreasing number of cohorts observed for many
years post-treatment.

These treatment effects, presented in Figure 1, offer compelling preliminary evidence
that KOTRA’s provision of new buyer information is associated with a significant in-
crease in Korean exports. The distinct divergence in export trajectories between industry-
destination pairs that received buyer information and those that did not supports the
hypothesis that alleviating information frictions effectively promotes exports.
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3. Theoretical Motivation

To build intuition about the role of public information on overseas buyer contracts, we
extend the conventional market penetration model (e.g., Arkolakis 2010) by incorporating
public information provided by a trade promotion organization (TPO). This framework
can also be interpreted within the search-and-matching trade literature (e.g., Antràs and
Costinot 2011; Eaton et al. 2022). Exporters are heterogeneous in productivity and must
incur search or outreach costs to reach overseas buyers. We model this process using an
advertising technology, which provides a tractable reduced-form representation of costly
buyer search. High-productivity exporters reach a larger pool of homogeneous (potential)
importers by investing more in advertising efforts. When a TPO provides importer contacts,
exporters can expand their reach and boost export volumes. Importantly, these benefits
are relatively larger for smaller exporters, thereby reducing export concentration.

3.1. Environment

Export Market Penetration (Importer Search). We consider an advertising technology
inspired by the theory of informative advertising (Butters 1977; Grossman and Shapiro
1984) and closely related to search-and-matching frameworks in trade (Antràs and Costinot
2011; Eaton et al. 2022).

Suppose that a market is populated by a mass L of potential importers whom potential
exporters seek to contact through advertising efforts.6 Potential exporters can advertise on
a set of platforms represented by a mass M ≥ 1. Each potential exporter undertakes an
advertising campaign consisting of a total mass S of advertisements distributed evenly
across these platforms. We assume that an importer’s exposure to advertisements across
the different platforms is independent. With a uniform exposure probability, each unit of
advertisement reaches potential importers with probability S/(L×M). In effect, the total
advertising effort S is evenly allocated over M platforms and across the L importers.

Consequently, the probability that a specific importer is exposed to an advertisement
on a single platform is [S/(M × L)]. With M independent platforms, the probability that
an potential importer sees none of the advertisements is {1− [S/(M × L)]}M . Thus, the
total mass of importers who see at least one advertisement (i.e., matched importers) is the

6Arkolakis (2010) allows the number of potential importers reached by each ad to be L1−α with α ∈ [0, 1],
while here we set α = 1 as in Dukes (2004). Allowing α ̸= 1 would not affect our qualitative results.
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following.7

b(S) =

[
1−

(
1− S

M × L

)M

× 1{S≤M×L}

]
L, (3)

where 1{·} is an indicator function. If S > M × L, the exporter reaches all potential
importers, so b(S) = L. Advertising effort incurs a constant marginal cost, with each unit
of effort requiring 1/ψ units of labor. Rearranging equation (3), the labor required to reach
b ∈ [0, L] importers is

fX(b) =
M

ψ

[
1−

(
1− b

L

) 1
M

]
L. (4)

Information Intermediary and Public Information. A TPO collects and publicly pro-
vides the contacts of I ∈ [0, L] potential importers (henceforth, informed importers). For
these informed importers, the marginal labor cost to reach an additional informed im-
porter is 1/ψ; that is, we set the lowest number of advertisement platforms (M = 1, single
platform) in equations (3) and (4). Note that when M > 1, the labor cost fX(b) exceeds
b/ψ. Hence, exporters first contact the informed importers (with mass I) at low cost before
expanding their search to the remaining L− I potential importers.

Given L and I , the labor required to reach b ∈ [0, L] importers is

fX(b, I) =


M

ψ

[
1−

(
L− b

L− I

) 1
M

]
(L− I) +

1

ψ
I if b ∈ (I, L]

1

ψ
b if b ∈ [0, I]

(5)

The search cost function is increasing and convex in the number of matched importers,
meaning that the marginal productivity of additional importer contacts decreases. Public
information thus reduces the advertising/search cost for any given level of b, i.e., fX(b, I) ≥
fX(b, I

′) for all I and I ′ satisfying 0 ≤ I ≤ I ′ ≤ L.

Production Technology. Production follows the standard trade model with constant
marginal costs. Each potential exporter φ produces a unique variety using labor as the
sole input, paid at wage w. Exporter φ requires 1/φ units of labor to produce one unit of

7This matched importer equation (3) can be derived from the differential equation as in Dukes (2004)
and Arkolakis (2010): the marginal change in the mass of matched importers through new ads, b′(S)L =
L[1− b(S)]M with the initial condition b(0) = 0, in which [1− b(S)]M is the probability that a new ad is seen
by a importer for the first time.
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its product. In addition, iceberg trade costs τ > 1 imply that delivering one unit abroad
requires producing τ units. The productivity distribution of exporters follows a Pareto law
with cumulative distribution G(φ) = 1− (φ/φ)θ and density g(φ) = θ(φ/φ)θ/φ where φ is
the minimum productivity level.

Preference and Demand. All firms (potential exporters and domestic firms) compete
monopolistically in each market. The market demand for an individual exporter’s product
depends on its price p and the mass of importers reached, b, as well as on the destination
market’s aggregate demand Q and price index P :

pq = b
Q

L

(
p

P

)1−σ

, (6)

with the elasticity of substitution across varieties σ > 1. We assume that the importing
country is large relative to the exporting country so that P and Q are exogenous. This
assumption is appropriate for exporters in small open economies such as Korea.

Exporters’ Problem and Productivity Cutoff. Given the public information on importer
contacts provided by the TPO, a potential exporter with productivity φ maximizes profit
by choosing its price p, quantity q, and the number of importers b to contact:

max
p,q,b

pq − w

(
τq

φ

)
− wfX(b, I),

subject to equations (5) and (6). The first-order condition with respect to price yields the
standard markup rule, µ = σ/(σ − 1), so that the optimal price is p(φ) = µτw/φ to the
reached importers.

The optimal choice of b satisfies the first-order condition:

1

σ

(
µτw

φP

)1−σ
Q

L
=


w

ψ

(
L− b

L− I

) 1
M

−1

if φ ∈ (φ∗,∞) ⇔ b ∈ (I, L)

w

ψ
if φ ∈ [φ, φ∗] ⇔ b ∈ [0, I]

(7)

where the cutoff productivity φ∗ is determined by equating the marginal benefit of search
to its marginal cost w/ψ when b = I . Exporters with φ > φ∗ expand their search beyond
the informed importers, while those with φ ≤ φ∗ do not search further. In the latter case,
profits are non-positive—attaining zero profit only at φ = φ∗. In other words, potential
exporters with lower productivity will opt not to search. The cutoff serves as the export
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market entry cutoff. Note that the cutoff, φ∗ = [(σwL)/(ψQ)]1/(σ−1)[(µτw)/P ], does not
depend on the provided information I . Thus, in our partial equilibrium framework the
public information does not induce additional market entry.

3.2. Optimal Search and Export Behaviors

We next analyze how public information affects exporters’ decisions. Access to public
information influences both the intensity of importer search and export performance.

Matched Importers. For a given level of public information I , the optimal mass of
importers reached by an exporter with productivity φ is

b(φ, I) =
[
L− (L− I)× λ(φ)

]
× 1{φ>φ∗}, where λ(φ) = (φ/φ∗)−(σ−1)/(1−1/M). (8)

For all active exporters, φ > φ∗, the share of unmatched buyers is less than one, λ(φ) < 1,
and decreases with exporter productivity, λ′(φ) < 0. The matched-importer equation in
(8) can also be written as b(φ, I) = I + [1− λ(φ)]× (L− I). This expression has a natural
interpretation. An exporter reaches the mass I of informed importers with certainty and
searches among the remaining mass L− I of uninformed importers, matching with each
of them with probability 1− λ(φ).

For active exporters (φ > φ∗) given informed importers (I < L), higher productivity
leads to a larger mass of matched importers because they can generate more profits from
each importer they reach:

∂b(φ, I)

∂φ
= −(L− I)λ′(φ) > 0.

Furthermore, while public information expands the pool of matched importers for all
exporters, the incremental benefit, λ(φ)×I , is larger for less productive exporters. The re-
sponsiveness of matched importers to public information is given by λ(φ), which decreases
with productivity:

∂b(φ, I)

∂I
= λ(φ) > 0 and

∂

∂φ

[
∂b(φ, I)

∂I

]
= λ′(φ) < 0,

where the entry cutoff (φ∗) is independent of the public information (I , informed importers).
The impact of public information is less pronounced for highly productive exporters since
they would have likely reached these importers anyway due to their higher buyer search
intensity.
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Export Sales. Exporters’ export sales in the presence of public information are ex(φ, I) =

b(φ, I)[p(φ)/P ]1−σ(Q/L). Using equation (8), we can write

ex(φ, I) =
[
1− (1− I/L)λ(φ)

]
× ex(φ)× 1{φ>φ∗}, (9)

where ex(φ) represents export sales under full information (i.e., when I = L). The full
information provision scenario aligns with the conventional trade model described in
Melitz (2003). Notice that the increase in exports due to public information stems solely
from reaching more importers, not from increasing per-importer sales. For φ > φ∗, the
percentage change in exports with respect to I ∈ (0, L) is

∂ ln ex(φ, I)

∂ ln I
=

λ(φ)

1− (1− I/L)λ(φ)
× I

L
> 0,

while the elasticity with respect to I declines with productivity:

∂

∂φ

[
∂ ln ex(φ, I)

∂ ln I

]
=

λ′(φ)

[1− (1− I/L)λ(φ)]2
× I

L
< 0.

Thus, although all exporters benefit from public information, the relative gains are smaller
for higher-productivity (larger) exporters.8 This result implies that if exporters must pay a
fee to access the public information, highly productive exporters may opt out of purchasing
the information because of their relatively smaller gains—a prediction consistent with
empirical findings that smaller exporters are more likely to rely on intermediary services
(e.g., Ahn, Khandelwal and Wei 2011).

3.3. Aggregate Exports

We now examine how exporter-level decisions aggregate to affect total exports and the
distribution of export sales across exporters. Our analysis, which is particularly relevant
for small open economies like Korea, assumes that the TPO’s public information does not
affect the destination market’s overall price and quantity.

In equilibrium, total industry exports to a given market are the sum of sales from all
exporters, EX(I) = J ×

´∞
φ∗ ex(φ, I)dG(φ) where J denotes the mass of potential exporters.

8In absolute terms, the marginal increase in export sales, given by ∂ex(φ, I)/∂ι = λ(φ)ex(φ) > 0, also
declines with productivity because the fraction of unmatched buyers from an exporter’s search, λ(φ),
decreases with productivity at a higher rate ((σ − 1)(1 + 1/M)) than the rate of increase in per-buyer exports
(σ − 1). Therefore, the increases in exporter-level exports in the absolute term, which is a product of the
fraction of unmatched importers and per-importer exports, are smaller for larger exporters than smaller
exporters.
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We can express aggregate exports as follows.9

EX(I) = [1− (1− I/L)Λ] EX, where Λ =
θ − (σ − 1)

θ + (σ − 1)/M
> 0. (10)

Here, EX represents total exports in the frictionless case (i.e., when I = L), following
the standard trade model in Melitz (2003). When the TPO connects exporters with all
importers, the frictionless export level is attained (EX(L) = EX).

Public information mitigates the export losses induced by search frictions. The elasticity
of aggregate exports with respect to public information I ∈ (0, L) is

∂ ln EX(I)

∂ ln I
=

Λ

1− (1− I/L)Λ
× I

L
> 0.

As shown in our exporter-level analysis, the effects of public information vary across
exporters, more pronounced in smaller exporters than bigger exporters. These heteroge-
neous effects can translate that the aggregate effects depend on the size distribution of
exporters. In particular, more concentrated export distributions dampen the aggregate
export gains from public information.

In our model, there are two key supply- and demand-side parameters shaping the
export sales distribution. First, this export promotion effect is amplified by a larger shape
parameter θ (indicating a thinner right tail in the productivity distribution):

∂

∂θ

[
∂ ln EX(I)

∂ ln I

]
=

I/L

[1− (1− I/L)Λ]2
× ∂Λ

∂θ
> 0,

where ∂Λ/∂θ > 0. However, it weakened by a higher elasticity of substitution σ (implying
less product differentiation):

∂

∂(σ − 1)

[
∂ ln EX(I)

∂ ln I

]
=

I/L

[1− (1− I/L)Λ]2
× ∂Λ

∂(σ − 1)
< 0,

where ∂Λ/∂(σ − 1) < 0. Because a smaller shape parameter and a higher elasticity of
substitution imply a more concentrated sales distribution, these model predictions indi-
cate that exporter concentration dampens the export gains from TPO-provided public
information.

9In equation (10), Λ captures how search frictions reduce aggregate exports: Λ = EX/EX(0) − 1. This
ratio reflects the total percentage decrease in exports due to overseas buyer search frictions when no public
information is available (I = 0), compared to the frictionless case.
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4. Empirical Specification and Issues

Our theoretical framework predicts that buyer information provided by TPOs can alleviate
search frictions and facilitate export growth. But did the buyer information collected and
disseminated by KOTRA actually achieve this goal, particularly for small and medium-
sized enterprises?

Empirically identifying the causal impact of such information poses several challenges.
Most notably, reverse causality and omitted variable bias may confound the relationship:
countries with more active trade may attract greater information collection, and favorable
market conditions, such as stronger import demand, may simultaneously increase both
exports and the supply of buyer information. These concerns are well recognized in the
literature on trade and information frictions (e.g., Steinwender 2018).

To address these challenges, we examine the properties of KOTRA’s buyer information
and find that a substantial share of the collection process does not systematically respond to
contemporaneous destination market conditions. This results in considerable idiosyncratic
variation in the timing and intensity of information provision. In the remainder of this
section, we document this variation and describe our empirical strategy, which exploits it
to identify the causal effect of buyer information on export performance.

4.1. KOTRA’s Buyer Information Collection

At an aggregate level, market size appears to be an important driver of KOTRA’s infor-
mation collection. As shown in Figure 2, destination countries with larger economies
and industries with greater global trade volumes (excluding Korea) received more buyer
information on average. This pattern supports the validity of our digitization and suggests
that KOTRA’s search efforts were partially responsive to global trade patterns. Several
mechanisms could underlie this correlation: locating buyers is likely easier in active mar-
kets, and KOTRA may have allocated more resources to high-potential destinations. For
instance, in 1980, KOTRA operated 12 offices in the United States, compared to just 3 in
Canada and 1 in Mexico, reflecting differences in market size.

At a more granular level, however, KOTRA’s information collection exhibits substantial
variation that is uncorrelated with contemporaneous market conditions. Figure 3’s Panels
(a) and (b) present binned scatter plots of import demand and buyer information at the
country-industry-year level. While a positive correlation is evident in the raw data (Panel
a), the relationship disappears after controlling for detailed fixed effects, including country-
year, product-year, and country-industry (Panel b). This suggests that, after accounting
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(a) Destination Market Size (b) ROW Trade Flow

Figure 2: Average New Buyer Information and Market Size

Notes: The left panel plots the average IHS transformed new buyer information against the average log GDP
for each destination country. The right panel shows the relationship between the average IHS-transformed
buyer information and the average log total trade flows (excluding Korea) for each SITC 2-digit industry. All
averages are computed over the sample period.

for systematic components of information collection, such as the number and location
of KOTRA offices, much of the variation in buyer information remains unexplained by
observable trade fundamentals.

This pattern is specific to buyer information and stands in contrast to Korea’s export
flows. As shown in Figure 3’s Panel (c) and (d), Korean exports remain strongly correlated
with market size, even after controlling for the same set of fixed effects. To quantify this
contrast, we estimate gravity-style regressions for both buyer information and exports (see
Appendix C for details). While market size and fixed effects account for a large share of the
variation in Korea’s exports (R2 = 0.78), they explain less than half of the variation in buyer
information (R2 = 0.42). Moreover, the coefficient on market size becomes statistically
insignificant and near zero for buyer information once fixed effects are included, whereas
it remains large and highly significant for exports.

These findings indicate that KOTRA’s information collection contains considerable
idiosyncratic variation that is orthogonal to trade flows. We attribute this variation to the
human-driven nature of the search process, which relied more on individual discretion
than on standardized or algorithmic assessments of market potential. Local KOTRA staff,
typically general administrative personnel rather than trained market analysts, conducted
information-gathering as part of their routine assignments (KOTRA 2012). As a result,
variation in capacity, experience, and judgment likely introduced significant noise into the
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(a) Buyer Info. without fixed effects (b) Buyer Info. with fixed effects

(c) Exports without fixed effects (d) Exports with fixed effects

Figure 3: Binned Scatter Plot of Buyer Information, Korean Exports, and Market Size

Notes: The first row (Panels a and b) presents a binned scatterplot of inverse hyperbolic sine (IHS) trans-
formed new buyer information (NewBuyerInfokj,t) against market size (ImportSizekj,t), measured as the sum
of IHS-transformed imports, at the country-industry-year level. The second row (Panels c and d) presents
a binned scatterplot of inverse hyperbolic sine (IHS) transformed Korean exports (EXkj,t) against market
size (ImportSizekj,t), at the country-industry-year level. The left column (Panels a and c) illustrates the
raw relationship between the two variables. The right column (Panels b and d) depict the residualized
relationship after controlling for country-year, industry-year, and country-industry fixed effects, using the
covariate adjustment method developed by Cattaneo, Crump, Farrell and Feng (2019).
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quantity of collected information.10

Beyond these personnel-driven sources of heterogeneity, non-economic considerations
also influenced the direction and intensity of KOTRA’s buyer search. For example, Fig-
ure A.3 shows that in 1981, smaller economies such as Ghana and Nigeria received more
buyer coverage than the much larger U.S. market. This reflects Korea’s foreign policy
priorities in the wake of the 1970s oil shocks, during which the government sought to
strengthen diplomatic and economic ties with oil-producing countries in West Africa, in
part to counter North Korea’s influence in the region.

Finally, the data indicate that the vast majority of collected entries correspond to distinct
buyers. For example, in the United States, which had the highest number of reported
contacts, only six out of 98 firms appeared more than once in 1981, and only nine out of 255
firms were recorded in both 1981 and 1982. Given this low rate of repetition, we interpret
the collected buyer contacts as representing new buyer information.

4.2. Effect of Buyer Information on Exports

The preceding analysis suggests that KOTRA’s buyer information contains substantial
idiosyncratic variation that is not explained by standard trade determinants. Our baseline
empirical specification exploits this variation by controlling for systematic determinants of
trade flows using detailed fixed effects and destination-industry level demand measures:

EXkj,t = exp
[
α× asinh(NewBuyerInfokj,t−1) + γ × ImportSizekj,t + δkj + δj,t + δkt + ϵkj,t

]
, (11)

where EXkj,t denotes Korea’s exports in SITC 4-digit industry k to country j in year t,
and NewBuyerInfokj,t is the number of new buyer contacts collected by KOTRA. The vari-
able ImportSizekj,t captures destination-level market size, measured as the sum of IHS-
transformed imports from the rest of the world. Fixed effects δkj , δj,t, and δkt control for
destination-industry, destination-year, and industry-year factors, respectively.

The baseline specification uses the annual flow of newly listed buyer contacts because
the KOTRA archive records new information arrivals, but not whether previously listed
buyers remained active or relevant. We therefore use asinh(NewBuyerInfokj,t−1) to capture
exposure to newly available buyer information, and in Section 5.1 we also consider a
decaying stock measure to connect the empirical specification more directly to the stock
variable in the model.

10Consistent with this interpretation, Barteska and Lee (2026) finds that the individual capacity and prior
experience of Korean bureaucrats posted to KOTRA’s overseas offices significantly influenced the quality
and effectiveness of market research.
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The coefficient of interest, α, measures the export response to newly available buyer
information. If the variation in NewBuyerInfokj,t−1 is orthogonal to the error term ϵkj,t,
meaning it is uncorrelated with unobserved determinants of trade flows conditional on
import demand and fixed effects, then α can be interpreted as the causal effect of new
buyer-information arrivals. A positive estimate of α would imply that increases in buyer
contacts lead to higher export values, consistent with the presence of search frictions.11

Identification relies on the ability of the fixed effects and the import demand control
to isolate exogenous variation in buyer information from other determinants of Korean
exports. The fixed effects in equation (11) absorb a broad set of potential confounders: δkj
captures time-invariant heterogeneity across destination-industry pairs, such as average
market size, which is positively correlated with buyer information (see Figure 2); δj,t
controls for time-varying destination-specific factors, including ethnic Korean networks
(immigration) and their changes as well as market expansion or changes in trade policy;
and δkt accounts for industry-specific shocks over time, such as domestic policies targeting
particular sectors. In addition, ImportSizekj,t captures fluctuations in import demand or
trade conditions at the destination-industry-year level, such as a surge in U.S. demand for
shoes or a general reduction in tariffs on those products in the U.S.

Specification issues. The baseline specification exploits variation in KOTRA’s buyer
information that is plausibly exogenous to the determinants of Korean exports, controlling
for destination-industry-year import demand and incorporating a rich set of fixed effects.
These controls are effective in absorbing shocks that influence trade flows across all
exporters to a given destination-industry pair. However, they may not fully account
for shocks specific to Korean exports, potentially inducing spurious correlation between
KOTRA’s information provision and export outcomes. For example, Korea may face
distinct tariff schedules or destination-specific demand shocks that are not experienced
by other countries. Although our earlier analysis suggests that KOTRA’s search activities
were not systematically responsive to general market conditions, it remains possible that
these efforts were influenced by Korea-specific trade policies or demand conditions.

Ideally, we would directly control for such Korea-specific factors. However, the lack
of bilateral country-industry-year data on tariffs, transport costs, or destination-specific
demand in the 1980s makes this infeasible. To address this limitation, we implement
several robustness checks. First, we include Korea’s lagged exports to the same destination-
industry pair, asinh(EXkj,t−1), to account for persistent bilateral trade determinants such as

11Given the high incidence of zero trade flows in the dataset, we primarily rely on Poisson pseudo-
maximum likelihood (PPML) estimation, following Silva and Tenreyro (2006). For robustness, we also report
OLS estimates in the appendix, restricting the sample to positive trade flows to focus on the intensive margin.
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tariff schedules. Second, we introduce finer-grained fixed effects at the country-SITC 2-
digit-year and country-SITC 3-digit-year levels to absorb Korea-specific shocks operating at
broader industry aggregates. Third, we conduct a placebo analysis using export data from
Japan and Taiwan, two countries with export structures broadly comparable to Korea’s.
If the estimated effect of buyer information merely reflects unobserved destination-level
conditions, we would expect to find similar effects for these countries. The absence of
such patterns would lend support to the interpretation that the observed impact for Korea
operates through the buyer information channel. Finally, in Section 6, we present an
event-study analysis using a local projection difference-in-differences (LP-DiD) framework,
which further assesses whether the export response is preceded by differential export
dynamics.

5. Regression Results

5.1. Public Information Promotes Exports

The baseline regression equation (11) assumes that firms require time (one year) to absorb
the information, establish contact with potential buyers, and complete transactions. We
explore alternative timing structures of the buyer information variable. In Table 1, we incor-
porate its contemporaneous information or more lags, NewBuyerInfokj,t−l, l = 0, 1, 2, · · · , 5.

Table 1 presents the estimated impact of buyer information on exports (α) from regres-
sion equation (11). Columns (1) and (2) show that contemporaneous buyer information
has a limited impact on exports. In contrast, Columns (3), (4), and (5) indicate that lagged
information exerts a statistically significant and economically meaningful effect, suggest-
ing that firms act on newly acquired buyer information with a delay. Moreover, comparing
Columns (1) and (3) with Columns (2) and (4) shows that including the control variable
ImportSizekj,t has little effect on the estimates. This suggests that our empirical strategy—
leveraging rich fixed effects—helps isolate residual variation in buyer information that
is uncorrelated with market demand potential, thereby reinforcing the credibility of our
identification approach.

Given the robust evidence of lagged effects, we focus on new buyer information from
the previous period in the remainder of the analysis. The coefficient in Column (4) indicates
that a doubling of publicly available buyer information leads to a 5.7% increase in exports
in the subsequent year. In practical terms, a one standard deviation increase in new buyer
information translates into a 1.3% rise in exports.
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Table 1: Impacts of New Buyer Information on Exports

(1) (2) (3) (4) (5) (6) (7)
Dep. Variable Export Export Export Export Export Export Export

asinh(NewBuyerInfokj,t) –0.015 0.009 0.011 –0.018 0.028
(0.033) (0.026) (0.027) (0.043) (0.030)

asinh(NewBuyerInfokj,t−1) 0.042** 0.057** 0.059** 0.076** 0.101***
(0.019) (0.022) (0.025) (0.032) (0.023)

asinh(NewBuyerInfokj,t−2) 0.057** 0.090***
(0.029) (0.025)

asinh(NewBuyerInfokj,t−3) 0.037 0.060**
(0.030) (0.029)

asinh(NewBuyerInfokj,t−4) 0.049** 0.071***
(0.024) (0.020)

asinh(NewBuyerInfokj,t−5) 0.062** 0.082***
(0.025) (0.026)

ImportSizekj,t 0.547*** 0.566*** 0.536*** 0.494***
(0.093) (0.093) (0.092) (0.091)

Observations 241,565 241,565 236,570 236,570 210,077 99,322 90,041
Country-Industry FE ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: The table reports estimates of PPML regression equation (11). The dependent variable is export at
the Country-Industry(4-digit SITC)-Year level. Explanatory variables include the inverse hyperbolic sine
transformation of the count of newly collected buyer contacts, asinh(NewBuyerInfokj,t), and its l lagged value,
asinh(NewBuyerInfokj,t−l); and the sum of IHS-transformed imports from the rest of the world, ImportSizekj,t.
*p<0.1, **p<0.05, ***p<0.01. Standard errors in parentheses are two-way clustered within country and within
industry.

Long-term effects of buyer information. Beyond short-term effects, public information
may also have persistent impacts through learning and dynamic mechanisms (e.g., Atkin
et al. 2017; Eaton, Eslava, Jinkins, Krizan and Tybout 2021, and Eaton et al. 2022). Although
not all buyer matches result in successful transactions, those that do can lead to enduring
trade relationships that expand over time. The magnitude of both initial and long-run
effects ultimately determines the dynamic contribution of buyer information to trade per-
formance. To empirically examine this, we extend our baseline specification by including
up to five annual lags of new buyer information.

The estimation results of Column (6) in Table 1 show that the effect of new buyer
information peaks one year after the information is received, but remains positive and
statistically significant in subsequent years. This confirms that the information takes time
to be absorbed and suggests that its impact persists beyond the initial period. Notably,
these dynamics are consistent with the long-term exporter-importer relationship patterns
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Figure 4: Impacts of Buyer Information Stock on Exports with Various Exit Rates

Notes: This figure reports estimates from the PPML regression in equation (11), using the lagged IHS-
transformed value of informed buyers from public information, asinh(BuyerInfokj,t−1), constructed under
different assumptions about the buyer exit rate (ϱ) in equation (12). The 95% confidence intervals are based
on standard errors two-way clustered within country and within industry. The dependent variable is export
value at the country-industry (4-digit SITC)-year level. Control variables include the sum of IHS-transformed
imports from the rest of the world, ImportSizekj,t, and fixed effects.

documented by Eaton et al. (2021).12

To incorporate the effects of previously available buyer information, we alternatively
use the stock of informed active buyers, rather than the flow of new buyer contacts, as the
main regressor. Although our dataset includes newly collected buyer contacts, it does not
provide information on whether previously identified buyers remain active. To address
this, we apply an exogenous buyer exit rate ϱ ∈ [0, 1] to construct a decaying stock of
informed buyers over time, defined as:

BuyerInfokj,t = NewBuyerInfokj,t +
t−1977∑
l=1

(1− ϱ)l × NewBuyerInfokj,t−l, (12)

where (1 − ϱ)l represents the survival rate l years after being listed. Because our public
information records begin in 1977, we exclude the first five years of data to minimize bias
in constructing lagged buyer information stocks during the early years of the sample.

Figure 4 presents the estimated effects of buyer information when the main regressor in
equation (11) is replaced with the one-year lagged stock of buyers, asinh(BuyerInfokj,t−1),
under various assumptions about the exit rate. When ϱ = 1, the stock measure collapses
to our baseline regressor, asinh(NewBuyerInfokj,t−1). Across specifications, we find posi-

12Including lags of market size variables to Column (6) does not qualitatively alter the estimated effect of
buyer information. Notably, the influence of market size on exports diminishes quickly over time, reinforcing
the interpretation that our estimates reflect the persistent value of information rather than coincidental
fluctuations in market demand.
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tive and statistically significant effects of buyer information. Notably, lower exit rates
lead to larger estimated impacts, further underscoring the persistent influence of buyer
information over time.

Robustness. Our baseline specification assumes that fixed effects and market size effec-
tively address destination-industry-year specific confounding factors. Appendix Table A.2
tests this assumption. To control for Korean exporter-specific potential confounders, Col-
umn (1) includes the lagged export value as an additional control, and Columns (2) and
(3) introduce more detailed fixed effects. The results remain similar to the baseline and
statistically significant, suggesting the model controls for confounding factors effectively.
Column (4) further shows that the positive relationship is not driven by the IHS trans-
formation of buyer information: using the untransformed lagged count of new buyer
contacts yields a similar qualitative conclusion. Moreover, our results are robust to the
choice of standard errors: clustered standard errors within country-industry pairs and
robust standard errors are reported in Columns (5) and (6), respectively.

Placebo test. Appendix Table A.4 shows that our buyer information measure is not
positively associated with exports from Japan or Taiwan. Since these countries have
export portfolios similar to Korea’s, they are likely subject to comparable destination-
industry-year demand shocks. The absence of a positive relationship in this placebo test
reinforces the interpretation that our findings are not driven by unobserved confounding
factors. Taken together, these robustness checks and placebo tests provide strong evidence
supporting the validity of our empirical strategy and results.

Extensive and intensive margins. Appendix D provides additional evidence on the
mechanisms underlying the observed effects. We find that the impact of buyer information
operates primarily through the intensive margin, with limited effects on the extensive
margin—that is, whether Korea begins exporting in a given country-industry pair fol-
lowing the provision of public information.13 Tables A.6 and A.7 show that PPML and
OLS estimates excluding zero export observations remain statistically significant and are
quantitatively similar to the baseline estimates reported in Table 1. By contrast, regressions
using export status (1[Export>0]) as the dependent variable yield statistically insignificant
estimates for new buyer information.

13This contrasts with Carballo, Chatruc, Santa and Volpe Martincus (2022), who find that information from
internet platforms helped Peruvian firms expand exports across destinations and products. Appendix D dis-
cusses several possible explanations, including differences in data aggregation and in the role of information
and communication technologies.
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5.2. Heterogeneous Effects: Export Concentration

In our theoretical model, large and productive firms are more prevalent and already
engage in extensive independent search, reducing the marginal value of publicly provided
information. Thus, public buyer information generates smaller export gains in industries
dominated by a few exporters. To test this prediction, we extend our baseline specification
by incorporating interaction terms between buyer information and export concentration.

Concentration measurement. We measure export concentration at the industry level
rather than at the more granular destination-industry level, as firm-level export flows
by destination are not available. Specifically, we construct industry-level concentration
measures for manufacturing sectors using establishment-level export data from the Korean
Mining and Manufacturing Census (MMS).14

Our first measure of concentration is the export share held by the top N exporters,
ranked by export volume, which is commonly used in the literature (e.g., Autor, Dorn, Katz,
Patterson and Van Reenen 2020). We define this measure for each 3-digit Korean Standard
Industrial Classification (KSIC) manufacturing industry k̃ as TopNExportSharek̃t .15 For
our baseline analysis, we focus on N = 4 and N = 8 to ensure meaningful variation in
exporter concentration across industries.16

While this measure is informative, it can be mechanically influenced by the total number
of exporters in an industry, which may confound comparisons of concentration across
industries with differing exporter counts. To mitigate this concern, we adopt a modified
measure of top-exporter dominance that is less sensitive to the extensive margin:

TopN1/TopN2Export
k̃
t ≡

ln(TopN1ExportShare
k̃
t /N1)− ln (TopN2ExportShare

k̃
t /N2)

lnN2 − lnN1

,

(13)
where N1 < N2. This metric compares the average export shares of the top N1 and top
N2 firms on a log scale, normalized by the log difference in ranks. Higher values indicate
a greater concentration of exports among the top-ranked firms. We set N1 = 4 or 8 and
N2 = 20 in the baseline analysis.

14The Korean Mining and Manufacturing Census covers all Korean manufacturing and mining establish-
ments and provides data on both domestic sales and exports.

15There are 29 manufacturing industries at the 3-digit KSIC classification. We map 4-digit SITC industries
to these 3-digit KSIC industries using the concordance table between 4-digit SITC and 3-digit ISIC (Revision
2) from Muendler (2009), noting that the 3-digit KSIC codes are identical to the corresponding ISIC codes.

16In 1980, the median and average numbers of exporters across KSIC 3-digit industries were 171 and 195,
respectively, while the 10th percentile had only 12 exporters. Our results remain robust when using larger
thresholds, such as the top 20 exporters.
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Table 2: Impacts of Concentration on the New Buyer Information’s Effects

(1) (2) (3) (4)
Dep. Variable Export Export Export Export

asinh(NewBuyerInfokj,t−1) 0.175*** 0.215*** 0.242*** 0.334***
(0.031) (0.040) (0.052) (0.062)

asinh(NewBuyerInfokj,t−1)

×Top4ExportSharek̃(k)1980 –0.384***
(0.072)

×Top8ExportSharek̃(k)1980 –0.366***
(0.076)

×Top4/Top20Exportk̃(k)1980 –0.352***
(0.082)

×Top8/Top20Exportk̃(k)1980 -0.480***
(0.098)

ImportSizekj,t 0.596*** 0.598*** 0.592*** 0.593***
(0.096) (0.095) (0.097) (0.096)

Observations 207,804 207,804 207,804 207,804
Country-Industry FE ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓

Notes: The table reports estimates of the PPML regression equation (14). The dependent variable is export
value at the Country-Industry (4-digit SITC)-Year level. The key explanatory variable is the IHS-transformed
one-period lagged count of new buyer contacts (asinh(NewBuyerInfokj,t−1)), interacted with the exporter
concentration measures. *p<0.1, **p<0.05, ***p<0.01. Standard errors in parentheses are two-way clustered
within country and within industry.

Regression specification. To examine whether the benefits of public buyer information
are attenuated in industries with higher exporter concentration, we introduce an interaction
term between exporter concentration and new buyer information:

EXkj,t = exp
[
(α0 + α1 × Concentration

k̃(k)
1980)× asinh(NewBuyerInfokj,t−1)

+ γ × ImportSizekj,t + δkj + δj,t + δkt + ϵkj,t
]
, (14)

where Concentration
k̃(k)
1980 denotes the exporter concentration in KSIC 3-digit industry k̃

associated with SITC 4-digit industry k. To mitigate endogeneity concerns, we rely on
concentration measured in 1980, which is the earliest year available in the MMS data. The
coefficient of interest, α1, captures how exporter concentration moderates the effect of
buyer information. Its negative value indicates that industries with more concentrated
exporters derive smaller benefits from public buyer information.
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Regression result. Table 2 shows that the export-promoting effect of public buyer infor-
mation is significantly weaker in more concentrated industries. The estimated coefficients
on the interaction term between buyer information and concentration are consistently nega-
tive across various measures. This finding aligns with our theoretical model, which predicts
that firms in such industries—typically larger and with more established networks—benefit
less from public information due to their extensive private search efforts.

A potential concern is that this result could be driven by other industry characteristics
correlated with concentration. We therefore test its robustness by including additional
interaction terms for variables such as capital intensity, the total number of firms, and prod-
uct differentiation, which may independently influence the effectiveness of information.17

As reported in Table A.3, our main finding remains stable and significant, suggesting that
the moderating effect of industry concentration is not an artifact of these other factors.

6. Alternative Specification: LP-DiD Approach

Section 5 presented evidence that KOTRA’s provision of buyer information significantly
increased Korean exports. We exploited plausibly exogenous variation in information
provision to identify causal effects, estimating an extended gravity model using the PPML
estimator. A series of robustness checks and placebo tests reinforced this finding, allevi-
ating concerns about reverse causality—that rising trade flows might themselves trigger
additional information collection and confound the estimates.

To further assess the causal interpretation, we implement a difference-in-differences
(DiD) analysis that estimates the dynamic export response to new buyer information
and examines whether treated and comparison cells exhibit differential export changes
before information arrives. The absence of differential pre-period export changes provides
additional support for a causal interpretation and reduces concerns that the estimates are
driven by underlying trade dynamics.

Because the timing of information provision varies across country-industry pairs,
standard estimators may produce biased results when treatment effects are heterogeneous
across groups (e.g., de Chaisemartin and D’Haultfœuille 2020; Goodman-Bacon 2021).
To address this concern, we adopt the local projection difference-in-differences (LP-DiD)
method of Dube et al. (2023). In our setting, where buyer information can arrive repeatedly
for the same country-industry pair, LP-DiD allows us to focus on information arrivals that
are not preceded by recent treatment episodes and to compare them with observations

17For instance, Korean industries dominated by large firms often had lower sales and produced more
homogeneous products.
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that remain untreated through the horizon used to construct the outcome change. This
approach ensures cleaner comparisons between treated and control groups.

6.1. LP-DiD Specification

Our baseline LP-DiD specification examines the impact of buyer information on exports
from Korean firms to a given destination country j and industry k, measured h periods
after the arrival of information:

∆hasinh(EX
k
j,t) = βh × 1{NewBuyerInfokj,t>0}

+ γh × ImportSizekj,t + ηh × PreTrendkj,t + δhj,t + δk,ht + εk,hj,t , (15)

where ∆h is the time difference operator between t−1 and t+h, for example, ∆hasinh(EX
k
j,t) =

asinh(EXkj,t+h)− asinh(EXkj,t−1). The sample is restricted to observations satisfying:
Treatment: 1{NewBuyerInfokj,t>0} = 1 and

L∑
l=1

1{NewBuyerInfokj,t−l>0} = 0,

Clean Control:
L∑

l=−h

1{NewBuyerInfokj,t−l>0} = 0.

(16)

Here, we include country-year and industry-year fixed effects (denoted by δhj,t, and δk,ht ,
respectively), and controls for ImportSizekj,t to account for time-varying market demand
conditions that may confound the relationship between exports and buyer information.
Notably, to account for the possibility that destination-industry pairs receiving buyer
information may already be experiencing differential export growth, we include a pre-
trend control PreTrendkj,t ≡ asinh(EXkj,t−1) − asinh(EXkj,t−6), defined as the change in the
outcome variable from t− 6 to t− 1.

The treatment variable, 1{NewBuyerInfokj,t>0}, is an indicator equal to one if Korean firms
received new buyer contact information for country j and industry k in year t, as published
in KOTRA’s magazine.18 The coefficient of primary interest, βh, captures the dynamic
effect of buyer information on exports h years after the information’s arrival.

To address potential bias in the estimation of βh from heterogeneity treatment effects,
we follow Dube et al. (2023) and impose sample restrictions in equation (16). These

18We adopt a non-absorbing treatment definition to fully exploit the non-persistent, idiosyncratic variation
in buyer information described in Section 4. The LP-DiD framework is particularly well-suited to this setting,
as it accommodates non-absorbing, repeated treatments. While we use a binary indicator to align with
conventions in the difference-in-differences literature, our results are robust to using the count of new buyer
contacts instead.
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Figure 5: Export Responses to Buyer Information

Notes: This figure presents the estimated coefficients βh from equation (15) . The y-axis in each panel
represents the change in the inverse hyperbolic sine (IHS) transformation of exports relative to period
t− 1. The darker and lighter shaded areas denote the 90% and 95% confidence intervals based on standard
errors two-way clustered within country and within industry. The specification includes industry–time and
country–time fixed effects, market size controls, and a pre-trend control based on export changes between
t− 1 and t− 6. The stabilization period is set to five periods.

restrictions ensure that both treated and control groups are unaffected by prior treatments,
thereby avoiding contamination from overlapping or residual effects of earlier information
shocks. Specifically, we assume that the effects of buyer information are not fully realized
or stabilized until L years have passed. Accordingly, clean comparison observations are
required to have no buyer-information arrivals during the preceding L years, or before
the post-treatment horizon h used to construct the outcome change. In our baseline
specification, we set the stabilization period L to five years.

6.2. LP-DiD Results

Figure 5 presents the estimated coefficients βh from our baseline LP-DiD specification. The
results indicate that the arrival of new buyer information is associated with sustained
increases in export levels. We find no evidence of differential pre-period export changes
between treated and comparison cells after conditioning on the fixed effects, market-size
control, and five-year pretrend control. This pattern is consistent with the conditional
parallel-trends assumption underlying the LP-DiD design and reduces concerns that the
estimates are driven by differential pre-existing export dynamics. The export response
grows over time, with an estimated increase of approximately 0.18 in IHS-transformed
export values three years after the arrival of buyer information. This corresponds to a 19.9%
increase in exports for destination–industry pairs that received new buyer information,
relative to those that did not receive such information within the same three-year window.
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Figure 6: Export Responses to Buyer Information by Level of Exporter Concentration

Notes: This figure plots the estimated coefficients βh (blue circles) and βconc
h (red triangles) from Equation (17).

High-concentration industries are defined as those in the top quartile of the 1980 export concentration mea-

sure, Top4/Top20Exportk̃(k)1980. The y-axis shows changes in the inverse hyperbolic sine (IHS) transformation
of exports relative to period t− 1. The darker and lighter shaded areas denote the 90% and 95% confidence
intervals based on standard errors two-way clustered by country and industry. The specification includes
industry–time and country–time fixed effects, market size controls, and a pre-trend control based on export
changes between t− 1 and t− 6. The stabilization period is set to five years.

Moreover, we do not find statistically significant increases in long-term exports when
using Japanese or Taiwanese export data in place of Korean exports, as shown in Figure A.5.
This supports the interpretation that the observed effects are not driven by spurious
correlations with rising demand in destination countries that received buyer information,
as Japan and Taiwan have export compositions similar to Korea’s.

6.3. Industry Heterogeneity: Export Concentration

Following Section 5.2, we then examine whether high exporter concentration dampens the
export-promoting effects of public buyer information provided by the TPO, as predicted
by our model. To test this, we extend the baseline LP-DiD specification (equation 15 ) by
including an interaction term between the treatment and exporter concentration:

∆hasinh(EX
k
j,t) =

(
βh + βconc

h × 1{Top4/Top20Export1980k̃(k)=Q3}

)
× 1{NewBuyerInfokj,t>0}

+ γh × ImportSizekj,t + ηh × PreTrendkj,t + δhj,t + δk,ht + εk,hj,t , (17)

where 1
{Top4/Top20Exportk̃(k)1980=Q3}

equals one if the KSIC 3-digit industry k̃ corresponding
to industry k belongs to the top quartile of export concentration in 1980, based on the
measure in equation (13). To account for differences in export growth trends, we include
the pre-trend from t− 6 to t− 1, PreTrendkj,t ≡ asinh(EXkj,t−1)− asinh(EXkj,t−6).
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The coefficient βconc
h captures the differential effect of buyer information in industries

with high exporter concentration relative to those with lower concentration. A negative
value of βconc

h would indicate that the positive impact of buyer information on exports is
attenuated in more concentrated industries, consistent with our theoretical prediction.

Figure 6 presents the estimated coefficients βh and βconc
h from equation (17). The effect

of buyer information is weaker in industries where exports are concentrated among a
small number of firms. Specifically, the estimated interaction effects βconc

h (red triangles) are
negative, indicating that industries in the top quartile of exporter concentration experience
smaller increases in exports following the arrival of new buyer information. These results
are consistent with our theoretical framework and earlier PPML regression results in
Section 5.2.

7. Conclusion

Foreign market access is central to development strategies in many small and export-
oriented economies, but firms face significant information frictions when deciding what
and where to export. They often lack knowledge about foreign demand, regulations, and
distribution networks, making entry into overseas markets costly. These frictions represent
substantial, often unmeasured, trade costs (Anderson and Van Wincoop 2004 and Head
and Mayer 2013). Policies that reduce these non-tariff barriers can therefore encourage
export activity.

In this paper, we examine the role of publicly provided information in promoting
exports by helping firms overcome search frictions in international markets. TPOs are
designed to mitigate such frictions, yet empirical evidence on their effectiveness and
underlying mechanisms remains limited. We address this gap by studying Korea’s experi-
ence with KOTRA, a public export-promotion institution in a historically export-oriented
economy where helping domestic firms reach foreign markets remained an important
policy objective.

Our theoretical and empirical analyses show that public buyer information can sig-
nificantly increase exports. The main identification concern is that KOTRA’s buyer-
information collection may be correlated with unobserved destination-industry demand.
Our empirical specification mitigates this concern by using detailed fixed effects and
import-demand controls to isolate residual variation in information provision that is plau-
sibly unrelated to Korea-specific export shocks. The absence of placebo effects for Japan
and Taiwan, which had export structures broadly similar to Korea’s during this period, fur-
ther supports the view that the results are not driven by unobserved destination-industry
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demand factors. Event-study estimates based on local projection difference-in-differences
show no differential pre-period export changes, further reducing concerns about reverse
causality.

Furthermore, we provide empirical evidence on substantial heterogeneity in the effec-
tiveness of public information: export gains are considerably smaller in industries where
exports are concentrated among a few large firms. This pattern supports the model’s
prediction that public information is less valuable when exporters already have strong
private search capacity. Conversely, it is consistent with larger gains in sectors where
smaller, information-constrained exporters are more likely to face binding search frictions.

The findings have implications for export-promotion policy in developing and export-
oriented economies. In countries with limited domestic market size, export expansion
can be central to firm growth, making policies that reduce foreign-market access costs
especially valuable. Public buyer information offers one such tool: by lowering the cost of
identifying potential overseas buyers, TPOs can help firms overcome search frictions that
may otherwise limit export activity. The weaker response in highly concentrated industries
suggests that this channel is most relevant where private search capacity is limited and
smaller exporters are more likely to face binding information constraints.
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APPENDIX

A. Details on Data

A.1. Data Processing for New Buyer Information

For each inquiry, we extract the information on countries and inquired items from the
sampled pages and match it to country codes and SITC 2nd revision codes at the 4-digit
level to merge the extracted new buyer information data with bilateral trade flow data.
There are two main difficulties in digitizing the buyer information from the magazine.
The first is for a machine to recognize the table structure. While recent developments
in Computer Vision (and its application in Economics, such as Layout Parser, e.g., Shen,
Zhang, Dell, Lee, Carlson and Li 2021) can facilitate this process with higher accuracy, they
did not perform well for the tables in my sample. So instead, we manually label table
regions for all the sampled magazines.

We extract items in each row and column from the labeled tables using a heuristic
algorithm that distinguishes rows and columns. The next problem arises from the step
of matching inquired items to the known SITC codes. For instance, the inquired items
from the first row in Figure A.1, “Shovels, Locks, Padloocks”, should be matched to the
SITC 4-digit code 6951 (Interchangeable tools for hand or machine tools (tips, blades,
etc.), 6991 (Locksmiths wares, safes, etc, and hardware, nes, of base metal), and 6991,
respectively.1920 To do so, we calculate the text-based similarity between each inquired
item and the description for each SITC code from UNSD. we pick the SITC code with
the highest similarity score to be the matched industry for the inquired item. To be
specific, we use a keyword search method after normalizing words.21 For instance, after
the normalization, the example items become shovel, lock, and padlock, respectively.
Then, we count the number of occurrences for each normalized word in each SITC 4-digit
description.22 Since the word "padlock" is only used by two SITC codes, 6991 and 69911
(Padlocks and locks (key, combination, etc.), clasps and frames with clasps and locks, of

19Note that some of the inquired items contain typographical errors. For instance, "Padloocks" is a
typographical error of padlock. we use multiple spelling checker Python packages to correct them.

20In this case, we add one to the buyer information count at the corresponding level (Kenya, 1981, 6951)
and two to (Kenya, 1981, 6991). Alternatively, we also try a different counting method (set method). When a
buyer inquired N products (N>1) from the same SITC-4digit code in the same year, the set method converts
buyer information count to be one instead of N. For instance, the set method adds one to (Kenya, 1981, 6991)
instead of two, in this case.

21To be specific, we delete stop words, correct potentially misspelled words, and use lemmatization.
22Each SITC 4-digit description contains the descriptions of 5-digit SITC codes that belong to the same

4-digit STIC code, so that the description has a bigger number of keywords relevant to the 4-digit industry.
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Figure A.1: An Example Page of Buyer Information List
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base metal; keys for the foregoing articles, of base metal; which is a subcategory of 6991),
the calculated similarity is the highest for 6991. In case an inquired item consists of more
than one word, we use weights from the TF-IDF (Term Frequency-Inverse Document
Frequency) method, which is essentially a system that gives higher weights to words that
have higher power at distinguishing different SITC codes. Also, when an inquired item
has the same similarity score for more than one SITC code, we use a cosine similarity
measure calculated from word embedding to break the tie.23

A.2. Bilateral trade data

We use the NBER-United Nations Trade Data from the Center for International Data
(Feenstra et al., 2005). The data contains bilateral trade flows by commodity (SITC 4-digit,
second revision) between 1962 and 2000, with values greater than $100,000. The dataset
prioritizes the trade flows reported by importers.

A.3. Data merge process

We create the final dataset by merging trade flow data with buyer information collected by
KOTRA. The result is an unbalanced panel that includes South Korea’s export values and
collected buyer information counts for each destination industry (SITC 4-digit) from 1977
to 1990. We begin with a balanced panel that includes all possible destination-SITC-year
observations.24 We then merge the trade and buyer information data into this panel.

However, for some destinations, the trade flow data is missing for entire years. For
instance, Afghanistan does not have any 4-digit SITC observations on imports from South
Korea between 1982 and 1983. We drop these country-year observations because it is
unclear whether they represent missing data or actual zero trade flows. Apart from such
cases, we fill missing observations for both trade flow and buyer information with zeros,
interpreting them as zero trade flows and no collected buyer information from KOTRA.
As a result, the final dataset has 1,374,714 observations, with most values being zeros for
trade flow (92.3%) or buyer information (98.7%) over the sample years.

23We used the word embedding provided by spaCy, which is an open-source software library for advanced
natural language processing (Honnibal and Montani 2017). In this specific setup, we find that a keyword
search method works better at pinning down a more detailed industry level, while word embedding can
be better at distinguishing among broadly defined industries by considering the semantic similarity of all
words used in each SITC code description, not just a keyword alone. In the economics literature, Hoberg and
Phillips (2016) used word count based cosine similarity to measure similarity between products.

24There are 188 countries that have reported import values from South Korea for at least one year, and there
are 786 4-digit industries. Therefore, the total number of possible destination-industry-year combinations is
2,068,752 (= 188× 786× 14)
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A.4. Additional Figures and Tables

(a) All Buyer Information Counts (b) Positive Buyer Information Counts

Figure A.2: Buyer Information

Notes: The left panel plots a histogram of buyer information at the destination-STIC4digit-year level over
the sample years. The right panel repeats the same histogram of buyer information counts restricting to the
observations with positive buyer information counts.

Figure A.3: The Number of New Buyer Information from Each Destination Country
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Figure A.4: International Call Rates

Notes: The data comes from FCC report (Table 2) “Trends in the international telecommunications industry:
summary through 2010, 2012”.

Table A.1: Heterogeneous Difference-in-Difference with Staggered Adoptions

(1) (2) (3) (4) (5)
Doubly Robust DiD Synthetic DiD

Dep. Variable IHS Export IHS Export IHS Export IHS Export IHS Export

ATET (1 vs 0) 0.220*** 0.335*** 0.253*** 0.362*** 0.362***
(0.032) (0.048) (0.032) (0.049) (0.046)

Import Size ✓ ✓ ✓
Sample Full Balanced Full Balanced Balanced
Observations 811,329 175,080 811,329 175,080 175,080

Notes: The table reports the aggregation of estimated average treatment effects on the treated (ATETs)
that may vary over time and over treatment cohorts. In Columns (3)–(5), regressions include import size
(ImportSizekj,t; the sum of log imports from the rest of the world) as other covariates. The dependent
variable is IHS transformed export at the Country-Industry(4-digit SITC)-Year level. The treatment at the
industry-market level is defined as having received buyer information from KOTRA in either the current
period or the preceding period. *p<0.1, **p<0.05, ***p<0.01. Standard errors in parentheses are corrected for
arbitrary correlation within country and industry in Columns (1)–(4). In Column (5), bootstrap standard
error is reported in parentheses.
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B. Robustness Check and Placebo Test Results

Table A.2: Robustness: Impacts of New Buyer Information on Exports

(1) (2) (3) (4) (5) (6)
Alt. Cluster Robust S.E.

Dep. Variable Export Export Export Export Export Export

asinh(NewBuyerInfokj,t−1) 0.060*** 0.059*** 0.041* 0.057*** 0.057***
(0.023) (0.019) (0.023) (0.019) (0.014)

NewBuyerInfokj,t−1 0.047***
(0.007)

ImportSizekj,t 0.499*** 0.657*** 0.804*** 0.576*** 0.566*** 0.566***
(0.075) (0.085) (0.117) (0.092) (0.051) (0.027)

asinh(EXkj,t−1) 0.136***
(0.012)

Observations 236,570 187,722 124,185 236,570 236,570 236,570
Country-Industry FE ✓ ✓ ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓ ✓ ✓
Year-Country-SITC2d FE ✓
Year-Country-SITC3d FE ✓

Notes: The table reports PPML estimates of alternative specifications of equation (11). The dependent
variable is Korean exports at the Country-Industry (4-digit SITC)-Year level. Except in Column (4),
the main explanatory variable is the IHS-transformed one-period lagged count of new buyer con-
tacts, asinh(NewBuyerInfokj,t−1). Column (4) instead uses the untransformed one-period lagged count,
NewBuyerInfokj,t−1. Control variables include the sum of IHS transformed imports from countries other
than South Korea at Destination Country-Industry (4-digit SITC)-Year (ImportSizekj,t). Additionally, the
regressions include the IHS transformed lagged export value, asinh(EXkj,t−1) (Column 1), fixed effects at
the year–country–SITC 2-digit level (Column 2) and year–country–SITC 3-digit level (Column 3). *p<0.1,
**p<0.05, ***p<0.01. In Columns (1)–(4), standard errors in parentheses are two-way clustered within country
and within industry. In Columns (5) and (6), clustered within country-industry pairs and robust standard
errors, respectively, are in parentheses.
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Table A.3: Robustness: Impacts of Concentration on the Buyer Information’s Effects

(1) (2) (3) (4) (5) (6) (7)
Dep. Variable Export Export Export Export Export Export Export

asinh(NewBuyerInfokj,t−1) 0.066 0.677** 0.225 0.175*** 0.436 0.064 0.099
(0.045) (0.263) (0.305) (0.032) (0.351) (0.072) (0.064)

asinh(NewBuyerInfokj,t−1)

×Top4ExportSharek̃(k)1980–0.437*** –0.648*** –0.414*** –0.452*** –0.387*** –0.263** –0.299***
(0.075) (0.133) (0.159) (0.147) (0.079) (0.126) (0.115)

×Controlsk̃(k)1980 0.597*** –0.059* –0.007 –0.021 –0.020 0.090* 0.056
(0.148) (0.032) (0.047) (0.028) (0.028) (0.053) (0.046)

ImportSizekj,t 0.597*** 0.595*** 0.596*** 0.597*** 0.596*** 0.609*** 0.609***
(0.095) (0.096) (0.095) (0.095) (0.096) (0.098) (0.098)

Observations 207,804 207,804 207,804 207,804 207,804 192,713 192,713
Controls ln(E/N) ln(E) ln(N) ln(CI) ln(Revenue) Diff(lib) Diff(con)
Country-Industry FE ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: The table reports estimates of the PPML regression equation (14) with additional controls for
robustness. The dependent variable is export at the Country-Industry (4-digit SITC)-Year level. The
explanatory variables are the IHS transformed one-period lagged new buyer contacts (NewBuyerInfokj,t−1),
including interactions with a concentration measure based on the sales shares of the top 4 Korean exporters

in each 3-digit KSIC industry (Top4ExportsSharek̃(k)1980). Additionally, each column includes an interaction
between asinh(NewBuyerInfokj,t−1) and one additional industry-level characteristic. From Columns (1) to (7),
these characteristics include: exporter share, log number of domestic firms (N), log number of exporters (E),
log capital intensity (total capital over total revenue; CI), log total domestic sales (Revenue), and product
differentiation dummies following the “liberal” and “conservative” classifications from Rauch (1999). *p<0.1,
**p<0.05, ***p<0.01. Standard errors in parentheses are two-way clustered within country and within
industry.
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Table A.4: Placebo Test: Impacts of New Buyer Information on Exports

(1) (2) (3) (4)
Exporting Country Japan Japan Taiwan Taiwan
Dep. Variable Export Export Export Export

asinh(NewBuyerInfokj,t−1) –0.013 0.010
(0.013) (0.015)

asinh(BuyerInfokj,t−1) 0.006 –0.003
(0.026) (0.026)

ImportSizekj,t 0.703*** 0.703*** 0.679*** 0.679***
(0.084) (0.084) (0.072) (0.071)

Observations 551,830 551,830 189,734 189,734
Country-Industry FE ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓

Notes: The table reports PPML estimates of alternative specifications of equation (11). In Columns (1) and
(2), the dependent variable is Japanese export at the Country-Industry (4-digit SITC)-Year level, but Columns
(3) and (4) use Taiwanese exports at the Country-Industry-Year level. The main explanatory variable is either
the one-period lagged IHS-transformed number of new buyer contacts, asinh(NewBuyerInfokj,t−1), or the
lagged IHS-transformed stock of buyer contacts, asinh(BuyerInfokj,t−1), as defined in Equation (12) with
exit rate ϱ = 0.1. Control variables include the sum of IHS-transformed imports from countries other than
Japan or Taiwan at the destination Country–Industry–Year level, ImportSizekj,t. *p<0.1, **p<0.05, ***p<0.01.
Standard errors in parentheses are two-way clustered within country and within industry.

(a) Japan (b) Taiwan

Figure A.5: Impact of Buyer Information on Exports: Placebo Test

Notes: This figure presents the estimated coefficients βh from equation (15). The y-axis in each panel
represents the change in the inverse hyperbolic sine (IHS) transformation of exports relative to period t− 1.
The darker and lighter shaded areas represent the 90% and 95% confidence intervals. The specification
includes industry–time and country–time fixed effects, market size controls, and a pre-trend control based
on export changes between t− 1 and t− 6. The stabilization period is set to five periods.
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C. Determinants of New Buyer Information

To formally investigate relationships between new buyer information and economic factors
of destination countries, we regress the collected information on standard variables in the
gravity equation of trade literature. The gravity equation highlights that bilateral trade
flows increase with market sizes and decrease with geographic distance.

Table A.5: Gravity Regressions For the New Buyer Information and Exports

(1) (2) (3) (4) (5) (6)
Dep. Variable New Buyer Info IHS(New Buyer Info) Export IHS(Export)

ln GDPj,t 0.217*** 0.578***
(0.047) (0.099)

∆ ln Deflatorj,t 0.335 –2.041
(0.218) (1.620)

ln Distancej 0.067 –0.687***
(0.215) (0.156)

ImportSizekj,t 0.234*** 0.091 0.003 0.510*** 0.547*** 1.458***
(0.090) (0.083) (0.004) (0.077) (0.103) (0.099)

Regression PPML PPML OLS PPML PPML OLS
Observations 461,587 45,833 455,757 461,587 155,042 455,757
(Pseudo) R-squared 0.115 0.384 0.423 0.539 0.968 0.781
Other controls ✓ ✓
Year FE ✓ ✓
Country-Industry FE ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓

Notes: The table examines the correlation of standard gravity equation variables with both the collected
information and exports. The dependent variables are the collected buyer information (Columns 1 and 2) and
its inverse hyperbolic sine (IHS) transformed value (Column 3), as well as export values (Columns 4 and 5)
and their IHS transformed values at the Country-Industry (4-digit SITC) year level. The explanatory variables
include log GDP (ln GDPj,t), inflation measured by the first difference of the GDP deflator (∆ ln Deflatorj,t),
and the log distance from South Korea (ln Distancej). Other controls consist of indicators for each language
and product classification as outlined in Rauch (1999). The GDP and GDP deflator data are sourced from
World Bank Data. For the PPML specification, pseudo R-squared values are reported. *p<0.1, **p<0.05,
***p<0.01. Standard errors in parentheses are two-way clustered within country and within industry.

Table A.5 compares how these variables are correlated with the collected information
and South Korea’s exports. We utilize destination j’s variables such as GDP (ln GDPj,t), the
first difference in the GDP deflator (∆ ln Deflatorj,t), distance from Korea (ln Distancej,t)
in logs, and the sum of log imports from the rest of the world excluding South Korea
(ImportSizekj,t = 0.01 ×

∑
i ̸=Korea ln EX

k
j,t(i)) for each destination-industry-year triple as

independent variables.
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Comparing Column (1) with Column (4), the collected buyer information increases
with market size, similar to exports. However, the adverse effects of distance are less
clear, confirming that market size was the primary determinant of the amount of collected
information, aligning with findings from Figure 2.25 Nevertheless, two notable differences
emerge in how these variables correlate with the collected information and exports. First,
the correlation between market size and collected information becomes less clear after
controlling for detailed fixed effects (Columns 2 and 3), while it remains clear for exports
(Columns 5 and 6). Second, even after adding high-dimensional fixed effects, these
variables can explain less than half of the variation in collected information, in contrast to
exports, where their variation is well-explained by these factors. These results are robust
to using the Poisson pseudo-maximum likelihood (PPML) estimator or using the inverse
hyperbolic sine (IHS) transformed values with OLS. These differences suggest that the
search was not highly responsive to changes in market conditions and further support the
notion that the search was more of an untargeted process.

D. Mechanisms of the Export Promotion Effects

In this section, we discuss additional empirical findings that shed light on the mechanisms
behind the observed effects. In particular, we distinguish between the intensive and
extensive margins. The estimated effects from the baseline models in the main text include
both the intensive margin and the extensive margin. To analyze these margins separately,
we repeat the baseline specifications in Section 5 in the following ways.

To explore the intensive margin, we restrict the samples to those with positive trade
flows and use the same baseline specifications as in equation (11). For the extensive margin,
we define 1{EXkj,t>0} as an indicator variable that takes the value of one when the export
value of industry k to destination country j in year t is positive. We use the following
linear probability model to examine whether public information helped South Korean
firms export new products to new destinations:

1{EXkj,t>0} = αext×asinh(NewBuyerInfokj,t−1)+γ
ext×ImportSizekj,t+δ

k
j +δj,t+δ

k
t +ϵ

k
j,t. (A1)

Additionally, we investigate the dynamic effects of public information on the extensive
margin by replacing the dependent variable in the main text specification with this indica-

25This provides additional validation for our buyer information construction process, including digiti-
zation and the assignment of SITC industry classifications, especially as the market size of each industry
(ImportSizekj,t) exhibits a clear correlation with the collected information.

A-10



tor:

1{EXkj,t>0} =
5∑

l=0

αext
l ×asinh(NewBuyerInfokj,t−l)+

5∑
l=0

γextl ×ImportSizekj,t−l+δ
k
j +δj,t+δ

k
t +ϵ

k
j,t.

(A2)
The parameters of interest are αext

l , which represent the effect of the l-th lagged new buyer
information count on the extensive margin.

Table A.6 shows the estimated effects on both the intensive and extensive margins. We
observe clear effects on the intensive margin but not on the extensive margin. The first two
columns present the intensive margin effects from the PPML and OLS estimators, showing
clear positive effects. The first column, which uses the same baseline specification as the
main text, shows that the estimated coefficient for the intensive margin is very close to the
estimated coefficient for total effects in Table 1. In contrast, column (3) shows that public
information did not have economically or statistically significant effects on the extensive
margin.

Table A.6: Impacts of Buyer Information on Exports (Intensive and Extensive Margin)

(1) (2) (3)
Method PPML OLS OLS
Dep. Variable Export ln(Export) 1[Export>0]

asinh(NewBuyerInfokj,t−1) 0.054*** 0.043*** –0.000
(0.020) (0.014) (0.003)

ImportSizekj,t 0.447*** 0.922*** 0.206***
(0.083) (0.079) (0.013)

Samples Export>0 Export>0 All
Observations 99,265 99,265 707,985
R-squared 0.877 0.671
Country-Industry FE ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓

Notes: The dependent variables in Columns (1)–(3) are the export value at the Country-Industry (4-digit
SITC)-Year level, its log value, and an indicator for positive trade, respectively. The explanatory variables are
the one-period lagged buyer information count with IHS transformation (asinh(NewBuyerInfokj,t−1)) and the
sum of IHS-transformed imports from countries other than South Korea at Destination Country-Industry
(4-digit SITC)-Year (ImportSizekj,t). *p<0.1, **p<0.05, ***p<0.01. Standard errors in parentheses are two-way
clustered within country and within industry.

Table A.7 shows the dynamic effects on the intensive and extensive margins. The
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first column shows clear positive dynamic effects on the intensive margin. In contrast,
the dynamic effects on the extensive margin in Column (2) are small and statistically
insignificant. The last three columns repeat equation (A2), but split the samples into
three groups: homogeneous, reference-priced, and differentiated goods, using the product
classification by Rauch (1999). For homogeneous products, we observe some positive
dynamic effects on the extensive margin. These effects seem to peak later than those on
the intensive margin.

Table A.7: Dynamic Impacts New Buyer Information on Exports

(1) (2) (3) (4) (5)
Method PPML OLS OLS OLS OLS
Dep. Variable Export 1{Export>0} 1{Export>0} 1{Export>0} 1{Export>0}

asinh(NewBuyerInfokj,t) 0.062* –0.005 –0.022 –0.017 –0.006
(0.038) (0.005) (0.021) (0.013) (0.006)

asinh(NewBuyerInfokj,t−1) 0.124*** –0.003 –0.015 –0.001 –0.002
(0.037) (0.005) (0.021) (0.017) (0.006)

asinh(NewBuyerInfokj,t−2) 0.125*** 0.004 0.011 –0.011 0.002
(0.039) (0.005) (0.013) (0.016) (0.005)

asinh(NewBuyerInfokj,t−3) 0.093** 0.003 0.037 0.001 0.002
(0.036) (0.005) (0.023) (0.010) (0.005)

asinh(NewBuyerInfokj,t−4) 0.109*** 0.007 0.031 –0.003 0.009
(0.026) (0.007) (0.025) (0.012) (0.006)

asinh(NewBuyerInfokj,t−5) 0.114*** 0.003 0.012 –0.010 0.006
(0.027) (0.005) (0.018) (0.008) (0.006)

Samples Export>0 All Homogeneous Ref. Priced Differentiated
Observations 34,998 189,007 18,445 51,246 103,813
R-squared 0.777 0.653 0.766 0.782
Country-Industry FE ✓ ✓ ✓ ✓ ✓
Year-Country FE ✓ ✓ ✓ ✓ ✓
Year-Industry FE ✓ ✓ ✓ ✓ ✓

Notes: The table reports PPML estimates of equation (11) with lagged values using samples with positive
trade flows (Column 1) and OLS estimates of equation (A2) (Columns 2–5). The dependent variables are
the export value at the Country-Industry (4-digit SITC)-Year level (Column 1) and an indicator for positive
trade flows (Columns 2–5). The explanatory variables are the IHS transformed counts of new buyer contacts
(NewBuyerInfo) and their lagged values up to 5 years. The control variables are the sum of IHS transformed
imports from the rest of the world for each Destination Country-Industry (4-digit SITC) Year (ImportSize)
and their lagged values up to 5 years. The estimated coefficients on these controls are omitted to save space.
Columns (3)–(5) report OLS estimates of equation (A2) with samples restricted to homogeneous, reference-
priced, and differentiated products, following the product classification by Rauch (1999). *p<0.1, **p<0.05,
***p<0.01. Standard errors in parentheses are two-way clustered within country and within industry.

Similarly, Carballo et al. (2022) find that buyer information provided by internet plat-
forms increases firm-level exports. However, there are some differences in the mechanisms
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of the effect. Unlike our findings, Carballo et al. (2022) find that the effects are stronger
at the extensive margin (i.e., an increase in the number of products and destinations).
Several factors may explain these differences. First, some firm-level extensive margins
could be captured as intensive margins in this paper since products within the same SITC
4-digit industry and buyers in the same destination are not distinguishable in our trade
data. Additionally, since Carballo et al. (2022) use data from the 2010s, advancements in
communication technology, such as the Internet, may have made it easier for exporters to
reach new destinations and export new products. Lastly, the trade data in this paper omits
trade flows below $100,000, potentially underestimating the extensive margin effect. If an
exporter manages to export a new product to a new destination but the export value is
below this threshold, the data may not capture this change.

Carballo et al. (2022) also find that the effects of informational internet platforms are
stronger for differentiated products. One interpretation of this discrepancy is that exporting
a new product to a new destination requires significant information exchange. Exporting
new differentiated products typically requires more information than just buyer contacts,
since they can vary among multiple dimensions such as style and function. While internet
platforms facilitate the exchange of detailed information, our medium, a relatively short
description of import demand, may not be flexible or fast enough to exchange detailed
information. Therefore, the effects might be stronger for homogeneous products, which
require less product customization but benefit more from knowing foreign buyers. This
result suggests that the medium of information may also be important in affecting trade
flows.
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